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Computational methods have been successfully used to speed the drug discovery process 

and to provide a more robust search of chemical space for new drug candidates.  These goals are 

accomplished through calculation of free energy upon binding using various methods or the use 

of virtual screening.  Both methods can be used to theoretically predict a ligand’s effectiveness 

before proceeding with the more costly experimental phase.  This dissertation will discuss the 

development and use of these methods and their applicability to a drug discovery application. 

The first two chapters of this dissertation will provide a background for computational 

techniques used in drug discovery.  The techniques presented range from knowledge-based 

scoring functions from a statistical analysis of the PDB to using quantum mechanical parameters 

from a semi-empirical method.  These chapters will also provide information on mixed Quantum 

Mechanical/Molecular Mechanical (QM/MM) methods as well as calculating important terms 

when computationally determining binding free energies such as solvation and entropy. 

The next two chapters detail the development and implementation of a QM/MM 

solvation model and scoring function.  DivCon was integrated with the AMBER molecular 

13 



 

14 

mechanics program to produce a QM/MM package that can perform linear scaling semi-

empirical calculations using AMBER’s force fields.  The solvation model is based on a finite-

difference Poisson-Boltzmann solver available in the DivCon program.  This method was 

validated through calculation of solvation energy on a set of pentapeptides as well as small 

proteins.  The QM/MM solvation energy was compared to the full QM solvation energy for 

various sized QM regions and only small differences were found.  The QM/MM scoring function 

made use of this solvation method to calculate the solvation free energy of 23 zinc containing 

proteins.  This QM/MM scoring function was validated against the set of proteins by comparing 

the predicted binding free energies of these proteins to the experimental binding free energies. 

Following this, the next chapter discusses the use of virtual screening methods to find a 

new inhibitor of a deubiquitinating cysteine protease protein, HAUSP/USP7.  DOCK and 

AutoDock were utilized to screen a commercially available subset of compounds from the ZINC 

database.  First, a potential active site was identified, and then the ligands were docked and 

ranked.  These ranked compounds were then analyzed, purchased and tested experimentally to 

determine their potency for the target protein.  Several ligands bound with low micromolar 

efficiency and the results were examined.  Future directions for this study are also suggested at 

the end of this chapter to determine a more specific stronger binding ligand.



 

CHAPTER 1 
INTRODUCTION 

 The process of discovering and validating a new drug compound is difficult, time 

consuming and expensive.  Previously it was a matter of trial and error, but the field has evolved 

to a point where trial and error will no longer suffice when billions of dollars are at stake.  The 

primary reason for this guesswork was a lack of understanding of the interaction between a 

protein and its inhibitor.  There are many different experimental and theoretical fields of research 

involved in better identifying and characterizing these interactions, but they are still far from 

perfect.  X-Ray crystallography has allowed the structures of various proteins and complexes to 

be determined and has provided a great insight into what is physically happening.  These 

structures are readily available in the Protein Data Bank1 for general use, and provide a structural 

insight for many different fields of study.  In addition to this, the advent of high-throughput 

screening (HTS) has produced a large library of small molecules with a known binding affinity 

for many different targets.  Computational methods have been able to take advantage of the 

emergence of these and other fields to provide further insight into intermolecular interactions.  

 The field of computational chemistry has also made some significant progress in 

understanding how a small molecule interacts with a protein.  This field has taken advantage of 

an abundance of experimental data to better grasp important interactions.  Various methods are 

available to predict and describe binding affinities and important geometric interactions 

including virtual screening, docking and scoring which often serve as a good starting point for 

further experimental testing.  These methods all vary in cost and serve different purposes in the 

computational drug discovery process.  Virtual screening is cheap and can be used on a large 

database of small molecules to produce a lead structure for medicinal chemists.  Scoring and 

docking are generally more expensive and therefore carried out on smaller data sets to predict the 
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binding affinity and docked pose of a small molecule.  These interactions can all be measured 

experimentally, but using computational methods reduces the time and cost associated with drug 

discovery by screening molecules computationally and narrowing the number of compounds to 

test experimentally. 

 Mixed quantum mechanics/molecular mechanics (QM/MM) methods are becoming more 

popular for understanding reactions and interactions for a protein as computational power 

increases.  These methods split the system into two regions, a QM region treated with the 

Hamiltonian selected, and a MM region treated with a classical force field method.  This method 

allows a region of interest to be treated at a high level of theory while treating the surroundings 

at a lower level.  Using this method the region of interest, typically an active site, does not have 

to be completely removed from the field of the protein allowing electronic effects from the 

surroundings to influence the QM region.  This has been used to study the mechanism of various 

reactions in proteins2-4 and has also been used to score various ligand interactions with a protein.5  

Another advantage of the QM/MM method is that the accuracy of the calculation can be 

increased by changing the Hamiltonian used, depending on the desired properties to be studied 

and computational resources available. 

 This dissertation describes the development and application of various computational 

methods to characterize protein-ligand interactions.  These methods all take advantage of the 

abundance of 3D structures and experimental data available to study, predict and quantify 

favorable interactions between a small molecule and a protein target.  The following chapters 

describe the development of a QM/MM solvation method, the application of that method to 

predict a small molecule’s ability to bind to a protein and finally an effort to screen a large 

database of small molecules to identify potential inhibitors of a protein target. 
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 Chapter two outlines the theory behind several computational methods.  These include a 

brief outline of molecular mechanics and linear scaling DivCon.  This chapter also provides a 

more detailed review of the theory behind binding free energy including the thermodynamics and 

equations used in both computational and experimental methods.  Commonly used 

computational methods are also discussed including scoring functions, molecular mechanics 

(MM), quantum mechanics (QM), mixed QM/MM and a few virtual screening methods.  The 

drug design process is also discussed to illustrate where some of these computational methods 

may prove to be useful. 

 Chapter three discusses the implementation and application of a QM/MM Poisson-

Boltzmann solvation method.  This method was implemented in the AMBER 10 molecular 

dynamics package and takes advantage of DivCon’s semi-empirical linear scaling ability.  This 

ability allows larger than usual QM regions to be included in the QM region giving electronic 

information on a larger region than is usually practical.  This method allows the area of interest 

to be polarized in the solvent field while keeping the rest of the protein at the fixed charges 

assigned by AMBER, thus reducing the overall cost of the calculation while providing more 

detail about the QM region.  A test of this method is conducted on 20 pentapeptides as well as a 

few small proteins.  Finally, chapter three discusses the timing involved per SCF cycle for these 

solvent calculations and demonstrates the advantage of linear scaling within DivCon. 

 Chapter four demonstrates the utility of a mixed QM/MM method to provide accurate 

details of protein-ligand interactions so that binding free energies may be calculated.  This 

method uses the QM/MM method so that the active site and ligand can be calculated at the AM1 

semi-empirical level and takes advantage of the solvent method discussed in chapter two.  This 

method captures the electrostatic interactions that take place when a ligand binds to a protein, 
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and therefore captures several properties that a non-polarizable method, such as molecular 

mechanics, would miss.  This chapter also examines the effects of different variables to calculate 

components of the scoring function and their impact on the predictive ability of the function.  

The goal of this research was to accurately predict binding free energies; its predictive ability 

was validated against 23 metalloproteins from the Protein Data Bank1 that contain zinc in the 

active site, which would prove difficult for a non-QM method. 

 The fifth chapter outlines the efforts involved in screening a large database of small 

molecules to identify potential inhibitors of a protein target.  This chapter uses DOCK6 and 

AutoDock7 along with the ZINC database8.  Experimental inhibition data for a few compounds 

were provided by collaborators.  Using these data a putative active site was identified through 

blind docking within AutoDock.  Following this, a parallel DOCK calculation was run using a 

dataset of 63,000 commercially available small molecules.  This initial DOCK screen took 

advantage of DOCK’s parallel abilities to reduce the dataset used.  The top 250 small molecules 

from this initial DOCK screen were first visually inspected and then used in a more rigorous 

AutoDock calculation.  The top 40 molecules from this screen were then forwarded for 

experimental testing.  Out of these 40 small molecules five were found to bind with low 

micromolar affinity.   

 Finally, chapter six provides a brief summary of the work and results presented in this 

dissertation.    Computationally exploring these biological systems can give great insight into the 

interactions and mechanisms these proteins undergo biologically.  These insights can provide 

researchers with valuable information that lower drug discovery costs in terms of both time and 

money.  The first two studies presented show the advantages and applicability of the QM/MM 

method in understanding and predicting these interactions.  The third study demonstrates the use 

18 



 

19 

and suitability of virtual screening methods to identify lead compounds in a drug discovery 

effort.  None of these methods would be viable without the continued support of the theoretical 

and experimental community, but have proven to be valuable and useful tools in the drug 

discovery process.



 

 

CHAPTER 2 
THEORY AND METHODS 

 Finding and developing a new drug is very costly and time consuming.  This cost arises 

from researching and testing enough compounds to get a representative sample of chemical 

space and can take 10-15 years to accomplish.9  There are several different ways to lower the 

cost associated with discovering a new drug including high-throughput screening (HTS), virtual 

screening (VS) and structure based drug design (SBDD).  These methods are computational and 

experimental in nature, and can be used individually or together to speed discovery of new leads 

out of all of the options available in chemical space. 

 The first step in the drug discovery process is usually to identify and validate a target.  

These are generally proteins, but can include things such as ion channels and DNA.  At this point 

the challenge of successfully exploring chemical space is very apparent.  A small molecule lead 

must be developed that will give the desired results when acting on the target.  It is at this point 

that HTS and VS can become very important to quickly and methodically explore chemical 

space.  HTS uses many welled plates to simultaneously test small amounts of hundreds of 

compounds in an assay developed to measure the desired effect.  Large commercial compilations 

of small, drug-like molecules exist to aid an HTS effort.  HTS is estimated to compose around 

14% of the total cost of research and development in a new drug.10  Using VS is also another 

option to explore chemical space methodically.  Vast databases of compounds are kept 

commercially and academically to provide small molecules for these methods8,11,12 and are often 

used in lieu of a first round of experimental HTS.  These starting compounds are then docked 

into the target’s active site and their energies are compared and ranked to give an optimal lead.  

While the hits from virtual screening may not be strong binders, even after optimization, they 
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may lead to a new class of compounds to explore further.  Virtual screening allows many 

compounds to tested, often hundreds at once, using computational resources instead of human 

and physical ones saving time and money in the drug discovery process.  Whichever method is 

used, one or several hits are found and enter an optimization stage to refine the compounds so 

that they are more selective, better binding or whatever aspect needs improvement.  This step is 

also costly as it includes synthesis of many different compounds and an iterative process to test 

them all experimentally.  This is also the second step in which computational screening is 

extremely useful.  The interactions of the small molecule and the target can be modeled, changed 

and tested in silico before attempting them in vitro.  These methods also allow shape differences 

to be explored due to easy visualization of the active site.  It is often at this stage that more 

expensive computational methods can be employed, such as QM methods13-15 or MM-PBSA16,17 

to get more detailed information on protein-ligand interactions.  Following this stage the drug 

enters development, trials and the market.  This is the most expensive and often longest phase of 

drug development, as many compounds that make it this far do not make it to market, and 

thorough in vivo tests must be performed.18  Finally, assuming successful testing, the drug is 

released to the market and monitored for new side effects and the drug’s effectiveness. 

 Throughout the drug discovery process a lot of time and money is invested.  

Computational methods can give insight into the interactions between a ligand and its receptor 

that might not be worth the effort, or impossible, to measure experimentally.  While 

experimental determination of these properties might be costly, they can be determined 

computationally quite rapidly for a large number of ligands.  These interactions might include 

electrostatics, dipole interactions, van der Waals interactions and hydrophobic interactions along 

with a myriad of others that computational methods allow access to.  Use of these methods limits 
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the chemical space that needs to be experimentally explored, therefore saving time and money in 

an already extremely expensive drug discovery regimen. 

Protein-Ligand Binding 

 A ligand (L) binding to a protein (P), in a simple 1:1 ratio, to form a complex (C) can be 

described by the chemical equation seen in Equation 2-1. 

CLP   (2-1) 

The Gibbs equation allows the free energy of a reaction to be calculated, and therefore the 

likelihood of the reaction to proceed spontaneously.  The Gibbs free energy equation depends on 

the enthalpy, entropy and temperature represented by ΔH, ΔS and T respectively in Equation 2-2. 

  (2-2) STHG 

The free energy change of the chemical reaction (Equation 2-1) can be calculated from the 

concentrations of the reactants and product, using Equation 2-3 where ΔG0 is the free energy of 

the reaction at 1atm pressure, 298K and 1M concentration.   
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 At equilibrium the reaction is reversible, meaning the ligand binds to the receptor at the 

same rate as it dissociates.  This means the total free energy change, ΔG, is zero and gives the 

overall free energy changes of the system (Equation 2-4). 
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In these equations, the final term is the equilibrium constant, Ka or Kd, which can be 

measured experimentally and are defined in Equation 2-5. 
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Ka has units of (concentration)-1, whereas Kd has units of just concentration, making it more 

practical and more commonly used.  Kd is the concentration of ligand at which half of the protein 

binding sites are occupied at equilibrium.  The smaller this Kd value the lower the concentration 

needed to fill half the binding sites and therefore the higher the affinity of the ligand for the 

receptor. 

Calculation of Free Energy 

 Computationally, Kd cannot be calculated directly, so a relationship between Kd and ΔG 

is established by Equation 2-6. 

  (2-6) dKRTG ln0 

Because free energy is a state function, and therefore path independent, it can be calculated in 

parts and compared to experimental values.  The free energy for the reaction is broken down into 

the difference between the free energy of complex and the free energy of the protein and ligand 

(Equation 2-7).  In this equation, ΔGbind is the binding free energy and ΔGcomplex, ΔGprotein and 

ΔGligand are the overall free energy of the reaction, and the free energies of the complex, protein 

and ligand respectively.   

)( ligandproteincomplexbind GGGG   (2-7) 

To accurately calculate free energies solvent affects must be included.  This can be done 

using a thermodynamic cycle, like that seen in Fig. 2-1.  In this cycle the reactants and products 

are calculated in vacuum and then in solvent to give the free energy of binding in solvent seen in 

Equation 2-8, where  is the binding free energy in the gas phase and ΔΔGsolv is the 

solvation free energy of binding and is calculated using Equation 2-9. 

gas
bindG

solv
gas
bind

solv
bind GGG   (2-8) 

)( ligand
solv

protein
solv

complex
solvsolv GGGG   (2-9) 
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Calculation of Entropy 

The entropy and enthalpy terms of the free energy are calculated from the partition 

functions related to translational, rotational and vibrational components of binding from 

statistical mechanics.  The entropy of the whole system is described by Equation 2-10, where 

q(V,T) is the partition function of the entropy components.  The enthalpy of the same system is 

calculated using Equation 2-11. 
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Each system is composed of a translation, rotation, vibration and electronic partition 

function to describe the various degrees of freedom.  The rotational partition function is 

represented by Equation 2-12. 
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Where Θr=h2/8π2IkB and I is the moment of inertia.  This partition function can be used to 

calculate the entropy and enthalpy of the non-linear system using Eqs. 2-13 and 2-14 

respectively. 
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The translational partition function can be seen in Equation 2-15. 
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This partition function can be used to calculate the translational contribution to entropy and 

energy by using Eqs. 2-16 and 2-17. 
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Finally, the vibrational partition function can be seen in Equation 2-18. 
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This can be used to find the vibrational contribution to the entropy and energy of a system using 

Eqs. 2-19 and 2-20. 
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In order to calculate the vibrational contribution to energy and entropy the frequencies of the 

molecule must be calculated.  This is done using the Hessian, which contains the second 

derivatives of the molecule from molecular dynamics (MD) or quantum mechanics.   

 Another important addition to a system’s energy is its zero point energy (ZPE).  

Computational methods often assume stationary nuclei with a swarm of electrons surrounding 

the nucleus.  While a good approximation, this is not exactly correct, so a ZPE correction is often 

applied from the vibrational frequencies of the system.  The ZPE compensates for the fact that 

the nuclei are not completely stationary by applying a simple harmonic oscillator to the atoms.  

This leads to Equation 2-21 for a non-linear molecule, where the ZPE is one half the sums of the 

vibrational frequencies, N is the number of atoms and νi are the vibrational frequencies. 
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Computational methods inherently overestimate frequencies, so they must be scaled by a certain 

factor, 0.95320 in the case of AM1 calculations, to compensate for this.19 

Vibrational Contribution to Entropy 

As seen in the previous section, entropy is a part of the Gibbs free energy and must be 

included to get a good estimate of the binding free energy.  Upon ligand binding there is an 

unfavorable loss of entropy due to the loss of rotational and translational degrees of freedom.  

This entropy loss creates a barrier to binding that must be overcome by favorable enthalpy, 

electrostatic and solvation entropy factors.  This barrier, due to loss of rotational and translational 

degrees of freedom, was found to range from 16.5 to 18.0 kcal/mol for several small, relatively 

rigid trypsin inhibitors by Schwarzl et al.20  There is also a slightly favorable entropy change 

upon binding, as the ligand gains vibrational degrees of freedom within the active site.  Such an 

entropic change has been calculated by Tidor and Karplus to contribute -7.2 kcal/mol to the 

dimerization of insulin.21  This favorable entropic term has also been calculated by Schwarzl et al 

for small trypsin inhibitors and ranged from -3.8 to -2.5 kcal/mol.20  In calculating binding free 

energies this represents an order of magnitude or more difference in experimental equilibrium 

constants, and therefore presents an important factor to consider when predicting binding 

affinity.  

Computational Drug Design 

Computational drug design is generally employed early in the drug discovery process to 

speed discovery, lower costs and give insights into protein ligand interactions and is now 

considered an essential part of the discovery process.22  Computational drug design can be 

broken up into two distinct areas.  The first is Structure Based Drug Design (SBDD) where 
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knowledge of the receptor’s structure is necessary, generally from X-Ray diffraction or NMR.  

The second area is Ligand Based Drug Design (LBDD) where drug design is primarily based on 

properties of the ligand.  Both of these methods will be discussed in more detail below.  The first 

step in the drug design process is to limit the number of compounds closely examined.  This may 

involve screening databases such as ZINC8,  the NCI database23 or others.  Such a screen will 

limit the chemical space to be further examined by separating active from inactive compounds.  

These screens can involve several different techniques, such as docking24 or similarity 

searches.25  Even the databases used in the screening can potentially be intractable, but physical 

properties can be exploited to limit the number of compounds in a database.  Lipinski’s rule of 

five26,27 can be employed here to filter out non-drug like compounds.  Lipinski’s first rule is a 

drug must not have more than five hydrogen bond donors.  Second, a drug must not have more 

than 10 hydrogen bond acceptors.  Third, a drug must not have a molecular weight under 500 

g/mol.  Finally, a drug must have a log P less than 5 for solubility.  These guidelines provide a 

very rough criteria to follow.  A potential drug must not break more than one of these rules to be 

considered drug like.  The rules allow many compounds to be automatically discounted from a 

ligand database, as they are fairly easy to measure and calculate.  Using Lipinski’s rules allows 

us to reduce the size of a database by eliminating compounds not following these rules, and 

therefore makes a first pass screening more computationally tractable. 

Structure Based Drug Design 

 One common method of computational drug design is Structure Based Drug Design.  

This method requires knowledge of the structure of the target of interest.  This information is 

typically from X-ray crystallography, but structures can be obtained from NMR or homology 

modeling as well.  Using this structure a ligand can be ranked based on interactions with the 

target.  Knowledge of the structure allows MD simulations and large-scale virtual screening 
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along with other common methods to be performed.  If an active site is not known there are 

methods of performing “blind docking” to locate a potential active site.28  Identifying an active 

site is important so that the correct ligand-receptor interactions can be studied and enhanced for 

the drug molecule.  After identification of an active site, programs such as DOCK29 or other 

similar molecular docking programs are commonly employed30-32 allowing for large-scale virtual 

screening by making use of a scoring function to calculate an energy for each ligand.  These 

programs typically also sample the conformational space of the ligand in the receptor to 

incorporate flexibility in the energy calculation.  The energies of all of the ligands in the 

screening run are then compiled and ranked against one another to assemble a list of strongest 

binders according to these calculations.  Scoring functions are generally similar to a force field in 

the terms they use, and will be discussed in more detail below.  Scoring functions incorporating 

QM methods have also been developed and validated improving on pure force field 

methods.13,15,33  Another method of identifying a ligand is through de novo, or fragment, 

design34-36 which makes use of a library of functional groups that are then fit into the active site 

and scored.  As each functional group is fit into the active site an overall molecule is assembled 

from these functional groups to identify the compounds of interest.  SBDD has been aided 

recently by new methods for creating crystals of many proteins very quickly providing more 

structures for computational screening and presenting more targets to be computationally 

screened against. 

 A main problem with SBDD is that it is dependent on the quality of the structure 

provided by the crystallographer.  If the crystallographer has made bad assumptions, functional 

groups on the target may not be correctly positioned, creating falsely identified contacts or even 

residues within the protein.  A crystal structure is also predicated on a force field which helps 
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refine the structure37, but still relies on input from the crystallographer.  Recently, methods have 

been developed to refine better crystal structures by integrating QM methods with the structure 

refinement to produce better overall structures.38,39  SBDD is also dependent on the resolution of 

the crystal produced.  In a lower resolution crystal the positions of atoms are not as conclusive, 

so further refinement methods may lead to much better structures.  In an NMR generated 

structure, the structure used in SBDD is often based on an averaging of several captured 

structures.  This can lead to uncertainties in the structure and problems in the drug design 

process.  These problems can be at least partially solved or accounted for in several ways either 

when obtaining the structure or preparing it for computational work.  However, these potential 

problems do not eliminate the usefulness of SBDD and further refinement methods are currently 

in use to produce better structures. 

Ligand Based Drug Design 

A second method of computational drug design is Ligand Based Drug Design.  Using 

LBDD knowledge of the structure is not necessary, and the drug is based on properties of the 

ligand.  This is done by employing various Quantitative Structure-Activity Relationship (QSAR) 

methods.40-42  Each QSAR model is based on a set of compounds with measured values of 

interest, such as the inhibition constant or IC50 values.  For each compound in the set, a number 

of variables, called descriptors, are calculated.  These descriptors include things such as number 

of hydrogen bonders, solubility and many other properties of the compounds.  If a QM method is 

being used, even electronic descriptors can be included in the QSAR model14,43,44.  After a set of 

descriptors are calculated, statistical techniques such as Multiple Linear Regression45, Partial 

Least Squares Regression46 and Computer Neural Networks47 are used to combine descriptors to 

create an accurate model.  These methods use the descriptors of compounds with known 

activities to create predictive models for compounds with unknown activities.  The aim of QSAR 
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methods is to pick a set of descriptors that will accurately predict activity of compounds that are 

not measured experimentally.  This method is yet another way to limit the chemical space to 

search in drug design and provide leads to test experimentally. 

Scoring Functions 

Scoring functions are necessary to rank each conformation of a ligand according to its 

interactions with the receptor.  Without a scoring function a program may be able to produce 

various conformations of the ligand, but would have no way to distinguish between true and false 

binding modes or provide information on which ligand might bind better.  The use of scoring 

functions in virtual screening has been quite successful in drug discovery13,34,48-50, and often 

consensus scoring is done that uses more than one scoring function to rank a set of ligands.51  

There are many papers comparing different programs and their scoring functions on their ability 

to predict protein-ligand binding modes34,52,53 and the proper scoring function may be a matter of 

experimentation.  In general a scoring function is the equation a program uses to rank a ligand 

based on different terms which are sometimes weighted through statistical methods.  These 

equations can be based on molecular mechanics force fields, empirical observations, statistical 

potentials or even quantum mechanically derived information.  These scoring functions generally 

emphasize easily calculated properties and discard or ignore more difficult contributions to the 

binding free energy.  This is due to the fact that many of these algorithms are developed to 

quickly score and rank thousands of compounds, and therefore certain properties must be 

approximated or ignored for the sake of expediency.  Each of these methods has their advantages 

and each scoring function method will be discussed in more detail below. 

Empirical scoring functions 

Empirical scoring functions are based on the assumption that the binding free energy can 

be decomposed into separate components, and components can be added or removed based upon 

30 



 

their importance for prediction.54  Work on this type of scoring function was pioneered by Bohm, 

whose function consisted of five weighted parts such as hydrogen bonds and lipophilic 

interactions.48,49  Empirical functions weight each term by using a training set of many ligands to 

one receptor or a few ligands to many receptors, to determine their importance within the 

equation.  These weighted terms are combined into an overall equation that will predict binding 

affinities of a prediction set, using statistical methods such as linear and non-linear regression.  

The terms within the scoring function are generally fairly simple, such as van der Waals 

interactions or properties based on distances so that these methods are extremely inexpensive.  

Often these potentials are based on a force field method, but are simplified by applying a grid 

potential or some other means of approximation.  Such a scoring function allows a set of ligands 

to be scored and ranked very quickly, as detailed terms do not need to be calculated, and 

examination of the weighting coefficients can give insight into favorable interactions to modify 

further on in the drug design process.54  The main drawback of this type of scoring function, 

however, is that they may not be appropriate to use on ligands outside of the training set, and 

may provide some difficulty in predicting accurate binding affinities.52   

 One example of a widely used empirical scoring function is AutoDock, which strives to 

create an empirical relationship between molecular structure and binding free energy.7  

AutoDock’s scoring function can be seen in Equation 2-22, where the ΔG coefficients are 

empirically determined using linear regression. 
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This first three terms in the scoring function contain terms from vacuum calculations, a Lennard-

Jones 12-6 repulsion, a 12-10 directional hydrogen bonding term, where E(t) is a weight based 

on the angle, t, between the probe and target55 and a Coulomb potential.  The Ntor term is an 

approximation of entropy loss upon ligand binding and the ΔGsol term is a measure of the 

desolvation energy based on the surface area.  This scoring function has proven to be accurate in 

predicting binding modes and affinities7,52,56 and is only one of many empirical scoring functions 

available.  The defining characteristic of an empirical scoring function is the weighting factors 

based on a training set.  Weighting these different terms provides a way to exclude certain 

expensive terms while providing reasonable accuracy in prediction. 

Physical chemical methods 

This class of scoring function is generally based on information calculated from the 

protein, ligand and the complex they form.  These methods can include free energy 

perturbation57,58, ligand interaction energy approach59, Molecular Mechanics/Poisson-Boltzmann 

Surface Area (MM/PBSA)16 and other methods that make use of a force field or QM 

Hamiltonian13,15.  They are generally more accurate, but also more expensive because the cost 

associated with the generated terms is often very high compared to other methods.  Due to this 

cost these methods are seldom used as a first step in virtual screening, but are reserved for when 

there are a few compounds of interest after an initial screen or to optimize a ligand after a first 

round of experimental docking studies. 

One very commonly used physically based scoring function is MM/PBSA.  This method 

uses values calculated from a gas phase force field calculation, then uses GB or PB methods to 

determine the surface area and solvation energy, as seen in Equation 2-23. 

soluteSAPBGBMM TSGGEG  /  (2-23) 
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This overall equation is based on individual terms that can be separately calculated.  In this 

equation GGB/PB is the solvation free energy from Generalized Born or Poisson-Boltzmann, GSA 

free energy contribution from surface area, TSsolute is a solute entropy term and EMM is a sum of 

molecular mechanical energies that can be broken up into electrostatic, Ees, van der Waals, Evdw 

and internal energies, such as bond angle strain, Eint, as seen in Equation 2-24.  

  (2-24) 
intEEEE vdwesMM 

EMM can also be substituted with EQM/MM to eliminate the step of developing parameters for the 

ligand.60  These terms can then be combined to get an overall free energy of binding for the 

ligand and complex.  The coordinates of the systems for a MM/PBSA calculation are often 

obtained from either explicit solvent minimization or from an ensemble of snapshots of a 

molecular dynamics run, both of which would be done in explicit solvent.  Using an ensemble of 

MD snapshots allows an averaging over structures as the protein and ligand move in a room 

temperature solution.  Running simulations in explicit solvent allows solvent effects to be 

accounted for, such as hydrogen bonding, but removes the explicit solvent atoms when 

calculating the binding free energy to save time.  These minimizations or simulations are also the 

cause of the expense associated with MM/PBSA, as the process to get coordinates is very costly.  

MM/PBSA methods have been used successfully in the literature and provide an accurate 

binding free energy, but come at some cost due to how the method obtains information on the 

system.17 

 Another example of a physical chemical method is a quantum mechanically based 

scoring function developed by Raha and Merz.15,33  This method is somewhat similar to the 

MM/PBSA method, but an ensemble is not calculated.  The interaction energy of the system was 

calculated using the AM1 level of theory within the linear scaling program, DivCon61 and 
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included a Lennard-Jones potential from the AMBER force field.  The solvation term was 

calculated using a PB method that allowed polarization of the solute in the presence of the 

solvent.  The entropy terms were calculated by including a surface area term, to account for 

solvent entropy changes, and by counting the lost degrees of freedom upon ligand binding.  This 

method accounts for electronic effects on ligand binding, but is fairly expensive as the entire 

protein, ligand and complex must be converged to calculate accurate electronic properties.  

However, it has the advantage of not needing parameters for the ligand because it uses a semi-

empirical method and accounts for electronic effects in the system.  It was also demonstrated in 

this method that charge transfer between the ligand and protein upon binding was significant and 

may play an important role in correctly calculating binding free energies. 

Knowledge based functions 

 Knowledge-based scoring functions are based on information that can be gathered from 

available structures.  This information is gathered from a database of protein-ligand complexes 

and compiled into a statistical potential that can be used for protein structure prediction as well 

as protein-ligand interactions.62-64  This type of scoring function creates a probability distribution 

of interatomic distances.  This probability distribution is then used to create a distance-dependent 

interaction free energy of atom pairs.  Using this probability distribution a form of score is 

derived for each ligand based on the statistical preferences of atom pairs.  One disadvantage of 

this type of scoring function is that the probability distribution of atom pairs, and therefore the 

scoring function, depends on the set of structures the function was made from.  Therefore, if a 

ligand is not geometrically similar to any of the ligands in the training set the ligand will not 

score well.  However, this type of scoring function has been proven to be useful and is extremely 

fast after the probability density has been established. 
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One example of a knowledge-based scoring function is DrugScore.65-67  DrugScore’s 

probability density uses protein-ligand complexes in the Protein Data Bank (PDB)1 and scales 

them by their solvent accessible surface area.  Then they use the Cambridge Structural Database 

to fill in protein-ligand interactions that are not very populous in the PDB so that the probability 

density produces a better representation.67  DrugScore uses Eqs. 2-25, 2-26 and 2-27 to create its 

interaction database, where gij(r) is the normalized radial pair distribution function and g(r) is the 

normalized mean radial pair distribution function.   
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In these equations, gij(r) is calculated from the frequencies, N, of atom pairs of type i and j.  In 

building this function only distances greater than 1.0 and less than 6.0 Ǻ were considered.  This 

function is then used to score protein-ligand interactions by summing all atom-atom interactions 

between the protein and the ligand.  This method has been successfully tested to predict binding 

modes within 2Ǻ for 80-90% of test set compounds, which is in line with several other scoring 

functions.52   

Molecular Mechanics 

Molecular mechanics (MM) force fields are based on Newton’s Law and are often 

employed in the study of biological systems.68-73  These are based on a set of parameters fit to 

match high level quantum mechanics (QM) values for things such as bond distances, bond 

35 



 

angles, dihedral angles and several other properties.74  There are many different force fields 

available, such as AMBER74,75, CHARMM76 and MMFF77-80 which model different parameters 

or have different parameter values depending on what the force field was developed to most 

accurately represent.  In all cases, each parameter is used to help determine the overall energy of 

the system investigated and to calculate forces acting on individual atoms based on the ideal 

values that the parameters provide. 

The basic AMBER force field equation, Equation 2-28, is composed of bond, angle, 

dihedral and non-bond components.  The bond and angle terms are harmonic potentials where 

the force constant is represented by Kb(kcal/molǺ2) and Kθ(kcal/mol Rad2) respectively, and beq 

and θeq are the equilibrium bond distance and angle.  The dihedral term is represented by a 

Fourier series expansion where Vn is the rotation barrier height, n is the periodicity, ϕ is the 

calculated dihedral angle and γ is the phase difference74,81.  The final term represents the non-

bond interactions included in the energy calculation.  First, the 6-12 Lennard-Jones potential is 

represented with the 
12

1

r
 term accounting for repulsion and the 

6

1

r
 accounts for attraction.  In 

the Lennard-Jones term, A and B are parameters that define the shape of the potential.  The final 

term accounts for the interactions of non-bonded, charged particles in a medium with dielectric 

constant, ε, where q represents the charges and r the distance between them. 
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Semi-Empirical Quantum Mechanics 

Most force field methods do not model electronic interactions such as polarization and 

charge transfer due to their parameterization and point charge models.  To accurately include 
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these effects a quantum mechanics method must be used instead.  There are many such methods 

ranging in computational cost and accuracy including Hartree-Fock (HF), Density Functional 

Theory (DFT) and semi-empirical (SE) methods.  Generally, due to their cost ab initio methods 

like HF and DFT methods are restricted to use on small systems such as chemical reactions.   

One way to overcome this cost barrier is through the use of semi-empirical methods.  

These methods are commonly based on the Modified Neglect of Differential Overlap 

(MNDO)82,83 method, based on the Roothaan-Hall equations.  SE methods also rely on a few 

parameters to reproduce experimental data or ab initio results and only consider valence 

electrons, treating the core as one potential.82  Some of these more common SE methods include 

Austin Model 1 (AM1)84, Parametric Model 3 (PM3)85,86 and MNDO/d.87  These methods all use 

the basic equation seen in Equation 2-29 to calculate the total energy of the molecule, where Eel 

is the electronic energy described in Equation 2-30 and  is the interaction between the core 

potentials on A and B described in Equation 2-31. 
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These equations describe the electronic interactions where P is the density, H is the one electron 

matrix and F is the Fock matrix.  EAB describes the interactions between the approximated core 

potentials where ZA and ZB are the core charges and RAB is the distance between them. 
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 Use of these SE methods allows larger quantum mechanical calculations to be conducted, 

but this advantage comes at the cost of accuracy.  Due to the parameterization and core 
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approximations needed for SE methods, all of the electron interactions are not calculated and 

electron correlation and exchange can not be modeled accurately. 

Divide-and-Conquer Semi-Empirical Quantum Mechanics 

In general, protein systems are much too large to use a quantum Hamiltonian to get 

information on the system.  Typically QM systems are limited to tens of atoms, whereas protein 

systems may contain hundreds or even thousands of atoms.  However, use of available linear-

scaling divide and conquer (D&C) techniques allow semi-empirical QM calculations on an entire 

protein to be performed at reasonable cost.61,88,89  These D&C calculations allow the system to be 

split up into a number of overlapping subsystems.  Typically the subsystems are individual 

residues, but clusters of residues can also be included into a single subsystem for accuracy.  In 

these D&C calculations a global Fock matrix is built and then split up into each subsystem’s 

local Fock matrix, giving Equation 2-32 where Fα, C α and E α are the Fock, coefficient and 

energy matrices respectively. 

 ECCF   (2-32) 

For ab initio calculations the most expensive part of the calculation is the calculation of 

the two-center two-electron interaction.  This is overcome in semi-empirical methods by using 

the Neglect of Differential Diatomic Overlap (NDDO) approximation to eliminate these terms.  

This means that the slowest part of semi-empirical calculations is diagonalizing the Fock matrix.  

In this D&C approach the Fock matrix is broken up into local subsystems and the local Fock 

matrices are diagonalized, as opposed to the global Fock matrix.  Generally, each of these local 

subsystems also has one or more overlap buffers from nearby subsystems, as seen in Figure 2-

261, so that truncation effects at the boundary do not give an incorrect density matrix.  It has been 

found that two buffer regions with sizes of 4.5Ǻ for the first and 2.0Ǻ for the second are 
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sufficient for accuracy and efficiency.  Diagonalizing these local matrices, rather than the global 

matrix, gives linear scaling with the number of subsystems for roughly equally sized 

subsystems.61 

The QM/MM Method 

The original mixed QM/MM method was implemented by Warshel and Levitt to explore 

the catalytic mechanism of lysozyme.90  The QM/MM approach regained interest in 1990 thanks 

to application and validation work by Field, Bash and Karplus and the basic QM/MM application 

to chemical problems.91  This method is now widely available in many programs such as 

AMBER81 and CHARMM76.  QM/MM methods have proven useful to accurately study reaction 

mechanisms in a protein environment using molecular dynamics92-94 and occasionally for protein 

ligand binding studies.60,95  These methods allow the accurate description of electronic effects in 

a region of interest without the intractable cost of modeling the entire system with a QM 

Hamiltonian.   

QM/MM Implementation 

In the QM/MM method the system must first be split into two separate subsystems.  One 

region will be treated with the chosen QM Hamiltonian while the second region will be treated 

with the chosen force field.  Dividing the subsystems into regions produces the effective 

Hamiltonian seen in Equation 2-33. 

MMQMQMMMeff HHHH /  (2-33) 

This Hamiltonian is a description of the three parts of the system, one each for the QM region, 

the MM region and the QM and MM interactions.  In this implementation HMM is calculated 

from the force field using the chosen parameters, HQM is calculated using the chosen QM 

Hamiltonian and HQM/MM is calculated from Equation 2-34. 
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Equation 2-34 encompasses three terms to describe the QM interactions with the MM point 

charges and vice versa, where the subscripts i, M and A refer to the electrons, classical nuclei 

and quantum nuclei respectively.  The first term describes the affect of the MM region on the 

QM density, the second is the interaction of the QM atoms on the MM atoms and the final term 

is a Lennard-Jones correction.  The effect of this Hamiltonian is to allow the QM region and MM 

region to interact, affecting the geometry of the entire system as well as the electronic structure 

of the QM region. 

Link Atoms and the QM/MM Boundary 

The boundary between the QM and MM regions must be carefully chosen so that there 

are no spurious interactions between the QM and MM regions, such as polarized bonds96, and in 

many systems a covalent bond must often be cut.  This leaves an unfilled valence in the QM 

region which is typically filled with a hybrid orbital97,98, a capping potential99 or a link atom100-

102.  The link atom method is the most widely used, but there is even variability in this method as 

to how the charges are treated.96  This link atom is included in the QM SCF calculation and its 

electronic properties are variable like a regular QM atom.  In the AMBER implementation the 

link atom is placed 1.09 Ǻ on the bond vector between the QM and MM atoms and can be 

adjusted. 

There are some modifications at the QM-MM boundary, so that the interactions between 

the two regions can be correctly described.  First, the bond that the link atom represents and any 

angle or dihedral containing a classical atom is treated classically using AMBER parameters, as 

if the link atom was not present to maintain the bond between the atoms.  Second, the Lennard-

Jones parameters between a quantum and a classical atom are treated as described in Equation 2-
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34.  The physical interactions of the link atom are relatively easily calculated.  However, the 

electrostatic interactions of the link atom are more difficult and will be described next. 

The electrostatics surrounding the link atom are challenging due to the boundary 

interactions and the replacement of an atom with hydrogen in the QM region.  The link atom 

interacts with all of the classical point charges, except those directly bound to a QM atom, as 

suggested by Field et al.91, whereas van der Waals interactions are not calculated for the link 

atom, but are calculated for all of the MM atoms and the non-link QM atoms.  Omitting this link 

atom-MM atom interaction leads to incorrect polarization of the link atom because the carbon is 

affected by the MM field while the link atom is not.103  Another electrostatic consideration is the 

overall charge of the system.  This fluctuates in QM/MM calculations due to the difference 

between the QM calculated charge, which must be an integer, and the parameterized charges 

these are replacing.  Two methods of charge conservation are available in AMBER.  One method 

distributes the charge difference to the atoms adjacent to the classical atom that is replaced.  The 

second, and preferred, method distributes the charge equally over the entire classical system so 

that each atom takes only a small fraction of the charge difference, but allows charge 

conservation of the system.  This is the default method and the one generally used in AMBER 

QM/MM calculations. 

Solvation Methods 

 There are a number of ways to model solvent for a biological system.  The effect of 

solvent on a biological system is important to consider whenever an accurate model is desired.  

This solvent effect is essential in binding free energy calculations and is an important part of the 

thermodynamic cycle.  Solvent changes the polarization of the overall protein as well as 

stabilizing and forming hydrogen bonds with residues on the surface and interactions with 

foreign bodies such as ligands and DNA.104-107 
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 The simplest, but most expensive, way to model solvent interactions is explicitly.108  This 

is simply adding water molecules and their associated Hamiltonian, generally a force field 

method, to the calculation.  This is very costly for a protein system because the number of water 

atoms needed to envelope the entire system is typically in the thousands.  Along with a much 

larger number of atoms to simulate, averaging must be done using a MD method to capture an 

appropriate sampling of configurations.  The advantage of this method is that any stabilizing 

affects from solvent are explicitly included in the energy of the system.  This includes hydrogen 

bonding with surface residues as well as conformations that become stabilized in the presence of 

water. 

 A second general class of solvation effects is called implicit, or continuum, solvation.  

Implicit solvent models add a term to the energy function of the system to simulate the effects of 

water.  These methods were developed to approximate the statistical sampling of solvent 

configurations between a solute and a solvent.109-112  Continuum methods also reduce errors in 

statistical averaging from explicit models, while giving the effect of solvent on the solute.111  

This reduces the cost over explicit models because thousands of atoms do not have to be added 

to the system and reduces the need for sampling.  However, these methods do not allow 

hydrogen bonding to be properly represented because the water molecules are not actually 

present113 and can cause problems for reaction mechanisms where explicit water molecules 

impact hydrogen bonding.114  These implicit methods include Poisson-Boltzmann115-117 (PB) and 

the generalized Born118 (GB) method.  Generally the PB method is too expensive for use in MD 

simulations119 and so is saved for post processing, but recent work has show that it is possible to 

reduce this cost.120   

The Poisson-Boltzmann Equation 

 The PB method relies on the Poisson-Boltzmann equation (Equation 2-35). 
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 [(r) (r)] – (r)2sinh((r)) = -4(r) (2-35) 

In this equation (r) is the charge distribution of the solute, (r) is the electrostatic potential that 

needs to be determined, (r) is the dielectric constant and (r) is a modified Debye-Hückel 

parameter to reflect salt concentration and temperature.  Generally, the protein is assigned a 

uniform, low dielectric constant, while the solvent is assigned the dielectric constant of water 

(approximately 80).116  These represent the object’s polarizability in solvent and there is 

discussion as to the best dielectric constant to use for a protein, but a value of three or four is the 

general consensus.116  The charges used in the PB equation depend on the Hamiltonian and 

charge model chosen.  Generally, for a semi-empirical calculation, the CM1121 or CM2122 charge 

models would be used to get good accuracy with low expense.  The nonlinear PB equation is 

often converted into the linear PB equation to make it easier and less expensive to solve.123   

Finite Difference Poisson-Boltzmann 

 In order to get any information from these equations, they must be solved.  A common 

method to use to solve this equation is the Finite Difference Method (FDM).124-127  The FDM has 

been used in Delphi120, in DivCon61,88 along with other programs to solve the PB equation.  

Using the Poisson-Boltzmann/Self-Consistent Reaction Field (PB/SCRF)128 method the 

electrostatic term of the solvation free energy is largely from the external reaction field 

polarizing the solute electron density.  In the FDM method a cubic lattice is constructed 

containing the protein and a region of solvent at the surface.  The surface is defined by a probe, 

typically 1.4Ǻ to represent water, and is representative of the solvent accessible area on the 

protein.  Each point on the lattice is assigned a charge density, dielectric constant and ionic 

strength parameter for use in the PB equation.  The number of points in this lattice is often user 

variable, and with a fine enough lattice atomic resolution can be obtained for the PB calculation.  
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However, increased resolution comes at a cost of greater computational expense, so a 

compromise must be made between accuracy and expense.  This calculation results in the 

electrostatic potential for the macromolecule.  From this potential, virtual surface charges are 

generated located on the solvent accessible surface.  These virtual charges represent the 

electrostatic field generated by the presence of solvent.  These polarizing charges are then solved 

self consistently until they reach convergence and their effect on the charges, and forces if 

desired, is incorporated into the calculation for the entire system.  Using this method the 

solvation free energy, Gsolv is determined from Equation 2-36 using the electrostatic, Gelec, and 

non-polar, Gnon-polar. 

  (2-36) polarnonelecsolv GGG 

In this equation the electrostatic term is derived from the wave function and the non-polar term is 

obtained from parameterized surface area terms. 

Generalized Born Solvation 

The second, widely used solvation model is the Generalized Born (GB) method.118  The 

GB method approximates the PB method and the solvation free energy is calculated from 

Equation 2-37 and 2-38. 
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In these equations fij is a function relating the interacting atoms, αi and αj, their Born radii and 

the distance separating the atoms.  The Born radius is a measure of the solvent exposure of an 

atom which approximates the distance of the atom from the dielectric boundary.  This method is 

quicker than the Poisson-Boltzmann method, but is not as accurate.  It is useful for molecular 
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dynamics simulations because solvent effects can be included for a reasonable cost and is often 

used in tandem with MD in order to efficiently model solvent in a simulation.129-131 
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Figure 2-1.  Thermodynamic cycle used in protein-ligand binding calculations. 
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Figure 2-2.  Subdivision of global system into a core region and two buffers.61  
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Figure 2-3.  A) Schematic view of QM/MM cut (curved line) between alpha carbon (CA) and 
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CHAPTER 3 
A MIXED QM/MM SOLVATION METHOD 

Introduction  

The effect of solvent on biological molecules is known to be very significant 

115,116,128,132,133, and in order to model biomacromolecules accurately one has to include this effect 

to properly account for electrostatic interactions.  These solvation effects are often necessary in 

molecular dynamics simulations and protein ligand binding studies to get accurate free energies 

of macromolecular systems where a difference of one or two kcal/mol is substantial134-136.  

Computationally, the effect of solvent can be included explicitly by including water molecules 

surrounding the solute108, or implicitly by adding terms to the Hamiltonian using a continuum 

method111 as discussed in Chapter 2.  Inclusion of solvation effects allows a more accurate 

representation of the system, since most biological systems do not exist in a vacuum.  Both 

explicit and implicit methods have been proven to be useful and each has their own strengths and 

weaknesses, and is essential for accurately modeling biomolecules 115,116,128,132,133.   

Continuum solvation methods were designed to cheaply and accurately approximate the 

statistical sampling of solvent configurations at the interface between a solute and solvent109-112.  

There are many continuum solvent models available, but this chapter will focus on the Poisson-

Boltzmann (PB) finite difference method as originally implemented in Delphi by Nicholls and 

Honig124, extended to QM methods by Friesner, Goddard, Honig and co-workers137, adapted for 

the linear scaling semiempirical program DivCon by Gogonea and Merz128 and further 

elaborated on by Liao and Merz138.  This method was chosen because it is suitable for use on 

biological macromolecules in a quantum mechanical framework both in terms of cost and 

accuracy128.  These methods have been effectively used to account for solvation in previous 
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studies of binding free energy of small molecules, and they provide an accurate estimate for 

solvation free energies60,134,139.  The PB method is an efficient solvation model, making it useful 

in calculations involving large macromolecules, and has been shown to give good solvation 

energies when used with a quantum mechanical method137,140,141.  Combined with DivCon’s 

linear scaling QM capabilities the PB method presents an efficient and accurate way to calculate 

the solvation free energy of an entire macromolecular system with a reasonable amount of time 

invested in the calculation.  

Mixed QM/MM methods are widely used now in a number of programs such as 

AMBER81 and CHARMM76, and can help reduce the cost of large calculations while allowing 

important areas of the protein to be treated with a QM Hamiltonian90,91,96.  This has proven 

extremely useful in the study of reaction mechanisms when incorporated with molecular 

dynamics92-94 and also for protein ligand studies in some cases60,95.  Another advantage of these 

methods is that they can be used to save parameterization time in the case of nonstandard 

residues such as metal ions or drug molecules. In these instances the nonstandard residue can be 

included in the QM region so that the step of generating accurate force field parameters for the 

residue(s) in questions does not have to be undertaken.  A third advantage of a mixed QM/MM 

method is that the QM region can properly represent the polarization effects of the surrounding 

MM and solvent regions through the QM-MM interactions.  This polarization changes the QM 

region’s electronic properties and can have a large impact on a reaction pathway or ligand 

binding95. 

In our QM/MM implementation the linear scaling semiempirical QM program 

DivCon61,88 has been integrated into AMBER81.  This allows the solvation energy for an entire 

protein to be calculated utilizing atomic charges from semiempirical calculations in the QM 
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region and fixed MM point charges in the surrounding protein.  These can be Mulliken, CM1121 

or CM2122 charges, but for accuracy CM1 or CM2 are typically used in DivCon calculations.  

This results in a method that can predict solvation free energies at a reduced cost compared to 

full QM calculations by centering specifically on a region of interest, an active site for example, 

for the expensive calculations and using the less expensive MM force calculations and charges 

on the rest of the protein.  Our approach also takes advantage of DivCon’s linear scaling, which 

allows a large QM region to be chosen in a QM/MM calculation without becoming exceedingly 

computationally expensive. 

Methods 

QM/MM Implementation.   

In the QM/MM method the entire system is first divided into two subsystems.  One 

region (QM) contains a limited number of atoms to be treated with the chosen QM potential, 

while the second region (MM) is treated with an appropriate force field.  In this case, the QM 

region will be treated semi-empirically while the MM region will be treated using a force field 

available within AMBER  In a protein system, covalent bonds are cut at the interface between 

these two regions and these bonds are treated by the addition of a hydrogen link atom to the QM 

region in order to insure a closed shell calculation.  This is a widely used method and is reliable 

given proper placement of the link atom away from polarized bonds96.  In the AMBER 

implementation the interactions with atoms in the MM region are included, except those bonded 

to a QM atom (called the MM link pair), so that artificially high forces and polarization effects 

are not introduced into the calculation.  For MM atoms directly bonded to QM atoms, 

electrostatic interactions are replaced by those of the link atom and the VDW interactions remain 

unchanged.  A representative view of the QM region cut is shown in Fig. 3-1.  In our 
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applications the peptide bonds are included in the QM region to avoid cutting these polarizable 

bonds. 

Poisson-Boltzmann Combined with DivCon.   

Implicit solvent models, like those based on the Poisson-Boltzmann approach, involve a 

trade off between accuracy and computational efficiency.  In the PB model, the system is divided 

into regions with different dielectric constants, separated by the solvent accessible surface of the 

solute molecule. The solute is then described as a collection of discrete point charges, which are 

calculated by the QM/MM method. The potential of the electrostatic field (called the reaction 

field) generated by the polarized solvent due to the introduction of the solute is obtained by 

solving the Poisson-Boltzmann equation as discussed in Chapter 2.  For the PB equation the 

charge distribution of the solute is calculated from the electron density generated by the chosen 

semi-empirical Hamiltonian.  The density is converted to atomic partial charges, using Mulliken 

or CM1121/CM2122 charge models for the QM region, or carried over from the AMBER force 

field used for the MM region. 

The PB solver in our semiempirical QM program, DivCon, uses the Finite Difference 

Method (FDM)125-127 to solve the PB equation.  After solving the PB equation, the electrostatic 

potential is added into the QM Hamiltonian used in the treatment of the solute. In this way, the 

polarization of the solute by the reaction field is incorporated into the QM calculation. The 

polarized solute now yields a new set of atomic point charges, which will “repolarize” the 

surrounding solvent generating a new electrostatic potential upon solution of the PB equation 

again. This iterative Self Consistent Reaction Field (SCRF) calculation is continued until 

convergence is reached. Upon convergence the electrostatic potential is used to calculate the 

electrostatic or polar part of the solvation free energy, while the non-polar part is calculated from 

the solvent accessible surface area of the solute.  The advantage of this QM/MM method is that  
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it lowers the overall number of charges to polarize every SCRF cycle.  The QM region’s atomic 

charges are allowed to fluctuate according to outside influences, but the MM region’s charges 

are fixed at the charge assigned by the chosen force field.  This results in a significant decrease 

in the number of atomic charges to be recalculated every SCRF cycle, therefore greatly speeding 

up the calculation. 

Solvation Free Energy in a QM/MM Calculation 

A QM/MM implementation of the PB model within DivCon allows specific regions of 

the protein to be polarized by solvent dynamically, while ignoring the solvent’s influence on 

regions of lesser importance.  The implementation described is briefly mentioned by Murphy et 

al.142, but is further elaborated upon and applied to our own program in the following. A similar 

method using DFT methods is discussed by Li et al143 where the surrounding protein and solvent 

are continua.  They explore the redox potential of two-sulfur, two-iron clusters and find that 

including the protein field with the solvent makes a large contribution towards an accurate 

description of the potential in the QM region.  The QM/MM PB implementation described herein 

will, in general, reduce the overall computational expense versus a full QM treatment, because 

the Hartree-Fock equations are solved for a much smaller region.  The current implementation 

also presents the opportunity to use the Divide and Conquer linear scaling semiempirical method 

for the calculation of both the protein and solvent while including the effects of all of the MM 

atoms on the QM region.  A schematic view of the PB procedure can be seen in Fig. 3-2. 

After the normal QM/MM setup of the protein system, the point charges of the protein 

are built up from the QM and MM regions.  The MM charges are treated as fixed atomic point 

charges and do not fluctuate during the SCRF process.  These are obtained from the AMBER 

atom types and passed into DivCon through the QM/MM interface. The QM charges are 
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calculated from the density matrix of the QM region using AM184 and are updated every SCRF 

cycle. DivCon allows the use of Mulliken, CM1121 or CM2122 charges.  

The entire collection of atomic point charges, from both the QM and MM regions, are 

then passed to the PB solver in DivCon, together with the coordinates of the protein. The 

dielectric constants are assigned based on the grid point location either in the solvent or protein 

as determined by the solvent accessible surface of the protein.  The solver then solves the PB 

equation numerically based on the finite difference method and obtains the electrostatic 

potential. The resulting electrostatic potential is used to generate a set of virtual surface charges 

located on the solvent accessible surface of the protein. This set of virtual surface charges 

represent the electrostatic field (reaction field) produced by the polarized solvent. The 

Hamiltonian of the QM region in vacuum(H0) is then perturbed by the interaction of the virtual 

surface charges with the solute electrons and nuclei and integrated over the solvent accessible 

surface of the protein, giving equation 6, the new potential energy operator.  In this equation, 

σ(r’) is the virtual surface charge located at r’ and a’ is an area of the solute surface(S):     
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The perturbed Hamiltonian results in a new set of atomic point charges in the QM region, 

which reflects the polarization of the QM solute. This updated set of QM charges, together with 

the fixed MM charges, are then fed into the PB solver for another cycle of the SCRF calculation 

and this continues until the polarization between solute and solvent achieves convergence. The 

converged reaction field (represented by the virtual surface charges) and solute charge 

distribution (wave functions in the QM representation) are used to calculate the polar part of the 

solvation free energy (Grf)
128. 
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A schematic view of a solvation free energy calculation, along with the terms represented 

in the above equations, is given in Figure 3-3. During the dissolution of the protein into solvent, 

the solvent is polarized and generates a reaction field. The solute is also polarized by this 

reaction field, hence, the wave function of the QM portion (MM portion is fixed) is modified. 

We describe the energy difference between the two states (the vacuum and dissolved states) of 

the solute via the wave function distortion (wfd) term given by Gwfd. The electrostatic interaction 

between the reaction field and the dissolved state of the solute is called the reaction field (rf) 

energy (Grf). The Gwfd and Grf constitute the polar part of the solvation free energy. There is also 

an entropy penalty associated with making a cavity in the solvent, which is usually combined 

together with the non-polar (np) interaction between the solute and solvent. These two terms are 

both proportional to the solvent accessible surface area and are lumped together in the Gnp term. 

Further technical details of how to calculate these terms are given in Gogonea and Merz128.  

In summary, the QM/MM PB method makes it possible to study the protein polarized by 

solvent only in the area of interest without the expense of having to perform the SCRF 

calculations on the entire protein while still yielding a reliable solvation free energy for the entire 

macromolecule.  Using the SCRF method within DivCon allows a large number of atoms to be 

treated with a semi-empirical Hamiltonian, thus allowing atoms directly in contact with the 

ligand and a buffer around the ligand to be included in the QM calculation. 

Preparation of Test Cases 

In order to validate the QM/MM DivPB method several test cases had to be developed.  So 

that the viability of the QM/MM method, and not just the DivPB method, was tested they had to 

be easily divided into QM and MM regions.  It would also aid in the study if the size of the QM 

55 



 

region could be easily expanded to examine how the scaling works.  It would also help if these 

systems were relatively small, so that the tests could be conducted quickly. 

The first method of validation was a series of pentapeptides capped with N-methylamine 

(NME) and acetyl (ACE) groups were constructed in LeAP in the AMBER package, as seen in 

Fig. 3-4.  This was done using the sequence command, starting with the ACE cap, followed by 

five residues, ending with the NME cap.  This resulted in the capped pentapeptide systems, with 

hydrogens added from LeAP’s residue library from the ff99SB144 force field, and these 

coordinate and parameter files were saved.  These structures were then minimized in AMBER 

for a maximum of 9000 steps of conjugate gradient, with a cutoff of 100 Å.  Following this 

minimization, the pentapeptides were split into QM and MM regions.  This procedure was done 

as described above, cutting the two regions after the peptide bond so that the link atom was not 

placed in a highly charged region.  This split was repeated to create the one through 5 peptide 

QM regions that were later used.  The input files were prepared from these splits and the 

solvation energy was calculated.  The same structures were also used for the full QM solvation 

energy calculations so that the structures were identical between full QM and QM/MM. 

In addition to the pentapeptides above, four small proteins with X-Ray structure 

resolutions less than 2.0 Å were obtained from the PDB.  In order to examine how this QM/MM 

method performs on proteins, a series of solvation free energy calculations were done on small 

proteins Hepatocyte nuclear factor 1-alpha (DCoH)145, SARS-coronavirus accessory protein 

(Orf7a)146,  bovine pancreatic trypsin inhibitor (BPTI)147 and T4 Lysozyme148 containing 1284, 

1034, 892 and 2603 total atoms respectively (PDB ids: 1usm, 1xak, 4pti, 182l).  First, the system 

was minimized within DivCon using the AM1 Hamiltonian and the LBFGS149 method.  After 

this the solvation free energy of the entire minimized system was calculated with the AM1 
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Hamiltonian.  Following these calculations, a small QM region was picked and expanded in 2-

3Ǻ increments giving QM sizes as small as 33 atoms and as large as 1734 atoms.  This QM 

region was based on the first heavy atom identified in the PDB file.  The QM region was then 

expanded to include entire residues within a given distance from the first atom, producing 

various numbers of atoms in the QM region.  This allows the effect of the QM region’s size to be 

examined, which is important to consider because a QM region is supposed to remain relatively 

small in relation to the overall system.  This solvation method should be able to closely 

reproduce full QM solvation energies with a small QM region in order to save calculation time.  

The solvation energy of these various sized QM/MM systems was then calculated and compared 

to full QM calculations of the same structures.  This not only provided an estimate of the 

accuracy of the method and the dependence on QM region size, but also provided information 

about how the method scales by comparing the computational cost across different sized QM 

regions.  This also provided a test of the method on protein systems, which is what the method’s 

intended use is, and therefore provides important performance and accuracy information. 

Results and Discussion 

We evaluated the QM/MM PB method by comparing QM/MM calculations of various 

sizes of the QM region with full QM SCRF calculations.  The Poisson-Boltzmann solver within 

our semiempirical QM program, DivCon, has been described and validated elsewhere128,138, so 

we will compare our QM/MM results with full QM results from this approach.   

DivCon allows the internal and external dielectric values to be set to user-defined values.  

For these calculations we will use the values of 1.0 for the internal dielectric (the QM and MM 

regions) and 80.0 for external dielectric value, the surrounding “water” environment. A grid 

spacing of 2.5 gridpts/Ǻ and a probe radius of 1.40Ǻ are used throughout.  These parameters 

were found to give the best cost to performance benefit in these calculations.  We use 1.0 for the 
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internal dielectric, instead of 4.0 which is common in proteins.  Since the QM atoms are already 

polarized by the environment through the PB approach, a higher dielectric to approximate the 

polarization effect, as is utilized in fixed point charge PB approaches, is unnecessary.  

Pentapeptides, capped with acetyl (ACE) and N-methylamine (NME) on their respective termini, 

were calculated and their solvation free energy was compared to a full QM calculation using the 

AM184 Hamiltonian on the same conformation.  The QM region cut was made between the 

carbonyl carbon and the alpha carbon of the next residue, or between the nitrogen and the alpha 

carbon of the previous residue so that the peptide bond was not cut.  This is an important 

consideration due to the nature of link atoms.  If a double bond or highly polarizable bond is cut 

to define the boundary the link atom will not accurately capture the electronic effects of the bond 

and will therefore affect the entire system.  This is a consideration in all QM/MM calculations, 

so the farther the boundary from the region of interest the better.  This is another advantage of 

DivCon’s linear scaling benefits, allowing the boundary region to be defined away from the 

region of interest.  An example of the QM/MM cut, and a demonstration of the “1 peptide” 

designation found below can be seen in Figure 3-1.   

Increasing QM Size   

Results from increasing QM region size on the pentapeptides used above can be found in 

Table 3-1.  All energies reported in this table are in kcal/mol.  The number of peptides, across the 

top, refers to the number of peptides included in the QM region.  For example, five peptides 

refers to five glycine residues plus the capping ACE and NME.  Four peptides refers to four 

glycine residues plus the capping ACE.  “DivCon” refers to a full QM calculation of the peptide 

using DivCon with the AM1 Hamiltonian.  This resulted in the number of atoms included in the 

QM region gradually decreasing so the accuracy of the QM/MM PB method could be 

determined.  As the QM region gets smaller it is expected that the accuracy, compared to a full 
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AM1 treatment of the entire pentapeptide, should decrease.  Since only the QM atomic charges 

are allowed to fluctuate, the number of atoms that are allowed to polarize in the solvent field 

decreases, and the number of fixed charges provided by the force field increases potentially 

leading to less accurate solvation free energies.  This means that the amount of quantum 

information in the SCRF calculations shrinks and a gradual shift out of agreement with full AM1 

calculations might be expected.  For these systems the solvation energy remains accurate with 

the 1 peptide systems, with the smallest QM region, having an unsigned average difference of 

only 4.9 kcal/mol.  Not unexpectedly, the size of the QM region has a greater impact on charged 

residues than aliphatic ones. Charged or highly polar residues, such as histidine, are more 

polarizable and as these residues/atoms are assigned fixed MM charges the polarization 

experienced by the SCRF procedure is diminished.  Hence, the solvation free energy is expected 

to change the most as the number of QM residues is decreased. This is certainly true for the 

positively charges ARG and LYS residues, while the negatively charged GLU and ASP residues 

are affected to a lesser extent.  In this study the proline pentapeptide also presents its own 

problems in where to place the QM/MM cut.  In a regular protein the PRO residue would 

normally be included in the calculation, but this was not an option here so the 5-membered ring 

was cut when the peptide bond was included in the QM region.  This presents problems 

calculating the ring interactions and giving spurious QM/MM interactions.   

Table 3-1 shows the signed differences between the QM/MM calculation and the full QM 

DivCon solvation free energy in parentheses with the unsigned average shown also.  All of these 

values are in kcal/mol using the AM1 Hamiltonian.  As expected, the accuracy of the QM/MM 

PB results decrease as the QM region decreases.  This demonstrates the importance of the 

polarizable charges in the QM region against the fixed MM charges.  As the MM region grows 
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the solvation energy becomes less accurate relative to the full QM calculations, but can still get 

pertinent information regarding the solvation free energy.  Applying this to a protein could give 

valuable insights into active site polarization, while still producing reliable solvation free 

energies.  

Solvation Free Energies of Small Proteins  

This QM/MM method is intended to be used on biomolecular systems, more specifically 

proteins.  While the previous test shows the method’s ability to perform on small systems, tests 

on protein systems need to be performed to gauge its efficacy on the systems of interest.  The 

results of the solvation calculations are given in Table 3-2 with differences between full QM 

solvation energy and QM/MM solvation energies shown in Table 3-3.  In Tables 3-2 and 3-3 the 

size, in Ångstroms, of the QM region is shown along with the number of atoms in that region in 

parentheses, not counting link atoms and all energies are in kcal/mol.  The proteins give 

unsigned average differences from the full AM1 QM calculations of 19.13 kcal/mol, 19.67 

kcal/mol 11.02 kcal/mol and 9.08 kcal/mol for DCoH, Orf7a, BPTI and Lysozyme respectively.  

These are in good agreement with the expected solvation free energies given from full QM 

calculations.  There is only a weak to nonexistent trend between including more atoms in the QM 

region and increased accuracy in the solvation free energy as might be expected for these 

systems.  The solvation free energy differences are generally acceptable in most cases and show 

that even reasonably sized QM regions (less than 100atoms) in a QM/MM calculation should be 

expected to give solvation free energies in good accord with full QM calculations.  

 
Timings 

QM/MM methods make assumptions and approximations to save computational cost by 

excluding large regions of the proteins from the QM calculation.  These approximations must 
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provide an accurate answer, while saving time to make them cost effective.  The QM/MM 

solvation method above is not excluded from this and the accuracy has already been examined 

on the pentapeptides and small proteins using various QM region sizes.  Below, the timing 

difference of the method will be compared to that of a full QM solvation calculation within 

DivCon.  The average time per SCF cycle in vacuum and solvent was calculated and tabulated 

for PDB ID 1usm.  This was done for each of the QM region sizes and for the full QM solvation 

calculation.  These timings will give an idea of the time savings gained by using the mixed 

QM/MM PB solver. 

Standard 

 Table 3-4 shows the results of timings of various QM region sizes and a full QM 

calculation on 1usm.  The average time for each SCF cycle is reported as well as the number of 

cycles required to reach convergence.  The average time per SCF is reported because some 

individual SCF cycles may take longer depending on how long convergence takes, so an average 

is the only fair estimate.  The first column tells the radius of the QM region, in Ångstroms, and 

the number of atoms present in the QM region in parentheses.  These are important metrics when 

a study of the active site is desired.  This table shows that, as expected, the gas phase SCF takes 

less time than the solvation SCRF because there is no polarization across the QM region.  Also, 

the time differences between different QM region sizes can be seen, and since QM size does not 

have much influence on accuracy the size versus cost can be estimated.  The results in Table 3-4 

are from a standard (non-divide and conquer) calculation and therefore do not linearly scale with 

system size.  Figure 3-3 shows this relationship and demonstrates how much longer the SCRF 

takes over the SCF. 
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Divide and conquer 

 Table 3-5 is similar to Table 3-4, but shows the results for a divide and conquer 

calculation.  It can be seen that the smaller QM sizes take longer for a divide and conquer 

calculation than a standard calculation.  This result is expected because the setup time required to 

break up the calculation does not compensate for the time savings while diagonalizing the Fock 

matrix, since these systems are so small.  However, for the large systems the SCF and SCRF 

times are significantly shorter with the full QM calculation taking six times less in vacuum with 

a divide and conquer calculation than in a standard calculation.  The timing of the average SCRF 

cycle is also interesting and demonstrates that the divide and conquer algorithm affects the SCRF 

diagonalization as well with the same pitfalls as a vacuum calculation.  Large systems are where 

the divide and conquer algorithm is really useful, and this SCRF implementation is no exception.  

The crossover for when to use the divide and conquer calculation in this QM/MM method 

appears to be approximately 600 atoms, which confirms informal results obtained earlier. 

In Table 3-5 it is also seen that the full QM calculation takes less time than the largest 

QM/MM calculation, which contains fewer atoms than the full QM calculation.  This is likely 

caused by memory management involving the link atoms.  In order to properly include the link 

atoms in the divide and conquer sub-regions they must be near the system in memory.  In 

AMBER the link atoms are placed at the end of the molecule’s array by default.  This will not 

work for a divide and conquer run, so the link atoms must be identified and moved into the 

correct sub-region, added to that sub-region’s atom list and included in the calculation.  This 

takes a bit of time and memory manipulation and this cost will increase the more link atoms a 

QM/MM calculation has.  This is only done once at the beginning of a divide and conquer 

calculation, but can add some time to the calculation as seen in the table. 
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Figure 3-4 graphs the average time per SCF and SCRF cycle per QM region size.  This 

graph provides and excellent illustration of the divide and conquer algorithm’s linear scaling for 

both the SCF and SCRF diagonalizations.  This graph demonstrates the usefulness of the divide 

and conquer method and also gives an idea of when to apply this method over a standard 

calculation.   

Conclusions 

We have presented a QM/MM implementation of the SCRF Poisson-Boltzmann solver 

available in DivCon to calculate solvation free energies of large molecules within a 

semiempirical framework. A full QM version of this Poisson-Boltzmann solver has been 

validated by Liao and Merz138 and we find that it is also applicable using a QM/MM approach as 

implemented in the Sander program of the AMBER suite of programs.  This method allows the 

solvation free energy of an entire protein to be calculated, including only part of the system in 

the quantum region, thus allowing only these charges to be polarized by the solvent while 

keeping the remaining system at fixed charges given by the force field.  Using a divide and 

conquer technique, a large quantum region may be selected due to DivCon’s linear scaling nature 

allowing the link atoms to be farther from the active site than other methods may allow due to 

computational expense.  This also allows the solvation free energy to be calculated using 

Mulliken, CM1 or CM2 charges for the QM region.  A brief study of this method’s time saving 

capabilities has also been done.  A time saving is realized for large systems when utilizing the 

divide and conquer algorithm, but the average SCF and SCRF cycle time increases for small 

systems due to setup times.  This graph shows the applicability of this method to large and small 

systems while not compromising accuracy.  This method might be applied, in particular, to drug 

design due to its ability to allow polarization and charge transfer effects in a region of interest 

while including solvation terms and finding the solvation free energy of a solute.  It could also be 
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used to determine pKa, thermodynamic quantities, generate improved force fields for 

nonstandard ligands/residues and many other applications relevant to biological systems. 
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Figure 3-1. Representative view of QM/MM region and its cut off points.  This also shows an 
example of the “1 peptide” designation used in Table 3-1 (NME cap plus one Ala 
residue).  
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Figure 3-2.  Schematic view of SCRF calculation procedure. 
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Figure 3-3. The terms involved in obtaining the free energy of solvation.  
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Figure 3-4.  Example alanine pentapeptide, capped with NME and ACE. 
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Table 3-1.  Solvation free energy of pentapeptides with varying QM region size.  The signed 
difference between full QM DivCon solvation and the QM/MM solvation energy are 
listed in parentheses with the average unsigned difference listed at the bottom. 

Residue DivCon  5 Peptides 4 Peptides 3 Peptides 2 Peptides 1 Peptide 

ALA -30.5  -30.4(0.0) -29.0(1.5) -28.8(1.6) -28.7(1.7) -28.6(1.9)

ARG -572.6 -572.6(0.0) -572.9(-0.2) -572.0(0.6) -570.2(2.4) -560.1(12.6)

ASN -55.9 -55.9(0.0) -55.7(0.3) -57.7(-1.7) -58.9(-3.0) -61.0(-5.1)

ASP -698.2 -698.4(-0.1) -694.2(4.0) -695.0(3.2) -698.0(0.2) -701.6(-3.4)

CYS -29.1 -29.1(0.0) -29.0(0.1) -30.5(-1.4) -31.1(-2.0) -32.5(-3.4)

GLU -653.9 -653.9(0.) -652.2(1.8) -652.9(1.1) -653.3(0.7) -653.5(0.4)

GLN -69.3 -69.4(0.0) -71.5(-2.2) -72.3(-2.9) -70.5(-1.1) -71.9(-2.5)

GLY -39.1 -39.1(0.0) -37.7(1.4) -37.1(2.0) -36.5(2.6) -35.5(3.6)

HIS -81.0 -80.9(0.1) -74.5(6.6) -70.8(10.2) -67.9(13.1) -64.3(16.7)

ILE -24.9 -24.9(0.0) -24.9(0.0) -25.0(-0.1) -24.1(0.8) -24.3(0.6)

LEU -24.2 -24.2(0.1) -24.1(0.1) -24.7(-0.4) -24.4(-0.1) -24.8(-0.5)

LYS -624.1 -624.0(0.0) -619.6(4.4) -616.8(7.3) -607.4(16.6) -602.9(21.2)

MET -34.7 -34.6(0.1) -35.0(-0.3) -33.9(0.8) -34.3(0.4) -34.3(0.4)

PHE -32.6 -32.6(0.0) -32.6(-0.1) -32.7(-0.1) -33.0(-0.4) -32.0(0.6)

PRO -39.5 -39.4(0.1) -36.8(2.7) -34.1(5.4) -30.0(9.5) -27.4(12.1)

SER -41.1 -41.2(-0.1) -39.6(1.5) -41.5(-0.4) -43.3(-2.2) -45.2(-4.1)

THR -52.6 -52.6(0.0) -53.5(-0.9) -51.5(1.1) -52.0(0.5) -52.2(0.3)

TRP -53.4 -53.4(0.0) -50.8(2.6) -52.3(1.1) -49.8(3.7) -48.3(5.1)

TYR -46.4 -46.5(-0.1) -46.9(-0.6) -47.6(-1.2) -47.4(-1.0) -48.4(-2.0)

VAL -22.1 -22.1(0.0) -22.8(-0.7) -21.9(0.2) -22.9(-0.8) -23.7(-1.6)

Average - 0.0 1.6 2.1 3.2 4.9
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Table 3-2.  Solvation free energy of increasing QM size for four different protein systems. 
Ǻ(# QM atoms) 1usm 1xak 4pti 182l 

  Solvation 
Free Energy 

Solvation 
Free Energy 

Solvation 
Free Energy 

Solvation 
Free Energy 

3(33,40,62,40) -452.62 -400.19 -780.44 -1411.92

5(59,98,107,54) -467.23 -399.38 -779.70 -1412.87

8(187,161,176,182) -462.01 -399.72 -805.40 -1391.85

10(236,243,308,262) -459.19 -402.66 -802.21 -1403.46

12(421,281,373,342) -464.64 -402.19 -777.16 -1399.31

15(696,405,490,630) -458.71 -416.09 -818.12 -1387.74

18(959,525,621,925) -495.69 -416.11 -804.70 -1385.38

21(1169,685,676,1290) -456.99 -396.71 -801.81 -1401.54

24(1260,859,789,1734) -442.26 -386.32 -798.18 -1417.58

27(913) - -392.52 - -

       

AMBER Full QM -443.24 -381.52 -803.50 -1401.69
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Table 3-3.  Solvation free energy differences for four proteins. 
Ǻ(# QM atoms) 1usm 1xak 4pti 182l 

3(33,40,62,40) -9.38 -18.67 23.06 -10.23

5(59,98,107,54) -23.99 -17.86 23.80 -11.18

8(187,161,176,182) -18.77 -18.20 -1.90 9.84

10(236,243,308,262) -15.95 -21.14 1.29 -1.77

12(421,281,373,342) -21.40 -20.67 26.34 2.38

15(696,405,490,630) -15.47 -34.57 -14.62 13.95

18(959,525,621,925) -52.45 -34.59 -1.20 16.31

21(1169,685,676,1290) -13.75 -15.19 1.69 0.15

24(1260,859,789,1734) 0.98 -4.80 5.32 -15.89

27(913) - -11.00 - -
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Table 3-4.  Average time for a SCF/SCRF cycle in 1usm and number of diagonalizations needed 
for each cutoff distance in a standard calculation in DivCon. 

Standard 
Ǻ(# of 
QM 
atoms) 

Avg. Gas SCF 
(sec/cycle) 

# of 
diags 

Avg. Solvent 
SCRF 
(sec/cycle) 

# of 
diags 

Total SCF 
Time in 
DivCon(sec) 

Total Run 
Time(sec) 

3(33) 0.01 42 34.87 9 314.24 314.58
5(59) 0.06 14 35.48 10 355.54 356.19
8(187) 0.87 63 41.51 9 428.10 430.27
10(236) 1.74 52 43.53 9 482.10 485.08
12(421) 8.66 55 53.97 10 1015.15 1020.61
15(696) 36.23 45 89.13 10 2521.53 2530.61
18(959) 89.01 22 148.94 11 3613.30 3625.70
21(1169) 158.25 21 243.98 10 5763.12 5778.05
24(1260) 199.42 22 267.38 10 7061.05 7077.28
FullQM 310.11 22 326.09 10 10083.24 10100.08
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Table 3-5.  Average time for a SCF/SCRF cycle in 1usm and the number of diagonalizations 
needed for each cutoff distance in a divide and conquer calculation in DivCon. 

Divide and Conquer 

Cuttoff 
(Angstroms) 

Avg. Gas 
SCF 
(sec/cycle) 

# of 
diags 

Avg. 
Solvent 
SCRF 
(sec/cycle) 

# of 
diags 

Total SCF 
Time in 
DivCon(sec) 

Total Run 
Time(sec) 

3(33) 0.03 42 18.55 32 594.70 595.07
5(59) 0.14 54 22.71 21 484.42 485.16
8(187) 1.42 119 25.44 28 880.63 882.75
10(236) 2.20 51 27.49 32 991.81 994.53
12(421) 6.93 74 49.63 13 1158.20 1163.58
15(696) 16.29 49 67.54 13 1676.02 1684.86
18(959) 30.70 56 90.45 13 2895.28 2907.22
21(1169) 44.02 21 105.06 15 924.43 2514.86
24(1260) 59.48 20 117.00 15 2944.57 2960.29
FullQM 51.73 20 115.50 15 2767.10 2783.21
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Figure 3-4.  Average time per SCF/SCRF cycle in 1usm for cutoff distances of 3Ǻ-24Ǻ.  D&C 
stands for a divide and conquer calculation. 

 

 

 

 



 

CHAPTER 4 
A MIXED QM/MM SCORING FUNCTION TO PREDICT PROTEIN-LIGAND BINDING 

AFFINITY 

Introduction 

Protein-ligand interactions are complicated and therefore difficult to model and predict 

accurately.  Methods are still being developed to predict binding affinity with emphasis on cost 

and accuracy in these predictions.  All of these methods vary in the scoring function and 

structure prediction methods used with different advantages and disadvantages.49,150,151  It is 

important to accurately model these interactions so that in silico screening can be effectively 

applied to lower the cost and time involved in drug discovery.  Often these schemes sacrifice 

accuracy to gain speed, or improve accuracy at slower speeds but then are too complicated and 

slow to be used for large scale general applications.  For these reasons research in this area 

continues to thrive, searching for a model that achieves a good compromise between speed and 

accuracy to predict binding affinities and score different poses. 

Typically scoring functions are composed of different terms calculated through classical 

or empirical methods.  These functions perform admirably, but have problems and their own set 

of limitations.  These problems come from the way these scoring functions are derived and the 

training sets used to construct them.  Empirical and knowledge-based functions are dependent on 

the size and variety of the training set used.  These functions may fail if the systems being 

examined are too different from any ligands in the training set.  This leaves the scoring function 

without knowledge of the systems being examined, and therefore it essentially must draw 

conclusions from estimates of other ligands.  The main advantage of these scoring functions, 

once they are established, is their speed because only a few, easily calculated, parameters must 

be found and the scoring function can be used to predict binding affinity.  Another common 

scoring function is constructed using a classical potential.  These functions use a force field 
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based approach and therefore are dependent on the force field chosen, each of which has its own 

set of problem.  All of these methods either exclude electronic effects or account for them with 

an empirical parameter that may not always apply.  These methods also have problems 

accurately predicting properties for metalloenzymes, due to the presence of a metal ion in the 

protein, which are difficult to describe with classical methods. 

Quantum Mechanics (QM) methods have begun to demonstrate their usefulness in 

scoring functions, with semi-empirical methods used to increase speed.  Until recently, QM 

methods were primarily used only for smaller systems because the cost associated with these 

methods was untenable for large scale screening.  However, these methods are showing their 

potential in predicting binding affinities for metalloenzymes, which are notoriously difficult to 

predict with force field approaches.  The problem with metalloenzymes arises from their not 

quite covalent bond nature, the high charge of the metal atom and the charge transfer associated 

with ligand binding.152  A recent enhancement to scoring functions is a full QM potential named 

QMScore15,33,44 which uses a linear scaling semi-empirical method within DivCon61,88 to 

calculate properties of the protein, ligand and complex, and combine them into a scoring function 

to give a binding free energy.  QMScore allows the entire protein to be calculated with a QM 

Hamiltonian, with the drawback that it is time consuming to calculate the entire protein at a QM 

level.  QMScore takes advantage of DivCon’s linear scaling capability to keep the computational 

cost tractable, but is still quite expensive.  QMScore’s scoring function uses the QM calculated 

heat of interaction, the dispersive Lennard-Jones interaction, a solvent term, an entropy term 

dependent on the number of rotatable bonds to estimate vibrational entropy and the solvent 

entropy change measured by surface area changes.  Using these parameters QMScore was able to 

accurately predict binding affinities for a small set of zinc-containing enzymes and later a larger 
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set of diverse proteins.  QMScore was also compared with several other scoring functions that 

are readily available and was found to provide better binding affinity correlations than most of 

the tested functions showing that improved accuracy may be worth the additional cost. 

QM methods have also been incorporated into MM methods in recent years as computing 

power has increased and have proven quite successful for MD and reaction mechanism studies.  

QM/MM methods allow a small region of interest to be explored in more detail while treating the 

surroundings with a less accurate method to save time.  Some more recent screening methods use 

QM in a QM/MM5,60 or QM/QM153 manner to calculate protein-ligand binding affinities.  These 

methods take advantage of the mixed method’s ability to specify a region of interest, usually the 

ligand, with an expensive Hamiltonian, while treating the remaining system with a cheaper 

Hamiltonian to get more accuracy for the ligand and its surroundings while not becoming 

prohibitively expensive.  These methods also have an advantage over many other methods in that 

parameters are not necessary for the ligand or many common metals that may be present.  

Defining the ligand within the QM region will preclude the need for parameter definitions 

therefore saving time in setup and eliminating the concern that parameters may be incorrect 

while providing more accurate information for the ligand and its surroundings.   

The QM/MM method in AMBER 10 will be used in our implementation to calculate the 

binding free energy of various protein ligand complexes.  These calculated binding affinities will 

then be compared to the experimental binding affinities of the complexes to assess the fitness of 

the scoring function chosen.  The scoring function will incorporate use of an interaction energy 

term, a solvation term and entropic terms to determine the overall binding energy.  The results of 

this scoring function will be presented and analyzed. 
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Methods 

QM/MM Implementation 

The QM/MM method used in this study is similar to that used above in Chapter 2 so it 

will only be covered briefly.  The linear scaling program DivCon, integrated into AMBER, was 

used to select the QM region around the ligand as described above.  This region was included in 

the semi-empirical QM calculation, while atoms outside of this region were treated with the 

classical AMBER ff99SB144 force field.  This gives the effective Hamiltonian of the system 

shown in Equation 4-1, which is a sum of the MM (HMM), QM (HQM) and QM/MM interaction 

(HQM/MM) Hamiltonians. 

MMQMQMMMeff HHHH /  (4-1) 

  Splitting the system into regions like this leaves any covalent bonds between the two 

regions cut, resulting in false free radicals in the QM region and charge imbalances in both 

regions.  This is addressed by adding a hydrogen link atom to the QM atom in the broken bond 

that is formed, similar to the implementation in Dynamo154.  The link atom is forced to lie along 

the bond vector so that no extra degrees of freedom are introduced to the system, and it is treated 

like a regular QM atom in most respects throughout the calculation.  The forces on the link atom 

are then distributed to the QM and MM atoms that make up the bonding pair and any interactions 

involving the MM atom are treated classically155.  The electrostatics of the link atom must be 

carefully considered to avoid false polarization of the QM boundary atom and to maintain a 

constant charge for the QM region.  This is accomplished by spreading the charge of the QM 

region across all of the MM atoms in the system once at the beginning of a run.  This initial setup 

step adds a slight cost to the QM/MM calculation, but is not prohibitively expensive as it is a 

one-time setup.  In order to avoid overpolarization of the QM/MM boundary the classical atom 
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involved in the link atom bond is ignored by the link atom and the van Der Waals interactions of 

the bonding pair are treated classically.  This results in more stable charge distributions for the 

atoms in the QM region155 and eliminates any falsely high repulsive forces between the link atom 

and the MM bonding atom.   

 The QM/MM method in AMBER also allows for the minimization of a system of interest 

using the conjugate gradient or steepest decent methods.  In a QM/MM calculation the forces of 

the QM region are calculated by the QM program being used and are then transferred and added 

to the MM forces on the QM atoms and vice versa, while the MM forces are calculated by 

AMBER.  This allows a fairly simple minimization to be undertaken for a QM/MM calculation 

while still removing the need to calculate parameters for an organic molecule or metal ion and 

taking advantage of the parameters available in the force field for defined atom types. 

Preparation of QM/MM Calculations 

In a QM/MM calculation proper setup of the QM and MM region and their boundary is 

often one of the most difficult parts.  The boundary must be carefully chosen so that the 

approximations and assumptions made in a QM/MM job do not significantly alter the accuracy 

of the calculation.  Another consideration is to get the boundary region, where the most errors 

will be, as far from the region of interest as possible.  This is often difficult because the cost of 

the calculations often increases exponentially with atom number, but this problem is reduced 

using DivCon in AMBER due to its linear scaling abilities.  This allows the QM region to 

expand so that problem boundary regions can be included in the QM region without greatly 

increasing the cost of the calculation. 

In this study the QM region was selected to include not only the ligand, which is 

standard, but also the first shell of the active site to capture electronic changes from binding.  A 5 

Å sphere centered on the ligand was created and the entire residue of any amino acid within the 
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sphere was included in the QM region, cutting the peptide bond.  This gave a rough QM region 

for the QM/MM calculations as seen in the simple representation in Fig. 4-1, but needed to be 

refined in order to correctly cut the boundary region’s covalent bonds as seen in Fig. 4-2.  This 

included finding any proline residues and including them in the QM region, finding any cross-

linked cysteines and expanding the boundary to include the entire peptide bond.  After these 

steps were taken the QM region was properly defined for the calculation.  Once the QM region 

was defined the charge of the QM region was calculated dependent on what residues were 

present and the charge of the ligand and the active site was visually inspected to confirm the 

accuracy of the charge.   

As mentioned above one of DivCon’s strongest abilities is its linear scaling nature 

allowing larger than usual systems to be considered for semi-empirical calculations.  The cutoff 

established for using standard versus divide and conquer calculations was determined to be 600 

atoms in the QM region.  Fewer than 600 atoms would mean a standard calculation should be 

used as the divide and conquer calculations have more overhead so need more atoms to properly 

scale.  More than 600 atoms meant that the divide and conquer method should be used to provide 

linear scaling.  This was all incorporated in the setup of these QM regions and a standard or 

divide and conquer calculation performed as needed depending on the number of atoms in the 

QM region.  These proteins are all relatively small, so only standard calculations were required.  

The number of QM atoms in each protein, ligand and protein ligand complex can be seen in 

Table 4-1. 

Preparation of Proteins 

The proteins, ligands and complexes used in this study were taken from a full QM study 

undertaken by Raha and Merz.33  In this study 18 carbonic anhydrase (CA) and 5 

carboxypeptidase (CPA) complexes with known experimental binding free energies and 
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resolutions under 2.5 Å were downloaded from the Protein Data Bank (PDB).1  A table of these 

proteins and their ligands, resolution and experimental binding affinity can be seen in Table 4-2.  

Protons were then added to the heavy atoms using the LEAP module in AMBER 5.0 based on 

standard geometries and physiological pH, and energy minimization was performed to relax the 

added protons.  Each of these complexes contained a zinc atom in the active site and a zinc-

bound water molecule was added to the uncomplexed proteins to fill the valence as performed by 

Raha.  These structures were used as the starting point in this study.   

From this point the structures were split into QM and MM regions for the QM/MM 

calculations as described above.  After this was accomplished the structures were minimized for 

500 cycles using steepest decent and then a maximum of another 1500 cycles using the conjugate 

gradient method in version 10 of AMBER.75  The long-range cutoff for both the QM and MM 

regions was set to 100 Å to better include long range effects in the binding affinity calculations.  

After the initial structures were minimized the solvation free energy of the protein, ligand and 

complex were calculated.  This was done by setting divpb equal to one in the AMBER input file 

and specifying the SCRF and DIVPB keywords within the DivCon input.  CM1121 charges were 

used for the solvation calculations and the grid space was set to a static 2.5 grid points per Å with 

a long range cutoff of 100 Å.  An internal dielectric of 1.0 was used with an external dielectric of 

80.  In addition to solvation free energy the vibrational frequencies of the ligand alone and in 

complex with the protein were calculated using DivCon to provide and estimate of the 

vibrational entropy associated with binding.  Along with the vibrational entropy, the zero-point 

energy correction and vibrational energy were calculated from the normal mode analysis.  For 

this the convergence criterion was increased to 1E-6 for the changes in the energy and density 

matrix and the long range cutoff was again set to 100 Å.  This was done to improve the 

81 



 

convergence of the wave function at this geometry and improve the frequencies obtained through 

this calculation. 

Calculation of Binding Affinity 

The binding affinity of a protein-ligand complex can be determined using a 

thermodynamic cycle as seen in Figure 4-3 which essentially becomes Equation 4-2. 

solv
gas
bind

solv
bind GGG   (4-2) 

)( ligand
solv

protein
solv

complex
solvsolv GGGG    (4-3) 

gas
bind

gas
bind

gas
bind STHG    (4-4) 

The free energy of binding can be broken down into solvation free energy (Equation 4-3) and gas 

phase free energies (Equation 4-4).  The solvation free energy is composed of the difference 

between the free energy of solvation of the complex and that of the protein and ligand separately.  

The gas phase free energy contains an enthalpic term from the electrostatic and non-polar 

interaction energies and an entropic term from the degrees of freedom of the individual systems.  

 The enthalpy term is calculated in DivCon at the AM184 semi-empirical level and is 

shown in Equation 4-5. 

  (4-5)  
atoms

fcorecoreelecf HEEH

In determining the enthalpy, Eelec is the electronic energy, Ecore-core is the core-core repulsion 

from the wave function and the final term is the heat of formation for all the atoms to calculate 

the heat of formation of the entire system.  Details of calculation of the entropic and solvation 

terms in Eqs. 4-2 and 4-4 will be discussed later in this section.  The nature of the binding free 

energy and these equations allow a master equation for the binding affinity to be pieced together 

from different components so that it can be calculated without major difficulties.  The equation 

used in this study can be seen in Equation 4-6 and is composed of five independent variables to 
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describe the dependent variable.  In the equation HI is the heat of interaction, -STvib is the 

vibrational entropy penalty, Gsolv is the solvation free energy change and Ssolv is the solvation 

entropy change estimated by the change in surface area. 

 vibsolvsolvIbind STSGHG   (4-6) 

  (4-7) ligand
ESCF

protein
ESCF

complex
ESCFI HHHH 

 Another important consideration for protein-ligand binding is the change in entropy of 

the ligand upon binding.  Protein-ligand binding is entropically unfavorable in most cases due to 

loss of degrees of rotational and vibrational freedom.5,156-158  Several scoring functions estimate 

this conformational entropy component of the free energy on the number of rotatable bonds in 

the ligand or the protein and ligand together.15,33,159  This measure provides a good estimate to 

the degrees of freedom lost by both the protein and ligand on binding.  Another way  to calculate 

this conformational entropy component is to calculate the vibrational frequencies of only the 

ligand in complex60 or the frequencies of the entire QM region.  Capturing these effects the 

change in translational, rotational and vibrational degrees of freedom upon binding can be 

calculated, and the entropic effect on the ligand in the protein field or the ligand and the protein 

side chains in the active site that interact with the ligand can be determined.  This gives a more 

accurate estimate of the entropic penalty at the cost of an increased expense to calculate the 

vibrational frequencies.  Using the frequencies alone is an estimate for this entropic change and 

does not necessarily capture the translational and rotational changes that accompany binding.  In 

this implementation, after QM/MM conjugate gradient optimization, the frequencies of the 

optimized ligand alone and in complex with the protein were calculated at the AM1 level using 

DivCon and a partial Hessian vibrational analysis (PHVA).160  This allows the frequencies of 

only the minimized region, either the ligand alone or the entire QM region, to be calculated, 
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excluding the rest of the system and has been found to accurately reproduce frequencies.160,161  

Many of the systems being considered here are fairly large; therefore the minimization steps will 

have difficulty finding the global minimum.  This is partially due to the minimization scheme 

used and partially to keep the binding affinity prediction quick enough for a large scale 

application.  Due to this, a small number of imaginary frequencies may appear from 

diagonalizing the Hessian matrix, especially when calculating the frequencies of the entire QM 

region, comprised of the ligand and protein side chains.  These are especially prevalent in the 

protein side chains due to their available conformational space.  In these cases, any imaginary 

vibrational frequencies found are not included when calculating the vibrational entropy.  This 

may disregard some low frequency vibrational modes which were found to be important156, but 

can still provide a good estimate of the vibrational entropy component due to binding. 

 From these frequencies the vibrational entropy, energy and zero-point energy can be 

calculated from the normal mode frequencies using Eqs. 4-8, 4-9 and 4-10 respectively. 
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In these equations Θvj is the vibrational temperature found from the 3n-6 normal modes, for a 

non-linear molecule, at temperature T.  The vibrational entropy, Svib, component accounts for the 

change in entropy due to the gain of six vibrational degrees of freedom and loss of translational 

and rotational degrees of freedom when the ligand binds to the protein.  The vibrational energy, 

Ev, component represents the internal thermal energy change from molecular vibrations upon 
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ligand binding.  Here, the vibrational entropy is calculated either by finding the vibrations of the 

ligand in complex and alone, which has been shown to be a good approximation of the degrees 

of freedom of the protein and ligand system156 or by calculating the frequencies of the entire QM 

region.  The zero-point energy (ZPE) corrects the energy of the system up from the bottom of the 

harmonic oscillator well to the lowest vibrational quantum level, accounting for vibrations 

occurring even at 0K.  In this study the vibrational energy and ZPE are already included in the 

calculation through the semi-empirical vacuum energy and therefore are excluded from the 

scoring function to avoid double counting these properties. 

There is also an entropic solvation term to be considered on binding which can be 

described as the entropy gained by the displacement of water molecules from the active site, and 

plays an important role in binding.5,162  It has been shown that changes in solvent exposed 

surface area upon ligand binding have a correlation to solvent entropy163 and some scoring 

functions successfully use the term as a measure of solvent entropy in their scoring 

functions.5,52,60,67  In this study the solvent accessible surface area of the heavy atoms, regardless 

of the polarity of the atoms, was used to estimate the solvation entropy of the binding process.  

This was done by running a 1.4 Å probe over the surface of the protein, ligand and complex, 

using SASA164 which yielded the surface area of each respective piece of the protein-ligand 

binding calculation.  This surface area difference gave an estimate of the solvent entropy gained 

upon complexation.  This entropy term was then combined with the vibrational entropy 

described above to represents a reasonable approximation to the overall entropy change of the 

system due to ligand binding. 

 The final part of the binding free energy to consider is the solvation free energy change of 

the system.  This is an extremely important factor in the overall binding free energy and must be 
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addressed, either implicitly or explicitly.  As discussed above, including solvent explicitly is 

extremely expensive, so an implicit solvation method would be ideal for an application like this 

where time is an important consideration.  It has been shown that an implicit model of solvation 

appropriately describes the solvent interactions that occur in protein-ligand binding to account 

for the solvation effect.5,165  This term can roughly be described as the free energy associated 

with the desolvation of the active site and the ligand when the ligand binds, and in this study the 

implicit Poisson-Boltzmann (PB) model was used.  A QM/MM self-consistent reaction field 

(SCRF) method was used to calculate the solvation free energy, which is described in Chapter 2 

in detail.  This method essentially calculates the energy of the solute with and without the 

presence of solvent, allowing only the QM region to change polarization when the solvent is 

added to the calculation.  This gives an approximate solvation free energy for the active site, 

allowing the charges in that area to fluctuate in the solvent field, while holding the remaining 

charges in the system fixed.  This saves time in the solvation calculation and, as demonstrated 

above, does not sacrifice a great deal of accuracy to achieve reasonable solvation energies.  

Using a Poisson-Boltzmann method also means that an internal and external dielectric must be 

set to properly capture the polarization of the QM region.166  In this study an external dielectric 

constant of 80 and an internal dielectric of 1.0 were used, as in the study in Chapter 2.  The 

dielectric constant is used to estimate the polarizability of the region it is assigned to.  In the 

fixed charge methods values of 3.0 and 4.0 are commonly used for an estimate of polarizability.  

However, here a value of 1.0 was used because the QM region is permitted to polarize in the 

solvent field, therefore using a higher value may lead to over estimating the polarizability of the 

protein environment.  Using this QM/MM PB method allowed the solvation free energy of the 
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protein, ligand and complex to be determined yielding the overall cost of desolvating the ligand 

and protein active site.   

Regression Analysis 

A method of measuring a scoring function’s predictive abilities must be used to quantify 

how well it performs.  Here, this was done by comparing experimental binding free energies to 

the calculated binding free energies and comparing through use of multiple linear regression 

(MLR) to predict the binding free energies.  MLR tries to determine a relationship between a 

dependent and independent variable using a least squares method.  MLR produces a linear 

equation (Equation 4-9) where Xi is an independent variable, here a component of the scoring 

function, and Y is the dependent variable, the binding affinity. 

...22110  ii XXY   (4-9) 

Using these methods not only can the predictive ability of a scoring function be estimated, but 

weights for individual terms in the scoring function can be determined to give them more 

influence in the overall score and improve a scoring function.33,167  Using MLR, the square of the 

correlation coefficient (R2) and standard deviation can also be determined, giving a good 

assessment of the scoring function’s fitness in binding affinity prediction.  The standard 

deviation (SD) calculation for this study followed the equation given by Raha and can be seen in 

Equation 4-10. 

  2exp calcGGSD   (4-10) 

In this standard deviation equation, ΔGexp is the experimental binding free energy and ΔGcalc is 

the calculated binding free energy for each protein-ligand system.  Regression can also be used 

to compare the raw score of the scoring function to the fitted score by adjusting the raw score 

through regression, but not using the weighting coefficients on the individual terms. 
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Results and Discussion 

It is difficult to create a scoring function because it can be difficult to select appropriate 

terms to use in the scoring function.  In the following, several different possible variables and 

scoring function components will be examined and compared to experimental binding free 

energies.  This procedure will produce the best components for use in the scoring function while 

also providing details on important considerations for the scoring function.  We will also 

examine the use of MLR weights to see the influence this statistical method will have on the 

predictions. 

Use of ESCF Versus Total Energy 

In the case of QM/MM an important consideration is whether to use the total energy of 

the system or only the QM region’s energy, ESCF.  The ESCF energy encompasses only the 

energy of the QM region, including all the changes in the electronic terms associated with 

binding, while the total energy encompasses the ESCF energy as well as the MM energy terms, 

such as bond and angle terms.  Either of these terms may be appropriate to describe protein-

ligand binding and their affect on binding affinity prediction must be examined to determine the 

best one to use.  Figure 4-4 shows the unadjusted calculated binding free energy versus 

experimental binding free energy for both the total energy (diamonds) and the ESCF energy 

(squares). 

In this case there is only a slight improvement between the ESCF energy and the total 

energy.  The square of the correlation coefficient for the total energy is 0.601 with a standard 

deviation of 1.98 kcal/mol while the square of the correlation coefficient for the ESCF energy is 

0.608 with a standard deviation of 1.97 kcal/mol.  These binding affinities were calculated after 

two minimization runs with a non-bond cutoff of 100 Å.  It can be argued that only the ESCF 

energy is essential in a QM/MM scoring function because the most detail is focused on the area 
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of greatest interest.  Since the active site and ligand, when present, is defined as the QM region it 

can be assumed that the greatest electronic changes will be situated locally within the QM 

region, and a QM/MM method will capture these because there will not be much polarization of 

atoms out of the first shell of the protein.  Including the total energy of the protein may have no 

effect, or lower the predictive ability of a scoring function as random movements unassociated to 

binding may occur in the MM region introducing spurious energy terms to the total energy.  

These terms may originate especially at the outside of the protein, which will have the least 

affect on protein-ligand binding, assuming these motions are unnecessary for binding which is a 

whole different issue.  These distant changes may reduce the predictive ability through a false 

steric or long range interaction.  For this reason it may be prudent to disregard the total energy of 

the protein in favor of using just the ESCF energy of the smaller QM region.  Using just the 

ESCF can also present the argument that the interaction energy is a purely physical term and is 

not based on molecular mechanics parameters, which are largely empirical.  Another possible 

explanation for this very minor discrepancy is that the total energy already includes the ESCF 

energy, and the additional terms involved in the total energy may not contain much more 

information useful for binding affinity prediction.  In this case there seems to be little difference 

between using ESCF energy and total energy, but all of these proteins are relatively small and it 

may become a more important consideration to monitor for larger proteins. 

Importance of Long-Range Cutoff 

Another important consideration that may not be readily apparent is the effect of the long 

range non-bond cutoff.  Atoms throughout the protein may affect the electronic distribution of 

the active site and ligand which may in turn enhance or inhibit protein-ligand binding to some 

degree.  It is important to remember and account for this when calculating the binding free 

energy of the protein-ligand complexes.  The binding affinity of the protein set was calculated 
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using the scoring function with two steps of minimization, the ESCF energy and a cutoff of 10 

and 100 Å.  Figure 4-5 demonstrates the performance of the function at predicting binding 

affinities dependent on the cutoff assigned. 

The long-range cutoff has a large impact on the predictive ability of the scoring function.  

Using a cutoff, for both the QM and MM regions, of 10 Å gives a correlation coefficient squared 

of 0.39 with a standard deviation of 2.46 kcal/mol.  However, using a much larger cutoff of 100 

Å yields a squared correlation coefficient of 0.61 with a standard deviation of 1.97 kcal/mol.  For 

these systems this cutoff includes the entire protein in the non-bond cutoff calculation.  It can be 

seen in Fig 4-4 that there is an outlier in the prediction, representing PDB ID 7cpa, whose error is 

increased when considering the short cutoff distance.  This QM/MM scoring function provides 

poor predictions for this compound in all variants without fitting.  This complex is calculated to 

have the highest interaction energy in vacuum, but was found to be the strongest binder 

experimentally.  This may indicate the importance of an accurate vacuum energy calculation in 

binding affinity predictions.  This is partially corrected by a larger interaction cutoff, but could 

perhaps be improved through more geometry minimization or a more rigorous minimization 

algorithm.  Upon removal of this outlier the square of the correlation coefficient increases to 

0.60, approximately the same as the long-range cutoff with the outlier, from 0.39.  Removing the 

outlier from the data set with a long-rang cutoff, the correlation increases to 0.66.  Removal of 

this outlier results in a standard deviation of 1.80 kcal/mol for the 10Å cutoff and 1.66 for the 

100Å cutoff. 

The importance of long-range cutoffs is well known and appears to be no less important 

in binding affinity calculations than molecular dynamics simulations, though periodic 

interactions are still difficult and expensive to model.155  This is another advantage of the 
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QM/MM method over a purely force field based method.  The MM region’s electronic effects 

from the static charges can still be included in the calculation to affect the QM region’s electron 

density without greatly increasing the overall cost.  This allows the QM region to be influenced 

by some of the polarization from the outer region, which in turn gives a more accurate 

description of the electronic configuration in the active site when the ligand is bound and 

unbound.  This may cause certain intermolecular interactions to become more pronounced, such 

as hydrogen bonding, and a QM/MM method will allow this effect to be captured where a force 

field based method would have to estimate this contribution or skip it entirely. 

Affect of Minimization on Binding Affinity 

In these calculations the protein, ligand and protein-ligand complex are minimized with 

the QM/MM method in AMBER.  This takes advantage of the built-in steepest decent and 

conjugate gradient minimizers already present.  The starting geometries have the hydrogens 

minimized while the heavy atoms are held fixed, but the rest of the protein structure is that of the 

crystal structure saved in the PDB.  The crystal structure is produced to minimize overlap 

without hydrogens, but is still a rough approximation of the overall protein structure at room 

temperature.  Minimizing the protein lets the QM and MM regions relax in their molecular 

environment, lowering the overall energy of the protein and providing a good starting point for 

QM/MM calculations.  These QM/MM minimizations also relax the ligand in and out of 

complexation giving a better idea of structural changes in the ligand than performing a single 

point calculation.  Minimization also makes it possible to properly calculate the vibrational 

frequencies of the ligand by relaxing it and removing all of the negative frequencies.  The 

predictive ability of the scoring function on unminimized structures was also examined.  In these 

structures the heavy atoms are directly from the PDB while the protons are added with leap and 

allowed to minimize.  From these structures the vacuum interaction energy, solvation free energy 
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and solvation entropy are calculated.  For these structures the vibrational entropy component was 

estimated using the number of rotational bonds in the ligand, assigning a 1 kcal/mol penalty to 

each bond.  The number of rotatable bonds is used here because using the vibrational frequencies 

without minimization would result in mostly imaginary frequencies and not provide an accurate 

representation of the actual entropy change. 

Using the best parameters found above, namely the ESCF energy and a long range cutoff 

of 100 Å, the predictive ability of the scoring function was tested depending on how many steps 

of minimization were done, each set comprising a 500 step steepest decent followed by a 

maximum 1500 step conjugate gradient minimization.  The results of this, using total energy for 

the heat of interaction, can be seen in Fig. 4-6 while the results using the ESCF energy can be 

seen in Fig. 4-7, both of which are raw sums and not fit.  The number of minimization steps used 

has an interesting effect on the predictive ability of the scoring function.  If the total energy of 

the protein is used, one step of minimization results in a squared correlation coefficient of 0.49 

with a standard deviation of 2.24 kcal/mol.  Performing two minimization steps and using the 

total energy of the system increases the squared correlation coefficient to 0.60 with a standard 

deviation of 1.98 kcal/mol.  Using the ESCF energy, the correlation increases to 0.60 for one 

minimization step and to 0.61 for two minimization steps, while the standard deviations are 2.00 

kcal/mol and 1.97 respectively.  The results of these predictions using structures without 

minimization and the vibrational entropy estimated by the number of rotatable bonds gives a 

correlation of 0.20 with a standard deviation of 2.80 kcal/mol.  This poor correlation is due 

mainly to the complex in 1bn1 which gives a positive ESCF energy, making this a very large 

outlier in the prediction.  This is probably due to the structure of the protein deposited in the 

PDB and even a short minimization of 10 steepest decent steps on each protein increases the 
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correlation prediction to 0.29 with 1bn1 remaining and outlier, but not by as wide of a margin.  

Table 4-3 compiles the results of each of these minimization runs for easier comparison. 

The use of the total energy for the heat of interaction term results in a large difference in 

the correlations.  The minimization steps allow the protein to relax, and including all of the 

atoms in determining the heat of interaction may lead to spurious results as including more atoms 

in a minimization makes it more difficult to determine the best configuration.  The total energy 

may also be less suitable at one minimization step because residues at the protein exterior may 

have more difficulty fully relaxing because of all the degrees of freedom involved whereas 

additional minimization steps will allow the protein to more fully relax.  These results suggest 

that using the total energy, but only performing one round of minimization may be inappropriate 

to properly describe intermolecular interactions between the protein and ligand.  The correlation 

for the ESCF energy suggests that the QM region is sufficiently minimized after one 

minimization step.  This may be because the QM forces are more accurate than the MM forces, 

even considering the QM/MM boundary.  Using the ESCF energy also excludes atoms away 

from the active site, which have little geometric impact on protein-ligand binding, from the heat 

of interaction term of the scoring function and removes some of the potential complications from 

using the total energy.   

It is interesting to note that the ESCF correlation coefficient far exceeds the total energy 

coefficient for one minimization step, but the two binding affinity correlations are quite close for 

two minimization steps.  This suggests that using the ESCF energy is an adequate measure of the 

heat of interaction and that a single minimization may be appropriate to predict binding affinities 

to save time.  While this was examined above, the results are more profound here when 

comparing different levels of minimization, and validate the use of the ESCF energy for the heat 
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of interaction component of the scoring function.  Another consideration in this matter is the time 

savings, since the aim of these scoring functions is to screen large numbers of protein-ligand 

complexes.  Using one minimization cycle would obviously save time over performing two 

cycles, so the ability to accurately calculate binding affinity at one minimization cycle is an 

important consideration.  Clearly, Table 4-3 demonstrates that using the total energy of the 

system at one cycle is not as predictive as the ESCF energy while there is minimal difference 

between one and two cycles for the ESCF energy.  Therefore, it is acceptable to use one 

minimization cycle when using the ESCF energy of the system, resulting in a large time saving 

and avoidance of potential problems over using the total energy. 

Binding Affinity Predictions Through MLR 

The binding affinity of the 23 zinc containing proteins was calculated using Equation 4-6.  

The components of the scoring function were calculated by the best representations as 

determined above.  In this case, the ESCF energy was used for the heat of interaction, a long 

range cutoff of 100 Å and, for thoroughness, two minimization cycles even though one was 

shown to be adequate.  For these binding affinity predictions, CM1 charges were used in the 

SCRF solvation calculation.  The results of the binding affinity calculation predictions can be 

seen in Fig 4-7.  The scoring function was able to predict the general trend of the binding affinity 

for these 23 zinc proteins.  As in the work by Raha, the scoring function was tested with and 

without fitting any of the individual contributions using MLR.  Figure 4-8 demonstrates the 

results of both the simple sum and the fitted function.  Using the MLR method the different 

components of the scoring function can be fit to better predict the binding affinity, as described 

above. 

These results show promise for this mixed quantum mechanics/molecular mechanics 

method to be used in predictions of binding affinity to include a large region of the active site in 
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a semi-empirical Hamiltonian.  Calculating the binding affinities of these zinc metalloproteins 

yields an R2 of 0.61 with a standard deviation of 1.97kcal/mol, without any fitting, demonstrating 

that this method has good predictive ability for this set.  The predictive ability of this method has 

also been examined by weighting the different components of the scoring function through 

multiple linear regression, as mentioned above.  Upon fitting, the R2 increases to 0.75 with a 

standard deviation of only 1.56 kcal/mol.  This fitting gives a weighting coefficient to each term 

of the scoring function for each protein-ligand complex.  These are good results for the method 

with and without fitting and are at least partially due to the ability of the method to capture 

electronic effects in the active site, where they will change the most upon ligand binding.  This 

ability is especially pertinent in metalloenzymes where a force field method will have extreme 

difficulty capturing these effects.  Parameters will either have to be derived for the metal ions 

and small molecules, which is very time consuming and will still not accurately capture 

electronic effects, or estimations must be made to take the polarization into account for a broad 

set of ligands. 

 It is useful to compare the predictive abilities of this QM/MM study with those of the full 

QM study performed by Raha and Merz.33  Both of these were done using a semi-empirical 

Hamiltonian on the same set of metalloenzymes.  This comparison will allow us to assess the 

QM/MM method’s predictive ability in comparison to the full QM method, and determine if this 

might be a viable method.  Raha and Merz reported the results without fitting and by fitting the 

solvation entropy term in the scoring function and calculated a correlation of 0.69 without fitting, 

while they report a higher correlation of 0.8 when using MLR on the surface area term.  The 

QM/MM method here obtains a correlation of 0.75 using MLR fitting for all the terms, which is 

fairly close to the full QM predictive ability, while the predictions without fitting yield a 
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correlation of 0.61.  Unsurprisingly, the QM/MM method does not do as well as the full QM 

method, but it is encouraging that it is competitive, especially when considering a cost-benefit 

analysis.  The correlations and standard deviations of these two studies are compiled in Table 4-

4. 

 When performing the full minimization cycle as outlined above, the QM/MM method is 

more expensive than the QM method for this set.  This is an important consideration because the 

purpose of the method is to perform more cheaply than the full QM method while giving 

comparable results.  For this set, all of the proteins being studied are relatively small, therefore 

including the entire protein in a linear scaling semi-empirical calculation is not completely cost 

prohibitive.  In addition, the QM/MM method has additional overhead accompanying it due to 

memory manipulation to add and place the link atoms and their coordinates in the proper places 

in the arrays.  This involves moving large amounts of data in an array, which is a quite slow 

process, but only needs to be done on the first run.  The benefit of the QM/MM method will 

become more profound as the size of the protein and protein-ligand complex increase, and more 

savings will be realized when using the QM/MM method on these larger systems.   

 The full QM method implemented by Raha also made use of a single point calculation, 

with no minimization of the entire protein, to predict binding affinities with reasonable accuracy, 

in order to cut computation time.  Performing a single point calculation on the starting structure 

using the QM/MM method provides a large time savings versus the full QM method as these 

calculations only take a few minutes, whereas the full QM method takes a few hours.  In the 

QM/MM and full QM calculations the solvation term is quite expensive compared to the single 

point calculations, but the QM/MM method is still quicker when considering the vacuum and 

solvation terms.  Predicting the binding affinity from the starting structure without fitting only 
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provides a correlation coefficient of 0.29 with a standard deviation of 2.65 kcal/mol.  This does 

not provide good predictive ability, especially when compared to the full QM method or the 

QM/MM method after minimization.  However, when fitting through MLR the correlation 

increases to 0.73 for the single point QM/MM calculations with a standard deviation of 1.62, 

which almost as good as the fully minimized correlation and close to the full QM’s correlation.  

It is worth noting that these correlations were obtained using the vibrational entropy component 

from the fully minimized structures to estimate the entropy component present in the other 

calculations.  This is because calculating vibrational frequencies of unminimized structures 

would result in negative frequencies, giving unreliable vibrational entropy results.  This result is 

produced in less time than the full QM calculation and this time difference will only increase as 

the proteins being studied become larger.  This promising result shows that for a large set it may 

be beneficial to use the QM/MM MLR fit single point ESCF energy in predicting binding 

affinities because it is cheaper than the full QM and minimized QM/MM methods and provides 

comparable results.  A potential problem for this method is the calculation of vibrational 

frequencies since the ligand will not be minimized and negative frequencies may be encountered.  

This can potentially be overcome by using the number of rotatable bonds as an estimate of 

vibrational entropy, instead of calculating it through normal mode analysis. 

 It is also instructive to examine the contribution of each individual component to the 

overall calculated binding affinity.  Through these examinations, potentially important 

interactions and the terms related to them, can be determined and potentially used to improve the 

scoring function’s predictive ability.  Table 4-5 shows the contribution of each term after MLR 

weighting is applied.  In the table ΔGvac is the vacuum heat of interaction from the ESCF 

energies, ΔGsolv is the solvent free energy calculated from the QM/MM PB method, ΔSsolv is the 
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solvent entropy derived from the solvent accessible surface area and TΔSvib is the contribution of 

the vibrational entropy change to the free energy.  It can be seen that the largest contributor to 

the binding affinity is the solvent entropy.  This energy is gained when the ligand binds to the 

protein and displaces the water molecules that are present.  This term roughly correlates to the 

size of the ligand involved as the larger the ligand the more water is displaced.  This finding is 

similar to the conclusions drawn by Coi et al when performing binding affinity calculations using 

MD snapshots.168  It is also interesting to note that the TΔSvib contributes an average signed 

penalty of 0.03 kcal/mol while the unsigned average contribution is 0.5 kcal/mol.  This 

represents the penalty to binding from losing translational and rotational degrees of freedom.  

These degrees of freedom are transferred into new vibrational modes within the ligand which 

somewhat compensates for this penalty.  While a change of 0.5 kcal/mol may not appear to be 

much, it can change the predicted binding affinity of a ligand significantly and have a large 

influence on the method’s predictive ability. 

Vibrational Contribution to Binding Affinity 

In general, as a way to accelerate these calculations, the vibrational entropy component is 

ignored completely or roughly estimated.  This component is added to scoring functions to 

account for the loss of translational and rotational degrees of freedom within the ligand upon 

binding.  It has been found that a good estimate can be achieved using the number of rotatable 

bonds in the ligand48,49 or the change in the number of freely rotatable bonds on the ligand and 

protein based on solvent exposure.15,33,169  These two methods used to estimate vibrational 

entropy are extremely quick, as the number of rotatable bonds is easily calculated, but are not 

always as accurate as desired and do not necessarily reflect actual properties of the ligand.  In 

this situation a compromise must again be made between accuracy and computation time to 

decide if this estimate is accurate enough. 
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To account for this term in this scoring function the vibrational frequencies of some or all 

of the QM atoms can be calculated.  This provides a more physical representation of what is 

happening upon ligand binding than a simple count of the rotatable bonds in the ligand.  It also 

provides the additional advantage of calculating the frequencies in the field of the entire protein, 

allowing potential long range interactions to influence the results.  As mentioned above, due to 

limitations in the minimization scheme used imaginary frequencies were found upon normal 

mode analysis.  These imaginary frequencies were more prevalent for larger QM regions, but 

still composed only a very small portion of the overall frequencies calculated; subsequently all 

imaginary frequencies were left out of the vibrational entropy calculations.  Excluding these 

frequencies, may leave out important low mode contributions, but can still provide a good 

estimate of the vibrational entropy change associated with binding.  The previous sections used 

the vibrational entropy calculated from the entire QM region.  These frequencies capture effects 

in both the ligand and the protein’s active site where all of the vibrational change will occur from 

binding.  While the most accurate, this method is also the most expensive because the active site 

and ligand must be fully minimized.  This method may work for small proteins or small QM 

regions, but may prove to be much more difficult and time consuming for larger proteins or QM 

regions as more atoms are included in the calculation.  It is for these reasons that this section will 

examine various ways of calculating this vibrational entropy component and the impact they 

have on the scoring function’s predictive ability. 

Ligand only vibrations 

An alternative afforded by this QM/MM method is to calculate the vibrational 

frequencies of just the ligand, as successfully applied by Grater et al.60  In this calculation the 

entire protein is frozen and the vibrational frequencies of the ligand, in the electronic field of the 

protein, are calculated giving the frequencies of just the ligand in complex.  These frequencies 
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are then compared to those calculated for the ligand alone to find the change in vibrational 

entropy upon ligand binding.  Since the ligand will be a more manageable size than the entire 

QM region, this makes the minimization requirement easier to meet, as well as reducing the 

number of atoms whose frequencies need to be calculated.  These predictions are made with the 

same criteria as above, using the two step minimization and the ESCF energy of the QM region 

while varying the manner in which the frequencies are calculated.  In the case of these 23 zinc 

metalloenzymes, using the frequency of just the ligand results in a correlation coefficient of 0.60 

with a standard deviation of 1.98 kcal/mol without fitting.  This can be compared to the results of 

the PHVA of the entire QM region which yielded results of 0.61 with a standard deviation of 

1.97 kcal/mol.  With fitting, the correlation coefficient of the ligand only vibrations increases to 

0.70 with a standard deviation of 1.73 kcal/mol while the frequencies of the full QM region yield 

a correlation of 0.75 and a standard deviation of 1.56 kcal/mol.  These fitted results provide a 

wider gap in the predictive ability than without fitting, showing that the extra information 

obtained from a full QM PHVA might provide more insight into the protein-ligand binding.  

Specifically, capturing the entropy changes of the residues in the active site provides more 

information on the total entropy change of complexation.  However, these results must be viewed 

in terms of a cost-benefit analysis as calculating the vibrational frequencies can be quite 

expensive.   

In order to save time, it might be well worth a slight reduction in correlation, especially if 

the protein or ligand being studied is large.  Table 4-6 shows the time needed to calculate the 

vibrational frequencies of the protein-ligand complex using the entire QM region and the ligand 

only approach.  From this table it can be seen that using the ligand only approach greatly reduces 

the time necessary to calculate the vibrational entropy component of the scoring function.  While 
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the resultant prediction might not be quite as accurate, the time savings will more than likely be 

worth a slight reduction unless the protein-ligand binding is particularly difficult to model.  The 

range of vibrational entropies calculated here closely match those from Schwarzl et al.5 with a 

minimum of -9.85 kcal/mol and a maximum of 1.44 kcal/mol.  The ligands in this study contain 

more rotatable bonds than those used in the study by Schwarzl, accounting for the larger range of 

entropies found here.  Including the protein’s vibrational entropy change moves the range of 

values to a minimum of -13.91 kcal/mol to a maximum of 4.91 kcal/mol.  The appearance of this 

penalty in these vibrational calculations indicates a penalty of binding incurred due to loss of 

vibrational degrees of freedom in protein side chains.  This is similar to the degrees of freedom 

lost in the ligand, but cannot be fully recovered with the ligand’s new vibrational degrees of 

freedom, often leading to an overall binding penalty depending on the size of the ligand and 

composition of side chains. 

It is also worth noting that the calculation time listed is that necessary for just one 

component of the vibrational entropy.  When including the protein’s QM region in the 

vibrational analysis an additional calculation must be undertaken to calculate the frequencies of 

the protein without the ligand and the ligand alone, which are additional steps that are quite 

expensive.  These proteins are also relatively small, with small QM regions, so the time would 

only increase even more with larger QM regions as the number of QM atoms increases.  This is 

an important consideration in the use of this scoring function, and could easily be modified to 

include the entire QM region frequencies or those of the ligand alone depending on the 

computational resources available and the amount of detail required.  Overall, this analysis 

indicates that using the vibrations of the ligand alone may be enough to produce a good 

correlation, but more accuracy can be gained using the frequencies of the entire QM region.   
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Use of rotatable bond estimate 

As mentioned above, it is fairly common to use the number of rotatable bonds to estimate 

the vibrational entropy penalty.  The use of this estimate was also examined in this study by 

counting the number of rotatable bonds on the ligand using the Autotors tool from AutoDock.7  

After counting the number of rotatable bonds on the ligand, it was assumed that each of these 

bonds would be held fixed upon binding and each bond was responsible for 1 kcal/mol, 

representing the conformational degrees of freedom lost on complexation.  Using this estimate 

the binding affinities for this set were calculated and can be seen in Fig. 4-9.  These calculations 

resulted in a correlation coefficient of 0.59 and a standard deviation of 2.00 kcal/mol without 

fitting.  The correlation increases to 0.69 and the standard deviation decreases to 1.74 kcal/mol 

with fitting.  Again, the results without fitting are close to the results obtained by calculating the 

frequencies of the entire QM region, while the results with fitting are slightly worse than those 

calculated using only the ligand frequency analysis.  This is an interesting result, confirming that 

using the number of rotatable bonds in the ligand as an estimate of the conformational entropy 

change may be sufficient to capture its effect on the predictive ability of this scoring function.  

The rotatable bond method may be used instead of a frequency calculation in order to save time 

if, for example, the ligand or data set are particularly large.  It is also interesting to note that, at 

least for this set of 23 ligands, the number of rotatable bonds correlates with the vibrational 

entropy of the ligand calculated by DivCon with a correlation coefficient of 0.81, as seen in Fig. 

4-10.  This presents more evidence that using the number of rotatable bonds may in fact be an 

acceptable estimate for the vibrational entropy of the ligand, and this can be capitalized upon to 

reduce the time down from several hours for a full QM region vibrational calculation to a few 

seconds for the number of rotatable bonds if desired. 
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Charge Analysis 

 An advantage of a full quantum or QM/MM method for these binding affinity 

calculations is that a QM method will be able to capture polarization and charge transfer (CT) 

effects.  Polarization is generally considered an intramolecular term, representing the internal 

rearrangement of electrons, whereas charge transfer is an intermolecular term, which is an 

external source’s electronic effects on the protein.  In the case of binding CT has been shown to 

play an important role, and it is an interesting exercise to determine the degree of CT that occurs 

upon binding.  When using a classical method, this term would generally be missed or estimated 

with a parameterized term or monopole approximation, but a QM method allows the CT and 

polarization to have a more physical affect on the binding of the ligand.  These CT effects can be 

especially relevant in a metalloenzyme complex due to the nature of metal ions and their bonds.  

Table 4-7 presents the charge transfer that occurs to the ligand, in vacuum, when binding to the 

protein while Table 4-8 shows the same charge transfer in implicit solution.  

The table shows the charge transfer to the ligand involved in the binding process.  CT 

was shown to contribute significantly to the interaction energy when solvating a protein, and it 

can safely be assumed that this is also an important factor in protein-ligand binding.  Most of the 

carbonic anhydrase inhibitors gain approximately 0.9 electrons upon binding when considering 

the CM1 charges, with the exception being 1am6 which only gains 0.71.  This is probably 

because the inhibitor for 1am6 is significantly smaller than most of the other CA inhibitors and 

therefore has fewer atoms to pick up and distribute electronic influences.  For the 

carboxypeptidase proteins the ligands give up some of their charge to the protein in all cases but 

3cpa.  This is due to the nature of the ligands, the ligand for 3cpa has a neutral charge while the 

rest of the compounds have a negative charge, and therefore an abundance of electrons to donate 

to the protein.  Comparing the vacuum and solution charge transfer effects one can see there is 
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very little difference.  More than likely this is due, not to the fact that there is little charge 

transfer difference in solution, but to the fact that this is an implicit solvation model.  Implicit 

models do not allow hydrogen bonding networks to establish, as would happen in an explicit 

model, and therefore may end up being less accurate for charge transfer effects.  In both cases, 

this is a significant change in the electron distribution of the ligand and can have serious affects 

on the interactions between the ligand and the protein.  A standard molecular mechanics model 

would not be able to properly represent these, while a higher level QM method would better 

capture the effects, but become much too costly.  This semi-empirical QM/MM method provides 

a compromise for capturing CT effects, allowing them to be included while keeping the overall 

cost reasonable. 

Conclusions 

We have presented a QM/MM method to calculate the binding free energy of protein-

ligand complexes.  This method takes advantage of the linear scaling nature of DivCon to 

include a large number of atoms near the ligand in the semi-empirical QM region.  This allows 

electronic effects which would be missed in a classical calculation, such as polarization and 

charge transfer, to be properly represented while keeping the computational cost low enough to 

be performed on a large library of protein-ligand complexes.  This approach was successful at 

predicting the binding free energies of a set of 23 Zn metalloenzymes.  The function performs 

well without any fitting, but through multiple linear regression the function can be fit to 

experimental data and the predictive performance increases greatly from a correlation coefficient 

squared of 0.57 to 0.77 respectively.  This may only be the case within a single protein family, 

and an overall set of weights for general use may be necessary as in empirical scoring functions, 

but it shows that the method has potential.  This method also takes into account the vibrational 

entropy change of the ligand upon binding.  The QM/MM method allows a unique perspective 
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on this in that a normal mode analysis can be conducted in the field of the protein’s charges 

while charges further from the ligand remain fixed.  This gives a more accurate representation of 

the vibrational modes available to the ligand, and therefore a more accurate representation of the 

vibrational entropy contribution to the overall binding affinity of the complex. 

The contributions of various parameters for the binding affinity were also examined 

including long range cutoff and the use of the total energy of the system versus the QM energy 

for the heat of interaction.  These studies indicated that the long range cutoff used makes a 

significant difference in the predicted binding affinity.  This may be more pronounced in a 

QM/MM calculation than a purely classical calculation because the electronic effects of atoms 

far from the active site may influence the ligand.  It was also found that the use of the ESCF 

energy to calculate the heat of interaction was preferable to the use of the total energy of the 

system, mainly to eliminate potential sources of error.  Using the ESCF energy the number of 

minimization steps does not make as much of an impact, whereas increased minimization cycles 

improve the predictive ability of the function when using the total energy.  This may be due to 

the smaller QM region being able to minimize itself in fewer steps than the entire protein.  Also, 

the total energy takes into account the movements and interaction of the surface residues, which 

may be quite mobile and difficult to minimize, where the residues considered in the QM region 

generally have much less exposure to the solvent.   

 Although the scoring function presented is relatively good at predicting the binding 

affinities of these Zn metalloenzymes, there is room for improvement.  Depending on the 

acceptable costs, a larger QM region can easily be chosen.  This will provide a second shell of 

residues to interact with the ligand in the QM region, giving a better idea of the electronic effects 

involved in binding.  Not only will this present a better representation of the charge transfer to 
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and from the ligand, it will allow a better picture of the polarization due to the protein 

environment.  This could easily be implemented in the current AMBER QM/MM method, and 

thanks to the linear scaling nature may not be cost prohibitive depending on the systems 

examined and computational resources available. 

Another improvement could be made in the solvent model implemented.  While the 

Poisson-Boltzmann method is an excellent implicit model, an explicit solvent model would 

permit a better representation of the protein and ligand interactions with solvent.  As it is, no 

charge transfer between the solute and the solvent can take place with the implicit model and an 

explicit model would allow a better representation.  Explicit solvent would also allow modeling 

of hydrogen bonding networks in and around the active site, which might influence the strength 

of the protein-ligand interaction and provide better results for more polar proteins and ligands.  

This comes at a cost, however, as including explicit solvent adds a lot of atoms to the calculation 

and a lot more QM/MM interactions to be considered.   

 Finally, a simple, but more expensive, way to potentially improve this scoring function is 

to perform sampling of the systems being studied.  For this study a single protein, ligand and 

complex structure was considered following minimization.  However, this is hardly the true 

nature of a protein, which is always in motion, and these motions affect the ability of the ligand 

to bind.  It is possible for a molecular dynamics simulation to be performed on the systems of 

interest with various snapshots being taken as the simulation progresses.  This will provide 

several different conformations of the systems and provide an idea of some of the motions 

involved.  Using a purely classical simulation, this might present problems because each ligand 

would need to be parameterized properly, which is quite costly, to accurately model it.  

However, a QM/MM method would allow the parameterization step to be skipped and a QM 
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region could be formulated to make a sampling of the different configurations tractable.  A 

QM/MM simulation could also be constructed to include only the ligand in the QM region, 

allowing the protein to be sampled while removing the parameterization needs of the ligand.  

Such sampling increases the cost greatly, however, as separate binding affinity calculations must 

be performed on each snapshot produced from the simulation.  This may prove to be beneficial 

enough to be worth it, but the cost would have to be further studied.  Overall, the QM/MM 

scoring method presents good predictive trends at a palatable cost, but does present some areas 

for future improvement. 
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Figure 4-1.  Simple representation of a QM/MM calculation.  The QM area (pink) extends 5 Å 
from the ligand while the rest of the protein (blue) is treated with a molecular 
mechanics force field. 
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Figure 4-2.  Graphical representation of QM/MM partitioning scheme.  The area in brackets 
represents the QM region.  A) The rough QM region with a PRO residue at the 
boundary, and cuts the peptide bonds between the C and N.  B) The refined structure 
which extends the QM boundary to include the PRO residue and moves the boundary 
to cut the C-CA bond to avoid spurious polarization at the boundary. 
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Table 4-1.  Number of atoms in the QM region for the protein, ligand and protein-ligand 
complex for each of the metalloenzymes. 

PDB ID Protein Ligand Complex 
1a42 210 44 250
1am6 190 10 196
1bcd 210 10 216
1bn1 210 35 241
1bn3 210 35 241
1bn4 210 36 242
1bnn 210 37 243
1bnq 210 41 247
1bnt 210 38 244
1bnu 210 34 240
1bnv 210 42 248
1bnw 210 29 235
1cbx 160 25 182
1cil 210 35 241
1cim 210 29 235
1cin 210 33 239
1cnw 264 51 311
1cnx 210 44 250
1cny 210 64 270
3cpa 123 31 150
6cpa 160 57 214
7cpa 141 73 211
8cpa 123 54 174
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Table 4-2.  PDB ID, resolution (in Å), inhibitor, type and experimental ΔG of the 23 complexes 
used in this study.  CA represents carbonic anhydrase proteins, CPA represents 
carboxypeptidase proteins and the experimental binding free energy was calculated 
from the Ki as (–RTln(Ki)). 

PDB ID Resolution Inhibitor Type ΔG(exp) 
1A42 2.25 Brinzolamide CA -13.66
1AM6 2.1 Methyl-Hydroxamate CA -5.98
1BCD 1.9 Methyl-Sulfonamide CA -5.39
1BN1 2.1 AL5917 CA -12.9
1BN3 2.2 AL6528 CA -13.66
1BN4 2.1 AL5927 CA -12.86
1BNN 2.3 AL7183 CA -13.82
1BNQ 2.4 AL4623 CA -13.11
1BNT 2.15 AL5424 CA -13.54
1BNU 2.15 AL5300 CA -13.4
1BNV 2.4 AL7099 CA -12.12
1BNW 2.25 AL5415 CA -12.54
1CIL 1.6 ETS CA -12.9
1CIM 2.1 PTS CA -12.19
1CIN 2.1 MTS CA -12.06
1CNW 2 EG1 CA -10.67
1CNX 1.9 EG2 CA -10.12
1CNY 2.3 EG3 CA -10.85
1CBX 1.54 L-benzylsuccinate CPA -8.77
3CPA 1.54 GY CPA -5.37
6CPA 1.54 ZAAP(O)F CPA -15.93
7CPA 2 BZ-FVP(O)F CPA -19.3
8CPA 1.54 BZ-AGP(O)f CPA -12.66
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Figure 4-3.  Schematic view of the thermodynamic cycle to calculate binding affinity.  The cycle 
calculates the protein, ligand and complex in vacuum and then transfers them to 
solvent to find the solvation free energy. 
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Figure 4-4. Calculated binding affinity for ESCF and total energy versus the experimental 
binding free energy without fitting.  The squares represent the ESCF energy 
(R2=0.601) and the diamonds represent the total energy (R2=0.608). 
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Figure 4-5.  Calculated versus experimental binding affinities for the zinc proteins to examine 
the effect of long-range cutoff.  The diamonds represent the calculated binding 
affinity with a cutoff of 100 Å (R2=0.61).  The squares represent the calculated 
binding affinity with a cutoff of 10 Å (R2=0.39). 
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Figure 4-6.  Calculated versus experimental binding free energy for one minimization step and 
two minimization steps using the total energy of the protein.  The squares represent 
one minimization step (R2=0.49) and the diamonds represent two steps (R2=0.60). 
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Figure 4-7.  Calculated versus experimental binding free energy for one minimization step and 
two minimization steps using the ESCF energy.  The squares represent one 
minimization step (R2=0.60) and the diamonds represent two minimization steps 
(R2=0.61). 
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Table 4-3.  Square of the correlation coefficients and standard deviations (in kcal/mol) for one 
and two minimization steps using ESCF and Total Energy for the heat of interaction. 

Method Correlation Coefficient Std. Dev (kcal/mol) 

Total Energy   1 step 0.49 2.24

ESCF Energy 1 step 0.60 2.00

Total Energy   2 steps 0.60 1.98

ESCF Energy 2 steps 0.61 1.97
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Figure 4-8.  Calculated vs. experimental ΔG of binding for the 23 zinc protein-ligand complexes.  
Pink squares represent the binding affinity calculated without any fitting to 
experimental data (R2=0.61).  Blue diamonds represent calculated binding affinity 
after fitting components of the scoring function using MLR (R2=0.75). 
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Table 4-4.  Comparison of squared correlation coefficients and standard deviations between Full 
QM results from Raha33 and QM/MM method described here. 

Method Correlation Coefficient Standard Deviation 

QM/MM no fitting 0.61 1.97

Full QM no fitting 0.69 1.50

QM/MM fitting 0.75 1.56

Full QM fitting 0.80 1.18
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Table 4-5.  Breakdown of each component in the scoring function for each protein after MLR 
weighting. All units in kcal/mol. 

PDB ID ∆G(exp) ∆G(calc) ΔGvac ΔGsolv ΔSsolv T∆Svib 
1a42 -13.66 -14.38 -1.94 1.24 -14.92 -0.14 
1am6 -5.98 -7.07 -1.83 0.68 -6.36 -0.52 
1bcd -5.39 -4.45 -1.77 0.93 -5.41 0.22 
1bn1 -12.90 -10.93 -1.58 1.47 -12.07 -0.03 
1bn3 -13.66 -12.50 -0.40 0.24 -12.61 -0.82 
1bn4 -12.86 -11.55 -2.06 1.25 -11.57 -0.33 
1bnn -13.82 -13.90 -2.06 1.04 -13.24 -0.77 
1bnq -13.11 -14.00 -1.86 1.23 -14.93 0.13 
1bnt -13.54 -11.29 -1.91 1.02 -12.30 0.25 
1bnu -13.40 -13.36 -2.07 1.34 -13.67 -0.18 
1bnv -12.12 -12.81 -2.13 1.74 -13.48 -0.29 
1bnw -12.54 -12.06 -1.87 1.15 -11.83 -0.43 
1cbx -8.77 -10.52 -2.17 1.90 -10.16 -0.22 
1cil -12.90 -12.85 -1.70 0.58 -12.74 -0.19 
1cim -12.19 -11.58 -1.75 -0.08 -9.60 -0.85 
1cin -12.06 -10.54 -0.64 1.21 -12.81 0.38 
1cnw -10.67 -11.53 -0.34 0.21 -14.20 1.09 
1cnx -10.12 -11.36 -0.59 0.59 -12.94 0.32 
1cny -10.85 -12.45 -0.21 0.27 -13.53 -0.05 
3cpa -5.37 -7.30 -0.89 0.97 -11.30 1.29 
6cpa -15.93 -14.02 -0.57 1.10 -18.13 2.42 
7cpa -19.30 -17.06 0.19 0.99 -17.74 -0.59 
8cpa -12.66 -16.26 -0.68 1.15 -17.14 -0.02 
Average     -1.34 0.97 -12.72 0.03 
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Table 4-6.  Time, in minutes, to calculate the QM region and the ligand only vibrational 
frequencies with the QM/MM method for the protein-ligand complex. 

PDB ID QM Region Ligand Only 
1a42 868.54 8.94
1am6 416.45 0.37
1bcd 580.17 0.44
1bn1 804.06 29.05
1bn3 802.76 6.50
1bn4 794.45 6.74
1bnn 818.37 8.38
1bnq 825.55 8.09
1bnt 846.12 7.30
1bnu 785.09 10.03
1bnv 857.38 10.12
1bnw 735.04 5.76
1cbx 378.02 3.43
1cil 797.64 5.57
1cim 721.65 6.68
1cin 759.12 5.96
1cnw 1614.17 18.85
1cnx 866.89 13.80
1cny 1074.23 34.21
3cpa 199.51 4.97
6cpa 576.84 18.70
7cpa 555.22 33.83
8cpa 302.63 16.84
Average 738.26 11.50
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Figure 4-9. Binding affinity prediction using the number or rotatable bonds on the ligand to 
estimate the vibrational entropy with and without MLR fitting.  Squares represent the 
prediction without fitting (R2=0.59) and the diamonds represent the prediction with 
fitting (R2=0.69). 
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Figure 4-10. Correlation of TΔSvib with the number of rotatable bonds for each ligand in the set 
from ligand only frequency calculations (R2=0.80).
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Table 4-7.  Charge transfer from the protein to the ligand, in electrons, for Mulliken and CM1 
charges in vacuum. 

Protein Type PDB ID Mulliken CM1 
CA 1a42 -0.58 -0.87
CA 1am6 -0.60 -0.71
CA 1bcd -0.66 -0.91
CA 1bn1 -0.69 -0.84
CA 1bn3 -0.55 -0.87
CA 1bn4 -0.59 -0.88
CA 1bnn -0.58 -0.88
CA 1bnq -0.58 -0.87
CA 1bnt -0.58 -0.88
CA 1bnu -0.58 -0.88
CA 1bnv -0.59 -0.88
CA 1bnw -0.58 -0.87
CA 1cil -0.58 -0.87
CA 1cim -0.58 -0.87
CA 1cin -0.60 -0.89
CA 1cnw -0.58 -0.88
CA 1cnx -0.58 -0.88
CA 1cny -0.58 -0.88
CPA 1cbx 0.39 0.38
CPA 3cpa -0.56 -0.61
CPA 6cpa 0.43 0.41
CPA 7cpa 0.47 0.45
CPA 8cpa 0.27 0.26
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Table 4-8.  Charge transfer from the protein to the ligand, in electrons, for Mulliken and CM1 

charges in solution. 
Protein Type PDB ID Mulliken CM1 
CA 1a42 -0.57 -0.87
CA 1am6 -0.60 -0.72
CA 1bcd -0.64 -0.91
CA 1bn1 -0.68 -0.84
CA 1bn3 -0.58 -0.88
CA 1bn4 -0.58 -0.88
CA 1bnn -0.58 -0.88
CA 1bnq -0.57 -0.87
CA 1bnt -0.58 -0.88
CA 1bnu -0.58 -0.88
CA 1bnv -0.57 -0.87
CA 1bnw -0.58 -0.87
CA 1cil -0.57 -0.87
CA 1cim -0.57 -0.87
CA 1cin -0.61 -0.90
CA 1cnw -0.58 -0.88
CA 1cnx -0.58 -0.88
CA 1cny -0.58 -0.88
CPA 1cbx 0.37 0.35
CPA 3cpa -0.56 -0.61
CPA 6cpa 0.43 0.41
CPA 7cpa 0.49 0.46
CPA 8cpa 0.27 0.26
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CHAPTER 5 
DISCOVERY OF A NOVEL INHIBITOR OF A UBIQUITIN SPECIFIC PROTEASE USING 

VIRTUAL SCREENING 

Introduction 

Ubiquitin(Ub) is a relatively small protein of 76 amino acids that is somehow involved in 

most aspects of eukaryotic biology.170    The ubiquitin protein is highly conserved throughout 

eukaryotes, meaning that its sequence is largely identical in every organism, and is generally 

known for its role in protein degradation by the proteasome, but is involved in many different 

processes.171-173  These processes include signal transduction, transport across the plasma 

membrane, growth control and many others.  A defect in ubiquitin or ubiquitin-like(Ubl) protein 

regulation manifests itself in diseases such as developmental problems, heart disease and 

cancer.174-177  The ubiquitin protein is classically seen as a precursor to protein degradation.  It 

behaves as a marker that binds covalently to a protein, which tags it for destruction by the 

proteasome.178  Many viruses take advantage of this ubiquitin binding process to overcome cell 

defenses by redirection Ub binding to antiviral proteins.179  It has also been noted to signal 

destruction of membrane proteins, so it has potential for a cell wide marker independent of 

protein structure.   

The process of attaching ubiquitin covalently to a protein is extremely complicated.  This 

cycle involves at least three enzymes and three steps.180  The first step is an initial activation step 

by a protein called E1.  This is a Ubl specific enzyme that activates the C-terminus of the Ubl.  

This is done in two steps and results in a E1-Ubl thiol ester which prepares the Ub for the final 

reaction.  The next step is processed by the E2 enzyme which transfers the Ubl from E1 to E2.  

The E2 family is very large and it is thought that this size helps to diversify ubiquitination 

specificity.181  The final step in ubiquitination involves the E3 protein.  The E3 protein is an 
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extremely diverse collection of enzymes, which allows Ub to have a wide variety of intercellular 

applications.182  E3 acts as a bridge between E2 and the substrate to be ubiquitinated, thus 

allowing the transfer of Ub to the target protein.  A more detailed description of the 

ubiquitination process is provided by Pickart and Eddins.181  The final result of this process is the 

formation of an amide bond between a lysine on the target protein and the terminal glycine of 

ubiquitin or a ubiquitin oligomer.  It is the number of ubiquitin monomers attached to the protein 

and how they are attached to each other that determine its next step.183  An oligomer chain of 

four or more Ub units targets the protein for degradation, while attaching one Ub unit may have 

no effect.184  Also, attaching the Ub units to different lysine residues on the adjacent Ub results 

in functional differences between oligomer chains.185,186  There are also many ubiquitin-like(Ubl) 

proteins that have been identified that change larger protein behavior through bonding.175,187-189  

Once the proper Ub oligomer is bound to the target protein, the target is taken to the 

proteasome for degradation.  Here, the protein is broken into short peptide chains, but the 

attached Ub monomers are spared and recycled resulting in a long life cycle.190,191  This removal 

is done by a class of proteins called deubiquitinating enzymes (DUBs) before proteolysis of the 

protein.180  It is important that deubiquitination occurs at the correct time; otherwise the protein 

substrate may not have been committed to proteolysis yet, and therefore may not be broken 

down.  This results in a negative regulation of protein degradation, where proteins that should be 

destroyed are not, and may cause many problems down stream as they continue their function.192  

However, it is important that deubiquitination occur to keep Ub levels within the cell at 

appropriate concentrations.180 

There are several different classes of DUBs which cleave the ubiquitin covalent bond 

after the terminal carbonyl of the last ubiquitin residue.193  Most of the DUB families are 
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cysteine proteases and a few are metalloproteases.179  We will focus on a cysteine protease 

family named ubiquitin specific protease (USP), specifically Herpesvirus-associated Ubiquitin-

specific Protease (HAUSP)/USP7.183  We focus on USP7 because it has been implicated as a 

therapeutic target for cancer through regulation of a cell signaling pathway.194,195  USP7 is 

composed of three domains called the finger, thumb and palm as seen in Figure 5-1.  Ubiquitin 

binds in a large pocket created between the three domains.  The catalytic area of the protein lies 

between the Palm and the Thumb with a channel running to the catalytic triad from the Ub 

binding pocket. 

The cysteine protease families all contain two well conserved motifs which contain a 

catalytic triad as well as other well conserved residues in the active site.196  This catalytic triad is 

composed of a cysteine, a histidine and an aspartate which polarizes the histadine.197  The 

cysteine in the triad is responsible for breaking the amide bond formed by Ub by undergoing 

nucleophilic attack on the carbonyl.197  This creates an oxyanion which is stabilized by the 

surrounding residues, reacts with water and eventually results in the release of free enzyme and 

Ub.  Structures for USP7 with Ub bound and unbound are available from the PDB.  These 

structures show a large conformational change in the catalytic triad of USP7 upon Ub binding 

which can be seen in Figure 5-2.  In this figure the unbound USP7 structure is colored green, the 

Ub bound structure is colored orange and the ubiquitin itself is colored light blue.  A large shift 

in the catalytic cysteine is noted, as it moves 5.1Ǻ upon Ub binding.  This allows it to be in 

proximity to H464, along with H464 shifting slightly, so that it can be stabilized by this 

interaction.  Upon Ub binding D481 also shifts very slightly and rotates to accommodate a 

stronger hydrogen bonding interaction, allowing more polarization of the histidine residue.  

These conformational changes occur with little effect on the rest of the protein and may help 
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account for the specificity of USP7.  Hu et al. have noted that this catalytic triad must be 

conserved to retain function and that mutation of any residue in the triad eliminates its ability to 

cleave Ub.183  They also noted that there are two key hydrogen bonding residues on the surface 

largely responsible for successfully docking Ub.  These residues, H456 and D295, form 

hydrogen bonds to the Ub tail and mutation of either residue results in undetectable activity of 

USP7.  There are also two highly conserved residues near the active site channel, R408 and 

F409, which form a hydrophobic pocket to stabilize Leucine residues from ubiquitin.  This entire 

process results in the destruction of a protein while releasing a ubiquitin to be recycled.  This 

entire process is important for regulation and several other cellular mechanisms and can be the 

root cause of many different cellular problems. 

 Drug design based off of a known target is discussed in detail above.  However, knowing 

the target does not mean that determination of an active ligand will be easy.  Earlier, individual 

databases to screen would have to be built requiring careful screening, much computational 

effort and a very large infrastructure.  To facilitate discovery and remove a large initial barrier, 

large databases of compounds have been constructed academically and commercially.  These 

readily available large databases remove this barrier to SBDD, eliminating the need for the 

infrastructure and expertise required to build and maintain smaller databases for individual use.  

The Zinc Is Not Commercial (ZINC) database8 is a large, free database consisting of over 8 

million compounds.  These compounds are ready for use in different formats containing different 

tautomers with an internet based interface.  These compounds are easily used in a variety of 

programs with little to no conversion required.  Often the compounds are from smaller sets and 

are identified as such and broken into subsets making it easier to isolate and use only individual 

subsets.  Another advantage of ZINC is that all of the compounds contained in the database are 
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commercially available.  This removes the problem of having a good binder that is hard to obtain 

or synthesize and can speed discovery by eliminating this step.  ZINC is often used in virtual 

screening to provide the compound library and has been successfully used to identify inhibitors 

of many different targets.198,199 

 There are many programs that are commonly used for virtual screening which use 

different scoring functions and algorithms to rank ligands.  This is where the aforementioned 

databases are used, to provide the ligands of interest to the docking programs.  These programs 

fit the ligands into the chosen site on the protein target.  DOCK does this by attempting to fit the 

ligand into a negative image of the binding site.  As a preprocessing step spheres are fit into the 

binding site and the ligand is fit into the spheres.  DOCK 4.0 includes a method to incorporate 

ligand flexibility into the docking calculation through an anchor and grow algorithm.29  This, 

along with a parallel processing capability, makes DOCK very quick for each ligand allowing 

large databases of compounds to be screened efficiently.  Another commonly used program is 

AutoDock.7  AutoDock builds a precalculated grid of pairwise interaction energies to be used 

during the scoring.  It then uses a genetic algorithm to optimize the ligand in the active site and 

scores the ligands with an empirical scoring function, as discussed above.  Any of these methods 

will result in a ranked list of ligands in various conformations, one or more of which may 

provide at least a starting point for drug design applications. 

 Below we will detail a virtual screening effort that uses the methods mentioned above.  

We have used a cysteine protease DUB as the target for virtual screening with an unknown 

active site.  Blind docking in AutoDock was used to identify potential binding sites for ligands.  

The sites identified through AutoDock were then examined and experimental mutagenic data 

was used to verify our identification of putative binding sites.  After identifying putative binding 
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sites with blind docking and experimental evidence a database of approximately 64 thousand 

ligands was screened against the target using DOCK.  Following this, the top 250 ligands from 

DOCK were secondarily screened against the target using AutoDock.  These ligands were 

individually examined for favorable contacts and to determine if experimentally determined 

residues important for ubiquitin binding were blocked.  The top 50 compounds were then tested 

experimentally in the assay described by Nicholson et al.200 to determine if they bound to the 

target DUB as well as blocked Ub binding.  Of these two were identified to bind to ubiquitin 

stronger than a reporter enzyme and one was able to successfully block ubiquitin cleavage at a 

low micromolar concentration. 

Methods 

In order to perform accurate virtual screening there is some preparation that must be 

accomplished.  Proteins from the PDB do not have hydrogen atoms, so they must be added 

somehow.  Also, an area of interest, usually an active site, must be chosen to try to fit the ligands 

into.  If an active site is not known, one must be identified using various methods such as blind 

docking28,201,202 or DOCK’s sphere builder.24  Once the structure is prepared and the active site 

identified the virtual screening can proceed to identify potential compounds for the target. 

CADD Screening 

The crystal structure of HAUSP/USP7183 was obtained for this investigation.  There are 

several USP7 structures available in the PDB with different substrates bound, but we chose the 

structure with Ub bound (PDB ID 1NBF).  The following steps were used to identify ligands 

with a high probability of binding to USP7.  First, the protein was prepared as described below.  

Following this, a potential active site was identified for ligand binding and used in the docking 

studies.  A relatively small subset of approximately 63,000 compounds was taken from the ZINC 

database representing the drug-like molecules available in the commercial Maybridge database.  
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These compounds were scored in DOCK, followed by an AutoDock ranking on the top 250 hits.  

These hits were examined individually for favorable interactions, and 40 were tested 

experimentally for IC50 values. 

Preparation of Protein Structure 

The crystal structure of HAUSP/USP7 with ubiquitin bound (PDB ID 1NBF), obtained 

from the PDB, was truncated.  In the original structure each asymmetric unit contains two USP7-

Ubiquitin aldehyde (Ubal) complexes.  Ubal is ubiquitin with the C-terminal carboxylate 

replaced by an aldehyde and is used as an inhibitor of DUBs because it forms a covalent bond 

with the catalytic cysteine.  One of the two USP7-Ubal structures was discarded and water and 

Ubal were removed from the remaining structure.  Hydrogen atoms were then added using 

standard residue definitions defined by leap within AMBER.75  Leap contains a library of 

standard residues and their protonation states.  Using this library the residues from the crystal 

structure have protons assigned to the heavy atoms and place the according to the standard 

definitions.  This allows standard protons to be added in a simple manner to the protein, while 

more complex protonation states, such as histidine, must be considered more carefully.  Charges 

were added to the protein using Chimera’s203,204 “dock prep” option, while the protonation state 

of histidine residues was determined by hand based on the surrounding environment.  The dock 

prep option performs many functions necessary to prepare the target protein for DOCK.  These 

functions include deleting crystallographic solvent molecules, adding protons and adding partial 

charges to the atoms based on standard AMBER atom types.  Specifically, the histidine involved 

in the catalytic triad was protonated on the epsilon carbon, to allow the hydrogen transfer step of 

the reaction to occur.  These charges and this structure were used throughout in all DOCK and 

AutoDock calculations. 
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Identification of Binding Site 

A probable binding site was identified using two methods.  The first method was use of 

the sphere generator from DOCK29 along with knowledge of potentially important residues on 

the target protein.  These residues included the catalytic triad as well as the hydrophobic pocket, 

R408 and F409, and the necessary hydrogen bonders H456 and D295 because mutation of these 

residues inhibits activity it was assumed that blocking hydrogen bonding to these residues will 

also inhibit activity because the Ub chain will not be properly held to the DUB.  Blocking the 

active site and the channel leading to the active site was also assumed to inhibit activity because 

the Ub chain cannot access the catalytic triad.  Blockage of the catalytic triad was also examined 

so that the cysteine protease mechanism could not occur, and therefore would inhibit DUB 

activity.  The hydrophobic pocket was targeted as a way to stabilize the interactions of potential 

ligands with the DUB and also provided a deep cavity for the ligand to bind.  First the hydrogen 

atoms were removed to calculated the Connolly solvent accessible surface205 using the DMS 

subroutine packaged with DOCK.29  This uses a probe of 1.4Ǻ, approximately the size of a water 

molecule, to find the surface of the protein and generate vectors normal to that surface.  Next, 

SPHGEN, packaged with DOCK, was used to build spheres of various sizes between 1.4Ǻ-4.0Ǻ 

with the normal vectors calculated previously ending in the center of the sphere.  The program 

then filtered all of these spheres to keep only the large sphere associated with each surface atom 

and ultimately creating a negative image of the protein.  After these spheres were generated, 

spheres within 10Ǻ of the catalytic triad were selected for inclusion in the DOCK calculations, 

which can be seen in Figure 5-3. 

 An attempt to confirm the active site produced from SPHGEN was made by using the 

blind docking method suggested by Hetenyi et al.202  This method builds a coarse grid of 

precalculated protein interactions over the protein’s surface within AutoDock.  Finer grids are 
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advantageous, but coarse grids have also proved accurate enough to identify putative binding 

sites.201,202  Using this grid an attempt to dock a ligand in an unknown conformation to an 

unknown active site is done in order to identify the active site.  We used this method on an 

experimentally strong binding ligand in order to identify the probable binding site.  AutoDock is 

extremely reliable and its parameter set from the AMBER force field, genetic algorithm and 

scoring function combination make it well suited for blind docking.201 

Hetenyi et al use a grid spacing of  0.55Ǻ to successfully locate binding sites for both 

rigid and flexible ligands.  Here, a grid spacing of 0.497Ǻ was used in generating the coarse grid 

with AutoGrid for the entire protein.  Following grid generating, the torsions of the ligand were 

generated with the AUTOTORS module, with no frozen rotatable bonds.  The Lamarckian 

genetic algorithm (LGA) and pseudo-Solis and Wets methods were used to minimize the ligands 

using the default parameters, except as follows.  The maximum number of energy evaluations 

was set to 25 million, the population size was set to 200 and the number of runs was set to 150.  

To test the identified binding site a grid was constructed with a grid spacing of 0.336Ǻ to include 

all regions identified through blind docking.  The docking procedure for this test was much 

shorter and less extensive with only 50 GA runs, 2.5 millions energy evaluations and a 

population size of 150.  All other parameters for the fine grid docking of the ligand were the 

same as those of the coarse grid. 

Screening Protocol 

The program DOCK 6.16 was used to screen a database of approximately 63,000 

compounds from the ZINC database8 as described below.  Spheres were created to represent the 

solvent accessible surface area, as described above, and used to define the docking site on the 

protein.  Interaction energies were determined based off of the grid method169,206 using a grid 

with dimensions of 38x37x41 Ǻ 3 based on placing the edge of the grid 8Ǻ away from the 
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spheres.  Scoring was done using both the van der Waals and electrostatic energy calculated by 

DOCK.  Screening was done using flexible ligands based on the anchor-and-grow algorithm 

within DOCK.9  These ligands were then minimized using a simplex minimizer within DOCK 

using default parameters except 1000 maximum orientations and 20 atoms for the minimum 

anchor size.  DOCK was then run in a parallel computation over 30 processors to score and rank 

each ligand against the target protein. 

Following DOCK ranking on the set of approximately 63,000 ligands an AutoDock run 

was performed on the top 250 compounds as ranked by DOCK.  This is an attempt to narrow the 

selection of potential ligands using DOCK, which has better scaling and parallel algorithms, and 

then perform more rigorous docking using AutoDock on the top ranked hits.  The target binding 

site for AutoDock was obtained using blind docking and sphere methods mentioned above.  

Once the site was identified a grid was built to include all potential binding sites.  The grid 

spacing was finer than that of blind docking, 0.375 Ǻ, to account for more potential interactions.  

The receptor was held fixed while the ligands were allowed to be flexible around bonds 

identified as rotatable by AUTOTORS using the Lamarckian genetic algorithm.  LGA adds a 

local minimization of the ligand to the genetic algorithm which allows modifications of the 

ligand to enter the gene population.  For each ligand in the set a random starting position and 

conformation was used.  Along with this, 75 dockings, a population size of 200, 10 million 

energy evaluations, 2 Ǻ translational step size, 50 Ǻ torsion step, mutation rate of 0.02 and a 

crossover rate of 0.8 were used.  Final structures from AutoDock were clustered with a tolerance 

of 2.0 Ǻ root-mean-square deviation (RMSD).  Following docking, the binding modes were 

visualized individually.  The top 32 compounds plus eight that appeared to have favorable 

interactions with the hydrophobic pocket were selected for the inhibition assay. 

135 



 

Preparation of Dataset 

The ligands screened against USP7 were obtained from the ZINC database.8  This 

resulted in ligands with charges already added and determined to be “drug like”, saving time in 

creating a compound library.  The subset of ZINC from the vendor Maybridge was used so that 

the compounds could quickly and easily be identified, obtained and screened experimentally.  

Zinc derives its partial atomic charges from AMSOL207 and includes them in the structure files.  

This eliminates the expense of calculating charges for each ligand and saves a lot of time.  This 

resulted in approximately 63,000 compounds, a few of which were the same molecule in 

different conformations.  These different conformations were also included in the DOCK and 

AutoDock calculations, but should have no impact on results.  This library was then used in the 

DOCK calculations as described above, allowing a compound library to be assembled very 

quickly. 

Results and Discussion 

Identification of Potential Active Site 

Before a library of ligands can be docked to a compound a binding site must be 

identified.  This binding site is typically at the active site of the protein and blocks protein 

activity by preventing the natural target from binding.  The binding site is usually identified from 

a crystal structure with a ligand bound, but such a complex is not available for every crystal 

structure.  Therefore, sometimes a binding site must be determined computationally using blind 

docking methods. 

Sphere clustering 

For a first pass the SPHGEN routine from DOCK was used.  This is a very quick 

calculation and needs to be done in order to proceed with a DOCK calculation, so it was an 

obvious first choice.  This routine maps spheres into pockets on the protein surface, as discussed 
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above, and can give hints to potential binding sites by clearly identifying cavities on the surface.  

This is not an extremely accurate method, but can give a starting point for docking calculations.  

Also, if there is an area of interest to specifically target this method can be used to provide 

additional evidence for the site by confirming the presence of a cavity in which a ligand may fit.  

Spheres were generated for USP7 as described above.  The sphere clusters were then visualized 

on the surface of the protein to see potential binding sites.  After the spheres were calculated they 

were clustered into large clusters based on the number of spheres in the cluster.  Typically the 

largest cluster indicates the active site, but sometimes that is not completely accurate.  The 

sphere calculations for the first cluster of spheres showed a large group of spheres immediately 

adjacent to the active site channel.  This indicates a pocket where a ligand may bind and block 

the channel, potentially preventing ubiquitin from being cleaved.  The second cluster indicated 

another large invagination on the opposite side of the binding channel from the first, which has 

been identified as the hydrophobic pocket, according to Hu et al.183  The remainder of the 

spheres from the calculation were scattered over the surface of the protein individually or in very 

small groups showing few places for a ligand to bind.  The first and second major clusters of 

spheres were combined, along with other spheres within 10Ǻ of the catalytic triad, to give the 

DOCK target sites, seen in Fig. 5-3.  

The spheres indicated in Fig. 5-3 appear to be promising for blocking Ub binding as well 

as strongly binding the USP7.  There are two pockets for a ligand to bind into that could block 

the active site channel or even prevent Ub from binding due to steric interference with the 

protein.  Along with this, the hydrophobic pocket, which contains two very highly conserved 

residues among seven proteins of this family, indicating their importance in binding Ub is 

included in these spheres.  Also, near this hydrophobic pocket and leading into the active site 
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channel are the hydrogen bonding residues H456 and D295, which could easily be blocked by a 

ligand binding in either of these two pockets.  Included in these spheres are a few small groups 

that directly block the catalytic triad as well as a few individual spheres.  However, it is doubtful 

that these play as important a role as blocking Ub binding through blocking of any of the 

aforementioned interactions, but were included in the DOCK calculations for completeness. 

After the spheres were generated and chosen, DOCK was run using a single ligand, 

ZINC107402 seen in Fig. 5-4.  This was done to determine if the spheres suggested by DOCK 

would be acceptable upon visual inspection and could be anticipated to possibly block USP7’s 

catalytic function, thereby validating the target site chosen by DOCK.  The result of this docking 

can be seen in Fig. 5-5.  The ligand is in green sticks, the highly conserved residues R408 and 

F409 that compose part of the hydrophobic pocket are magenta, the essential hydrogen bonders 

H456 and D295 are colored red and the C-terminal of the Ubal is light blue.  Upon inspection the 

ligand is seen to have a conjugated ring that is intruding into the hydrophobic pocket.  The ligand 

also clearly blocks the channel leading to the catalytic triad as well as blocking H456 and 

possibly interacting with D295, which would interfere with Ub hydrogen bonding.  This would 

affect ubiquitin’s ability to bond to USP7, eliminating at least one of the essential hydrogen 

bonds for activity and possibly inhibiting hydrogen bond formation with the other essential 

residue.  This ligand would also block ubiquitin access to the hydrophobic pocket, which 

stabilizes two leucine residues on the ubiquitin protein, possibly preventing Ub binding.  Also, 

the hydrophobic pocket is composed of a phenylalanine that is present in all 7 members of the 

family examined by Hu et al.183 as well several other residues that contain conjugated rings 

which may contribute to stabilizing the ligand through pi-stacking interactions.  Overall, based 
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on this docking and other information, this selection of spheres was deemed appropriate to where 

the ligand should bind to inhibit the activity of USP7 deubiquitination. 

AutoDock blind docking 

As a check on the identification of the active site through SPHGEN, AutoDock was 

employed.  Sphere generation within DOCK finds pockets on the surface of the target, but does 

not take into account any form of favorable or unfavorable interaction between protein and 

ligand.  This can be rectified using AutoDock by building a grid encompassing the entire protein 

and trying to dock the ligand over the whole surface.  AutoDock will allow protein-ligand 

interactions to be included in considering the active site as well as different ligand 

conformations, whereas the sphere generation knows nothing of the ligand at all.  A coarse grid 

reduces the number of grid points, and therefore the calculation time, but also reduces the 

accuracy of the docking.  For the purposes of blind docking a relatively coarse grid is used to 

save time, as the entire protein is included in the calculation, but not overly coarse.  To use 

AutoDock for blind docking a ligand must be provided that is known to bind to the protein.  In 

this instance a ligand with an experimentally measured IC50 of approximately 1μM was used.  

This ligand was included in a small set of approximately 40 ligands to experimentally screen 

against USP7 as a first attempt at finding a ligand before virtual screening was utilized and 

presented the best binding affinity of the set.   

Blind docking was carried out as described in the previous section.  Hetenyi and van der 

Spoel carried out an extensive evaluation of blind docking using various genetic algorithm 

parameters within AutoDock.  They found that three parameters, population size, number of 

energy evaluations and the number of trials have the biggest influence on correctly identifying 

the docking site.  They validate this by performing blind docking on ligands with a crystal 

structure of the complex and comparing the blind results to the crystal structure.  The above 
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parameters are at or above the recommended values by Hetenyi and van der Spoel and are used 

to identify the binding site of this ligand. 

The results of the blind docking calculation in AutoDock can be seen in Figure 5-6.  

AutoDock clusters ligands based on conformational similarity, then creates a histogram of the 

clusters by energy.  In this case the similarity had to be within 2Ǻ to create a cluster.  These 

clusters are often used to select a ligand in AutoDock, over pure energy ranking, because it 

means that a large number of genetic algorithm runs were finding similar binding modes.  The 

position of the largest cluster is shown in purple in Fig. 5-6.  In Fig. 5-6 the positions of the 

highly conserved residues are shown in magenta, the essential hydrogen bonders in red and the 

Ubal in light blue.  The ligand from this cluster occupies one of the shallow pockets identified by 

SPHGEN adjacent to the catalytic triad channel.  This pocket is also occupied by a ligand from 

the fourth largest cluster, in blue, which is in a slightly different conformation than the ligand 

from the largest cluster.  In the current binding modes neither of these seem to either inhibit Ub 

binding or block the active site channel, so the viability of this pocket is in question.  The third 

ligand present in Fig. 5-6, in red, is from a cluster that’s also fourth largest in size, but is lower in 

energy than the blue ligand.  This ligand occupies a very shallow series of bumps on the protein 

surface near the hydrophobic pocket unidentified by SPHGEN.  This ligand would sterically 

interrupt Ub binding, but would not affect the protein’s mechanism if Ub could take a slightly 

different conformation.  Clusters two and three were on the opposite side of the protein from UB 

bind and the catalytic triad and were therefore disregarded because any mode of potential 

inhibition from these binding modes would most likely be due to conformational changes in the 

protein, which cannot easily be accurately modeled through virtual screening.  These results 
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from a coarse grid confirm the spheres generated by SPHGEN for the shallow pocket near the 

catalytic triad channel. 

An attempt to validate the blind docking results from AutoDock was carried out, as with 

the results of SPHGEN with DOCK.  A finer, smaller grid was used on the protein to encompass 

both sites indicated by blind docking within AutoDock.  A finer grid will allow a more accurate 

docking because more interaction points are calculated, but will increase computation time by 

increasing the number of points.  This is countered by making the grid smaller and only 

calculating points on specific areas of interest to keep the overall number of grid points lower.  

The AutoDock calculation with a finer grid was carried out with ZINC107402 and Fig. 5-7 

shows the results of the two largest clusters.  The largest cluster is in blue and the lowest energy 

cluster is in green.  The highly conserved hydrophobic residues are in magenta, the essential 

hydrogen bonders are in red and the Ubal is in light blue again.  The binding modes of these 

molecules both involve interactions in the hydrophobic pocket and, as above for the DOCK 

calculation, may block the important hydrogen bonding residues as well as the catalytic triad 

channel.  The largest cluster’s binding mode is very similar to the binding mode from DOCK, 

with the conjugated ring interacting with the hydrophobic pocket and its conjugated ring 

residues.  It also adopts a conformation that seems to effectively block the active site channel.  

However, in the lowest energy cluster the trifluorinated carbon is in the hydrophobic pocket 

while the ring structure is blocking the active site channel.  It is also interesting to note that, even 

though the grid contained the binding site above the hydrophobic pocket, as indicated by blind 

docking, there is only one small cluster occupying that binding site and it has the highest energy 

of all the clusters.  There are a few clusters that occupy the shallow pocket adjacent to the 

hydrophobic pocket, but most interact with the pocket and only one is above it.  This suggests 

141 



 

that perhaps a finer grid is needed to properly capture whatever important interactions are 

occurring in the hydrophobic pocket to rank the ligands appropriately. 

Testing of the Putative Binding Site 

As an initial test of the chosen binding target two ligands were docked to USP7 that had 

experimental percent inhibitions and IC50 values.  These ligands were from an experimental 

screen of a very small ligand library done before virtual screening began, so experimental results 

were immediately available, and these ligands were not used to determine the target site in blind 

docking.  The ligands used, ZINC1637098 and ZINC1636516, are seen in Fig. 5-8.  These two 

ligands are very similar in structure with the main differences being that ZINC1636516 is 

missing two hydroxyl groups from the phenyl group and has sulfur in place of a carbon in the 

five-membered ring.  These two ligands were used in DOCK and AutoDock to gauge the chosen 

target site.  ZINC1636516 binds more strongly to USP7 and inhibits its activity more than 

ZINC1637098 according to experiment.  Therefore, if this binding site is to be assumed as 

correct, DOCK and AutoDock should predict the same trend for the two ligands.     

DOCK 

The binding mode results from DOCK are seen in Fig. 5-9 with these two ligands while 

Table 5-1 shows the energies.  The terminal benzene ring creates interactions within the 

hydrophobic pocket for both ligands, and they also both block the active site channel.  This 

supports the hypothesis that the hydrophobic pocket is important in stabilizing a ligand to block 

deubiquitination by USP7.  However, DOCK predicts that ZINC1637098, the weaker binder 

experimentally, will be the stronger binder.  There is only a 3% energy difference between the 

two binding energies.  This may be due to a slightly incorrect conformation from DOCK’s 

anchor-and-grow algorithm.  In any case, the very small difference in binding energy was not 
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enough to discourage use of this binding site for docking.  The interactions of the ligands with 

the hydrophobic pocket also add to the argument that this target site is appropriate. 

AutoDock 

The same ligands used above were also docked into USP7 using AutoDock.  This was 

done to gauge the appropriateness of the target site as well as the grid size used.  For these 10 

million energy evaluations, 100 runs and a population size of 200 were used.  As before, it is 

expected that AutoDock’s ranked list should show ZINC1637098 as having a higher energy, and 

therefore being a weaker binder than ZINC1636516.   

Tables 5-2 and 5-3 show the results of the docking calculation and Figs. 5-10 and 5-11 

show the binding modes generated by AutoDock with the largest cluster in blue and the lowest 

energy in green.  The energies of the lowest energy compounds from AutoDock are only 0.35 

kcal/mol different, but are reversed from what is expected from experiments.  This tight margin 

may be due to a simple error in the docking or lack of sampling and again is not taken as a 

dismissal of this binding site.  Another reason not to discount this binding site is that the lowest 

energy has a very small cluster size and often the largest cluster of ligands is used instead of the 

lowest energy due to the fact that, unless the largest cluster and lowest energy are the same, the 

clusters give information on how likely a given binding mode is, so the ligand with the lowest 

energy is not necessarily the most likely binder, especially when the energies are within a 

standard deviation of the AutoDock force field (2.5 kcal/mol).  In these cases it is common to use 

the largest cluster data instead of the lowest energy as the predicted binding mode.50,208,209  In 

any case, the lowest energy mode for this ligand has interactions within the hydrophobic pocket.  

The presence of two polar hydroxyl groups may render these interactions more unfavorable and 

therefore contribute to its lower binding affinity.  The binding mode of the largest cluster for 

ZINC1637098 is above the hydrophobic pocket, near the site identified by blind docking of 
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ZINC107402.  This is interesting because it provides evidence towards suggesting that inclusion 

of that area into the target grid selection is valid.  In this mode the ligand forms hydrogen bonds 

to surface residues of the protein, which may stabilize binding.  This position of this ligand may 

affect Ub binding by interfering with the main part of the protein, preventing it from binding to 

USP7.  However, these contacts are very tentative and may be avoidable with a slight change in 

conformation of either Ub or USP7.  This steric interaction may explain why there is inhibition 

from this ligand, but only very weakly. 

Figure 5-11 shows the lowest energy and largest cluster binding modes of ZINC1636516 

from the AutoDock calculations.  These modes are extremely similar, with an RMSD of only 

0.34Ǻ.  Both ligands bind with the benzene ring in the hydrophobic pocket as might be expected 

to stabilize the interaction, and sterically block the active site channel.  The entrance to the active 

site channel is also slightly hydrophobic, so the ring systems can be placed in there and the 

carboxyl groups can be solvent accessible.  In the case of this ligand the cluster size for both the 

largest energy and largest cluster are fairly large, 18 and 22 respectively, and the energies are 

close also.  This is more evidence that the hydrophobic pocket plays an important role in ligand 

binding and adds to the conclusion that this binding site is acceptable for the rest of the study.  

Based on the blind docking results of these two ligands as well as ZINC107402 the binding area 

outlined by the spheres in Fig. 5-4 was accepted and used for the rest of the docking study.   

Inhibitors from Virtual Screening 

Based on the blind docking methods above a putative binding site was chosen for 

HAUSP/USP7 to be targeted for in silico database screening.  The first step of the screen was to 

run DOCK on a database of approximately 63,000 ligands, comprising the Maybridge catalog 

available through ZINC.  This allowed easy access to the compounds so that experimental 

screening could be done easily, quickly and cheaply while providing only “drug like” molecules.  
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The overall score, a combination of van der Waals and electrostatic energy, was used to produce 

a ranked list of the ligands presented for docking.  The top 250 unique ligands from the 

Maybridge library are shown in Fig. 5-12 where Ubal is light blue, USP7 is orange, the 

hydrophobic residues are in magenta and the essential hydrogen bonders are in red.  Ligands that 

are in the library twice as different conformers are included here, but result in identical scores.  

This is due to DOCK’s conformer search algorithm, where multiple conformers of the same 

molecule in the database are given the same conformation by the DOCK algorithm.  This result 

is a good measure of the DOCK algorithm’s reliability because essentially these different 

conformers are the same molecule, and therefore should give you the same binding result.  All 

but one of the ligands take a binding mode that blocks the hydrophobic pocket, essential 

hydrogen bonders or the active site channel.  The one ligand that does not potentially interferes 

with the cysteine protease mechanism by blocking access to the active site or the oxyanion hole 

or may be a false positive.  A large portion of the compounds intrude upon the hydrophobic 

pocket to stabilize binding.  Most of the ligands in the library also block H456, while fewer 

block or interact with D295.  This may be the one of the main reasons behind HAUSP/USP7 

inhibition, according to mutation studies, and may be an important interaction to block to prevent 

deubiquitination of a protein.  Several of these ligands also extend into the active site channel, 

which is slightly hydrophobic.  Extending into this channel might provide more stability to 

binding while preventing the Ub tail from reaching the catalytic triad, thus blocking 

deubiquitination.   

As indicated in the Methods section a secondary screening was performed on the top 250 

compounds from DOCK using AutoDock.  DOCK is better suited for screening very large ligand 

libraries in a parallel capacity while AutoDock can only be run serially and is slower, but more 
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accurate.  Since only approximately 50 compounds were to be tested experimentally the choice 

of ligands had to be narrowed from 63,000 to the top 50.  Once DOCK gave its top ligands 

AutoDock jobs were set up using scripts included with the AutoDockTools program.  The USP7 

structure used in the DOCK calculations was used in the AutoDock study and a grid was set up 

to encompass the hydrophobic pocket, active site channel and a secondary pocket adjacent to the 

hydrophobic pocket.  The compounds were then ranked according to lowest energy in the largest 

cluster.  Fig 5-13 shows the result of the AutoDock calculation on the 250 ligands from DOCK.  

The DOCK and AutoDock structures block the same general area of USP7, namely the 

hydrophobic pocket, essential hydrogen bonders and active site channel.  There also remains a 

high concentration of ligands that extend into the hydrophobic pocket.  There are more ligands 

that extend directly into the active site channel from AutoDock than for DOCK.  However, a 

large difference between DOCK and AutoDock is seen for the ligands in that AutoDock poses 

occupy the secondary pocket much more frequently than DOCK poses.  Also, the structure that 

bound over the catalytic triad is no longer in the same position and is now more involved in the 

anticipated region.  This figure lends more credence to the importance of targeting the 

hydrophobic pocket to block Ub binding.  Not only does this pocket potentially block  Ub 

binding, it provides an area for the ligand to stabilize its interactions and therefore increase 

binding strength. 

Following this docking procedure the rankings from DOCK, AutoDock lowest energy 

and AutoDock lowest energy in the largest cluster were compiled.  The ligands from AutoDock 

were examined individually to check their binding mode within USP7 and identify any 

potentially good binders based on chemical intuition or errors in the docking process that 

resulted in unphysical structures.  From this list 40 ligands were selected to order for 
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experimental testing, eight were selected due to potential favorable interactions upon 

visualization and 32 others from the lowest energy in the largest cluster rankings. 

Analysis of Experimentally Active Compounds 

Using experimental assays200 five compounds were found to have a favorable percent 

inhibition for USP7 over the reporter enzyme used in the assay.  Following a percent inhibition 

study two separate trials were done to determine the IC50 of the ligand with USP7.  The IC50 

value of each ligand on the reported enzyme as well as the target was tested and ligands that 

were stronger binders to the target moved on to the next phase.  In this final phase chains of 

ubiquitin, ranging from 2-7 Ub units, are cut by the target, USP7.  This measures the ligands 

ability to prevent deubiquitination by USP7 and is an excellent test of the inhibitory effects of the 

ligand.  The top five experimental inhibitors can be seen in Table 5-4 along with their screening 

score from DOCK and AutoDock and the average experimental IC50 values from the two trials. 

From Table 5-4 it can be seen that AutoDock predicts the experimental binding free 

energy at this binding site well for most compounds.  AutoDock has one major outlier, 

ZINC623749, which it predicts to be a much stronger binder than it was experimentally 

measured to be.  This may be due to an incorrect binding mode prediction from AutoDock, 

conformer issues from the ZINC database or some experimental issues that may not be 

identifiable.  In any case, AutoDock does fairly well with an R2 of 0.26 for the lowest energy in 

the largest cluster and 0.19 for the lowest energy for the five ligands above.  Removing the 

outlier, AutoDock’s predictive correlation increases to 0.997 for the lowest energy in the largest 

cluster and 0.96 for the lowest energy mode.  This provides at least a starting point for further 

virtual screening calculations, and helps to validate the choice of binding site used.  Since the 

binding site was initially unknown the fact that these predictions match so well helps reinforce 

our active site prediction.   
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DOCK does not do as well at predicting the binding free energies of these ligands as 

AutoDock based on total score.  The importance of DOCK in this study is to narrow the 

compound library from several thousand down to a few hundred, so for this particular 

application its ability to predict is not an absolute necessity.  The differences between DOCK 

scores are only approximately 3% of the total energy so this result is not completely 

discouraging.  It is also of note that it has been suggested using the total score from DOCK is not 

as accurate as using just the van der Waals score.24  In this case, using the van der Waals score 

alone provides a significant increase in the predictive abilities using virtual screening.  There is 

almost no correlation between the total score calculated by DOCK and the experimental binding 

free energies of these five compounds.  However, if the van der Waals score alone is used the 

correlation increases to an R2 of 0.31, which is even better than the prediction given by 

AutoDock.  This may present an argument to use DOCK and the van der Waals score alone in 

this particular study.  This may be used as either a first screen to be passed into AutoDock or 

perhaps even the only method of virtual screening.  Since AutoDock only ranked the top 250 

compounds from DOCK based on total score it is possible that some hits were excluded from 

AutoDock based on DOCK’s total score.  This reranking may provide a simple way to 

recommend more compounds for experimental testing and generate more leads for further drug 

development. 

Figure 5-14 shows the lowest energy in the largest cluster binding modes of the five 

ligands that were experimentally screened.  Two of the ligands reported much stronger binding 

to the target protein, USP7, than to the reporter enzyme.  These two ligands, ZINC12339422 and 

ZINC1036512, were then used in another assay to determine the ability of the ligand to inhibit 

deubiquitination by USP7.  It is interesting to recall the blind docking performed above and 
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examine these binding modes to apply what was learned.  According to these binding modes all 

of the experimentally active ligands clearly block the active site channel.  This leads to the idea 

that preventing deubiquitination can be accomplished by blocking the Ub access to the catalytic 

triad through this channel.  This would prevent the peptide bond to be cleaved access to the 

catalytic triad and therefore stop activity of USP7.  Another interesting feature of these active 

ligands is occupation of the small pocket adjacent to the hydrophobic pocket.  Three of the five 

active ligands occupy this pocket which is slightly hydrophobic.  Ligands making use of this 

pocket must be fairly large to affect deubiquitination, but this pocket provides another potential 

site of stabilization for a possible drug candidate.  ZINC623749 occupies the site identified by 

blind docking above the hydrophobic pocket.  Only a few of the top 250 ligands occupy this site 

and its interesting to see a ligand occupying this site in the top five from experiments.  However, 

even this ligand manages to block potential Ub interactions with the two essential hydrogen 

bonders as well as block the active site channel.  Finally, the strongest binder, ZINC12339422, 

has a benzene ring that extends into the hydrophobic pocket as well as a benzene ring that 

interacts slightly with the hydrophobic active site channel.  There is only one more feature on 

this ligand to form strong interactions, one hydrogen bond forming nitrogen that interacts with 

one of the essential hydrogen bonding residues.  This shows that it may be important to get 

interactions with the hydrophobic pocket to stabilize ligand binding to USP7 and may indicate 

that interactions with they hydrophobic channel are also important to capture.  The poses of 

ZINC12339422 from DOCK and AutoDock can be seen in Figure 5-15 and are very similar.  

Also, upon further testing it was found that this ligand strongly inhibited deubiquitination by 

USP7 so it was not only a strong binder.  ZINC1036512, colored yellow in Figure 5-14, was 

found to be the third strongest inhibitor through experimental assays measuring the ligand’s 
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ability to bind to the target, not inhibit activity.  Upon further testing it was found that while 

AutoDock correctly predicted that it would bind strongly to USP7, it does not strongly inhibit 

deubiquitination.  This is an interesting situation and can provide insight into the mode of action 

of a potential ligand.  Looking at the structure from AutoDock the ligand does not block the 

essential hydrogen bonders or really block the active site channel.  Therefore, it is not surprising 

that this ligand does not inhibit USP7 activity.  This structure may provide more information for 

use of the secondary pocket as a site of ligand stabilization and may be worthy of further 

investigation. 

Conclusions 

The aim of this study was to find novel inhibitors for a new protein target to prevent 

deubiquitination by USP7.  Using a combination of computational identification of the binding 

site with experimental evidence from the crystal structure and mutagenic tests we have provided 

a cogent argument for the binding site chosen.  Following this identification, a two stage virtual 

screening process using DOCK and AutoDock was undertaken to narrow a library of 63 

thousand compounds down to 40 to be experimentally assayed.  From these 40, five of the 

ligands were determined to bind with low micromolar affinity to the target, while one of those 

five was identified as strongly inhibiting activity of the target protein.  While more of the 

compounds may have been able to bind strongly to USP7 or inhibit its activity only two were 

found to bind much more strongly to the target than the reporter enzyme and were therefore 

tested in all available assays.  ZINC12339422, the best inhibitor for USP7 was later found to also 

inhibit another cysteine protease and therefore will not proceed in further testing.  These 

compounds provide a starting point for future structure based drug design studies and provide 

important insights into how a ligand may interact with this protein.   
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In order to further drug development for this target several options are available.  The 

first, and easiest, might be to utilize a larger ligand library.  The Maybridge subset from ZINC 

used in this study consisted of 63 thousand compounds, which might be considered small 

compared to other ligand databases.  A library of compounds might be compiled from various 

available chemical and commercial databases, or the entire ZINC database might be used for 

virtual screening.  This could quickly and easily provide upwards of several million compounds 

to screen, vastly increasing the chemical space screened and providing more potential hits.  A 

second option in this vein is to perform a similarity search based on the current successful hits.  

This will provide structurally similar compounds and provide a library of compounds similar to 

known binders.  This library of binders could then undergo another round of virtual screening or 

be tested experimentally, depending on the size of the library generated.  Using structurally 

similar compounds takes advantage of what was learned from this screening to narrow chemical 

space, while providing more potential structures. 

 Other options for future studies are more involved than extending a database.  Perhaps 

the best option along these lines would be to perform some conformational sampling of the 

target.  The purpose of this is to capture multiple conformations of the target instead of a fixed 

structure as is commonly used.  In such a study the same process as described in this study is 

performed, with the inclusion of screening the top 250 DOCK or AutoDock hits on several 

snapshots from a molecular dynamics simulation.  This provides several different conformations 

for the residues in the protein, ideally the residues near the active site.  This might be especially 

pertinent for this target due to the large conformational change observed upon ubiquitin binding 

as mentioned.  There is also a glutamine residue that bridges the active site channel in the bound 

conformation.  Sampling of this residue might allow new areas for a ligand to access and 
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therefore increase binding affinity, specificity or the number of positive hits.  Another more 

drastic measure would be to locate alternative binding sites that might affect ubiquitin binding.  

As mentioned by Hu et al.183 there are several hydrogen bonding residues in the finger region of 

USP7 that help bind Ub.  It might be possible to target these or other residues in the finger for 

virtual screening and present these for experimental tests to increase specificity.  However, this 

may prove fruitless due to the conserved nature of this family, but it is certainly a possibility.  

Here virtual screening has proven useful to identify successful micromolar inhibitors and using 

these results and further testing a successful drug candidate may yet be discovered. 
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Figure 5-1.  USP7 finger, thumb and palm domains illustrated.183 
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Figure 5-2. Conformational change of catalytic triad upon ubiquitin binding. 
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Figure 5-3.  Generated spheres from SPHGEN for USP7. 
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Figure 5-4.  A) 2D and B) 3D structure of ZINC107402 used for blind docking. 
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Figure 5-5.  Ligand docking position on USP7 using chosen sphere set. 
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Figure 5-6.  Clustered ligand positions from blind docking with a coarse grid in AutoDock. 
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Figure 5-7.  Ligand docking position from fine grid calculation in AutoDock. 
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ZINC1637098 
IC50(μM): >50 
% Inhibition: 27 

A ZINC1636516 
IC50(μM):27 

B % Inhibition: 55 

Figure 5-8.  2D structures of A) ZINC1637098 and B) ZINC1636516. 
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Table 5-1.  van der Waals(VDW), electrostatic(ES) and total score from DOCK for 
ZINC1637098 and ZINC1636516. 

  Score VDW ES EC50(μM) % Inhibition 
ZINC1637098 -48.139 -47.119 -1.020 >50 27
ZINC1636516 -46.380 -45.428 -0.952 27 55
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Figure 5-9.  A) ZINC1637098 binding mode predicted by DOCK.  B) ZINC1636516 binding 
mode predicted by DOCK. 
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Figure 5-10.  Largest cluster(blue) and lowest energy(green) binding modes predicted by 
AutoDock for ZINC1637098. 
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Table 5-2.  AutoDock lowest energy scores and cluster sizes for ZINC1637098 and 
ZINC1636516. 

  AutoDock Score(LE) Number in Cluster EC50(μM) % Inhibition 
ZINC1637098 -6.03 8 >50 27
ZINC1636516 -5.68 18 27 55
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Table 5-3.  AutoDock largest cluster scores and cluster sizes for ZINC1637098 and 

ZINC1636516. 
  AutoDock Score(LC) Number in Cluster EC50(μM) % Inhibition 
ZINC1637098 -4.25 23 >50 27
ZINC1636516 -5.2 22 27 55
 

165 



 

 

 

Figure 5-11.  Largest cluster(blue) and lowest energy(green) binding modes predicted by 
AutoDock for ZINC1636516. 
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Figure 5-12.  Top 250 structures ranked by total interaction energy from DOCK. 
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Figure 5-13.  Top 250 structures ranked by total energy from AutoDock. 
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Table 5-4.  Structures, scores and experimental IC50 values (in µM) of the five active 
compounds selected from virtual screening. 

Chemical Structure and ID DOCK Score AutoDock Score IC50(µM) 
 

Z INC12339422 

-62.91 -5.81 3.72

 

Z INC8618162 

-64.85 -4.60 13

 

Z INC1036512 

-61.80 -4.49 13.7

NH+

NH

S

O

N
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Table 5-4 Continued 
Chemical Structure and ID DOCK Score AutoDock Score IC50(µM) 
 

Z INC623749 

-64.50 -6.08 
14.4

 

Z INC8622547 

-62.41 -4.44 16
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Figure 5-14.  Binding modes of the five experimental hits on USP7.  
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Figure 5-15.  Structure of ZINC12339422 bound to USP7 from AutoDock(blue) and 
DOCK(green). 
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CHAPTER 6 
CONCLUSIONS 

 This chapter provides an overview of the work presented in the dissertation above.  These 

projects represent the utility of various computational methods to study and predict the protein-

ligand binding process.  A combination of computational and experimental progress has allowed 

these detailed studies to progress, improving the drug discovery process along the way. 

 Chapter two discussed the drug discovery process in broad terms.  Several computational 

methods to calculate binding free energy were discussed.  These included different ways of 

scoring protein-ligand interactions including knowledge based and physically based methods.  

Also presented in this chapter was an overview of the virtual screening process to scan a large 

library of small molecules for potential interactions with a specific protein target.  The QM/MM 

method was introduced and described also, including careful selection of the boundary and the 

link atom method to cap the QM region.  Finally, implicit and explicit solvation methods were 

discussed.  These are important for any biological calculation, but their contribution to binding 

free energy especially cannot be ignored. 

 Chapter three discussed the development and validation of a QM/MM solvation method 

implemented in AMBER.  This method allowed an area of interest to be polarized in a solvent’s 

electrostatic field, keeping the remaining area at fixed charge.  This was done using a finite 

difference method Poisson-Boltzmann solver implemented in the semi-empirical linear scaling 

program DivCon.  The purpose of this method was to model solvation of an active site while 

reducing the overall cost by not polarizing all the atoms in the protein or protein-ligand complex.  

Thanks to DivCon’s linear scaling nature this method allowed larger than usual QM regions to 

be considered, up to several hundred atoms, moving the QM/MM boundary further from the area 
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of interest, decreasing errors due to QM/MM approximations.  The method was then validated by 

comparing the solvation energies calculated using the QM/MM method of 20 different 

pentapeptides as well as several small proteins to the solvation energy of the entire protein 

calculated with a full QM method.  The time saved between the two methods was also discussed

 The fourth chapter described the calculation and use of a QM/MM scoring function to 

predict protein-ligand binding free energies.  The function’s aim was to save time over a full QM 

implementation but gain accuracy over a purely classical method.  A QM/MM method allowed 

the polarization and charge transfer of the ligand and protein upon binding to be properly 

captured, something that most scoring functions do not take into account.  The QM/MM function 

was then used to predict the binding affinities of 23 zinc metalloenzymes with and without 

multiple linear regression.  Various possible parameters were tested for the components of the 

scoring function and the results show a good ability to predict binding affinity for these 

metalloenzymes. 

 Chapter five detailed the implementation of DOCK and AutoDock in a virtual screening 

effort to find a lead compound.  A library of small molecules was compiled from the ZINC 

database and screened against the target using DOCK.  Following this the top 250 compounds 

were visually inspected and screened using AutoDock, which has been found to be more 

accurate.  The top 40 were then visually inspected again and experimentally tested, resulting in 5 

low micomolar hits for the target.  These hits were found to provide a good starting point for 

further investigations and several potential extensions of this study were suggested. 

 



 

APPENDIX 
SAMPLE INPUT FILES 

QM/MM Input 

The QM/MM input file is a standard AMBER input file with a few modifications.  The 

ifqnt flag must be set to one to turn on a QM/MM calculation.  The $qmmm section is defined in 

the input to define QM region atoms and specify QM/MM specific keywords.  The qmtheory 

keyword denotes the QM Hamiltonian to use on the QM region.  The next keyword, qmcharge, 

specifies the charge of just the QM region while idc specifies an AMBER, standard DivCon or 

divide and conquer DivCon calculation.  In order to calculate the solvation using the QM/MM 

Poisson-Boltzmann solver in DivCon a simple flag, divpb, must be set to one in the $qmmm 

section.  The presence of this keyword in the AMBER input file and the accompanying keywords 

in the divcon.in file are all that is necessary to implement the solvation calculation.  No 

additional keywords are necessary in the AMBER input in order to perform a vibrational 

analysis. 
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&cntrl 
        imin=1, maxcyc=2000, drms=0.0005, 
        scee=1.2, ntpr=10, ntb=0, cut=100, 
        ifqnt=1, ncyc=500, 
 / 
 $qmmm 
   iqmatoms= 1426, 1427, 1428, 1429, 1430, 1431, 1432, 1433, 1434, 1435, 
             1436, 1437, 1438, 1439, 1440, 1441, 1442, 1443, 1444, 1445, 
             1446, 1463, 1464, 1465, 1466, 1467, 1468, 1469, 1470, 1471, 
             1472, 1473, 1474, 1475, 1476, 1477, 1478, 1479, 1480, 1481, 
             1482, 1483, 1595, 1596, 1597, 1598, 1599, 1600, 1601, 1602, 
             1603, 1604, 1605, 1606, 1607, 1608, 1609, 1610, 1611, 1612, 
             1613, 1811, 1812, 1813, 1814, 1815, 1816, 1817, 1818, 1819, 
             1820, 1821, 1822, 1823, 1824, 1825, 1826, 1827, 1828, 1829, 
             1830, 1831, 3039, 3040, 3041, 3042, 3043, 3044, 3045, 3046, 
             3047, 3048, 3049, 3050, 3051, 3052, 3053, 3054, 3055, 3056, 
             3057, 3058, 3059, 3060, 3061, 3062, 3063, 3064, 3065, 3066, 
             3067, 3068, 3069, 3070, 3071, 3072, 3073, 3074, 3075, 3076, 
             3077, 3078, 3079, 3080, 3081, 3082, 3083, 3084, 3085, 3086, 
             3087, 3088, 3089, 3090, 3091, 3092, 3093, 3094, 3095, 3096, 
             3097, 3098, 3189, 3190, 3191, 3192, 3193, 3194, 3195, 3196, 
             3197, 3198, 3199, 3200, 3201, 3202, 3203, 3204, 3205, 3206, 
             3207, 3208, 3209, 3210, 3211, 3212, 3213, 3214, 3215, 3216, 
             1447, 1448, 1449, 1450, 1451, 1452, 1453, 1454, 1455, 1456, 
             4080, 4081, 4082, 4083, 4084, 4085, 4086, 4087, 4088, 4089 
   qmtheory=2 
   qmcharge=0 
   idc=1 
 / 
Figure A-1.  Sample AMBER input for a QM/MM minimization. 

 
DivCon Input 

A divcon.in file must accompany the AMBER QM/MM input file when performing a 

DivCon calculation.  This file contains keywords specific to DivCon and is read in by the 

DivCon library.  Options here that overlap between the QM/MM and DivCon input, such as 

idc=1 in the QM/MM input and STANDARD in the divcon.in, must match or the program will 

fail. 
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The divcon.in file must also be specified for the solvation and vibration calculations.  The 

addition of a few keywords within the file allows these various types of calculations to be 

performed.  As seen in Fig. A-3, the PB calculation input is similar to the vacuum, but has the 

addition SCRF and DIVPB keywords, instructing DivCon to use its PB solver.  The CM1 

calculation causes the PB solver to use CM1 charges, and the SCALE keyword sets the grid 

spacing to the desired value, in this case 2.5 grid points/Å.  In the case of vibrational frequency 

calculations the FREQ keyword must be set to calculate the frequencies while the THERMO 

keyword calculates the thermodynamic parameters.  In these calculations the convergence 

criteria were also set to values lower than the default values and are specified by DESCF and 

DPSCF for the energy and density convergence respectively.  A sample of the frequency inputs 

can be seen in Fig. A-4.  
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DIRECT CARTESIAN AM1 CHARGE=0.0 & 
STANDARD CUTBOND=100 MAXIT=500 
END_COORD 
Figure A-2.  Sample DivCon input when running a QM/MM vacuum calculation in AMBER. 

DIRECT CARTESIAN AM1 CHARGE=0.0 & 
STANDARD CUTBOND=100 MAXIT=500 
SCRF DIVPB CM1 SCALE=2.5 
Figure A-3.  Sample DivCon input when running a QM/MM Poisson-Boltzmann calculation. 

DIRECT CARTESIAN AM1 CHARGE=0.0 & 
STANDARD CUTBOND=100 MAXIT=500 
FREQ THERMO DESCF=0.000001 DPSCF=0.000001 
Figure A-4.  Sample DivCon input for a frequency calculation. 
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