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LIE: Method and Applications in Drug Design. 

Hugo Gutiérrez-de-Terán and Johan Åqvist 

 

Summary A broad range of computational methods exist for the estimation of ligand-

protein binding affinities. In this chapter we will provide a guide to the linear interaction 

energy (LIE) method for binding free energy calculations, focusing on the drug design 

problem. The method is implemented in combination with molecular dynamics (MD) 

sampling of relevant conformations of the ligands and complexes under consideration. 

The detailed procedure for MD sampling is followed by key notes in order to properly 

analyze such sampling and obtain sufficiently accurate estimations of ligand-binding 

affinities. 

Keywords: Binding free energy; Linear Interaction Energy; Molecular dynamics; 

Structure-based drug design. 
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1 Introduction 

 Structure-based drug design can be viewed as a stepwise process with three 

stages: i) Obtaining structural information about the drug target (usually a protein), 

which can be achieved by experimental methods (i.e. protein crystallography or NMR 

methods) or computational predictions (i.e. homology modelling). ii) Elucidation of 

ligand binding modes, again by either experimental resolution of the structure of 

complexes, or by computational predictions, in this case through the use of docking 

algorithms. iii) The characterization of ligand-binding affinities, and establishment of 

structure-activity relationships that can further guide the ligand-design pipeline. Here, 

pharmacological or biological experiments will provide the relevant measurements of 

ligand dissociation constants (Ki, IC50), while several computational approaches exist 

for the estimation of ligand binding free energies. Indeed, the development of methods 

for the computational estimation of ligand binding affinities is a major challenge within 

the computational chemistry field. 

1.1 Computational estimation of ligand binding affinities 

 The batch of existing computational methods range from simple empirical, 

statistical or knowledge-based scoring functions, to rigorous although computationally 

demanding free energy perturbation (FEP) methods or related statistical mechanical 

approaches. There is an inverse relationship between the speed (or computational cost) 

and the accuracy associated with binding affinity estimations, which must be taken into 

account when selecting the most appropriate method in a structure-based ligand design 

project. Fig. 1 indicates the number of compounds typically processed by different 

affinity prediction methods, represented within the classical virtual screening workflow. 

Binding affinity prediction methods like the linear interaction energy (LIE) or related 

approaches are especially attractive for lead optimization phases, since they offer a good 
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compromise between speed and accuracy. These methods usually rely on a proper 

representation of ligand-receptor interactions by the terms included in a molecular 

mechanics force-field, and consider both solvation and entropic effects. Generally 

speaking, a sampling method such as molecular dynamics (MD) or Monte Carlo (MC) 

simulations is needed in order to generate ensembles of configurations and obtain 

thermodynamic averages from these. However, simplified (and less accurate) versions 

of these methods can be obtained by “single-point” energy minimization of the 

complexes. Other important distinctions between methodologies pertain to the way that 

the solvent is considered (i.e., continuum or explicit treatement) and how the energetics 

of the dissociated state is accounted for. 

1.2 The Linear Interaction Energy method 

 In this chapter, we will concentrate on the applicability and use of the linear 

interaction energy (LIE) method for the computation of absolute ligand-binding 

affinities (1), in the framework of structure-based ligand design projects. The typical 

accuracy of the method shows root-mean-square (RMS) errors from the experimental 

binding free energies of less than ~1 kcal/mol (2, 3), which is better than the average 

performance of scoring functions (2-2.5 kcal/mol) (4). The associated MD sampling of 

the ligand–receptor complexes, which is primarily needed to generate thermodynamic 

averages of the energies, is also useful in order to allow for structural and energetic 

relaxation of the starting structures. This is a major difference compared to the use of 

scoring functions, and offers additional advantages of using the LIE method in the 

ligand-design pipeline. These include, but are not limited to: i) straightforward 

rationalization of the calculated free energies of binding ii) consideration of induced-fit 

effects, iii) an accurate description of ligand-water-receptor interactions, taking into 
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account the mobility of water molecules, iv) further refinement  and scoring of predicted 

docking poses for a given ligand. 

 Since the first applications of the LIE method to proteases (5) and DHFR 

inhibitors (6) in the 90’s, limited to the detailed study of a few compounds, the available 

hardware resources for computational chemistry laboratories have increased 

considerably. Additionally, the force-field parameters for organic molecules have 

developed much in the last years, including the availability of automated algorithms for 

the parameterization of new ligands (7, 8). These technical and methodological 

advances have made possible the application of the LIE method, coupled to MD 

sampling of ligand-receptor complexes, in typical virtual screening pipelines of 

industrial or academic projects (9). In this chapter, we will explain the practical aspects 

to obtain LIE estimations of binding affinity two inhibitors of a particular enzyme. The 

application of the protocol proposed for medium throughput screening is  

straightforward and just requires availability of the computational resources and 

scripting the steps here explained, to repeat the process for hundreds to thousands of 

compounds. 

2 Theory 

2.1 The LIE method 

 The process of ligand binding to a biological macromolecule can be viewed as a 

partition problem, in which the ligand (l) is transferred from one medium, i.e. free in 

water (f) to another, i.e. the binding site of the water-solvated macromolecular target 

(b). It follows that not only the bound state of the ligand, but also the reference state 

(water solvated ligand) must be taken into account for a proper description of the total 

change in free energy associated to the formation of a ligand-receptor molecular 
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complex. This is the analogy behind the LIE method, where the binding free energy is 

estimated as the free energy of transfer between water and protein environments as: 

 ( ) ( ) ( )b f

bind sol solG l G l G l     (1) 

The main difference with respect to a regular transfer process between two solvents is 

that the standard state in water (1M and free rotation) is replaced by restricted 

translation and rotation in a confined receptor binding site. In order to calculate the free 

energy of binding as a solely function of these two physical, relevant states of the 

ligand, we can draw a thermodynamic cycle (Fig. 2), where the upper corners represent 

these two states (left: free, solvated in water; right, bound to the protein). The two 

bottom corners will account for two unphysical, intermediate states: a pseudo-ligand 

without any (intermolecular) electrostatic interactions, in its free (left) or bound (right) 

state.  The resolution of such a thermodynamic cycle leads to the following equation: 

  polar polar nonpolar polar nonpolar

bind bound free bind bind bindG G G G G G         (2) 

where the entropic confinement contributions are hidden in the non-polar term. Thus, 

the free energy of binding can be expressed as a sum of the corresponding polar and 

non-polar components of the free energy. This is quite convenient, since molecular 

mechanics force-fields analogously split the non-bonded potential energies into 

electrostatic and non-electrostatic components. Now the question is: how do we convert 

potential energies (U) into free energies (G)? For the polar contribution, a useful 

approximation comes from the linear response theory for electrostatic forces (10, 11), 

which states that the electrostatic part of the solvation free energy is: 

  1

2

el el el

sol l s l son off
G U U     (3) 
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Where the brackets  indicate thermodynamic averages of the ligand-surrounding (l-

s) interaction energies as calculated with standard force-field molecular dynamics (or, 

alternatively, MC or other relevant statistical sampling). The term with the electrostatic 

interactions turned off in the sampling, el

l s off
U  , corresponds to the average 

electrostatic energy that would be obtained from the sampled configurations if the 

interactions instead were turned on (i.e. a “preorganization” term). This term is assumed 

to be constant or negligible compared to el

l s on
U   (the corresponding energies sampled 

with the interactions turned on).  Thus we will write Eq.3 as 
1

2

el el

sol l s on
G U   , omitting 

a possible constant that will be considered below. In applying the linear response 

approximation to the problem of ligand binding we must also consider the reference 

state with a dissociated ligand in water. Furthermore, seemingly minor deviations from 

the exact linear response scaling factor of ½ have been demonstrated for hydration free 

energies that, in fact, are important to take into account in order to improve the accuracy 

of the method (12, 13). Thus, we will write the expression for the polar component of 

the free energy in the general form of: 

  polar el el el

bind l s l s l sb f
G U U U         (4) 

 The other main idea behind the LIE method is to estimate the non-polar 

component of the free energy of binding analogously as: 

  nonpolar vdw vdw vdw

bind l s l s l sb f
G U U U           (5) 

Where the  parameter is the empirically derived non-polar scaling factor and  a 

constant. This was motivated by the observation of linear dependencies of both 

solvation free energies for nonpolar compounds and vdw

l sU   on molecular size (which 
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can be also be compared to semi-macroscopic approximations such as 

nonpolar vdW

sol l sG A c U    , representing the creation of a cavity and insertion of van 

der Waals centers into this cavity, where  is the surface tension, A the surface area and 

c a scaling factor). However, due to the fact that vdw

l sU 
 not only represents “steric” 

interactions but also is an efficient size measure, Eq.5 takes into account all size 

dependent and constant contributions to the binding free energy, approximating 

contributions from “cavity creation”, confinement effects and the second term of Eq.3. 

(14). It follows that the full LIE equation, for the estimation of binding affinities based 

on force-field averaged energies, can be written as: 

 vdw el

bind l s l sG U U          (6) 

 

 It is important to note that with this equation, one can calculate the free energy 

of binding by averaging the ligand-surrounding potential energies, which are collected 

only for the two physical states of the ligand involved in the binding process 

(represented in the upper corners of Fig. 2): the free state (ligand solvated in water 

l s f
U  ) and the bound state (ligand in the solvated protein binding site l s b

U  ). This 

makes a substantial difference compared to other methods for estimation of free 

energies, e.g., in more complicated methods, such as FEP or thermodynamic integration 

(TI), intermediate unphysical states resulting from mixing of end-point potentials must 

be explicitly simulated. On the other side, statistical methods such as scoring functions 

generally only take into account descriptors collected for the bound state, and not the 

free state, which tends to yield artificial dependencies of binding free energies on ligand 

size (molecular weight) (15).   

2.2 The parameters of the LIE equation 
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 Åqvist and Hansson (13) determined a first set of refined values for the scaling 

factor  as a function of the chemical nature of the ligand (see Table 1) on the basis of 

FEP calculations performed for different chemical entities. The values in Table 1 

correspond to deviations from the linear response theory, which are directly related to 

the capability of the ligand to participate in the hydrogen bond network of the aqueous 

solvent.  

 More recently, Almlöf et al. (12) proposed a more detailed set of FEP values, on 

the basis of free energies of solvation estimated with the FEP method for more than 200 

chemical groups. According to this study, a  scaling factor is calculated for a given 

ligand, as a weighted contribution of the corresponding FEP values assigned to each 

chemical group present in the ligand, as shown in Eq.7 and the values provided in Table 

2: 

 0

i i

i

i

i

w

w



 



 



 (7) 

Where w = 1.0 for ligands with zero net charge, and w = 11.0 otherwhise. 

 The main advantage of this new estimation of the  coefficient is the flexibility 

and higher accuracy, since deviations from the linear response due to chemical groups 

such as amides, amines or carboxylic acids is now explicitly taken into account. 

However, for the majority of the compounds normally considered in a drug-design 

process, the estimated  factors are close to the “classical” values shown in Table 1, 

which will suffice for most ligand-binding calculations. 

 In the initial derivation of the LIE method, the the non-polar scaling factor was 

estimated using a pure empirical approach, through a calibration on a set of 18 protein-

ligand complexes. The obtained value of  = 0.18 has successfully reproduced since 

then the binding free energies in a wide variety of ligand-protein systems, including 
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small, neutral ligands of P450CAM (16), charged compounds such as potassium-channel 

blockers (17, 18) and even large flexible compounds such as peptidomimetics in 

aspartic-proteases (3). 

 Finally, in order to estimate absolute free energies of binding, an offset 

parameter  ≠ 0 might be considered, although not strictly required for calculation of 

relative binding affinities (i.e., ranking of compounds). The value of such parameter has 

been related to the hydrophobicity of the binding site, and in any case it has to be 

determined empirically (16).  

 Finally, it is worth noting that several variants of the LIE and other linear 

response methods have been proposed in the literature, (10, 19-22) a review of which is 

out of the scope of the present chapter. 

3 Methods 

 One of the most extensive applications of the LIE method in drug design 

corresponds to the search of novel plasmepsin inhibitors as novel antimalarial 

compounds. Plasmepsins are aspartic proteases envolved in the degradation of the host 

cell hemoglobin that is used as a food source by the malaria parasite. In the course of a 

collaborative project with medicinal chemists, enzymologists and crystallographers, we 

have applied the LIE methodology to estimate binding affinities of more than 30 

synthesized or prospect compounds in a variety of plasmepsin enzymes. The results, 

which have been reviewed elsewere (3), have guided the synthesis and provided a 

rationale to available experimental data. In this section, we will illustrate practical issues 

when using the LIE method with one particular example extracted from that project: the 

binding of two allophenylnorstatine inhibitors to the Plasmodium malariae (Pm) Plm4 

enzyme (23) of known affinity (see note 1).  
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 We will use the MD program Q (24) which is specially designed for free energy 

calculations and empirical valence bond simulations, available from the Åqvist group 

web page (for other suitable programs, see note 2). Structural analysis can be done with 

any molecular graphics software, like the open source software PyMOL that is used to 

illustrate the present case. Statistical analysis, energy plots and the estimation of binding 

affinities following the LIE equation can be obtained with a variety of common 

programs. We will refer to the plotting software Gnuplot, which might be combined 

with simple shell scripts, and the creation of spreadsheets with standard offimatics 

software. 

3.1 MD sampling under spherical boundary conditions 

 The goal of MD in the LIE calculations is to generate an ensemble of structures 

and energies for the ligand that corresponds to a thermal equilibrium, in its physically 

relevant states (i.e., free and bound). Following the above approximations, these 

ensembles can then be used to estimate thermodynamic properties such as the free 

energy of binding. Since only ligand-surrounding energies need to be collected and 

averaged, it is very convenient to perform the MD simulations under spherical boundary 

conditions, in order to maximize the computational efficiency while maintaining high 

accuracy in the energetic description of the ligand (see note 3). The solvation method 

implemented in Q is the SCAAS model (25), where water molecules are added before 

the simulation to fill vacant positions and restraints are used to reproduce bulk water 

density and polarization near the system boundary. Atoms outside the system boundary 

are harmonically restrained to initial positions. A few points and recommendations are 

worth mentioning when setting up MD simulations using spherical boundary 

conditions:  
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1. Typically, the same ligand conformation is used as the starting point in the bound 

and free simulations, as indicated in Fig. 3, with the sphere centre located in the 

centre of mass of the ligand (see note 4 for a more exhaustive MD sampling). In the 

present example, the sphere is centered on the asymmetric carbon bearing the 

hydroxyl group. 

2. The size of the sphere must be big enough to allow a proper solvation of the ligand, 

in order to avoid a lack of dielectric screening. A distance of 10-15 Å between the 

most distal atom in the ligand and the sphere boundary provides a good balance 

between computational speed and accuracy. According to Fig. 3, a sphere size of 

radius 20 Å was considered sufficient in this example. 

3. Titratable residues closer than 3-5 Å to the boundary, as well as those outside the 

solvent sphere, should be modeled as neutral because of the lack of dielectric 

screening. An exception to this rule should be made if the titratable residue is 

making a salt-bridge interaction with a more central group. In the present case, one 

of the catalytic aspartates (Asp 214) is modelled in its neutral, protonated form, 

whereas the other catalytic aspartate (Asp 34) is charged. No other titratable residue 

was considered in its charged form within the simulation sphere. 

4. MD simulations in the bound and free states must be performed under identical 

boundary conditions, e.g., the sphere centre and sphere size defined above must be 

equal in the two simulations. In the special case of charged ligands, the net charge of 

the sphere of simulation should also be the same in the two states, since the 

contribution to the electrostatic solvation energy from the medium outside the 

sphere (Born terms) would otherwise be unequal. To achieve this condition, one can 

vary with the sphere radius, or turn off the charges of some titratable residue located 

far enough from the ligand. Continuum corrections for the effect of turning of such 
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distant charges can be added to the calculations afterwards (see note 5). In the 

current example, where the ligands are neutral, this condition does not apply and we 

have maintained the total charge of -1 in the bound sphere, being the sphere of the 

free simulation neutral. 

5. Charge groups, cutoffs and long-range interactions. It is common in MD simulations 

to use a cutoff for parts of the non-bonded interactions. In this example, such a 

cutoff is set to 10Å. Beyond the cutoff the electrostatic interactions are calculated 

through the local reaction field approximation, which almost exactly reproduces the 

infinite cutoff result (26), whereas all van der Waals forces outside the cutoff are 

ignored. In all cases, atoms belonging to the protein and solvent are grouped into 

charge groups, according to the rules of the force-field chosen. However, it is very 

convenient in free energy calculations that the ligand atoms are treated explicitly 

(i.e., one atom as one charge group). 

3.2 Prepare and run the MD simulations  

 In order to perform the two separate MD simulations of the ligand, (i.e. free and 

bound) we usually start from an X-ray structure of the complex or a generated complex 

using molecular docking. For the pair of allophenylnorstatin plasmepsin inhibitors of 

this example, the starting case is the crystal structure of inhibitor KNI764 with PmPlm4 

(PDB code 2ANL), while the pose of the second ligand considered, KNI577, has been 

obtained by molecular docking in the same protein structure. We will create a separate 

directory for each ligand case, (e.g. named ligand_x, where x is an index number) 

and within there two separate subdirectories (i.e. called bound and free), where the 

respective MD ensembles will be collected. We will store the PDB starting coordinates 

of each complex in ligand_x/bound/complex.pdb. Thereafter we can simply 
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extract from that file the lines referring to the ligand and save a new PDB file as 

ligand_x/free/ligand.pdb. The next step is to solvate each molecular system 

and generate the corresponding topology file, necessary for the MD software to combine 

the information about the initial positions of the atoms (PDB file) and the information 

about the force field parameters. This step, which in Q is done with the module Qprep, 

must be independently performed for the bound and free directories. Binding affinity 

estimations with the LIE method can be obtained with any forcefield (16), as long as the 

necessary parameters for the protein, the solvent and the ligands are available. In our 

case we will use OPLS all-atom force field (27), which is implemented in Q as a library 

(Qoplsaa.lib) and parameter (Qoplsaa.prm) files. The ligand parameters must 

be obtained and implemented in Q. First, a new library entry is created, indicating the 

atom names, atom types, partial charges and connectivities for the new ligand (file 

ligand.lib). Then, all the necessary new molecular mechanics parameters must be 

added to the atom, bonds, angles and dihedral sections of the parameter file, 

Qoplsaa.prm. In the present case, a manual parameterization was performed, 

although automated methods exist (see note 6). Some editing of the PDB file 

complex.pdb is needed, in order to neutralize the titratable residues: the 

ASP/GLU/ARG/LYS residue names will be changed for their neutral OPLS-AA forms 

(ASH/GLH/ARN/LYN) with the only exception of “ASP   34”, since we want to 

maintain the negative charge on that particular residue. Qprep will add the solvent (on 

the basis of the sphere centre and sphere radius as defined in the previous section) and 

the hydrogens, following the connectivity rules depicted in the library files. Finally, the 

ligand atoms must be specified in a file that we will call ligand.fep. This file is 

needed to apply the special treatment for the ligand atoms (i.e., no charge groups), and 

also to provide the corresponsing ligand-surrounding energy values (i.e. Ul-s) . 
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 Once the topologies for the bound and free states are generated, we are ready to 

run the two separate MD simulations 

3.2.1 Bound simulation  

 The solvated protein-ligand complex must be carefully equilibrated before the 

MD collection phase. The equilibration scheme followed in the present example is 

outlined in Table 3. It starts with a first phase similar to steepest descent energy 

minimization of the solvent and the hydrogens of the solute and ends in a short 50 ps 

phase under the same conditions as the collection phase. The latter consisted of a single 

300 ps unrestrained MD run at room temperature, which was considered long enough to 

achieve convergence in the present case, as it will be assessed later on (for advices to 

enhance conformational sampling see note 4).  

3.2.2 Water simulation  

Here, only the solvent molecules need to be equilibrated so the equilibration phase is 

simpler (Table 3). However, one important change is needed: Given the lack of 

conformational restraints provided by the protein, one positional restraint is added in 

order to keep the center of mass of the ligand in the sphere center. Such a positional 

restraint is maintained along the collection phase to ensure a homogeneous solvation of 

the ligand. The collection phase is otherwise run under identical conditions than in the 

bound simulation.  

3.3 Evaluating the MD simulations  

It is now time to evaluate the MD simulations. This evaluation should not only consist 

on the estimation of the LIE binding affinities, but also a careful structural analysis is 

recommended, including the identification of specific ligand-protein interactions. 
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3.3.1 Evaluation of the energies and estimation of LIE calculated binding affinities  

For each ligand (directory ligand_x), the average ligand-surrounding potential 

energies must be extracted and subsequently integrated into the LIE equation, that is: 

el

l s b
U   and vdw

l s b
U  in the bound subdirectory and el

l s f
U   and vdw

l s f
U  in the free 

subdirectory. The corresponding output files (md.log) contain the single point values, 

l sU 
, written at a given frequency (the default value in Q is every 25

th
 MD step), 

following the format: 

Type  st lambda  el  vdW 

Q-surr. 1 1.0000  -30.41 -57.10 

With a simple script one can easily extract the desired values and store them in a table, 

from which we can generate average values, plots and error bars. These convergence 

errors can be estimated by dividing the production phase in two halves, namely A and 

B, and defining the average values of each part as the interval limits (see note 7). Thus, 

the error associated to the energy value, l sE   is: 

  
1

2

A B

l s l s l sE U U     (8) 

This measure will give us an idea of the convergence of the ligand-surrounding energies 

in the given MD simulation. These error estimates can be combined into a LIE-like 

equation, but adding all the values since the error is additive: 

    vdw vdw el el

bind l s l s l s l sb f b f
Error E E E E    

      
      

 (9) 

Fig. 4 depicts such energy plots for the KNI764 MD simulation in the bound state, with 

the corresponding error estimations showing an acceptable convergence of the ligand-
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surrounding interaction energies. Table 4 shows the complete results for the two 

plasmepsin inhibitors. An excellent agreement with the experimental data is found, 

using the standard LIE coefficients ( = 0.18;  = 0.33, since ligands have 2 hydroxyl 

groups;  = 0) (13), with associated errors below ±1 kcal/mol.  

3.3.2 Structural analysis  

 Looking at the structures is a very important part of the evaluation process. The 

program Q generates restart files, which can be easily converted into standard PDB files 

and loaded into PyMOL. Alternatively, the trajectory files are stored in DCD format, so 

it is also possible to load a movie trajectory to look at the time evolution of the 

complex. In the present case, we observed an early conformational change in the 2-

methylbenzyl group in position P2, which was maintained along the MD simulation. 

Such a conformational change enables the existence of a hydrogen bond between the 

carbonyl of this group in the ligand and the main chain of Ser79, located at the flap 

loop, and Thr217 in the S2 site in agreement with the classical binding mode in aspartic 

proteases (28). Several numerical evaluations of the structural stability of the MD 

simulations can be performed with the Qcalc module in Q. These include i) RMSD 

calculations (of the ligand or selected residues), ii) time evolution of selected 

interatomic distances or iii) generation of average coordinates of the MD trajectories. 

3.3.3 Key interactions relevant to protein-ligand binding  

 It is often of interest to identify the residues that contribute the most to the ligand 

binding. With the module Qcalc we can calculate average interaction energies of the 

ligand with each of the surrounding residues, i.e. el

l resU   and vdw

l resU  . According to the 

values in Table 4, the main difference between the two ligands is located in the stronger 
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electrostatic component in the binding affinity of KNI764 ( 2elG kcal/mol). To 

better understand the molecular basis of this variation, a plot of the difference in the 

non-bonded terms of the corresponding ligand-residue interactions ( el

l resU   and 

vdw

l resU  ) is presented in Figure 6. A look at this plot easily identifies that the 

electrostatic interactions with the polar residues Tyr77, Asp214 and Thr217 account for 

the enhanced bindig affinity of KNI764. The presence of an isobutyl sidechain at the S2 

site, much smaller than the aromatic substituent in the corresponding position of 

KNI764, allows more flexibility to the non-prime site of KNI577, and consequently to a 

weaker interaction with the aforementioned residues. This kind of information, 

extracted from the dynamic and energetic analysis of the binding modes here presented, 

is very important for the lead optimization process typical of medicinal chemistry 

programs. 

3.4 Applications to large-scale ligand screening 

Running the MD simulations related in this example would take about 2 hours on a 

single processor CPU. It is also possible to speed up the calculations with the parallel 

version of Qdyn, which is also advised if really long trajectories are needed for the MD 

sampling. However, when several ligands must be analyzed, an optimal computational 

efficiency is generally achieved by distributing the cases on the processors available, 

and run sequentially, rather than using the parallel code. Some tips to run large scale 

LIE simulations, are: 

 Assuming that the binding site is conserved, define only once the sphere of 

simulation (sphere centre, sphere radius, charge of titratable residues). The sphere 

should be ideally neutral, at least if charged ligands will be processed (see note 5), 

and large enough to properly solvate all the ligands considered. Any manipulation of 
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the PDB file of the protein should be done only once (i.e., create protein.pdb, 

ready to be processed by Q) 

 Follow one of the methods described in note 6 to obtain automatic force-field 

parameters for each ligand, using the docking pose as an input file. You shall obtain 

a ligand PDB file (ligand_x.pdb), the corresponding library file (lig.lib), 

the lie.fep file that specifies ligand atoms and the parameter file with all 

necessary parameters for the ligand added (Qoplsaa_mod.prm). 

 Follow the same directory tree and file names as explained in this chapter (i.e., only 

change the value “x” of the ligand_x directories). Within each directory, combine 

the protein.pdb file with the ligand_x.pdb file to create 

bound/complex.pdb, and just copy ligand_x.pdb for the subdirectory free 

  Use the same input files for all ligands. This way you can easily script the setup and 

run of all your ligand cases. 

4 Notes 

1. Experimental free energy of binding (kcal/mol) is straightforward to calculate from 

Ki affinity values, according to the equation: 0

,exp lnbind iG RT K  . However, if only 

IC50 values are available then this relationship becomes: 
0

,exp 50lnbindG RT IC c    

where 
 

ln 1
M

S
c RT

K
 

   
 

. Thus, the solute concentration and the 

corresponding dissociation constant must be known. If this is not the case, only 

relative affinities can be estimated. 

2. Other MD software might be suitable for LIE calculations, as long as it allows the 

extraction of the corresponding ligand-surrounding potencial energies ( el

l sU  and  

vdw

l sU  ) as a bare minimum. Additional desirable options include the availability of 
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spherical boundary conditions and the proper treatment of the long-range 

electrostatic interactions, especially for the ligand atoms. Some examples include 

academia free-of-charge software such as GROMACS (http://www.gromacs.es), 

NAMD (www.ks.uiuc.edu/Research/namd/), or ADUN 

(http://lavandula.imim.es/adun-new/). The last software includes a special plugin to 

make LIE binding free energy calculations.  

3. Note that under spherical boundary conditions, only the non-bonded interactions 

involving atoms inside the system boundary are calculated. Although it is possible 

to use other boundary conditions such as periodic boundary conditions (PBC) for 

performing LIE calculations, it is worth to note the important decrease in 

computational efficiency of this choice, since most of the computational time is 

spent on interactions which are irrelevant for the study of ligand-binding energetics. 

On the other side, the consideration of continuum electrostatics models such as 

Poison Boltzman or Generalized Born considerably speeds up the calculations, but 

the cost is that the possible role of water molecules in the ligand-binding process is 

neglected.(29)  

4. For flexible ligands, the conformational sampling might be increased in order to 

achieve convergence. Although one can always run longer MD simulations, but it is 

generally recomended in these cases to run several short MD simulations (hundreds 

of picoseconds) with different starting points (i.e., different random seeds, several 

ligand conformations in the free state, or slightly different docking poses in the 

bound state).(30) In the provided example, the original LIE calculation included MD 

sampling of the protein ligand complexes obtained by automated docking and 

manual docking (KNI577) or the X-ray original pose (KNI764) (23). 

http://lavandula.imim.es/adun-new/
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5. In the special case of charged ligands, an electrostatic correction term should be 

added to the LIE estimated free energies that accounts for the long-range 

interactions of the ligand charge with neglected charges in the protein. This 

correction term is easily estimated following Coulombs law: 

 neglected ionic sites0
 ligand atoms

1

4

p lel

corr

p p l
l

q q
G

r  


   . Here, qp is the integer charge of the neglected 

ionic group; ql is the partial charge of the ligand atom; rl-p is the distance between 

the ligand atom and a central atom of the ionic group;  is the dielectric constant, 

typically 80 (the dependence of the correction on the dielectric constant is easily 

examined). It is usually enough to calculate this correction term for a single frame or 

average structure of the stable phase of the simulation.  

6. Manual parameterization is a tedious process that consists in a loop of guessing and 

assuming similarities with existing atom types, assigning existing parameters or 

creating new ones. Nowadays, however, there exists some software to obtain 

automatic parameterization for several force-fields: AnteChamber (AMBER suite) 

provides GAFF parameters compatible with the Amber force-fields (8); 

Macromodel (Schrödinger, Ltd) provides parameters for the OPLSAA force-field, 

and some efforts are currently under development for the CHARM suite of force-

fields. The implementation of such automatically derived parameters is just a 

question of designing scripts that translate the output into the format required by Q. 

7. There are several ways of estimating errors. Other methods previously used with 

LIE is the “statistical inefficiency” measure of Allen & Tildesley (6) and the 

calculation of multiple independent trajectories, which is probably the most 

unbiased error estimate.(30) In any case, the most important point is to monitor the 

relevant energies to see that they don’t drift. 
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Tables 

 

Table 1 Values for the  parameter as a function of the chemical nature of the ligand 

according to Hansson et al. (31).. 

 Chemical nature 

0.5 Charged compounds 

0.43 Neutral compounds 

0.37 Neutral compounds bearing a single hydroxyl group 

0.33 Neutral compounds bearing 2 or more hydroxyl groups 

 

 

Table 2 Values for the  parameter in Eq7. according to Almlöf et al. (12) 

 0.43 Chemical nature 

i -0.06 alcohols 

i -0.04 1º, 2º -amines 

i -0.02 1º amides 

i -0.03 carboxylic acid 

i +0.02 anions 

i +0.09 cations 

wi 1.0 for net charge = 0 

wi 11.0 for net charge ≠ 0 

 

Table 3 Scheme of the MD equilibration process in the bound (_b) and free (_f) 

simulations. The most relevant parameters are highlighted. 

Equilibration 

phase 

starting file Temperature 

(K) 

Bath 

coupling 

(fs) 

Time 

step 

(fs) 

# 

steps 

Force 

constant, 

protein 

atoms 

(kcal·mol
-

1
·Å

-2
) 

Force 

constant, 

ligand 

atoms 

(kcal·mol
-

1
·Å

-2
) 

eq1_b complex.top 1 0.2 0.2 2000 100 100 

eq2_b eq1_b.re 150 10 1.5 5000 10 100 

eq3_b eq2_b.re 300 10 1.5 7000 5 10 

eq4_b eq3_b.re 300 10 1.5 7000 2 2 

eq5_b eq4_b.re 300 10 1.5 50000 - - 

eq1_f ligand.top 300 0.2 0.2 2000 - 100 

eq2_f eq2_f.re 300 1 10 10000 - 10 
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Table 4 Ligand surrounding energies from single MD runs of the two inhibitors, in the 

free and bound state, the calculated free energy of binding according to the LIE method 

and the corresponding experimental affinity values.  

Compound
  ΔGbind, exp 

(kcal/mol)
  

ΔGbind, LIE 

(kcal/mol) 

ligand-surrounding interactions (kcal/mol)
  

vdw

l s b
U   el

l s b
U   

vdw

l s f
U   el

l s f
U   

Kni764 -9.6 -9.5±0.8 -68.1±0.5 -76.1±1.3 -42.7±0.5 

-

61.2±0.7 

Kni577 -7.6 -7.0±0.8 -67.2±0.8 -62.6±1.4 -39.3±0.2 

-

56.6±0.5 
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Images 

Fig. 1 Flowchart depicting the different structure-based virtual screening methods. 

Ligand-based methods, which are discussed in other sections of the present volume, 

should be used as a pre-filtering step, especially if one has to handle databases bigger 

than 10
5
 compounds. Note that in most VS campaigns the last step (FEP/TI) is avoided 

and hit identification and hit to lead phases are mostly obtained with methods in the 

“intermediate” section. 

104 - 106

10 - 103

10 - 102

# molecules 
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• Detects binding modes
• Active / decoys filtering

HIT COMPOUND(s)

Speed   /  Accuracy
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TI
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WORKFLOW

Lead
optimization

(ii)

 

 

Fig. 2 The thermodynamic cycle used to estimate binding free energies with the LIE 

method based on Eq. 2 
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Fig 3 Simulation sphere used in the present example. The protein-ligand complex (left) 

and the free ligand (right) are embedded in a TIP3P water sphere of 20 Å radius, with 

the center defined on the carbon atom bearing the asymmetric hydroxyl group of the 

ligand. The diameter defined by all ligand atoms is depicted with a gray sphere in the 

right panel, so it is clear that the water sphere is large enough to properly solvate all 

ligand atoms. 

 

Fig 4 Plot of the ligand-surrounding energies, as extracted from the 300 ps MD 

trajectory of PmPlm4-KNI764 complex. Electrostatic (gray, bottom) and non-

electrostatic (black, top) potential energies are plotted every 25
th

 time step, and average 

values (every 30 ps) are plotted with thick lines. The corresponding average values for 

the first (A) and second (B) part of the simulation are shown, together with the 

estimated error of the total average value. 
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Fig 5 Ligand-Residue interactions. (Left) Plot of the difference in the interaction 

energies of the ligands with each residue in the protein, calculated as 

764 577KNI res KNI res

type type type

l resU U U
    , where type accounts for electrostatic (el, dotted bars) 

or van der Waals (vdw, solid bars) A more negative value indicates favored interactions 

for the ligand KNI764. (Right) The average conformation extracted from the respective 

MD of the two complexes are superimposed (KNI764-PmPlm4, dark gray; KNI577-

PmPlm4, light gray). The residues showing the highest difference in the electrostatic 

interaction energies ( el

l resU  ) are highlighted in the former structure, with frequent 

hydrogen bonds depicted in dashed lines. 

 

 


