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Linear interaction energy (LIE)

theory
And, when you want something,

all the universe conspires in helping you to achieve it.

Paulo Coelho, The Alchemist

This will be the basis for ”E. A. Rifai, M. van Dijk, and D. P. Geerke, Linear interaction energy (LIE)
for free energy calculations: a review, Manuscript in preparation.”
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2. Linear interaction energy (LIE) theory

As introduced in Chapter 1, linear interaction energy (LIE) theory and other end–
point methods for binding free energy calculation position themselves between fast
docking/scoring approaches and rigorous alchemical strategies for binding free energy
calculation. This is illustrated in Figure 2.1 and makes LIE a possibly attractive but
approximate alternative for computing Δ𝐺𝑏𝑖𝑛𝑑. The current chapter gives an overview
of its theoretical foundation, approximations taken, extensions that have been proposed
to overcome possible limitations due to these, other proposals for further improvement,
and selected model parameterization and application studies. As such this chapter will
be on the basis of a literature review that is currently in preparation.
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2.1. The LIE Approach

T he linear interaction energy (LIE) method was introduced in 1994 by Åqvist and
coworkers [1]. It is an empirical method derived from Marcus theory of electron

transfer reactions [2] and the linear response approximation (LRA, Section 1.3.3) [3, 4]
to compute the electrostatic (Coulomb) contribution to the free energy of protein–ligand
binding Δ𝐺𝑏𝑖𝑛𝑑. LRA itself is an approximation based on an expansion of the Zwanzig
expression in perturbation theory [5]. Similarly, the linear relationship between Δ𝐺𝑏𝑖𝑛𝑑
and the electrostatic term in the central LIE equation (Equation 1.4) can be derived
[1, 5] from the general Zwanzig expression for the change in Helmholtz free energy Δ𝐴𝑒𝑙𝑒
associated with the process of turning on Coulomb interactions for an electrostatically
non–interacting ligand with its environment (Figure 2.2), where Δ𝑉 is the accompanying
change in potential energy, and the ligand is either in its protein–bound or unbound state:

Δ𝐴𝑒𝑙𝑒 = −𝑘𝐵𝑇 ln ⟨ exp[−Δ𝑉/(𝑘𝐵𝑇)]⟩ (2.1)

Figure 2.1: Classification of selected approaches for binding free energy computation.

In this equation, 𝑘𝐵 is Boltzmann’s constant and 𝑇 is the temperature, and the
ensemble average refers to the state in which ligand–surrounding Coulomb interactions
are turned off (but ligand–surrounding van der Waals interactions are turned on), as
denoted by the subscript 0. The exponent in Equation 2.1 can be rewritten into a series
expansion:

Δ𝐴𝑒𝑙𝑒 = −𝑘𝐵𝑇 ln 1 −
Δ𝑉
𝑘𝐵𝑇

+ (Δ𝑉)
2(𝑘𝐵𝑇)

− ...


= −𝑘𝐵𝑇 ln 1 −
⟨Δ𝑉⟩
𝑘𝐵𝑇

+ ⟨(Δ𝑉)⟩
2(𝑘𝐵𝑇)

− ...
(2.2)

Using the expansion for ln(1 + 𝑥) we subsequently get:

Δ𝐴𝑒𝑙𝑒 = − 𝑘𝐵𝑇 −
⟨Δ𝑉⟩
𝑘𝐵𝑇

+ ⟨(Δ𝑉)⟩
2(𝑘𝐵𝑇)

− 12
⟨Δ𝑉⟩
𝑘𝐵𝑇



− ⟨Δ𝑉⟩⟨(Δ𝑉)

⟩
2(𝑘𝐵𝑇)

+ ⟨(Δ𝑉)
⟩

2(𝑘𝐵𝑇)


 − ...

(2.3)
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Rewriting Equation 2.3 yields:

Δ𝐴𝑒𝑙𝑒 = ⟨Δ𝑉⟩ −
1

2𝑘𝐵𝑇
⟨{Δ𝑉 − ⟨Δ𝑉⟩}⟩ + ... (2.4)

In a similar way, we can obtain the following alternative expression for the same free
energy Δ𝐴𝑒𝑙𝑒 associated with turning on electrostatic interactions, in terms of ensemble
averages obtained for the state in which ligand–surrounding Coulomb interactions are
present (here denoted by omitting the subscript 0):

Δ𝐴𝑒𝑙𝑒 = ⟨Δ𝑉⟩ +
1

2𝑘𝐵𝑇
⟨{Δ𝑉 − ⟨Δ𝑉⟩}⟩ + ... (2.5)

After summing up Equations 2.4 and 2.5 and dividing them by 2, we obtain:

Δ𝐴𝑒𝑙𝑒 =
1
2{⟨Δ𝑉⟩ + ⟨Δ𝑉⟩} +

1
4𝑘𝐵𝑇

[⟨{Δ𝑉 − ⟨Δ𝑉⟩}⟩ − ⟨{Δ𝑉 − ⟨Δ𝑉⟩}⟩] + ... (2.6)

A basic ansatz of LIE is that for both the interacting and non–interacting states, the
variations in the electrostatic component of the free energy surface behave in a similar
harmonic fashion. By making this assumption the second– and higher–order, higher
terms in Equation 2.6 cancel out resulting in the LRA approximation:

Δ𝐴𝑒𝑙𝑒 =
1
2{⟨Δ𝑉⟩ + ⟨Δ𝑉⟩}

(2.7)

The next approximation made in LIE (which makes it diverge from LRA) is to set
the second term in Equation 2.7 to zero, based on the assumption that in the ensemble
obtained for the uncharged state of the ligand, the surrounding will not respond to
charging the ligand. While this will be a valid approximation in situation of a ligand
in a homogeneous environment [6], this assumption may not always be valid in the
protein–bound state due to the possible pre–organization of the heterogeneous protein
environment [7]. This motivated us to evaluate in Chapter 5 the performance of LIE
models that explicitly include the protein–preorganization energy term which is neglected
when reducing Equation 2.7 to 2.8.

Δ𝐴𝑒𝑙𝑒 =
1
2⟨Δ𝑉⟩

(2.8)

By obtaining an estimate for Δ𝐴𝑒𝑙𝑒 from simulations of a ligand either in its protein–
bound state or free in solvent, we can compute the electrostatic contribution to its
protein–binding free energy Δ𝐺𝑏𝑖𝑛𝑑,𝑒𝑙𝑒 by applying the thermodynamic cycle depicted in
Figure 2.2, and by neglecting the difference in Helmholtz and Gibbs free energy (which
is justified by the typically small change in total system volume between the bound and
unbound states of the protein–ligand complex).

Δ𝐺𝑏𝑖𝑛𝑑,𝑒𝑙𝑒 = −Δ𝐴𝑒𝑙𝑒,𝑢𝑛𝑏𝑜𝑢𝑛𝑑 + Δ𝐴𝑒𝑙𝑒,𝑏𝑜𝑢𝑛𝑑 =
1
2[−⟨Δ𝑉𝑢𝑛𝑏𝑜𝑢𝑛𝑑⟩ + ⟨Δ𝑉𝑏𝑜𝑢𝑛𝑑⟩]

(2.9)
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To summarize, Δ𝑉𝑢𝑛𝑏𝑜𝑢𝑛𝑑 and Δ𝑉𝑏𝑜𝑢𝑛𝑑 in Equation 2.9 are the differences in ligand–
surrounding electrostatic potential energy (in the unbound and protein–bound state,
respectively) between the non–interacting and interacting states of the ligand, while the
ensemble averages in Equation 2.9 are obtained from simulations of these two states
only. Since the electrostatic interaction energy is zero in the non–interacting state, the
⟨Δ𝑉⟩ terms in Equation 2.9 simply reduce to the ensemble–averaged ligand–surrounding
interaction energies in the interacting states (denoted as 𝑉𝑒𝑙𝑒

𝑙𝑖𝑔−𝑠𝑢𝑟𝑟 in Equation 1.4 and
in the following).

Figure 2.2: Thermodynamic cycle for the electrostatic contribution to differences in the interaction free
energy of a ligand with its surroundings in either its non–interacting state (upper panel), protein–bound
state (bottom–right) or unbound solvated state (bottom–left).

As further discussed in Section 2.2, the factor 0.5 in the original LIE equation (Equa-
tion 2.9) is in LIE models typically replaced by a scalable parameter 𝛽 (calibrated based
on a set of binders with experimentally known binding affinity for the protein of interest).
Similarly to the contribution from the Coulomb interactions between the ligand and its
surroundings, the non–electrostatic contribution to Δ𝐺𝑏𝑖𝑛𝑑 is in LIE calculated based
on the difference in the average van der Waals (Lennard–Jones) interaction energies
between the ligand and its environment in simulations of the protein–bound and free
ligand, respectively, via a second fitting parameter 𝛼. This results in the central LIE
equation stating the linear relationship between Δ𝐺𝑏𝑖𝑛𝑑 and the difference in ligand–
environment van der Waals (𝑣𝑑𝑤) and electrostatic (𝑒𝑙𝑒) interaction energies 𝑉𝑙𝑖𝑔−𝑠𝑢𝑟𝑟
averaged over simulations of the bound and unbound ligand state, respectively:

Δ𝐺𝑏𝑖𝑛𝑑 = 𝛼𝑉𝑣𝑑𝑤
𝑙𝑖𝑔−𝑠𝑢𝑟𝑟𝑏𝑜𝑢𝑛𝑑 −

𝑉𝑣𝑑𝑤
𝑙𝑖𝑔−𝑠𝑢𝑟𝑟𝑢𝑛𝑏𝑜𝑢𝑛𝑑

 + 𝛽𝑉𝑒𝑙𝑒
𝑙𝑖𝑔−𝑠𝑢𝑟𝑟𝑏𝑜𝑢𝑛𝑑 −

𝑉𝑒𝑙𝑒
𝑙𝑖𝑔−𝑠𝑢𝑟𝑟𝑢𝑛𝑏𝑜𝑢𝑛𝑑


(2.10)
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2. Linear interaction energy (LIE) theory

The approximation that the nonpolar ligand–surrounding interactions also contribute
in a linear manner to Δ𝐺𝑏𝑖𝑛𝑑 was postulated based on free energy studies that showed
a linear relationship between ligand–solvent van der Waals interactions and solvation
free energies, both in polar and non–polar solvents [1]. An optionally off–set parameter
(often denoted as 𝛾) can be added to Equation 2.10 as additional fitting parameter to
implicitly account e.g. for entropy differences in the bound and unbound state [8].

From the above, only two simulations are required, either using molecular dynamics
(MD) or Monte Carlo (MC) sampling, to obtain average values for the interaction energy
terms in Equation 2.10. The simulations sample the ligand in its bound (with protein)
and unbound (free in solvent) states, giving a speed advantage compared to alchemical
methods. In its original version, the approximation of LIE assumes that intramolecular
energies, entropic terms, desolvation effects, or other factors contributing to the Δ𝐺𝑏𝑖𝑛𝑑
can be handled and cancelled out by fitting and scaling the empirical parameters 𝛼 and
𝛽 (and possibly 𝛾) [9].

For that purpose, a training set of compounds with known experimental binding
affinity is needed. Empirical model calibration implies that in order to be able to es-
timate the reliability of any LIE prediction, a measure is needed that can evaluate if
the query compound of interest is sufficiently represented by the employed set of model
training compounds. This can be expressed in terms of the domain of applicability of
the employed model, in a similar vein as commonly applied in ligand–based empirical
approaches [10]. Whereas in traditional ligand–based QSAR modeling the applicability
domain (AD) is typically expressed in terms of molecular descriptors, the first AD anal-
ysis approach for LIE (introduced some years ago by Capoferri et al. [11]) showed that
(per–residue) protein–ligand interaction energies are necessary to determine if a query
compound is sufficiently covered by the training set of compounds used. This AD anal-
ysis approach is reviewed in Section 2.3, along with a recent and extensive LIE study of
van Dijk et al. [12] who confirmed that protein–ligand interactions are a better measure
to quantify if a given compound falls within the AD of a LIE model when compared to
the molecular structure or other properties of the ligand alone.

Especially when the AD of a LIE model can be defined, LIE can treat sets of ligands
that may involve too large perturbations to be simulated and become impractical for
alchemical free energy perturbation (FEP) or thermodynamic integration (TI) calcula-
tions, while simultaneously accounting for the unbound state of the ligand that is not
considered by most scoring functions [13]. Thus, LIE can be viewed as a combination
of (4D–)QSAR and sampling techniques to estimate protein–binding affinities. As an
additional advantage, the use of empirical parameters by fitting to experimental data
allows this method to calculate direct (”absolute”) instead of relative Δ𝐺𝑏𝑖𝑛𝑑 values for
the training set, and relative Δ𝐺𝑏𝑖𝑛𝑑 calculations for the test set can be linked to its
absolute Δ𝐺𝑏𝑖𝑛𝑑 by using the thus obtained empirical parameters 𝛼 and 𝛽. This makes
it straightforward to use a Boltzmann–like statistical weighting scheme, introduced by
Stjernschantz and Oostenbrink [14] some years ago. As described in Section 2.4, this
weighted LIE scheme has been further explored by our group to improve sampling in LIE
predictions for binding to proteins with high structural flexibility and/or that can bind
their ligands in multiple orientations [11, 15, 16].
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Since the introduction of LIE, other groups have proposed and studied a variety of
extensions to the original LIE method in order to improve its scoring approach. Most
notably, efforts have focused on explicitly accounting for the contribution of the entropy
of binding to Δ𝐺𝑏𝑖𝑛𝑑, which is only implicitly taken into account in LIE via end–state
sampling and model parameterization. Section 2.5 aims to provide an overview of
extensions that have been proposed in literature, such as inclusion of effective terms to
account for the gain in water entropy and/or the loss in ligand entropy upon protein
binding. The current chapter ends with a short review of software tools that have been
developed to facilitate and/or automate using LIE, and of selected application studies
presented in literature (in Sections 2.6 and 2.7, respectively).

2.2. Fitting of LIE parameters

I n the first LIE study (on endothiapepsin inhibition) [1], the fixed value (0.5) of 𝛽
in Equation 2.10 was directly taken from LRA (Equation 2.7), while the 𝛼 value

was based on least–square fitting to experimental data, resulting in a value of 0.161.
Interestingly, these values were found to be predictive for other systems as well, i.e.
HIV–1 protease [17], trypsin [18], and a bacterial glucose/galactose–binding protein
[19]. In later studies, Åqvist et al. found that the value of 0.5 for 𝛽 holds well for
charged ligands, but deviates in a range from 0.3–0.5 for neutral ligands, depending on
their chemical nature [6]. In a subsequent study by Hansson et al. using endothiapepsin,
HIV–proteinase, glucose binding protein, and trypsin, the value of 𝛼 was parameterized
to 0.181 while 𝛽 values were variable according to the nature of the ligands in the training
set (Table 2.1). From FEP calculations, it was derived that the corresponding deviations
from the theoretical value of 𝛽=0.5 could be attributed to the effective correction for the
deviation of LIE from LRA in terms of the neglect of the protein–ligand preorganization
energy term in LRA [8]. Almlöf et al. later proposed a more detailed 𝛽 parametrization
(Table 2.2) [20], based on solvation free energies calculated with FEP for more than
200 chemical groups and taking into account several chemical groups, e.g. amides,
amines, or carboxylic acids. However, it was suggested that for the majority of the
compounds as usually considered in a drug design process, classical values in Table 2.1
are considered sufficient [21]. Over time, multiple studies on different systems showed
that parameterizing both 𝛼 and 𝛽 yielded better models in terms of deviations between
experimental and calculated Δ𝐺𝑏𝑖𝑛𝑑 than using a fixed value for 𝛽 (and/or 𝛼). Note that
the physical meaning of calibrated values of 𝛼 and 𝛽 are not always obvious and typically
not discussed in LIE studies in literature. One of the exceptions is work of Kollman and
coworkers [22] who found a correlation between 𝛽 and the hydrophobicity of the binding
site of the system of interest, with a larger number of hydrophobic groups buried after
binding resulting in higher affinity and larger 𝛽 values.
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Table 2.1: Values of LIE parameter 𝛽 for different types of ligands, according to Hansson et al. [8]

Ligand type 𝛽 Value
Charged 0.50
Neutral 0.43
Neutral with single hydroxyl group 0.37
Neutral with two or more hydroxyl groups 0.33

In conclusion, 𝛼 and 𝛽 values for a system of interest are not universally transferable
among different protein systems and ligand sets, and therefore they are nowadays con-
sidered as freely adjustable parameters for the system of interest, inferring that different
systems may need different parametrizations. This was recently confirmed in an exten-
sive LIE study by van Dijk et al. on ligand binding affinity calculation for Cytochrome
P450 19A1 (CYP 19A1) [12]. Using a structurally diverse set of 132 CYP19A1 binders
with consistently determined experimental estimates for Δ𝐺𝑏𝑖𝑛𝑑, van Dijk showed that
separate local LIE models (with different values for 𝛼, 𝛽 and off–set parameter 𝛾) were
needed to describe binding affinity for the complete dataset within experimental accu-
racy. For this purpose, a semi–automated machine learning approach was introduced to
deduce a minimal set of (3) local LIE models based on computed interaction energies,
protein–ligand interaction profiles and experimental Δ𝐺𝑏𝑖𝑛𝑑 values only [12].

From the above, parametrization remains essential yet elusive and should be per-
formed for a particular system. Obviously this requires the availability of sufficient
training data and preferably one would be able to define the applicability domain of the
resulting model, in terms of the used simulation and calibration data, as discussed in
the following section.

Table 2.2: General value for LIE parameter 𝛽, together with applied correction per functional group as
occurring in the ligand of interest, according to Almlöf et al. [20]

Ligands Coefficients
All +0.43
Alcohols –0.06
Amines –0.04
Amides –0.02
Carboxylic acid –0.03
Anions +0.02
Cations +0.09

2.3. Applicability Domain (AD) analysis

L IE theory is derived from free energy perturbation theory (Section 2.1). Hence, es-
pecially when considering trained models for structurally diverse compounds, there

is a need to have a measure available to estimate the reliability of a prediction for a new
compound with unknown binding affinity. Inspired by the applicability domain analy-
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sis (ADAN) approach of Pastor and co–workers to define the domain of applicability
of ligand–based QSAR models [10], Capoferri et al. recently proposed an AD analy-
sis strategy for LIE [11]. For that purpose, he employed a relatively large set of (57)
structurally–diverse training and test compounds to explore the possibility to define the
AD of a Cytochrome P450 1A2 model in terms of five metrics. To estimate the reliability
of a given prediction, these metrics or confidence indices are used to evaluate the similar-
ity of a query ligand (for which Δ𝐺𝑏𝑖𝑛𝑑 is to be predicted) with the model’s training set.
This is not only evaluated in terms of structural similarity (according to Tanimoto scores)
and computed Δ𝐺𝑏𝑖𝑛𝑑 (compared to the spread in data used for calibration), but also in
terms of the characteristics of the protein–ligand interactions. For the latter purpose,
Mahalanobis distance and (two) principal–component analyses are performed to enable
a quantitative comparison between the averaged and the most relevant per–residue van
der Waals and electrostatic interactions during MD of either the protein–bound query
or training compounds. With these metrics in hand and after splitting up the set of
ligands with known CYP1A2 binding affinity into a model training and test set (of 35
and 22 compounds, respectively), Capoferri et al. could successfully make a distinction
between accurate and inaccurate Δ𝐺𝑏𝑖𝑛𝑑 predictions for the test compounds by looking
at how many of the confidence metrics were violated per prediction [11]. A major aim
of Chapter 3 of this thesis is to evaluate the value of the AD assessment method in
an even larger real–life test case, as part of D3R Grand Challenge 2 to compute binding
affinities for 102 diverse binders to nuclear receptor FXR.

An important conclusion from Capoferri’s AD analysis was that the nature of the
protein–ligand interactions (in terms of averaged non–bonded energies and the involved
protein residues) were more relevant descriptors for the applicability domain of the LIE
model than the molecular structure of the ligands alone. In the LIE study of van Dijk
et al. mentioned in Section 2.2 [12], this finding was confirmed for local models that
were inferred for the set of 132 structurally–diverse CYP19A1 binders. By profiling and
comparing per–residue interactions as observed for the protein–ligand simulations used
for training, van Dijk showed differences in protein–ligand interactions among the three
local models inferred, while structurally related compounds were not necessarily part of
the same local model.

2.4. Inclusion of multiple binding modes using Boltzmann–
like weighting

S ome years ago, Stjernschantz and Oostenbrink [14] introduced an extended version
of the LIE method in which results from multiple MD simulations starting from

different protein conformations and/or binding orientations can be combined into a
single Δ𝐺𝑏𝑖𝑛𝑑 calculation. With this method, protein–conformational sampling and the
description of ligand–binding promiscuity can be improved when computing Δ𝐺𝑏𝑖𝑛𝑑 for
e.g. Cytochrome P450s or other flexible proteins that can bind their ligand in different
binding orientations. The contribution of an individual simulation 𝑖 that starts from
a given protein conformation and ligand–docking pose is scaled via Boltzmann–like
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weighting as follows:

𝑊𝑖 =
𝑒−𝐺𝑏𝑖𝑛𝑑,𝑖/𝑘𝐵𝑇

∑
𝑖 𝑒
−𝐺𝑏𝑖𝑛𝑑,𝑖/𝑘𝐵𝑇

(2.11)

with Δ𝐺𝑏𝑖𝑛𝑑,𝑖 the binding free energy calculated from simulation 𝑖 according to Equation
2.10. The individual weights are then used to calculate Δ𝐺𝑏𝑖𝑛𝑑 for a compound from
the 𝑁 different simulations via:

Δ𝐺𝑏𝑖𝑛𝑑 =𝛼
𝑁

𝑖
𝑊𝑖𝑉𝑣𝑑𝑤

𝑙𝑖𝑔−𝑠𝑢𝑟𝑟𝑏𝑜𝑢𝑛𝑑 −
𝑉𝑣𝑑𝑤

𝑙𝑖𝑔−𝑠𝑢𝑟𝑟𝑢𝑛𝑏𝑜𝑢𝑛𝑑


+ 𝛽
𝑁

𝑖
𝑊𝑖𝑉𝑒𝑙𝑒

𝑙𝑖𝑔−𝑠𝑢𝑟𝑟𝑏𝑜𝑢𝑛𝑑 −
𝑉𝑒𝑙𝑒

𝑙𝑖𝑔−𝑠𝑢𝑟𝑟𝑢𝑛𝑏𝑜𝑢𝑛𝑑


(2.12)

Because the weights 𝑊𝑖 are directly dependent on the values of 𝛼 and 𝛽, model
calibration based on experimental data has now to be performed using an iterative
fitting scheme [14]. Hence, this extended version of LIE is sometimes referred to as
iterative LIE.

This approach was first tested for thiourea binding to Cytochrome P450 2C9 and
provided a model with high accuracy when including simulations starting from multiple
ligand–binding poses, whereas experimental accuracy could not be obtained when using
a single MD simulation per compound [14]. Subsequently, model improvement was also
shown for thiourea binding to Cytochrome P450 2D6 by using not only different ligand
poses but also multiple protein starting structures for MD [15]. The method was further
extended by using multiple replicates per docking poses to further increase accuracy
[15]. Later, our group has successfully used this Boltzmann–weighting LIE scheme for
binding affinity prediction to e.g. CYP1A2 [11], JAK2 kinase [23] and FXR [24], and it
has been implemented in an automatic way in the eTOX ALLIES [23] and MDStudio
platforms [25] (Section 2.6). As part of these efforts, Vosmeer et al. applied a Fourier–
transform filtering strategy to detect stable regions in the interaction energy terms of MD
trajectory time–series [26]. Only segments with fluctuations smaller than a pre–defined
cut–off were subsequently used to average ligand–surrounding interaction energies over.
Using previously calculated Δ𝐺𝑏𝑖𝑛𝑑 data of Cytochrome P450 2D6 [16], this filtering
strategy was able to make LIE calculation slightly more accurate while potentially greatly
improving compute efficiency [26]. Note that Nunes–Alves and Arantes [27] used a
similar Boltzmann–weighting approach to incorporate multiple binding modes into their
binding affinity prediction using an implicit solvent model and they tested it on four
different receptors.

2.5. Selected model extensions

B elow selected extensions of the original LIE approach are discussed that aim to
compensate for the omission of explicit terms for the gain in water entropy or loss

in configurational entropy upon protein–ligand binding.
Based on a LIE study on hydration free energies, Carlson and Jorgensen [28] in-

troduced a term into Equation 2.10 (with additional empirical scaling parameter 𝛾) to
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represent a surface–accessible solvent area (SASA) contribution to calculated free ener-
gies. This 𝛾 parameter was zero in the initial studies of LIE [1, 8] and successfully used
in different systems, e.g., of sulfonamide inhibitors with human thrombin by using MC
simulations [29]. The equation after being modified is as follows:

Δ𝐺𝑏𝑖𝑛𝑑 =𝛼𝑉𝑣𝑑𝑤
𝑙−𝑠 𝑏𝑜𝑢𝑛𝑑,𝑖 − 𝑉

𝑣𝑑𝑤
𝑙−𝑠 𝑓𝑟𝑒𝑒 + 𝛽𝑉

𝑒𝑙𝑒
𝑙−𝑠𝑏𝑜𝑢𝑛𝑑,𝑖 − 𝑉

𝑒𝑙𝑒
𝑙−𝑠𝑓𝑟𝑒𝑒

+ 𝛾𝑉𝑐𝑎𝑣𝑏𝑜𝑢𝑛𝑑 − 𝑉𝑐𝑎𝑣𝑓𝑟𝑒𝑒
(2.13)

where the van der Waals and electrostatics terms are identical as in the original LIE
equation, while 𝑉𝑐𝑎𝑣 represents the energetic cost of ligand–cavity formation, which
is typically estimated from a SASA calculation. 𝛾 in the above equation should be
distinguished from the use of the off–set parameter as mentioned in Section 2.1. Several
groups also proposed different terms to be added to the original LIE equation, such as to
account for the insertion of the ligand in the receptor and solution [30], and to explicitly
include differences in the internal energy of the ligand bound in the protein and free
in solvent [31]. As previously argued by Stjernschantz et al. [32], such differences are
assumed to represent a similar correction for the change in entropy upon cavity formation
as the SASA term used by Carlson and Jorgensen. For that purpose, Stjernschantz et
al. explicitly introduced a term (with scalable parameter) for the change in ligand–
ligand intramolecular interaction energy upon binding, in a LIE study on MMP–3 and
ER𝛼 inhibitor binding. By including this term, Δ𝐺𝑏𝑖𝑛𝑑 predictions could be improved
and were significantly more accurate compared to the best scoring functions tested for
these systems of interest. In another effort, Oostenbrink combined LIE and one–step
perturbation (OSP) for Δ𝐺𝑏𝑖𝑛𝑑 calculation [33], where LIE accounted for the electrostatic
contribution to the binding free energy and OSP was used to consider the contribution
of forming the neutral state of the ligand. Furthermore, de Ruiter and Oostenbrink
[7] combined LIE with OSP, LRA and third power fitting (TPF, which is an alternative
method to calculate the electrostatic contribution to the free energy of binding using only
simulations from the neutral and charged states without assuming a linear response), to
improve Δ𝐺𝑏𝑖𝑛𝑑 prediction for trypsin inhibitors.

Recently, Durmaz et al. [34] proposed an extended LIE method by including not
only a term for (ligand) configurational entropy, but also for the mean potential energy
difference and for contributions of benzene ring and phenyl groups to binding affinity
(which was assumed to be needed for the specific application target), resulting in an
equation with four additional scalable parameters (denoted as 𝑋–𝑋):

Δ𝐺𝑏𝑖𝑛𝑑 =𝛼𝑉𝑣𝑑𝑤
𝑙−𝑠 𝑏𝑜𝑢𝑛𝑑 − 𝑉

𝑣𝑑𝑤
𝑙−𝑠 𝑓𝑟𝑒𝑒 + 𝛽𝑉

𝑒𝑙𝑒
𝑙−𝑠𝑏𝑜𝑢𝑛𝑑 − 𝑉

𝑒𝑙𝑒
𝑙−𝑠𝑓𝑟𝑒𝑒

+ 𝑋𝑉𝑝𝑜𝑡
𝑏𝑜𝑢𝑛𝑑 − 𝑉

𝑝𝑜𝑡
𝑓𝑟𝑒𝑒
 + 𝑋𝑇𝑆 + 𝑋𝛿𝑏𝑒𝑛𝑧 + 𝑋𝛿𝑝ℎ𝑒𝑛

(2.14)

This equation comprises identical van der Waals and electrostatic terms as in original
LIE [1], while 𝑉𝑝𝑜𝑡 represents the total potential energy of the system, 𝑇𝑆 is the product
of the temperature and entropy, and 𝛿𝑏𝑒𝑛𝑧 and 𝛿𝑝ℎ𝑒𝑛 represent the presence or absence
of benzene rings and phenyl groups, respectively. The ligand–configurational entropy
𝑆 is then estimated using a qualitative approximation of the entropy from MD or MC
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simulations [35]. In this approximation, several reference states (𝑖) are chosen represent-
ing mean–energy conformations. For each reference point, the fraction 𝑛𝑖𝑙 (which is the
number of simulated structures in which the ligand has a positional root–mean–square
deviation below a cut–off with respect to the reference point) / 𝑛𝑖 (total number of
simulated structure for the ligand) is used to estimate 𝑆 as follows:

𝑆 ≈ −𝑅 ln 
1
𝑃

𝑃

𝑖=

𝑛(𝑖)𝑙
𝑛(𝑖)  (2.15)

with 𝑅 the gas constant and 𝑃 the number of reference points [34, 35]. This approach
was tested for 31 structurally diverse ligands for the estrogen receptor 𝛼. The calculated
Δ𝐺𝑏𝑖𝑛𝑑 correlated accurately (with 𝑟 increased from 0.55 for traditional LIE to 0.82).

2.6. Available tools for LIE

S everal software modules or packages (Table 2.3) are available that can be used to
facilitate LIE modeling, such as the built–in package gmx lie within GROMACS [36–

38] which can be used to estimate free energies of binding based from interaction energy
term analyses. The Free Energy Workflow (FEW) [39, 40] tool also enables LIE (as well
as MM–PB(GB)SA and TI) calculations by facilitating setup and execution within the
AMBER suite [41, 42]. Q [43, 44] can semi–automatically perform LIE and FEP cal-
culations, and is also assisted with a Graphical User Interface (GUI) [45]. CaFE [46]
specializes in calculating Δ𝐺𝑏𝑖𝑛𝑑 by using end–point methods, i.e., LIE and MM/PBSA.
FESetup [47] can facilitate alchemical free energy simulations and also provides the
ability to perform LIE and MM/PBSA calculations. Liaison (Linear Interaction Approxi-
mation in Implicit SOlvatioN) from Schrödinger also facilitates LIE calculations by using
the LIE–SGB method of Jorgensen et al. [48] to calculate Δ𝐺𝑏𝑖𝑛𝑑. However, Liaison was
no longer supported from version 2015. Desmond [49, 50] from Schrödinger can also
be used to extract ligand–surrounding interaction energies from MD simulations. Our
eTOX ALLIES pipeline [23] is developed within the IMI–JU eTOX project as a part of
eTOXlab [51], and the models resulted are used for Δ𝐺𝑏𝑖𝑛𝑑 prediction in eTOXsys [52].
eTOX ALLIES enables automated training and use of LIE models and associated AD
analysis, and LIE calculations in eTOX ALLIES can be based on inclusion of multiple
binding modes and/or protein conformations as input for the MD simulations [23]. Re-
cently, we have made such LIE workflows also available within our modular and flexible
MDStudio workflow management system [25].
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Table 2.3: Selection of available tools to perform LIE calculations. *These tools (may) require AMBER,
a commercial software.

Software Operating
system

Free / com-
mercial Requirement Type

gmx lie Windows,
Linux, MacOS Free GROMACS Program in simu-

lation software

FEW Windows,
Linux, MacOS Free* AMBER, AM-

BERTools Perl script

Q Linux, MacOS Free – Simulation soft-
ware

CaFE Windows,
Linux, MacOS Free VMD Tcl scripts

eTOX
ALLIES

Windows,
Linux, MacOS Free

– (all required
softwares are
in the VM)

Python scripts in
VM environment

FESetup Windows,
Linux, MacOS Free*

GROMACS,
AMBER, Sire,
NAMD

Shell script

Liaison Windows,
Linux, MacOS Commercial Schrödinger

suite Software

Desmond Windows,
Linux, MacOS Commercial Schrödinger

suite Software

2.7. Selected application studies

B esides being used in Δ𝐺𝑏𝑖𝑛𝑑 calculation for the purpose of e.g. lead generation
or off–target protein binding prediction, docking, MD, and LIE can be fruitfully

coupled for other purposes as well [53]. To illustrate this, some of these applications are
shortly discussed below in the context of using LIE to point out favorable binding modes
that would be in agreement with available experimental data. For example, Luzhkov
et al. [54] performed LIE calculations in the system of KcsA potassium channel and
tetraethylammonium (TEA). Several binding poses from docking were subjected to LIE
modeling. The poses that showed a dissociation constant in correspondence with the
experimental data were predicted as the most stable and to be involved in favorable
complex formation. This result was found to be in agreement with the later resolved
crystal structure of KcsA with tetrabutylantimony [55, 56].

The same strategy was performed in the study undertaken by Sanz and co–workers
[57] who investigated previously reported putative agonist binding sites of human A1
adenosine receptor [58] with docking and LIE calculations, and they linked it to known
experimental mutagenesis data for four agonists. Two suggested binding modes were
examined by preliminary docking, suggesting that no more binding modes needed to
be inspected further except the reported two. The study resulted in one protein–ligand
binding position that gave the most resembling Δ𝐺𝑏𝑖𝑛𝑑 value when compared to experi-
mentally observed affinities, strengthened by the fact that the respective binding mode
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superposition of the four ligands was better compared to the alternative binding modes.
In case of proteins that can bind ligands in multiple orientations, preferable binding

mode prediction might be challenging. In principle, this is dealt with for flexible and/or
promiscuous proteins by the use of the weighting scheme as proposed by Stjernschantz
and Oostenbrink [14] and as discussed in Section 2.4. Besides calculating Δ𝐺𝑏𝑖𝑛𝑑 with
the inclusion of several binding poses in LIE, they also showed that the probability of
a binding pose to occur can be predicted by inspecting the weighting values obtained
from Equation 2.11. In Chapter 4 we aim to verify obtained weights for binding poses
of Sirtuin 1 ligands by comparing it to the most probable binding pose derived from
co–crystallized structures.
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