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Abstract

Protein-protein interactions are governed by the change in free energy upon binding,
∆G=∆H −T∆S. These interactions are often marginally stable, so one must examine the
balance between the change in enthalpy, ∆H , and the change in entropy, ∆S, when inves-
tigating known complexes, characterizing the effects of mutations, or designing optimized
variants. In order to perform a large-scale study into the contribution of conformational en-
tropy to binding free energy, we developed a technique called GOBLIN (Graphical mOdel
for BiomoLecular INteractions) that performs physics-based free energy calculations for
protein-protein complexes under both side-chain and backbone flexibility. GOBLIN uses
a probabilistic graphical model that exploits conditional independencies in the Boltzmann
distribution and employs variational inference techniques that approximate the free energy
of binding in only a few minutes. We examined the role of conformational entropy on a
benchmark set of more than 700 mutants in eight large, well-studied complexes. Our find-
ings suggest that conformational entropy is important in protein-protein interactions—the
root mean square error (RMSE) between calculated and experimentally measured ∆∆Gs
decreases by 12% when explicit entropic contributions were incorporated. GOBLIN mod-
els all atoms of the protein complex and detects changes to the binding entropy along the
interface as well as positions distal to the binding interface. Our results also suggest that a
variational approach to entropy calculations may be quantitatively more accurate than the
knowledge-based approaches used by the well-known programs FOLDX and ROSETTA—
GOBLIN’s RMSEs are 10% and 36% lower than these programs, respectively.
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1 Introduction

Cellular processes, including regulation, signaling, transport, and catalysis, are mediated by the

physical interactions between molecules. These interactions, in turn, are largely governed by

changes in free energy upon binding, ∆G = ∆H − T∆S. Here, T is the absolute tempera-

ture, while ∆H and ∆S are the changes in enthalpy and entropy due to binding, respectively.

The magnitude of the change in free energy is generally small, meaning that relatively small

changes in either ∆H or ∆S (e.g., due to mutation) may change the sign of ∆G, thus turning a

thermodynamically favorable interaction into an unfavorable one, or vice-versa. Consequently,

it is important to examine both enthalpy and entropy when studying known protein-protein in-

teractions, their sensitivity to various mutations (i.e., ∆∆G), or in the design of variants with

improved or novel properties.

There are numerous challenges encountered when attempting to study free energy changes

using all-atom models of protein-protein interactions. Among these is the ability to accurately

account for changes in entropy. To see why, consider the definitions of enthalpy and entropy.

Mathematically, enthalpy is the expected internal energy: H =
∑

c∈C P (c)E(c). Entropy, on

the other hand, is the expected log probability: S = −kB
∑

c∈C P (c) logP (c). Here, C is

discrete set of conformations, P (c) is the probability mass associated with conformation c, at

equilibrium, and E(c) is the internal energy of conformation c. In this paper we assume that

the elements of C correspond to the conformations that can be realized after discretizing each

internal degree of freedom in the system (e.g., torsion angles). Thus, the cardinality of C is

exponential in the number of internal degrees of freedom.

Enthalpy and entropy are both functionals over C and are therefore intractable to compute,

exactly, because they involve evaluating a function for each element of C. SinceH and S cannot

be computed exactly, in general, we must consider approximations. The most common approx-
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imation for H is to use E(c∗), where c∗ is a global minimum energy conformation (GMEC) in

C (assuming, of course, c∗ is known or can itself be estimated). The use of E(c∗) instead of H

can be justified by appealing to Boltzmann’s law, P (c) = exp
(−E(c)
kBT

)
/Z, which characterizes

the probability distribution over conformations at equilibrium (the Boltzmann distribution) in

terms of internal energies. The law implies that any conformation with higher internal energy

than c∗ will be exponentially down-weighted in H , and so it is reasonable to assume that the

expected internal energy is approximately equal to E(c∗).

Unfortunately, the GMEC alone is not sufficient for approximating the entropic term be-

cause we must know its probability, not just its internal energy. The conversion of energies into

probabilities is done through the partition function, Z, whose calculation involves a summation

over all conformations because Z =
∑

c∈C exp
(−E(c)
kBT

)
. While it may be tempting to assume

that P (c∗) ≈ 1.0 (or some other large probability), this assumption is only valid at temperatures

at (or near) zero degrees Kelvin. Moreover, as P (c∗) approaches 1, S approaches 0, which

is equivalent to approximating G with E(c∗). We will show that such approximations yield

sub-optimal results, when predicting binding free energies.

In practice, the entropic contribution to the free energy is usually approximated in one of

two ways. The first approach involves extensive sampling of conformations (e.g., via Molecu-

lar Dynamics simulations [1, 2, 3, 4]), from which approximate entropies and/or enthalpies are

derived. The second approach applies a statistical correction factor to the internal energy of the

GMEC to account for such things as a change in overall volume (e.g., [5, 6, 7, 8]). Sampling-

based strategies are generally too expensive for a number of important applications, such as

protein design, where many unique amino acid sequences must be considered. Statistical meth-

ods, on the other hand, while computationally expedient, typically ignore subtle yet important

details of the interactions between atoms, and are thus subject to both over- and underestimating

entropic effects. Indeed, it has been argued [9, 10] that statistical approaches have difficulties
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estimating the change in entropy upon binding.

In order to perform a large-scale investigation into the effects of entropy on protein-protein

interactions, we developed a novel approach, called GOBLIN (Graphical mOdel for BiomoLec-

ular INteractions). GOBLIN treats free energy calculations as a variational inference problem

on a graphical model of the Boltzmann distribution over conformations. A graphical model is a

factored encoding of a multivariate probability distribution (in our case, the Boltzmann distribu-

tion). Our approach has both representational and computational advantages in that it encodes

an exponentially large number of conformations in a linear amount of space, and doesn’t re-

quire sampling in order to estimate the free energy of binding. In particular, GOBLIN performs

free energy calculations in a few minutes. GOBLIN is a physics-based method because internal

energies are computed using a standard molecular-mechanics force field, and the probability of

any given conformation satisfies Boltzmann’s law.

We use GOBLIN to study the role of conformational entropy in protein-protein interactions

on a benchmark set of more than 700 mutants. We find that conformational entropy plays

an important role in such interactions. Specifically, we show that the root mean square error

(RMSE) between GOBLIN-calculated and experimentally measured ∆∆Gs is approximately

12% (resp. 9%) smaller than the RMSE obtained when using GOBLIN-calculated ∆∆H (resp.

∆∆E) as a surrogate for ∆∆G. GOBLIN provides mechanistic insights into protein-protein

interactions by quantifying the change in enthalpy and entropy upon binding for each residue in

the complex. That is, GOBLIN makes it possible to examine how a loss in entropy in the binding

interface can be compensated for by the change in enthalpy and, significantly, by free energy

changes elsewhere in the protein. Finally, we show that GOBLIN’s approach to performing free

energy calculations outperforms the well-known programs FOLDX [11] and ROSETTA [12].

In particular, GOBLIN achieves an RMSE of 1.6 kcal/mol, which is 10% lower than FOLDX

and 36% lower than ROSETTA. This is significant because FOLDX and ROSETTA employ
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knowledge-based entropy calculation, suggesting that a graphical model based approach to free

energy calculations may capture effects that are missed by statistical approaches.

2 Materials and Methods

Data Preparation

The atomic coordinates for each complex were obtained from the PDB. Hydrogen atoms were

then added using the REDUCE software program [13]. In order to compute ∆∆G, we also need

the structures of the individual partners. As is common in high-throughput approaches (e.g.,

[12, 11]), we assumed that the native backbone in the complex is also a good approximation

for the apo and holo backbones of the engineered proteins. Thus, at the end of this process, we

have generated plausible structures for the apo and holo forms of the engineered structures.

Backbone ensembles for the complexes were generated using the -backrub [14] option

of Rosetta. The method performs independent Monte Carlo simulations with “generalized-

backrub” moves and selects the lowest energy structure found in each simulation. When using

the backrub option, we allowed all residues whose Cα atoms were within 6 Å of the mutated

position (the distance suggested by [14]) and ran 104 Monte Carlo steps within each simulation.

Markov Random Field Models of Protein Complexes

GOBLIN uses a Markov Random Field (MRF) to encode a Boltzmann distribution over a set C

of possible complex structures. Figure 1 illustrates an ensemble of structures of a protein and a

protein complex and fragments of MRFs encoding the corresponding ensemble.

Markov Random Fields. A Markov Random Field M is a pair (G,Φ), where G = (X, E)

is an undirected graph over a set of random variables, X = {X1, . . . , Xn}, with edges E , and
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Φ = {φ1, φ2, ..., φm} is a set of functions (popularly called factors) over the nodes and edges of

the graph, such that m = n + |E|. The semantics of each edge e ∈ E ⊆ {{u, v} | u, v ∈ X} is

that u and v are statistically dependent random variables.

Given G and Φ, the Hammersley-Clifford theorem [15] states that, provided each φi is a

positive function, the probability of a specific assignment to the random variables, X = x, can

be written as:

P (X = x) =
1

Z

∏
φi∈Φ

φi(x) (1)

where Z is the partition function:

Z =
∑

X

∏
φi∈Φ

φi(x). (2)

Thus the probability of a given state is simply the product of the functions, suitably normalized.

We have previously described the construction of MRFs for monomers [16, 17]. We extend

that approach here to represent protein complexes and to account for backbone flexibility.

Side-chain variables. The first set of variables in our MRF, Xs, represents side-chain flexibil-

ity. We employ the rotamer library of Dunbrack and co-workers [18] to define a discrete set of

possible side-chain conformations, which we then model with multinomial random variables.

Let Xs = {Xs1, . . . , Xsn} denote such a set of n multinomials, one for each residue, indicating

the chosen rotameric state. Then Xs can be thought of as a random variable over the side-chain

portion of C, and the assignment X = xc ∈ C corresponds to a specific conformational state of

all side-chains for a fixed backbone.

Backbone variable. An additional variable Xb represents backbone flexibility. As with side-

chains, we consider a discrete sampling of backbone conformations, and model them with a
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multinomial random variable. While any sampling method could be used, the results present

those generated by BACKRUB motions [19]. For one of our outliers, we also generated back-

bones by molecular dynamics, as described in a later section.

Boltzmann distributions. Boltzmann’s law describes the probability distribution over C at

equilibrium. Let us first consider a fixed backbone b. The probability that side-chains Xs occupy

a state xs with internal energy Eb(s) is:

P (Xs = xs|Xb = xb) =
1

Zb
exp

(
−Eb(s)
kBT

)
(3)

where

Zb =
∑

xs

exp

(
−Eb(s)
kBT

)
(4)

with kB for Boltzmann’s constant, T for the absolute temperature in Kelvin. Here Eb(s) is the

internal energy of xs in backbone b.

To account for the backbone variable, we express the total energy Ec = Eb + Eb(s), and

then define the joint distribution and the partition function via the chain rule:

P (X = xc) =
1

Zconf

exp

(
− Ec

kBT

)
= P (Xb = xb)P (Xs = xs|Xb = xb) (5)

with

Zconf =
∑

xc

exp

(
− Ec

kBT

)
=
∑
xb

∑
xs

exp

(
−Eb + Eb(s)

kBT

)
=
∑
xb

exp

(
− Eb
kBT

)
Zb (6)

where Zb is calculated according to Eq. 4 and Zconf is the partition function over the conforma-

tional degrees of the protein alone (i.e., without solvent).
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Graph structure. We place an edge between nodes for side-chain variables if their Cα atoms

are within a cutoff distance d. In our experiments, we set d to 10 Å, the value used by ROSETTA.

Consequently, the resulting graph for n residues has O(n) edges (due to packing arguments),

and if there are at most k rotamers per residues, this portion of the MRF encodes O(kn) unique

conformations in O(kn) space.

The node for the backbone variable is connected to all the side-chain nodes.

Graph potentials. By choosing the potentials Φ in terms of Boltzmann factors, we can di-

rectly model the Boltzmann distribution. That is,

φi(xφi) = exp

(
−E(xφi)

kBT

)
(7)

where xφi is the set of atoms that serve as arguments to φi, and E(xφi) is the potential energy

of those atoms as defined by a molecular mechanics force field. In principle, any force field can

be used; we use an implementation of the one ROSETTA uses in computing ∆∆G [12], which

is composed of the following terms:

• Eljatr andEljrep , the attractive and repulsive parts of a 6–12 Lennard-Jones potential, used

to model van der Waals interactions as computed by [20];

• Ehb , the hydrogen bond energy, as computed by ROSETTA [21].

The parameters that define each individual term (atomic radii, etc.) were obtained from the

soft-rep setting of ROSETTA since previous studies [22] have indicated that it is better suited

for computations with discrete conformations. When combining multiple force-field terms, it is

common [12] to parameterize the individual contribution of each term to the total energy using

a weight for each individual term. Following this, we define parameters wljatr , wljrep , whb that

will be learned from training data, as described in a later section.
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MRFs of apo and holo forms. The binding free energy of a protein complex is the difference

between the free energies of the apo (unbound) and the holo (bound) forms. To compute this, it

is therefore necessary to model both the apo and the holo forms. Thus, for a complex involving

molecule A and B, we construct three separate MRFs: (i) one for the holo form, (ii) one for A

in isolation, using the backbone of A from the holo form, and (iii) one for B in isolation, using

the backbone of B from the holo form.

MRFs of mutants. Separate MRFs are constructed for each mutation considered. This is

done by performing an in silico mutation to the PDB structure, and constructing a new MRF

accordingly.

Free Energy Calculations by Probabilistic Inference

The GOBLIN MRF provides a compact encoding of the Boltzmann distribution over the confor-

mation space C. In general, the free energy of a physical system is related to the Boltzmann

distribution by way of the partition function: G = −kBT logZ, whereZ is the sum of the Boltz-

mann factor in all states of the system. For GOBLIN, Z (Eq. 6) is the sum of the Boltzmann factor

over each conformation in our discretized representation of backbone and side-chain flexibility.

The task of probabilistic inference is to compute the probability of an event of interest.

Since the unnormalized probability (i.e., the Boltzmann factor) is easy to compute in an MRF,

the main task of probabilistic inference in such models is computing the normalizing constant—

the partition function Z. This is computationally intractable in the general case [23]. However,

the machine learning community has developed a number of efficient algorithms for performing

probabilistic inference in MRFs, and shown their equivalence to specific free-energy approxi-

mations introduced by statistical physicists [24, 25, 26, 27]. We use such an approach here.

8



Belief propagation. We employ a variational inference technique called loopy belief propaga-

tion in order to compute an approximation to the partition function, and hence the free energy.

Loopy belief propagation [28] is a variant of Pearl’s belief propagation (BP) algorithm [29],

which has been shown to be equivalent to the Bethe approximation [24] of the free energy.

Since the Bethe approximation of the free energy can be written as a function of single vari-

able and pairwise marginal probability distributions, BP approximates these marginals (called

“beliefs”, leading to its name) thereby approximating the global partition function.

The working of BP and its connections to the Bethe Free energy have been explored in

great detail elsewhere (cf. [30]). The interested reader is directed to the appendix for a detailed

example of how the algorithm works. Briefly, each node in the graph keeps track of its own

marginal probability distribution (i.e., belief), starting from the prior (in our case, this is the

statistical prior provided by [18]). Message passing is performed between nodes, with each

node updating its own beliefs based on the beliefs of its neighbors in the graph and the value

of the potential function relating them. When the algorithm converges, the final beliefs can

be used to obtain approximations for various quantities of interest, including the enthalpy (H),

entropy (S), free energy G = H − TS, and partition function Z = exp ( G
−kBT

). In particular,

if bi(xφi) is the BP-computed belief (i.e., approximate marginal) that atoms associated with the

ith factor are in conformation xφi ∈ Xφi , then the Bethe approximation to the free energy can

be computed as G = H − TS where

H = −
∑
i

∑
xφi∈Xφi

bi(xφi) log φ(xφi) (8)

S = −
∑
i

∑
xφi∈Xφi

cibi(xφi) log bi(xφi) (9)

where ci = 1 if φi corresponds to an edge and 1 − |Nbrs(i)| if φi corresponds to a vertex and

|Nbrs(i)| is the number of its neighbors in the graph G[16]. The bethe approximation to the
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partition function can then be computed as Z = exp (−G).

BP is exact and efficient (i.e., runs in polynomial time) in the case of trees. While there are

no guarantees for loopy BP in general graphs (like those in GOBLIN), we have always found it to

converge in practice. When estimating binding free energies, BP is invoked to compute residue-

specific marginals in the bound and unbound forms (e.g., Fig. 3). A change in marginals,

naturally, corresponds to a chance in enthalpy and entropy, and thus free energy.

Accounting for discretization. There is a subtle, yet important, issue associated with dis-

cretizing the conformational space C. The use of discrete rotameric states is well-founded

(cf. [18, 31, 32]), and poses no particular challenge when performing tasks such as side-chain

placement, i.e., finding the single most energetically favorable side-chain conformation [33, 34,

35, 18]. The issue arises when using these libraries to compute free energies.

To understand the problem, let us consider an imaginary protein with exactly one residue

whose side-chain atoms occupy some finite space but are otherwise unconstrained; i.e., the

energy is E, regardless of conformation. This protein has a physically measurable (and finite)

amount of conformational entropy. Now suppose we discretize the conformation space into n

rotamers, each representing an equal fraction of the space; i.e., with probability 1/n. We then

compute the free energy in this discrete model as:

Gdiscrete = H − TSdiscrete

= 〈E〉 − kBT
n∑
i=1

− 1

n
log

(
1

n

)
= E − kBT log(n)

where we used the relation between the thermodynamic entropy S and the Shannon Information

entropy [36, 37].
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Thus as the granularity of the discretization increases, the discrete entropy increases; as

n −→∞, we see that Sdiscrete −→∞, completely unconnected to the finite physically measur-

able value.

We note that this problem is an artifact of the discretization of the probability distribution

and does not occur in other, continuous, treatments [38]. This artifact of discretization arises in

many scenarios, most notably for our purposes in information-theoretic treatments of statistical

physics [37, 39]. Fortunately, a solution to this problem is available, which to the best of

our knowledge is due to E.T. Jaynes [37]. By using a measure (i.e., a possibly unnormalized

probability distribution) m over the space and replacing the discrete entropy by the relative

entropy we obtain a quantity that behaves correctly in the limit.

To correctly handle the discretization of side-chains, we use the statistical prior provided by

our rotamer library [18] as the measure. In the case of a fixed backbone, we then compute the

relative entropy Rb as:

Rb = −kB
∑

Xs

P (Xs|Xb) log
P (Xs|Xb)

m(s)
= −

∑
Xs

(P (Xs|Xb) logP (Xs|Xb)− P (Xs|Xb) logm(Xs))

And by replacing the entropy with the relative entropy, we compute free energy as:

Gb =
∑

Xs

P (Xs|Xb)Eb(s) + kB
∑

Xs

(P (Xs|Xb) logP (Xs|Xb)− P (Xs|Xb) logP (m(Xs)))

(10)

=
∑

Xs

P (Xs|Xb)(Eb(s)− kB logm(Xs))− kB
∑

Xs

P (Xs|Xb) logP (Xs|Xb) (11)

In other words, the move from the discrete entropy to the discrete relative entropy can be

made by adding to the energy function (Eq. 12) a term wrotErot , where the energy Erot =

−kB logm(Xs). The total energy of a conformation according to GOBLIN’s force-field is thus:
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Egoblin = wljatrEljatr + wljrepEljrep + whbEhb + wrotErot (12)

A similar problem arises when summing over multiple backbone samples according to Eq. 6:

by increasing the number of backbone samples, the value of Z monotonically increases. For our

experiments we assumed that the conformational space is uniformly sampled, i.e., each back-

bone represents an equal volume of the conformational space. This is equivalent to assuming

a uniform prior measure m(Xb), and leads to an equation using this measure analogously to

m(Xs) in Eq. 11.

Computing conformational binding free energy. We can now describe how binding free

energies are computed. For a complex C = AB, if we assume that the free energy of the

unfolded state is expressible as a sum of single-body terms [12, 11], then we can compute the

conformational contribution to the binding free energy as:

∆Gconf (C) = Gconf (C)− (Gconf (A) +Gconf (B)) (13)

= kBT (logZconf (A) + logZconf (B)− logZconf (C)) (14)

We use belief propagation to compute conformational partition functions (and therefore, free

energies) for each of the apo MRFs (A and B) and for the holo MRF (C). ∆Hconf can be com-

puted in an analogous fashion by computing Hconf as the expected energy of the system using

the probabilities computed by Belief Propagation. Furthermore, we note that ∆Econf can also

be computed using a closely related algorithm to Belief Propagation, known as max-product

Belief Propagation that approximates the global minimum energy conformation (GMEC) [33].

Notice that m(Xb) terms for a complex and its partners cancel out while computing ∆G.

They therefore do not appear explicitly in our subsequent analysis.
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Computing changes in binding free energy upon mutation. The change in binding free

energy upon mutation, ∆∆G, is the difference between the binding free energies of the wild-

type and mutant forms. Thus for mutant protein Cmut and wild-type protein Cwt , we have

∆∆G(Cmut) = ∆∆Gconf (Cmut) + ∆∆Gsolvent ,protein(Cmut) + ∆∆Gcoop(Cmut) (15)

where

• ∆∆Gconf (Cmut) = ∆Gconf (Cmut)−∆Gconf (Cwt) is the change in conformational bind-

ing free energy on mutation (from Eq. 14);

• ∆∆Gsolvent ,protein = wSASA∆∆SASA accounts for interactions between the protein and

solvent and is proportional to the change upon mutation of the loss of solvent-accessible

surface area due to binding [11];

• ∆∆Gcoop = wcoopISAwt captures the contribution of loss of cooperativity (i.e., multi-

body interactions) due to mutations at the interface and is proportional to the area of the

interface [40].

Learning force field parameters against free energies

A molecular mechanics force-field consists of: (i) a defined set of atom types; (ii) a function

defining the internal energy of the system; and (iii) a set of parameters. It is common [11, 12, 40]

to take the atom types and energy functions as fixed, but to adjust the parameters for a particular

type of study.

A commonly used strategy for optimizing force field parameters is to minimize the sum

of the squared errors between predicted and experimentally measured internal energies using

fixed structures. In contrast, we consider the problem of minimizing the sum of of the squared
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errors in free energies, as computed using MRFs. The two problems are fundamentally differ-

ent. In particular, whereas minimizing differences in internal energies gives rise to a simple

linear regression problem, minimizing differences in free energies is a complicated non-linear

regression problem involving the minimization of a functional (i.e., the partition function). We

developed a novel algorithm to solve this problem in an efficient albeit approximate manner.

Given a training set of experimentally measured ∆∆G values for N mutants of that com-

plex, along with the wild-type ∆G, consider the problem of learning force-field parameters to

minimize the mean square error (MSE) between predicted and observed ∆∆G. We do so by

adjusting the vector of weights w = [wljatr, wljrep, whbond, wrot, wsasa, wcoop] with which we

linearly combine the corresponding force-field terms.

In referring to the different observations and predictions, let us use superscripts e for exper-

imental and p for predicted, and subscripts i ∈ {1, . . . , N} for the various datapoints

This allows us to express the MSE as

mse =
1

N

N∑
i=1

(∆∆Gp
i −∆∆Ge

i )
2 (16)

To minimize MSE subject to w � 0 by gradient descent, we must compute the gradient

∇mse:

∇mse =
[ ∂mse

∂wljatr

,
∂mse

∂wljrep

, . . . ,
∂mse

∂wcoop

]
(17)

∀w, ∂mse

∂w
=

1

N

N∑
i=1

2 (∆∆Gp
i −∆∆Ge

i )

(
∂∆∆Gp

i

∂w

)
(18)

Using ∂Gconf
∂w

= 〈E〉c where 〈E〉c is the expected value of the corresponding force-field

terms over all xc using the current value of w, and the fact that the derivative of differences is

just the difference of derivatives, we have:
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∂∆∆Gp

∂w
=



∂∆∆Gpconf
∂w

= ∆∆〈Ei〉c, for w ∈ {wljatr , wljrep , whbond , wrot}

∆∆SASA, for wsasa

Iwt, for wcoop

(19)

respectively.

In the case of a fixed backbone, the expectation 〈E〉 is over just xs. In both cases the ex-

pectations, and thus the gradient, can be computed along with the free energy during inference.

Given this method of computing gradients, we performed gradient descent, updating the weights

w at iteration i using the following equation w(i+1) = w(i) − η∇mse where the step size η was

set to 0.05. To test for the sensitivity of our results to η, we experimented on one training set

with various values between 0.01 and 0.15. We found that the step size affected the rate of

convergence but had negligible effect on the final values indicating that the quality of results

aren’t sensitive to this parameter.

Given the enthalpies and free energies of each backbone trace, we can compute the free

energy of the entire distribution and its derivatives.

Software Packages

For our comparison studies, we used FOLDX version 3.0 and ROSETTA version 2.3. For

FOLDX, we prepared mutants using the BUILDMODEL option and computed binding free ener-

gies using the ANALYSECOMPLEX option as specified by the FOLDX manual. When using the

ROSETTA software program to compute binding free energies, we used the -analyze-interface

[12] flag according to the ROSETTA manual available on the ROSETTA commons webpage [41].
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Molecular Dynamics Simulations

Molecular Dynamics simulations were performed for the wild-type and the R21P mutant of

alpha-chymotrypsin (PDB ID: 1cho). The structures were prepared using the MAESTRO soft-

ware (Schrödinger Inc.) [42] and solvated using SPC water model in a rectangular box with a

buffer of 10 Å from the corners of the box. The system was first minimized until the root mean

square (rms) of the gradients was less than 0.01 kcal/mol. Each system was then equilibrated

using a standard protocol in MAESTRO. The protocol consisted of running a total of six suc-

cessive steps of energy minimization and small MD simulations to remove bad contacts, allow

solvent to equilibrate, and occupy vacuous regions in the solute. The MD simulations during

the equilibration process gradually raised the temperature to 300 K. During the final stages of

equilibration a small MD production run lasting 600 ps was carried out to ensure that the system

retained its overall stability. Subsequent production runs were carried out using NVE ensemble

using periodic boundary conditions using the DESMOND software package (version 2.2.7) [43].

For each system, a total of 6 ns sampling was carried out. Conformations were saved every 50

ps, accounting for a total of 3,000 conformers.

3 Results

We studied the importance of entropy on a database of 704 single-point mutants from eight

large and well studied complexes. For each of these mutants, the database contains the ∆∆Ge,

the experimental change in binding free energy upon mutation. The details of the datasets,

along with the Protein Data Bank (PDB) [44] ids of the wildtype complexes, are shown in

Table 1. Of these, the three largest datasets (wildtype PDB ids: 1sgr, 1cho, 1ppf) are from

the Kazal family of serine protease inhibitors [45] while the rest of the interactions are part of

an Alanine-scanning database previously used in [12] and [21]. We note that the amount of
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thermodynamic data available for protein-protein interactions is limited, and the database we

considered is among the largest of its kind.

The atomic coordinates for each complex were obtained from the PDB and converted into

probabilistic graphical models (PGM), which are used to perform free energy calculations.

Briefly, if X = {X1, ..., Xn} is a vector encoding the conformation of the protein (or protein

complex), each PGM encodes the distribution P (X) using a factored representation. By con-

struction, the probability of any particular conformation is inversely proportional to the expo-

nential of its internal energy, as computed using a molecular mechanics force field. Interaction

energies fall off quickly with distance leading to conditional independencies in the Boltzmann

distribution.1 GOBLIN takes advantage of these conditional independencies in its factorization,

which leads to a compact encoding of the joint distribution (Figure 1). This factorization also

leads to an efficient means for performing free energy calculations, and for optimizing force

field parameters against experimentally observed ∆∆G (see Methods).

For each complex C = AB consisting of proteins A and B, we construct three separate

PGMs (Figure 2). The first two PGMs model the Boltzmann distribution over the apo (un-

bound) conformations of A and B, and the third models the Boltzmann distribution over the

holo (bound) conformation. Loopy Belief Propagation [28] is then performed on each PGM to

compute the free energies GA, GB, and GC (i.e., before and after binding). The free energy of

binding is computed as: ∆G = GC − (GA +GB). Similarly, the change in binding free energy

upon mutation, ∆∆G, is computed by performing an in silico mutation, repeating the binding

free energy calculation, and computing the difference: ∆∆G = ∆Gmut − ∆G. ∆∆E values

were computed using max-product Belief Propagation that approximates the global minimum

energy conformation (GMEC).

We considered two scenarios. In the first scenario, the PGM models the Boltzmann distri-
1Two random variables X and Y are said to be conditionally independent, given Z, iff P (X, Y |Z) =

P (X|Z)P (Y |Z).
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bution over side-chain conformations, conditioned on a fixed backbone. Side-chains conforma-

tions are modeled using the backbone specific rotamer library described in [18]. The second

scenario models the Boltzmann distribution over both side-chain and backbone conformations.

Alternative backbone conformations were obtained using the BACKRUB method [14].

Computation of interaction energies employs a molecular mechanics force-field with weights

on different terms; GOBLIN learns those weights from a training set of ∆∆G data. We thus

formed 20 random partitions of the 704 mutants into 352 training structures and 352 testing

structures. The training structures were used to optimize the parameters of GOBLIN’s force-

field. The optimized parameters are shown in Table 2. We note that the parameters are opti-

mized to maximize predictive performance, and not necessarily for biophysical interpretability.

However, our optimized parameters are at least in part comparable to those in existing force

fields. Our weight for the Lennard-Jones term, for example, is comparable to the weight used

by Rosetta when modeling discrete rotameric states. Similarly, the weights on the SASA and

the Iwt terms are comparable in magnitude to [40]. The differences between our weights and

other force fields is likely due to both differences in training data and the fact that our method

models entropy explicitly, which leads to a different objective function. Our weight for hydro-

gen bonding is lower than expected. We note, however, that our method models solvent using

terms proportional to the SASA. The SASA term, in turn, partially accounts for hydrogen bond-

ing between solvent atoms and solvent-protein atoms. Thus, the weight on the hydrogen bond

term may be lower than might be expected if the solvent was modeled explicitly.

The trained model was used to predict the binding free energies for the test structures, and

to identify the GMEC. In what follows, all errors are reported as averages over the 20 partitions.

For comparison, we also used the programs FOLDX (version 3.0) and ROSETTA (version 2.3)

to compute binding free energies.

18



Changes in Entropy Upon Binding

We first consider the nature of the changes in entropy caused by binding, and the effects of

mutations on those changes. GOBLIN can compute detailed information on the changes in en-

tropy (and enthalpy) for each residue. For example, Figure 3 illustrates the change in marginal

over side chain configurations upon binding for residue Trp 304 in the HGH-HGHBP complex.

Notice that the dominant rotamer has just under 50% of the probability mass before binding and

that the rest of the mass is primarily distributed among four additional rotamers. After bind-

ing, there is a substantial shift in probability mass; the dominant rotamer now has almost 80%

of the probability mass, and most of the rest of the mass is distributed among two additional

rotamers. Figure 4-A visualizes GOBLIN’s predicted change in entropy upon binding for the

wild-type Human Leukocyte Elastase : Turkey Ovomucoid and the Human Growth Hormone :

Human Growth Hormone Binding Partner complexes. In these figures, the surfaces of the two

partners are shown in purple and yellow respectively. Spheres mark the Cα atoms of residues

that show a non-trivial change (absolute change in entropy≥ 0.1 kB units) in their entropy, with

red spheres for the largest change and blue for the smallest. Not surprisingly, all the interface

residues showed large decrease in entropy. More interestingly, the decrease in flexibility in the

interface affects the entropy of neighboring residues. In the HLE-OMTKY complex, Ser 214

of HLE showed lower entropy in the holo form than the apo form, despite being > 10 Å away

from the interface. In the HGH-HGHBP complex, these distal effects were stronger: Trp 86

and Glu 373 of HGH and Glu 373 of HGHBP (distances to interface: 17.2 Å, 12.9 Å and 12.9

Å resp.) all showing a non-trivial change in binding despite being far away from the interface.

These changes in entropy, which are unfavorable, are compensated by a corresponding decrease

in enthalpy, to make the binding favorable.

Figure 4-B shows the difference in binding entropy upon mutation (i.e., ∆∆S) for one

mutation from each of these two complexes: L18H of OMTKY and D171A of HGH. Again,
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the surface colors represent the two partners. All atoms of the residues showing a non-trivial

binding entropy difference with respect to the wild-type (∆∆S ≥ 0.1) are shown in spheres.

Of the distal residues from panel A, Trp 86 of HGH and Ser 214 of HLE show a non-trivial

change in entropy. In the former case, the change in entropy is actually positive (i.e., there is

less entropic cost to binding in the alanine mutant than the wild-type) while in the latter case

the change in entropy is negative. These results demonstrate that the distal entropic effects

on binding of a mutation can be different from those in the wild-type, underlining the need to

determine them accurately.

Quantitative Analysis

We next consider the quantitative accuracy of the free energy predictions, and the relative im-

portance of side-chain and backbone conformational entropies.

Effects of Side-chain Entropy

The quantitative accuracies of GOBLIN under the fixed backbone scenario are presented in Table

3. The row labeled “GOBLIN” reports the root mean squared errors (RMSE) between prediction

and observation for our method. The row labeled “GOBLIN-E” is the RMSE obtained when

∆∆Gconf is replaced with ∆∆Econf — the change in internal energy for the GMECs in the

apo and holo forms. The row labeled “GOBLIN-H” is the RMSE when ∆∆Gconf is replaced

with ∆∆Hconf , the expected energy averaged over the Boltzmann distribution, computed by ne-

glecting the entropic component of the free energy computed by Belief Propagation. GOBLIN’s

RMSE is 1.6 kcal/mol, which is 9% lower than GOBLIN-E (p < 0.05), and about 12% lower

than GOBLIN-H (p < 0.01). The drop in RMSEs persists when the 5th and 10th percentile of

errors are removed (final two columns), suggesting that the difference in accuracies is robust

to outliers. We conclude that entropic contributions play a significant role in protein-protein
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interactions, because ignoring them results in a significant increase in RMSE. We discuss the

errors in more detail below.

Table 3 also compares GOBLIN’s RMSE with that for the programs FOLDX and ROSETTA.

GOBLIN outperforms FOLDX by nearly 10% (p < 0.03), and ROSETTA by 36% (p < 6.8 ×

10−7). Significantly, GOBLIN continues to have lower RMSEs after removing each approach’s

least-accurate predictions, suggesting that the difference in accuracies is robust to outliers. In

particular, when the 5th (resp. 10th) percentile of errors are removed, GOBLIN outperforms

FOLDX by 11% (resp. 9%) (p < 0.01; resp. p < 0.08), and outperforms ROSETTA by 34%

(resp. 35%) (p < 1.5 × 10−5; resp. p < 2.2 × 10−4). Notice that the RMSE of FOLDX, which

uses a knowledge-based approximation of the change in entropy, is approximately the same

as GOBLIN-H, which ignores entropy altogether. These results suggest that GOBLIN’s varia-

tional approach to free energy calculations is superior to the knowledge-based methods used by

FOLDX and ROSETTA. The difference in accuracy is likely due to the fact that the variational

approach considers not only the direct effects of each mutation on the free energies, but also the

indirect effects on neighboring residues. Indeed, the very nature of Belief Propagation involves

diffusing information throughout the graphical model.

Figure 5 shows a scatter plot comparing GOBLIN’s predictions using the weights selected by

cross-validation on the entire dataset. The correlation coefficient (R2) across the entire dataset

was 0.56. Outlier elimination improved this substantially, to 0.66 without the top 5% outliers

and to 0.70 without the top 10% outliers. In comparison, the correlation coefficient for FoldX

was 0.52 and increased to 0.62 (resp. 0.67) after removing the top 5% (resp. 10%) outliers. The

corresponding values for Rosetta were 0.0, 0.06, and 0.15, respectively.

Errors for different residue types: Figure 6 (top and middle) show boxplots of the error in

prediction according to mutant and wild-type amino acids respectively. In each box, the central

red line is the median, the edges of the box are the 25th and 75th percentiles, the whiskers extend
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to the most extreme data points not considered outliers, and outliers are plotted individually with

red ‘+’ marks. Note that not all 20 amino acids were mutated in our dataset: some (Cys, Gly)

weren’t mutated at all and a mutation from Met occurred only once, while mutations from Lys

and Glu each accounted for about 12% of all mutations. The median signed error for most

mutant amino acid types is close to zero, with a few notable exceptions, namely Pro, Lys,

Asp, and Glu. Of these, mutations to and from Pro produced the highest errors. Indeed the

three largest RMSEs in the entire data set were all proline mutations. This is to be expected

since proline has an atypical backbone and a mutation to it can cause significant structural

changes. The median signed error for mutations to lysine was nearly 2.0 kcal/mol and mutations

to aspartic acid and glutamic acid had a larger spread in errors than other amino acids. These

errors were likely caused due to their charged nature, and the fact that our force field does

not presently account for electrostatics. Across the entire data set, GOBLIN’s error on charged

mutants was larger than on neutral residues, indicating the greater difficulty in modeling their

interactions.

Errors due to change in charge or volume: Tables 4 and 5 stratify the errors in terms of the

change in residue charge and volume after mutation, respectively. Relative to a global RMSE of

1.6 kcal/mol, certain kinds of mutations yield larger than average RMSEs, including: mutations

from one negatively charged residue to another; mutations from a neutral residue to a charged

residue; and mutations from a positively charged residue to a neutral residue. These errors

may reflect the fact that GOBLIN’s force field, like ROSETTA’s, does not explicitly account for

electrostatic interactions other than hydrogen bonds. Mutations from small to large residues,

and from large to either small or medium size residues are also associated with an increase in

RMSE (Table 5). This is to be expected given that our backbones were held fixed for these

experiments, and so no change is made to account for unfavorable packings. As explained

subsequently, the error in such cases improves upon incorporating backbone flexibility.

22



Errors in different complexes: Figure 6-bottom shows the breakdown of GOBLIN’s perfor-

mance across the eight datasets listed in Table 1 arranged in decreasing order of number of

mutants. In four of the eight complexes, GOBLIN’s error is around 1.5 kcal/mol or smaller. The

largest error is in 3hfm where the RMSE is nearly 3.0 kcal/mol, which is marginally better than

FOLDX’s RMSE, and previously published results using ROSETTA [12]. One possible reason

for such behavior might be due to conformational changes with distal effects, as suggested by

[46]. Additionally, the three programs (GOBLIN, FOLDX, and ROSETTA) assume that the apo

backbones of the proteins are similar to their holo forms. When this assumption is violated,

no program is expected to perform well, suggesting that it may be necessary to minimize the

structure of the apo forms, or use apo forms deposited in the PDB.

Outliers: Table 6 lists GOBLIN’s largest outliers (absolute error ≥ 5 kcal/mol). Four of the

nine involve a mutation to proline from arginine in the serine protease inhibitor. Prolines have

an atypical backbone, and often result in a substantial change in backbone configuration. Our

means for sampling backbones does not, in general, handle such changes well. Of the remaining

five outliers, four are mutants to the HyHEL-10 Fab-lysozyme complex (3hfm), a system that

is known to undergo large scale re-arrangements upon binding. Here, our assumption that the

apo and holo backbones are approximately the same is inappropriate. Moreover, one of these

mutations, K96A, has been postulated to result in a loss of a salt bridge [46]. The force-field

we currently use does not capture such interactions. The final outlier involves the loss of a

strong electrostatic interaction, which, as previously mentioned, is not presently implemented

in GOBLIN’s force field.

Effects of Backbone and Side-Chain Entropy

We next consider PGMs modeling Boltzmann distributions over both side-chain and backbone

conformations. Our expectation was that we would see a further reduction in RMSE, especially
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for disruptive mutations (e.g., those involving a large increase in the size of the side chain).

We generated a set of nine alternative backbone conformations using a Backrub-like method

developed by Kortemme and others [14] that is implemented in Rosetta. The method runs in-

dependent Monte-carlo simulations with “generalized backrub” moves and selects the lowest

energy structure from each simulation. Along with the native backbone, this gave us an ensem-

ble of ten backbones which is the size of the ensemble used by [14, 47] in their backrub studies.

We then re-optimized the parameters and re-computed RMSEs in a cross-validated fashion.

Surprisingly, as shown in Figure 7, incorporating backbone flexibility did not change the

prediction significantly in most cases. As expected, the error on incorporating disruptive mu-

tations (small→ large) decreases. However, on some other mutations, incorporating backbone

flexibility tends to increase RMSE slightly rather than decrease it (Tables 4 and 5). The over-

all test error using backbone flexibility increased slightly from the rigid backbone case, albeit

not significantly (p = 0.11), to 1.69 kcal/mol. This is still less than the RMSEs of FOLDX

and ROSETTA. We note that our data is dominated by mutations to alanines (a small residue).

GOBLIN tends to underestimate binding free energy in mutations from a large residue to a small

one, and does so to a greater degree when accounting for backbone flexibility. This partially

explains the increase in RMSE.

There are three cases where backbone flexibility does tend to decrease RMSE (Table 5):

when the wild-type residue is small, and the mutant is either medium or large, or when the

wild-type has neutral charge, and the mutant is positively charged. These reductions in RMSE

are due to more favorable enthalpies made possible through alternative backbones, as opposed

to an entropic contribution. There are some notable exceptions to this trend, as seen in Figure

7. For example, the incorporation of backbone flexibility in mutations L18G of the SGP B :

OMTKY complex and D101A of the HYHEL : HEL complex lead to more than 2 kcal/mol

reduction in error. In both cases, the improvement was caused by accounting for the increase in
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backbone entropy due to the mutation.

Further analysis from Molecular Dynamics simulations: To understand the cause of the

outliers in our predictions, we investigated one of our largest outliers: R21P mutant (outlier) of

the chymotrypsin : inhibitor complex (pdb id 1cho) by performing Molecular Dynamics simu-

lations on the wild-type and the mutant in explicit solvent. The molecular dynamics simulations

on the wild-type complex revealed a potential salt bridge between Arg 21 and Asp 35, and a

hydrogen bond between the backbone of Arg 21 and Phe 41. Upon mutation to proline, the sim-

ulation revealed that both of these bonds were lost, resulting in a loop displacing further away

from the serine protease inhibitor’s hydrophobic pocket. This movement resulted in additional

waters entering the binding site, further destabilizing the complex. This particular combination

of changes (backbone conformational changes due to proline mutation, the loss of a salt-bridge,

and solvent effects) explains why GOBLIN underestimates the change in free energy. In particu-

lar, the BACKRUB-generated backbone ensemble did not provide adequate sampling, GOBLIN’s

force-field doesn’t account for electrostatics and doesn’t explicitly model solvent.

To demonstrate the importance of backbone sampling, we replaced the BACKRUB-generated

backbones in the graphical model with the 3,000 backbones generated via MD. The modified

graphical model thus encoded a Boltzmann distribution over the side chains and this larger

backbone ensemble. We then re-computed the free energies. We note that the complexity of

performing this calculation scales linearly with the number of backbones, and is trivially dis-

tributed across a computer cluster. More importantly, there was a dramatic drop in error — from

≈ 8 kcal/mol to ≈ 1 kcal/mol. We note, however, that only 10 of the MD-generated backbones

had substantial probability mass. This suggest that it may be necessary to generate a signif-

icantly larger backbone ensemble for such outliers. As a control experiment, we performed

additional Molecular Dynamics simulations for L18GI, a mutation where GOBLIN was fairly

accurate in its prediction when using the BACKRUB ensemble (∆∆Ge: 6 kcal/mol, ∆∆Gp: 5.2
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kcal/mol). On this mutant, the prediction did not change appreciably (∆∆Gp: 5.4 kcal/mol).

This highlights the importance of obtaining a well-sampled ensemble of backbones when per-

forming free energy calculations of protein-protein complexes and suggests that when given

such a set of backbones, GOBLIN predictions can be substantially more accurate.

4 Discussion and Conclusions

The gain of inter-atomic interactions (hydrogen bonds, hydrophobic interactions, etc.) upon

binding generally promotes the interactions between proteins, due to an overall decrease in

enthalpy. These same interactions, however, also tend to decrease the entropy of the system,

which is unfavorable. The free energy of binding reflects the opposition of these two effects.

When the loss in entropy is more than compensated by the decrease in enthalpy, the interaction

is favorable. GOBLIN makes residue-specific predictions regarding the changes in enthalpy and

entropy upon mutation and binding. The results of our experiments are consistent with the idea

that entropic contributions are significant, and therefore should not be ignored when studying

protein-protein interactions. In particular, accounting for entropy results in a 9% to 12% de-

crease in RMSE, relative to an enthalpic or GMEC approximation, across a large benchmark

set of protein-protein interactions.

Free energy calculations are usually performed via Molecular Dynamics simulations or us-

ing a knowledge-based approach. Molecular Dynamics simulations are too expensive to employ

in large-scale studies, such as those considered here. Moreover, our experiments suggest that

even best-of-breed knowledge-based methods, like FOLDX, may not capture some of the subtle

interactions that affect entropy. GOBLIN introduces an effective alternative, which is to per-

form binding free energy calculations via variational inference. In terms of speed, GOBLIN runs

in a few minutes, facilitating large-scale studies. GOBLIN also achieves higher accuracy than
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FOLDX and ROSETTA. We believe that our variational approach to free energy calculations

is more accurate because it explicitly accounts for changes in conformational entropy at the

point of mutation and in the binding interface and, critically, because the Belief Propagation

algorithm propagates the effects of those changes to neighboring residues that aren’t directly

involved in the mutation/binding.

Our graphical model-based framework provides an effective means for optimizing force-

field parameters in a Bayesian fashion against experimentally measured changes in free ener-

gies. No other approach to free energy calculations provides this level of computational effi-

ciency without relying on knowledge-based approximations to the entropic factors. We note

that we have not been able to determine which complexes were used to optimize the force-field

used in the version of FOLDX we used in our experiments. Our data set is among the largest of

its kind, and so it is likely that there is substantial overlap between it and that used to optimize

FOLDX. That is, it is possible that our experiments may have applied FOLDX to some of its

own training data. This would tend to decrease FOLDX’s RMSEs, while GOBLIN’s RMSE are

cross-validated values.

Surprisingly, our experiments employing both backbone and side-chain entropy did not

yield lower RMSE than those employing side-chain entropy alone. This result can be explained,

in part, by the fact that our benchmark set contains relatively rigid complexes [45], but there

are a number of specific issues that should be addressed going forward. The first is that an

MD simulation of one of our outliers revealed the importance of electrostatic interactions that

are not presently modeled in GOBLIN’s force field. The MD analysis also revealed the impor-

tance of solvent effects. The graphical model used by GOBLIN can, in principle, be extended

to model explicit solvent. This can be accomplished, for example, by adding random variables

corresponding to the solvent molecules which then interact with the protein (forming hydrogen

bonds, etc.) in much the same way that the graphical model of the protein complex models the
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interaction between different molecules. Finally, the modified version of the graphical model in-

corporating the MD-generated backbone ensemble suggests that substantial reductions in error

can be obtained when a suitable collection of backbones is available. Obtaining such ensem-

bles remains a challenge, although recent developments in backbone sampling strategies (e.g.,

[48, 49]) are promising. Moreover, recent advances in MD techniques (e.g., [50, 43, 51, 52, 53])

have dramatically reduced the cost of performing such simulations. In some contexts, it may

be feasible to perform short simulations (like those performed here) in order to obtain a suit-

able ensemble of backbones for GOBLIN, rather than perform the long timescale simulations

required by MD-based free energy calculations.

GOBLIN represents an ensemble of conformations using an undirected probabilistic graph-

ical model. The size of the underlying ensemble is exponential in the number of residues.

Variational inference is then used to perform binding free energy calculations. Our experi-

ments were performed on complexes containing over 900 residues, and yet still run in minutes,

demonstrating the benefits of a variational approach to free energy calculations. GOBLIN builds

on previous applications of graphical models of all-atom structures (e.g., [33, 17, 16, 54]), but

also makes several significant contributions. GOBLIN is the first undirected graphical model

for studying all-atom protein-protein interactions. Algorithmically, our Bayesian approach to

parameter optimization is also the first technique capable of finding parameters that minimize

the difference between free energies, as opposed to internal energies (e.g., [22]).

There are number of algorithms for performing free energy calculations on graphical models

(e.g., [55, 56, 57, 30]). The interested reader is directed to [58] for a recent review. An alterna-

tive approach to inference, including the pioneering work of Lee and Levitt [59, 60], computes

estimates using a sampling scheme. Sampling is expensive, however, and so message-passing

algorithms on graphical models, like those used by GOBLIN present an attractive alternative.

We employed an algorithm called Belief Propagation [29], which computes the so-called Bethe
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approximation of the free energy [30] via a message-passing scheme. Recent work [61] has

shown that most message passing algorithms can be viewed as minimizing the divergence be-

tween the actual probability distribution and a family of suitably parametrized distributions. In

previous work, we have investigated the use of algorithms for computing rigorous upper and

lower bounds on the folding free energy using message-passing algorithms [62]. An interesting

direction for future work would be the use of these algorithms in the context of binding free

energies.

Finally, we note that one advantage of graphical models, versus tools like FOLDX and

ROSETTA, is that they can be used to explicitly model the joint distribution over protein se-

quence and structure (e.g., [63, 64]). Integrating GOBLIN with models of protein families [65]

and their interactions [66] would yield a framework for designing novel protein-protein inter-

actions by performing inference over both sequence and structure. This is an exciting direction

for future research.

Software GOBLIN is freely available to academic users in executable format and may be

obtained by contacting the corresponding author. An open source version of the software will

be released in the future.
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Tables

Table 1: Datasets for mutant protein-protein complexes.

Wt PDB id Partner A Partner B # residues in A and B # mutants in A, B
1sgr OMTKY SGP B 236 150,0
1cho OMTKY Chymotrypsin 291 170,0
1ppf OMTKY Human LE 274 170, 0
1a22 (AS) HGH HGHBP 429 34,29
1gc1 (AS) CD4 GP120 920 49,0
1dan (AS) BCF VII-A TF 587 20,23
1bxi (AS) E9 Dnase IM 9 212 30,0
3hfm (AS) HYHEL HEL 558 12,13

“AS”: alanine-scanning experiments

Table 2: Learned Force-field Parameters

Name Learned Value
wljatr 0.46
wljrep 0.70
whb 0.11
wrot 0.23 kcal mol−1

wsasa 0.027 kcal mol−1 A◦−2

wiwt 0.0006 kcal mol−1 A◦−2

Parameters corresponding to terms from ROSETTA’s force-field are dimensionless since the
corresponding force-field terms already have units of energy.
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Table 3: ∆∆G (kcal/mol) root mean squared errors.

Method Overall RMSE (std err) 95% RMSE (std err) 90% RMSE (std err)
GOBLIN 1.63 (0.06) 1.27 (0.05) 1.10 (0.04)
GOBLIN-E 1.80 (0.06) 1.40 (0.05) 1.22 (0.04)
GOBLIN-H 1.85 (0.09) 1.42 (0.08) 1.22 (0.07)
FOLDX 1.82 1.42 1.20
ROSETTA 2.54 1.92 1.68

Root mean squared error (RMSE) for GOBLIN, FOLDX, and ROSETTA. GOBLIN-E and
GOBLIN-H refer to the RMSE for the GMEC and enthalpy, respectively. The values for
GOBLIN and its variants are cross-validated test errors with the standard errors for these
estimates reported in parentheses. The final two columns are the RMSE after the 5% and 10%
worst outliers have been removed, respectively.

Table 4: RMSEs (kcal/mol) according to charge of amino acid: negative (D, E), neutral
(A, N, C, Q, G, H, I, L, M, F, P, S, T, W, Y, V), and positive (R, K). Values in brackets
indicate net change in RMSE upon incorporating backbone flexibility.

Wild-Type \Mutant Negative Neutral Positive
Negative 1.71 [0.02] 1.20 [0.05] 1.38 [0.03]

Neutral 2.40 [0.04] 1.56 [0.11] 1.85 [-0.21]
Positive 1.57 [0.22] 1.80 [0.05] 0.96 [0.3]

Table 5: RMSEs (kcal/mol) according to volume of amino acid: small (A, G, S), medium
(N, D, C, Q, E, H, I, L, K, M, P, T, V), and large (R, F, W, Y). Values in brackets indicate
net change in RMSE upon incorporating backbone flexibility.

Wild-Type\Mutant Small Medium Large
Small 0.75 [0.05] 1.57 [-0.29] 2.04 [-0.24]

Medium 1.47 [0.04] 1.64 [0.01] 1.45 [0.18]
Large 1.81 [0.35] 2.22 [0.05] 1.16 [0.44]
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Table 6: Outliers

Mutant Error (kcal/mol) Complex Possible Reasons
R21PI -7.68 1sgr Mutation to proline; solvent interactions
R21PI -7.37 1cho Mutation to proline; solvent interactions
Y50AH -7.08 3hfm Large-scale rearrangement [46]
R21PI -6.88 1ppf Mutation to proline; solvent interactions
K96AY -6.29 3hfm Large-scale rearrangement; loss of salt-bridge [46]
N32AL -5.47 3hfm Large-scale rearrangement [46]
Y33AH -5.46 3hfm Large-scale rearrangement [46]
D51AA -5.21 1bxi Loss of strong electrostatic interaction [67]
L18PI -5.10 1cho Mutation to proline; possible destabilization of complex
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Figure 1: Graphical models of protein complexes. (A) Turkey ovomucoid third domain.
(Left) Ensemble of backbones, with inset showing ensemble of side-chains for one backbone.
(Right) Graphical model of the backbone and side-chain ensembles. For visual clarity, only
the subscripts of the random variables are shown. The node labeled b corresponds to a ran-
dom variable over the backbone ensemble, while the remaining nodes correspond to random
variables over rotameric side-chain conformations. Edges capture intra-molecular interactions
(vdW, hydrogen bonds, etc.) with φ functions according to a molecular mechanics force-field.
The graphical model encodes a Boltzmann distribution over conformations in terms of the φ
functions. Dashed nodes and edges represent a subset of the positions and interactions in the
rest of the protein that GOBLIN models but have been omitted in this figure for simplicity. (B)
Complex of chymotrypsin with turkey ovomucoid third domain. (Left) Ensemble of backbones.
(Right) Graphical model. It combines the inhibitor model (red) with an analogous model for
chymotrypsin (blue), and introduces inter-molecular edges (purple) with φ functions for inter-
molecular interaction terms. This model encodes a Boltmann distribution over complex confor-
mations.
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Figure 2: Free energies in graphical models of protein complexes. (Top-left) Two separate
graphical models, A and B, encoding the wild-type apo forms of two proteins. (Top-right)
A graphical model, C, encoding the wild-type complex. Binding free energies are obtained
by computing the free energies of the three models, GA, GB, and GC , and then calculating
∆G = GC − (GA + GB). (Bottom-left, bottom-right) Graphical models of corresponding
mutant forms. The mutated position and the interactions that are affected by it are shown in
thick lines. While the energetic effect (via these interactions) is local, the entropic effect can
be distal. GOBLIN accounts for both effects by performing variational inference to compute
∆GA′ and ∆GC′ . ∆∆Gs are obtained by computing the binding free energy of the mutant,
∆Gmut = GC′ − (GA′ +GB), and then calculating ∆∆G = ∆Gmut −∆G.
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Figure 3: Effect of rotameric-occupancy due to binding. Change in rotameric probabilities
for Trp 304 in the HGH-HGHBP complex. Trp has 9 rotamers in the rotamer library we use, 3
for each of χ1 = {60◦,−180◦, 60◦} respectively. The blue bars show the rotameric occupancies
for the apo structure while the red bars show the occupancies in the holo structure. Upon
binding, the probability mass redistributes.
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HLE-OMTKY (wild-type) HGH-HGHBP (wild-type)

HLE-OMTKY (L18G mutant) HGH-HGHBP (D171A mutant)

Figure 4: Localized evaluation of change in entropy. (Top) Change in entropy upon binding;
(Bottom) Change in entropy upon mutation. (Left) HLE-OMTKY, wild-type and with L18G
mutation; (Right) HGH-HGHBP, wild-type and with D171A mutation. The surface color dis-
tinguishes the partners. Spheres mark Cα atoms of residues whose marginal entropy changes
by more than 0.1kB (yielding < 10% of the residues).
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Figure 5: Scatter plot comparing GOBLIN’s predictions with experimental values. The
correlation coefficient (R2) was 0.56 across the entire dataset. The nine worst outliers are
labeled with the mutation and chain id. When the worst 5% (resp. 10%) outliers are removed,
R2 = 0.66 (resp. R2 = 0.70).
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Figure 6: Characterization of prediction error. (Top) According to mutant residue type;
(Middle) according to wild-type residue type; (Bottom) according to complex (in decreasing or-
der by number of mutations). See text for an explanation of box plots. The error is actual minus
predicted, so positive indicates an under-prediction, while negative means an over-prediction.

47



Figure 7: Incorporation of backbone flexibility. GOBLIN prediction error with (y-axis) and
without (x-axis) backbone flexibility. Marked outliers indicate wild-type amino acid type,
residue position and mutant amino acid type.
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Appendix: Belief Propagation Example

Belief Propagation is a probabilistic inference algorithm that can be used to approximate the

free energy of a distribution. In the form being presented here, the algorithm keeps track of

marginal distributions (called “beliefs”) over variables (indexed with i) and edges (i, j). It must

be pointed out that the edges are undirected; (i, j) and (j, i) therefore refer to the same edge.

The notation used here is one of many equivalent alternatives [30, 68].

Messages are passed between variables and edges to update beliefs until convergence. These

messages at time step mt+1 are defined with respect to the beliefs at time step bt as follows:

1. The message from variable i to edge (i, j): mt+1
i→(i,j) = bti/m

t
(i,j)→i

2. The message from edge (i, j) to variable i: mt+1
(i,j)→i =

∑
j b

t
(i,j)/m

t
i→(i,j)

The beliefs themselves are a function of the current messages and are calculated as:

1. Belief of variable i, bti ∝ φi
∏

j∈N(i) m
t
(i,j)→i

2. Belief of edge (i, j) (joint belief over (i, j)): bt(i,j) ∝ φ(i,j)m
t
i→(i,j)m

t
j→(i,j)

Consider the toy Markov Random Field shown in figure 8. As stated previously in equa-

tion 7, the potential functions φ1, . . . , φ1,2, . . . are Boltzmann factors of the self and interaction

energies.

At t = 0, let us initialize all messages. The beliefs will then be proportional to the corre-

sponding potentials. After normalizing to ensure the beliefs sum to one, this results in

b0
1 = [ 0.5 0.5 ], b0

2 = [ 0.375 0.625 ], b0
3 = [ 0.5 0.5 ]

b0
1,2 =

 0.07 0.27

0.07 0.59

 , b0
2,3 =

 0.05 0.67

0.24 0.04

 , b0
1,3 =

 0.48 0.07

0.19 0.26
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Figure 8: Example Markov Random Field

In the next iteration of Belief Propagation, the messages will then be

m1
1→(1,2) = [ 0.5 0.5 ];m1

2→(1,2) = [ 0.5 0.5 ];m1
(1,2)→1 = [ 0.67 0.33 ];m1

(1,2)→2 = [ 0.13 0.87 ]

m1
1→(1,3) = [ 0.5 0.5 ];m1

3→(1,3) = [ 0.5 0.5 ];m1
(1,3)→1 = [ 0.56 0.44 ];m1

(1,3)→3 = [ 0.67 0.33 ]

m1
2→(2,3) = [ 0.38 0.62 ];m1

3→(2,3) = [ 0.5 0.5 ];m1
(2,3)→2 = [ 0.71 0.29 ];m1

(2,3)→3 = [ 0.29 0.71 ]

These can be used to compute the beliefs at iteration 1 and this process repeated until the

beliefs converge. In this case, using Eq. 8 and 9 at convergence yields G = −1.21. On this

model, exhaustive enumeration yields the exact value of the free energy: Gexact = −1.12. The

corresponding values for the partition function are Z = 3.3376, Zexact = 3.068.
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