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The COREX/BEST Algorithm

The COREX/BEST algorithm performs three tasks that are designed to overcome the computational
intractability of explicitly considering each permutation in a protein’s conformational manifold:

[. Enumeration of the Protein Ensemble

II. Defining the Relative Free Energies of Each State

III. Characterizing the Energetics of the Ensemble

I. Enumeration of the Protein Ensemble

Macromolecular equilibria are classically modeled as transitions between fixed states. Protein folding,
for example, has often been described as a two-state process, wherein the protein fluctuates between two
discrete states, the native state and the unfolded (or denatured) state. This is a reasonable approximation
of protein unfolding within the transition region (1), but does not adequately reflect the other equilibria
that exist under strongly native conditions, where the unfolded state is highly unstable. Under such
conditions, the equilibrium is dominated by states that are conformational excursions from the high-
resolution structure as determined from hydrogen exchange and NMR relaxation data (2-32). To model
this heterogeneity, COREX/BEST employs a particularly simple approach that recapitulates many of the
observations of hydrogen exchange properties of proteins (33,34). This approach is based on an
empirically derived parameterization of the relative free energy function describing each state (See
below), and a simple scheme for an approximate but (hopefully) effectively accurate description of the
ensemble of states. To achieve this approximate enumeration, the high-resolution structure of the protein
is used as a template onto which a partitioning scheme is applied (Figure 1).
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Figure 1: Limited enumeration of the protein ensemble. A. The linear sequence of the protein is partitioned into
folding units. B. The folding units are applied to the three dimensional structure and all possible combinations of
“unfolded” and “folded” states of each folding unit are created to define the ensemble. C. End effects are
accommodated by sliding the folding units along the linear sequence.
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Figure 1 shows the partitioning of staphylococcal nuclease (SNase) as an example. In this example a
folding unit window size of 10 residues is employed. To begin the partitioning, the first ten residues
are assigned to the first folding unit, the second ten are assigned to the second folding unit, and so on.
The partitioning is then overlaid onto the high-resolution structure and an ensemble of states is
generated by systematically assigning each folding unit as either fully folded (native) or fully unfolded.
This produces 2N-2 partially native states, representing all possible combinations. To examine the
influence of the location of each partition, the partition boundaries are systematically varied by sliding
the folding units one residue at a time in the sequence, and repeating the procedure described above.

Simplifying the Conformational Search: The approach outlined in Figure 1 represents an efficient and
systematic means of distinguishing the regions of proteins that will be treated in the model as NATIVE-
like from the regions that will be treated as NON-NATIVE-like. The crystal structure can be used to
describe the NATIVE-like regions. The question then becomes, how should the NON-NATIVE regions
be treated? Should alternative conformations be considered explicitly for each region? If so, how
many? To estimate the magnitude of this problem, we need only realize that if 10 residues are to be
treated as NON-NATIVE and each residue has 10 possible conformations, 10" different conformations
would have to be considered - an extremely large number to model explicitly. As fluctuations in
multiple regions of the molecule must also be considered, it becomes clear that exhaustive structural
enumeration is not a tractable solution.

To avoid the computational intractability of exhaustive enumeration, as well as the approximation of
considering only a minute fraction of the relevant states, the COREX/BEST approach treats the
fluctuations in statistical thermodynamic rather than structural terms. This is a key aspect of the
approach. Using Boltzmann’s equation,

S=R-InQ (1)

where S is the entropy, Q2 is the number of conformations, and R is the gas constant, it is possible to
estimate the energetic impact of all the conformational variants, provided an estimate of the number of
possible conformational variants is known or can be calculated. In the context being used here,
Equation 1 corresponds to the conformational entropy (Sconr) 0of the protein. Although this approach does
not provide explicit structural details of the alternative conformations, it does address the
thermodynamic impact of the entire ensemble, and thus can be considered rigorous from a statistical
thermodynamic standpoint. In COREX/BEST, the residue specific Scons Vvalues determined by the
Freire lab are used (35,36) to consider the impact of unfolding isolated pieces of the protein in the
context of an otherwise folded molecule.
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I1. Defining the Relative Free Energies of Each State:

Within the context of the ensemble representation of the energy landscape, once a particular state is
identified, it is a straightforward matter to quantify the energetic contribution of that state to the overall
properties of the ensemble. For each state, the statistical weight can be expressed as:

-AG,
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where R is the gas constant, T is absolute temperature, and AG; is the Gibbs free energy of state 1. AG;
can be further divided into the component enthalpy (AH;) , entropy (AS;) and heat capacity (ACp;)
contributions. Under the assumption of a temperature-independent ACp;, and use of a reference
temperature (7, ), leads to the familiar Gibbs-Helmholtz expression:

rej

AG,(T)=AH, (T, )~T-AS,(T,, )+ ACp,[(T-T,, )~ T-In(T/T,,, )] 3)
The importance of equation 2 is that the sum of the statistical weights of all N states in the ensemble
corresponds to the partition function:

Nstates

0= YK, (4)

i=1

from which all important thermodynamic quantities, in particular the probability of each state, can be
determined;

R=" )

Equations (2) through (5) reveal that the rigorous formal description of the energies in the context of the
ensemble representation is remarkably simple. Indeed, equation 3 reveals that calculating the free energy
of each state requires estimates for the enthalpy, entropy, and heat capacity. To obtain these estimates
we turn to the surface area based parameterization of Freire and co-workers (35-42).

Enthalpy and Heat Capacity: To determine the relative free energy of each state created by the
partitioning scheme in Figure 1, a particularly simple deconstruction is employed. As is well known, the
enthalpy and the heat capacity of unfolding proteins can be related to the difference in solvent-accessible
surface between the high-resolution structure and unfolded state of the protein, assuming it is fully
unfolded (Figure 2). The good agreement between the experimental and the calculated energetics in
Figure 2 suggests that the thermodynamics of the partially folded states calculated by this approach will
provide a reasonable approximation of the actual energetics. Most importantly, the energetics can be
calculated and compared to experimental results under multiple environmental conditions, thus
extending the scope of the experimental data that can be used to refine the model.
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Figure 2: Parameterization of the heat capacity and enthalpy. Hashed bars show the calorimetrically obtained
changes in heat capacity and enthalpy of unfolding for a database of proteins of various sizes. Colored bars
represent those values for the heat capacity and enthalpy that are calculated using the parametric equations shown
at the top of the graphs, which relate each quantity to the changes in solvent-accessible surface area upon
unfolding (adapted from (Ref. 37 & 38)).

Entropy: The entropy difference between each state and a reference state can also be calculated for
each state in the ensemble from parameterized energetics (35-42). Briefly, the entropy is divided into
two components, solvent entropy (ASsov) and conformational entropy (ASconf);

AStotal = ASsolv +W- AScurgf (6)

where W is the entropy weighting (See below). The ASconr represents the number of conformational
variations that a particular energetic state can occupy. The important feature is that backbone and side
chain conformational entropy values for each amino acid have been empirically determined as described
above (35,36), thus providing a means of quantifying, in statistical thermodynamic terms, the
conformational variability in the non-native segments of each state in the calculated ensemble shown in
Figure 1. Although clearly a coarse approximation of the conformational space available to a particular
protein segment, such an approach provides an efficient and systematic alternative to exhaustive
enumeration.
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As is the case with AH and ACp, the solvation entropy, ASsy, is determined from changes in solvent-
accessible surface area, which is calculated from the apolar and polar heat capacity contributions shown
in Figure 2:

AS

solv,Tot (T) = ACpapol ’ ln(T/385) o Acppol ’ 11’1(T/335) (7)

As is evident from the previous development, the description of each state, as well as the calculation of
the energies provides only a coarse estimate. However, the advantage of this description is that it
applies the same rule set to the generation of all states in the ensemble, regardless of how
thermodynamically native or unfolded-like the state is. This approach therefore provides the ability to
see the response of the ensemble as a whole to a perturbation.

Entropy Weighting: The goal of the COREX/BEST algorithm is to investigate the structural and
thermodynamic features of the conformational fluctuations that exist under native conditions. These
states are very native-like (i.e. mostly folded). However, COREX/BEST generates and determines the
stability for a full spectrum of states, ranging from completely unfolded to completely folded, and it
does so using the exact same set of rules for each state. A problem that emerges from this treatment is
that uncertainty in a thermodynamic parameter will affect states that are structurally dissimilar to a
greater extent than structurally similar states. For instance uncertainty in conformational entropy will
affect unfolded states to a greater extent than more native-like states. We wish to be able to correct for
the overall stability of the ensemble in a way that preserves the energetic hierarchy of native-like states.

The energy function utilized in COREX/BEST 1is coarse and is designed to provide only a rough
estimate (<~10%) of the thermodynamic parameters (i.e., AH, ACp, and AS) for each state. Because of
this, the effects of ions, pH, ligands, and disulfides are treated in an approximate way (i.e. the energy
function essentially averages theses properties over all the proteins used to develop the structural
energetic parameterization). To adjust for these time saving approximations in a way that does not
impact the interpretation of the calculation, we employ a single adjustable parameter to each protein.
This parameter, known as the entropy weighting (W), is multiplied with the calculated conformational
entropy of each state in the ensemble.

The calculation of entropy in COREX/BEST involves a solvent, AS.y, and a conformational, AS;ons,
entropy term as described above. Because AS.on is on average proportional to the number of residues
unfolded, by adjusting the free energy of each state by an amount that is proportional to the number of
residues unfolded (i.e. Sconradj = W*Scont), the ensemble is affected in a way that maintains the energetic
hierarchy of states for a given degree of fraction native (Figure 3). For example, all states with Fraction
Native of 0.8 are affected to approximately the same extent. Thus, the net effect of employing the
entropy weighting is to systematically shift the stability of the entire ensemble so that the left side of
Figure 3 is either raised or lowered.

Although an entropy weighting can be calculated empirically by considering structural parameters such
as the loop sizes created by disulfide bonds (43), or by considering the amount of exposed polar surface,
these considerations only allow improved prediction of the overall stability (44). It is not clear that the
stability calculation of each state is more accurate with such approaches. Because such treatments
involve adding additional terms to the energy function, which increases computational demands and
which are difficult to justify experimentally, we provide a means for users to apply their own entropy
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weighting. This entropy weighting can be derived directly from the known stability of the protein, or it
can be calculated from more sophisticated user-derived software.

A. ’ Effect of Entropy Weighting
W ~ 0.98 Figure 3. Effect of entropy weighting (W) on the
R different values of Fraction Native. On average,
F - states with a given Fraction Native will have
5 W ~0.80 similar conformational entropies. A) The
= approximate energetic consequences of entropy
80 weightings of 0.98 (i.e. 2% change) and 0.8 (i.e.
B. a 20% change) are shown for all the states in the

Staphylococcal nuclease (SNase) ensemble
(determined from PDB file 1STN). The thickness
of the wedges are approximately scaled to the
energies in B. B) Energetics of the SNase
ensemble calculated with W = 0.998 (i.e. 0.2%
change). Each point represents one state, and states
: are colored based on energy (green for AG > 10
Increase W — kcal/mol; red for AG < 10 kcal/mol). Black line
10 represents the relative effect of changing W (as

0 01 02 03 04 05 06 07 08 09 10 shown in A) and arrows denote the direction of
change.
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III. Characterizing the Energetics of the Ensemble (Residue Stability Constants):

From the probability of each state (Equation 5), any number of statistical thermodynamic descriptors of
the equilibrium can be determined. One such quantity, known as the residue stability constant is the
ratio of the summed probabilities of the states in the ensemble in which a particular residue is in a folded
conformation (XPg;), to the summed probability of the states in which a residue is in an unfolded
conformation (ZPys;);

_ 2Py
T 2Ry v

As equation 8 indicates residues with high stability constants will be folded in the majority of the highly
probable states, and residues with low stability constants will be unfolded in many of the highly
probable states. This is shown in figure 4, where the 30 of the low energy states of the staphylococcal
nuclease ensemble is shown. Regions colored yellow in most states will have low stability constants,
and regions colored red in those states will have high stability constants (33,34).

Ky
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Figure 4. Schematic representation of the low
energy states in the staphylococcal nuclease
conformational ensemble. Shown are 30 of the
most probable states. Red denotes residues that
are folded in each state, and yellow denotes
residues that are unfolded. Multiple
conformations shown for unfolded sections is for
illustration purposes only, and is meant to convey
that many possible conformations for unfolded
sections are implicitly consider in the
COREX/BEST algorithm. Note that the low
energy states share common features. For instance
the beta barrel is folded in all the most probable
states and the 40’s loop is unfolded in many of
those states.
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