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Abstract

Knowledge-based approaches use the statistics collected from protein data-bank structures
to estimate effective interaction potentials between amino acid pairs. Empirical relations are
typically employed that are based on the crucial choice of a reference state associated to
the null interaction case. Despite their significant effectiveness, the physical interpretation of
knowledge-based potentials has been repeatedly questioned, with no consensus on the
choice of the reference state. Here we use the fact that the Flory theorem, originally derived
for chains in a dense polymer melt, holds also for chain fragments within the core of globular
proteins, if the average over buried fragments collected from different non-redundant native
structures is considered. After verifying that the ensuing Gaussian statistics, a hallmark of
effectively non-interacting polymer chains, holds for a wide range of fragment lengths,
although with significant deviations at short spatial scales, we use it to define a ‘bona fide’
reference state. Notably, despite the latter does depend on fragment length, deviations from
it do not. This allows to estimate an effective interaction potential which is not biased by the
presence of correlations due to the connectivity of the protein chain. We show how different
sequence-independent effective statistical potentials can be derived using this approach by
coarse-graining the protein representation at varying levels. The possibility of defining
sequence-dependent potentials is explored.

Introduction

Proteins are linear flexible hetero-polymers, made up of 20 different natural amino-acid species
[1]. Most natural proteins in solution have roughly compact shapes, and thus are usually referred
to as globular proteins. The fundamental fact about globular protein sequences is their ability to
attain a compact native three-dimensional folded conformation in physiological conditions [2].

The biological functionality of proteins is intimately related to their native structures and to
the dynamical properties encoded in them [3]. Quantitative theoretical modeling requires in
principle a detailed description at atomic level, for example to take accurately into account the
subtle yet dramatic effects that can be brought about by a single residue mutation.
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On the other hand, processes such as protein self-assembly and aggregation, involve time
scales and system sizes which are currently unattainable by atomistic models [4]. Several
schemes were thus developed to coarse-grain the representation of protein structures, and of
the physical interactions between the representing entities, at a low resolution level [5].

The surprising success of coarse-graining approaches in computational protein science is
related to the presence of robust qualitative emergent properties in protein systems, amenable
to prediction by low resolution models [6]. For example, the native topology both shapes equi-
librium fluctuations and determines folding and unfolding pathways, allowing for successful
predictions by structure-based coarse-grained models [7].

An even more remarkable example of successful coarse-graining is the use of statistical
potentials, as both effective interaction potentials to be used in folding simulations [8-10], and
scoring functions employed in different contexts such as protein structure and function pre-
diction [11], “de novo” protein design [12], model quality assessment [13, 14], aggregation
propensity prediction [15-17], protein-protein interactions [18-22], prediction of binding
affinities and of stability changes upon mutations [23-26], and many others. Statistical “knowl-
edge-based” potentials can be introduced at different coarse-graining levels, including atomic
resolution (in this case, the coarse-graining is due to solvent molecules being integrated out).
They renounce a physics-based description of the effective interactions between representing
entities; interactions are instead parametrized using the statistics empirically collected from
the Protein Data Bank (PDB) [27].

In paradigmatic examples [28, 29], “contact statistical potentials” evaluate the effective
interaction between a pair of amino acid residues based on the observed frequency of contacts
between that pair in PDB structures. This approach can be generalized to many different
observables, such as solvent accessibility, backbone dihedrals, orientation-dependent or many
body interactions [30-34]. The conversion of empirical frequencies into an energy function is
normally done employing Boltzmann inversion, as originally suggested by Sippl for pairwise
“distance dependent potentials”, in analogy to the pairwise potentials of mean force [35]. Com-
plementary potentials are typically estimated separately, to be then combined together, for
interactions either short-range or long-range along the chain [36], with the aim of correctly
capturing local structure elements. In state-of-the-art approaches several different statistical
potential terms, each related to a different observable, can be combined together, optimizing
the relative weights by means of supervised learning techniques [14, 37-40].

A crucial element in the definition of statistical potentials via Boltzmann inversion is the choice
of a “reference state”. The probability distribution observed in the latter is used to normalize the
statistics collected over the PDB structures for a given residue pair. The reference state should
then be taken as an ensemble of protein-like structures where no specific direct interactions
between amino acids are present. A simple choice is to consider the ensemble of all residue pairs
from the PDB structures [41], but still many different recipes are possible to define the reference
state [42-45]. Beside the uncertainty in the reference state definition, the very use of Boltzmann
inversion for the statistics collected from different PDB structures was extensively debated [46,
47], in particular with reference to chain connectivity. The Boltzmann inversion has been justified
by using information theory arguments within a Bayesian approach [48]. In this context, statisti-
cal potentials are considered as statistical preferences that can be obtained “a posteriori” from
empirical data, whereas the reference state contains the “a priori” information about the system.

In this work, we propose to use a reference state for deriving pairwise distance dependent
potentials based on purely polymer physics considerations. Our strategy can be used at differ-
ent levels of coarse-graining.

In particular, we use the fact that a data set of protein “fragments”, when collected and
properly filtered from PDB structures, exhibit Gaussian statistics, the one expected for ideal
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chains in the absence of any interaction. This property had been already uncovered by Banavar
et al. [49], who found that fragments buried within globular proteins obeys on average the
same Flory theorem [50, 51] derived for polymer melts, that is concentrated solutions of differ-
ent chains. The same theorem has been shown to hold for fragments buried in the interior of
single compact polymer chains, when selected with appropriate constraints [52]. The Flory
theorem states that, for polymer chains from within a dense polymer melt, excluded volume
repulsion is effectively canceled by solvent-mediated attractive forces between the monomers.
Therefore the chains exhibit statistics which are characteristic of random walk behavior.

The first purpose of this work is to confirm the existence of a Flory regime for buried pro-
tein fragments when a much larger data set of proteins is considered. We then take advantage
of this fact by using the ensuing Gaussian reference state in order to obtain an unbiased esti-
mation of a distance dependent effective interaction potential between aminoacids [41, 48, 53].
The statistical potentials estimated with this strategy could be either sequence independent or
sequence dependent.

In the first part of the paper, by analyzing a data set of 7793 non-redundant globular pro-
teins, we confirm that the Flory theorem holds for compact native structures with a good
degree of accuracy. This is achieved by showing that the properly rescaled distributions of the
fragment end-to-end distances collapse to the same Maxwell distribution when fragment
lengths larger than m,,,;,, = 70 and smaller than N*°, where N is the length of the protein chain,
are considered. The upper cut-off is introduced in order to select buried fragments [52]. The
lower one is instead necessary to achieve a uniform Kuhn length. Our results extend the find-
ings of Ref. [49], showing that the Gaussian scaling holds for fragments in a larger range of
sizes, provided a non uniform Kuhn length is considered.

As a consequence of the validity of the Flory theorem, we can assume that within protein
globules the excluded volume repulsion is on average effectively canceled by solvent-mediated
attractive forces between the monomers. We therefore interpret systematic deviations from
the expected Gaussian behavior, which are visible in the short spatial range regime as an effec-
tive intra-molecular interaction, that can be then considered unbiased by the spurious correla-
tions due in general to the chain constraint, to local conformational preferences, or to interior-
exterior partitioning effects.

Therefore, we devoted the second part of this manuscript to exploit the feasibility of this
idea, by estimating a sequence-independent effective potential based on the statistics observed
for buried protein fragments at different coarse-graining levels: CA-based, all heavy atoms, all
atoms (including hydrogen atoms). The estimated potentials consistently change in the three
cases. In particular, a power law repulsive term is present at short length whereas the potential
vanishes beyond ~20 A in all cases. Well defined minima with negative energy are present for
the atomistic resolutions for distances compatible with the sum of Van der Waals radii or with
hydrogen bond geometry.

If the analysis is repeated by classifying the protein segments according to the amino-acid
types which occupy the first and the last position along the fragment, we can have a direct mea-
sure of the effective interactions between amino-acid types, as a function of the distance. This
method could be of great interest for a wide range of applications in protein physics.

Materials and methods
Dataset

Our database of reference is Top8000 [54], which contains a set of 7957 high-resolution pro-
tein structures. The dataset has been filtered by excluding those structures of length N that do

not exhibit a globular shape, i.e. whose gyration radius Ry(N) does not scale as Né. In order to
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achieve this we fit experimental data with the relation R,(N) = aNs and discard all the struc-
tures that fall more than three standard deviations apart from the fitted curve. 164 structures
have been discarded in this phase.

The tangent vector to each residue has been computed as the difference between the coordi-
nates of the subsequent and the previous residues along the chain. We reported the average
cosine of the angle between the tangent vectors of pairs of residues as a function of their sepa-
ration m along the chain. As the tangent-tangent correlation goes to zero when m ~ 30, we
decided to exclude from our analysis chain fragments shorter than 30 amino acids.

We therefore split all the protein chains in fragments of length 30 < m < N and grouped
them by length. All other fragments have been discarded.

Reference and empirical distributions

We measured the end-to-end distance R of all fragments of given length m.
We fitted the rescaled data at fixed m with a Maxwell distribution

4nR? 3R?
M,,(R,b) = (%chg m)zexp<_ 2b? m> ) (1)

with a single free parameter b (the scale, a.k.a. Kuhn’s length) by using the scipy.stats python
package and a maximum likelihood fit.

The empirical distribution £, (R, w) has been obtained by employing a Kernel Density Esti-
mation (KDE) with a Gaussian kernel:

£, (Rw) = %Z \/217'5—Wexp ((R2—Wr;) ) @)

The sum is extended over all M values r,, in the dataset of end-to-end distances of fragments
of length m. We used cross validation in order to establish the optimal kernel bandwidth w for
fragment lengths m € {42, 48, 60, 64, 66, 72, 78, 84, 92}. We divided every set of end-to-end
distances of fixed fragment length in five groups: an empirical distribution was computed
using the data of four groups. The width of the Gaussian kernel was therefore adjusted in
order to maximize the likelihood that the data from the fifth group was obtained from the
same empirical distribution.

In order to estimate the optimal bandwidth for all other datasets, we assumed the relation w
= an’ between the bandwidth w and the number of points 7 in the dataset. We fitted the
parameters a and s by minimizing the RMSD with the cross-validated bandwidths (see S1 Fig
in S1 File).

Potential

For every sequence separation m, we estimated the potential as a potential of mean force
depending on the distance R between two residues, using the ensemble of buried fragments
selected as described in the Dataset subsection. Following a seminal approach [35], we assume
R to be distributed according to the Boltzmann distribution

Pu(R) = e~ F=0) ()

where kp is the Boltzmann constant, T is the temperature at which thermodynamic equilib-
rium is assumed to hold, and Z,,, is the canonical partition function. In what follows, we
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assume kp T = 1 for simplicity. One should keep in mind that F,,,(R) is in fact an effective free
energy, since it is obtained by coarse-graining other degrees of freedom, including for example
the ones associated to solvent molecules. Boltzmann inversion than implies

F, (R) = —InP,(R) — InZ, . (4)

The potential of mean force is than defined as a free energy difference AF,,(R) with respect
to the ideal reference state, characterized by the Maxwell distribution M, (R, b) and the parti-
tion function Z* , with the scale b determined as described in the previous subsection:

P (R) Z

The term with the (unknown) partition function ratio can be neglected since it does not
depend on R, and as a proxy of the Boltzmann distribution P,,(R) we use the empirical distri-
bution £, (R, w), evaluated using KDE, with bandwidth w optimized as described in the previ-
ous subsection. This leads finally to our estimation for the statistical potential:

LAY

M_(R,b) (©)

V., (Rlb,w) = ln(
Note that Eq (6) defines an average pairwise residue-residue sequence-independent poten-
tial. Both the empirical and the Maxwell distributions entering Eq (6) are obtained based on
the statistics of all fragments in our filtered dataset. The pairwise decomposition of the total
score for a whole protein,

I1,€,-4(R; )
vV, = ZVU”.‘ (Ri]-|l7, W) = —In (m) ) (7)

i<j

is in general an approximation since it neglects correlations between different residue pairs.
The major point in our analysis is related to the absence of effective interactions that is actually
realized in the reference state. This implies that the pairwise decomposition is exact for the ref-
erence state (the denominator in the r.h.s of Eq (7)).

As we show that the potential does not depend on m, we finally computed V*(R) as the
average over all possible fragment lengths of V,,,(R|b, w) in the Flory regime, 70 < m < 90.
Note that both parameters b and w depend on fragment length m.

We fitted the short range repulsive part of the potential by minimizing the root mean
square deviation between the logarithm of V*(R) and a linear function.

Sequence-dependent analysis

We repeated the previous analysis while filtering the fragments depending on the amino acids
types at their ends, so that both the empirical distribution £, (R, w) and the Maxwell distribu-
tion M, (R, b) are obtained from such restricted fragment sets. To increase available statistics,
the average V(R) of V,,,(R|b, w) is now taken over all fragment lengths 30 < m < 90 with a
Gaussian reference state.

Results

In order to assess the hypothesis that the Flory theorem holds for fragments buried in the inte-
rior of globular proteins, we analyzed a large data-set of 7793 globular proteins. This protein
ensemble was obtained by refining the TOP8000 data-bank [54] after removal of the non glob-
ular structures as explained in Methods. In data-set pruning, each protein is represented as a
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polymer whose monomers are placed in the C, atomic position of the N amino-acids. The log-
arithmic plot of the radius of gyration of these polymers versus their length N is shown in S2
Fig in S1 File for the full TOP8000 data-bank. The proteins in the final pruned dataset
(highlighted in S2 Fig in S1 File) have been selected in such a way that their radius of gyration
scales as N'/3, as expected for globular proteins.

Long enough buried protein fragments follow Gaussian statistics: The
thermal exponent

To investigate the validity of the Flory theorem, we analyzed an ensemble of protein fragments
of different lengths, extracted from the pruned database. For any given chain of length N we
considered only fragments with length 7 < N* so that they belong to a part of the protein
which is likely to be far from globule boundaries and thus buried within the globule interior
[52]. Fig 1a shows in a logarithmic scale the behavior of the average end-to-end distance R of
such fragments as a function of their length m, when the end-to-end distance is evaluated
using C,, backbone atoms.

The Flory regime requires a scaling law R ~ m” with v = 1. Our data for CA end-to-end
distances show that such a regime is valid only for the longer fragments, approximately when
m > 70. This can be explained by the presence of secondary structures that introduce a strong
bias in the scaling behavior for short fragments. This behavior can be understood by looking at
S3 Fig in S1 File which shows the average tangent-tangent correlation as a function of sequence

3% 10| — Experimental data P —— MLE fit from PDB data
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Fig 1. Gaussian statistics for buried fragments: The thermal exponent and the Kuhn length. (a) Log-log plot of the average CA end-to-end distance
R of protein fragments versus fragment length . The plot was obtained by averaging over all fragments of length m from the data set selected as shown
in S2 Fig in S1 File. For any given m, R was determined as the average over all fragments of that length in proteins whose overall lengths are larger than
m3, in order to consider only fragments likely to be buried in the globule interior [52]. The error bars are of the order of the size of the symbols. The
Flory regime, e.g. R ~ m? is reached when m > 70. For m > 90 the statistical analysis deteriorates due to the fast decrease of available data with
increasing m. (b) The Kuhn length b, obtained by maximizing the likelihood to Maxwellian distributions (1) of the empirical CA end-to-end distance
data, plotted versus the length m of the protein fragments considered in the statistical analysis. The error bars were estimated based on the Fisher
information evaluated at b(m) (see main text). The values of b decrease monotonically and reach a plateau in the region 70 < m < 90. The plateau
uniform value is estimated to be b* = 3.67+0.01 A. Only in this region all the rescaled empirical distributions collapse (see Fig 3), thereby showing the
existence of the Flory regime. The number of fragments in the ensembles which are analyzed decreases with  as well. For m > 90 the ensemble
population becomes too small to allow good estimations. Figure drawn with python package matplotlib, version 3.4.1. URL https://pypi.org/project/
matplotlib/.

https://doi.org/10.1371/journal.pone.0254969.g001
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separation along the chain. For short sequence separations the direction of the chain is highly
correlated reflecting the existence of short, effectively one-dimensional, rigid motifs such as a-
helices and f-strands. On the other hand, the sharp anti-correlation minimum at m = 13
reveals a bending propensity in the opposite direction. This finds its counterpart in the almost
flat behaviour of the average end-to-end distance in Fig la for m = 30. This picture is con-
firmed by noticing that the value at which the correlation function reaches again zero

(m ~ 25) is almost twice as much as the value at the anti-correlation minimum, suggesting
that for m ~ 25 protein chains are expected to loop back on themselves significantly more
than for other values of sequence separation. In fact, the above observation is consistent with
the peak described in [55] for the probability of loop formation. This analysis suggests that the
Flory regime can not be observed for short fragments because of the effects induced by second-
ary structures.

Long enough buried protein fragments follow Gaussian statistics:
Maxwellian distributions for end-to-end distances

In order to investigate in more detail the existence of a Flory regime we studied whether the
end-to-end distance R for fragments of length m follows the Maxwell distribution described by

4nR? 3R?
M = T o) ®)

where the scale parameter b refers to the distance between consecutive monomers in an ideal
Gaussian chain, namely the Kuhn length of the polymer. The distances between residues are
computed in three different ways: as the distance between their a-carbons, as the minimum
distance between any atom of the two residues and as the minimum distance between any
heavy atom of the residues. We will refer to these three different levels of coarse-graining as
CA (a-carbon level), HH (hydrogen atoms level) and HV (heavy atoms level) respectively. For
all three coarse-graining levels of description, we fitted the Kuhn length b of a Maxwell distri-
bution to maximize the likelihood that the empirical data have been drawn from it. This is
done separately for any given m, so that the optimized Kuhn length b(m) depends on fragment
length m. In Fig 1b we plot the optimized b as a function of m for CA end-to-end distances.
The standard deviations oy, associated to the maximum likelihood estimators b(m) are
shown in Fig 1b as error bars. Based on the Fisher information evaluated at b(m), they were

estimated as 7, = b(m)/+/6n(m), where n(m) is the number of fragments in the dataset for
a given m (see Table 1). The values of b decrease towards a plateau beginning approximately at
m =70. For m > 90 the values of b change dramatically as a consequence of the poorer statis-
tics (see Table 1). At the plateau we estimate the m-independent Kuhn length b(m) ~ b* =
S b(m)/21 = 3.67 + 0.01 A for CA end-to-end distances. The standard deviation of b* is

m=T0
estimated accordingly. Similar results are obtained for HV and HH as well, as shown in S4 Fig
in S1 File. The plateau values estimated for the Kuhn length are b* = 3.35+0.01 A for HV and
b* =3.27+0.01 A for HH.

Fig 1b shows that the estimated Kuhn length is higher than in the plateau for lower values
of m. This could explain the discrepancy with the higher value (b* = 3.75 A) obtained in [49],
as a different range of values of m was used in that work.

Empirical probability distributions are inferred by raw data using Kernel Density Estima-
tion (KDE), with kernel bandwidth estimated separately for each m by a maximum likelihood
approach through a cross-validation procedure. The whole methodology is explained in detail
in Methods.
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Table 1. Length dependent statistics of buried fragments.

fragment length number of fragments in the dataset
20 1640293

30 1352751

40 991104

50 563178

60 276421

70 120448

90 24967

Number of buried (m < N*”) fragments in the pruned (see S2 Fig in S1 File) dataset as a function of fragment length.

https://doi.org/10.1371/journal.pone.0254969.t001

In Fig 2, the empirical CA end-to-end distance probability distributions for four different
fragment lengths (m = 30, 50, 70, 90) are shown together with their best Maxwellian fits. Simi-
lar plots for HV and HH end-to-end distance distributions are shown in S5 and S6 Figs in S1
File. The competing effects of increasing m and of b(mm) decreasing with m are both visible in
Fig 2.

It is interesting to observe that, as shown in Fig 2, S5 and S6 Figs in S1 File, the Gaussian
behavior of the end-to-end distances is mostly preserved even in a broader range of fragment
lengths, 30 < m < 90, but since b(m) is not uniform for m < 70, we cannot talk about a Flory
regime in that range. Nevertheless, the existence of a Gaussian reference state can be fruitfully
exploited to derive an effective statistical potential in the full 30 < m < 90 range.

In the region with uniform Kuhn length b (70 < m < 90) empirical distributions can be
collapsed by rescaling the end-to-end distances by \/m and multiplying the probability dis-
tributions by the same quantity, as shown in Fig 3 for CA. This graph vividly shows the exis-
tence for globular proteins of a range of fragment lengths, in which their statistics is well
described by Gaussian ideal chains with a uniform estimated Kuhn length, b* = 3.67 A, close
to the average distance, 3.8 A, found between consecutive C, atoms in protein native struc-
tures. The value of the Kuhn length may appear surprisingly low. We can rationalize this fact
by looking at the average tangent-tangent correlation function (S3 Fig in S1 File). Since the
value of the Kuhn length is related to the integral of the latter over all sequence separations
[56], the presence of a sharp minimum at a negative correlation, implying a significant nega-
tive contribution to the integral, is at least consistent with the low value that we find for the
Kuhn length. A data collapse of similar quality can be obtained for both HV and HH, as
shown in S§7 Fig in S1 File. S7 Fig in S1 File also shows that the collapsed empirical distribu-
tions are more skewed with respect to the reference Maxwell distribution in the HV and HH
cases.

Statistical potentials with a Gaussian reference state: Sequence independent
effective interaction

The Maxwell distribution (8) fits very well CA experimental data for large values of end-to-end
distance, when the full cancellation of competing interactions, e.g. attractive and excluded vol-
ume, is effectively occurring. For short distances however, as we can see from Fig 3, there are
important deviations from the ideal distribution. These are expected, since for an ideal chain
excluded volume is absent even at short range, whereas for real protein chains it is anyway
present. We then propose to use deviations from the ideal Gaussian behavior as a proxy of the
effective short range interactions between protein residues.
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m and reaches a plateau for 70 < m < 90, corresponding to the Flory regime (see Fig 1b). Figure drawn with python package matplotlib, version 3.4.1.
URL https://pypi.org/project/matplotlib/.

https://doi.org/10.1371/journal.pone.0254969.g002
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Fig 3. Data collapse of end-to-end distance distributions in the Flory regime for buried fragments. The rescaled empirical probability
distributions as a function of the rescaled length R/ mY? for 70 < m < 90. All curves collapse rather well together. The reference Maxwell
distribution (8) evaluated for the plateau scale parameter b* = 3.67 A is shown for comparison. A significant deviation appears only for small
distances and is due to the effect of excluded volume that at very short range can not disappear for real protein chains. It is worth to notice
that, despite the presence of secondary structures, the value of b is close to the average distance, ~3.8 A, found between consecutive C, atoms
in protein native structures. Figure drawn with python package matplotlib, version 3.4.1. URL https://pypi.org/project/matplotlib/.

https://doi.org/10.1371/journal.pone.0254969.g003

To test this hypothesis, we define through Boltzmann inversion a sequence independent
statistical potential for any given fragment length m, as minus the logarithm of the ratio
between the empirical probability density (already shown in Figs 2 and 3 for different fragment
lengths) and the reference Maxwell distribution:

vV, (R|b,w) = —In (72 (ﬁ;j?)) ; (9)

where £, (R, w) is the empirical end-to-end distance distribution for fragments of length m,
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Fig 4. Empirical knowledge-based potentials for different coarse-graining levels. Effective potential V,,(R) estimated for each 70 < m < 90 in the
Flory regime using Eq (9). Remarkably, the curves obtained with this procedure do not depend on the fragment length and can therefore be interpreted
as an effective potential between the terminal fragment residues. In this case, where all fragments are considered regardless of the type of amino acids at
their ends, the potential can be interpreted as a generic sequence independent interaction between all residues. (a) CA representation. (b) HV
representation. (¢) HH representation. Figure drawn with python package matplotlib, version 3.4.1. URL https://pypi.org/project/matplotlib/.

https://doi.org/10.1371/journal.pone.0254969.9004

obtained with KDE using a kernel bandwidth w (see Methods for details). Eq 9 highlights the
dependence of such potential on the scale parameter b used for the reference state and on the
kernel bandwidth w used to obtain the empirical distribution. It is worth noting that both
parameters are obtained through a maximum likelihood approach.

We plot in Fig 4 the effective potentials V,,,(R) in the Flory regime 70 < m < 90 in which b
(m)==b* is effectively uniform, for all coarse-graining levels used in this work. Remarkably, the
curves for different fragment lengths m collapse nicely together, allowing to recover well
defined effective potentials V*(R) that we define as the average of the potentials obtained from
Eq (9) over all fragment lengths 70 < m < 90 in the Flory regime (the resulting average poten-
tials are shown in S8 Fig in S1 File for all coarse-graining levels, along with the corresponding
standard deviation). Such result pinpoints the existence of a robust underlying mechanism
which is revealed by using the ratio between the empirical and the ideal reference distributions
and which can allow for a consistent estimate of amino-acids interactions. Even more remark-
ably, we observe that while the empirical end-to-end distance distributions collapse upon
rescaling (see Fig 3), deviations from the Maxwellian reference state collapse when rescaling
back to the physical distance values (see Fig 4). For example, S7 Fig in S1 File clearly shows, for
the HH and HV cases, how the position of sharp small peak at short distances, that determines
the main minimum of the statistical potential V*(R), drifts upon changing m when using
rescaled distances.

The effective statistical potentials V*(R) differ significantly depending on the coarse-grain-
ing level, as in fact expected for physics-based interactions. The potentials obtained when con-
sidering all atoms, either with (HH) or without (HV) hydrogens share in fact similar features:
a steep short range repulsive part and a series of well defined attractive minima with decreasing
depth for increasing distance (see Table 2). At large distances the potential vanishes towards
zero, although shallower minima can be still identified (see Table 2). However, in the more
coarse-grained HV case, the first minimum is partially smoothed out and the barrier separat-
ing the first two minima becomes repulsive. In the even more coarse-grained CA case, the
minima of the statistical potential get much more smoothed out and the potential becomes
repulsive for all distances.

The positions and depths of the minima of the statistical potentials for different coarse-
graining levels are reported in Table 2. Minima features are extracted using the V*(R) potential
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Table 2. Local minima features of the average effective statistical potential.

position (A) value (xgT)
HH HV CA HH HV CA
2.21 3.54 5.81 -1.91 -1.07 0.53
6.34 7.16 10.59 -0.61 -0.46 0.03
11.01 9.35 12.03 -0.26 -0.21 0.02
14.90 11.44 14.92 -0,13 -0.21 —-0.08
15.69 15.90 19.55 -0.13 -0.12 -0.13
18.95 17.63 —0.06 -0.11

Positions and values of the minima of the average effective statistical potential V*(R) for different coarse-graining

levels.

https://doi.org/10.1371/journal.pone.0254969.t1002

obtained in the Flory regime 70 < m < 90. We observe that the deepest minimum in the HH case
(2.21 A) corresponds to twice the Van der Waals radius 1.1 A for the hydrogen atom [57], whereas
the deepest minimum in the HV case (3.54 A) is within the distance range observed between
donor nitrogen and acceptor oxygen atoms for hydrogen bonds occurring in proteins [58].

In order to study the short distance repulsive behavior of the effective potential, more statis-
tics is needed at very short distances. To this aim, we then consider the average V (R) of the sta-
tistical potentials defined by Eq (9), taken over the wider range of fragment lengths, 30 <
m < 90, for which the rescaled end-to-end distance distributions are close to Maxwellians (see
Fig 2). The reference state is thus now defined with a non uniform Kuhn length b(m). The
quality of the collapse of the different V,,,(R), 30 < m < 90, worsens, yet is still acceptable, as
shown in S9 Fig in S1 File for all coarse-graining levels.

The sequence independent effective potential is plotted in logarithmic scale in Fig 5 for the
CA case, together with a linear regression fit for the short range region.

—— Average potential — Power-law fit
——~ Power-law fit |

a b

IS

w

Potential (arbitrary units)
>
Potential (arbitrary units)

ax10° 6x10° 107 25 50 75 10.0 125 15.0 175 200
Distance (A) Distance (A)

Fig 5. Short distance behavior of the empirical knowledge-based potential. Potential V' (R) for the CA case, obtained when averaging the statistical
potentials (9) over all fragment lengths 30 < m < 90, shown together with the power-law fit at short distances. The exponent estimate is —5.7+0.3. (a)
log-log scale; the standard deviation is also shown. (b) linear scale with data collapse of all V,,,(R) potentials for different values of sequence separation
30 < m < 90. Figure drawn with python package matplotlib, version 3.4.1. URL https://pypi.org/project/matplotlib/.

https://doi.org/10.1371/journal.pone.0254969.9005
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The existence of a power law behavior seems clear. The resulting estimate for the exponent
is —5.7+0.3, which might be related to the presence of distinctive dipole-dipole interactions.
Nevertheless, we caution that the above exponent estimate may depend on the limited range of
short distances that can be probed with the available statistics. As a matter of fact, the use of a
dipole-based description for peptide groups was already successfully proposed to perform
coarse grained simulations of protein folding [59].

Statistical potentials with a Gaussian reference state: Sequence dependent
effective interactions

The analysis carried out in the previous subsection can be repeated by splitting the full data set
according to the specific amino acid types found at the end of the considered protein frag-
ments. The resulting statistical potential should be interpreted as an effective interaction
between the terminal residues. The decreased statistics, unfortunately, pushes our approach to
its very limit, even when considering the average potential V' (R) over all sequence separation
values 30 < m < 90 and a reference state with variable b.

For completeness, we report in Fig 6 some examples of average statistical potentials V'(R)
derived in our approach for the CA case, involving two cysteine residues (CYS-CYS), two
small non-polar residues (ALA-ALA), two charged residues (GLU-GLU) and two hydrohobic
(LEU-LEU) residues.

It clearly appears that the sequence-dependent potential can differ significantly from the
average sequence-independent one. It is also interesting to notice how the obtained potentials
reflect the physical-chemical properties of the amino acids. We indeed see that we obtain a
strongly negative (attractive) interaction between two cysteines and a strongly repulsive one
between two equally charged amino acids (GLU-GLU). The interactions between two small
and non polar residues matches very closely the average behavior of the sequence-independent
potential, whereas two hydrophobic residues, despite strongly repulsive at small distances,
show an attractive interaction at longer distances. Similar plots for the HV and HH cases are
shown in §10 and S11 Figs in S1 File, respectively.

Discussion

As a first result of this paper, we have confirmed that the statistical properties of an ensemble
of long enough fragments, collected from different globular proteins and selected to be buried
in their interior, are similar to those of Gaussian ideal chains in a polymer melt [49]. The data
set that we use [54] is based on experimentally derived protein native structures [27]. Fig la in
fact shows that for sequence separations 70 < m < 90 the average fragment end-to-end dis-
tance, computed between C,, atoms, scales as m'/%, as expected for an ideal chain. At the same
time, Fig 1b shows that the scale parameter b(m), that maximizes the likelihood to the Maxwell
distribution expected for ideal end-to-end distances, consistently plateaus to a uniform value
b* =3.67+0.01 A in the same sequence separation range.

On the other hand, Fig 2 shows that, even outside the 70 < m < 90 range where the Flory
theorem seems to hold, empirical distributions are reasonably approximated by Maxwell dis-
tributions in the whole sequence separation range 30 < m < 90, with a scale parameter b(m)
non uniform for m < 70. In fact, both bounds for the larger range are only approximately
determined in this work. The lower bound m = 30 is necessary to avoid the local rigidity
effects brought about mostly by secondary structure elements. The latter ones are otherwise
seen to play a role for m < 30, resulting in a non zero tangent-tangent correlation (see S3 Fig
in S1 File), not consistent with a Gaussian regime. The presence of secondary structure ele-
ments is instead fully compatible with the observation of ideal Gaussian statistics for longer
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Fig 6. Sequence-dependent empirical knowledge-based potentials. Examples of sequence-dependent potentials V'(R) for the CA case, obtained when
averaging the statistical potentials (9) over all fragment lengths 30 < m < 90, with its standard deviation (gray areas). The sequence independent
potential (dashed line) is shown as a reference. (a) Cysteine-Cysteine (b) Small non polar residues ALA-ALA. (c) Two negatively charged residues
GLU-GLU. (d) Two hydrohobic residues (LEU-LEU). Figure drawn with python package matplotlib, version 3.4.1. URL https://pypi.org/project/
matplotlib/.

https://doi.org/10.1371/journal.pone.0254969.9006

fragments. On the other hand, the upper bound m < 90 is due to the lack of statistics caused
by the constraint m < N** for buried fragments combined with the available protein lengths
in the dataset. Were longer proteins available, we would expect the Gaussian statistics to hold
for even longer buried fragments. The intriguing observation that medium-sized buried pro-
tein fragments follow ideal chain statistics with varying Kuhn length is a novel result and we
believe it deserves further investigation.
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Fig 3 shows the remarkable data collapse of empirical end-to-end distance distributions in
the Flory regime 70 < m < 90, obtained upon rescaling C,, — C,, distances by 1'%, Notably, as
shown in S4-S7 Figs in S1 File, we find similar results when computing fragment end-to-end
distances with a more fine-grained representation of the protein chain, for either all atom
(including hydrogen atoms, HH) or for all heavy atoms (excluding hydrogen atoms, HV). The
observed ideal chain behaviour is due to the compensation between excluded volume effects
and amino acids interactions, as predicted by the Flory theorem in a polymer melt. Our results
extends previous findings based on a smaller data set of protein structures [49]. Moreover, we
clearly show how the region in which the theorem applies should be determined.

The crucial novel observation that we make in our study is that, although the Gaussian sta-
tistics is valid for a large range of end-to-end distances, at short spatial scales there are devia-
tions due to the fact that the excluded volume effect, as well as other interactions, cannot
obviously fully disappear for real protein fragments. We exploit these deviations to extract
effective interaction potentials between amino-acids at fragment ends by comparing the
empirical probability distribution with the ideal one taken as a reference. The effective cancel-
ing out of different interactions, achieved in our reference state ensemble due to Gaussian sta-
tistics, allows us to estimate an unbiased physics-based pairwise interaction potential, without
the spurious correlations present in general because of the chain constraint, of local conforma-
tional preferences, or of interior-exterior partitioning effects.

Following this approach, a different statistical potential can be estimated separately for any
given value of sequence separation for which the ideal statistics is a good approximation of the
empirical distribution. The main result of this work, shown in Fig 4, is the collapse of the dif-
ferent statistical potentials in the Flory regime 70 < m < 90. Most remarkably, while the refer-
ence states for different sequence separations collapse when rescaling physical distances
according to the ideal Gaussian scaling, see Fig 3, deviations from the reference states collapse
when rescaling back to physical distances, see Fig 4, a strong hint that the statistical potentials
that we estimate in this work do indeed capture physics-based effective interactions. As a con-
sequence, short range deviations consistently behave as finite size corrections, drifting towards
zero rescaled distance for longer and longer fragments, when the universal Gaussian behavior
is eventually obtained in the limit of infinite fragment size. Even more remarkably, different
potentials are obtained for the different coarse-graining levels used in this work, again as
expected for physics-based effective interaction potentials.

For all coarse-graining levels, the statistical potential vanishes at large distances. Well
defined local minima can be observed, listed in Table 2, with the deepest ones corresponding
for the atomistic resolutions to steric (sum of Van der Waals radii) or hydrogen bonding inter-
actions. The potential mimima get smoothed when considering a coarser representation, as
expected for a proper coarse-graining when the finer degrees of freedom are averaged out.
Within the C, representation, the statistical potential is basically always repulsive; this can be
rationalized by observing that the ideal Gaussian reference state already takes into account the
average hydrophobic attraction needed for stabilizing a protein globule.

The short-range behaviour is not easy to investigate, since small values of end-to-end dis-
tance are scarcely sampled, and the use of shorter, more numerous, fragments is then required.
Within the C, representation, Fig 5 shows that a power law repulsion is found, with an expo-
nent estimate consistent with —6. This could be related to the presence of peculiar dipole-
dipole interactions.

Finally, we show in Fig 6 how the same approach can be used to derive sequence-dependent
statistical potentials. Unfortunately the statistics available for buried protein fragments with a
given pair of amino acid types at their end is barely enough to provide significant signals.
Nonetheless, we observe trends consistent with what is expected from the physical-chemical
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features of the probed types of residue pairs. The Gaussian reference state from buried protein
fragments could be used, in principle, to estimate an orientation-dependent statistical poten-
tial, when needed to properly represent specific interaction modes, such as disulfide bonds
between pairs of Cysteine residues. Available statistics would currently be a major issue, but
this bottleneck is likely to be overcome in the near future due to the rapid increase of native
structures being deposited in the PDB.

An ideal chain reference state was already used to define statistical potentials, in order to
take into account chain connectivity in a minimal way [44]. However, our work shows that the
use of an ideal chain reference state is well justified only for buried protein fragments, being in
fact rooted into the non trivial polymer physics properties of protein globules. In fact, for frag-
ment lengths m < N, well above the threshold N** used here to identify buried fragments, one
expects to observe a non Gaussian behaviour characterized by the thermal exponent v = 1/3
typical of compact globules (see S2 Fig in S1 File for evidence of the “compact globule” scaling
of gyration radius with protein length). We believe this finding may be an important concep-
tual advance.

For example, we can revisit one of the main criticisms raised against the standard derivation
of statistical potentials [46, 47]. According to such critique, the Boltzmann inversion should be
used in principle when averaging over different configurations from the thermal ensemble of
the same protein system, not when averaging over a set of “fixed” configurations (native PDB
structures) from different protein systems. However, it was observed that for some protein
“substructures”, the frequencies of different “states” in the PDB database correlate with what
expected from thermodynamic behavior, although with different apparent temperatures. In
particular, a main role is played by the apparent temperature associated to interior-exterior
partitioning, which was shown to depend on the length, composition and compactness of the
proteins in the database [46]. The finding that buried protein fragments collected from differ-
ent protein systems do follow Gaussian statistics (the thermodynamic expected behavior for a
polymer melt system) may at least be rationalized noting that by using only buried fragments
the possible variation of the apparent temperature associated to interior-exterior partitioning
does not play a role anymore.

We believe further work is needed to investigate in more detail the role of the constraint
used to select buried protein fragments. In particular, relaxing that constraint, i.e. using
m < aN*"* with a = 1, could be a way to gather more statistics and obtain more reliable
sequence-dependent potentials. A trade-off is at play, since the larger g, the more fragment sta-
tistics can be collected, but the less effective would be the constraint in selecting actually buried
fragments. It is important to observe that the statistical potential presented here, in order to be
tested in practical applications such as model quality assessment, should be necessarily com-
plemented with other scoring terms, assessing for example solvent accessibilities and local con-
formational preferences. These properties are crucial for the correct folding of proteins and
can not be detected in our reference state of buried fragments.

Moreover, we mention that it would be interesting to compare the results obtained here for
buried fragments in protein globules, to the properties of fragments buried in the interior of
polymer conformations sampled in the compact phase below the 6-point. In particular, it is
interesting to speculate whether the Gaussian behaviour with non uniform Kuhn length found
here for intermediate size fragments is peculiar to proteins or not.

To conclude, we observe that the statistical properties uncovered in this work were derived
analyzing ensembles built with different protein chains. Nonetheless, we may predict that the
very same properties, reminiscent of ideal chain behaviour, could be observed for single pro-
tein chains in native conditions, for the specific case of Intrinsically Disordered Proteins
(IDPs) that can form collapsed, globular ensembles while simultaneously exhibiting significant
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conformational heterogeneity [60]. This prediction could be in principle tested by means of
single molecule FRET experiments in which fluorescent labels can be placed across different
chain fragments, thereby providing a direct measurement of end-to-end fragment distances
[61]. Similar experiments were in fact already carried on for IDPs that form extended hetero-
geneous ensembles [62].

Supporting information

S1 File.
(PDF)

Author Contributions

Conceptualization: Stefano Zamuner, Flavio Seno, Antonio Trovato.
Data curation: Stefano Zamuner.

Formal analysis: Stefano Zamuner, Flavio Seno, Antonio Trovato.
Investigation: Stefano Zamuner.

Methodology: Stefano Zamuner, Flavio Seno, Antonio Trovato.
Project administration: Flavio Seno.

Resources: Antonio Trovato.

Software: Stefano Zamuner.

Supervision: Flavio Seno, Antonio Trovato.

Validation: Stefano Zamuner, Flavio Seno, Antonio Trovato.
Visualization: Stefano Zamuner, Flavio Seno, Antonio Trovato.
Writing - original draft: Stefano Zamuner, Flavio Seno, Antonio Trovato.

Writing - review & editing: Stefano Zamuner, Flavio Seno, Antonio Trovato.

References
1. Creighton TE. Proteins: structures and molecular properties. Macmillan; 1993.

2. Anfinsen CB. Principles that govern the folding of protein chains. Science. 1973; 181(4096):223-230.
https://doi.org/10.1126/science.181.4096.223 PMID: 4124164

3. Baharl, Lezon TR, Yang LW, Eyal E. Global dynamics of proteins: Bridging between structure and func-
tion. Annual Review of Biophysics. 2010; 39(1):23—42. https://doi.org/10.1146/annurev.biophys.
093008.131258 PMID: 20192781

4. Levine ZA, Shea JE. Simulations of disordered proteins and systems with conformational heterogene-
ity. Current Opinion in Structural Biology. 2017; 43:95—103. https://doi.org/10.1016/j.sbi.2016.11.006
PMID: 27988422

5. Noid WG. Perspective: Coarse-grained models for biomolecular systems. Journal of Chemical Physics.
2013; 139(9). https://doi.org/10.1063/1.4818908 PMID: 24028092

6. Baker D. A surprising simplicity to protein folding. Nature. 2000; 405(6782):39—-42. https://doi.org/10.
1038/35011000 PMID: 10811210

7. Clementi C. Coarse-grained models of protein folding: toy models or predictive tools? Current Opinion
in Structural Biology. 2008; 18(1):10—15. https://doi.org/10.1016/).sbi.2007.10.005 PMID: 18160277

8. YangJS, Chen WW, Skolnick J, Shakhnovich EI. All-Atom Ab Initio Folding of a Diverse Set of Proteins.
Structure. 2007; 15(1):53-63. https://doi.org/10.1016/j.str.2006.11.010 PMID: 17223532

PLOS ONE | https://doi.org/10.1371/journal.pone.0254969 January 27, 2022 17/20


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0254969.s001
https://doi.org/10.1126/science.181.4096.223
http://www.ncbi.nlm.nih.gov/pubmed/4124164
https://doi.org/10.1146/annurev.biophys.093008.131258
https://doi.org/10.1146/annurev.biophys.093008.131258
http://www.ncbi.nlm.nih.gov/pubmed/20192781
https://doi.org/10.1016/j.sbi.2016.11.006
http://www.ncbi.nlm.nih.gov/pubmed/27988422
https://doi.org/10.1063/1.4818908
http://www.ncbi.nlm.nih.gov/pubmed/24028092
https://doi.org/10.1038/35011000
https://doi.org/10.1038/35011000
http://www.ncbi.nlm.nih.gov/pubmed/10811210
https://doi.org/10.1016/j.sbi.2007.10.005
http://www.ncbi.nlm.nih.gov/pubmed/18160277
https://doi.org/10.1016/j.str.2006.11.010
http://www.ncbi.nlm.nih.gov/pubmed/17223532
https://doi.org/10.1371/journal.pone.0254969

PLOS ONE

Statistical potentials from the Gaussian scaling behaviour of protein fragments

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

Majek P, Elber R. A coarse-grained potential for fold recognition and molecular dynamics simulations of
proteins. Proteins: Structure, Function and Bioinformatics. 2009; 76(4):822—-836. https://doi.org/10.
1002/prot.22388 PMID: 19291741

Xu J, Huang L, Shakhnovich El. The ensemble folding kinetics of the FBP28 WW domain revealed by
an all-atom Monte Carlo simulation in a knowledge-based potential. Proteins: Structure, Function and
Bioinformatics. 2011; 79(6):1704—1714. hitps://doi.org/10.1002/prot.22993

Yang J, Yan R, Roy A, Xu D, Poisson J, Zhang Y. The I-TASSER suite: Protein structure and function
prediction. Nature Methods. 2014; 12(1):7-8. https://doi.org/10.1038/nmeth.3213

Leman JK, Weitzner BD, Lewis SM, Adolf-Bryfogle J, Alam N, Alford RF, et al. Macromolecular model-
ing and design in Rosetta: recent methods and frameworks. Nature Methods. 2020; 17(7):665-680.
https://doi.org/10.1038/s41592-020-0848-2 PMID: 32483333

Cossio P, Granata D, Laio A, Seno F, Trovato A. A simple and efficient statistical potential for scoring
ensembles of protein structures. Scientific Reports. 2012; 2:351. hitps://doi.org/10.1038/srep00351

Studer G, Rempfer C, Waterhouse AM, Gumienny R, Haas J, Schwede T. QMEANDisCo-distance con-
straints applied on model quality estimation. Bioinformatics (Oxford, England). 2020; 36(6):1765-1771.
https://doi.org/10.1093/bicinformatics/btz828

Trovato A, Chiti F, Maritan A, Seno F. Insight into the structure of amyloid fibrils from the analysis of
globular proteins. PLoS Computational Biology. 2006; 2(12):1608—1618. https://doi.org/10.1371/
journal.pcbi.0020170 PMID: 17173479

Walsh |, Seno F, Tosatto SCE, Trovato A. PASTA 2.0: An improved server for protein aggregation pre-
diction. Nucleic Acids Research. 2014; 42(W1):W301-W2307. https://doi.org/10.1093/nar/gku399
PMID: 24848016

Orlando G, Silva A, MacEdo-Ribeiro S, Raimondi D, Vranken W. Accurate prediction of protein beta-
aggregation with generalized statistical potentials. Bioinformatics. 2020; 36(7):2076—2081. https://doi.
org/10.1093/bioinformatics/btz912 PMID: 31904854

De Vries SJ, Van Dijk ADJ, Krzeminski M, Van Dijk M, Thureau A, Hsu V, et al. HADDOCK versus HAD-
DOCK: New features and performance of HADDOCK2.0 on the CAPRI targets. Proteins: Structure,
Function and Genetics. 2007; 69(4):726—-733. https://doi.org/10.1002/prot.21723 PMID: 17803234

Sarti E, Granata D, Seno F, Trovato A, Laio A. Native fold and docking pose discrimination by the same
residue-based scoring function. Proteins: Structure, Function and Bioinformatics. 2015; 83(4):621-630.
https://doi.org/10.1002/prot.24764 PMID: 25619680

Sarti E, Gladich I, Zamuner S, Correia BE, Laio A. Protein—protein structure prediction by scoring
molecular dynamics trajectories of putative poses. Proteins: Structure, Function and Bioinformatics.
2016; 84(9):1312-1320. https://doi.org/10.1002/prot.25079 PMID: 27253756

Yu J, Vavrusa M, Andreani J, Rey J, Tufféry P, Guerois R. InterEvDock: A docking server to predict the
structure of protein-protein interactions using evolutionary information. Nucleic Acids Research. 2016;
44(W1):W542-W549. https://doi.org/10.1093/nar/gkw340 PMID: 27131368

Battisti A, Zamuner S, Sarti E, Laio A. Toward a unified scoring function for native state discrimination
and drug-binding pocket recognition. Physical Chemistry Chemical Physics. 2018; 20(25):17148—
17155. https://doi.org/10.1039/C7CP08170G PMID: 29900428

Guerois R, Nielsen JE, Serrano L. Predicting changes in the stability of proteins and protein complexes:
A study of more than 1000 mutations. Journal of Molecular Biology. 2002; 320(2):369—-387. https://doi.
org/10.1016/S0022-2836(02)00442-4 PMID: 12079393

Vangone A, Bonvin AMJJ. Contacts-based prediction of binding affinity in protein—protein complexes.
eLife. 2015; 4(JULY2015). https://doi.org/10.7554/eLife.07454 PMID: 26193119

Xiong P, Zhang C, Zheng W, Zhang Y. BindProfX: Assessing Mutation-Induced Binding Affinity Change
by Protein Interface Profiles with Pseudo-Counts. Journal of Molecular Biology. 2017; 429(3):426—434.
https://doi.org/10.1016/j.jmb.2016.11.022 PMID: 27899282

Skrbic T, Zamuner S, Hong R, Seno F, Laio A, Trovato A. Vibrational entropy estimation can improve
binding affinity prediction for non-obligatory protein complexes. Proteins: Structure, Function and Bioin-
formatics. 2018; 86(4):393—404. https://doi.org/10.1002/prot.25454 PMID: 29318668

Berman HM, Westbrook J, Feng Z, Gilliland G, Bhat TN, Weissig H, et al. The Protein Data Bank.
Nucleic Acids Research. 2000; 28(1):235-242. https://doi.org/10.1093/nar/28.1.235 PMID: 10592235

Tanaka S, Scheraga HA. Medium-and Long-Range Interaction Parameters between Amino Acids for
Predicting Three-Dimensional Structures of Proteins. Macromolecules. 1976; 9(6):945-950. https://doi.
org/10.1021/ma60054a013 PMID: 1004017

Miyazawa S, Jernigan RL. Estimation of effective interresidue contact energies from protein crystal
structures: quasi-chemical approximation. Macromolecules. 1985; 18(3):534-552. https://doi.org/10.
1021/ma00145a039

PLOS ONE | https://doi.org/10.1371/journal.pone.0254969 January 27, 2022 18/20


https://doi.org/10.1002/prot.22388
https://doi.org/10.1002/prot.22388
http://www.ncbi.nlm.nih.gov/pubmed/19291741
https://doi.org/10.1002/prot.22993
https://doi.org/10.1038/nmeth.3213
https://doi.org/10.1038/s41592-020-0848-2
http://www.ncbi.nlm.nih.gov/pubmed/32483333
https://doi.org/10.1038/srep00351
https://doi.org/10.1093/bioinformatics/btz828
https://doi.org/10.1371/journal.pcbi.0020170
https://doi.org/10.1371/journal.pcbi.0020170
http://www.ncbi.nlm.nih.gov/pubmed/17173479
https://doi.org/10.1093/nar/gku399
http://www.ncbi.nlm.nih.gov/pubmed/24848016
https://doi.org/10.1093/bioinformatics/btz912
https://doi.org/10.1093/bioinformatics/btz912
http://www.ncbi.nlm.nih.gov/pubmed/31904854
https://doi.org/10.1002/prot.21723
http://www.ncbi.nlm.nih.gov/pubmed/17803234
https://doi.org/10.1002/prot.24764
http://www.ncbi.nlm.nih.gov/pubmed/25619680
https://doi.org/10.1002/prot.25079
http://www.ncbi.nlm.nih.gov/pubmed/27253756
https://doi.org/10.1093/nar/gkw340
http://www.ncbi.nlm.nih.gov/pubmed/27131368
https://doi.org/10.1039/C7CP08170G
http://www.ncbi.nlm.nih.gov/pubmed/29900428
https://doi.org/10.1016/S0022-2836(02)00442-4
https://doi.org/10.1016/S0022-2836(02)00442-4
http://www.ncbi.nlm.nih.gov/pubmed/12079393
https://doi.org/10.7554/eLife.07454
http://www.ncbi.nlm.nih.gov/pubmed/26193119
https://doi.org/10.1016/j.jmb.2016.11.022
http://www.ncbi.nlm.nih.gov/pubmed/27899282
https://doi.org/10.1002/prot.25454
http://www.ncbi.nlm.nih.gov/pubmed/29318668
https://doi.org/10.1093/nar/28.1.235
http://www.ncbi.nlm.nih.gov/pubmed/10592235
https://doi.org/10.1021/ma60054a013
https://doi.org/10.1021/ma60054a013
http://www.ncbi.nlm.nih.gov/pubmed/1004017
https://doi.org/10.1021/ma00145a039
https://doi.org/10.1021/ma00145a039
https://doi.org/10.1371/journal.pone.0254969

PLOS ONE

Statistical potentials from the Gaussian scaling behaviour of protein fragments

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44.

45.

46.

47.

48.

49.

50.
51.

Jones DT, Taylort WR, Thornton JM. A new approach to protein fold recognition. Nature. 1992; 358
(6381):86—89. https://doi.org/10.1038/358086a0 PMID: 1614539

Buchete NV, Straub JE, Thirumalai D. Development of novel statistical potentials for protein fold recog-
nition. Current Opinion in Structural Biology. 2004; 14(2):225-232. https://doi.org/10.1016/j.sbi.2004.
03.002 PMID: 15093838

Dehouck Y, Gilis D, Rooman M. A new generation of statistical potentials for proteins. Biophysical Jour-
nal. 2006; 90(11):4010—4017. https://doi.org/10.1529/biophysj.105.079434 PMID: 16533849

Bhattacharyay A, Trovato A, Seno F. Simple solvation potential for coarse-grained models of proteins.
Proteins: Structure, Function and Genetics. 2007; 67(2):285-292. https://doi.org/10.1002/prot.21291
PMID: 17286285

Sarti E, Zamuner S, Cossio P, Laio A, Seno F, Trovato A. BACHSCORE. A tool for evaluating efficiently
and reliably the quality of large sets of protein structures. Computer Physics Communications. 2013;
184(12):2860-2865. https://doi.org/10.1016/j.cpc.2013.07.019

Sippl MJ. Calculation of conformational ensembles from potentials of mena force. An approach to the
knowledge-based prediction of local structures in globular proteins. Journal of Molecular Biology. 1990;
213(4):859-8883. https://doi.org/10.1016/S0022-2836(05)80269-4 PMID: 2359125

Hendlich M, Lackner P, Weitckus S, Floeckner H, Froschauer R, Gottsbacher K, et al. Identification of
native protein folds amongst a large number of incorrect models. The calculation of low energy confor-
mations from potentials of mean force. Journal of Molecular Biology. 1990; 216(1):167—180. https://doi.
org/10.1016/S0022-2836(05)80068-3 PMID: 2121999

Mackenzie CO, Grigoryan G. Protein structural motifs in prediction and design. Current Opinion in
Structural Biology. 2017; 44:161-167. https://doi.org/10.1016/j.sbi.2017.03.012 PMID: 28460216

Wang X, Huang SY. Integrating Bonded and Nonbonded Potentials in the Knowledge-Based Scoring
Function for Protein Structure Prediction. Journal of Chemical Information and Modeling. 2019; 59
(6):3080-3090. https://doi.org/10.1021/acs.jcim.9b00057 PMID: 31045366

LiJ, FuA, Zhang L. An Overview of Scoring Functions Used for Protein—Ligand Interactions in Molecu-
lar Docking. Interdisciplinary Sciences: Computational Life Sciences. 2019; 11(2):320-328. PMID:
30877639

Kuhlman B, Bradley P. Advances in protein structure prediction and design. Nature Reviews Molecular
Cell Biology. 2019; 20(11):681-697. https://doi.org/10.1038/s41580-019-0163-x PMID: 31417196

Samudrala R, Moult J. An all-atom distance-dependent conditional probability discriminatory function
for protein structure prediction. Journal of molecular biology. 1998; 275(5):895-916. https://doi.org/10.
1006/jmbi.1997.1479 PMID: 9480776

Betancourt MR, Thirumalai D. Pair potentials for protein folding: Choice of reference states and sensitiv-
ity of predicted native states to variations in the interaction schemes. Protein Science. 1999; 8(2):361—
369. https://doi.org/10.1110/ps.8.2.361 PMID: 10048329

Skolnick J, Kolinski A, Ortiz A. Derivation of protein-specific pair potentials based on weak sequence
fragment similarity. Proteins: Structure, Function and Genetics. 2000; 38(1):3—16. https://doi.org/10.
1002/(SICI)1097-0134(20000101)38:1%3C3::AID-PROT2%3E3.0.CO;2-S PMID: 10651034

Zhang J, Zhang Y. A novel side-chain orientation dependent potential derived from random-walk refer-
ence state for protein fold selection and structure prediction. PLoS ONE. 2010; 5(10). https://doi.org/10.
1371/journal.pone.0015386 PMID: 21060880

Hamelryck T, Borg M, Paluszewski M, Paulsen J, Frellsen J, Andreetta C, et al. Potentials of mean
force for protein structure prediction vindicated, formalized and generalized. PLoS ONE. 2010; 5(11).
https://doi.org/10.1371/journal.pone.0013714 PMID: 21103041

Thomas PD, Dill KA. Statistical potentials extracted from protein structures: How accurate are they?
Journal of Molecular Biology. 1996; 257(2):457—469. https://doi.org/10.1006/jmbi.1996.0175 PMID:
8609636

Ben-Naim A. Statistical potentials extracted from protein structures: Are these meaningful potentials?
Journal of Chemical Physics. 1997; 107(9):3698-3706. https://doi.org/10.1063/1.474725

Sippl MJ. Knowledge-based potentials for proteins. Current opinion in structural biology. 1995; 5
(2):229-235. https://doi.org/10.1016/0959-440X(95)80081-6 PMID: 7648326

Banavar JR, Hoang TX, Maritan A. Proteins and polymers. The Journal of chemical physics. 2005; 122
(23):234910. https://doi.org/10.1063/1.1940059 PMID: 16008490

Flory PJ. Principles of polymer chemistry. Cornell University Press; 1953.

Orland H. Flory theory revisited. Journal de Physique |. 1994; 4(1):101-114. https://doi.org/10.1051/
jp1:1994123

PLOS ONE | https://doi.org/10.1371/journal.pone.0254969 January 27, 2022 19/20


https://doi.org/10.1038/358086a0
http://www.ncbi.nlm.nih.gov/pubmed/1614539
https://doi.org/10.1016/j.sbi.2004.03.002
https://doi.org/10.1016/j.sbi.2004.03.002
http://www.ncbi.nlm.nih.gov/pubmed/15093838
https://doi.org/10.1529/biophysj.105.079434
http://www.ncbi.nlm.nih.gov/pubmed/16533849
https://doi.org/10.1002/prot.21291
http://www.ncbi.nlm.nih.gov/pubmed/17286285
https://doi.org/10.1016/j.cpc.2013.07.019
https://doi.org/10.1016/S0022-2836(05)80269-4
http://www.ncbi.nlm.nih.gov/pubmed/2359125
https://doi.org/10.1016/S0022-2836(05)80068-3
https://doi.org/10.1016/S0022-2836(05)80068-3
http://www.ncbi.nlm.nih.gov/pubmed/2121999
https://doi.org/10.1016/j.sbi.2017.03.012
http://www.ncbi.nlm.nih.gov/pubmed/28460216
https://doi.org/10.1021/acs.jcim.9b00057
http://www.ncbi.nlm.nih.gov/pubmed/31045366
http://www.ncbi.nlm.nih.gov/pubmed/30877639
https://doi.org/10.1038/s41580-019-0163-x
http://www.ncbi.nlm.nih.gov/pubmed/31417196
https://doi.org/10.1006/jmbi.1997.1479
https://doi.org/10.1006/jmbi.1997.1479
http://www.ncbi.nlm.nih.gov/pubmed/9480776
https://doi.org/10.1110/ps.8.2.361
http://www.ncbi.nlm.nih.gov/pubmed/10048329
https://doi.org/10.1002/(SICI)1097-0134(20000101)38:1%3C3::AID-PROT2%3E3.0.CO;2-S
https://doi.org/10.1002/(SICI)1097-0134(20000101)38:1%3C3::AID-PROT2%3E3.0.CO;2-S
http://www.ncbi.nlm.nih.gov/pubmed/10651034
https://doi.org/10.1371/journal.pone.0015386
https://doi.org/10.1371/journal.pone.0015386
http://www.ncbi.nlm.nih.gov/pubmed/21060880
https://doi.org/10.1371/journal.pone.0013714
http://www.ncbi.nlm.nih.gov/pubmed/21103041
https://doi.org/10.1006/jmbi.1996.0175
http://www.ncbi.nlm.nih.gov/pubmed/8609636
https://doi.org/10.1063/1.474725
https://doi.org/10.1016/0959-440X(95)80081-6
http://www.ncbi.nlm.nih.gov/pubmed/7648326
https://doi.org/10.1063/1.1940059
http://www.ncbi.nlm.nih.gov/pubmed/16008490
https://doi.org/10.1051/jp1:1994123
https://doi.org/10.1051/jp1:1994123
https://doi.org/10.1371/journal.pone.0254969

PLOS ONE

Statistical potentials from the Gaussian scaling behaviour of protein fragments

52.

53.

54.

55.

56.
57.

58.

59.

60.

61.

62.

Lua R, Borovinskiy AL, Grosberg AY. Fractal and statistical properties of large compact polymers: a
computational study. Polymer. 2004; 45(2):717—731. https://doi.org/10.1016/j.polymer.2003.10.073

Tobi D, Elber R. Distance-dependent, pair potential for protein folding: Results from linear optimization.
Proteins: Structure, Function, and Bioinformatics. 2000; 41(1):40—46. https://doi.org/10.1002/1097-
0134(20001001)41:1%3C40::AID-PROT70%3E3.0.CO;2-U PMID: 10944392

Richardson JS, Richardson DC. Studying and polishing the PDB’s macromolecules. Biopolymers.
2013; 99(3):170-182. https://doi.org/10.1002/bip.22108 PMID: 23023928

Berezovsky IN, Grosberg AY, Trifonov EN. Closed loops of nearly standard size: common basic ele-
ment of protein structure. Febs Letters. 2000; 466(2):283—-286. https://doi.org/10.1016/S0014-5793(00)
01091-7 PMID: 10682844

Rubinstein M, Colby RH. Polymer Physics. Oxford University Press; 2003.

Rowland RS, Taylor R. Intermolecular nonbonded contact distances in organic crystal structures: Com-
parison with distances expected from van der Waals Radii. Journal of Physical Chemistry. 1996; 100
(18):7384—7391. https://doi.org/10.1021/jp953141

Kabsch W, Sander C. Dictionary of protein secondary structure: Pattern recognition of hydrogen-
bonded and geometrical features. Biopolymers. 1983; 22(12):2577-2637. https://doi.org/10.1002/bip.
360221211 PMID: 6667333

Liwo A, Kazmierkiewicz R, Czaplewski C, Groth M, Otdziej S, Wawak RJ, et al. United-residue force
field for off-lattice protein-structure simulations: lll. Origin of backbone hydrogen-bonding cooperativity
in united-residue potentials. Journal of computational chemistry. 1998; 19(3):259-276. https://doi.org/
10.1002/(SICI)1096-987X(199802)19:3%3C259::AID-JCC1%3E3.0.CO;2-S

Holehouse AS, Pappu RV. Collapse Transitions of Proteins and the Interplay among Backbone, Side-
chain, and Solvent Interactions. Annual Review of Biophysics. 2018; 47:19-39. https://doi.org/10.1146/
annurev-biophys-070317-032838 PMID: 29345991

Soranno A. Physical basis of the disorder-order transition. Archives of Biochemistry and Biophysics.
2020; 685. https://doi.org/10.1016/j.abb.2020.108305 PMID: 32145247

Zheng W, Zerze GH, Borgia A, Mittal J, Schuler B, Best RB. Inferring properties of disordered chains
from FRET transfer efficiencies. Journal of Chemical Physics. 2018; 148(12). https://doi.org/10.1063/1.
5006954 PMID: 29604882

PLOS ONE | https://doi.org/10.1371/journal.pone.0254969 January 27, 2022 20/20


https://doi.org/10.1016/j.polymer.2003.10.073
https://doi.org/10.1002/1097-0134(20001001)41:1%3C40::AID-PROT70%3E3.0.CO;2-U
https://doi.org/10.1002/1097-0134(20001001)41:1%3C40::AID-PROT70%3E3.0.CO;2-U
http://www.ncbi.nlm.nih.gov/pubmed/10944392
https://doi.org/10.1002/bip.22108
http://www.ncbi.nlm.nih.gov/pubmed/23023928
https://doi.org/10.1016/S0014-5793(00)01091-7
https://doi.org/10.1016/S0014-5793(00)01091-7
http://www.ncbi.nlm.nih.gov/pubmed/10682844
https://doi.org/10.1021/jp953141
https://doi.org/10.1002/bip.360221211
https://doi.org/10.1002/bip.360221211
http://www.ncbi.nlm.nih.gov/pubmed/6667333
https://doi.org/10.1002/(SICI)1096-987X(199802)19:3%3C259::AID-JCC1%3E3.0.CO;2-S
https://doi.org/10.1002/(SICI)1096-987X(199802)19:3%3C259::AID-JCC1%3E3.0.CO;2-S
https://doi.org/10.1146/annurev-biophys-070317-032838
https://doi.org/10.1146/annurev-biophys-070317-032838
http://www.ncbi.nlm.nih.gov/pubmed/29345991
https://doi.org/10.1016/j.abb.2020.108305
http://www.ncbi.nlm.nih.gov/pubmed/32145247
https://doi.org/10.1063/1.5006954
https://doi.org/10.1063/1.5006954
http://www.ncbi.nlm.nih.gov/pubmed/29604882
https://doi.org/10.1371/journal.pone.0254969

