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Effect of stereochemical constraints on the structural properties of folded proteins
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Proteins are composed of chains of amino acids that fold into complex three-dimensional structures. Several
key features, such as the radius of gyration, fraction of core amino acids fcore, packing fraction 〈φ〉 of core amino
acids, and structure factor S(q) define the structure of folded proteins. It is well-known that folded proteins are
compact with a radius of gyration Rg(N ) ∼ Nν that obeys power-law scaling with the number of amino acids N
and ν ∼ 1/3, fcore ≈ 0.09, and 〈φ〉 ≈ 0.55. We also investigate the internal scaling of the radius of gyration Rg(n)
versus the chemical separation n between amino acids for subchains of length n and show that it does not obey
simple power-law scaling with ν ∼ 1/3. Instead, Rg(n) ∼ nν1,2 with a larger exponent ν1 > 1/3 for small n and a
smaller exponent ν2 < 1/3 for large n. To develop a minimal model for proteins that recapitulates these defining
structural features, we carry out collapse simulations for a series of coarse-grained models with increasing
complexity. We show that a model, which coarse-grains amino acids into a single spherical backbone bead
and several variable-sized side-chain beads and enforces bend- and dihedral-angle constraints for the backbone,
recapitulates Rg(n), fcore, 〈φ〉, and S(q) for more than 2500 x-ray crystal structures of proteins.

DOI: 10.1103/9wf9-ywhw

I. INTRODUCTION

Proteins are polypeptide chains containing tens to thou-
sands of amino acids that carry out important cellular
and extracellular functions. While breakthroughs in machine
learning have improved our ability to predict the x-ray crys-
tal structures of proteins from their amino acid sequences
[1–3] and to design new protein sequences [4], modeling the
physical and dynamic process of protein folding remains a
challenge. In particular, experimental studies of protein fold-
ing have revealed intermediate kinetic traps, fold switching,
mechanisms of misfolding and aggregation, allostery, and
structural changes in response to mutations [5–10], all of
which still require theoretical and computational modeling.

Globular proteins fold into complex three-dimensional
conformations with compact interiors, or core regions, that
determine their thermal stability [11]. Previous studies have
shown that the fraction of amino acids in protein cores fcore ≈
0.09, and the average packing fraction of core amino acids
(without nonbonded atomic overlaps) 〈φ〉 ≈ 0.55 [12–16].
The overall structure of folded proteins can be characterized
by the structure factor S(�q) = N−1 ∑N

k=1

∑N
l=1 ei �q·(�rk−�rl ) and

radius of gyration of the protein backbone,

Rg(N ) =
√√√√ 1

N

N∑
k=1

|�rk − �rcom|2, (1)

*These authors contributed equally to this work.

where �q is the wavevector, �rk is the position of the N Cα atoms
in the protein, and �rcom is its center of mass [17]. Both S(q)
and Rg(N ) have been employed as reaction coordinates for
the folding process [18] and used to identify intrinsically dis-
ordered proteins (IDPs), which do not adopt a single compact
structure, but contain both open and compact regions [19].

The radius of gyration for simple polymers follows power-
law scaling relations, Rg(N ) ∝ Nν , where ν = 1 for fully
extended polymers, 0.5 for random-walk polymers, and 1/3
for collapsed polymers. Recent studies of x-ray crystal struc-
tures of globular proteins have shown that Rg(N ) ∼ Nν∗

with
exponent ν∗ ∼ 0.33–0.4 [20], similar to the behavior for col-
lapsed polymers [see the inset to Fig. 1(a)]. Deviations from
the power-law scaling behavior with exponent ν∗ are found
for proteins with small ratios of hydrophobicity to electric
charge [21–26]. However, proteins with similar N can possess
strongly differing conformations.

To gain additional insight into the internal structure of pro-
teins, we can define 〈Rg(n)〉 as the average radius of gyration
over all subchains of length n � N ,

〈Rg(n)〉 = 1

N − n + 1

N−n+1∑
i=1

Rg(i, i + n − 1), (2)

where

Rg(i, j) =
⎡⎣ 1

j − i + 1

j∑
k=i

(�rk − 〈�rk〉)2

⎤⎦1/2

(3)
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FIG. 1. Average normalized radius of gyration 〈R̃g(n)〉 plotted as a function of subchain length n. (a) The anomalous scaling of 〈R̃g(n)〉
for 2531 x-ray crystal structures of single-chain proteins with variable numbers of amino acids N (thin black lines). The dashed red line
gives the average over all proteins. The dot-dashed blue line has a slope of 1/3. In the inset, we show 〈R̃g(N )〉 for the same x-ray crystal
structures (filled black circles). The dashed black line has a slope of 1/3. (b) For collapsed, excluded-volume bead-spring polymers as for
folded proteins, 〈R̃g(n)〉 does not obey power-law scaling behavior with a single exponent. However, in the inset, we show that the endpoints
obey R̃g(N ) ∝ N1/3 for N = 128 (black line) to 4096 (violet line) spherical monomers. (c) 〈R̃g(n)〉 ∝ nν with ν ∼ 0.59 for excluded-volume
random-walk polymers (upper curves) compared to ν ∼ 0.50 for ideal random-walk polymers (lower curves).

and

〈�rk〉 = 1

j − i + 1

j∑
k=i

�rk . (4)

The advantage of focusing on 〈Rg(n)〉 is that it is possible
to investigate the scaling of 〈Rg(n)〉 with sequence separa-
tion n for n < N . For excluded volume random walks, Flory
scaling is self-similar with ν ∼ 0.59. However, 〈Rg(n)〉 is not
self-similar for collapsed polymers and folded proteins. In
Fig. 1(a), we show that while the Rg(N ) scaling for folded
proteins obeys Rg(N ) ∝ Nν∗

with ν∗ ∼ 0.33–0.4, the internal
scaling Rg(n) is more complex. Rg(n) possesses two character-
istic power-law scaling regions: Rg(n) ∝ nν1,2 with ν1 ∼ 0.7 >

1/3 for small n and ν2 ∼ 0.2 < 1/3 for large n, which differs
significantly from Rg(n) for collapsed bead-spring polymers
[Fig. 1(b)], as well as excluded-volume and ideal random-
walk polymers [Fig. 1(c)]. Thus, because of its unique scaling
properties, 〈Rg(n)〉 for n < N can be used to validate coarse-
grained models of proteins against x-ray crystal structures of
folded proteins.

We seek to develop a minimal model for proteins that cap-
tures the key structural properties observed in high-resolution
x-ray crystal structures of proteins. All-atom models have
been used to fold proteins computationally [27–36], yet they
have only folded proteins with N � 100 using physics-based
force-fields within molecular dynamics (MD) simulations,
and these simulations typically capture only μs to ms time
scales [37–41]. More recently, slightly larger proteins with
N ≈ 250 have been accurately folded using a combination
of machine learning-based structure prediction methods and
MD simulations [42]. Folding proteins with N > 102 using
MD simulation methods remains an important challenge, es-
pecially for proteins with little structural homology in the
Protein Data Bank. Coarse-grained models can potentially
be used to fold larger proteins by reducing the geometric

complexity of the amino acids. Coarse-grained models for
proteins range from one spherical bead per amino acid
[43–46] to one spherical bead for the backbone and one
or multiple beads for the side chains [47–52]. The “tube
model” has also been used to coarse-grain proteins, where the
polypeptide chain is represented as a tube with finite thick-
ness. The tube model limits the protein conformational space
to only compact folds that resemble realistic protein structures
[53,54]. Prior coarse-grained models for proteins are typically
calibrated by matching the radius of gyration Rg(N ) to within
10% of the x-ray crystal structure or achieving root-mean-
square deviation (RMSD) of the Cα atoms RMSD �3 Å from
the x-ray crystal structure. However, matching only these two
metrics to the x-ray crystal structures does not ensure that
the model captures key features of protein cores of the x-ray
crystal structure.

Thus, in this work, we investigate a range of coarse-
grained models of proteins to determine the minimal model
that recapitulates four key properties that generically define
the structure of folded proteins: 〈Rg(n)〉, 〈φ〉, fcore, and S(q).
We focus on six coarse-grained protein models with increas-
ing complexity: a collapsed excluded-volume bead-spring
random-walk polymer model, the previous polymer model
with effective bend- and dihedral-angle constraints, the pre-
vious polymer model with an additional side-chain spherical
bead attached to each backbone spherical bead, the previous
polymer model except the sizes of each side-chain spherical
beads are selected to mimic the side chains of amino acids
in the protein, the previous polymer model with the same
side chain representations as those employed in Martini3 [50],
and the previous polymer model with the single side-chain
spherical beads of leucine and valine replaced with multiple
side chain beads. To simplify the polymer models, we do not
include explicit attractive interactions between amino acids.
Instead, to induce hydrophobic collapse of the coarse-grained
protein models, we employ an external compressive central
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force with damped MD simulations. Previous studies have
shown that the structural properties of bead-spring polymers
collapsed using attractive interactions are similar to those
for purely repulsive bead-spring polymers compressed using
a central force [55]. In addition, static packings of purely
repulsive, rigid, amino acid-shaped particles compressed to
jamming onset (i.e., the maximum packing fraction that does
not give rise to overlaps between amino acids) achieve a
similar average packing fraction as that found in the cores of
x-ray crystal structures of globular proteins [13,56].

Below, we describe the results for simulations of chain
collapse for all six coarse-grained models for more than
2500 individual proteins (with N = 100–1500). We show
that models with sufficiently complex side-chain representa-
tions accurately reproduce 〈Rg(n)〉, 〈φ〉, fcore, and S(q) over
the full data set of proteins. In future studies, the accurate
coarse-grained models described here can potentially be used
for folding proteins of unknown structure, docking protein
monomers to determine protein-protein interactions, and other
protein structure prediction applications.

This article is organized into three additional sections and
four Appendixes. In Sec. II, we describe the six coarse-
grained protein models and the simulation protocol for
studying protein chain collapse. In Sec. III, we describe the
results for Rg(n), S(q), 〈φ〉, and fcore for each coarse-grained
protein model and compare the results to those for the x-ray
crystal structures of proteins. In Sec. IV, we emphasize the
importance of developing coarse-grained protein models that
can accurately capture the structure of protein cores in x-ray
crystal structures. We also outline future coarse-grained sim-
ulations that can recapitulate protein folding dynamics with
small root-mean-square deviations from x-ray crystal struc-
tures of proteins. In Appendix A, we describe the constraints
that we used to obtain the dataset of ∼2500 x-ray crystal struc-
tures of proteins from the Protein Data Bank. In Appendix B,
we provide the procedure for generating the initial conforma-
tions for each coarse-grained protein model. In Appendix C,
we describe the dihedral angle potential energy function for
the coarse-grained protein models. Finally, in Appendix D,
we illustrate our method to identify the core residues and
calculate fcore and 〈φ〉 in both the x-ray crystal structures and
coarse-grained protein models.

II. METHODS

In Fig. 2, we illustrate six coarse-grained models of pro-
teins [51,57–61]. Each model has a connected backbone
including one spherical bead per amino acid backbone with
the same average separation between successive Cα atoms in
proteins, i.e., σbb ≈ 3.8 Å. In order of increasing complexity,
the models are: 1) a collapsed freely-jointed excluded-volume
random-walk (CRW) polymer model, 2) the previous polymer
model with constrained effective bend and dihedral angles
(BADA) among the backbone spherical beads, 3) the previous
polymer model with an additional spherical bead with a ran-
domly chosen diameter that is freely-jointed to each backbone
monomer to represent the side chain for each amino acid
(FJSC), 4) an “in-sequence” freely-jointed side chain polymer
model (In Seq), where the diameter of the side chain bead
mimics the size of the side chain of the protein’s amino acid

FIG. 2. (a)–(e) Snapshots of the six coarse-grained models of
proteins, shown as 2D projections. When moving from (a)–(e),
the successive models include all features of the previous mod-
els. σbb indicates the diameter of the spherical bead that represents
the backbone of each amino acid. (a) A collapsed freely-jointed
excluded-volume random walk (CRW) polymer chain with inter-
amino acid separation σbb. (b) For the bend- and dihedral-angle
potential (BADA) polymer model, the effective bend angles θuvw

between three consecutive amino acids are constrained to values
determined by x-ray crystal structures of proteins by a harmonic
potential Ubend, and the effective dihedral angles ψi jkl between four
consecutive amino acids are constrained to values determined by
x-ray crystal structures of proteins by the dihedral angle potential
Udh. (c) The freely jointed side-chain polymer model (FJSC) includes
an additional spherical bead with diameter σ̃ i

sc (colored by size)
chosen randomly from a distribution of amino acid side chain diam-
eters from x-ray crystal structures of proteins that are freely-jointed
to each backbone monomer i. (d) For the “in-sequence” FJSC (In
Seq) polymer model, the diameter of the side chain bead (colored
by amino acid) is determined by the amino acid sequence that it
is modeling. (e) The multi-particle side chain (MPSC) and modi-
fied MPSC (modMPSC) models use the geometry of the Martini3
side chains for seven types of amino acids. The modMPSC model
differs from the MPSC model in using two spherical beads with
a bend angle of 180◦ for the side chains of LEU and VAL. (f)
A summary of the amino acid side chain representations for the
MPSC and modMPSC models. All other amino acids in these models
have a single bead representation for the side chain, as for the In
Seq model. The examples in (d)–(e) are sections of the protein,
PDBID: 3ZZO.
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sequence, 5) a multi-particle side chain (MPSC) model similar
to that for Martini3 [50], where six of the amino acids contain
more than one spherical side-chain bead and glycine does
not have a side-chain bead, and 6) a modified MPSC model
(modMPSC), where leucine and valine have two spherical
side-chain beads. For each model, we perform more than 2500
independent simulations, one for each protein in a dataset of
high-resolution x-ray crystal structures of single-chain pro-
teins [62]. See Appendix A for more information about how
we constructed the dataset used in this study.

In Fig. 2(a), we illustrate the CRW polymer model, where
each of the N spherical beads represents an amino acid with
diameter σbb. Neighboring amino acids i and j = i + 1 are
connected using the harmonic bond length potential,

Ubond(ri j ) = Ubb

2

(
1 − ri j

σi j

)2

, (5)

where ri j is the separation between amino acids i and j, Ubb is
the strength of the bond length potential, and σi j is the sum of
the radii of the bonded monomers i and j, σi j = (σi + σ j )/2.
Nonbonded amino acids interact via the purely repulsive lin-
ear spring potential,

Urep(ri j ) = εrep

2

(
1 − ri j

σi j

)2

	

(
1 − ri j

σi j

)
, (6)

where 	(·) is the Heaviside step function and εrep is the
strength of the nonbonded repulisve interactions between
amino acids. Physical quantities will be made dimensionless
using the energy scale εrep, the mass m of an amino acid
backbone bead, and the lengthscale σbb. Throughout this work
a tilde over a given symbol is used to denote dimensionless
quantities, e.g. Ũbb = Ubb/εrep. All dimensionless simulation
parameters are defined in Appendixes B and C.

In Fig. 2(b), we show that the BADA polymer model also
includes constraints on the bend and dihedral angles between
amino acids. The bend angles θi jk between three sequential
amino acids i, j = i + 1, and k = i + 2 are constrained by

Ubend(θi jk ) = Uba

2

(
1 − θi jk

θ0
i jk

)2

, (7)

where the average bend angle θ0
i jk is obtained from the x-ray

crystal structure dataset. The dihedral-angle potential energy
constrains the angle ψi jkl between planes formed by the three
beads i, j, and k and three beads j, k, and l among the four
consecutive backbone beads i, j, k, and l:

Udh(ψi jkl ) = Uda

∑
〈i jkl〉

4∑
s=1

[As cos(s ψi jkl ) + Bs sin(s ψi jkl )],

(8)

where Uda is the strength of the dihedral-angle potential, and
the dimensionless coefficients As and Bs are determined by the
x-ray crystal structure dataset. (See Appendix C.)

In Fig. 3(a), we show the distribution P (θi jk ) of bend an-
gles between each set of three successive Cα atoms from the x-
ray crystal structure dataset. The distribution has a strong peak
around θi jk ≈ 90◦ and a secondary peak near 120◦. For each
coarse-grained model that we simulate, we sample the bend

FIG. 3. (a) Distribution P (θi jk ) of the effective bend angles be-
tween three consecutive Cα atoms from the dataset of x-ray crystal
structures of proteins. (b) The distribution P (ψi jkl ) of effective dihe-
dral angles ψi jkl between four consecutive Cα atoms observed in the
x-ray crystal structure dataset when Boltzmann-weighting Udh(ψi jkl )
[19].

angles randomly from P (θi jk ), and then they are constrained
using Ubend in Eq. (7). The dihedral-angle potential energy
Udh(ψi jkl ) [19,63] has a global minimum at ψi jkl = ±180◦,
a peak near 60◦, and a plateau extending over the range
0◦ � ψi jkl � 120◦. Calculating the Boltzmann weight for
Udh yields P (ψi jkl ) for the x-ray crystal structure dataset,
which is shown in Fig. 3(b). The key features in P (θi jk ) and
P (ψi jkl ) are attributed to protein secondary structure. The
peak around θi jk ≈ 90◦ in P (θi jk ) and the plateau in P (ψi jkl )
originate from α-helical structures. The secondary peak near
θi jk ≈ 120◦ and low-energy tails at ψi jkl = ±180◦ stem from
β-sheet structures. Note that α-helices are not favored by the
coarse-grained dihedral-angle potential energy Udh.

The coarse-grained protein models FJSC, In Seq, MPSC,
and modMPSC in Fig. 2(c)–2(f) incorporate side chain de-
grees of freedom, by freely-joining a spherical bead to each
backbone bead [using Eq. (5)]. To approximate the effective
diameter of each side chain, we calculate the maximum dis-
tance between all pairs of atoms in a side chain and add the
average of the radii of the two atoms that are the farthest apart.
The selected atomic radii have been used previously to calcu-
late the average packing fraction of amino acids in protein
cores [12,56,64] and are provided in Appendix D. Amino acid
side chains can take on many conformations, so each amino
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FIG. 4. Distribution P (σ̃sc ) of the effective side chain diameters
(normalized by σbb) binned over all amino acid types. The inset
shows the sum of the distributions Pi(σ̃sc ) for each amino acid type i
indicated by different colors.

acid possesses a distribution of effective side chain diameters.
These distributions can either be calculated independently for
each amino acid type or binned together to obtain an overall
distribution of side chain diameters as shown in Fig. 4. For
the FJSC polymer model in Fig. 2(c), the diameter σi,sc of
the side chain bead bonded to backbone bead i is chosen
randomly from the overall distribution of effective amino acid
side chain diameters P (σsc) in the main panel of Fig. 4. In
contrast, for the In Seq polymer model in Fig. 2(d), we select
the diameter of each side chain bead according to the amino
acid sequence of each protein in the x-ray crystal structure
dataset. In particular, the diameters of the side chain beads are
randomly sampled from the individual amino acid side chain
diameter distributions Pi(σsc) illustrated in the inset of Fig. 4,
where P (σ̃sc) = A

∑20
i=1 Pi(σ̃sc)/Ai, A is the normalization

constant determined by
∫
P (σ̃sc)d σ̃sc = 1, Ai = 1/(�σ̃scNi

c )
is the normalization constant for the diameter distribution of
amino acid i with Ni

c total counts and bin width �σ̃sc.
In Fig. 2(e), we show the MPSC model, which includes a

single backbone spherical bead and side chains made up of
0-5 spherical beads. The geometrical representations of the
side chains are similar to those used in Martini3. Glycine is
now only represented by a backbone spherical bead. Each
amino acid with a single side-chain sphere is unchanged from
the In Seq model. Six amino acids in the MPSC model are
represented by multiple side-chain spherical beads: arginine,
phenylalanine, tryptophan, lysine, tyrosine, and histidine. The
maximum dimension of the side chains with multiple spheri-
cal beads is the same as the diameter of the single side-chain
bead representation in the In Seq model. To achieve this,
the multiple side-chain spherical beads are the same size and
rescaled so that the sum of the diameters matches the single
side-chain bead diameter in the In Seq model. The modMPSC
model is similar to the MPSC model, except the side chains
for leucine and valine are represented by two spherical beads
that form a 180◦ bend angle with the backbone bead. In
Fig. 2(f), we summarize the side-chain representations for the
MPSC and modMPSC models.

When generating the initial coarse-grained protein con-
formations, the total potential energy contributions, U tot

rep =∑
〈i, j〉 Urep(ri j ) ≈ 0 and U tot

bond = ∑
〈i, j〉 Ubond(ri j ) ≈ 0 for all

models, and U tot
bend = ∑

〈i, j,k〉 Ubend(θi jk ) ≈ 0 for the BADA,
FJSC, and In Seq models. We employ damped molecular dy-
namics (MD) simulations with an additional attractive central
force on each bead to generate a collapsed conformation for
each model and target protein. We employ a dimensionless
damping parameter γ̃ = 0.1 in the overdamped limit, and run
the damped MD simulations until the maximum magnitude
of the net force on any bead i satisfies maxiF̃i < F̃tol, where
Fi = | �Fi| = | �∇�riU |, U is the total potential energy for a given
model, and F̃tol = 5 × 10−13. We include an extra factor of the
ratio of the bead diameter σi to the maximum bead diameter
σmax raised to a power in the expression for the central force
to ensure that the coarse-grained models do not form clusters
of similar-sized beads during collapse when the beads are
polydisperse [55]:

�Fcent = −Fcent

(
σi

σmax

)9/4

r̂i. (9)

The strength of the central force F̃cent = 10−4 compared to the
constraint forces is such that the stereochemical constraints
remain satisfied during collapse, e.g., the bend and dihedral
angle distributions P (θi jk ) and P (ψi jkl ) are nearly identical in
the collapsed and initial states, and the results do not depend
on F̃cent.

For each coarse-grained model, we generate one confor-
mation per protein, matching the chain length of its x-ray
crystal structure. All measured quantities are averaged over
the ∼2500 proteins in the Dunbrack database. We verified that
ensemble-averaging over ∼100 random initial conformations
per protein does not significantly change the results. Although
the individual conformations differ, 〈Rg(n)〉 averaged over
initial conditions give standard errors that are at least one
order of magnitude smaller than those from averaging over the
∼2500 x-ray crystal structures. Thus, our results for 〈Rg(n)〉
will not change significantly if we average over initial confor-
mations in addition to averaging over the ∼2500 proteins. We
then calculate 〈φ〉, fcore, and S(q), in addition to 〈Rg(n)〉, in
the collapsed conformations for each coarse-grained protein
model and protein target.

III. RESULTS

The results for the normalized radius of gyration 〈R̃g(n)〉
as a function of subchain length n for the six coarse-grained
protein models and the dataset of x-ray crystal structures are
shown in Fig. 5(a). To quantify differences in the radius of
gyration between each model and the x-ray crystal struc-
ture dataset, we compute the normalized mean-squared error
(MSE) in Rg(n):

MSE(〈R̃g〉) =
∑N

n=2(�〈R̃g(n)〉)2∑N
n=2

(〈
R̃x-ray

g (n)
〉)2 , (10)

where �〈R̃g(n)〉 = 〈R̃model
g (n)〉 − 〈R̃x-ray

g (n)〉.
As shown in Fig. 5(a), the simplest coarse-grained model

(CRW) does not recapitulate 〈Rg(n)〉 for folded proteins.
〈Rg(n)〉 for the CRW model is highly curved on a log - log plot
(i.e., does not possess a kink) at small n and is a factor of ∼1.5
smaller than 〈Rg(n)〉 for the x-ray crystal structure data at large
n. The CRW model has the largest normalized mean-squared
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FIG. 5. (a) The average radius of gyration 〈R̃g(n)〉 plotted versus
subchain length n for the x-ray crystal structures (black dashed
line) and coarse-grained protein models with corresponding colors
and line styles in the legend. The shading indicates the standard
deviation about 〈R̃g〉 for each dataset. (b) Normalized mean-squared
error in Eq. (10) between 〈R̃g(n)〉 for each model and the average
over the x-ray crystal structures. (c) The average structure factor
〈S(q)〉 plotted versus the wavenumber q scaled by the diameter of
the coarse-grained backbone size σbb. The vertical lines indicate the
wavenumbers q = 2π/max{〈R̃g(N )〉} for each polymer model.

error relative to the x-ray crystal structure data of the six
models we considered, as shown in Fig. 5(b). Similarly, S(q)
for the CRW model is not similar to that for the x-ray crystal
structures as shown in Fig. 5(c).

Introducing effective bend- and dihedral-angle poten-
tials leads to a small, but important change in 〈Rg(n)〉 for
the BADA polymer model, i.e., the appearance of a kink
near n∗ ∼ 10 that separates the small- and large-n regions.
〈Rg(n)〉 ∼ nν1,2 , where ν1 ∼ 0.7 for n � n∗ and ν2 ∼ 0.2 for
n � n∗, which is similar to the results for the x-ray crystal

structure data. However, n∗ for the BADA polymer model is
smaller than that for the x-ray crystal structure data, and the
normalized MSE in R(n) for the BADA model is still quite
large (∼0.15). The large MSE is caused by the fact that the
persistence length of subchains in the BADA model is shorter
than that for the x-ray crystal structures, and the effective
bend- and dihedral-angle constraints are not sufficient to keep
the subchains from over-collapsing at small n.

When the amino acids are coarse-grained to include single
spherical beads for both the backbone and side chain degrees
of freedom (i.e., the FJSC and In Seq models), the backbone
can no longer collapse as densely as found for the CRW and
BADA models. For the FJSC and In Seq models, the kink lo-
cation increases to n∗ ∼ 30 and their 〈Rg(n)〉 are similar to that
for the x-ray crystal structure data [Fig. 5(a)]. The normalized
MSE is �0.02 for both the FJSC and In Seq polymer models
[Fig. 5(b)]. In addition, S(q) for the FJSC and In Seq models
match the x-ray crystal structures much better than S(q) for
the BADA and CRW models [Fig. 5(c)]. Thus, coarse-grained
protein models require at least a single side-chain bead with
backbone bend- and dihedral-angle restraints to recapitulate
〈Rg(n)〉 and S(q) of folded proteins. However, can the FJSC
and In Seq models capture the core packing properties of
proteins, such as 〈φ〉 and fcore?

Protein cores are dense packings of amino acids in the
solvent-inaccessible interior of proteins, whose size and struc-
ture have been directly correlated with the stability of the
protein [11,65]. Previous studies have shown that the average
core packing fraction in x-ray crystal structures of proteins
is 〈φ〉 ≈ 0.55 [15,16,56,64]. To identify core amino acids,
we implement the software FreeSASA [66] to compute the
relative solvent accessible surface area (rSASA) using the
Lee-Richards algorithm [67]. This method employs a probe
sphere to represent a solvent molecule of diameter σ̃probe

that rolls over the folded protein to determine how much
surface area of each amino acid it can make contact with
relative to the total surface area of the fully solvated amino
acid. In this work, we consider an amino acid to be in the
core if rSASA � 10−3, which has been previously used as
an effective rSASA cutoff for identifying core amino acids
[12,14–16,55,64,68]. Smaller diameter probes can access
amino acids that are buried deeper in the protein because they
can fit through smaller void spaces. Thus, we expect that as
the probe shrinks, the number of amino acids found in the core
will decrease and when σ̃probe → 0 the entire protein will be
labeled as “surface,” with 〈 fcore〉 = 0. Because proteins typi-
cally reside in water, we used a probe sphere with a diameter
given by the size of a water molecule, σH2O ≈ 0.73σbb. Core
amino acids in x-ray crystal structures are often not all nearest
neighbors and instead occur in separate clusters. Motivated
by this, we calculate the average local packing fraction 〈φ〉
for each coarse-grained model conformation or x-ray crystal
structure. To calculate 〈φ〉, we perform a Voronoi tessellation
and find the ratio of the volume Vi of amino acid i to the local
Voronoi cell volume V voro

i of amino acid i, averaged over all
Ncore core amino acids:

〈φ〉 = 1

Ncore

Ncore∑
i=1

Vi

V voro
i

. (11)
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FIG. 6. For each coarse-grained protein model indicated by the
colors and line types in the legend, we compare (a) the average local
packing fraction 〈φ〉, and (b) the average fraction of amino acids in
the core 〈 fcore〉. In panels (a) and (b), the horizontal dashed black
line marks the average values for the x-ray crystal structures with ±1
standard deviation shaded in gray. The error bars for the data points
in (a) and (b) represent the standard deviation of the distributions for
each model.

The fraction of core amino acids is given by fcore = Ncore/N .
〈φ〉 and 〈 fcore〉 for the x-ray crystal structures are found using
Voronoi tessellation, as described above, but with atomic radii
used in previous studies [12,56,64]. Appendix D includes
additional details concerning calculations of the local packing
fraction, fraction of core amino acids, and rSASA.

We find that the core packing properties of the FJSC and
In Seq models do not strongly agree with those for x-ray
structures of proteins. 〈φ〉 ≈ 0.57–0.58 for the FJSC and In
Seq models, which is similar to 〈φ〉 ≈ 0.55 for the x-ray
crystal structures [Fig. 6(a)]. However, the FJSC and In Seq
models are not able to match the average packing fraction
for each amino acid individually in x-ray crystal structures
as shown in Figs. 7(a) and 7(b). Further, 〈 fcore〉 ≈ 0.02 and
0.05 for the FJSC and In Seq models, respectively, which
indicates that the cores for the FJSC and In Seq models are
significantly smaller than the cores with 〈 fcore〉 ≈ 0.09 for
x-ray crystal structures of proteins [Fig. 6(b)]. Thus, we also
included simulations for the MPSC and modMSPC models to
show that adding multiple side chain beads can improve the
coarse-grained description of the core packing properties.

FIG. 7. (a) The average packing fraction for each amino acid
using the InSeq, MPSC, and modMPSC models. (b) The difference
in average packing fraction between the models and the x-ray crystal
structures for each protein, weighted by the abundance of each amino
acid type in the dataset. As the coarse-grained models become more
detailed, the packing fraction approaches the values for the x-ray
crystal structures. The amino acids with more than one side chain
atom in the MPSC and modMPSC models are labeled in bold.

We next investigate whether the slightly higher packing
fraction for the MPSC and modMPSC models is the result
of poorly modeling specific amino acids. In Fig. 7, we show
the average packing fraction for each amino acid type for
the In Seq, MPSC, and modMPSC models compared to the
x-ray crystal structures. From Fig. 7(a), we observe that as
the side chain representations become more complex, the av-
erage packing fraction for each amino acid begins to converge
to the values for the x-ray crystal structures. The pack-
ing fractions for arginine, glycine, histidine, leucine, lysine,
phenylalanine, tryptophan, tyrosine, and valine are all notably
higher in the InSeq model than the x-ray crystal structure data.
Relative to InSeq, the side-chain geometries in the MPSC
and modMPSC models yield better agreement with the amino
acid packing fractions found in the x-ray crystal structures.
The reason for the remaining packing fraction error for the
MPSC and modMPSC models can be seen in Fig. 7(b), which
shows the difference between the average packing fraction
by residue for the models and the x-ray crystal structures
weighted by the relative abundance of each amino acid in the
dataset. The amino acids for the In Seq model have average
packing fractions that are both greater than and less than the
values for the x-ray crystal structures, while the models with
more detailed side chain representations have average packing
fractions that are closer to (but slightly larger than) the x-ray
crystal structures. Thus, the average packing fractions for each
amino acid in the modMPSC model are greater than those for
the In Seq model, even though the average values for the in-
dividual amino acids for the modMPSC model are converging
to the values for the x-ray crystal structures.
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In summary, we find that, as expected, 〈Rg(n)〉 and S(q)
for the MPSC and modMPSC models are both similar to
those for the x-ray crystal structures [see Figs. 5(a) and 5(c)]
〈 fcore〉 for the MPSC model improved relative to that for the
In Seq model and falls within the range for the x-ray crystal
structures (〈 fcore〉 ≈ 0.09). However, the core packing fraction
〈φ〉 for the MPSC model did not move toward the value for the
x-ray crystal structures (〈φ〉 ≈ 0.59). However, 〈φ〉 ≈ 0.57
improves for the modMPSC model (and the average packing
fractions for each amino acid individually approach those for
the x-ray crystal structures), while 〈 fcore〉 ≈ 0.09 remains es-
sentially unchanged and identical to the x-ray crystal structure
value. These results emphasize that the side-chain represen-
tation in the modMPSC model can recapitulate the overall
structural and core packing properties in x-ray crystal struc-
tures of proteins.

IV. CONCLUSIONS AND OUTLOOK

Using a series of coarse-grained protein models with in-
creasing complexity, we identified the minimal coarse-grained
models that can recapitulate several key structural properties
that define folded proteins, obtained from a large dataset of
more than 2500 high-resolution x-ray crystal structures of
single-chain proteins. We show that coarse-grained models
with only a single backbone spherical bead cannot capture
the structural properties of folded proteins. Coarse-grained
protein models with a single side-chain bead (plus a sin-
gle backbone bead) can recapitulate 〈Rg(n)〉 and S(q), but
are not able to accurately describe the core packing proper-
ties of folded proteins. Using a new coarse-grained model
(modMPSC) with multiple side-chain beads, we obtain 〈φ〉
and fcore (as well as 〈Rg(n)〉 and S(q)) to <4% of the values
for the x-ray crystal structures of proteins.

An important goal of this work was to identify the mini-
mal coarse-grained protein model that can capture important
generic structural properties of folded proteins, including the
scaling of the subchain radius of gyration Rg(n), the structure
factor S(q), and the core packing fraction φ ≈ 0.55 and frac-
tion of core amino acids fcore ≈ 0.09. Our results show that
a purely repulsive bead–spring backbone, plus stereochemical
constraints, and a minimal side–chain representation can be
collapsed into compact structures whose ensemble–averaged
properties are statistically similar to those of x-ray crystal
structures of proteins.

We now compare the root-mean-square deviations
(RMSD) of the Cα positions between the modMPSC
models for each protein and the corresponding x-ray
crystal structures. In the limit of both weak radial and
damping forces, we have shown that the model proteins
can find densely packed conformations that are similar to
the corresponding x-ray crystal structures. To estimate the
RMSD in this limit, we placed the modMPSC model beads
in positions that approximate the atomic positions in the
corresponding x-ray crystal structures and then minimized
the total energy of the protein in the presence of the radial
force. We find that the resulting average Cα RMSD of the
core amino acids in the modMPSC models is ∼3.5 Å.

In previous studies, we have shown that it is possible to
achieve �1 Å core RMSD for all-atom models with bend

angle, backbone and side chain dihedral angle restraints us-
ing radial compressive and damping forces [16]. In future
studies, we will develop coarse-grained protein models that
can also achieve core RMSD �1 Å. One method to lower
the core RMSD is to add improper dihedral angle restraints
to the side chains in the modMPSC model. Without dihedral
angle restraints, the coarse-grained side chains can potentially
take on nonphysical conformations. In the current modMPSC
model, we increased the geometric complexity of the side
chain representations for only leucine and valine. Our findings
also highlight the importance of “directionality” or amino acid
anisotropy in accurately modeling proteins [69–71]. Without
explicitly modeling anisotropic side chains in the MPSC and
modMPSC models, the predicted protein packing fractions
became less accurate, particularly when compared to the av-
erage packing fraction of each amino acid observed in x-ray
crystal structures [Fig. 7(a)]. In future studies, we can increase
the number of spherical beads to represent the side chains
(with corresponding dihedral angle restraints) of the other
amino acids. We will also determine the optimal ratio of
the radial compressive and damping forces that yields core
Cα RMSD �1 Å, as well as develop short-range attractive
interactions for hydrophobic amino acids in the modMPSC
models that can achieve protein-specific folded states upon
decreases in temperature.

Thus, we can potentially use the modMPSC model to fold
all protein sequences in the human proteome. These studies
would complement existing de novo protein structure pre-
diction methods, such as AlphaFold3 [1]. For amino acid
sequences in the human proteome without experimentally de-
termined structures, we can compare and contrast the results
for folding simulations of the modMPSC model to those for
AlphaFold.
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APPENDIX A: X-RAY CRYSTAL STRUCTURE DATASET

In this work, we compare the results from the coarse-
grained protein models to a subset of the Dunbrack 1.8
PISCES Protein Database of high-resolution x-ray crystal
structures [62,73]. The complete dataset consists of more
than 5000 proteins ranging in length from fewer than
100 residues to greater than 8000 residues, with less than
50% sequence similarity between structures and resolution
�1.8 Å. Hydrogen atoms have been added to each protein
x-ray crystal structure using the Reduce software [74].

We cull the Dunbrack 1.8 dataset based on two cri-
teria. First, we exclude any proteins that have unknown
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FIG. 8. (a) The frequency distribution Nproteins of the number of
chains Nchains in each x-ray crystal structure. The dark gray bar for
Nchains = 1 represents about half of the entries in the x-ray crystal
structure dataset. (b) Frequency distributions Nproteins of the number
of residues Nres in each x-ray crystal structure in the full dataset
(black line) and the subset with Nchains = 1 (dark gray line).

residues or noncanonical amino acids, such as selenocysteine
(Sec) [75–77]. For the second criterion, we only keep pro-
teins that consist of one chain (i.e., monomeric proteins).
As shown in Fig. 8(a), single-chain proteins make up nearly
half of the full Dunbrack 1.8 dataset (with 2531 single-chain
proteins). Figure 8(b) shows the frequency distribution of the
number of residues Nres in each x-ray crystal structure for
the full dataset in black and for the single-chain proteins in
pink.

Among the excluded proteins are those that are composed
of only a single secondary structure, e.g., only α-helices or
β-sheets. The proteins included in the analyses in the main
text have an average 〈Rg(n)〉 that is similar to that for most
entries in the full dataset. Thus, the subset of proteins is an
accurate representation of the full dataset.

APPENDIX B: GENERATING INITIAL CONFORMATIONS

For each x-ray crystal structure and coarse-grained protein
model, the initial conformation is constructed one residue at
a time. We generate an initial conformation that minimizes
the bond, bend-angle, and dihedral-angle potential energies,
as well as the nonbonded potential energy. We begin with two
backbone atoms in contact and, if the model includes explicit
side chains, randomly choose a position around the respective

TABLE I. Atomic radii used to describe the all-atom x-ray crys-
tal structures. HX denotes a hydrogen atom bound to a carbon atom;
H denotes a hydrogen atom bound to any other atom.

Atom type Radius (Å)

C 1.50
CO 1.30
N 1.30
O 1.40
H 1.00
S 1.75
HX 1.10

backbone atom to attach a sidechain bead with a diameter
sampled from the appropriate distribution in Fig. 4 in the
main text. For the FJSC model, the diameter is chosen from a
normalized distribution of all sidechain sizes regardless of the
amino acid, and for the In Seq model, the diameter is chosen
from the size distribution for the correct amino acid type.
The sidechain bead sizes are obtained from the x-ray crystal
structures in the full Dunbrack 1.8 dataset. The sidechain
bead diameter is defined as the largest center-to-center dis-
tance between any two atoms plus the average of their atomic
radii. We use the atomic radii from previous studies of
core packing in folded proteins [12,56,64], and are listed in
Table I.

We check for overlaps each time a new bead is added
to the model. Hence, we do not bias the sampling of
sidechain diameters to smaller values, we allow for small
overlaps between sidechain beads when initially building
the model conformation. Starting with the third backbone
bead, a new backbone position is chosen randomly in the
subspace that minimizes the bond length and bend angle po-
tential energies, without overlapping another backbone bead.
Depending on the model, subsequent backbone beads are
also selected so that the dihedral angles sample P (ψi jkl ) ∝
e−Ũdh (ψi jkl ). After all beads have been added for a given coarse-
grained model and x-ray crystal structure, damped molec-
ular dynamics simulations are carried out to remove bead
overlaps.

The MPSC model is initialized, starting with conforma-
tions from the In Seq model. The side chain representations
for the In Seq model are modified to have 0-5 spherical beads
as used for the Martini3 model [50]. Compared to the In Seq
model, the MPSC model changes the side chain representa-
tions for glycine, histidine, arginine, lysine, phenylalanine,
tryptophan, and tyrosine. The spherical beads for the MPSC
side chain representations of each amino acid are the same
size, and the spherical beads are scaled so that the sum of
their diameters matches the diameter of the single side chain
bead for the In Seq model. The modMPSC model is ini-
tialized in the same manner as the MPSC model. However,
the modMPSC model modifies the side chain representations
for valine and leucine to include two spherical beads instead
of one. After changing the side chains for the MPSC and
modMPSC models, we run a short NVE simulation for each
of the coarse-grained proteins to ensure a novel conformation
before the production simulation.
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TABLE II. Coefficients of the backbone dihedral angle potential
energy Udh.

s 1 2 3 4

As (5 × 10−7) 70.5 −31.3 −7.9 4.1
Bs (5 × 10−7) −17.5 −9.3 3.0 3.0

APPENDIX C: DIHEDRAL ANGLE POTENTIAL ENERGY

The dihedral angle potential energy in Fig. 3(b) in the main
text was constructed from the probability distribution P (ψi jkl )
of dihedral angles between four consecutive Cα atoms us-
ing Langevin dynamics of the united atom (UA) model for
proteins in previous work [19]. The dihedral angle potential
energy is obtained from Udh ∝ −kbT 〈lnP (ψi jkl )〉 and fit with
a fourth-order Fourier series, with the coefficients listed in
Table II. The peak near ψi jkl = −60◦ and the plateau in the
range 0◦ < ψi jkl < 120◦ can be attributed to secondary struc-
ture in proteins.

Udh(ψi jkl ) = Uda

∑
〈i jkl〉

4∑
s=1

[As cos(s ψi jkl ) + Bs sin(s ψi jkl )].

(C1)

All physical quantities, including the dihedral angle poten-
tial energy, are made dimensionless using the energy, mass,
and length units: εrep, m, and σbb. The values used in the
simulations are listed in Table III.

APPENDIX D: CALCULATING CORE PROPERTIES

1. Fraction core, fcore

The first step in calculating the fraction of core amino
acids ( fcore) is to identify which residues are in the core. In
this work, we define a residue to be in the protein core if
the relative solvent accessible surface area (rSASA) rSASA �
10−3. A probe particle of diameter σprobe (σprobe = 0.73σbb in
this work) represents the solvent and moves on the surface
and through the geometrically accessible void space of the
protein. rSASA is the ratio of the surface area of the residue
that the probe can make contact with to the surface area of
the full residue, removed from the protein and fully solvated.
An example of the all-atom structure for 5TKW is shown in
Fig. 9(a), with its identified core shown in Fig 9(b). Once the
core residues are identified, fcore is calculated by dividing the
number of core amino acids by the total number of amino
acids in the protein.

TABLE III. Dimensionless simulation parameters.

Parameter Value

Ũbb 1.0
Ũba 1.0
Ũda 1.0
F̃cent 10−4

FIG. 9. (a) All-atom representation of PDBID: 5TKW. (b) The
core of protein 5TKW is highlighted by making all noncore atoms
transparent. This protein has a core that is not contiguous, which is
common for folded proteins.

2. Packing fraction, φ

Calculating the packing fraction (φ) starts with identifying
the core residues using the same method as that used for fcore.
In addition to rSASA, we check for surface residues using
a radical Voronoi tessellation. In a Voronoi tessellation, if a
point lies on the collapsed polymer surface, the volume of
its cell will depend on the bounding box. Any Voronoi cell
volume that remains constant after scaling the boundary is
labeled as being in the interior of the polymer. The com-
plement of the union of surface beads from the rSASA and
Voronoi methods defines the core residues (and their Voronoi
cells) used for calculating the packing fraction. Any residues
identified in the core are then used to compute the packing
fraction of the core.

For all collapsed models and x-ray crystal structures, we
treat each sphere individually, whether it represents a side
chain atom or backbone atom. If a pair of atoms has negligible
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overlap, each Voronoi cell will contain the entire sphere. If
there are overlaps between two spheres, the Voronoi plane
will intersect the spheres. The collapsed models have negligi-
ble overlaps, but the all-atom x-ray crystal structures possess
both inter-residue and intra-residue atomic overlaps. There are
several ways to compute the net volume of spheres in a residue
while accounting for overlaps, such as the inclusion-exclusion
principle, which requires adding and subtracting the overlap
volumes of pairs, triples, etc.. We chose to use a Monte Carlo
method for calculating volumes of amino acids. We place the
core residues in a box and randomly sample points in the box.
In the case of a point that falls in the overlap region between a
core atom and a surface atom, we check on which side of the
Voronoi plane the point falls. If the point is on the core side of
the Voronoi plane, it is counted as in the core; otherwise, it is
outside of the core. Given N points sampled in the bounding
box of volume Vbox, if Nin are found to fall in the amino acid

on the core side of any atoms near the core-surface boundary,
the volume of the amino acid is

Vres ≈ Nin

N
Vbox.

After calculating Vres for all core residues in the protein, we
can determine the packing fraction φ by averaging the local
packing fractions of each core residue,

φres ≈ Vres

V voro
res

,

and φ = 〈φres〉. As the number of test points grows, the vol-
ume computation can be made as accurate as desired, and the
packing fraction converges. In addition to using a high density
of sampled points (20 000 points/σ 3

bb), we also compute the
final local packing fraction for each residue by averaging over
50 independent realizations.
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