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Abstract
Biological complexity emerges from the collective behaviour of proteins, whose folding and conformational dynamics
are directly governed by the underlying potential energy surface. Here, we compare the potential energy landscapes of
bovine pancreatic trypsin inhibitor (BPTI) obtained with the all-atomAMBER force field and the coarse-grained UNRES
potential. For the native triply disulphide-bonded state of BPTI, both models sample predominantly folded, native-like
conformations with relatively small structural deviations from the crystallographic structure, though UNRES explores
structures with a broader range of RMSDs, as well as radii of gyration and solvent-accessible surface areas. For compa-
rable CPU time, the discrete path sampling approach using UNRES locates a larger number of minima and transition
states, providing a more finely resolved and extensively sampled energy landscape. Together, these results highlight
how all-atom and coarse-grained potentials differ in the representation of protein energy landscapes, while retaining
consistent global features for a highly constrained, disulphide-rich protein such as BPTI.
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1. Introduction
BPTI is a small, single-chain globular protein of 58

amino acid residues that belongs to the serine protease
inhibitor family, where it inhibits protein digestion
by blocking the activity of trypsin in the bovine pan-
creas [1,2]. BPTI and related inhibitors contain conserved
cysteine residues that form three disulphide bonds, which
strongly stabilise the native fold [2]. The crystal structure
of BPTI (Figure 1) reveals a compact, pear-shaped protein
of approximately 30 Å along its longest axis, comprising
two helices (A1 and A2) at the N- and C-termini, respec-
tively, and a central antiparallel β -hairpin formed by
strands B1 and B2 [3,4]. Three disulphide bonds partition
the chain into distinct folding regions: S1 (Cys5–Cys55)
links the N- and C-termini, S2 (Cys14–Cys38) connects
the loose ends of the β -strands, and S3 (Cys30–Cys51)
wraps the helical regions around the β -sheet [2]. Owing
to its simple topology, well-resolved crystal struc-
tures, and well-characterised folding intermediates and
disulphide-exchange kinetics [5–7], as well as its ability
to form complexes with multiple target enzymes [8],
BPTI has become a paradigmatic system for theoretical
studies of protein folding, stability, and molecular recog-
nition. The folding pathway of BPTI has been extensively

Figure 1: (a) The crystal structure and (b) sequence of BPTI (PDB ID:
5PTI [3]).

characterised, revealing dynamic equilibrium between
the native state, disulphide-bonded intermediates, and
the underlying network of thiol–disulphide exchange
reactions [5, 9–13]. Disulphide formation proceeds via
glutathione (GSSG)-mediated oxidation followed by rapid
intramolecular disulphide rearrangements whose rates
are largely independent of glutathione concentration [9].
Under oxidising conditions, only about half of the
molecules reach the native three-disulphide structure,
while the remainder accumulate in compact, near-native
intermediates in which two native disulphide bonds are
formed and the remaining cysteines are buried and resis-
tant to further oxidation [5, 10, 11, 13]. The population of
specific intermediates and their conversion to the native

state depend sensitively on pH, with neutral and mildly
alkaline conditions favouring distinct but convergent
disulphide-bonding patterns that share a common,
intramolecular rearrangement step that limits the overall
folding rate [5, 9, 12]. NMR studies further show that
native BPTI exhibits rich internal dynamics, including
aromatic side-chain rotations, internal water exchange,
and disulphide isomerisation on nanosecond–millisecond
timescales [14–16]. Long timescale atomistic molecular
dynamics (MD) simulations on the Anton supercomputer
have further shown that folded BPTI populates at least
five interconverting conformational states with microsec-
ond lifetimes, in which the backbone undergoes rare hops
between distinct basins while side chains and internal wa-
ters display faster, largely state-independent fluctuations
with the dominant MD state closely matches the 5PTI
crystal structure [17–19]. More recently, Wesołowski et
al. characterised the thermodynamic stability of folded
and unfolded BPTI using a three-layer MC-ONIOM3
scheme, in which the whole protein was treated with the
GFN-FF force field, selected multicentre fragments were
refined with the semi-empirical GFN2-xTB method, and
the three disulphide bonds were further refined using
the composite DFT method r2SCAN-3c [20–23]. These
calculations provided relative and Gibbs free energies for
the folded and unfolded states and emphasised the crucial
role of the three disulphide bonds and non-covalent
interactions in stabilising the native structure. In the
following, we compare the ability of the AMBER and
UNRES force fields to characterise the conformational be-
haviour of BPTI within the Cambridge energy landscape
framework.

2. Methods
The potential energy landscape of a given system is

defined by its potential energy function on the nuclear
configuration space, forming a high-dimensional hyper-
surface in R3N , where N is the number of atoms (or pseu-
doatoms, in the case of coarse-grained force fields). Be-
cause a continuous representation of the PES is almost al-
ways impractical, potential energy landscape theory rep-
resents the hypersurface in terms of local minima, where
the Hessian (thematrix of second derivatives of the poten-
tial energy) has only non-negative eigenvalues, and the
transition states that connect them, which are first-order
saddle points with exactly one negative Hessian eigen-
value [24]. A key feature of any landscape is its global
minimum, which corresponds to the most stable struc-
ture in the low-temperature limit and often coincides with
the native structure of a protein [25]. The Cambridge en-
ergy landscape framework allows different potentials to
be interfaced as energy functions. In this work, we com-
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pare AMBER20 interfaced with the OPTIM [26] program
(A20OPTIM) and UNRES interfaced with the OPTIM pro-
gram (UNOPTIM) [27].

AMBER is a widely used suite for all-atom MD sim-
ulations of biomolecules and provides a family of empir-
ical force fields, including ff14SB, for modelling proteins
with improved backbone and side-chain dihedral param-
eters relative to earlier variants such as ff99SB [28–31]. In
this work we employ the ff14SB protein force field, whose
potential energy function has the standard AMBER form

Epotential = ∑
bonds

kl(l − leq)2 + ∑
angles

kθ (θ −θeq)
2

+ ∑
dihedrals

Vn

2
[
1+ cos(nφ − γ)

]
+∑

i< j

[
Ai j

R12
i j

−
Bi j

R6
i j
+

qiq j

4πεRi j

]
, (1)

where the first three terms describe bonded contributions
(bond stretching, angle bending, and torsions) and the fi-
nal term accounts for non-bonded van derWaals and elec-
trostatic interactions [27, 32]. The ff14SB parametrisation
refines backbone and side-chain torsional profiles using
quantum mechanical calculations and NMR data, yield-
ing markedly improved secondary-structure and confor-
mational energetics across diverse peptides and proteins
[31, 33, 34].

The UNRES (UNited RESidue) coarse-grained model
[35] provides a carefully designed compromise between
reduced representation and physicality by coarse grain-
ing proteins at the residue level while retaining the es-
sential interaction sites. This level of description enables
efficient simulations of large, complex systems over long
timescales, as demonstrated in CASP assessments [36,37]
and in a broad range of recent applications [38, 39]. UN-
RES has been used successfully for systems ranging from
small globular proteins to large assemblies [36, 37, 40, 41],
and ongoing developments continue to extend its capabil-
ities and accuracy [42, 43]. The model has also been in-
corporated into the Cambridge energy-landscape frame-
work [27,44], forming the basis of the UNOPTIM program
employed here.

In the UNRES representation, coarse graining is
achieved by mapping each amino-acid residue onto a Cα

site accompanied by two interaction centres: a united
side chain, SC, and a united peptide group, p. The chain
geometry is described by virtual-bond lengths, angular
degrees of freedom (θ ,γ), and the side-chain orientation
angles (αSC,βSC). The NEWCT-9P force field [45],
version of UNRES implemented in UNOPTIM program,
expresses the total potential energy as a sum of physically
motivated contributions, Ux, summarised in Equation 2.
The long-range nonbonded terms involve interactions

between side chains (USCiSCj ), between side chains and
peptide groups (USCipj ), and between peptide groups
(UVDW

pipj
and Uel

pipj
). Local terms include virtual-bond

deformation (Ubond), virtual-bond-angle potentials (Ub),
torsional contributions along the backbone (Utor), side-
chain rotameric preferences (Urot), and the three-body
correction and turn-forming terms, U (3)

corr and U (3)
turn. These

components collectively account for coupling between
short-range geometric preferences and backbone elec-
trostatics [45]. The virtual-bond length di corresponds
either to a Cα · · ·Cα or a Cα · · ·SC connection. Disulphide
bridges are described by Ussbond, with nss denoting the
number of such cross-links and dss their bond lengths.
The full potential takes the form:

U = wSC∑
i< j

USCiSCj +wSCp∑
i̸= j

USCipj

+ wVDW
pp ∑

i< j−1
UVDW

pipj
+wel

pp f2(T ) ∑
i< j−1

Uel
pipj

+ wtor f2(T )∑
i

Utor(γi,θi,θi+1)

+ wb∑
i

Ub(θi)+wrot∑
i

Urot(θi,αSCi ,βSCi)

+ wbond∑
i

Ubond(di)+wssbond∑
nss

Ussbond(dss)

+ w(3)
corr f3(T )U (3)

corr +w(3)
turn f3(T )U (3)

turn. (2)

Each contribution is multiplied by a corresponding
weight wx, and those associated with higher-order cumu-
lant terms include additional temperature factors fn(T )
[46]. These coefficients, defined by the first cumulant cor-
rection [47], incorporate the reference temperature T0 =
300 K [46, 48] and are given by

fn(T ) =
ln[exp(1)+ exp(−1)]

ln{exp[(T/T0)n−1]+ exp[−(T/T0)n−1]}
. (3)

In potential energy landscape theory, stationary
points, defined by vanishing gradients of the potential
energy, provide the fundamental structural features
of the surface. Of particular interest are local minima,
characterised by Hessians with non-negative eigenvalues,
and the transition states that link them, which corre-
spond to first-order saddle points with a single negative
eigenvalue [24]. Within the discrete path sampling
(DPS) framework [25, 49, 50], these stationary points are
generated and organised into an evolving database. Here,
we use OPTIM [26] to locate and characterise individual
stationary points, while PATHSAMPLE [51] distributes
successive OPTIM calculations to expand the database
systematically. Local minima are obtained via limited-
memory BFGS optimisation [52, 53], and candidate
connections between selected minima are constructed
using doubly-nudged [54, 55] elastic-band [56–58]
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(DNEB), with the chain of images relaxed by LBFGS.
Transition-state candidates are subsequently refined with
hybrid eigenvector-following [59–62], and connectivity is
established using steepest-descent pathways to adjacent
minima. The resulting collection of minima and transi-
tion states, combined with unimolecular rate theory [63],
constitutes a kinetic transition network [64–67]. Because
this procedure relies on extensive geometry optimisation,
the computational cost grows rapidly with system size,
reflecting the exponential increase in the number of
stationary points expected for complex systems [68, 69].

Visualising energy landscapes is challenging be-
cause they are naturally embedded in high-dimensional
spaces. A common approach is to project the landscape
onto a small number of collective variables, but such
reductions inevitably obscure aspects of the underlying
organisation, for example by merging structurally dis-
tinct minima separated by significant barriers [65,70–74].
Disconnectivity graphs [75–78] offer an alternative rep-
resentation that preserves the essential high-dimensional
topology. In these graphs, energy increases vertically and
each branch tip denotes the energy (or free energy) of a
local minimum; minima are arranged horizontally so that
the lowest members occupy the centres of funnel-like
features [75, 76]. Minima belong to the same superbasin
when they can be connected by a pathway whose highest
transition state lies below the branching threshold. In
practice, minima are arranged horizontally so that the
lowest members of local funnels lie near the centre of
those funnel features. This representation highlights the
global organisation of the landscape: self-assembling
systems typically exhibit single-funnel topography [76],
whereas glassy or frustrated systems show multifunnel
organisation with many competing low-energy states
separated by substantial barriers [44, 79, 80]. It is also
possible to visualise the underlying energy landscape
directly from molecular dynamics simulations, an ap-
proach that will be employed in future work and has
previously been benchmarked for both UNRES and
AMBER simulations [81].

3. Results and Discussion
We begin by discussing the AMBER and UNRES

energy landscapes, respectively, followed by their com-
parison. For each landscape, we performed structural
analysis on low-lying structures from each major funnel,
which we assume to be representative conformational
states for that funnel. For both potentials, a DPS calcu-
lation was initiated from five structures obtained from
the long-timescale MD simulations of Shaw et al. [18].
The resulting kinetic transition network contains 7447
minima and 9134 transition states. The disconnectivity

graph constructed reveals four dominant funnels on
the landscape (Fig. 2). From these, we selected eight
low-lying minima (two per funnel, including the global
minimum), labeled A for the global minimum and B–H
in alphabetical order with increasing energy, as repre-
sentative structures for further analysis. These minima
provide a compact set of conformations that capture
the organisation of the AMBER landscape into distinct
funnels.

To characterise differences in surface exposure
among these alternative conformations, we computed
the solvent-accessible surface area (SASA) for the ex-
perimental BPTI structure (PDB ID: 5PTI) and for each
of the eight representative minima, decomposing the
total SASA into polar and hydrophobic contributions.
The PDB structure has a total SASA of 3946 Å2, with
polar and hydrophobic components of 2529 and 1417 Å2,
respectively, corresponding to ≈64% polar exposure, as
expected for a compact globular protein. Most AMBER
minima show only modest increases in total SASA and
preserve a similar polar fraction, indicating that they
remain native-like in both compactness and surface
polarity distribution. In contrast, some higher-energy
funnel representatives (e.g. minima G and H) exhibit a
noticeably larger hydrophobic SASA fraction, consistent
with more open conformations in which hydrophobic
side chains are partially exposed to solvent.

Overall, the SASA analysis suggests that the dif-
ferent funnels on the AMBER landscape correspond to
subtly reorganised but broadly native-like folded states,
with backbone RMSDs relative to the crystallographic
structure not exceeding 4.1 Å (table 1), and with varia-
tions in surface exposure that may modulate stability and
interactions.

For the UNRES potential, the DPS calculation pro-
duced a substantially larger kinetic transition network
than for AMBER, comprising 62179 minima and 43725
transition states for comparable CPU time. A disconnec-
tivity graph reveals nine main funnels, although these
are less clearly defined than in the case of the AMBER
potential, along with several low-lying kinetic traps that
lie outside these funnels (Fig. 4). From this landscape we
selected one representative minimum per funnel, along
with a small set of prominent kinetic traps, as candidate
conformational states for further analysis.

Because UNRES is a coarse-grained model in which
residues are represented by pseudoatoms, all selected
minima were first reconstructed to all-atom structures
prior to comparison with the experimental BPTI structure
and the AMBER results. Coordinates for chosen minima
were extracted from the UNRES database and recon-
structed using the PULCHRA software [82] and then
side chain refined with SCWRL4 [83] for the disulphide
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Figure 2: Disconnectivity graph for the BPTI potential energy landscape obtained with the AMBER potential. The four main funnels are indi-
cated, with explicitly displayed minima, starting from minimum A as the global minimum and continuing in alphabetical order with increasing
energy. Initial structures are labelled I, C, J, K, L.

Figure 3: Total, polar and hydrophobic SASA for the experimental
BPTI structure (PDB) and the eight representative minima on the AM-
BER energy landscape.

bridges. Disulphide bonds, hydrogen atoms, solvent
molecules and counterions were added, and the resulting
systems were relaxed using AMBER. A short energy
minimisation was first used to remove unfavourable

contacts, after which the systems were gradually heated
to 300 K and subsequently equilibrated at 300 K to
ensure structural stability prior to analysis. The same
refinement protocol has been employed before [44].
SASAs were computed for the reconstructed UNRES
conformations and compared with the experimental PDB
structure (Fig. 5). Compared to the crystal structure, all
UNRES-derived conformations exhibit systematically
larger total SASA values in the range 4134–4802 Å2. The
polar fraction varies between ∼60% and 67%, while the
hydrophobic contribution is generally increased relative
to the experimental structure.

These trends indicate that the UNRES funnels
sample more open, solvent-exposed conformations than
AMBER, with enhanced exposure of hydrophobic groups
in some funnels. Nevertheless, the polar–hydrophobic
balance remains broadly comparable to the experimental
structure, suggesting that UNRES still favours compact,
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folded-like states, albeit with greater conformational di-
versity and surface rearrangement. We also note that the
reconstructed UNRES minima analysed showed higher
RMSDs with respect to the crystallographic structure,
with the maximal value reaching 5 Å (Table 2).

Disulphide bonds heavily constrain the conforma-
tional space explored in both AMBER and UNRES, so
our analysis focuses on alternative folded conformations
with all three native disulphide bonds present, rather
than on the unfolded to folded transition. The discon-
nectivity graphs obtained for AMBER and UNRES exhibit
broadly similar global topologies. This can be seen by
the branching topography of the disconnectivity graphs
and is further discussed below. In both cases, several
low-lying funnels are separated by substantial barriers,
with the leftmost funnels being kinetically isolated from
the rest.

For AMBER, the global minimum (index A) resides in
a central funnel bordered by two clearly separated neigh-
bouring funnels. In UNRES, the corresponding side fun-
nels appear merged into a larger central basin, reflecting
the greater smoothing and coarse-graining of this poten-
tial. The initial structures used in the DPS calculations
occupy similar regions of the landscape in both models,
and some starting conformations can be directly identi-
fied across the two potentials (e.g. AMBER minimum C
and UNRES minimum O represent the same structure). In
both disconnectivity graphs this conformation lies within
the funnel containing the global minimum, and is among
the lowest in energy and entropy of the starting set, in-
dicating that UNRES is able to capture key microscopic
features of the folded conformational ensemble despite its
reduced representation.

Because AMBER and UNRES employ different func-
tional forms and parametrisations, their absolute energies
are not directly comparable. Only relative trends, such as
barrier heights between selectedminima, can bemeaning-
fully contrasted. Even then, the numerical values differ by
factors of a few: for example, barriers between analogous
initial structures differ by roughly factors of three to six
between the two force fields. These discrepancies reflect
the distinct ways in which the two models represent the
same underlying states, and mean that the disconnectiv-
ity graphs should be compared qualitatively rather than
quantitatively in terms of energy scales.

We calculated RMSDs across the representative
structures from the energy landscapes of both force fields
before and after the AMBER optimisation protocol for
the UNRES minima. Figure 6 highlights the importance
of the full reconstruction routine in eliminating the
geometric artefacts imposed by the reconstruction of a
coarse-grained representation. The overall structural
mapping between AMBER and UNRES is not one-to-
one. Notably, the global minima of the two potentials

(minimum A in both disconnectivity graphs) do not
correspond to the closest-matching structures in terms
of RMSD, and analogous discrepancies are observed for
the lowest minima in the leftmost funnels (D (AMBER)
vs. K (UNRES)). These observations suggest that, while
the two landscapes share similar funnel topologies, the
detailed placement of individual minima within those
funnels differs between the all-atom and coarse-grained
descriptions.

Table 1: The RMSD values of eight local minima, simulated using the
AMBER potential, after alignment with experimental PDB structure.

Index RMSD [Å]

A 2.9

B 2.8

D 4.1

E 3.4

I 2.8

F 2.6

H 3.2

G 3.1

Table 2: The RMSD values of fourteen local minima, simulated using
the UNRES potential, after alignment with experimental PDB struc-
ture.

Index RMSD [Å]

A 4.4

B 4.7

C 3.9

D 4.8

E 5.0

F 3.7

G 4.3

H 4.6

I 5.0

J 3.6

K 4.0

L 3.3

M 4.1

N 3.8

In line with the larger and more diverse UNRES
database, representative structures from the UNRES
landscape generally show larger deviations from the
crystallographic BPTI structure than those obtained with
AMBER. By contrast, the AMBER representatives remain
closer to the experimental structure. Nevertheless, given
the constraints imposed by the three disulphide bonds,
both force fields predominantly sample folded, native-like
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Figure 4: Disconnectivity graph for the BPTI energy landscape obtained with the UNRES potential, showing nine principal funnels and se-
lected representative minima and kinetic traps used for structural analysis, starting from minimum A as the global minimum and continuing in
alphabetical order with increasing energy. Initial structures are labelled R, O, S, Q, P.

Figure 5: Total, polar, and hydrophobic SASA for the experimental
BPTI structure (PDB) and selected representative minima and kinetic
traps from the UNRES energy landscape.

conformations, with UNRES providing a more flexible
and structurally heterogeneous view of the underlying
energy landscape. These findings are summarised in
Figures 7 and 8 which show representative structures
from both AMBER and UNRES energy landscapes aligned
with the crystallographic PDB structure. In AMBER,
low-lying minima remain close to the experimental con-

formation, with RMSDs of roughly 2.5–4.1 Å (table 1) and
average per-atom deviations near 1 Å, while in UNRES
the corresponding structures (after reconstruction and
equilibration) are somewhat more dispersed (RMSDs
∼3.3–5.0 Å) (table 2) but still clearly folded and native-
like. In both cases, the α-helix and β -strand regions
align well with the PDB structure, and the largest RMSD
values, as expected, are predominantly localised in the
most flexible loop segments. The grey regions indicate
residues for which the per-residue RMSD with respect
to the experimental structure exceeds 5 Å, implying that
these parts of the structures differ too substantially to
allow a reliable structural comparison.

Finally, we note that, consistent with the broader
conformational sampling and larger RMSDs observed
for UNRES, this force field also explores higher radii of
gyration, ranging from 11.29 to 11.96 Å in the analysed
structures, whereas AMBER samples a narrower interval
of 11.14–11.61 Å, but both of them were sampled close to
the crystallographic value of 11.29 Å.
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Figure 6: RMSD between representative AMBER and UNRES minima. (a) RMSD using reconstructed and AMBER-optimised UNRES structures.
(b) RMSD using reconstructed, unoptimised UNRES structures.

4. Conclusion
The aim of this contribution was to compare the

performance of the all-atom AMBER potential and the
coarse-grained UNRES potential for BPTI by analysing
their energy landscapes and low-lying minima. Despite
the very different levels of resolution, both models
produce broadly similar folded ensembles, strongly con-
strained by the three disulphide bonds. This similarity
is reflected in native-like RMSD values, comparable
average per-atom deviations, and closely matching polar
and hydrophobic SASA fractions. For AMBER, the
representative minima are highly compact and remain
very close to the crystallographic structure in terms
of RMSD, radius of gyration, and SASA. The UNRES
minima, as expected for a coarse-grained potential that
neglects some microscopic interactions, show slightly
larger RMSDs, radius of gyration values, and total SASA,
indicating more conformational flexibility while still
sampling folded, native-like states. We also examined the
reconstruction of UNRES minima to all-atom structures.
Significant structural changes occur during the necessary
optimisation stage with AMBER, reflecting the presence
of unphysical geometries (e.g. unusual backbone bond
distances) in the raw reconstructed configurations with
PULCHRA and confirming that relaxation is essential
before quantitative comparison. The correspondence
between minima of the two potential energy surfaces
obtained is not one-to-one: for instance, the global
minima in the two force fields are not mutually closest to
the crystallographic structure in RMSD. This mismatch
highlights both the intrinsic differences in the underlying
potentials and the non-trivial nature of mapping between

all-atom and coarse-grained landscapes which posses
different conformational spaces by design.
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Figure 7: The spectrum of RMSD values for local minima obtained
with the AMBER potential, compared to the experimental BPTI struc-
ture. Blue regions indicate minimal deviations from the experimental
structure, red regions highlight pronounced local differences, and grey
regions correspond to parts of the structures that are not included in
the comparison due to pronounced structural dissimilarity.
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