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Abstract. The understanding of the relation between the amino acid sequence and
the spatial structure of the protein is an open task since many decades. Some tools
for the prediction of protein structures from known ones were developed, but they
let unanswered fundamental questions about properties of folded proteins and the
folding process itself. Recently, coarse-grained models were developed, which are able
to predict protein structures with an acceptable level of accuracy using probabilistic
algorithms. In this paper, we introduce a new coarse-grained model, which neglects
details on the amino acid level and uses structure elements of successive amino
acids as building blocks instead. Within this approximation, we use a deterministic
branch and bound algorithm, which is able to find the exact ground state and the
complete low-energy landscape. The agreement of the calculated ground state with
the native protein structure is shown. A possible application of the model to explain
experiments with membrane proteins using dynamic force microscopy is sketched.

9.1 Introduction

Since many decades, the problem how proteins achieve their native form is
unsolved. Although unknown protein structures can be predicted quite ac-
curately on the basis of already known protein structures (see, e.g., [1]), the
principles behind protein folding are not fully understood. Nowadays, more
and more accurate ab initio methods, which could shed light on this issue, are
under development (see, e.g., [2]). In the following, we will sketch a simple ab
initio approach for protein structure and landscape prediction, which is able
to capture relevant features of protein native structures.

Proteins are assembled in the ribosomes of a cell by translating RNA
(ribonucleic acid) in an unstructured chain of amino acids. A single amino acid
consists of a so-called backbone and a side chain. The amino acid backbones
are connected via a peptide bond to form the whole protein. Proteins fold
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within some split seconds into a stable three-dimensional (3d) complex, the
native state. This folding is done in most cases (especially for proteins with
less than 200 amino acids) without the help of catalysts. This means the 3d
structure of a protein is somehow encoded in the sequence of the amino acids:

This fact is confirmed by mechanical unfolding experiments. After the
unfolding, the proteins will refold into their native form [3].

Since the beginning of the 1990s, the number of experimentally analyzed
protein structures grew in a nearly exponential fashion (see the Protein Data
Bank (PDB) [4]). Today, there are more than 40 000 known structures avail-
able. Together with improvements in computational power, this leads to a
raised interest in predicting protein structures. The most important point
within this context is the question how the protein reaches its native state.

In 1969, Cyrus Levinthal formulated a paradox [5], which leads to the
formulation of the energy-landscape theory for protein folding. If a protein
with 100 amino acids has around three states per amino acid (this could
be argued by Ramachandran maps, see Fig. 9.1), it ends up with around
1047 possible configurations. By probing 1013 structures per second (which
is magnitudes beyond nature), it would take 1027 years to search all states
for the ground state, more than the age of the universe. This paradox can
be solved by assuming structured energy landscapes. If the structure of the
energy landscape is not flat but has a broad funnel leading to the native state,
folding can occur in reasonable times [7].

Minimal frustration with respect to packing of amino acids and interac-
tions between them seems to be needed in this picture for reaching the native
state of a protein in reasonable times [8]. Additionally, a small roughness can
enhance folding times [9]. Thus, folding is more or less a downhill process with-
out trapping in (deep) minima. This means that energy barriers occurring in
the folding process should be more or less smaller than thermal excitation.
With the knowledge of the energy landscape, thermodynamic aspects could
be examined (see, e.g., [10]). Thus, calculating not only the ground state of
a protein model but also the excited states with the correct energies with
respect to the real structures is a promising but still challenging task because
of the inherent complexity of the system.

To tackle this problem, we used a branch and bound algorithm to map
the whole landscape below a certain energy threshold. This gives us on the
one hand all states and all transitions between them. On the other hand, it
demands discretization to handle the complexity of the problem.

This article is structured in the following way: Firstly, we discuss dis-
cretization in the context of protein models. Secondly, we introduce a frag-
mentation scheme followed by the energy calculation and an explanation of
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Fig. 9.1. Exemplary Ramachandran contour plot, the representation of the two
main degrees of freedom (ϕ, ψ) in an amino acid. Three clusters exist with centers
at (−100, 140), (−80, −45) and (50, 45) [6]

the used branch and bound algorithm. This is used to calculate ground states
and energy landscapes of both globular and membrane proteins in the frame-
work of the model. Relations to the experiment are presented, e.g., for atomic
force microscopy (AFM) on membrane proteins.

9.2 Structural Discretization

An amino acid consists of a backbone (N, C, O and H atoms) and a side chain
(Fig. 9.2). The backbone is the same for all 20 proteinogene amino acids,
whereas their side chains differ. Thus, differentiation between amino acids is
just due to the side chains.

Mostly, structural discretization has been done with respect to the tor-
sional angles ϕ and ψ, (Fig. 9.3 [11]). Additionally, some models assume
only one or two pseudo atoms, although an amino acid consists of many
atoms. The strongest discretization is the neglecting of any detail of an
amino acid. In such a way, a protein is just a collection of beads on a string
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Fig. 9.2. Representation of two connected amino acids. The backbone struc-
ture is shown in bold. The side chains are shown as lines. The canonical or-
dering of the main backbone atoms of one amino acid is the following: N, Cα

(where the side chain is attached), C. The first carbon atom of the side chain is
named Cβ

with regular spacing. Such an approach is used, e.g., to model proteins on
cubic lattices. This procedure leads to a discretization on an amino acid
level.

Further studies show that there is another way of possible discretization.
For fragments of up to ten amino acids, a strong correlation between sequence
and structure has been found [12]. Clustering on the basis of PDB structures
leads, e.g., to approximately 30 different structural motifs for fragments of
seven amino acids more or less independent of the sequence [13]. Fragments
are used, e.g., for protein structure prediction algorithms such as Rosetta [14]
or Robetta [15].

Fig. 9.3. Linkage section of two consecutive amino acids in a protein. SC denotes
the side chain, the dash refers to the subsequent amino acid
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9.3 Fragmentation of Protein Structures

On the basis of [13], one could think about fragmentation of protein structures
to reduce the complexity. This means reference structures of m amino acids
can be used as templates for the local structure of the target protein. We
generate the fragments by scanning a subset of the PDB [16] with a sliding
window of m = 7–10 amino acids. All these local PDB structures are grouped
according to their first two amino acids and the last amino acid of the previ-
ous fragment. Then, the fragments within a group are clustered by k-means
into 14–30 clusters using RMSD (root mean square deviation between two
structures) as distance function with

RMSD =

√∑n
i=1 (rstruct. 1, i − rstruct. 2, i)

2

n
. (9.1)

The structure with the lowest RMSD to all other structures in each cluster is
used as the cluster representative. For the following results, we used a seven-
amino-acid-long template set with 14 structures for every fragment.

It is possible that similar local structures are oriented in different ways in
different proteins. Nevertheless, similar structures should be clustered inde-
pendent of their orientation. For this issue, a canonical orthogonal coordinate
system can be introduced in the following way:

ex =
a

|a| , (9.2)

ey =
b− (b · ex)ex

|b− (b · ex)ex| , (9.3)

ez = ex × ey, (9.4)

where a and b are vectors connecting Cαs (see Fig. 9.4). While scanning, every
local structure from a PDB file is transformed to such a canonical coordinate
system. This approach clusters such structures together, which are similar in
spatial structure and orientation.

Fig. 9.4. The canonical coordinate system is defined by three amino acids (black).
The Cαs are shown as circles. The coordinates of the following amino acids (gray)
are unambiguously defined in this coordinate system
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Fig. 9.5. Fragmentation of a protein. The whole structure is build up by fragments
of seven amino acids. Each fragment is represented by another gray scale. The arrows
and spirals denote two kinds of secondary structure: β-strands and helices [17]

The transformation ensures additionally a correct connection of neighbor-
ing fragments: Every fragment is a part of a valid PDB structure. This means
that each fragment provides a valid canonical coordinate system for the next
one. No alignment techniques or covering fragments are needed, cp. [18]. This
procedure reduces simulation times remarkably.

One can understand this model as an extended lattice model: The frag-
ments can be placed at a limited number of discrete places depending on the
position and orientation of the previous ones. Finally, the protein structures
are built up by connecting the fragments (see Fig. 9.5).

9.4 Energy Function

In real proteins, interactions between amino acids favor a few native-like struc-
tures from the huge number of alternative protein conformations. It is obvious,
that discretizing in space leads automatically to deviations in distances be-
tween amino acids compared to those in the native structure. This reduces
the specificity of the energy function. Although stepwise pair potentials look
very naive, in some cases they are the right choice, ranging from HP models
(dividing the amino acids into two classes: hydrophobic and hydrophilic, see
[19, 20, 21]) to more sophisticated ones. Nevertheless, depending on the model
type, the form of the energy function can be very different (see, e.g., [22, 23]
for an all-atom force field).
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The energy function has to be very robust in terms of distance due to
the coarse-grained spatial structure of the model. This means a criteria which
is independent of (small) structural deviations is needed. The required ro-
bustness circumvents a detailed dependency of the interaction scheme on the
distance. One way to enhance robustness is the use of a criteria, which depends
on single amino acids instead of pairs of amino acids, because deviations in
the pairing of amino acids (due to local structure biases such as helices, etc.)
are eliminated1.

For determining a robust interaction scheme, we choose an inside/outside
criterion for each amino acid. A similar approach was used by Wertz and
Scheraga [24] for determining hydrophobicity. A subset of the PDB consisting
of proteins in the SCOP (structural classification of proteins, [25]) class α+β
with less than 30% sequence similarity was scanned with respect to residues
being inside or on the surface of the protein (outside). The properties “inside”
or “outside” are defined for an amino acid in the following way:

{
inside
outside

}
if
{ |Cα − c| < 5Å or

(
Cα − Cβ

) · (Cα − c) < 0
else

}
. (9.5)

Cα/β are the positions of the Cα/β atoms, c is the center of mass with respect
to the Cαs of a surrounding sphere with radius 10 Å. With this criteria, a
clear separation between “inside” and “outside” of a protein is possible. The
results are shown in Fig. 9.6 and Table 9.1.

The energy for bringing a single amino acid i from outside to inside can
be calculated by

ei = −kBT ln
(

ni,in
ni,out

)
, (9.6)

where ni,in and ni,out are the number of inside and outside occurrences of
amino acid i, respectively (see, e.g., [24]). The temperature is denoted by T
and the Boltzmann constant by kB. Figure 9.7 shows experimental data for
amino acid solvation energies [26] compared to the calculated energies (9.6).
There is a clear correlation in sign and magnitude between the experiment
and the inside/outside approach. Thus, the inside/outside property reflects
the ability of an amino acid to be surrounded by or shielded from water.

The interaction eij between two amino acids i and j can be described by
the sum over the single amino acid solvation energy

eij = α (ei + ej) , (9.7)

where α is reciprocally proportional to the difference of numbers of nearest
neighbors between inside and outside amino acids. α is approximately 1/3, this
means the ei is generated by about three surrounding amino acids. It should

1 On the other hand, one needs a much bigger reference set for deriving significant
pair interactions than for deriving properties of single amino acids.
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Fig. 9.6. Inside (dark shade) and outside (light shade) amino acids in an exemplary
protein (N-terminal domain of Saccharomyces cerevisiae RNase HI). The thin lines
denote the side chains

Table 9.1. Number of occurrences for an amino acid to be inside or outside in the
used set

amino acid number inside number outside

CYS 4582 1016
ILE 20 370 4141
SER 12 576 10 411
GLN 7373 7752
LYS 9285 15 193
ASN 8225 8928
PRO 9135 9423
THR 12 537 9622
PHE 13 353 2813
ALA 22 725 11 052
HIS 6419 3366
GLY 16 698 14 326
ASP 10 001 14 327
LEU 30 615 7107
ARG 11 327 10 441
TRP 4001 1193
VAL 23 562 6551
GLU 11 165 18 091
TYR 11 228 3529
MET 7003 1723
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Fig. 9.7. Comparison of the experimental solvation energies taken from [26] (dotted)
with the calculated energies (9.6) (straight line). The correlation coefficient between
these two energies is 0.86

be noted that this ansatz gives both repulsive and attractive interactions. For
Lysine, e.g., eLys is 0.5 kBT .

The Hamiltonian of the model protein is finally the sum over all pairwise
interactions:

H =
∑

〈i,j〉
eijf (rij) =:

∑

〈i,j〉
e′ij(rij), (9.8)

with

f (rij) =
{

1 rij < 8 Å
0 else , (9.9)

where rij is the distance between the Cβs of amino acids i and j. The co-
ordinates of the Cβs are calculated according to [23]. For glycine, a virtual
Cβ is used. The summation over all possible pairs of two amino acids is
denoted by 〈i, j〉. Interactions between direct neighbors along the chain are
neglected.

It should be noted that this inside/outside approach is also applicable for
nonglobular proteins, e.g., for membrane proteins.
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9.5 Branch and Bound

Let us assume a system of N interacting objects (spins, atoms, amino acids,
etc.). The interaction can be both repulsive and attractive. One of the most
important questions is: What is the ground state of the given system?

If every object i in the system can adopt qi different states independently
of the other objects, one encounters a so-called NP complete problem. A
realization of the whole system is characterized by a combination of certain
states of the N objects. There is no algorithm known, which shows less than
exponential behavior of CPU time consumption in dependency of system size
while finding and verifying the exact ground state, although there are fast
methods to find energetically low-lying states and local minima. Even if we
cannot find and prove the ground state in less than exponential time, it is
possible to reduce the magnitude of the exponent. It could be achieved by
discarding as many realizations of the system as possible by a branch and
bound strategy [27, 28]. This method is explained in the following on the
basis of a toy example.

Assume that the interaction energy can be written as

e′ij (rij) = eijf (rij) , (9.10)

where f (rij) can be in general a function in the range between 0 and 1. Let
us define Eideal as the energy of the system, if all attracting interactions are
totally fulfilled, this means f(rij) = 1:

Eideal = −
∑

〈i,j〉
eij [θ (eij)− 1] , (9.11)

where θ(x) is the Heaviside step function. By placing one particle after the
other at certain positions, one gets a specific realization of the system after
N steps. The emerging question is: Where should each particle be placed to
minimize the overall energy (9.8)? Let us assume a discretization in space to
get q possible positions for the particles. Because this should give a sufficient
fine discretization, already for moderate system sizes this gives an incredible
amount of possible realizations of the system to be searched for the ground
state. For the first particle, one has to take q possibilities into account. Because
two particles cannot be at the same position, one has q (q − 1) possibilities for
the second one, and so on. It is obvious that the search space grows enormously
while adding more particles. If one knows as early as possible that adding more
particles to an incomplete system will never result in the lowest energy of the
complete system, one could stop and try another positioning of the placed
particles.

While adding particles one by one, two possibilities emerge every time a
new particle is added:

• the particle fulfills every attracting interaction with all other particles in
the full strength,
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• the particle misses some attractive interaction with other particles or it
does not interact with the full strength or it goes into some repulsive
interactions with other particles.

In the first case, the interaction energy for this particle is already accounted
in Eideal. In the second case, Eideal is too optimistic with respect to the added
particle. How could this help to fasten the search? Let us assign Eideal to
the subsystem consisting of one particle. The energy of the subsystem with k
particles is denoted by E(k), thus E(1) = Eideal. While adding more particles,
E(k) becomes

E (k) = E (k− 1) + ΔE . (9.12)

According to (9.11), the energy difference ΔE is positive:

ΔE (k) =
k−1∑

i=0

{e′ik + eik [θ (eik)− 1]} ≥ 0 , (9.13)

where the second term reflects the contribution of amino acid k to the ideal
energy. This results in the following relation, which is crucial in understanding
branch and bound:

E (k) ≥ E (k − 1) ∀ k . (9.14)

If E(k) is greater than a threshold energy Ebound, one can skip all realizations
with this arrangement of the first k particles because it will never result in an
energy lower than Ebound.

Figure 9.8 shows an example of branch and bound, applied to a simple
protein (Tryptophan cage protein, 20 amino acids) in our model. Here, a
certain state is assigned to each (protein) fragment (seven amino acids in
length). This state determines the structure of the fragment and also the
spatial orientation of the next fragment because it is connected to the previous
one, see Sect. 9.3.

We start with calculating the ideal energy of the whole system, Eideal =
−10.0 (arbitrary units) according to (9.11). Now we consider the first frag-
ment. As in the toy example mentioned above, the ideal energy is assigned to
the subsystem without any possible interactions, which is the system with one
particle. Otherwise, in the case of protein fragments, which can interact with
itself, Eideal has to be assigned to the empty system: E(0) = Eideal. Thus,

E (1) = Eideal +
i=6∑

〈i,j〉

{
e′ij + eij [θ (eij)− 1]

}
. (9.15)

In Fig. 9.8, two paths to complete structures are shown, whereas the rest of the
conformational tree is just sketched. Let us consider the path to the ground
state with an arbitrarily chosen bounding energy Ebound = −2.0. E(1) is
−9.2 < Ebound; thus the second fragment is attached resulting in E(2) = −6.3.
E(2) is still below Ebound; therefore, we attach the last fragment. This gives
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Fig. 9.8. Branch and bound tree for an exemplary protein. The bold lines denote
the path to the ground state. The stars denote the remaining amino acids belonging
to the complete structures at the end of the corresponding branch. Cut branches
are denoted by bars

an energy of E(3) = −4.8, which is the energy of the whole structure. Let us
consider a second path: E(1) = −8.9, E(2) = −1.4. Because −1.4 is above
the bounding energy, the rest of this branch can be skipped (denoted by a
bar). With this algorithm, all structures with energies below Ebound < −2.0
are calculated. Among them the ground state can be identified.

9.6 Results

By applying the above-mentioned method, we can calculate the ground state
for proteins of up to 70 amino acids. Figure 9.9 shows the ground state of the
beta subunit of translation initiation factor 2 from the archaeon Methanococ-
cus jannaschii (PDBid: 1K8B) in the model and the according experimental
structure. Twenty-two of the 52 residues can be aligned within 6.5 Å RMSD
(calculated with TM-score [29]) to the native state, which means 42% of the
structure is correctly predicted. The secondary structure, consisting of the
two helices and four β-strands, is resembled at least for the last helix and the
last two β-strands.
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Fig. 9.9. Ground state structure of 1K8B. The simulated structure is shown in dark
shade and the PDB structure in light shade. The overall RMSD to the experimental
structure is 8.9 Å

Figure 9.10 shows the N-terminal domain of Saccharomyces cerevisiae
RNase HI (PDB id: 1QHK). Nineteen out of 47 amino acids can be aligned to
the native state with an RMSD below 6.5 Å. The global RMSD is 8.3 Å. The
secondary structure is recognizable as well as the tertiary structure. A further
interesting example is the Tryptophan cage protein (PDBid: 1L2Y, see also
Fig. 9.8). It folds faster than other proteins and has a defined secondary and
tertiary structure, regardless of its small size of 20 amino acids. Its ground
state is shown in Fig. 9.11.

The ground state alone does not characterize a whole protein. For under-
standing protein structures, it is important to look also at excited states, which

Fig. 9.10. Ground state structure of 1QHK. The simulated structure is shown in
dark shade and the PDB structure in light shade. All secondary structure elements
are present, although the tertiary structure shows some deviations resulting in the
observed global RMSD of 8.3 Å
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Fig. 9.11. Ground state structure of 1L2Y. The simulated structure is shown in dark
shade and the PDB structure in light shade. The secondary and tertiary structures
are completely resembled. The RMSD to the experimental structure is 4.4 Å

can have a nonzero probability of occurrence. The flexibility of a protein’s na-
tive state can be experimentally determined, e.g., by NMR (see Fig. 9.12). The
intrinsic flexibility at room temperature constrains in most cases to the loop
and end regions of a protein, whereas the secondary structure elements are
more or less stable. But this holds just for low temperature. If one increases
the temperature (thermal denaturation) or applies a force (mechanical denat-
uration), also strongly excited states become important. This means on the
other hand: The knowledge of structure and energy of not only the ground
state but of all excited states (the energy landscape) is needed.

If the energy landscape is known, the partition function can be calculated
by

Z =
∑

i

e−
Ei

kBT , (9.16)

Fig. 9.12. Overlay of five NMR structures of 1AE5. The flexibility increases dra-
matically at the ends (unstructured regions right and left) and at loop regions of the
protein
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where the sum runs over all possible protein structures i. With the partition
function all thermodynamic properties can be calculated. As an example, the
dependency of the specific heat on the temperature is sketched for Tryptophan
cage protein (PDB id: 1L2Y) in Fig. 9.13. The corresponding energy landscape
for this protein is shown in Fig. 9.14 [11].

A very important field in protein science is the task to understand mem-
brane protein structures. Membrane proteins are involved in many important
functions in cells such as ion transport and signal perception. Mutations in the
sequence and/or misfolding can lead to serious diseases such as Alzheimer’s
disease, diabetes and blindness (see, e.g., [30]). Because it is very difficult to
determine the structure of membrane proteins directly, not so many structures
are known. As of the beginning of 2007, there are approximately 80 structures
of membrane proteins in the PDB with less than 30% sequence similarity,
which means that membrane proteins are extremely underrepresented (see,
e.g., [31]).

With an appropriate energy function, which is generated by applying (9.6)
to a reference set of membrane proteins, we are able to model membrane
proteins (see Fig. 9.15). In the case of 1X9B, e.g., the secondary structure
is resembled correctly as well as the tertiary structure; the RMSD is 7.1 Å.
This protein was part of the sixth CASP competition (critical assessment of
structure prediction) 2004 [32]. Our model structure would be ranked with
respect to RMSD as 11th out of 43 different predictions for the structure.
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Fig. 9.14. Energy landscape of Tryptophan cage protein. The energy (in arbitrary
units) is shown over Hamming distance (how many constituents of the protein model
have a different state with respect to the ground state) and helical content

Because of the difficulties in membrane protein structure determination,
new experimental methods such as atomic force microscopy (AFM) [33] are
applied. A common experiment in this context is pulling with constant velocity
on one end of the membrane protein and measuring the forces in dependency of
the pulled distance. An exemplary force–distance curve is shown in Fig. 9.16,
above. The hope is that with such an experiment, insight into the structural
properties of the protein can be gained. In the context of the worm-like chain
model [34], e.g., the increasing flank of such an AFM peak can be interpreted

Fig. 9.15. Ground state structure of the membrane protein 1X9B (dark shade) and
the corresponding PDB structure (light shade)
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as the stretching of a (more or less unfolded) part of the protein, whereas the
decreasing flank of a peak can be interpreted as the rapid (and cooperative)
unfolding of a part of the protein, (e.g., helices, β-sheets, etc.).

We simulated the mechanical unfolding of the first helix (helix A) of Bacte-
riorhodopsin (PDB id: 1BRR, see Fig. 9.16, below) by calculating the ground
state as well as the whole energy landscape. Within the model context this
results in ca. 16 000 different structures. The energy landscape of helix A is
shown in Fig. 9.17. The principal experimental setting is shown in Fig. 9.16.
While moving the cantilever, it is obvious that the force applied to a structure
i can be written as

Fi(t) = −k [v · t + (dgs − di)] , (9.17)

where di is the end-to-end distance of structure i and k is the spring constant.
It is assumed that the cantilever at time t = 0 is at the position dgs, the
subscript “gs” denotes the ground state with zero force. Thus, the energy for
the structure i is

Ei =
∑

〈i,j〉
e′ij +

k

2
[v · t + (dgs − di)]

2
. (9.18)

For simulating the pulling process a Monte Carlo algorithm (MC) is ap-
plied. Although the energy in our model and the spring constant as well as
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the velocity v in the experiment [36] are known, there is a problem concerning
the time scales in MC simulations. In principle, for every MC step, a term

p = e−
ΔEij
kBT (9.19)

is compared to a random variable r between 0 and 1. If r is less than p, then
the system goes from state i to state j. Nevertheless, the pulling velocity v
connects the real time interval Δt with the number of MC steps. This can be
easily seen: If the pulling speed goes to zero, there is nearly no change in the
force applied to the protein in the time interval Δt, the system will equilibrate.
This can be reflected by using many MC steps for the time interval Δt. If, on
the other hand, the pulling speed is very high, the force will change rapidly
in the time interval Δt. The system will not reach equilibrium and thus just
a few MC steps are needed to simulate the time interval Δt.

Therefore, we use the following approach for the time interval Δt:

Δt =
D

vm
, (9.20)

where m is the number of MC steps for each run and D is the maximal pulling
distance. With this approach, the dependency of (9.17) and (9.18) on velocity
v and real time t is replaced by a dependency on the simulation parameters D
and m. By varying D and m we can assess different pulling speeds in the simu-
lation. The results are presented in Fig. 9.18, showing that the force increases
with increasing pulling speed. This corresponds with experiments [36].

A similar effect is observed using different spring constants. Figure 9.19
shows the results of our simulation. A large k leads to a strong force even
within small pulling distances and so it has the same effect on the magnitude
of forces like increased pulling speeds. Also a shift of the maximum toward
smaller pulling distances is observed. This could be understood because a
stiff cantilever would force the proteins more to change to higher end-to-end
distances than a softer one. The presented results are in good agreement with
experiments regarding the position of the peak in the force–distance curve
(see [36]). But the simulated forces are by a factor of two smaller than in the
experiment.

The whole mechanical unfolding can be understood as an interplay be-
tween entropy in state space, free energy of the structures and pulling forces,
see Fig. 9.17. Without force, the protein will stay more or less in the ground
state basin (A). When the protein is pulled, it moves from the ground state
basin (A) to structures with higher energy and higher end-to-end distance
(B). From states with higher energy more structures with lower end-to-end
distances are accessible (C). This results in higher forces because the cantilever
is stronger bended.
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Fig. 9.18. Dependency of force from distance at constant velocity for the model of
helix A of a protein (PDB id: 1BRR). High and low pulling velocities are represented
by dashed and straight curves, respectively
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Fig. 9.19. Effect of different spring constants k on the force–distance curve. The
maximum forces increase with increasing k
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9.7 Summary

The energy landscape concept is used to investigate different aspects of pro-
tein structures, e.g., specific heat and force–distance behavior under external
forces. For mapping complete energy landscapes, on the one hand an adequate
discretization of protein structures is needed. On the other hand, algorithms,
have to be applied which can handle the huge amount of possible structures.
The proposed coarse-grained model is able to reproduce ground states, which
are similar to measured native states as well for globular as for membrane
proteins.

The presented approach is capable of coarse graining protein structures
in such a way that exact optimization techniques can be applied. This opens
up the possibility to examine the complete low energy landscape with all the
possible transitions between two states in the framework of the model. In this
context, it is possible to follow the folding/unfolding process dynamically.
Some of the still unsolved problems are the following:

• Connecting the transition rates in simulation with those from experiment
• Following the whole mechanical unfolding of proteins, especially for mem-

brane proteins
• Comparing simulation with experiments on mutants: explaining different

native structures and stability
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