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ABSTRACT 
Protein folding is a long standing problem in biology, whose 
mechanism is still not completely understood. Funnel-shape 
energy landscape has been proposed as a plausible folding 
mechanism in which proteins can fold through multiple possible 
pathways from unfolded states to their specific three dimensional 
structures. However, the factors that determine the funnel-shape 
energy landscapes are largely unknown. In this study, we use the 
hydrophobic-hydrophilic (HP) model, a simplified model for 
studying protein folding, to investigate the factors that affect the 
shapes of protein energy landscapes. We designed a clustering 
method based on graph theory to analyze the conformations 
sampled using a recently developed Monte Carlo method, FRESS. 
We found that the way protein motions are modeled (the move 
sets) has a significant effect on the shape of protein energy 
landscapes. We also found that sequences with around 40-50% 
hydrophobic residues tend to have a stable state represented by a 
single dominant cluster, consisting of a large number of similar 
conformations. The energy landscapes resemble a funnel, where 
there are many paths to minimum energy conformations in the 
dominant cluster from conformations of higher energies. We also 
found that sequences with hydrophobic residues above or below 
the optimal range of 40-50% do not have a single stable state. 
Instead, there are numerous small clusters, representing multiple 
local energy minima. Our finding is consistent with the 
compositions of hydrophobic and polar residues in globular 
proteins (which fold to unique structures), where on average there 
are around 45% hydrophobic residues in globular proteins. Our 
study suggests that hydrophobic interaction is likely a major force 
leading to the funnel-shape energy landscape of proteins; and the 
composition of hydrophobic and polar residues is an important 
sequence feature for the formation of funnel-shape of protein 
energy landscapes. 
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1. INTRODUCTION 
The protein folding problem, i.e. how the primary amino acid 
sequence of a protein dictates its three dimensional structure, has 
been a long standing problem in biology. Experiments by 
Anfinsen and other researchers have shown that native structures 
of proteins are at thermodynamically stable states, which are 
reached quickly after proteins are synthesized in cells [1]. The 
flexible nature of polypeptide chains gives rise to very large 
configurational spaces for proteins of even modest size. How 
proteins find their native states efficiently has been a puzzle for 
nearly half a century since the first protein structure was solved 
by crystallography [2].  

Many folding mechanisms have been proposed and 
experimentally tested in the past [3,4]. In the diffusion-collision 
model, local elements of secondary structure are formed 
according to the primary sequence, which then diffuse until they 
collide to form the tertiary structure [5-9]. The nucleation-
condensation mechanism [10-12] proposes that a diffuse transition 
state ensemble (TSE) with some secondary structure nucleates 
tertiary contacts [13,14]. In hierarchic condensation [15], the 
chain searches for compact, contiguous structured units, which are 
then assembled into the folded state. Other mechanisms include 
folding via the stepwise assembly of structural subunits called 
foldons [16,17], or searching for topomers, which are largely 
unfolded states that have native-like topologies [18,19]. Those 
different mechanisms may not be exclusive to one another. In 
recent year, many studies have suggested that the shape of protein 
energy landscape resembles a funnel [20-22]. Funnel-shape 
energy landscape theory suggests that proteins can fold to their 
native states via many different pathways. Conformational 
heterogeneity exists in both denatured and folded states [23]. This 
theory has been tested by experimental studies and experimental 
energy landscape has been obtained for some proteins [3]. 
However, despite intensive prior study, the factors that determine 
the funnel-shape of the protein energy landscape are still poorly 
understood. 
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Recently, Chikenji et. al. [24] compared the structures predicted 
in the CASP experiments using molecular dynamic (MD) 
simulations and fragment assembly (FA) method. They fold a few 
proteins using only the local structural preference and sequence-
independent compaction force. They showed that this folding 
approach can find the topology of native proteins with high 
probability, indicating that local structural biases and nonspecific 
compaction forces together lead proteins to their native folds and 
local interaction is a factor determining the funnel-shape energy 
landscape of proteins. However, in that study the overall energy 
landscapes of those proteins were not fully characterized. The 
native structure being in the largest cluster of sampled 
conformations does not necessarily imply that the energy 
landscape is funnel shaped since there could be other states with 
comparable low free energies. 

Characterizing protein energy landscapes, which is necessary to 
identify the shape-determining factors, is a very challenging task. 
Firstly, inferring energy landscapes requires an adequate sample 
of conformations, sufficiently covering the overall conformational 
space [25]. Secondly, characterizing the shape of the energy 
landscape from a large number of sampled conformations is not a 
trivial task. To construct (and visualize) the energy landscape 
consisting of local energy minima and the folding pathways, 
conformations first need to be clustered according to the local 
energy minima to which they belong. Conformations in each 
energy minimum then need to be connected, where a connection 
between two conformations indicates that they can be easily 
converted to one another in one or a few steps, preferably without 
crossing an energy barrier.  

In this study, we use a three-dimensional hydrophobic-
hydrophilic (HP) models to study the shape of protein energy 
landscapes. The HP model was invented by Dill [26] and later 
used by researchers to study many important questions of proteins 
including protein folding [27], protein thermodynamics [28], 
designability [29], and side chain flexibility [30]. The HP model 
folding problem has been shown to be NP-complete [31]. We 
sample the conformations of HP sequences using a recently 
developed efficient Monte Carlo method, Fragment Re-growth via 
Energy-guided Sequential Sampling (FRESS) [32]. We developed 
a graph-based clustering method to cluster conformations where 
conformations that can be easily converted from one to another 
are connected in the graph. The shape of the energy landscape can 
thus be expressed by the graph where connected components 
represent local energy minima. To describe the shape of protein 
energy landscapes numerically, we define energy landscape 
entropy (ELE), which is computed from the number of energy 
minima and the relative size (probability) of the energy minima. 
A small ELE value is a necessary condition for an energy 
landscape to be funnel-shape. We find that the way protein 
motions are modeled in computer simulation (the move sets) has a 
significant effect on the shape of an energy landscape. We also 
find that both designed sequences and random sequences with 
approximately 40-50% hydrophobic residues have a funnel-shape 
energy landscape. On the other hand, sequences below or above 
the optimal range of that proportion do not have the funnel-shape 
energy landscape. We conclude that the hydrophobic interaction 
is likely the major force responsible for the funnel-shape energy 
landscape of proteins and the composition of hydrophobic and 
polar residues is an important sequence feature for the formation 
of funnel-shaped energy landscapes of proteins. 

2. METHODOLOGY 
2.1 Method for Conformation Sampling 
To sample the conformational space efficiently, we use a recently 
developed Monte Carlo method, FRESS [32]. In each Monte 
Carlo step of FRESS, a randomly selected fragment is deleted and 
re-grown by sequential importance sampling (SIS), which favors 
low energy fragment conformations among all possible 
conformations for the chosen fragment. The lengths of the 
fragments chosen are variable to balance the local and global 
exploration of the conformational space so that the search can 
explore a local energy minimum, but not being trapped at it for a 
long time. FRESS was tested on benchmark HP sequences with 
length up to 136 residues on both two and three dimensions. The 
performance of FRESS is superior to all previous methods 
demonstrated by its ability to find conformations with much lower 
energy than those found by other methods under the most 
commonly used energy function. FRESS was able to find 
conformations with global minimum energy, when it is known, 
and reach energies close to the theoretical lower bound energies 
(which may not be feasible), for sequences whose global 
minimum energies remain unknown. The performance of FRESS 
on benchmark sequences indicates that it can sample large and 
complex conformational space very well. In this study, for all HP 
sequences with a stable state, FRESS method can always sample 
this state in any single run seeded with different random numbers. 

2.2 Graph-based Clustering of Protein 
Conformations 

Once conformations are sampled for a sequence, the next step 
is to construct the energy landscape of the sequence using the 
sampled conformations. A natural approach would be to use a 
clustering method to group conformations into clusters, where 
similar conformations are in the same cluster. Each cluster should 
represent a local minimum on the energy landscape so that the 
number of clusters corresponds to the number of local minima 
explored by the sampling method. Within each cluster, 
conformations that can be converted to one another within a few 
steps should be connected to obtain the folding pathways between 
two conformational states, e.g. from a high energy state to a local 
minimum. Clustering methods such as k-mean, which is widely 
used in clustering protein conformations, need to have the number 
of clusters predefined before clustering, which  makes it not 
suitable for this study since one normally does not know the 
number of local energy minima in an energy landscape. In 
addition, k-mean clustering may not provide meaningful 
connections among conformations to reveal folding pathways. 
Hierarchical clustering can give both clusters and the connections 
among conformations [33]. But it is difficult to determine a 
threshold to partition the whole set of conformations into smaller 
clusters representing local energy minima. In this study, we 
designed a graph-based clustering method. It first connects 
conformations according to their conformational similarity based 
on their contact matrices, where a contact matrix is an n by n 
matrix whose element [i,j] is 1 if residue i and residue j form a 
contact, 0 otherwise, and n is the number of residue of the protein. 
On three-dimensional cubic lattice, two residues form a contact if 
their Euclidean distance equals to 1. This gives an undirected 
graph where each node (vertex) is a conformation sampled by the 
Monte Carlo method. The edges connect conformations whose 
similarity falls within a predefined cutoff value. There are two 

  



reasons for using contact matrices, instead of the actual move set. 
Firstly, it is not trivial to check whether two conformations can be 
inter-converted in a certain steps for a given move set. Using 
conformational similarity based on contact matrices allows 
connecting conformations that can be inter-converted in a few 
steps in a more convenient way. When the contact matrices of two 
conformations are very similar, their conformations are very 
similar, too. The reason for connecting conformations that can be 
inter-converted in a few steps instead of a single step is because, 
if only conformations, which can be inter-converted in a single 
step, are connected, the construction of energy landscape would 
require sampling and clustering a very large number of 
conformations. In fact, connecting conformations, which can be 
inter-converted in a few steps, is sufficient to obtain a good 
understanding of the energy landscape. Secondly, the 
conformational similarity defined by contact matrices is more 
generally applicable to many different move sets so that the 
results obtained in this study can be readily repeated by other 
sampling methods. For example, conformations can be obtained 
by a chain-growth method, where no move set is used in that 
sampling approach. In such case, contact matrices can still be 
used to cluster the conformations and study the energy landscape. 

To define the distance or similarity between two 
conformations, for each conformation, we calculate its contact 
matrix (or contact map), C, where the element C[i, j] in the 
matrix equals to 1 if residue i and j form a contact in the 
conformation. Two conformations can then be compared by their 
contact matrices. Here we used a normalized distance to measure 
the similarity between two conformations, which is defined as: 
d=1-2k/(m+n), where d is the distance between two 
conformations, k is the number of contacts present in both 
conformations, m is the number of contacts in one conformation 
and n is the number of contact in another conformation. If the two 
conformations have exactly same contact matrices, the distance 
will be 0. On the other hand, if the conformations do not have any 
contacts in common, their distance would be 1. This distance 
allows comparison of conformations with different number of 
contacts and also makes all distances between 0 and 1. If the 
distance cutoff value is set to dc, we then connect any two 
conformations with distance smaller than or equal to dc. The 
distance cutoff is selected to adjust how much a conformation can 
be changed in one step, which allows studying the effect of move 
sets on the shape of energy landscapes.  

Once the distance measure is defined and the cutoff is 
specified, the graph structure is determined. The next task in 
clustering is to identify the connected components. A connected 
component in a graph is defined as a subset of vertices among 
which any vertex is connected with other vertices either directly 
or indirectly through some edges. Connected components 
represent naturally local energy minima because the 
conformations within a connected component can interconvert 
without having to cross a high energy barrier, which is consistent 
with the physical definition of a local energy minimum. Finding 
connected components can be done by using a standard breadth-
first search (BFS) algorithm [34] given a graph, G(V,E), with 
vertices, V, and edges, E.  
Since the total number of conformations sampled is very large 
and in general high energy conformations are less interesting than 
lower ones, we consider all the conformations with energy greater 
than a cutoff value as a single unfolded state, and cluster only 

conformations with energy smaller than the cutoff value. In this 
study, the energy cutoff is 0.9Em, where Em is the minimum 
energy of a sequence found by our method. The minimum 
energies in this study are very likely to be global minimum 
energy since the length of the sequences used in this study is 
relatively short with 48 residues and FRESS has been shown to 
perform well for sequences with more than 100 residues. To see 
how the energy cutoffs affect the clustering results we plot the 
relationship of number of clusters and energy cutoff values for 
three sequences with 50% hydrophobic residues in Fig 1. The 
number of clusters increases when the energy cutoff value 
increases, which is what one would expect since increasing the 
energy cutoff value would include more local minima to be 
sampled. We can see that the number of clusters increase slower 
when the energy cutoff keeps increasing and reach a plateau after 
certain energy value. This is because some clusters may merge 
together with higher energy cutoffs. 
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Figure 1. The relationship of number of clusters and energy cutoffs 
for three sequences with 50% hydrophobic residues.  

2.3 Comparing energy landscapes by energy 
landscape entropy (ELE) 
To compare energy landscapes, we define a measure called 
energy landscape entropy (ELE) as 

ln( )e i
i

S p= − ip∑
 

where Se is ELE, pi is the probability of cluster i, which is defined 
as Ni/N, where Ni is the number of conformations in cluster i, and 
N is the number of total conformations. If an energy landscape 
contains a dominant local energy minimum – a cluster whose size 
is much larger than all the other clusters – the value of ELE would 
be low. On the other hand, if an energy landscape contains many 
local energy minima with comparable number of conformations, 
then the ELE value would be high. Here we consider a sequence 
is foldable if it has a dominant cluster since a stable state exists in 
its conformational space. The “foldability” of a sequence can thus 
be quantified by the value of ELE. It is worth noting that we are 
not estimating the true Se since the value calculated 
underestimates the true value. The Se value merely provides a 
convenient and intuitive way to compare energy landscapes. For 

  



the same reason, we did not attempt to estimate the free energies 
of local minima. 

3. RESULTS 
3.1 Effect of Move Sets on Energy Landscape 
The move set used in a Monte Carlo simulation study governs 
how new moves are proposed conditioning on current 
conformations. The move set is highly dependent on the sampling 
method used. For example, MD and FA methods simulate protein 
motions quite differently. The pathways of protein folding by 
computer simulation is dependent on the move sets used, which 
affect the shape of the energy landscapes through the folding 
pathways. Despite of many different move sets developed for HP 
models in the past, how they affect the shape of the energy 
landscape is still largely unknown.  

 
Figure 2. The relationship of number of clusters and distance cutoff 
for three sequences with 50% hydrophobic residues. 

In this study, we investigate the effect of move sets through 
various distance cutoffs calculated from contact matrices of 
conformations. In general, small distance cutoff values allow 
conformations move locally in small scales, while larger distance 
cutoff values allow conformations to have larger changes and 
therefore make more global moves. Clearly, move sets 
corresponding to larger distance cutoff values are super sets for 
move sets corresponding to smaller distance cutoffs. Here using 
different distance cutoffs, we can study how incorporating global 
moves in a move set would affect the shape of energy landscapes. 
We plotted the number of clusters over distance cutoff values for 
three different sequences with 50% hydrophobic residues in Fig 2. 
We can see that the total number of clusters significantly drops 
when distance increases from 0.1 to 0.3 and slowly decreases 
after 0.3. When distance cutoff is smaller than 0.3, there is no 
single dominant cluster and these energy landscapes contain many 
small clusters of conformations representing many local energy 
minima. At distance cutoff 0.3 the number of clusters significant 
reduces and large clusters start to appear. The distance cutoff 0.3 
corresponds to a transition point where conformations start to 
cluster together and the funnel-shape starts to emerge. A distance 
of 0.3 roughly corresponds to 70% common contacts shared by 
two conformations. When two conformations have 70% of their 

contacts being the same, the two conformations are still very 
similar in shape. In FRESS method, we can change 1/4 of a 
conformation in a single step by re-growing a fragment of length 
12 for a 48mer chain. In many cases more than 30% of the 
contacts can be changed in a single step. In this study, unless 
where explicitly specified differently, all distance cutoffs are 0.3. 

3.2 Energy Landscapes of Designed and 
Random Sequences with 50% Hydrophobic 
Residues 
We first looked at ten benchmark 48-residue sequences designed 
for 3D cubic lattice in [35]. Each sequence has 50% hydrophobic 
residues. For each sequence, we ran 200,000,000 Monte Carlo 
steps and took one conformation in every 500 Monte Carlo steps. 
Table 1. Clustering results of sequences with 50% hydrophobic 
residues. The numbers shown in the table are averages from 5 
independent runs. Sequence 1-10 are 10 designed sequences taken 
from [35]. Sequences R1 to R5 are randomly generated sequences. Nc: 
total number of distinct conformations in thousands; Nc3: number of 
conformations in the three largest clusters; Ncl: number of clusters; 
ELE: energy landscape entropy. 
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We cluster the distinct conformations with energy lower than the 
cutoff value obtained from Monte Carlo simulation using the 
method described earlier. From Table 1, we can see that for each 
sequence from 1-10, there is a dominant cluster and many much 
smaller clusters. This indicates that the energy landscape contain 
a dominate energy minimum with, in most cases, a majority of all 
conformations and many much smaller energy minimum with 
many fewer conformations. A sub-network of the largest cluster 
for one of sequences is shown in Fig 3. We can see that there are 
two local minima in this energy basin, which are connected by 
some high energy conformations. The energy landscape 
resembles a funnel-shape, where there are many pathways from 
higher energy conformations to the group of minimum energy 

Seq 
No Nc (k) Nc3 Ncl ELE 

1 114 79928/147/93 11410 3.244

2 94.0 65025/109/101 10010 3.314

3 158 120384/84/59 16433 2.766

4 78.3 53117/86/73 7104 3.306

5 76.0 46947/129/102 11110 4.058

6 105 53036/262/199 18688 5.268

7 38.3 18266/261/175 5772 4.856

8 123 76515/226/150 16292 4.148

9 100 68827/150/132 12711 3.442

10 130 98204/94/81 9232 2.64

R1 53.5 43583/56/48 3384 1.915

R2 59.0 43255/123/117 4382 2.651

R3 49.7 38107/113/98 3369 2.301

R4 368 352231/95/58 5611 0.521

R5 107 79309/73/51 11112 2.895

  



conformations close to the center of the energy basin. It is hard to 
display the whole network since there are tens of thousands of 
conformations. There are many pathways from high energy 
conformations to the center of that largest energy basin, which 
can be considered as the average conformation of that energy 
basin. Because we have only three energy levels, the funnel shape 
cannot be seen clearly. In addition, lattice models tend to have 
high degeneracy for minimum energy states, making the shape 
less funnel-like. But overall the shapes of these energy landscapes 
have the essential properties of a funnel-shape energy landscape.  
We then looked at sequences with randomly distributed 
hydrophobic (H) and polar (P) residues along the chains. We 
generated randomly some 48-mer sequences with 50% 
hydrophobic residues and did the same experiments as the ten 
benchmark sequences. We found that sequences with random H 
and P arrangements also have similar energy landscapes. This 
result does not suggest that sequence patterns are not important. 
We found that different sequences with 50% hydrophobic 
residues can have quite different ELE (such as sequence 6 and R4 
in Table 1). 
 

 
Figure 3. A graph showing a sub-network of the biggest cluster 
generated from a sequence with 50% hydrophobic residues, where 
conformations are represented by white, gray or black dots. An edge 
between any two conformations means the two conformations have 
distance less than the cutoff value. There are three energy levels. 
Black dots represent conformations with lowest energy, gray dots 
represent conformations with intermediate energy, and white dots 
represent conformations with highest energy. 

3.3 Folding Entropy of Random Sequences 
with Different Proportions of Hydrophobic 
Residues 
We next looked at sequences with different proportions of 
hydrophobic residues (PH) for 48-mer sequences. We generate 
random sequences with different PH values from 10% to 100% 
and repeated the same experiment for sequences with 50% PH. 
The results are given in Table 2 and the relationship between 
energy landscape entropy (ELE) and PH is plotted in Fig 4. 
We can see that the random sequences with lower or higher PH 
values have quite different energy landscapes than those 
sequences with around 40-50% PH. Sequences with either lower 
or higher PH than 40-50% have much higher ELE values than 
sequences with 40-50% PH. This is due to the fact that they do not 

have a single dominant cluster in their energy landscapes (Table 
2). In stead, their energy landscape contains a large number of 
small clusters. Those sequences are therefore not foldable in the 
sense that there is no single stable state among all local energy 
minima. It is interesting to note that ELE “behaves” differently at 
the higher end of PH compared to the lower end of PH. When PH 
is greater than 60%, the ELE values are higher with small 
variances. And when PH values are lower than ~35%, the ELE 
values are lower with higher variances.  

To compare our simulation results with real protein sequences, we 
looked at the PH values in globular proteins (proteins that fold to 
unique structures) taken from protein data bank (PDB) [36]. We 
first divide the twenty amino acids into hydrophobic and polar 
types according to [37]. This effectively reduced the 20 letter 
protein sequences to two letter HP sequences. We then calculate 
PH for proteins with different lengths. We plot the results in 
Figure 5a and 5b. One can see that the percentages of 
hydrophobic residues in native proteins have a mean around 45%, 
consistent with 40-50% as seen in foldable HP lattice sequences. 

Table 2. Clustering results of sequences with variable hydrophobic 
residues. Numbers shown in the table are averages from 5 
independent runs. Nc: number of distinct conformations on average in 
thousands; Nc3: number of conformations in the three largest clusters 
on average; Ncl: number of clusters on average in thousands; ELE: 
energy landscape entropy on average; Var: variances of estimated 
ELE for 5 different sequences. 100% H has only one sequence and its 
variance is therefore 0. 

 

PH% Nc (k) Nc3 Ncl 
(k) ELE Var 

10 4.40 178/16/10 4.00 7.042 1.78 

20 13.1 555/473/159 10.3 7.641 1.47 

30 62.6 27114/226/103 30.2 7.211 2.44 

40 84.7 46636/139/101 20.5 4.892 2.04 

50 127 111297/92/74 5.57 2.057 0.93 

60 168 54678/291/238 36.9 7.101 1.08 

70 226 2205/452/245 94.8 10.81 0.71 

80 292 143/111/104 139 11.39 0.39 

90 311 97/78/73 184 11.83 0.21 

100 308 189/159/153 186 11.69 0.0 

  



 
Figure 4. Energy landscape entropy of sequences with different 
proportions of hydrophobic residues. Each point and the error bars 
are calculated from 5 independent runs.  
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Figure 5. Proportions of hydrophobic residues (H) in globular 
proteins. a) Average proportions of H vs. the length of proteins for 
globular proteins. Length is divided into intervals of 5 residues. 
Within each interval proportions of H values are averaged. b) 
Histogram of all H proportions for globular proteins. 

4. CONCLUSION AND DISCUSSION 
In this work, we characterized energy landscapes of a simplified 
protein model using an efficient Monte Carlo method for 
sampling conformations and a graph-based algorithm for 
clustering conformations by their local energy minima. We 
studied the factors that determine the funnel-shape of protein 
energy landscapes. We define energy landscape entropy (ELE), 
which measures how much an energy landscape resembles a 
funnel-shape. If the energy landscape of a sequence resembles a 
funnel-shape with low ELE, we consider the sequence is foldable 
and its fodability can be quantified by the value of its ELE. We 
constructed the energy landscapes for both designed HP 
sequences as well as random sequences with different proportions 
of hydrophobic residues. We found that both designed and 
random HP sequences with 40-50% hydrophobic residues are 
foldable and there exists a dominant energy minimum in their 
energy landscapes, representing a stable state in their 
conformational spaces, and that energy landscapes around the 
dominant energy minima resemble a funnel-shape. Sequences 
with lower or higher hydrophobic proportion than 40-50% are not 
quite foldable. The energy landscapes of those sequences contain 
many small-size local energy minima and no dominate minima 
containing a large set of conformations. In addition, for most 
unfoldable sequences, the most stable state is much less stable 
than those of foldable sequences. Using a simplified model with 
only hydrophobic interaction term in the energy function, we are 

able to see the funnel-shape energy landscape of proteins, 
indicating that the hydrophobic interactions is likely a major force 
for the formation of the funnel-shaped protein energy landscapes. 
In this study we showed that the composition of hydrophobic and 
polar residues is a factor that affects the funnel-shape of protein 
energy landscapes. In addition to the composition of different 
types of residues, we also showed that move sets can affect the 
shape of protein energy landscape significantly. 

In a previous study by Chikenji et. al.[24], the authors compared 
molecular dynamic (MD) simulations and fragment assembly (FA) 
methods in their performance on some targets in CASP 
experiments [39], where the same energy function was used in 
both method. They concluded that local interactions are the 
determining factors for the funnel-shape of protein energy 
landscapes since FA incorporate local interactions in the move set 
[40]. In MD simulation a conformation can only move to one 
particular conformation due to its deterministic nature, while in 
FA method a conformation can move to many other 
conformations and sometimes make dramatic changes in a single 
step. Our study has shown (Fig 2) that move sets can significantly 
affect the shape of energy landscapes. If we build the same graph 
using the conformations from MD simulation and FA method as 
we did in this study, where the connection corresponds to the 
move sets used in MD and FA method, the FA method’s move set 
will generate a graph where conformations are more densely 
connected, corresponding to larger distance cutoff values, 
whereas MD simulation will generate a graph, which is sparsely 
connected since the move in MD simulation is very local in nature. 
The difference in the shapes of energy landscapes of MD and FA 
method may be explained by the difference in their move sets in 
stead of the local interactions used in FA method. A previous 
study has also shown that the shape of energy landscape can be 
significantly affected by the particular move set used [46]. Clearly, 
there is more than one factor that contributes to the funnel-shape 
of protein energy landscapes and their effects to the shape of 
protein energy landscape are not independent. From our study, we 
can see that if we do not use an efficient move set as used in 
FRESS, we may not have the funnel-shape energy landscape no 
matter what hydrophobic proportion we have in the sequence. 
With a “qualified” sampling method, other factors that may affect 
the shape of energy landscape can then be studied. 

A graph-based clustering technique is used to cluster the 
conformations we sampled, which not only gives us the number 
of clusters (the local minima) of the energy landscape but also the 
size of each local minimum. In each cluster (a local energy basin), 
the conformations are connected according to their structural 
similarity. Since all the conformations clustered are of lower 
energy (i.e., lower than the cutoff value), the conformations in 
each cluster can be reached from other conformations in the same 
cluster without crossing a high energy barrier. Thus, the clustering 
results naturally depict the shape of the energy landscapes. From 
Fig 3, we can see that the shape of the energy landscape, where 
all conformations, taken from one energy minimum, form a 
connected component. There are two sub-states with a relative 
large number of conformations with the minimum energy (the 
filled circle). The two states can be inter-converted through 
different intermediate states, corresponding to different pathways. 
Those high energy conformations around the two sub-states can 
also fold to the minimum energy conformations through many 
different pathways. Heterogeneity exists in unfolded, folded, and 

  



intermediate states. We did not explore further on folding 
pathways, nor did we compare with previous studies on folding 
pathways [45, 46] since our focus in this study is on the overall 
shape of energy landscape.   

To confirm our computational findings, we looked at the 
proportion of hydrophobic residues in globular proteins. The data 
in real proteins is consistent with our simulation results. We used 
the hydrophobicity scales defined by Lesser et. al. [37] among 
several different hydrophobicity scales published. Different scales 
would affect the divisions of hydrophobic and polar residues 
slightly, but would not affect the observed result qualitatively.  

Our study indicates that protein sequences with around 50% 
hydrophobic residues are foldable even for sequences with 
randomly arranged H and P residues. This is a rather general 
picture and does not imply that arrangement of H and P residues 
on a sequence is not important. On the contrary, the sequence 
pattern can significantly affect its ELE value for sequences with 
different hydrophobic proportions.  

Since our studies have shown that a protein sequence need to have 
certain composition of hydrophobic and polar residues, when 
designing proteins, one needs to consider the ratio of hydrophobic 
and polar residues to achieve optimal foldability for designed 
proteins. How sequence patterns affect ELE is an interesting 
problem we will pursue in our future studies. That study may shed 
light on how one can design specific protein sequences which are 
highly foldable. 

In this study, we used the most common energy function used by 
other researchers and folded HP sequences on three-dimensional 
cubic lattice, which is also the most commonly used 
representation for HP sequence on three-dimension. There are 
quite a few other energy functions and representations, which we 
cannot all experiment with [44]. We conjecture that with other 
energy function and representation, similar conclusion will likely 
be obtained, although that needs to be verified by actual studies. 

It is known that there is significant degeneracy in global 
minimum energy conformations in HP sequences [41]. It has been 
suggested that HP model is not ideal for studying protein folding 
due to this degeneracy [42]. However, in our study, we found that 
although degeneracy exists for most of the sequences, there still 
exist single stable states for many HP sequences represented by 
the largest dominant clusters of conformations. Other local energy 
minima with the same lowest energy as the largest energy minima 
do not have many conformations in their energy basin and 
therefore probability (stability) of those local energy minima is 
low due to the low conformational entropy of those states. Despite 
of the degeneracy, when conformational entropy is considered, 
some states can be much more stable than others. The same 
observation has been reported for real proteins [32,43]. HP 
sequences, when designed well, may still serve as a good model 
for studying protein folding. 
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