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ABSTRACT
The Ras enzyme mediates critical signaling pathways in
cell proliferation and development by transitioning between
GTP- (active) and GDP-bound (inactive) states. Many can-
cers are linked to specific Ras mutations affecting its con-
formational switching between active and inactive states.
A detailed understanding of the sequence-structure-function
space in Ras is missing. In this paper, we provide the first
steps towards such an understanding. We conduct a detailed
analysis of X-ray structures of wildtype and mutant variants
of Ras. We embed the structures onto a low-dimensional
structure space by means of Principal Component Analy-
sis (PCA) and show that these structures are energetically
feasible for wildtype Ras. We then propose a probabilis-
tic conformational search algorithm to further populate the
structure space of wildtype Ras. The algorithm explores
a low-dimensional map as guided by the principal compo-
nents obtained through PCA. Generated conformations are
rebuilt in all-atom detail and energetically refined through
Rosetta in order to further populate the structure space of
wildtype Ras with energetically-feasible structures. Results
show that a variety of novel structures are revealed, some
of which reproduce experimental structures not subjected to
the PCA but withheld for the purpose of validation. This
work is a first step towards a comprehensive characteriza-
tion of the sequence-structure space in Ras, which promises
to reveal novel structures not probed in the wet laboratory,
suggest new mutations, propose new binding sites, and even
elucidate unknown interacting partners of Ras.
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1. INTRODUCTION
Ras is an important protein in signaling pathways respon-

sible for cell growth and proliferation [12]. Ras accomplishes
this by switching between a GTP-bound active state and a
GDP-bound inactive state. Two structures representative
of the active and inactive state, respectively, are shown in
Figure 1. The structures are superimposed over each-other
to show that the main structural difference is localized to a
region of the structure associated with the binding site.

Figure 1: The GDP-bound state, represented by
PDB id 4q21, is drawn in red and superimposed
over the GTP-bound state represented by PDB id
1qra, which is drawn in blue. GTP is shown in the
binding site. Rendering is performed with the Vi-
sual Molecular Dynamics (VMD) software [10].

Multiple isoforms are known, but the most studied one is
H-Ras, which we refer to as Ras from now on and make the
subject of our investigation here. A large range of mutations
of Ras have been studied. Mutations that affect the confor-
mational switching in the Ras GTP/GDP cycle often lead
to cancer and developmental diseases. In fact, mutations
in Ras are found in over 25% of human cancers [5]. Point
mutations such as G12V cause Ras to become stuck in the
active state and not accomplish the needed conformational



switching, resulting in premature senescence and changes to
cellular morphology [23]. Other known mutations cause Ras
to switch into the active state at inappropriate times. Due to
the wide range of mutations and their role in human cancers,
many structures of Ras variants have been solved, primarily
through X-Ray Crystallography, and have been deposited in
the Protein Data Bank (PDB) [2].

The large number of structures documented for wildtype
and mutant variants of Ras can be considered to provide
information on the structure space available for biological
function. Important questions can be posed. For instance,
why is it that Ras is prone to so many mutations that in-
stead of having a deleterious effect on folding end up in
energetically-accessible structures affecting conformational
switching? The obvious hypothesis is that the Ras energy
surface is rather flat, allowing this enzyme to hop among
different stable structures upon rather few mutations.

We investigate this hypothesis here. First, a Principal
Component Analysis (PCA) is conducted to obtain a low-
dimensional embedding of the space of crystal structures.
Crystal structures of wildtype and mutant variants are re-
constructed from few principal components (PCs), threaded
onto the wildtype sequence, and energetically refined to ob-
tain a low-dimensional potential energy map for wildtype
Ras. The map shows that many different structures are
indeed of low energy, supporting the hypothesis that the en-
ergy surface of wildtype Ras is flat and particularly prone
to mutations that access different equilibrium structures.

The information available from the PCA is used to fur-
ther explore the structure space and reveal novel low-energy
structures not currently probed in the wet laboratory. The
algorithm is guided by a few PCs revealed by the PCA
to capture the greatest variation among crystal structures.
While the sampling of novel structures is conducted at Cα
level detail, each sampled trace is added all-atom detail and
energetically refined through the Rosetta all-atom relaxation
protocol [13]. Structures are sampled by growing a tree
in the structure space, extending paths until encountering
high-energy structures, at which point sampling begins anew
from any sampled structure. The analysis of sampled struc-
tures suggests that many of them reproduce crystal struc-
tures withheld from the PCA for the purpose of validation;
the algorithm is shown to populate new energetically-feasible
regions of the wildtype Ras structure space.

It is worth noting that the investigation presented in this
paper is the first to propose exploration of the structure
space of Ras that is not based on Molecular Dynamics (MD).
In general, exploration of the structure space relevant for
biological function is computationally challenging and can
currently only be addressed by probabilistic search and opti-
mization techniques [21,22]. In particular, approaches based
on Molecular Dynamics (MD) have limited exploration ca-
pability. MD-based investigations of Ras focus on modeling
fluctuations around a specific structural state or capturing
conformational switching between states [3,4,6,7]. However,
the most recent MD study on Ras shows that it is rather
hard to obtain structures that bridge the structure space in
between the active and inactive states [7].

The algorithm proposed in this paper takes a complemen-
tary approach that is not based on Molecular Dynamics.
Three key components contribute to its computational effi-
ciency. First, a tree-based exploration is carried out in the
structure space of Ras in contrast with single-trajectory ex-

plorations in MD-based approaches. Second, the search is
carried out in a low-dimensional space of PCs that is ex-
tracted from available experimental structures of Ras in the
PDB. In fact, the extracted information is used to guide
the tree-based exploration. Third, the algorithm employs
multiscaling, gradually increasing the level of representa-
tional detail in order to efficiently obtain all-atom low-energy
structures of Ras. The results presented here show that the
algorithm has high sampling capability.

It is worth noting that the proposed algorithm bears some
resemblance with robotics-inspired graph- or tree-based con-
formational search algorithms presented to sample the na-
tive state of a protein sequence [18–20], compute conforma-
tional paths connecting diverse functionally-relevant states
of the same sequence [9, 11, 16], or obtain folding pathways
of a protein given its native structure [17, 24]. However,
the only resemblance of consequence is the employment of
a graph-like search structure, as other methods rely on spe-
cific representations and sampling strategies closely tied to
the application at hand. As such, these methods are not eas-
ily portable to mapping the functionally-relevant structure
space of a protein. The work presented in [1, 14] to explore
peptide and protein conformational spaces is most closely
related to the algorithm proposed here. The guidance by a
few PCs here is similar to how Normal Modes (NMs) are
used in [1, 14]. However, while the NMs are extracted from
an analysis of a single structure, the work here uses PCs
extracted from analysis of an entire set of X-ray structures.
Moreover, the employment of different resolutions and the
strategy used to grow the tree further in the structure space
are key novel components in the proposed algorithm.

The work provided in this paper is a first step towards a
comprehensive map of the sequence-structure space of Ras.
In the preliminary investigation conducted here, we focus on
the wildtype sequence. However, the presented analysis and
exploration can be repeated for any selected variant. Since
the PCA is conducted over Cα traces of crystal structures,
these structures can be threaded back onto any selected se-
quence, not only wildtype, to show energetic variations of
the structure space depending on the sequence of focus. The
algorithm can then further populate the structure space for
the selected sequence. Work in this direction will allow de-
termining, for instance, how mutations might affect the rel-
ative stability of equilibrium structures and possibly lead
to determining novel interacting partners and formulating
hypotheses on the role of mutations in certain cancers.

2. METHODS

2.1 Low-dimensional Embedding of Space of
Crystal Structures

All 105 experimentally-available structures of Ras in Homo
Sapiens and obtained through X-ray crystallography were
collected from the PDB as of June 01, 2013. In this set,
15% (16 structures) are bound to GDP, 9.5% (10 structures)
are bound to GTP, 63% (66 structures) are bound to GNP,
a non-hydrolyzable GTP analog, and 50.5% (53 structures)
belong to Ras variants. While there are minor variations on
the termini, we focus here on the longest shared stretch of
166 amino acids.

A low-dimensional embedding of the structure space spanned
by crystal structures of Ras is obtained through PCA, which
is a popular linear dimensionality reduction technique. PCA



finds an orthogonal transformation of points given in some
original high-dimensional space that highlights new axes or
the PCs, maximizing variance in the projected or trans-
formed data. We conduct PCA here on an ensemble of
crystal structures to obtain a low-dimensional embedding of
the structure space. The crystal structures are reduced to
the Cα atoms or traces prior to the PCA. Visualization and
further analysis of this embedding are provided in section 3.

Rather than use all 105 collected structures for PCA, we
embed only 46 structures and leave the other ones for fur-
ther validation. There are two reasons why we do so. First,
the selected 46 structures of Ras present the available struc-
tural knowledge about Ras in 2009, and these structures
were used in a related computational study by Grant and
colleagues [7], where PCA was also used to embed the Ras
structure space as of 2009. We select here to do the same.
Second, the remaining structures present an opportunity to
test whether the proposed algorithm explores the structure
space in regions not populated by the 46 structures but yet
found to be accessible by Ras after 2009. The proposed al-
gorithm, detailed below, is guided by the PCs obtained from
PCA on the 46 structures. Therefore, any new structures in
regions not spanned by the ones used for the PCA but found
to be populated by Ras structures not included in the PCA
constitutes novel information generated about the structure
space by the algorithm. Of the remaining 105 − 46 crystal
structures, only 41 share a contiguous stretch of 166 amino
acids with the rest of the X-ray structures.

2.2 PC-guided Probabilistic Search
The proposed algorithm grows a tree in structure space

rooted at a given crystal structure. The tree grows one tra-
jectory at a time. Essentially, a trajectory of consecutive
low-energy structures is obtained until it is not possible to
do so. When a high-energy structure is encountered, the
structure is considered a dead end for the current trajec-
tory, and a new starting structure is selected from any of
the ones currently in the tree. The process of obtaining a
new path begins anew.

The essential functional core of the algorithm addresses
how, given a current structure, to generate the next one in
the trajectory. This is implemented by decoupling the ge-
ometry from energy. First, given a current structure C, its
Cα atoms are first extracted, obtaining the Cα trace T of C.
Given T , a perturbation is introduced in order to obtain a

new trace T
′

(we delay details on the perturbation). Once a

new trace T
′

is obtained, a full all-atom conformation is re-
constructed by first predicting a backbone conformation and
then adding side chains. Backbone atoms are predicted on
the newly sampled trace through the BBQ statistical pro-
tocol [8]. Our analysis in section 3 shows that the recon-
struction is able to recover given experimental structures.
Side-chain addition and energetic refinement on a backbone
structure is performed through the Rosetta protocol, immo-
bilizing BBQ-reconstructed backbone atoms [13].

The proposed algorithm uses the PCs elucidated by the
PCA summarized above to implement the perturbation com-
ponent and obtain a new trace. The number of dimensions
(or PCs) are determined first. We do so by measuring the
distortion introduced between traces of the original crystal
structures subjected to the PCA and projections of these
traces on a given number n of dimensions (PCs are ordered
from corresponding highest to lowest eigenvalues, and PCs

1 to n are selected in this order). The analysis detailed in
section 3 measures this distortion in terms of RMSD and at
three different values of n in order to select a value that min-
imizes distortion while allowing for a low-dimensional space
for exploration.

The selected n PCs present directions of perturbation in
the n-dimensional space. The magnitude of perturbation
by each PC to the trace of a current structure is deter-
mined as follows. The weight w1 for the first (with high-
est eigenvalue) PC is sampled uniformly at random in the
[−1, 1] range. The weight wi of any other PC i > 1 is then
scaled based on the variance associated with that dimension:
wi = w1· PCivariance

PC1variance
. Variance information is available from

the eigenvalues returned by the PCA. The purpose of scal-
ing the weights relative to that sampled for the first PC is
to maintain the ratio between the ranges spanned by each of
the dimensions in the low-dimensional embedding revealed
by PCA. Analysis of the ability of this basic perturbation
component to generate a trajectory of Cα traces that popu-
lates the structure space well is provided in section 3. Anal-
ysis of low-energy all-atom structures obtained by the full
algorithm is also provided in that section.

3. RESULTS
Two sets of analyses are presented in this paper. We first

provide details on the conformational space and associated
potential energy surface populated by crystal structures of
wildtype and mutant Ras. Using this information, we then
provide analysis of the structure space and associated energy
surface for Ras as populated by our algorithm.

3.1 Analysis of Space of Crystal Structures
The results of the PCA are shown in Figure 2(a). The

left quadrant of the plot in Figure 2(a) shows the accumula-
tion of variance captured by the PCs in order of highest to
smallest eigenvalue. This plot shows that linear dimension-
ality reduction is suitable, capturing 80% of the variance
among structural data with 5 dimensions (PCs); even the
first three PCs capture about 66% of the variance. This re-
sult is in strong agreement with that provided in [7]. The
structural space projected on the first two PCs is shown in
Figure 2(a). The range of the axes and overall placement of
the 46 crystal structures subjected to the PCA are both in
good agreement with results reported in [7].

The projections of the 46 crystal structures in Figure 2(a)
are color-coded by binding target. Structures bound to GDP
are colored in green, whereas those bound to GTP are in
red. The remaining 41 crystal structures not used to obtain
the PCs are nonetheless projected onto the PC space and
colored in blue. PDB ids are shown for as many PDB struc-
tures as possible while preserving clarity. The embedded
structure space allows drawing a few interesting observa-
tions. First, the majority of the GTP-bound structures are
located nearby one another, in the bottom right quadrant of
the space, whereas the GDP-bound structures span the top
left and bottom left quadrants. While some distortion in the
embedded space is to be expected, co-localizations of groups
of structures are reliable, as the first two PCs capture about
55% of the structural variance. The PC space shows a clear
separation among Ras structures based on binding target.
Second, the 41 crystal structures not subjected to PCA but
projected nonetheless and drawn in blue in Figure 2 are cap-
tured well by the existing structure space. As shown, these



structures are largely located in the bottom right quadrant,
and their projections reside within the ranges of the PCs
obtained by the PCA on the 46 crystal structures.

We additionally examine the clustering of binding site mo-
tifs in the 46 crystal structures through the FASST web
server [15]. The motif provided to the server consists of
residues Q61, G60, A59, A11, G12, G13, V14, G15, K16,
S17, T35, A18, V29, F28, N116, A146, S145, D119, K117.

The server conducts essentially a PCA of the binding sites
only, and the results of the embedding on the first two PCs
are shown in Figure 2(b). Comparison of PDB ids shows
that the dots drawn in green in Figure 2(b) correspond to
those drawn in green (GDP-bound) in Figure 2(b), suggest-
ing that the binding motif is similar among the GDP-bound
structures. The dots drawn in blue and lime in Figure 2(b)
correspond to those drawn in red and blue in Figure 2(b),
supporting the conclusion that the PCA is capturing well
structural differences mainly due to the binding site and
co-localizing well in GTP-bound structures. Additionally,
the structures with PDB ids 1xcm and 3kkn, color-coded
in orange in Figure 2(b), correspond to blue dots with PC1
coordinate around−5 and PC2 coordinate around−3 in Fig-
ure 2(a). These structures consistently form their own clus-
ter in both plots. Overall, comparison of the PCA, whether
on the entire structure space or only on binding site mo-
tifs, allows concluding that PCA captures well differences
mainly to binding site and provides a reliable space to use
for further analysis and exploration.

3.2 Ras Energy Surface Probed by X-ray Crys-
tallography

In this analysis, we reconstruct the energy surface of wild-
type Ras with the information available in the crystal struc-
tures. We essentially treat the crystal structures of wildtype
and mutant Ras as potentially energetically-stable struc-
tures for the wildtype sequence of Ras. As summarized in
section 2, we restrict our attention to projections of traces of
the crystal structures on n PCs. These projections are then
reconstructed in full all-atom detail and energetically refined
through Rosetta as detailed in section 2. This approach
gives us the opportunity to determine a suitable value for
n that allows recovering the original crystal structures and
obtain low-energy values for them after refinement.

In Figure 3(a) we show results on the analysis on vary-
ing number of PCs. Three settings are considered, using
n ∈ {5, 7, 10} PCs. The analysis proceeds as follows. Given
n PCs, the projection of a crystal structure on these n PCs
is obtained. This projection corresponds to a deformed Cα
trace of the crystal structure, as structural information avail-
able in the rest of the PCs (after n) is discarded. The RMSD
between this deformed trace and the full trace is calculated,
in order to measure the distortion introduced by cutting
down the number of PCs to n. The histogram of RMSDs
over all crystal structures is shown in Figure 3(a). Three
different colors are used for the three settings of n.

As expected, a smaller number of PCs reduces the dimen-
sionality of the structure space but also introduces more dis-
tortions (higher RMSDs). The distributions obtained when
using only 5 or only 7 PCs are bimodal. This is due to the
fact that structures corresponding to low RMSDs in the dis-
tribution are those 46 used to obtain the PC space. The
higher RMSDs correspond to the additional 41 structures
not subjected to PCA. If 10 dimensions are used, then the

bimodality disappears, and on average a low RMSD distor-
tion is present. It is worth noting that larger RMSDs are
obtained for 5 structures in the set not subjected to PCA.
This is due to a structural difference in a random coil not
present in any other Ras structure. Consequently, the PC
space is not able to encode this structural difference and any
number of PCs would not suffice to rebuild any of these 5
structures. Taken together, this analysis justifies employing
n = 10 PCs in the rest of our analysis and the results related
for the exploration by the proposed search algorithm.

Each crystal structure, after being threaded onto the wild-
type sequence, is reduced to its (distorted) projection on
n = 10 PCs. The distorted trace is rebuilt into an all-
atom structure and refined (detailed in section 2). A po-
tential energy value is thus associated with each structure.
The RMSD between the trace of each original crystal struc-
ture and the trace of the rebuilt and refined version on the
wildtype sequence is measured, and the histogram of such
RMSDs in Figure 3(b) shows that the RMSDs are overall

small, less than 1Å. Figure 3(b) illustrates this by superim-
posing a rebuilt over an original structure.

Figure 4 replots the PC-projected structure space, color-
coding each structure according to its all-atom (Rosetta)
potential energy value after the rebuilding and energy re-
finement process. Figure 4 shows a lot of low-energy struc-
tures and some higher-energy ones, suggesting a richness of
thermodynamically-accessible structures to wildtype Ras.

3.3 PCA-guided Exploration of Wildtype Ras
Structure Space

The promise of the geometrical exploration in the pro-
posed algorithm in further populating the structure space
of wildtype Ras, as guided by the top n = 10 PCs, is illus-
trated in Figure 4. An initial structure is selected (PDB id
1agp here), and the process of sampling weights for each of
the n PCs and using them to generate a new Cα trace from
a current one is repeated to obtain a trajectory of consec-
utive traces. This trajectory of 1000 traces, shown in Fig-
ure 4, makes the case that the basic component of guiding
sampling of the structure space by the PCs can potentially
further populate the space and reveal new structures not
currently probed by experimental techniques.

The shown trajectory provides geometrical information
about the space. Sampled traces may be energetically un-
favorable, and the rest of the components of the algorithm
are needed to sample low-energy regions of the wildtype Ras
structure space. We note that though the explored space is
visually drawn on the first two PCs, all n = 10 PCs are used,
resulting in a 10-dimensional space being explored.

The full algorithm is now used to explore low-energy re-
gions of the structure space. As detailed in section 2, a
(rebuilt and refined) crystal structure is used as a starting
point. A trajectory of consecutive structures is generated
until a high-energy (higher than 100 kcal/mol of start struc-
ture) one is encountered, at which point exploration begins
anew from any structure in the tree. Figure 5 shows the
results of two runs, one initiated from a GTP-bound re-
constructed structure (PDB id 1qra) and another from a
GDP-bound reconstructed structure (PDB id 4q21). The
1000 structures obtained by each run are projected onto the
top two PCs and superimposed over the crystal structures.
Structures are color-coded by potential energy values.

Comparison of the two settings shows that the initial start-
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Figure 2: (a) The structure space spanned by the 46 crystal structures of Ras available in the PDB in 2009
is shown projected on the first two PCs. The accumulation of variance is shown on the top left quadrant.
These structures are color-coded based on binding target, green for GTP-bound and red for GDP-bound.
The additional crystal structures added to the PDB since 2009 are projected onto the same PC space and
are color-coded in blue. (b) PCA of the binding site motifs in Ras crystal structures is provided from the
FASST server [15].



(a)

(b)

Figure 3: (a) Histogram shows distribution of RMSDs between the trace of each crystal structure and its
projection on n PCs. Settings n ∈ {5, 7, 10} are shown in different colors. (b) Histogram shows distribution
of RMSDs between traces of original crystal structures and traces of rebuilt structures. The embedded
illustration obtained through VMD superimposes the original crystal structure under PDB id 1agp, drawn
in orange, over the rebuilt structure, drawn in yellow.
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Figure 4: The dots represent rebuilt and refined
crystal structures threaded onto the wildtype se-
quence, color-coded by their all-atom energies. Con-
secutive traces obtained in a random walk are super-
imposed over the refined crystal structures.

ing point does not significantly affect the exploration capa-
bility. The bottom left quadrant is slightly better populated
when initiated from the GDP-bound structure, which itself
resides in this quadrant. Low energies are obtained in each
setting, however, suggesting that the energy surface of wild-
type Ras is flat and contains many stable structures. While
the top left and bottom right corners of the space are not
well populated in each setting, in agreement with the lack
of experimental structures in these regions, as well, further
sampling may be needed to determine whether these regions
are indeed unfeasible for the wildtype sequence.

We quantify the ability of the algorithm to cover the struc-
ture space of Ras captured by the crystal structures in Ta-
ble 3.3. We do so as follows. If the closest structure sam-
pled by the algorithm to a given crystal structure is below
a given RMSD threshold, the crystal structure is considered
captured. We consider three different RMSD thresholds of
1.0, 2.0, and 2.5Åand report the percentage (%) of crystal
structures captured according to this definition. We show
separate statistics on the X-ray structures used for the PCA
and those withheld for validation. Three different settings
are considered, where the structures sampled in each of the
two runs (from PDB id 1qra and 41q21) are kept separate
and then combined. Taken together, the above analysis and
that shown in Table 3.3 make the case that novel low-energy
structures are obtained in each setting, suggesting the struc-
ture space of Ras is rich and holds potentially valuable in-
formation for further analysis.

4. CONCLUSION
The approach described in this paper to associate a low-

dimensional structure space and potential energy surface
with available crystal structures of Ras suggests that the
wildtype Ras structure space is flat and particularly ripe
for conformational selection by few point mutations with no
deleterious effects for folding. The PC-guided search algo-
rithm proposed here to further populate the wildtype Ras
structure space is promising, revealing novel structures and
accessing new low-energy regions of the structure space.

This work is a first step towards a comprehensive map of
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Figure 5: 1000 low-energy structures obtained when
starting from the reconstructed structure under
PDB id 1qra (top pannel) or PDB id 4q21 (bottom
pannel) are drawn as circles color-coded by poten-
tial energy. These are superimposed over the crystal
structures drawn as triangles.

the sequence-structure space of Ras. While the work here fo-
cuses on wildtype Ras, the investigation can be repeated on
other selected variants to show, for instance, how the land-
scape changes upon mutations. This work opens the way for
further studies focused on extracting information from com-
puted structures on novel binding sites, mechanisms, and
even interaction partners. Such information can be valuable
to improve our understanding of how Ras mutants and their
interacting partners affect pathways contributing to cancer.
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