RESEARCH ARTICLE

Mapping the Conformation Space of
Wildtype and Mutant H-Ras with a Memetic,
Cellular, and Multiscale Evolutionary
Algorithm
Rudy Clausen1, Buyong Ma2, Ruth Nussinov2,3*, Amarda Shehu1,4,5*

a11111

1 Department of Computer Science, George Mason University, Fairfax, VA, USA, 2 Basic Science Program,
Leidos Biomedical Research, Inc. Cancer and Inflammation Program, National Cancer Institute, Frederick,
MD, USA, 3 Sackler Institute of Molecular Medicine, Department of Human Genetics and Molecular
Medicine, Sackler School of Medicine, Tel Aviv University, Tel Aviv, Israel, 4 Department of Biongineering,
George Mason University, Fairfax, VA, USA, 5 School of Systems Biology, George Mason University,
Manassas, VA, USA
* nussinor@helix.nih.gov (RN); amarda@gmu.edu (AS)

OPEN ACCESS
Citation: Clausen R, Ma B, Nussinov R, Shehu A
(1969) Mapping the Conformation Space of Wildtype
and Mutant H-Ras with a Memetic, Cellular, and
Multiscale Evolutionary Algorithm. PLoS Comput Biol
0(0): e1004470. doi:10.1371/journal.pcbi.1004470
Editor: Arne Elofsson, Stockholm University,
SWEDEN
Received: February 18, 2015
Accepted: July 28, 2015
Published: July 20, 1969
Copyright: © 1969 Clausen et al. This is an open
access article distributed under the terms of the
Creative Commons Attribution License, which permits
unrestricted use, distribution, and reproduction in any
medium, provided the original author and source are
credited.
Data Availability Statement: An implementation of
SIfTER and all input data to reproduce the work
described in this paper are made available to the
community at http://www.cs.gmu.edu/~ashehu/?q=
OurTools
Funding: Funding for this work is provided in part by
the National Science Foundation (Grant No. 1421001
and CAREER Award No. 1144106 to AS) and the
Thomas F. and Kate Miller Jeffress Memorial Trust
Award to AS. This project has also been funded in
whole or in part with Federal funds from the NCI, NIH,
under contract number HHSN261200800001E. The
content of this publication does not necessarily reflect

Abstract
An important goal in molecular biology is to understand functional changes upon singlepoint mutations in proteins. Doing so through a detailed characterization of structure spaces
and underlying energy landscapes is desirable but continues to challenge methods based
on Molecular Dynamics. In this paper we propose a novel algorithm, SIfTER, which is
based instead on stochastic optimization to circumvent the computational challenge of
exploring the breadth of a protein’s structure space. SIfTER is a data-driven evolutionary
algorithm, leveraging experimentally-available structures of wildtype and variant sequences
of a protein to define a reduced search space from where to efficiently draw samples corresponding to novel structures not directly observed in the wet laboratory. The main advantage of SIfTER is its ability to rapidly generate conformational ensembles, thus allowing
mapping and juxtaposing landscapes of variant sequences and relating observed differences to functional changes. We apply SIfTER to variant sequences of the H-Ras catalytic
domain, due to the prominent role of the Ras protein in signaling pathways that control cell
proliferation, its well-studied conformational switching, and abundance of documented
mutations in several human tumors. Many Ras mutations are oncogenic, but detailed
energy landscapes have not been reported until now. Analysis of SIfTER-computed energy
landscapes for the wildtype and two oncogenic variants, G12V and Q61L, suggests that
these mutations cause constitutive activation through two different mechanisms. G12V
directly affects binding specificity while leaving the energy landscape largely unchanged,
whereas Q61L has pronounced, starker effects on the landscape. An implementation of
SIfTER is made available at http://www.cs.gmu.edu/~ashehu/?q=OurTools. We believe
SIfTER is useful to the community to answer the question of how sequence mutations affect
the function of a protein, when there is an abundance of experimental structures that can be
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exploited to reconstruct an energy landscape that would be computationally impractical to
do via Molecular Dynamics.

Author Summary
Important human diseases are linked to mutations in proteins. One such protein, Ras,
undergoes mutations in over 25% of human cancers. Its biological activity involves switching between two distinct states, and several oncogenic mutations affect this switching.
Despite significant investigation in silico via methods based on Molecular Dynamics,
details are missing on how mutations affect the ability of Ras to access the states it needs to
perform its biological activity. In this paper we present an algorithm that is capable of providing such details by exploring the breadth of the structure space of a given protein. The
algorithm leverages information gathered in the wet laboratory on long-lived structures of
the healthy/wildtype and mutated versions of a protein to effectively explore its structure
space and reconstruct the underlying energy landscape. We apply this algorithm to the
wildtype H-Ras and two known oncogenic variants, G12V and Q61L. Comparison of the
energy landscapes elucidates the detailed mechanism by which the oncogenic mutations
affect biological activity. We provide the algorithm for the research community to allow
further investigation of the open question on how mutations to the sequence of a protein
affect biological activity.

Introduction
Mutations in protein sequences that lead to altered functions have been found to drive or participate in many human diseases [1, 2]. An important goal of molecular biology is to understand functional changes upon single-point mutations in proteins. This is a challenging task
for both wet and dry laboratories. Investigations in the dry laboratory promise in principle to
unravel the sequence-function relationship in proteins through a holistic, detailed characterization of a protein’s structure space and underlying energy landscape [3]. However, exploring the
breadth of a protein’s structure space via MD-based conformational search algorithms remains
computationally challenging [4].
In this paper we propose a novel conformational search algorithm, which is based on stochastic optimization rather than MD to circumvent the computational challenge of exploring
the breadth of a protein’s structure space. We refer to this algorithm as SIfTER for Structure
Initiated Search for Transient Energy Regions. SIfTER exploits structural characterizations of a
protein in the wet-laboratory to rapidly map the structure space and underlying energy landscape of a given protein sequence. By doing so, the algorithm allows mapping and juxtaposing
landscapes of variant sequences of a protein and then relating observed differences to functional changes. Before relating further details on the novel algorithmic components that make
this possible, we justify SIfTER in a gradual and systematic way on a hallmark case study in
molecular biology, the family of Ras proteins.
Ras proteins mediate signaling pathways that control cell proliferation, growth, and development via guanine nucleotide-dependent conformational switching between an active and
inactive structural state [5]. Ras is in its active (on) state when bound to GTP, and in the inactive (off) state when bound to GDP [5]. The rate of exchange between the GTP- and GDPbound states is enhanced by two types of regulatory proteins, GTPase activating proteins
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(GAPs), which promote GTP hydrolysis, and guanine nucleotide exchange factors (GEFs),
which promote GDP release, allowing for GTP to bind. Ras isoforms (H-, N-, and K-Ras are
the most prevalent) exist, and they have unique physiological functions and roles in different
human cancers and developmental diseases. Many structures have been reported and can be
found in the Protein Data Bank (PDB) [6] for the wildtype (WT) ordered catalytic (G)-domain
of H-Ras and several of its oncogenic variants.
The active (GTP-bound) and inactive (GDP-bound) states of the Ras catalytic domain differ
structurally by 1.5Å. This change is concentrated near the nucleotide-binding site, which
includes the switch regions SI (residues 25–40) and SII (residues 57–75) [7–15]. The structural
change is driven by the formation of hydrogen bonds from the conserved residues T35 and
G60 to the gamma-phosphate of GTP, which effectively closes the binding pocket [7]. When
bound to GDP, and the gamma-phosphate is missing, the switch regions have fewer structural
contacts to the ligand, and this allows the Ras catalytic domain to populate a more open structure [7, 9].
Mutations that deregulate Ras activity are found in over 25% of all human tumors [16]. In
particular, two such mutations, G12V and Q61L, are shown to be oncogenic. The G12V mutation in H-Ras is implicated in bladder carcinoma [17, 18]. The Q61L mutation is implicated in
melanoma due to its strongly reduced GTP hydrolysis in the presence of RAF-1 [19, 20]. NMR
studies point to correlated conformational dynamics in Ras [21], which motivates further
investigation of allosteric effects in the WT and variants. At present, our understanding of the
impact of sequence variations on the ability of variants to populate functional conformations is
limited to those structures documented in the PDB.
Seminal work by Grant and McCammon in 2009 projected the experimentally-probed conformation space of H-Ras onto two reaction coordinates extracted through a linear dimensionality reduction technique such as Principal Component Analysis (PCA) [7]. The two principal
components (PCs) obtained from the PCA that captured most of the variance of the original
structure data were used as reaction coordinates. The two-dimensional map of the conformation space of H-Ras exposed vast unpopulated regions by the WT and variants. Simple interpolation over existing structures in the two-dimensional embedding would not be accurate in
delineating features of the energy landscape over the unpopulated regions of the conformation
space (analysis in S8 Fig in the Supporting Information shows many regions of the energy landscape that are currently not covered by any known experimental structures of H-Ras). Moreover, many structural details would be sacrificed, as more coordinates or dimensions are
needed to preserve the structural variance observed in the experimentally-probed conformation space.
More sophisticated conformational search algorithms, systematic or stochastic, are needed
to handle more coordinates and explore the breadth of the conformation space. One could in
principle devise a systematic search algorithm that imposes a grid over the specified coordinate
axes. However, even at a small number of dimensions and a coarse resolution to define cells of
the resulting grid, the number of structures needed to populated the grid would be prohibitive
for any further energetic evaluation and improvement. Even at few cells per dimension and a
modest number of dimensions, the number of structures easily reaches in the millions. As
such, systematic grid-based searches have too high computational costs to be useful at all.
Instead, either algorithms based on Molecular Dynamics (MD) or stochastic optimization
remain viable.
Indeed, MD-based conformational search algorithms have been employed to study Ras
structure and dynamics. MD-based simulations of Ras in uncomplexed and complexed forms
were used in [22] to study subtle conformational and dynamics changes of Ras upon effector
binding. A structural alphabet ensured removal of trivial roto-translations. Comparison of MD
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trajectories revealed changes due to downstream effector binding of Ras to Byr2, PI3Kγ, PLCε,
and RalGDS [22].
The majority of MD-based approaches focus on mapping the conformation space of the
uncomplexed form of Ras isoforms. The earliest such studies simulated local structural fluctuations around individual nucleotide states of uncomplexed Ras [23, 24]. Unbiased MD simulations in [25] captured spontaneous nucleotide-dependent transitions of the oncogenic H-Ras
G12V variant [25]. Analysis of the uncovered regions of the energy landscape demonstrated
that the energy barrier between the inactive and active states was lower in the H-Ras G12V variant than in the WT.
Due to the computational cost of unbiased MD simulations and demonstrated limitations
in sampling, biased and accelerated MD simulations have been attempted, as well. Biased MD
simulations resulted in unrealistic high-energy structures [26, 27]. On the other hand, accelerated MD, an approach originally proposed in [28], was shown to populate many regions of
the H-Ras conformation space not observed in the wet laboratory [7]. Several known stable
conformations of H-Ras variants were also found to be accessible to the WT. Multiple barriercrossing trajectories were observed for the WT with 60ns-long accelerated MD simulations; as
the authors noted, such trajectories would have been practically impossible to obtain with classical, unbiased MD simulations of the same length due to the high free energy barrier separating the active and inactive states in the H-Ras WT [7].
The sampling capability of accelerated MD was shown to greatly depend on the structure
used to initiate a trajectory [7]. In several cases, accelerated MD simulations initiated from a
WT inactive structure did not reach the crystallographic active structure, pointing to persistent
limitations in sampling. Nonetheless, accelerated MD remains a viable option over classical
MD and has been applied to characterize the dynamics of other Ras isoforms, several H-Ras
variants [29], and has even been integrated in computational pipelines for identification of
leads in drug design [30].
Non MD-based approaches devised to improve sampling over MD-based approaches [31]
have been applied to study Ras, as well. For instance, work in [32] computed minimum-energy
paths bridging between the active and inactive states through a modification of the conjugate
peak refinement algorithm [33]. Other non MD-based approaches, such as CONCOORD [34],
FIRST/FRODA [35, 36], and PEM [37–39] are designed to rapidly populate the conformation
space in a neighborhood around a given structure. Though not directly applied to populate the
conformation space of Ras, such methods could, in principle, if initiated from each existing
crystallographic structure, provide a map of the conformation space of H-Ras. The foreseen
difficulty would be on populating regions of the space with no experimentally-available structures in the vicinity.
Documented difficulties of MD-based methods and foreseen challenges with adapting existing non MD-based approaches motivate our proposal of SIfTER, a novel non MD-based conformational search algorithm capable of exploring the breadth of the structure space and
mapping the underlying energy landscape of a protein. Since MD simulations remain computationally demanding and are challenged by complex high-dimensional search spaces [4],
SIfTER implements stochastic optimization and yields a sample-based representation of the
conformation space and energy landscape of a protein under investigation. We apply SIfTER
to map and juxtapose energy landscapes of H-Ras WT and selected oncogenic variants to provide the energy landscape as the intermediate explanatory link between sequence mutations
and functional changes.
SIfTER is a data-driven evolutionary algorithm. While in this paper we focus on the uncomplexed form of the catalytic domain of H-Ras in the WT form and two oncogenic variants, the
algorithm is general. No system-specific information is exploited beyond experimentally-
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available structures of a protein. Unlike MD- and other non-MD based approaches that are
limited to being initiated from a specific structure, SIfTER leverages information available in a
collection of experimentally-determined structures documented for a protein. Inspired by the
seminal work of Grant and McCammon in [7], SIfTER also employs PCA over experimentallydetermined structures to define collective variables/parameters of the search space as well as
effective ranges of these parameters. The algorithm efficiently draws samples from the resulting
low-dimensional search space, and then maps samples through a novel multiscale procedure to
all-atom conformations that are local minima in the all-atom energy landscape (the all-atom
energy function used here is Rosetta score12). In this way, local minima in the energy landscape
can be computed efficiently while still allowing for a wide search range within the space defined
by the experimental structures.
As we demonstrate here, SIfTER reconstructs, for the first time, the all-atom energy landscapes of various sequences of the catalytic domain of H-Ras. The algorithm is able to efficiently do so by exploiting the existence of close to a hundred crystallographic structures of
H-Ras WT and variants in the PDB. The guiding hypothesis for SIfTER is that documented
structures of H-Ras WT and variants are also available and populated by a specific H-Ras
sequence under investigation, though possibly with different population probabilities than in
the native sequence probed in the wet laboratory. This is in essence the principle of conformational selection [40–43]. Grant and colleagues provided the first evidence of this by observing
stable structures of variants populated by WT H-Ras [7]. This guiding principle allows treating
the structures documented for WT and variants as possibly important locations in the energy
landscape for a specific protein sequence under investigation.
Taken together, SIfTER produces an ensemble of all-atom conformations residing at local
minima, effectively and efficiently providing a representation of the energy landscape relevant
for understanding function. We juxtapose and analyze here in detail the landscapes obtained
by SIfTER for WT H-Ras and two important oncogenic variants, G12V and Q61L. Our comparative analysis suggests that G12V and Q61L cause constitutive activation through two different mechanisms. G12V directly affects binding specificity while leaving the energy
landscape unchanged, whereas Q61L has pronounced effects on the underlying landscape. In
addition to validating existing biological knowledge, SIfTER provides for the first time a
detailed view of the energy landscapes of H-Ras WT and variants and proposes novel structural
states not observed in the wet laboratory. These structures provide the foundation for further
structure-guided studies of function, molecular interactions, and therapeutics for oncogenic
H-Ras variants. An implementation of SIfTER is made available to the community at http://
www.cs.gmu.edu/~ashehu/?q=OurTools to encourage studies on the impact of sequence mutations on biological activity in other protein molecules.

Results
86 structures satisfying various criteria, as detailed in the Materials and Methods section, are
extracted from the PDB for H-Ras. 46 of these structures that reflect the state of the PDB up
until 2009 are subjected to the PCA to obtain axes of search for SIfTER. These same structures
were also analyzed in [25] via PCA and shown to span the range of structural displacements
employed by H-Ras for its conformational switching between the active and inactive states. The
rest of the 40 structures added to the PDB after 2009 were withheld by us from the PCA to constitute a validation set. An important part of our analysis below shows the ability of SIfTER to
recover regions of the H-Ras conformation space containing the structures in the validation set.
Detailed analysis of the effectiveness of the PCA is provided in the Materials and Methods
section, but Fig 1 summarizes this analysis by showing the projections of crystallographic
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Fig 1. Projection of PDB-obtained Crystallographic Structures over Top Two PCs. Projections on the
top two PCs are shown for all 86 collected structures of H-Ras. The 46 structures actually subjected to the
PCA are in red (these correspond to the GTP-bound/inactive state) and in green (these correspond to the
GDP-bound/active state). The 40 structures withheld from the PCA for validation purposes are shown in blue.
The accumulation of variance subplot in the top left shows that PCA is effective for H-Ras. The 90% variance
is achieved at 10 PCs. The two functional states of H-Ras are clearly separated by PC1. Projections of the 40
structures withheld from the PCA are contained in the same space.
doi:10.1371/journal.pcbi.1004470.g001

structures on the top two axes/PCs obtained by the PCA. Fig 1 shows that the two functional
(active and inactive) states are clearly separated, which is also in agreement with the results presented originally by McCammon and colleagues [7, 25]. In addition, a cumulative variance
analysis detailed in the Materials and Methods section and summarized in the top left panel of
Fig 1 indicates that only 10 PCs need to be specified as axes of search for SIfTER and yet retain
90% of the variance among the crystallographic structures. Moreover, only two PCs are needed
to capture more than 50% of the variance; these two can be used to project SIfTER-obtained
energy surfaces and visualize energy landscapes.

Analysis of the Modes of Motion Captured by PCA
One can analyze in further detail the molecular motions associated with the top three PCs.
Each PC is a vector containing 166 × 3 displacements for each of the x, y, z cartesian coordinates of the 166 CA atoms in the catalytic domain of H-Ras. These displacements are visualized
in the right panel of Fig 2 by plotting the coordinates of each PC. The SI and SII regions are
annotated. The displacements along each PC are additionally visually illustrated on an H-Ras
structure in the left panel of Fig 2.
The right panel of Fig 2 shows that the region whose motions are captured consistently and
are dominant along each of the top three PCs is the SII region ((amino acids at positions 57–
75). The dominance of motions of the SII region has also been observed by Grant and McCammon in [7]. In particular, in [7], the helix α2 region (amino acids at positions 66 to 74) contained in SII is noted to be the major dynamic element of the Ras structure, in agreement with
our observations here.
As Fig 2 shows, CA displacements in each of the top three PCs additionally capture the correlated motions between the SI (amino acids at positions 25–40) and SII regions. The regions
that undergo the largest displacements are those of amino acids at positions 26 to 37, referred
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Fig 2. Structural Displacements Along Each of the Top Three PCs. Displacements of CAs along each of the three top PCs are visualized on the right by
plotting the coordinates of each PC. The SI and SII regions are annotated to show that they undergo some of the largest internal fluctuations captured by PC1
and PC2. The displacements along each PC are visualized on the left on an H-Ras structure using Pymol [44]. The colored sections correspond to the switch
regions of H-Ras, with SI in green and SII in blue. Sections colored in light green show regions with structural changes of a similar magnitude to the switch
regions.
doi:10.1371/journal.pcbi.1004470.g002

to as loop2 in the SI region, and those of amino acids at positions 66 to 74, the α2 helix in the
SII region. The switch regions undergo the main structural changes in the GTP- to GDP- transition. Since PCA is capturing such deviations, this analysis lends further credibility to employing the reduced space of PCs as the search space for SIfTER to rapidly find more functional
conformations of H-Ras. Moreover, since the top two PCs also account for over 55% of the variance (essentially allowing to capture 55% of the dynamics) and capture the structural changes
between the GTP- and GDP-bound states, they are both effective to be employed in the structurization/grid by the local selection operator (detailed below) and to project the energy surface
for the purpose of visualizing the energy landscape on 2 dimensions (projecting all SIfTERobtained conformations on PC1 and PC2).
In addition, CA displacements in PC2 and PC3 show correlated motions that include amino
acids at positions 93 to 110. This region is referred to as α3-loop7 in [7]. Taken together, the
motions along PC1, PC2, and PC3 capture the dynamic linkage between three regions, SI (specifically, loop2 in SI), SII (specifically, α2 in SII), and α3-loop7. Such linkage has been observed
previously in MD simulation studies [7]. In particular, the correlated motions between α2 and
α3-loop7 have been previously noted to show a novel GTP-dependent correlated motion in
Ras with functional implications [7]. These motions serve as a non-covalent communication
route in Ras, and Grant and McCammon speculate that amino acids in these regions may be
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important for nucleotide-dependent modulation of membrane attachment and lateral segregation by linking the switching apparatus to the membrane interaction apparatus [7]. As noted
by Grant and McCammon, while the loop3 region has been studied via mutations in the wet
laboratory, the other regions, including the dynamic α3-loop7 region, though shown to
undergo correlated motions in simulation, have received little attention in the wet laboratory.
Our analysis seems to additionally emphasize the need for better understanding of the role of
these regions in the function of Ras.

Application of SIfTER on H-Ras WT and Variants
Using the top ten PCs as axes of the reduced search space, SIfTER is then applied to the WT,
G12V, and Q61L sequences of H-Ras. It is worth noting that while the axes of the search space
are the same for each application of SIfTER on each of the three sequences, the multiscale procedure that maps points sampled in the reduced search space to the space of all-atom conformations employs sequence information. Hence, the ensembles obtained by SIfTER on each
application are different. On each application, the entire ensemble of all-atom conformations is
stored. A conservative energy threshold of −100 Rosetta score12 units is then applied in order
to retain for further analysis only functional conformations (and essentially filter out false positives expected from any semi-empirical protein energy function). The determination of this
threshold is not system-specific but is made based on the range of score12 energy values
obtained for crystallographic structures when their CA traces are threaded onto the WT
sequence and then subjected to the multiscale procedure used by SIfTER. The range of resulting score12 energies is observed to be from around −300 to around −100 units. Hence, only
SIfTER-obtained conformations with energies no higher than −100 units are retained for further analysis.
The rest of our analysis below focuses first on the ability of SIfTER to recover functional
conformations corresponding to crystallographic structures withheld from the PCA and then
on visualization and comparison of energy landscapes constructed for each H-Ras sequence.

Recovery of Known Functional Conformations
We validate first the capability of SIfTER to discover known functional conformations of
H-Ras. We show data for the WT. For each of the 86 crystallographic structures, we find the
closest conformation to that structure among the functional conformations obtained by SIfTER
for WT H-Ras (all-atom conformations whose energies meet the energetic threshold described
above). The distance between two conformations is measured through the well-known rootmean-squared-deviation (RMSD)after an optimal superimposition has been found that
removes structural differences due to rigid-body motions [45]. In particular, Fig 3 shows CA
RMSDs (the distribution of backbone RMSDs is very similar). It is not possible to report allatom RMSDs, because many of these crystallographic structures may be on different sequences
or have missing side-chain atoms even if reported for the WT sequence.
As can be seen in Fig 3, RMSDs for the structures withheld from PCA (in blue) are low,
with the majority less than 1Å. As described in the Materials and Methods section on the presence of about 5 outlier structures with loop motions outside the SI regions, CA RMSDs higher
than 1Å are only observed for a few outlier structures (details on these outlier structures are
provided in S2 Table and S1 Fig in the Supporting Information). In comparison, the CA
RMSDs for the 46 structures used by SIfTER to define the reduced space (in green and blue in
Fig 3 to indicate structural state) are no higher than 0.7Å. Taken together, these results suggest
that SIfTER is able to recover known functional conformations of H-Ras even though they are
not directly incorporated in the algorithm.
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Fig 3. Reproduction of Crystallographic Structures Among SIfTER-generated Functional
Conformations. Each crystallographic structure is compared to the sub-ensemble of functional
conformations obtained by SIfTER, and the lowest CA RMSD is reported. CA RMSDs corresponding to GTPbound structures are drawn in red, those corresponding to GDP-bound structures are drawn in green, and
those corresponding to the 40 crystallographic structure withheld from the PCA for the purpose of validation
are drawn in blue.
doi:10.1371/journal.pcbi.1004470.g003
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Fig 4. Mapping of Crystallographic Structures on SIfTER-obtained Energy Landscape for WT H-Ras.
The energy landscape associated with functional conformations generated by SIfTER for WT H-Ras is shown
here. All 86 crystallographic structures are projected onto the top two PCs to mark their locations on the
landscape. The 46 structures used by SIfTER to define the reduced search space and obtain PCs are drawn
as circles. The 40 structures withheld from SIfTER for the purpose of validation are drawn as triangles.
Crystallographic structures reported for the WT sequence are filled in black, whereas those reported for other
variants are filled in gray.
doi:10.1371/journal.pcbi.1004470.g004

Mapping of Known Functional Conformations on the WT H-Ras Energy
Landscape
In addition to being able to recover known functional conformations, SIfTER also provides the
ability to map the location of these conformations on the energy landscape. Fig 4 shows the
energy landscape associated with functional conformations generated by SIfTER for WT
H-Ras. The landscape is a projection of the energy surface over the top two PCs for the purpose
of visualization. This two-dimensional projection of the space of functional conformations is
color-coded as follows. A grid is laid over the embedding, with cells of size 1. Each cell is then
colored by the median energy score of the conformations with projections in that cell. The
bilinear interpolation in the imshow python utility is employed for this purpose. For ease, the
color bar shows not the range of absolute score12 energy values but instead the difference from
the lowest-energy value. Fig 4 additionally shows the locations of all collected 86 crystallographic structures on the SIfTER-obtained energy landscape for WT H-Ras. A crystallographic
structure can be easily projected onto given PCs, as described in detail in the Materials and
Methods section. Projections of the 46 structures used by SIfTER to define the reduced search
space are annotated differently from projections of the unused set of 40 structures. Moreover,
crystallographic structures reported for the WT are specially annotated.
Fig 4 allows visualizing the location of experimentally-obtained structures onto the energy
landscape. Several observations can be made. The majority of crystallographic structures
reported for the WT are all on regions of the landscape that correspond to the deepest basins
(darker blue regions). This applies to both structures employed by SIfTER to define the search
space and those withheld for the purpose of validation. Structures reported for variant
sequences also map to low-energy regions, which supports the hypothesis that these structures,
though not reported for the WT, can be used as representatives of meta-stable states to guide a
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data-driven algorithm like SIfTER. In addition, no crystallographic structures, whether
reported for the WT or variant sequences, are found to lie on energy barriers. This further
lends credibility to SIfTER’s ability to find novel features of the energy landscape that a simple
interpolation of energies in the PC1-PC2 embedding or limited exploration around a structure
cannot produce. The energy landscape elucidated by SIfTER allows better understanding the
menu of functional conformations used by H-Ras WT, beyond the space probed directly in the
wet laboratory.

Comparison and Analysis of SIfTER-obtained Energy Landscapes of
WT and Variant Ras
The rest of our analysis focuses on novel knowledge that SIfTER confers about the three
sequences of H-Ras studied in this paper by comparing energy landscapes generated by SIfTER
for each sequence. We recall that the landscapes are projections of functional conformations
generated by SIfTER on each sequence onto the top two PCs. Color-coding of the two-dimensional embeddings is as described above. In addition, the analysis below provides not only
Rosetta score12 landscapes, but also Amber ff12SB landscapes. The latter are obtained by subjecting functional conformations to a short energy minimization protocol in AMBER,
described in detail in the Materials and Methods section.
The Rosetta and Amber landscapes for each H-Ras sequence studied here are shown in
Fig 5. The left column shows the Rosetta score12 landscapes, and the right column shows the
AMBER ff12SB landscapes. The top row shows the landscapes obtained for the WT, the middle
row shows the landscapes obtained for the G12V variant, and the bottom row shows the landscapes obtained for the Q61L variant. We note that the color bars do not show absolute energy
values, but differences from the lowest-energy value obtained for each sequence. This allows
focusing on relative scales rather than absolute energy values, which can be different among
energy functions.
The Rosetta and AMBER SIfTER-obtained energy landscapes agree very well for the WT
sequence (see top row in Fig 5). Four basins are observed, annotated On, Conf1, Conf2, and Off.
The On basin is designated as such based on the location of projections of GTP-bound structures on the PC1-PC2 map (shown in Fig 1). Similarly, the Off basin is designated as such
based on the location of projections of GDP-bound structures on the PC1-PC2 map. It is reassuring to note that the On and Off structural states both correspond to deep basins (blue
regions) in the Rosetta and AMBER energy landscapes generated by SIfTER for the WT and
G12V H-Ras. However, for both sequences, the GTP-bound/active structural state resides in a
deeper basin than the GDP-bound/inactive structural state. This difference is starker on the
Rosetta landscapes for each of the sequences.
Two novel higher-energy basins, annotated Conf1 and Conf2, are additionally observed.
Comparison with the projections of crystallographic structures in Fig 1 reveals that the Conf2
basin corresponds to the same location as structures with PDB ids 2q21 and 1q21. These structures are described in a study on the G12V mutation [46] but have not been reported as possibly functional conformations of the WT H-Ras. The energy landscape analysis here suggests
that these structures may be functional, from a thermodynamic availability point of view, but
perhaps difficult to access for the WT. The reason for this is that the Conf2 basin is surrounded
by high-energy barriers that may prevent the WT sequence from readily adopting this alternative functional state.
The other, novel Conf1 basin corresponds to an unanticipated structural state. The crystallographic structures whose locations in the PC1-PC2 map correspond to this basin are those
with PDB ids 1lf0 and 6q21(D). The structure with PDB id 1lf0 is the crystallographic structure
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Fig 5. Comparison of Energy Landscapes Obtained by SIfTER for each H-Ras sequence. Obtained Rosetta and AMBER energy landscapes are shown
for WT, G12V, and Q61L H-Ras. The location of the inactive and active structural states of H-Ras are indicated by the respective On and Off annotations.
Other structural states corresponding to novel, observed basins in the landscapes are annotated by Conf1 and Conf2.
doi:10.1371/journal.pcbi.1004470.g005
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of H-Ras A59G variant in the GTP-bound state [47]. This variant adopts a conformation that
is an intermediate between the GTP- and GDP-bound states of WT H-Ras. Prior work has
noted the intermediate nature of A59G conformations, as removing the gamma-phosphate of
the bound GTP from the structure of A59G led to a spontaneous GTP-to-GDP conformational
transition in a 20-ns unbiased MD simulation [29]. The location of the Conf1 basin found by
SIfTER confirms this and sheds additional novel insight. The experimentally-probed structure
for A59G H-Ras (PDB id 1lf0) can indeed be populated by WT H-Ras as a semi-stable structural state. The corresponding Conf1 basin may indeed mediate the transition between the On
and Off basins. This may be a general mechanism for the WT and the two oncogenic variants
studied here. No high-energy barriers are noted for this possible transition in the landscapes
obtained for the WT and G12V sequences (and to some extent, the Q61L sequence, as well,
though there are starker differences between the Rosetta and AMBER landscapes for the Q61L
variant).
The observations made above for the alignment of known and novel structural states with
basins in the landscapes obtained for WT H-Ras largely transfer to observations for the G12V
variant (see middle row in Fig 5). The AMBER landscape depicts basins Conf1 and Conf2 as
being deeper than in the Rosetta landscape. Comparing the Rosetta landscape for the G12V
sequence to the WT landscape shows that the Off basin has also become less defined in the
G12V variant. In particular, in the AMBER landscape for G12V, the barrier between the On
and Off basins has been significantly reduced. This is the main change between the WT and
G12V H-Ras landscapes. The reduced stability of the GDP-bound state for the G12V variant
suggest that it may be this change that contributes to the oncogenic activity associated with the
G12V mutation. However, the change in the G12V energy landscape is small, which may further suggest that a change in binding specificity due to the proximity of G12V to the binding
site may also contribute to the oncogenic activity.
These findings agree with published computational and experimental studies on the G12V
variant. In particular, previous MD simulation studies have shown that both GTP-bound and
nucleotide-free G12V H-Ras sample a wide region of conformation space, indicating the
absence of significant changes in the conformation space due to the G12V mutation [25].
Experimentally, it has been shown that the G12V variant has similar binding affinity of ATP as
the WT, though the V12 side chain in the G12V variant hinders correct orientation of water
molecule needed for ATP hydrolysis [48]. The bulky V12 side chain in the G12V variant is
thought to lower the GTPase activity through a steric interference over this catalytic process
[49].
The Rosetta and AMBER SIfTER-obtained energy landscapes for the Q61L variant agree on
the main features (see bottom row in Fig 5). In both landscapes, the Conf2 and Off basins have
all but disappeared. While the Conf1 basin is retained in the Rosetta landscape, and the On
basin extends towards the Conf1 basin, the Conf1 basin disappears in the AMBER landscape.
Both the Rosetta and AMBER landscapes agree that mainly the On basin is retained, which corresponds to the GTP-bound state. This suggests that the oncogenic mutation Q61L causes significant changes to protein stability by causing the protein to become much more rigid,
thereby destabilizing all structural states except the GTP-bound state associated with the On
basin. By essentially only allowing Q61L to adopt the GTP-bound state, this mutation causes
H-Ras to be constitutively activated, which may initiate the cascade of cellular processes resulting in unregulated cell growth and cancer. We point out that early studies through classical
MD simulations succeeded in capturing the active to inactive transition in Q61L largely
because of an observed lower free-energy barrier compared to the WT [7]. This is in agreement
with our observations, and the detailed energy landscapes obtained here for the Q61L variant
provide an easy visualization of why this is the case for the first time.
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In addition, our findings on the rigidification of the GTP-bound state in the Q61L variant
have been corroborated in the wet laboratory [19, 20]. In particular, work in [50] shows that
Q61L is not able to hydrolyze GTP in the presence of Raf and thus is a constitutive activator of
this mitogenic pathway. In addition, the study shows that the newly-resolved crystal structures
of the Ras-GppNHp/Raf-RBD and RasQ61L-GppNHp/Raf-RBD complexes, in combination
with MD simulations, exhibit a rigid SII relative to the WT.
Finally, it is worth noting that one of reasons the AMBER landscapes are morphologically
very similar to the Rosetta landscapes is that the AMBER minimization of each structure
obtained by SIfTER does not introduce significant structural changes, particularly to the positions of the CA atoms. This is shown in the Supporting Information in S5 Fig. Since the PCs
are over CA traces, no significant morphological changes are expected. However, as the analysis above has demonstrated, changes in the relative depths of various regions on the landscape
are expected, due to the employment of a different energy function.
For completion, projections of the landscape along PC3 are also provided and can be found
in S9 Fig in the Supporting Information document. Projections along PC3 fail to provide any
more separation of the basins identified above, as expected, given that variance along PC3 is
minimal compared to PC1 and PC2; in other words, the dynamics of H-Ras can largely be
accounted for by PC1 and PC2. In addition, while the above analysis color codes the cells of the
PC1-PC2 maps by the median energy of structures mapping to a cell, S10 Fig in the Supporting
Information document color codes by variance. S10 Fig shows lower variance for the four identified structural states/basins; this is expected, as SIfTER is a stochastic optimization algorithm
that explores lower-energy regions in greater structural detail.

Detailed Look Into Conformations Representative of Captured Basins
The structural states corresponding to each of the 4 basins recovered by SIfTER for WT H-Ras
are shown in Fig 6 (top panel). 4 conformations representing each of these 4 basins are superimposed over one another. Superimposition of these conformations allows visualizing the
slight structural changes associated with the four different structural states found by SIfTER.
Another visualization of each of the four structural states corresponding to the four basins
is provided in Fig 6 (bottom panel), which now shows these states not only for WT H-Ras but
the other two variants, as well. Crystallographic structures mapping to the four basins are also
shown for reference.
Fig 6 demonstrates that conformations taken from the same region in the landscape, regardless of which sequence, have the same conformational topology. In addition, crystallographic
structures mapping to the same region (shown in red) also have very similar topology. In addition, Fig 6 shows that the G12V mutation is very close to the binding site for the ligand. This
supports the conclusion that the G12V mutation derives some of its oncogenic properties due
to the mutation interacting with the ligand. On the other hand, the Q61L mutation is located
much further away from the binding site, but position 61 is part of the SII region. As we have
shown previously, this is the region of H-Ras that undergoes the largest conformational change
between the GTP- and GDP-bound states. Taken together, these observations support the
argument that the Q61L mutation has major effects on the stability of H-Ras by effectively rendering the GDP-bound state inaccessible.

Discussion
The energy landscapes obtained by SIfTER offer the most comprehensive energetic analysis of
H-Ras thus far available. For the first time, energy landscapes have now been reported for the
WT and two oncogenic variants of H-Ras. The energy landscapes connect individual

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004470 July 20, 1969

14 / 26

Mapping the H-Ras Conformation Space with an Evolutionary Algorithm

Fig 6. Structural States Corresponding to SIfTER-obtained Basins. Top panel: A representative
conformation is drawn from each of the four basins obtained for the WT H-Ras by SIfTER. Different colors are
used to distinguish conformations and see the breadth of the structural change captured by the four basins
corresponding to the stable and semi-stable states. Yellow corresponds to the Conf2 basin, purple to the
Conf1 basin, green to the Off basin, and blue to the On basin. Conformations are drawn in ribbon
representation. The GTP/GDP ligand is also shown, drawn in a ball-and-stick representation. Bottom panel:
Conformations representative of a given basin in each of the three sequences are superimposed and drawn
in gray. A crystallographic structure projecting to each of the four basins is also drawn (in red). Conformations
are drawn in ribbon representation. The side chain of V12 is drawn in purple and that of L61 in yellow in balland-stick representation. The GTP/GDP ligand is also drawn in ball-and-stick representation. Pymol [44] is
used for rendering.
doi:10.1371/journal.pcbi.1004470.g006
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experimentally-known conformations to their relative energies in the global scale. Most importantly, some of these conformations are located on the energy barrier connecting active and
inactive conformations, thus providing important insight into Ras function and dynamics. In
addition, semi-stable structural states (corresponding to the Conf1 and Conf2 basins) are
revealed for WT H-Ras. Mechanistic insight is obtained for a possible Conf1-mediated transition between the On and Off states. Juxtaposition of the energy landscapes reveals a thermodynamic argument for changes to function in the two oncogenic variants G12V and Q61L.
Computed energy landscapes are potential energy landscapes without entropic effects.
However, entropic effects are implied visible in the width of the discovered basins. Regarding
entropic effects, flexible structures in shallow basins should have higher entropy and so can be
further stabilized. Deep basins separated by high energy barriers may have unfavorable entropic effects. For instance, the Q61L mutation causes a higher-energy barrier between different
conformational states and rigidifies H-Ras, which also has entropic implications.
It is also worth noting that what we have studied here is the “intrinsic” energy landscape
without the effects of the GTP/GDP nucleotides. When GTP/GDP bind to Ras, the relative
energies in the energy landscape change; the gamma phosphate of GTP can further stabilize
the closed GTP conformation. The essence of the conformation selection and population theory is that these conformations pre-exist prior to the ligand (GTP/GDP) binding, which is
what we reveal in this paper.
Application of SIfTER to the G12V H-Ras variant reveals that the G12V mutation has a
small effect on the energy landscape. Analysis of the landscape and location of the mutation
relative to the GTP/GDP binding site suggest that the oncogenic properties of this mutation
may result from a combination of altered protein stability and changed binding specificity. The
Q61L mutation has a more profound effect, essentially rigidifying H-Ras to the GTP-bound
state. Mutation-induced structural changes, such as the rigidification of the Q61L variant, affect
the intrinsic GTP hydrolysis activity in H-Ras and gives rise to aberrant function in this oncogenic variant, which may be sufficient to interfere with the intrinsic regulation of downstream
signaling.
The identification of specific conformations associated with distinct stable and semi-stable
structural states in WT H-Ras and variants supports wet-laboratory efforts on selectively interfering with misfunctions in oncogenic variants [51]. Findings on the two variants studied here
are important in understanding how mutations in Ras affect function and can be further
applied to predict the effect of mutations that remain unclassified. Ras mutations vary in their
oncogenicity, and the reason is not understood. Sampling variant-preferred conformational
states may help in elucidating this challenging goal and is the subject of future studies in our
labs. There are differences among Ras isoforms, as well, and future studies can focus on isoforms other than H-Ras.
We believe that the results presented in this paper have both confirmed experimental and
computational knowledge on H-Ras, as well as advanced knowledge through novel findings. For
the first time, energy landscapes have now been reported for the WT and two oncogenic variants
of H-Ras. In addition, novel functional conformations have been reported. These novel findings
are crucial to advance our understanding of H-Ras and facilitate other structure-driven studies
in the wet or dry laboratories. For this reason, in addition to the implementation of SIfTER,
which is available at http://www.cs.gmu.edu/~ashehu/?q=OurTools, all the data obtained and
reported in this paper are available to researchers upon demand.
From a methodological point of view, the use of PCA in SIfTER is an effective means to
reduce the search space and focus computational resources on structural fluctuations that have
been captured in the wet laboratory. However, it also presents challenges that may limit its
application. Sufficient experimental structures need to be deposited so dimensionality
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reduction techniques can be employed. It is also hard to draw general rules of thumb on how
many structures and other considerations for application of PCA and credibility of the motions
captured by its PCs. Investigation of these needs to be conducted on a case by case basis. For
instance, an analysis along the lines of what we detail in the Supporting Information can be
conducted to identify and exclude outlier structures whose inclusion would bias the PCArevealed modes of motion away from those demonstrated to have functional implications in
the wet laboratory. In addition, other techniques can be employed to extract concerted motions
from one structure at a time.
It is worth noting that non-linear dimensionality techniques may possibly reveal even
lower-dimensional search spaces than PCA, which is a linear dimensionality reduction technique, but they must allow conformational search algorithms direct sampling in the reduced
space, which PCA directly provides. However, the reduced search space obtained via PCA here
is sequence-independent and therefore can be explored to search for stable and semi-stable
structural states of a given protein, which makes SIfTER a general algorithm.
Direct integration of more physics-based energy functions may provide more accurate representations of the energy landscapes computed by SIfTER. However, at this moment, physicsbased engines largely limit interactions via scripts; in particular, there is no side-chain packing
functionality in AMBER as opposed to a simple-to-use interface in Rosetta that can be integrated in external codes. For these reasons, the analysis in this paper on AMBER landscapes is
based on short post-processing of SIfTER-obtained functional conformations.

Materials and Methods
SIfTER is a population-based, memetic, cellular evolutionary algorithm (EA), which refers to a
specific class of stochastic optimization algorithms with high sampling capability. Its conformational search starts with an initial population of P individuals or samples. The population is
evolved over a fixed number N of generations towards individuals of high fitness. As such,
SIfTER is a population-based EA. The initial population is seeded with known crystallographic
structures of WT and variant sequences of a protein under investigation. These structures are
first reduced to their CA-trace, extracting only the coordinates of their CA atoms, and then
threaded onto the sequence of interest for which SIfTER seeks to sample the energy landscape.
A dimensionality reduction technique is employed to obtain projections of these traces in a
lower-dimensional space. These projections seed the initial population.
The axes revealed by the dimensionality reduction technique also define the reduced search
space from which SIfTER draws samples in the subsequent generations. An asexual reproduction operator is used for this purpose. The operator essentially perturbs a parent in a randomly
drawn vector in the reduced search space, thus obtaining a new sample or offspring.
Since offspring are essentially points in some low-dimensional search space, their energetic
quality cannot be directly determined. Each offspring needs to be mapped to a conformation,
whose energy can then be measured through some energy function. Therefore, each offspring
is lifted from the reduced search space to the all-atom conformation space of the sequence
under investigation. This is achieved through a multiscale technique, which first recovers the
CA trace for the offspring, then reconstructs the backbone over the CA trace, and finally packs
side chains onto the reconstructed backbone. The latter makes use of an energetic minimization technique in order to map an offspring to a nearby conformation residing in a local minimum of the all-atom energy surface. This entire process, which essentially improves the
energetic quality of an offspring and also allows estimating its fitness, is also known as a local
improvement operator. The employment of a local improvement operator makes SIfTER a
memetic EA.
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The reproductive and improvement operators result in N offspring. Only N individuals out
of the N parents and their N offspring can survive to serve as parents in the next generation.
Survival is based on the fitness of an individual, which is measured here using the Rosetta
score12 (all-atom) value of the conformation corresponding to an individual. Lower energies
are considered higher fitness. SIfTER is based on an overlapping evolutionary model, where
offspring compete with parents for survival. A selection operator pitches offspring only against
parents and not against one another.
To avoid premature convergence to a few local minima, a known issue with stochastic optimization and which we have observed during our design of SIfTER, a local/decentralized selection operator is employed. The operator improves the likelihood that structurally-diverse
offspring will survive and be selected to seed the next generation. Competition among offspring
and parents is limited. Offspring compete with structurally-similar parents. Similarity is efficiently determined in the reduced space. The employment of a local selection operator makes
SIfTER a cellular EA.
Details and analysis on each of the algorithmic components in SIfTERnow follow.

Data Collection and Preparation
On the specific application of SIfTER on H-Ras, the PDB is queried for any structures of
H-Ras. Only crystallographic structures are considered in order to reduce biasing the
dimensionality reduction technique with small structural fluctuations present in NMR ensembles. The WT sequence of 166 amino acids of the H-Ras catalytic domain is obtained from the
UniProt [17]. This sequence is used as reference to define the maximum sequence length. Out
of all collected structures, only those corresponding to variant sequences with no more than 3
mutations over the WT are retained. Any structures with missing internal fragments are
excluded.
Specifically, 86 structures fitting these criteria are identified and collected (PDB ids are listed
in S1 Table in the Supporting Information). 46 of these structures, which represent the state of
the PDB for H-Ras by 2009, have been used previously by McCammon and colleagues to analyze the essential modes of motion in H-Ras [25]. We decide to only allow SIfTER to exploit
these same 46 structures, leaving the other 40 added to the PDB after 2009 to validate several
results obtained by SIfTER (PDB ids are listed in S1 Table in the Supporting Information).
Our premise is to treat these 46 structures as known representatives of stable or semi-stable
structural states in any sequence of H-Ras, whether WT or variant. SIfTER does so by threading CA traces of these structures onto a sequence of interest. The traces are subjected to the
dimensionality reduction technique described next to define the reduced search space. They
are also employed to seed the initial population.

Defining the Reduced Search Space for SIfTER
Like McCammon and colleagues [25], we also employ PCA [52] as our dimensionality reduction technique. However, while McCammon and colleagues employed PCA mainly to visualize
a collection of H-Ras structures on a two-dimensional map, SIfTER makes use of PCA to define
its reduced search space for sampling novel conformations.
PCA finds orthogonal axes (Principal Components—PCs) in order of preserving variance.
We subject PCA to the 46 CA traces in order to define the reduced search space. To ensure that
the PCA results are not capturing rotational or translational differences but instead internal
structural fluctuations, the CA traces are aligned to some reference trace (we use arbitrarily the
first one) using the optimal superimposition process typically employed when identifying least
root-mean-squared-deviation (lRMSD) between two structures [45]. Subsequent to the
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alignment, an average trace AT is computed and subtracted from all the traces. The resulting
centered matrix X is subjected to the dgesvd routine in LAPACK [53] in order to obtain a singular value decomposition X = U  S  VT. The new axes or PCs are the rows of the U matrix,
and the singular values, which are the square roots of the eigenvalues corresponding to the
PCs, are the diagonal entries of the S matrix. The PCs are ordered from largest to smallest corresponding eigenvalue; an eigenvalue measures the variance captured by the corresponding PC
if the data (traces aligned and centered) are projected onto it.
An aligned CA trace (CT), even if not included in the PCA, can be readily projected onto
the space of extracted PCs. Its projection RS can be obtained using the equation RS = (CT −
AT)  U. Conversely, an aligned CA trace CT can be recovered from a projection RS by the following equation CT = RS  UT + AT. These two equations are important for SIfTER to have the
sample drawing and the multiscale procedure interface with each-other seamlessly. When a
sample/offspring is generated, its CA trace can be recovered via the second equation. When the
multiscale procedure is applied on a CA trace and an all-atom conformation is obtained, its
projection back onto the reduced search space can be obtained via the first equation. Projecting
all-atom conformations back onto the reduced space is necessary, as the multiscale procedure
may slightly modify the CA trace in order to accommodate side chains for an overall lower allatom energy.

Determination of Effectiveness of PCA for H-Ras
Analysis of eigenvalues allows determining whether PCA is effective, which is not guaranteed if
the data lie on a non-linear space. As originally demonstrated by McCammon and colleagues
[25] and also by us here, more than 90% of the variance can be captured with no more than 10
PCs; that is, if the traces are instead represented by their projections on 10 axes. The top two
PCs capture more than 50% of the cumulative variance (as related in Fig 1 in the Results section). The detailed analysis of the motions captured by the PCs in the Results section allows
concluding that PCA is effective for H-Ras, and that the PCs can be employed as axes of a
reduced search space to search for novel functional conformations of a given sequence of
H-Ras.

Determination of Dimensionality of Reduced Search Space
The fact that PCA is effective means that SIfTER can operate not in the full space of 166 × 3
dimensions but instead on a lower-dimensional space of d PCs of corresponding highest eigenvalues. This effectively allows SIfTER to represent an individual in its search by only d collective coordinates, but determining an effective value for d is critical. In S1 Text in the
Supporting Information we outline a procedure for doing so by employing the additional 40
structures/traces not subjected to the PCA. Analysis of data obtained from the procedure
(shown in S2 Fig in the Supporting Information) suggests d = 10 for the dimensionality of the
search space. SIfTER directly generates 10-dimensional samples in the space of the top ten PCs
revealed by the PCA; that is, each individual is represented by only 10 variables that are projections on the top 10 PCs.

Asexual Reproduction Operator over Reduced Representation in
SIfTER
The reproductive operator perturbs each parent, one at a time, in a randomly-drawn vector in
the d-dimensional search space to obtain an offspring for each parent. A maximum step size
smax (set to 1 here) is first defined. For each of the d PC coordinates of the parent, a step size si
is sampled uniformly in [−smax, +smax] and then scaled according to the ratio of variance
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VarðPCi Þ
captured by the corresponding PCi such that si;scaled ¼ si  VarðPC
. Since the PC dimensions are
1Þ

ordered according to the variance they capture (highest to lowest), scaling the step size in each
dimension in this way ensures that larger perturbations will be carried out along the PCs/
dimensions that capture more of the variance. This essentially preserves the shape of the search
space as suggested by the crystallographic structures. After the step size for each dimension is
determined in this way, the corresponding coordinate PCi,offspring for the offspring is obtained
by PCi,offspring = PCi,parent+si,scaled.

Local Improvement Operator in SIfTER
Each offspring obtained by the reproductive operator is subjected to a local improvement operator. The process begins with recovering the CA trace corresponding to the d-dimensional
representation of an offspring, as detailed above. A backbone is then reconstructed from the
CA trace using BBQ [54], which is one of the top backbone reconstruction protocols. Our decision to employ BBQ over other similar protocols is due to the reported ability of BBQ to faithfully restore backbones [54]. Once the backbone is built from a CA trace, side chains are then
packed onto the reconstructed backbone via the Rosetta relax protocol [55]. The protocol is
employed to obtain an all-atom conformation corresponding to the offspring drawn by the
reproductive operator in the reduced search space. In addition to adding side chains, the relax
protocol conducts a Monte-Carlo based energetic minimization of the all-atom conformation
to obtain an all-atom conformation representing a local minimum in the all-atom energy landscape. While there are currently many side-chain packing protocols, the one in the Rosetta software package employs a sophisticated all-atom energy function as opposed to simple functions
focusing mainly on Lennard-Jones and electrostatic interactions. In addition, the protocol is
efficient and implemented in an object-oriented programming language, which allows efficient
interfacing with our implementation of SIfTER and maintaining the computational demands
of the algorithm low. Analysis on the effectiveness of the local improvement operator is provided in Supporting Information in S3 and S4 Figs.
The ability to integrate Rosetta functionality in SIfTER is one of the main reasons for choosing Rosetta as opposed to physics-based simulation platforms to evaluate and energeticallyrefine conformations. The latter require scripting, which results in computationally impractical
time demands for an algorithm that essentially generates N × P all-atom conformations. It is
also important to note that there is currently no side-chain packing functionality in AMBER;
that is, to pack side chains onto backbone structures, one needs to rely on other packages. This
is a central reason why we use Rosetta in this paper. However, we do address the generality of
the obtained Rosetta score12 landscapes by further subjecting all generated conformations to
short energetic minimizations in AMBER. The minimization protocol uses the Amber ff12SB
force field and sander to conduct 500 steps of steepest descent followed by 500 steps of conjugate gradient descent (maxcyc = 1000, ncyc = 500). Nonbonded interactions beyond 10Å are
cutoff (cutoff = 10). The generalized Born solvation model is used (igb = 1). All our conclusions
regarding changes that mutations introduce to the H-Ras WT energy landscape are made by
studying common features between the Rosetta score12 and the AMBER ff12SB landscapes.

Local Selection Operator in SIfTER
Due to the employment of the Rosetta relax protocol in the local improvement operator, the
fitness value that the selection operator in SIfTER uses to evaluate and compare individuals is
the all-atom Rosetta score12 energy. Given two individuals under comparison, the one with the
highest fitness (lowest score12 value) survives. Instead of a global or central selection operator,
SIfTER employs a local or decentralized one. A global selection operator combines all
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Noffspring and N parents in a generation prior to determining which N should survive based
on fitness. The danger with such an operator is that offspring have a hard time competing with
parents. Therefore, the entire algorithm risks being taken over very quickly by a few currently
fittest individuals, essentially prematurely converging to a few local minima.
Since the goal in SIfTER is high sampling capability so as not to miss important functional
conformations), a local selection operator is employed to improve the likelihood that offspring
survive. This is accomplished through what is known as a crowding model [56], where essentially offspring compete with a limited subset of parents. The idea is to have an offspring compete mainly with structurally-similar parents. Structural similarity is determined quickly and
coarsely over a 2-dimensional representation of individuals; essentially, only the first two coordinates (top two PCs) are used, so that a simple 2-dimensional grid can be imposed over
parents and offspring. Individuals in the same or nearby cells are considered structurally-similar. If there are no parents nearby, an offspring competes with all parents. The concept of a
neighborhood is illustrated in the Supporting Information in the top panel of S6 Fig.
A detailed analysis is conducted to determine an effective neighborhood size C, also detailed
in the Supporting Information. The analysis suggests employing a value of 25, which is what is
used to obtain the data reported and analyzed in this paper (the analysis provided in the Supporting Information in the bottom panel of S6 Fig also shows that convergence is reached by
generation 50, suggesting that any number of generations no smaller than this value is sufficient to allow SIfTER to explore the breadth of the conformation space.)

Initial Population
The 46 crystallographic structures used to define its d-dimensional search space seed the initial
population. Their projections are the first set of individuals added to the initial population. To
associate fitness values with these individuals, each of them is subjected to the local improvement operator. Moreover, SIfTER uses a much larger population size P = 500. The size of the
population is an important decision, as a small population risks premature convergence,
whereas a larger one increases the computational demands of an EA. Typically, population
sizes in the hundreds are currently advised for application of EAs on medium-size proteins (cf.
to Review in Ref. [31]). Analysis of applications of SIfTER with smaller population sizes (data
not shown) have led us to P = 500 as a compromise between obtaining a broad view of the conformation space while controlling the computational demands of the algorithm to a few days
on one CPU.
To increase the size of the initial population from 46 employed crystallographic structures
to 500, more individuals need to be generated. P is continually doubled by subjecting all current
individuals to the reproductive and local improvement operator before being added back into
the population. This continues until doubling again would cause the population to exceed
P = 500. The population is then filled to the desire size by continuing to randomly select an
individual to generate another offspring, which is added to the population.

Implementation Details
The algorithm is implemented in C/C++ and run on a 16 core red hat linux box with 3.2GhZ
HT Xeon CPU and 8GB RAM. Population size P is set to 500, and SIfTER is run for N = 100
generations. The analysis summarized in the Supporting Information (bottom panel of S6 Fig)
indicates that this number of generations is sufficient to allow SIfTER to converge; indeed, convergence is observed around generation 50. The reproductive operator uses a maximum step
size of 1. The local selection operator uses neighborhood C25, and cell widths of 1. Total run
time for application of SIfTER on a given Ras sequence is approximately 72 hours on 16 CPUs
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(16 processes are used to alleviate the computation burden of the Rosetta relax protocol
employed when improving offspring). Finally, it is worth noting that the results shown in this
paper are not exploiting particular runs of SIfTER. Instead, the algorithm is run many times,
and comparison of energy landscapes and convergence across the different runs (data shown
in Supporting Information in S7 Fig) allow us to conclude that the results presented here are
representative of the capabilities of the algorithm and reproducible.

Supporting Information
S1 Text. Supporting Information Text. The text first lists all abbreviations used in the manuscript and then provides further details on preparation of data subjected to PCA, determination
of the dimensionality of the search space explored by SIfTER, effectiveness of the local improvement operator, determination of the neighborhood parameter in the local selection operator,
and analysis on the robustness of SIfTER, added value of populations, and energetic variance.
(PDF)
S1 Table. List of PDB Ids of Crystallographic Structures. The list of PDB ids corresponding
to crystallographic structures extracted from the PDB for H-Ras (WT and variants) is shown.
Structures used by the PCA are labeled either GTP or GDP. Structures withheld from the PCA
but used for validation are labeled Validation.
(PDF)
S2 Table. Structures Deemed Outliers. PDB ids of 5 crystallographic structures deemed outliers are listed here, together with information on the papers introducing them to show the two
labs contributing them to the PDB.
(PDF)
S1 Fig. Visualization of Outlier Structures. The 5 crystallographic structures deemed outliers
are shown here in red (PDB ids 4EFM, 4EFL, 4EFN, 3KKN) and orange (PDB id 1BKD),
superimposed over a representative structure (drawn in green). The SI and SII regions are
denoted.
(TIFF)
S2 Fig. RMSDs between Original and d-reconstructed CA traces. Distributions of RMSDs
between original, CT, and d-reconstructed CA traces, CTd, are shown here for d 2 {5, 7, 10}.
The analysis is over all 86 crystallographic structures collected for H-Ras, including the 40
structures withheld from PCA.
(TIFF)
S3 Fig. RMSD Deviations from Multiscale Procedure and Relaxation. What is shown here is
the distortion in backbone RMSD resulting from projecting a crystallographic structure into
the PC space, rebuilding the CA trace using 10 PCs, rebuilding the backbone using BBQ, and
finally adding back the side chains and doing a short minimization with the Rosetta relax protocol.
(TIFF)
S4 Fig. Deviations from Multiscale Procedure and Relaxation in Reduced Space. Magnitude
and direction along which the Rosetta energy function wants to move crystallographic structures in the score12 all-atom landscape are shown here. The process is repeated for each
sequence of H-Ras considered here, with the WT shown in the top panel, G12V in the middle
panel, and Q61L in the bottom panel.
(TIFF)
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S5 Fig. Deviation from Amber Minimization. Change due to Amber minimization protocol
is shown here for all functional conformations obtained by SIfTER for WT H-Ras in terms of
CA RMSD.
(TIFF)
S6 Fig. Role of Neighborhood Size on Population Diversity. Top panel: The C1 (left), C9
(middle), and C25 (right) neighborhoods are illustrated here. The cell populated by the offspring
is drawn in red. Cells in green are additional neighboring cells considered by the local selection
operator when increasing the C parameter. Bottom panel: The structural diversity of the population in each generation is tracked across 100 generations. This is done for five settings of C in the
local selection operator: C1, C9, C25, C49, and C1. The latter corresponds to global selection.
(TIFF)
S7 Fig. Comparison of Landscapes and Energies Obtained from Different Runs of SIfTER.
Top panel: Three landscapes are shown here for H-Ras WT obtained from three different runs
of SIfTER Bottom panel: Distributions of energies obtained on the H-Ras WT from three different runs of SIfTER are superimposed over one another.
(TIFF)
S8 Fig. Additional Populations. The energy landscape associated with functional conformations generated by SIfTER for WT H-Ras is shown here, together with the conformations of
the initial population. The latter are color-coded according to their energetic difference from
the lowest-energy conformation among the functional conformations. It can be seen that additional populations in SIfTER are needed to fill in regions of the conformation space (and associated energy landscape) not covered by either the crystallographic structures or the additional
ones obtained by perturbing them in the initial population.
(TIFF)
S9 Fig. Energy Landscapes Along PC3. Projections are shown along PC3, as well, for each of
the three sequences. The color-coding is as described in the manuscript. The states are labeled
to the extent that they are visible along PC3.
(TIFF)
S10 Fig. Energetic Variance Analysis. The variance of the energy values behind each cell in the
grid imposed over PC1 and PC2 for visualization of the energy landscapes is shown here as follows: instead of color-coding each cell according to the median value over energies of conformations mapping to it, the variance is used instead. This is done for each of the three sequences.
(TIFF)
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