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Abstract-Characterization of transition trajectories that
take a protein between different functional states is an im
portant yet challenging problem in computational biology.
Approaches based on Molecular Dynamics can obtain the
most detailed and accurate information but at considerable
computational cost. To address the cost, sampling-based path
planning methods adapted from robotics forego protein dynam
ics and seek instead conformational paths, operating under the
assumption that dynamics can be incorporated later to trans
form paths to transition trajectories. Existing methods focus
either on short peptides or large proteins; on the latter, coarse
representations simplify the search space. Here we present a
robotics-inspired tree-based method to sample conformational
paths that connect known structural states of small- to medium
size proteins. We address the dimensionality of the search space
using molecular fragment replacement to efficiently obtain
physically-realistic conformations. The method grows a tree
in conformational space rooted at a given conformation and
biases the growth of the tree to steer it to a given goal
conformation. Different bias schemes are investigated for their
efficacy. Experiments on proteins up to 214 amino acids long
with known functionally-relevant states more than 13A apart
show that the method effectively obtains conformational paths
connecting significantly different structural states.

Keywords-protein conformational transitions; diverse func
tional states; transition trajectories; conformational paths;
tree-based stochastic search

I. INTRODUCTION

Protein molecules often modulate their biological function
by undergoing conformational changes that allow them to
transition between different functional states [1]. Exper
imental techniques, such as X-ray crystallography, have
caught some of these multi-functional proteins in the act.
Significantly different X-ray structures are now available for
many proteins in the Protein Data Bank [2].

While experimental techniques can resolve structures
relevant for function, they are not able to elucidate the
detailed transition in terms of intermediate conformations.
Computational techniques are in principle able to explore
the protein energy surface in search of transition trajectories.
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However, computing these trajectories is challenging [3].
Transition trajectories can connect structural states more
than 100A apart. This length scale is up to 2 orders of
magnitude larger than a typical interatomic distance of 2A.
Transitions can demand even larger {Ls-ms time scales, which
is 6-12 orders of magnitude larger than typical atomic
oscillations of the fs-ps timescale.

Given these scales, it is not surprising to draw analogies
between computing transition trajectories and folding, where
the starting conformation represents an unfolded rather than
an alternative functional state. Due to analogies with folding,
typical exploration methods based on Molecular Dynamics
(MD) and Monte Carlo [4] can be used to compute transition
trajectories. In particular, targeted, steered, and biased MD
approaches bias the MD exploration towards the goal [5].

MD-based approaches take into account protein dynamics
and so provide detailed information into the time scales asso
ciated with conformational changes in a transition trajectory.
Given the length and time scales involved, these approaches
can be computationally demanding. Long simulation times
may be needed for a transition trajectory to go over energy
barriers related with transient intermediate states. It is very
costly to navigate the protein energy surface in search of
transition trajectories with MD-based approaches [5].

Many methods enhance MD sampling to improve effi
ciency. They often do so by incorporating bias at the ex
pense of obtaining possibly different transition trajectories.
Methods include umbrella sampling, replica exchange, local
flattening of the energy surface, activation relaxation, confor
mational flooding, and others [6]-[11]. Efficiency concerns
are also addressed through coarse graining and techniques
based on normal mode analysis and elastic network model
ing [12], [13], [13]-[20]. Some methods focus on deforming
a trivial conformational path (obtained, for instance, through
morphing) to improve its energy profile. Examples include
the nudged elastic band, morphing, zero-temperature string,
and finite-temperature string methods [21]-[26].



A different class of methods addresses efficiency concerns
by adapting sampling-based search algorithms developed
for the robot motion-planning problem. The objective is
to obtain trajectories that take a robot from a start to a
goal configuration. Methods building over the Probabilistic
Roadmap (PRM) framework [27], [28] have exploited analo
gies between robot articulated chains and protein chains
to fold small proteins [29], [30]. Methods based on tree
based planners, such as Rapidly-exploring Random Tree
(RRT) [31], Expansive Spaces Tree (EST) [32], and Path
directed Subdivision Tree (PDST) [33] have been proposed
to model conformational changes and flexibility, predict the
native structure, and even compute conformational paths
connecting given structural states in proteins [34]-[39].

In particular, the T-RRT [38] and PDST [39] methods
have focused on the problem of computing conformational
changes connecting two given structures. Due to removal of
dynamics, the contribution of these methods is not in produc
ing transition trajectories but rather a sequence of conforma
tions (a conformational path) with a credible energy profile.
The working assumption is that credible conformational
paths can be locally deformed with techniques that consider
dynamics to obtain transition trajectories. While T-RRT has
been shown to connect known low-energy states of the diala
nine peptide (2 amino acids long) [38], the PDST method has
been shown to produce credible information on the order of
conformational changes connecting functional states of large
proteins (200-500 amino acids long) [39]. Both methods
control the dimensionality of the conformational space by
either focusing on systems with very few amino acids [38]
or by employing very coarse-grained representations to limit
the number of modeled parameters in large proteins [39].

In this paper we propose a robotics-inspired tree-based
probabilistic search method to sample conformational paths
connecting two given structural states of small- to medium
size proteins. These systems range in size from a few dozen
to a few hundred amino acids (214 amino acids in the largest
system studied in this paper). Instead of employing very
coarse-grained representations to simplify the search space,
the proposed method models all backbone dihedral angles.
The size of the search space is controlled, however, through
the molecular fragment replacement technique, which allows
efficiently obtaining physically-realistic protein conforma
tions by essentially bundling together backbone dihedral
angles and sampling physically-realistic moves for them.

The method grows a tree rooted at a given start confor
mation in iterations. At each iteration, a conformation is
selected for expansion. The expansion employs molecular
fragment replacement and the Metropolis criterion to bias
the tree towards low-energy conformations over time. Due
the employment of expansions and discretization layers to
make decisions on how and where to grow the tree, the
method can be considered an adaptation of EST and grid
based methods in robotics [28].
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Since the objective is to steer the tree towards the
given goal conformation, we experiment with different bias
schemes both in the selection and expansion procedures. A
discretization layer organizes conformations in the tree in
levels based on their proximity to the goal. A probability
distribution is defined through weighting functions over
the levels in order to bias the selection to conformations
close to the goal. Different weighting functions are analyzed
here for trade-off between efficiency in reaching the goal
and premature convergence to local optima. A randomized
strategy is also proposed that shifts between different bias
strengths during selection. Biasing the expansion of the tree
is also considered, by only adding to the tree conformations
that improve the proximity to the goal over the parent.

Experiments are conducted on systems ranging in size
from a few dozen to a few hundred amino acids. Our study
in this paper focuses on three well-characterized systems,
Trp-Cage, calmodulin (CaM), and adenylate kinase (AdK).
The results show that the method is effective in elucidating
conformational paths on these systems. Due to the Metropo
lis criterion and a state-of-the-art energy function, the paths
also have credible energy profiles.

A tree elucidates only one path, unless a tolerance region
is defined around the goal structure, as we do here. While
roadmap-based methods can in principle highlight many
paths, they suffer from the steering problem (finding moves
to connect neighboring conformations). To an extent, this
problem also arises in RRT-based methods. This is one of the
reasons we pursue an EST-based method in this work, where
the tree pushes out in conformational space by expanding
selected conformations. As is common practice [38], [39],
multiple executions can be used to obtain different paths. We
emphasize that these paths are not transition trajectories. The
conformations in them can be considered milestones during
deformations of these paths into transition trajectories.

The proposed method makes an important contribution to
the problem of computing conformational paths connecting
two given states of a protein. Sampling values for individual
dihedral angles is not feasible on proteins more than a few
amino acids to search the space connecting states sometimes
more than 13A apart. On the other hand, the work described
here makes the case that one does not have to resort to
very coarse-grained representations to limit the number of
modeled parameters. Instead, parameters can be bundled and
credible moves, extracted from known low-energy structures
of proteins, can be proposed for a series of consecutive
angles in order to efficiently obtain physically-realistic inter
mediate conformations. This paper shows a proof of concept
of the proposed approach. As we discuss in section IV, the
method proposed here opens up new lines of investigation.
The results in section III suggest that work in this direction
is very promising to obtain credible conformational paths
connecting diverse functional states of a protein. We now
proceed in section II with details on the proposed method.



II. METHODS

A. Problem Statement

The input to the method are two PDB-obtained structures
(start and goal) corresponding to functional states. The
output consists of conformational paths. A path is a series of
conformations terminating within some threshold distance of
the goal. We use a semi-metric, least Root-Mean-Squared
Deviation (IRMSD), which measures structural dissimilarity
between two conformations. IRMSD measures the weighted
Euclidean distance between corresponding atoms in two
aligned conformations (alignment minimizes distances due
to rigid-body transformations). Low values indicate high
similarity, but interpretation is difficult for values > 6A.
The energetic difference between conformations in a path is
limited through the Metropolis criterion which employs an
effective temperature to control the height of energetic barri
ers that can be crossed by a path (detailed below). Different
executions of the method result in different paths, which can
then be analyzed through clustering and other techniques to
determine, for instance, highly-populated intermediates.

B. Main Algorithmic Components of Proposed Search

The method grows a tree in conformational space, rooted
at a given start conformation. The tree grows in iterations,
at each iteration selecting a conformation and expanding it.
The selection determines where the tree grows. Our selection
procedure employs a discretization layer. Conformations in
the tree are projected on a I-dimensional grid discretizing
their IRMSDs to the goal. Grid boundaries are set at [0, D],
where D is the IRMSD between the start and goal. Confor
mations with IRMSD higher than D to the goal are mapped
to the D level. Levels in the grid are separated by IA here.

The grid discretizes the explored conformational space
and allows biasing the growth of the tree towards the goal.
While IRMSD is an imperfect measure, its employment as
a progress coordinate has some precedent in biophysical
studies that detect conformational transitions in CaM [12].
Below we discuss additional progress coordinates. Using
IRMSD, we investigate different bias schemes, as a strong
bias towards selecting low-IRMSD conformations may per
form well in a small system or in a particular run due to
the probabilistic nature of the method and quickly drive the
tree towards the goal. However, a strong bias may also lead
to premature convergence to local optima and prevent the
tree from approaching the goal. This is the classic depth vs.
breadth issue that characterizes greedy exploration.

Different bias schemes can be naturally defined through
weighting functions over levels of the grid. A quadratic
function, referred to as QUAD, can be defined to associate a
weight w(l) = 1/[1 + l2] + E, with level l in the grid. The
function biases the selection towards levels with low IRMSD
to the goal, and E is set to a small value to ensure that higher
IRMSD conformations can be selected if the method is given
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enough time. Another weighting function, LINEAR, defined
as w(l) = 1/[1 + l] + E, reduces the bias. UNIFORM re
moves bias entirely, as in w(l) = I/[#levels]. A probability
distribution function then associates probability of selection
p(l) = w(l)/[L:levelsl' w(z')] with a levell. Once a levell is
selected with probability p(l), any conformation that maps
to it is selected with equal probability for expansion.

We also provide the first steps towards a dynamic combi
nation of different bias schemes. We compare the three basic
bias schemes above in COMBINEgO-10, which p = 90% of
the time grows the tree with no selection bias (effectively
employing UNIFORM), and I-p = 10% of the time employs
QUAD. The value of p can be adaptively set in a reactive
scheme to balance between tree depth and breadth, and this
is a direction we will investigate in future work.

The expansion procedure employs the molecular fragment
replacement technique. A move sampled from a library
of physically-realistic moves is proposed to modify the
conformation selected for expansion. The modification is ac
cepted according to the Metropolis criterion with probability
e -oEIKET. 5E is the energy difference between the resulting
conformation and its parent, and K B is the Boltzmann
constant. T is an effective temperature that serves as a
scaling parameter through which to control the height of
an energy barrier crossed by the child conformation. In the
study presented here, we employ a fixed temperature that
accepts a 10 kcallmol energy increase with probability 0.1.

Section III shows that this temperature is effective, but
connectivity in more complex systems, such as AdK, can
benefit from the ability to cross higher-energy barriers.
Reactive schemes that change the temperature as needed to
make progress, introduced in [38] for the dialanine peptide
system, present an interesting direction to further enhance
the exploration of the method we propose here.

In addition to the global bias schemes described above in
the context of selection, we investigate a local bias in the
context of the expansion to grow the tree with conformations
that improve proximity to the goal. Essentially, moves are
proposed until m conformations are obtained that all meet
the Metropolis criterion. The conformation with the lowest
IRMSD to the goal is considered for addition to the tree. Two
different schemes are analyzed in this paper, one in which
the lowest-IRMSD child is added to the tree, and another
where the addition is only carried out if the child's IRMSD
to the goal is no higher than that of the parent.

A tolerance region of 3-4A around the goal allows
defining a goal region and essentially obtaining many paths
from one execution of the method. To some extent, the
paths can be redundant, as the tree may waste time sampling
similar conformations. An additional discretization layer can
be defined over conformations in the tree, using shape- or
contact-summarizing features (which we have previously
studied for their ability to organize conformations [36],
[37], [40]) to represent and project conformations. Here we



investigate one such projection. In addition to the 1d IRMSD
grid described above, The 3 USR-based shape-summarizing
features employed in [36] are used to associate a 3d grid
with the tree. A second weighting function can be defined
to bias the tree away from similar conformations (essentially,
cells with many conformations and that have been selected
many times before are penalized with higher weights). A
preliminary investigation of this additional discretization
shows that this forces the tree to find diverse paths. In one
extreme instance shown in section III, insisting on diversity
allows finding alternative paths that come closer to the goal.

The tree-based method summarized above employs a
specific representation of a protein chain, a state-of-the-art
coarse-grained energy function capable of interfacing with
this representation, and the molecular fragment replacement
technique. We now describe each in detail.

1) Representation ofa Protein Chain: The representation
employed here uses only o, 'ljJ backbone dihedral angles
(there are 2n such angles for a chain of n amino acids). Side
chains are sacrificed, as side-chain packing techniques can
be used to add all-atom detail if needed. The representation
is a version of the idealized geometry model, which fixes
bond lengths and angles to idealized (native) values. For
ward kinematics allows computing cartesian coordinates of
backbone atoms from the o, 'ljJ angles in the representation.

2) Employed Energy Function: The function is a modi
fication of the Associative Memory hamiltonian with Water
(AMW) [41] used in structure prediction [36], [40]. AMW
sums non-local terms (local terms are kept at ideal values in
the idealized geometry model): EA M W = ELennard-Jones +
EH-Bond + Econtact + Eburial + Ewater. ELennard-Jones

is implemented after the 12-6 Lennard-Jones potential in
AMBER9 [42] but allows a soft penetration of van der
Waals spheres. EH-Bond models hydrogen bonds. Econtact,

Eburial, and Ewaten allow formation of non-local contacts, a
hydrophobic core, and water-mediated interactions. Further
details can be found in [41], [43].

3) Molecular Fragment Replacement: The fragment re
placement technique has allowed ab-initio structure predic
tion methods to make great advancements [44]-[47]. The
basic idea is that a subset of non-redundant structures are
obtained from the PDB, and configurations (cP, 'ljJ angles) that
can be defined for k consecutive amino acids (fragments)
are excised from these structures and stored in a library.
We direct the reader to [37] for details on how the library
is constructed. Here we use a fragment of length 3 rather
than a longer fragment to limit the magnitude of the jump
in conformational space resulting from one replacement. A
position i in the chain is sampled uniformly at random,
and a fragment [i, i + 2] is defined. A configuration (6
backbone dihedral angles) is sampled uniformly at random
over those available for the fragment in the library. This
constitutes a move, accepted according to the Metropolis
criterion detailed above. The key advantage is that the
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move is physically-realistic and increases the probability of
obtaining a feasible conformation.

III. RESULTS
A. Implementation Details and Experimental Setup

Experiments are conducted on three systems, Trp-Cage,
CaM, and AdK of respective lengths of 20, 144, and 214
amino acids (aa). Ten independent executions of the method
are carried out on each system. The termination criterion
is 1, 000 conformations for Trp-Cage and 10, 000 confor
mations for CaM and AdK (Trp-Cage is a small system,
and our investigation shows that 1, 000-2, 000 conformations
yield similar overall performance). The time demands of one
execution of the method span from 1-2 minutes on Trp
Cage to 8 hours for CaM and 36 hours for AdK. Energy
function evaluations make up 90% of CPU time.

On Trp-Cage we connect an extended conformation to
the native structure (PDB id 112y). On CaM, we analyze the
ability to connect all 6 directed pairs that can be defined
over its three functional states. These states are documented
under PDB ids 1cfd (apo), 1cll (holo), and 2f3y (collapsed).
CaM is an ideal system to study, as it is a key signaling
protein in many cellular processes exhibiting a particularly
large conformational rearrangement. On AdK, a variety of
states have been reported, but we focus here on connecting
the apo (PDB id 4ake) to the closed state (PDB id lake).

B. Summary Results on Connecting Start to Goal
Table I summarizes performance in terms of the lowest

IRMSD obtained to the goal from a tree rooted at a given
start structure. Results are averaged over 10 executions,
and Table I shows averages (JL) and standard deviations
(0-) across bias schemes. QUAD, LINEAR, UNIFORM, and
COMBINEgO-10 described in section II are combined with
the local bias in expansion in the results reported in
columns 3-6 in Table I. The local bias is removed in the
COMBINE*gO-lO scheme reported in column 7.

Table I shows that the method effectively approaches the
goal within the 3-4A tolerance. On Trp-Cage, the average
lowest IRMSDs are 1.8-2A, which is comparable with the
1.S-2.sA range reported by folding and structure prediction
studies [36], [48]. We note that the test on Trp-cage is
intended to show the capability of the method on a small
system. The paths are not to be interpreted as folding paths,
as the fragment configurations are extracted from native pro
tein structures. On CaM, the average lowest IRMSDs range
from sub-angstrom to 4A depending on the pair connected.
Some pairs seem more difficult than others. On the 1cfd to
1cll paths, the average lowest IRMSDs are below 4A, which
is in general agreement with the 1.s-sA proximity reported
by MD- and MC-based biophysical studies [12], [49]. AdK
represents a more challenging case for method. Lowest
IRMSDs obtained here are 3-sA , slightly higher than the
2.sA obtained with very coarse-grained models [39].



method.: Avcrazc (Ll) and standard deviations (0-) are renortcd for the lowest tree IRMSD over 10 executions of the
System Start ---+ Goal f1 ± a over lowest lRMSDs (A)

QUAD LINEAR UNIFORM COMBINE90-10 COMBINE *90-10
Trp-Cage (20 aa) E ---+ 1I2y (18 A) 1.86 ± 0.53 2.12 ± 0.57 1.83 ± 0.63 1.87 ± 0.43 2.42 ± 0.43

1efd ---+ 1ell (10.7 A) 3.17 ± 0.25 3.27 ± 0.10 3.49 ± 0.26 3.32 ± 0.12 3.36 ± 0.13
1ell ---+ 1efd (10.7 A) 3.35 ± 0.51 3.56 ± 0.29 3.70 ± 0.23 3.50 ± 0.21 3.49 ± 0.24

Table I

I CaM (140 aa) 1efd ---+ 2f3y (9.9 A)
2f3y ---+ 1efd (9.9 A)

3.93 ± 0.37 3.93 ± 0.42 3.99 ± 0.24 3.76 ± 0.41
3.43 ± 0.39 3.65 ± 0.45 3.62 ± 0.13 3.34 ± 0.13

4.01 ± 0.34
3.57 ± 0.28

1ell ---+ 2f3y (13.44 A) 1.91 ± 0.58 1.67 ± 0.49 2.01 ± 0.86 1.68 ± 0.37 1.50 ± 0.2
2f3y ---+ 1ell (13.44 A) 0.82 ± 0.30 0.72 ± 0.08 1.02 ± 0.43 0.73 ± 0.10 0.94 ± 0.14

AdK (214 aa) lake ---+ 4ake (6.95 A) 3.91 ± 0.34 4.28 ± 0.36 5.15 ± 0.30 4.19 ± 0.22 4.32 ± 0.41
4ake ---+ lake (6.95 A) 4.65 ± 0.71 5.32 ± 0.79 5.62 ± 0.37 5.21 ± 0.41 5.09 ± 0.69

C. Comparison of Bias Schemes

Results in Table I suggest that all bias schemes allow
approaching the goal. Here we take a closer look at how
these schemes lower IRMSD to goal over time. We limit
the analysis to CaM and the "best" execution (over 10)
that allows a bias scheme to achieve its lowest IRMSD.
Fig. l(a) highlights the expected behavior, showing that
QUAD can drive the exploration rapidly towards the goal
but may plateau for long periods of time. LINEAR and
UNIFORM show similar rate of descent, suggesting that
LINEAR has a weak enough bias to allow a broader explo
ration. COMBINEgO-10 seems to temper the bias in QUAD
through its randomization, plateauing later when fragment
replacements do not allow further approaching the goal.
COMBINE*gO-lO, which removes the local bias in expan
sion, shows similar behavior to LINEAR and UNIFORM.

Figure 1: (a) Minimum IRMSDs to goal are plotted as a
function of tree size and compared among bias schemes. (b)
Bias schemes are compared in terms of path diversity.

In Fig. l(b) we analyze path diversity. On the same 1cfd
to 2f3y case studied in terms of depth in Fig. l(a), all paths
on the best execution of a bias scheme are collected. A path
is defined as a series of conformations that reach the goal
with no higher than 4A here. An estimate of breadth over
paths is defined as b = (2::7=0 (i + 1) . di ) / h, where h is the

number of nodes on the shortest path, and d; is the maximum
pairwise IRMSD among conformations at level i across all
paths (i grows from goal to root). This measure downweights
differences in lower levels (closer to goal). Fig. l(b) shows
this estimate across all bias schemes and confirms that
diversity is lowest in QUAD and highest in UNIFORM. Taken
together, this suggests that COMBINE gO_ 10 balances best
between breadth and depth during tree growth.

D. Detailed Analysis

On CaM, the method is able to surpass initial IRMSDs
>13.44A. Sub-angstrom IRMSDs are obtained when the
method is setup to approach 1cll from 2f3y; 1-2A are
obtained in the other direction. Connecting the other 4
directed pairs is more difficult; lowest IRMSDs across all
bias schemes are 3-4A. The employment of USR-based
discretization (described in section II) to bias away from
similar paths seems to improve lowest IRMSDs by 1-2A in
these difficult cases; lowest IRMSDs of 2.0-2.4A are
obtained on connecting 1cfd to 1cll and 1cfd to 2f3y and
vice-versa (COMBINE gO_10 is used).

Results on CaM are in qualitative agreement with those
observed in experiment and simulation [12], [50], [51]. The
transition between 1cll and 2f3y is easier than between the
other pairs. Though the other pairs have initiallRMSDs that
are lower than that between 1cll and 2f3y, the true distance
that has to be surpassed is in angular space, which partially
explains why the method performs well. Due to its use of
molecular fragment replacement, the method is particularly
suitable to obtain paths of "angular" rearrangements. Some
paths highlighting these rearrangements are shown in Fig. 3.

We note that the use of fragment configurations is justified
when functional transitions do not involve unfolding. This
is true of many proteins, including CaM and AdK. In
particular, wet-lab studies on CaM wildtypes and mutants
exclude the possibility that the transition involves a signifi
cant population of unfolded or disordered states [51]. These
studies also suggest that the transition between 1cfd and
1cll is a complex process with energy barriers rather than
a single global transition between two substates. A pseudo
free energy landscape produced by our method is shown in
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lake ---+ 4ake 3.62
4ake ---+ lake 1.97
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The approach proposed in this paper is a proof of concept
that is demonstrated to compute credible conformational
paths connecting structural states in small- to medium-size
proteins. To the best of our knowledge, this is the first
employment of an EST-based method and its combination
with the molecular fragment replacement technique. Several
directions of research will be pursued. In the long run, MD
based techniques will allow deforming paths into transi
tion trajectories and obtain timescale information. This will
necessitate limiting the distance between parent and child
conformations, which we will investigate with techniques
we have studied in other contexts [54]. Additional path
smoothing techniques will be investigated. Immediate lines
of research include the pursuit of general reactive schemes
for the global bias and temperature.

More permissive temperatures may enhance sampling for
more complex systems, such as AdK. A reactive scheme for
temperature updates will be pursued in future work (based on
work in [38] for dialanine peptide). General reactive schemes
will also be employed to adaptively balance the exploration
and switch between different biasing schemes.

While we use IRMSD as a progress coordinate here,
others based on contact topology and structural profiles
will be investigated based on our previous work in ab
initio structure prediction [40]. Additional layers (e.g. based
on USR coordinates) will be considered to balance the
tree growth between coverage (path diversity) and progress
(proximity to goal) and so weaken path correlations. Sam
pling multiple structurally diverse paths with statistical rigor
is an important issue to address in future work. Due to its
incorporation of discretization layers, the proposed method
provides a natural bed on which to investigate balancing
progress and coverage. Obtaining a broad view of possibly
diverse paths connecting two states allows identification of
highly-populated intermediates and rigorous calculation of
free energy barriers for direct quantitative validation with
experimental and computational biophysical studies.
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AdK presents an extremely challenging case for our
method, not only due to its size but also due to the presence
of a significant energy barrier in the transition [9]. Table I
shows that lowest IRMSDs can be above 4A. Lack of
density in sampling makes a pseudo-free energy analysis
here premature. Our future work will consider reactive
temperature schemes to enhance sampling in AdK, but here
we report some interesting results on the presence of a
known intermediate structure (PDB id 2rh5) in the paths
computed by the method. Table II shows the lowest IRMSD
over paths connecting lake to 4ake and vice versa to the
intermediate structure. These results show that the method
is able to capture this intermediate structure, in agreement
with findings in other studies [39], [53].

Table II: Lowest IRMSD to 2rh5 is shown.
lowest lRMSD to 2rh5 ( )

Fig. 2. All paths from 10 runs obtained with COMBINE gO_ 10
on connecting 1cfd to 1cll and vice-versa are combined.
Pseudo-free energies are calculated along the ~R coordinate
(defined as IRMSD(C, C l cfd ) - IRMSD(C, C l d l ) through
the weighted histogram analysis method [52]. The pseudo
free energy landscape in Fig. 2 shows that paths have to cross
regions of high free energy, which qualitatively agrees with
wet-lab findings in [51]. The shown pseudo-free energies
need to be taken with caution. Pseudo-free energy values
are affected by potential lack of sampling density and path
diversity, issues we discuss in section IV.

-6 -4 -2 0 2 4
aR (A)

Figure 2: Pseudo-free energies along ~R are shown for
sampled paths connecting 1cfd to 1ell and vice versa.

IV. CONCLUSION

We have presented a robotics-inspired tree-based method
to compute paths connecting functional states of a protein.
Molecular fragment replacement is employed to grow the
tree with physically-realistic conformations. As a result,
computed paths are mainly applicable to connecting states
that do not involve unfolding. External factors in conforma
tional switching (e.g., binding partners) are not considered
under the general assumption that diverse functional states
co-exist at equilibrium albeit with different probabilities.
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