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Background: The nature of ligand motion in proteins is difficult to characterize directly usingexperiment.
Specifically, it is unclear to what degree these motions are coupled.
Methods: All-atom simulations are used to sample ligand motion in truncated Hemoglobin N. A transition
network analysis including ligand- and protein-degrees of freedom is used to analyze themicroscopic dynamics.
Results: Clustering of two different subsets of MD trajectories highlights the importance of a diverse and exhaus-
tive description to define the macrostates for a ligand-migration network. Monte Carlo simulations on the tran-
sition matrices from one particular clustering are able to faithfully capture the atomistic simulations. Contrary to
clustering by ligand positions only, including a protein degree of freedom yields considerably improved coarse
grained dynamics. Analysis with and without imposing detailed balance agree closely which suggests that the

underlying atomistic simulations are converged with respect to sampling transitions between neighboring sites.
Conclusions: Protein and ligand dynamics are not independent from each other and ligand migration through
globular proteins is not passive diffusion.
General significance: Transition network analysis is a powerful tool to analyze and characterize the microscopic
dynamics in complex systems. This article is part of a Special Issue entitled Recent developments of molecular
dynamics.
© 2014 Elsevier B.V. All rights reserved.
1. Introduction

The dynamics of small ligands in proteins is relevant from a number
of viewpoints. First, the dynamics and reactivity of molecules such as
dioxygen (O2), nitric oxide (NO) or carbon monoxide (CO) is highly
relevant from a physiological perspective. Also, ligand migration and
binding is known to affect ligand binding affinities at distal sites
(allostery) [1]. Finally, the coupling of ligand and protein motion is
still largely uncharacterized and may fundamentally influence the rela-
tionship between protein dynamics and function.

Recent computational work using accurate electrostatics for the
unbound CO-ligand has established that, depending on the overall
structure of the protein from which the free energy for migration was
determined by umbrella sampling simulations, the barrier height for
ligand passage differs [2]. This, together with the finding that the
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acceptance ratio for ligand insertion from Monte Carlo simulations is
very small, suggests that ligand migration is greatly assisted by protein
fluctuations. Hence, ligand transport and migration in proteins such as
myoglobin is probably not purely diffusive. The relevance offluctuations
among conformational substates for the passage of ligands through the
proteinmatrix has been inferred before based on experimental observa-
tions and simulations [3,4].

Truncated hemoglobin (trHbN) of Mycobacterium tuberculosis is a
topical protein to investigate multi-ligand dynamics in proteins and
coupling of protein and ligand motion for several reasons. First, the
function of the protein is in detoxification of nitric oxide by converting
it to NO3

− following the general reaction scheme Fe(II)–(NO/O2)
+ (O2/NO) → Fe+(III) + NO3

−, where Fe(II)–(NO/O2) refers to either
Fe(II)NO or Fe(II)O2. Hence, both ligands (NO and O2) are likely to be
present in unbound form at the same time in the protein. Physiological-
ly, trHbN operates at microaerobic conditions [5] and which ligand
binds first to the heme is determined by a) the concentration of the
ligands and b) their individual affinities to binding to the heme.
Starting from Fe(II)NO + O2 the heme-bound NO is displaced by O2

(Fe(II)NO +O2 → Fe(II)O2), followed by the reaction of NO with Fe(II)
O2 to give nitrate [6]. Given this sequence of events and the typically
higher affinity of Fe(II) towards NO than to O2 [7,8], it is likely that
Fe(II)NO+O2 is one of the early (if not thefirst) physiologically relevant
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states in a sequence of events in NO detoxification. Second, trHbN is
known to exhibit structurally well defined sites (Xenon pockets) in
which unbound diatomicmolecules can be potentially bound. The tran-
sition between such pockets is a thermally activated process and cou-
pling to the protein motion was found for similar situations in
myoglobin (Mb), another topologically related globular protein [2,4]. Fi-
nally, ligand migration in trHbN was characterized from transition net-
works which is an effective way of investigating available states and
their populations in complex systems [9,10].

In the present work we address both issues, the coupling of protein
and ligand motion and the dynamics of multiple (two) ligands in the
same protein. To gain insight into whether and how protein dynamics
is coupled to ligand motion a recently completed study on ligand mo-
tion in trHbN was extended to include the protein degrees of freedom
[10] and the dynamics of multiple unbound ligands is characterized
from explicit atomistic simulations. Both aspects employ state-of-the
art simulation and analysis techniques suitable for quantitative investi-
gations of condensed-phase systems.
2. Computational methods

2.1. Atomistic simulations

All standard simulations are performed with NAMD [11]. The
CHARMM22 forcefield [12] is used for the protein while the NO and
O2 parametrizations are those from previous work [13,14]. The TIP3P
model is used for water [15]. The total system consists of 22,197
atoms. Periodic boundary conditions are used and all bonds involving
H-atoms are kept rigid with the SHAKE algorithm [16]. The system is
first minimized, heated and equilibrated for 200 ps in theNPT ensemble
with the Berendsen algorithm [17] at 300 K and 1 atm, resulting in a box
of size of 78.25 × 52.55 × 52.11 Å. Subsequent simulations are per-
formed in theNVT ensemble using Langevin dynamics. Non-bonding in-
teractions are calculated within a cutoff of 12 Å. The electrostatics is
handled employing Particle Mesh Ewald with a 80 × 80 × 54 mesh for
the wave vector in reciprocal space. A time step of 1 fs is used and the
individual trajectories are 10 ns long. Ten simulations are performed
with initially either NO or O2 in the reactive site and the second ligand
in one of the experimentally identified [18] docking sites: Xe1 to Xe5.

Two types of umbrella sampling simulations are performed with
CHARMM [19]. On the one hand, for the sake of comparison with our
previous study [20], the same data set was used by removing the bond
between NO and Fe and changing the heme forcefield from 6-liganded
to a 5-liganded model [21]. On the other hand, data from the current
simulations were used. A transition of interest was identified in one of
the trajectories. The coordinates of the 25 frames which compose this
transition are extracted to provide the initial coordinates of the 25 um-
brella sampling windows. This transition is gate-controlled by the
Phe62 residue and the rotation of the phenyl ring (CA–CB–CG–CD2) is
a meaningful progression coordinate [20]. The umbrella sampling is
carried out for dihedral angles from almost 180° (gate closed) to 0
(gate closed again). The gate is open at around 60°. The force constant
is the same for all the windows (10 kcal/mol/Å) and the step between
two consecutive windows is 0.06 rad. Alternatively, the Fe–O2 distance
was used as a reaction coordinate for the umbrella sampling. In this
case, the sampling extends from 14.0 Å(Xe1a) to 9.0 Å with a step of
0.1 Å and with the same force constant. Each simulation is 51 ps long
with the first ps reserved for equilibration. Such a protocol was found
to converge the umbrella sampling simulations which was established
bymeans of bootstrapping in earlier work on the same system [20]. Be-
fore the production phase, the H atoms are relaxed in order to ensure
compatibility between NAMD and CHARMM. The carbon alpha of the
proteins is constrained similarly to the NAMD simulations, except the
one of Phe62. The Weighted Histogram Analysis Method is used to ob-
tain the unbiased barrier [22,23].
2.2. Network clustering

An important step for a realistic network representation of atomistic
trajectories is the choice of a suitable data clustering method. In the
following two different methods are employed: the structure-based
k-means clustering and the kinetic-based complex network analysis
rooted in the MCL algorithm. k-means clustering [24,25] was exten-
sively employed in our previous work which focused on the study of
ligand coordinates only [10] and is used here as a benchmark for
defining possible states of the system. The complex network analysis
previously employed [26] allowed a straightforward incorporation of
several degrees of freedom [27] that turns out to be useful here for
the study of coupling between ligand and protein motion. For the de-
tails of the k-means clusteringmethods we refer the reader to the liter-
ature [24,25]. The protocol for the complex network analysis with MCL
clustering is described below.

Analysis of the ligand migration in trHbN is based on a discretization
of conventional order parameter time series by following localfluctuations
and subsequent generation of a Markov-state-model. This approach
was initially applied to single molecule experiments [28–30] and was
recently extended for studying conventional order parameter time
series [26]. Also this frameworkwas successfully applied to the descrip-
tion of Fip35 folding mechanism [27]. The methodology of building a
Markov-state-model contains several steps: (1) defining the micro-
states; (2) building a transition network, and (3) lumping together
kinetically similar states. The methodology was extensively described
elsewhere [26], however in what follows we recall the essentials. Soft-
ware for the analysis can be found at raolab.com

2.2.1. Microstate definition
Each microstate was associated with a time snapshot and was

defined according to the local fluctuations of the order parameter in
the time window tw centered around this snapshot. The comparison
along the trajectory was done backwards using the leader algorithm.
Given a current snapshot, the cumulative RMSD-distribution in the
timewindow tw/2 left and right of the snapshot is determined. This dis-
tribution is compared to the set of distributions – suitable formicrostate
definition – found so far up to this point along the trajectory. Two cumu-
lative distributions are considered to belong to the same microstate if
they pass the Kolmogorov–Smirnov test [31]. Here, the maximum dif-
ference between the two cumulative distributions, D, should fulfill the
condition D≤ζ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2=twð Þp

, where ζ is a confidence level (in the present
analysis ζ = 0.5 was used and tw was variable). If the comparison fails
for all distributions collected so far, a new microstate is defined [29].

2.2.2. Configuration-space-network
As a result of the discretization of the trajectory described above a

time series of microstates is obtained. From this a configuration-space-
network can be built, where the nodes represent microstates and the
link between two nodes indicates that they were visited successively
along the trajectory. From this, transitions probabilities Pij between
states i and j can be evaluated. In the limit of infinite sampling, detailed
balance must hold which is here imposed by averaging the number of
transitions in both directions.

2.2.3. Network clustering
In the next step we defined the states of the system by lumping

together kinetically similar microstates. For this we applied the Markov-
Clustering-Algorithm (MCL) [32]. The granularity of the clustering is
characterized by the parameter p. Larger values of p increase the num-
ber of clusters, each separated by smaller free energy barriers. Hence,
the interest in the present work is to decrease the value of p in order
to minimize the number of states such that only the most significant
of them are retained. This also minimizes noise in the clustering.
Using the obtained states a Markov-state-model was built.

http://raolab.com


Fig. 1.Migration network for the O2 ligand in trHbN with the most relevant sites labeled
and their connectivities indicated by arrows. The network is built from k-means clustering
of the 29 trajectories used in the previous study [10]. The size of the pockets and of the ar-
rows is proportional to their weight in the network. Only connectivities with a relative
weight larger than 0.3% are shown. Pockets belonging to channel I are colored in blue, to
channel II in green, to the reactive site in red. Pockets aside from the main network are
displayed in gray and the water side is colored in white.

Fig. 2. Cα–RMSF from theMD simulations. The regions shown in gray represent the range
of residues taken for the RMSD calculation of protein.
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2.2.4. First passage time distribution
In order to justify the kinetic similarity between theoriginal trajecto-

ry and the Markov-state-model we compared the first-passage-time
(fpt) distributions for particular states. The fpt is a distribution of
times which characterizes the duration to reach a given target state
from any other snapshot along the trajectory. For the MD trajectory
the fpt distribution can be calculated in a straightforwardway by taking
as a target one of the states known from k-means clustering [10]. For the
Markov-state-model a suitable random walk on the transition matrix
was generated. As a target here an MCL state was taken, which mainly
contains corresponding k-means state. Arrival times depend only on
the target state and not on the decomposition of the trajectory.

2.3. Application of local fluctuations analysis to trHbN

Transition network analysis was previously used to characterize the
ligand O2 migration in truncated hemoglobin trHbN [10]. Clustering of
the states included only the O2-positions and neglected the influence
of protein fluctuation. However, as also observed previously, protein
dynamics and ligandmigration are probably coupledwhichnecessitates
a combined analysis [2]. Hence, a network analysis using the approach
described above was employed for the O2 coordinates and for the
protein motion separately. Afterwards the obtained states for each of
the “subsystems” were merged to a “combined state” which provided
a reduced kinetic model for the complete system of ligand and protein.
Specifically, if for a given time snapshot the O2 ligandwas in state A and
the protein was in state B, then a combined state for the protein–ligand
system was (A, B). Such a scheme was already successfully used for the
analysis of Fip35 folding mechanism [27].

In the previous study of O2 migration in truncated hemoglobin
trHbN [10], 32 independent MD simulations of 2 ns each were per-
formed. However, 3 out of the original 32 runs were not included in
the final analysis, since they were found to be not representative of
the dynamics exhibited by the remaining 29 trajectories which were
analyzed. The choice of the run duration was justified in Ref. [20,14,9].
The simulations were started with O2 in one of the 5 pockets identified
experimentally [33,18] or from previous atomistic simulations [14],
namely from the pockets Xe1, Xe2, Xe3, Xe4, and Xe5. In the latter
study we analyzed part of these MD data considering 10 runs with the
ligand initially in pocket Xe1, thus having a total of 20 ns trajectory.
For testing the role of sampling, an additional set of 18 ns of MD data
originating from 9 runs with O2 initially in pockets Xe1, Xe2 and Xe3
(3 runs initiated in each of the pockets) was analyzed.

For the O2 “subsystem” analysis the MCL data from the previous
study was employed [10]. First, Euclidean space was discretized into
cubic cells of side length 1 Å, with each cell representing a microstate
of the O2 molecule. The discretization represented a fine grained
description of the molecular process. The analysis resulted in a total of
24,664 microstates and 98,163 links visited by O2 along the complete
58 ns trajectory containing 5.8 ⋅ 105 snapshots. The discretemicrostates
time series built from the continuous O2 trajectories were thenmapped
onto a transition network (see Fig. 1) as it was described above. After-
wards the MCL algorithm was applied with granularity parameter
p = 1.6 in order to clusterize the network, resulting in a total of 2358
clusters. For the trajectory primarily investigated here (20 ns built of
10 separate runs starting from pocket Xe1 and containing 2 ⋅ 105 snap-
shots) 168 clusters were found.

For the combined protein plus ligand analysis the protein root mean
square deviation (RMSD) relative to the X-ray crystal structure (Protein
Bank entry 1IDR) was used as an order parameter [33]. While the pro-
tein consists of 131 amino acid residues and a prosthetic heme group,
the RMSD was not determined by superimposing all residues in order
to avoid the influence of strongly fluctuating parts of protein. Based on
the results for root mean square fluctuations (RMSF) (see Fig. 2), the
rootmean square deviationwas determined by superimposing residues
25–36 and 53–105 of the protein backbone (see the regions highlighted
in gray in Fig. 2). The obtained RMSD time series were then analyzed
according to the above described scheme. First the discretization of tra-
jectories was done with tw =501 frames and 50 bins for the histogram
leading to the network of the total of 5764microstates and 20,124 links
between them. Since the 20 ns trajectory studied herewas built from10
separate 2 ns runs, a straightforward application of the methodology
without careful extraction in the time intervals around the merging
points of separate runs would lead to artifacts. Therefore, in order to
avoid “spurious” transitions at the merging points no discretization of
the trajectory around the merging points tm was carried out, i.e. no mi-
crostates were defined in the regions (tm− tw/2, tm + tw/2). Finally, the
link between the last microstate of a given MD run and the first micro-
state of the next onewas removed. After these preparations, theMCL al-
gorithm was applied. For most of the study the MCL granularity
parameter was p = 1.12 and tw = 501 was used, providing a total of 3
clusters with probabilities 0.50, 0.33, and 0.17. However, also other
combinations of (tw, p) parameters were discussed.

2.4. Analysis of the multi-ligand MD trajectories

The new set of 10 trajectories, each 10 ns in length, performed to
study multi-ligand dynamics were analyzed in a similar fashion as was
already done in a previous study [20]. All trajectories arefirst reoriented
on the iron atom of the heme. Then, they are reoriented by aligning the
Fe\NB bond with x-axis and the (Fe–NB–NA) plane with xy-plane.
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Finally, the Fe\His81 bond is directed towards the positive z-axis. After
reorienting, the position of the NO- and O2-ligand is monitored in order
to follow their migration through the protein interior. The distance
between Fe and the center of mass of the ligands is also analyzed as it
provides a straightforward way to identify the transitions.
3. Results

3.1. Local fluctuation analysis and transition network

First, the overall dynamics of the system from the total of 20 ns
simulations is analyzed. This provides the necessary information for
the subsequent analysis and for building the transition network. Next,
in order to have an overview of the ensuing dynamics, structural analy-
siswas carried out using 2-dimensional cloudplots based on the ligand–
protein order parameters R and ρwithin each of the clusters. Here, R is
the distance of the diatomic ligand to the Fe-atom and ρ is the RMSD of
the protein backbone relative to X-ray crystal structure [33]. Prior to the
analysis all snapshots were reoriented with respect to this reference
structure.

Considering protein dynamics, an RMSD is themost common choice
for an order parameter. To obtain a first insight into the correlation
between the position and motion of the O2 ligand and the protein
motion 20,000 frames from a trajectory of total length 2 ns starting
with O2 from Xe1 were considered. Fig. 3 shows a cloud plot for the
O2–Fe distances and protein-RMSD of the backbone. The data clearly
exhibits multiple states both for the O2 coordinates and the protein-
RMSD. Having this qualitative indication we turned to a more quantita-
tive approach to the problem and followed a standard scheme for its
analysis as was described in the Computational methods section.
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Fig. 3. Thepoint cloud plot for correlation between theO2–Fe distance coordinates (shown
in the plane) and the protein-RMSD ρ (color coded from gray (0.9 Å) to yellow (1.8 Å)).
The upper plot corresponds to the (x,y)–projection of the O2–Fe distance and the lower
one is the (x,z)–projection.
3.1.1. State definition
The definition of a “state” is an essential step in any clustering. As the

clustering in MCL depends on the parameter p, a suitable value for
p needs to be found by trial and error. Furthermore, sensitivity to the
parameter tw, which defines the width over which a cumulative proba-
bility distribution is calculated and thus influences the definition of
microstates, is also explored. Examples for such analyses are presented
in Fig. 4. Here the ρ−time series from one MD run (2 ns) and the cor-
responding states detected by the MCL algorithm are compared. The
data was obtained for a time window tw = 501 and granularity param-
eters p=1.12 and p= 1.15, which results in 3 and 89 clusters (states),
respectively. As it was noted in the Computational methods section,
larger values of p correspond to sensitivity to smaller barriers which
are detected by MCL. Thus, for p = 1.15 (in blue) the protein fluctua-
tionsmore strongly influence the clustering andmore states are detect-
ed (see also Fig. 6 for detail).

In the next step the protein states obtainedwere used to build “com-
bined” states by merging them with the ligand states. The data for the
ligand-only states was that from the study in Ref. [10]. Fig. 5 shows
the cumulative probability distribution of the “combined” states obtain-
ed from the analysis of 10 trajectories starting from Xe1. The combined
states were first ranked according to their population. The black curve
corresponds to the MCL clustering with p = 1.6 applied to the
discretized trajectory of the O2 coordinates only [10]. For the
combined states the following parameter pairs (tw, p) were considered:
(1001,1.15) in orange, (501,1.15) in green, (1001,1.12) in red,
(501,1.12) in blue. The emerged networks of combined states contain
a larger total number of nodes compared to clustering by O2 −states
only. Moreover, due to the increased number of clusters with the cumu-
lative population ≤ 85 %, the plot indicates a more detailed descrip-
tion of the protein–ligand motion. Also the obtained cumulative
probability distribution is sensitive to the MCL parameter value p,
while the size of the window tw does not influence the analysis.

In order to complete the discussion about how the granularity
parameter p influences theMCLnetwork, Fig. 6 reports the total number
of states in the network as a function of p. The analyzed trajectory
stretch contained 10 MD trajectories and the local fluctuations analysis
was carried out with tw = 501. The red circles both in the inset and in
themain plot report the number of clusters as a function of p for thepro-
tein only, while the black circles show the case of combined states, in-
cluding both the ligand coordinate and the protein-RMSD. While the
network for O2 was built with p = 1.6 and provided 168 states, the
RMSD trajectory shows a strong susceptibility to small p-values. This is
due to the fact that the timescales for the O2 −motion and that for the
protein are vastly different. In the MD simulations the protein structure
only changes slightly during O2 migration, and thus the sampled energy
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landscape contains several isoenergetic barriers for O2 −migration.
Since this study is concerned with finding differences in the network
description of ligand motion kinetics by including protein motion, a
less detailed decomposition of the protein states is further used with
p = 1.12.
3.2. Structural analysis

A numerical analysis of the cluster populations is given in Table 1.
The structures of the most populated combined clusters for tw = 501
and p = 1.12 are displayed in Fig. 7. The x-axis is the protein-RMSD
and the y-axes is the ligand coordinate. The corresponding weights w
of the clusters are reported in each of the panels. Clusters with larger
weights (w= 0.13,w=0.12 andw= 0.11) are found to have broader
distributions in RMSDand/or ligandpositionwhile clusterswith smaller
Fig. 6. The number of clusters depending on the MCL parameter p for tw = 501. The red
circles are the number of stateswith p for protein-RMSD only, and the black circles display
the case of combined protein–ligand states. The inset shows identical “zoomed in” data for
the protein states.
weight are more compact. By careful study of the data in Table 1 one
can, however, notice that the most populated state detected by MCL
(state 1) is in fact a mixture of three states obtained with k-means clus-
tering: it contains 51% of state Xe1a, 31% of state IS1 and 16% of state
ENT. States 2 and 3 are rather pure containing 77.4% of state Xe1b and
90.3% of state Xe2 respectively.

The structural difference between the states can be readily seen in
Fig. 8. Here the physical structure of states 1 and 4 from Fig. 7 is report-
ed. The data shown originates from 50 randomly sampled structures of
each of the states (1 and 4) from one 2 ns simulation. The strongly fluc-
tuating N- and C-terminal residues were removed and only residues 20
to 110 are retained. The structures were aligned relative to the first
frame by superimposing again residues 25–36 and 53–105. Using
MOLMOL, the average coordinates and corresponding standard devia-
tion were calculated [34]. The results for the protein are shown in the
upper panels. Thewidths of the tubes are proportional to themagnitude
of the standard deviation for the corresponding residue. In the lower
panels the ligand positions from the same 50 snapshots are reported.
From a structural point of view the states are rather well defined. As
was already indicated in Fig. 7, state 1 is larger both in terms of the
protein-RMSD and in the ligand positions.

As a last remark about the structure of states obtained with MCL
clusterization, we compared the most populated states obtained from
different subsets of the MD data. In addition to the MCL clusterization
performed on the 10 MD runs starting with O2 in Xe1, a separate, inde-
pendent local fluctuation analysis and clusterization for data built from
3 runs starting with O2 in Xe1, 3 runs in Xe2 and 3 runs in Xe3 with a
total simulation time of 18 ns. A new MCL–k-means correspondence
table (see Table 2) for the obtained states highlights the importance of
extensive sampling of the free energy landscape. As an example, state
EXT appears in Table 2 whereas in Table 1 it did not contribute to any
of the most populated MCL states. Also, state 1 from the first clustering
(Table 1) has a considerably different composition in terms of k-means
states than state 1 from the second clustering (Table 2). All this high-
lights the important role of sampling in view of the obtained networks
of states.

3.3. First passage time distribution

The network and the corresponding clustering can be tested for
Markovianity. This is done by comparing the original MD dynamics
with a suitable randomwalk on the transitionmatrices by using ftp dis-
tributions. For this, 1000 independent random walks each with 106

stepswas carried out on the network. As targets to comparewith, states
1 and 10 from Table 1 were considered. These two states can be associ-
atedwith the Xe1a and DS2 cavities obtained from the k-means cluster-
ing and known from experiment and previous simulations. The
resulting distributions for the original MD trajectory and from the ran-
dom walks are shown in Fig. 9. The black lines are exemplary random
walks on the network (with averages over the 1000 random walks
and standard deviations as gray lines and shaded regions, respectively)
on the network and the red lines are the fpt from all 29 MD trajectories
obtained from the analysis of the ligand coordinate only in our previous
study [10]. The right-hand side panels in Fig. 9 report the results of
studying the network based on ligand coordinates only [10] whereas
the left-hand side panels contain fpts for the combined protein–ligand
network. The improvement of the description by including the protein
coordinates is remarkable. Even performing a rather non-detailed
network analysis of the protein energy landscape yields very favorable
agreement between the fpt of the original trajectory and the Markov-
state-model. The short- and long-time dynamics are correctly captured
by the combined protein–ligand network and the standard devia-
tions are reduced by almost an order of magnitude. Although the
ligand-only based network is able to qualitatively reproduce the explicit
MD trajectory, including the protein degree of freedom has a non-
negligible effect on the quality of the network. It is also of interest to



Table 1
Correspondence between theMCL–RMSD clusters with a population of at least 1% and k-means clusters. This clustering is from 10 trajectories starting from Xe1 and constitutes themain
clustering employed in the remainder of the present work.

State Pop. (%) ENT Xe1a Xe1b Xe2 DS2 EXT Xe3 IS1 IS3 Xe4 Xe5 PDS2 WAT DUM

1 13.07 15.95 51.08 0.94 0.00 0.00 0.00 0.41 31.49 0.01 0.00 0.12 0.00 0.00 0.00
2 12.13 0.01 9.88 77.39 0.07 0.00 0.00 0.00 1.50 0.00 0.00 11.15 0.00 0.00 0.00
3 11.39 0.00 0.00 1.10 90.29 0.18 0.00 0.00 0.00 0.00 0.00 8.44 0.00 0.00 0.00
4 7.19 8.80 51.59 0.05 0.00 0.00 0.00 3.96 35.57 0.00 0.01 0.02 0.00 0.00 0.00
5 5.73 0.00 0.00 0.00 0.00 0.00 0.00 65.88 15.67 0.00 18.43 0.03 0.00 0.00 0.00
6 5.21 99.83 0.10 0.00 0.00 0.00 0.00 0.00 0.07 0.00 0.00 0.00 0.00 0.00 0.00
7 4.12 16.52 51.55 0.01 0.00 0.00 0.00 4.71 27.14 0.00 0.00 0.06 0.00 0.00 0.00
8 3.86 0.00 9.27 87.45 0.03 0.00 0.00 0.00 0.49 0.00 0.00 2.76 0.00 0.00 0.00
9 3.62 0.00 8.72 85.17 0.25 0.00 0.00 0.00 0.79 0.00 0.00 5.07 0.00 0.00 0.00
10 2.87 0.00 0.00 0.00 6.74 89.78 3.48 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
11 1.95 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 95.42 0.00 0.00 0.00 4.58
12 1.92 98.50 0.77 0.00 0.00 0.00 0.00 0.00 0.59 0.13 0.00 0.00 0.00 0.00 0.00
13 1.86 34.25 0.00 0.00 0.00 0.00 0.00 3.05 59.89 2.53 0.28 0.00 0.00 0.00 0.00
14 1.59 99.58 0.03 0.00 0.00 0.00 0.00 0.00 0.29 0.10 0.00 0.00 0.00 0.00 0.00
15 1.57 0.00 0.00 0.00 0.00 0.00 0.00 0.29 0.00 0.00 99.71 0.00 0.00 0.00 0.00
16 1.21 0.00 0.00 6.72 0.00 0.00 0.00 0.89 2.72 0.00 0.00 89.67 0.00 0.00 0.00
17 1.16 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 89.92 0.00 0.00 0.00 10.08
18 1.15 0.00 0.00 0.00 0.22 97.20 2.58 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
19 1.04 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 96.25 0.00 0.00 0.00 3.75
MCL combined 8.7 24.4 19.6 11.4 4.0 5.7 1.9 5.7 1.2
k-Means 7.8 8.6 10.8 9.7 14.2 12.8 6.3 8.5 2.7 7.2 4.4 4.6 5.5
MCL ligand-only [10] 5.9 15.3 11.6 8.9 15.6 7.2 9.1 0.8 3.1 1.7 3.4
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consider briefly the effect of imposing detailed balance in constructing
the transition matrix. The analysis of the fpt distributions was repeated
without explicitly symmetrizing the transition matrix (blue curves in
Fig. 9) and it is found that they closely follow the analysis in which
detailed balance is explicitly imposed. Hence, one can also conclude
that the underlying MD simulations are close to detailed balance
which suggests that sampling of the transitions is exhaustive.
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4. Multi-ligand dynamics

Truncated Hemoglobin belongs to a family of proteinswhich require
two ligands to carry out their function. As both ligands, NO and O2 have
an appreciably binding affinity towards heme-Fe, both ligand-bound
states are possible. However, before binding to the chemically relevant
site, both ligands have to diffuse towards the heme-unit. Hence, it is
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Fig. 8.Degree of fluctuations shown as a superposition of structures corresponding to states 1 (left panels) and 4 (right panels). The upper panels visualize the fluctuations of the protein
and the lower panels report ligand positions within the protein.
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relevant to characterize the unboundmotion of the two diatomic mole-
cules. To this end, a total of 100 ns simulations (10 trajectories of 10 ns
each) were carried out from different initial populations. Indeed 5
docking sites are experimentally identified (Xe1 to Xe5) [18], but due
to the relevance of Xe1b for ligand migration, it is used in place of Xe5
[20]. Then, for O2 populating one of these pockets, NO is placed in the re-
active site and vice versa. A summary of the initial states considered is
given in Table 3.
Table 2
Projection of theMCL–RMSDclusterswith a population of at least 1% onto k-means clusters. This
pocket Xe3.

State Pop. (%) ENT Xe1a Xe1b Xe2 DS2 EXT

1 15.37 0.06 3.35 24.86 0.00 1.96 49.94
2 11.31 0.02 1.52 15.94 0.75 52.80 9.37
3 8.28 2.70 37.67 0.01 0.08 2.57 0.00
4 6.72 16.43 36.19 0.54 0.11 2.04 0.00
5 4.77 0.00 0.93 14.13 4.66 70.52 1.73
6 4.65 0.00 0.00 0.00 0.02 1.04 0.00
7 3.40 0.00 0.00 0.00 0.00 0.00 0.00
8 3.15 0.02 0.14 2.21 4.72 3.44 0.31
9 2.86 0.00 0.00 0.00 0.00 0.00 0.00
10 2.07 0.00 0.00 0.00 0.00 0.00 0.00
11 2.06 0.00 0.19 1.19 38.56 1.00 0.00
12 2.01 99.49 0.28 0.00 0.00 0.03 0.00
13 1.86 0.00 0.00 0.00 4.08 94.54 1.38
14 1.84 0.00 7.75 83.84 0.37 0.00 0.00
15 1.74 0.00 0.00 0.00 0.42 0.00 0.00
16 1.50 0.00 0.19 0.04 0.04 1.25 0.00
17 1.48 0.00 0.00 0.00 2.23 81.71 2.61
18 1.25 0.18 0.00 0.00 3.88 37.65 0.00
19 1.18 0.00 0.00 0.00 21.94 34.19 0.00
20 1.14 0.00 0.00 0.00 7.43 10.12 5.93
21 1.02 0.00 1.12 81.63 0.06 0.00 0.00
MCL combined 2.0 15.0 1.8 2.0 19.4 15.4
k-Means 7.8 8.6 10.8 9.7 14.2 12.8
MCL ligand-only [10] 5.9 15.3 11.6 8.9 15.6 7.2
Analyses are performed as described in the Computational methods
section. Themost striking observation of the current multi-ligand simu-
lations is how the dynamics of the ligand is hinderedwhen both are free
in the protein. This is true in particular for NO in the reactive site (RS)
and O2 in the network. This contrasts with previous results in which
one of the ligands was bound to the heme-Fe [14,20] and the dynamics
of the second, unbound ligand was rapid and facile throughout the pro-
tein network. In previous work, equilibrium simulations of 2 ns length
clustering is from3 runs starting frompocketXe1, 3 runs frompocketXe2 and 3 runs from

Xe3 IS1 IS3 Xe4 Xe5 PDS2 WAT DUM

0.00 0.15 0.00 0.00 0.28 0.00 5.79 13.61
0.06 0.04 0.01 0.00 0.17 0.00 7.73 11.60
7.07 22.56 0.00 11.50 0.04 0.00 0.01 15.80
3.56 39.18 0.39 0.33 0.08 0.31 0.00 0.83
2.94 0.07 0.00 1.34 2.46 0.00 0.01 1.20

42.16 20.83 0.00 29.95 0.40 0.00 0.00 5.58
0.00 0.00 0.00 95.78 0.00 0.00 0.00 4.22
2.37 0.25 2.70 1.94 1.00 1.30 70.71 8.90
0.62 0.00 0.00 99.36 0.00 0.00 0.00 0.02
0.00 0.00 0.00 92.47 0.00 0.00 0.00 7.53
0.47 0.00 0.00 9.19 2.93 0.00 18.49 27.98
0.14 0.03 0.00 0.03 0.00 0.00 0.00 0.00
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
0.09 0.43 0.00 2.56 3.55 0.00 0.09 1.30

67.88 0.00 0.00 31.01 0.20 0.00 0.00 0.49
9.85 53.51 0.00 0.30 0.15 0.00 0.00 34.67

12.37 0.00 0.00 1.08 0.00 0.00 0.00 0.00
37.11 18.30 0.00 2.83 0.00 0.00 0.00 0.05
41.94 0.00 0.00 1.94 0.00 0.00 0.00 0.00
11.81 1.30 10.07 12.21 1.94 5.23 2.04 31.90
0.00 0.67 0.00 0.00 16.53 0.00 0.00 0.00
5.8 8.2 8.3 1.1
6.3 8.5 2.7 7.2 4.4 4.6 5.5
9.1 0.8 3.1 1.7 3.4



Fig. 9. The first passage time distribution for states DS2 (top) and Xe1a (bottom). The left-hand panels report the results of the present study (network built from protein and ligand co-
ordinates),whereas the right-handpanels show the results by clustering the ligand coordinates only [10]. The labels “state 1” and “state 10” in the left hand column refer to the states found
in the clustering as shown in Table 1. The black lines are the results from sampling the transition matrix together with the standard deviation indicated by the gray background. Results
from the explicit MD simulations (red curves) and analysis of the transition matrix without imposing detailed balance (blue curves, see text for explanation) are also given.
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exhibited a large number of transitions and sampling almost all the
docking sites, while in the present simulations, such rapid dynamics
and facile migration is not observed, although the simulation time is 5
times larger (10 ns for each trajectory).

Fig. 10 shows the distance of the two ligands to the heme iron atoms.
In particular, Fig. 10A and B illustrate the hindrance of the ligand
dynamics as either O2 or NO is in Xe1a. They are both localized in this
docking site for nearly 9 ns which has never been observed for a single
free ligand. Fig. 10C and D illustrate two different cases of coupled O2

and NO dynamics, one with NO initially in the RS and O2 in Xe1b, the
other one with O2 initially in RS and NO in Xe3. In the first case, the
coupled dynamics occurs for many ns around Phe62 with O2 in Xe1a
and NO in Xe1b. The second one is also on the ns time scale with O2 in
Table 3
Ligand dynamics in TrHbN. RS stands for Reactive Site. The left two columns give the initial posit
ligand-migration path.

NO O2 NO dynamics

1 RS Xe1a RS → Xe2 → Xe3 → IS1 → Xe4
2 RS Xe2 RS → Xe2 → Xe3 → IS1 → Xe4 → water
3 RS Xe3 RS → Xe2 → Xe3 → IS1 → Xe4 → IS1 → Xe1a
4 RS Xe4 RS → Xe2 → Xe1b → Xe1a
5 RS Xe1b RS ↔ Xe1b
6 Xe1a RS Xe1a ↔ Xe1b
7 Xe2 RS Xe2 → Xe3 → IS1 → Xe4 → water
8 Xe3 RS Xe3 → IS1 → Xe1a → Xe1b → Xe1a
9 Xe4 RS Xe4 → IS1 → Xe1a → Xe1b → Xe2 → RS
10 Xe1b RS Xe1b ↔ Xe1a
Xe2 and NO in Xe1b. Fig. 10E shows the fast dynamics NO exhibits
after O2 departure from the protein. From RS, NO samples the entire
protein network going first into channel II, then channel I and again
channel II before leaving the protein through Xe4. Fig. 10F depicts an in-
teresting event as the O2 is replaced in RS by NO. Observing this event is
important as such exchanges are likely to occur experimentally for the
system in its reactive configuration. The different migration steps of
each ligand and for each trajectory are summarized in Table 3.

A practical way to illustrate how protein and ligand dynamics are
potentially coupled is to consider the RMSD per residue as it reports
on the local dynamics of the protein and can be correlated with the
ligand dynamics. One possibility is to use a so-called heatmap which
reports the RMSD per residue as a function of time with a color code.
ion of each ligand at the beginning of the simulation. The next two columns summarize the

O2 dynamics remarks

Xe1a ↔ IS1 O2 mainly in Xe1a
Xe2 → Xe3 → IS1 → Xe4 → water O2 leaves first

→ ENT Xe3 → IS1 → Xe4 → water
Xe4 → water
Xe1b ↔ Xe1a Coupled dynamics
RS → Xe2 NO mainly in Xe1a
RS → Xe2
RS → Xe2 → DS2 Coupled dynamics
RS → Xe2 → Xe1b → Xe1a NO/O2 exchange in Xe2
RS ↔ Xe2



Fig. 10.Distance between the heme iron atomandO2 (black curve) andNO (red curve) for
6 representative trajectories with different initial conditions. (A) O2 in Xe1a and NO in RS,
(B) O2 in RS and NO in Xe1a, (C) O2 in Xe1b and NO in RS, (D) O2 in RS and NO in Xe3,
(E) O2 in Xe3 and NO in RS, and (F) O2 in RS and NO in Xe4.
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The abscissa corresponds to the time while the ordinate to the residue
number. TheRMSD of a particular residue is determined relative to itself
with its structure at t= 0 as reference. Fig. 12 shows heatmaps for tra-
jectories one (O2 in Xe1a and NO in RS) and three (O2 in Xe3 and NO in
Fig. 11. Representation of TrHbNwith sequence of residues is color coded. White: 1 to 10
and 131 to 136 (no particular role), brown: 11 to 20 (channel I entrance), magenta: 21 to
40 (RS, Xe2), black: 41 to 50 (EXT), green: 51 to 70 (channel I), yellow: 71 to 80 (Xe5),
blue: 81 to 90 (PDS), orange: 91 to 110 (channel II), red: 111 to 130 (channels I and II).
RS). As reported in Table 3 the first trajectory does not exhibit much dy-
namics of the ligands contrary to trajectory three.

Fig. 11 shows the protein sequence colored according to the docking
sites they are part of. Schematically, residues 20–30 (magenta) are
found around the RS, Xe2 and to a lesser extent Xe1b. Residues around
40 (black) are close to EXT, and 50–60 (green) are part of channel I.
Those around 70 (yellow) are close to Xe5, residues around 80 (blue)
close to the heme and PDS. From 90–100 (orange) the residues are
part of channel II and from 110–120 (red) they are shared by channels
I and II. According to this, the hindrance of O2 can be linked to the
absence of dynamics of Phe62 and its surrounding residues asmigration
through channel I is controlled by this residue. Some residues in chan-
nel II also exhibit relatively large fluctuations but in this particular
trajectory the ligands sample protein locations which do not assist mi-
gration. In the second trajectory considered, O2 is found in Xe3 (part
of channel II) which is known to be a hub of the protein network [35,
20]. Migration from this docking site has been found to be easy, in
particular towards channel II. For the second trajectory considered,
the protein exhibits more intense dynamics spread all over the back-
bone, in particular along channel I. Channel II also exhibits increased
dynamics, in particular at early times high fluctuations are found. This,
combined with the facile migration through channel II (exit route for
O2 [20]) is sufficient to explain O2 escape from the protein. On the
other hand, the large fluctuations observed throughout the protein
and, in particular, through channel I assist the rapid migration and
complete sampling of the protein network performed by NO.

A more quantitative assessment of the ligand migration barriers can
be obtained from umbrella sampling simulations, as was done previ-
ously for this system [20]. This was repeated here in an exploratory
fashion for one situation in which NO is in the RS and O2 samples
the transition between Xe1a and Xe1b. The barrier for migration in
this example is similar (≈2 kcal/mol) to that reported previously
[20]. However, as was found in one of the explicit MD simulations
(trajectory 1), O2 can localize for extended times in Xe1a which indi-
cates considerably larger barriers for migration. On the other hand
this transition is known to be strongly coupled with protein dynam-
ics as it requires Phe62 to be in a certain conformation to take place
(gate controlled migration). Hence, despite a favorable barrier, O2

does not migrate due to insufficient fluctuations exhibited by the
Phe62 side chain and the surrounding residues as depicted by the
heatmaps in Fig. 12. Preliminary umbrella sampling simulations sug-
gest that under such circumstances the barrier for ligandmigration is
high and not easily surmounted in unbiased simulations at room
temperature, which is what is observed in the explicit simulations.
Towhat extent the decreased protein and side chain flexibility is related
to free versus heme-iron-bound NO requires additional simulations.

5. Outlook

The present work provides insight into the coupled dynamics be-
tween ligand and protein motion. In particular, it is found that for NO
bound to the heme-Fe, the O2 dynamics couples to protein fluctuations.
For a quantitative investigation of this, an approach based on clustering
and transition networks was used. The obtained Markov-state-model
built on a combined analysis of protein structural changes together
with the O2 dynamics was able to faithfully reproduce the underlying
kinetics, see Fig. 9. The states found by such a clustering differ in size
for both, the protein and the ligand degrees of freedom. From the data
reported in the current work, analysis of ligand migration networks
based on transition networks appears to be ameaningful procedure. Fu-
ture applications of such an approach could be potentially beneficial to
investigate modifications in the connectivity of such a network upon
protein mutation. Concomitantly, experimental investigations which
directly report on small ligand diffusion will be particularly relevant in
probing and testing the present proposals and the influence of the
amount of sampling required needs to be carefully assessed.



Fig. 12.Heatmaps (RMSD per residues) for two representative trajectories: (A) O2 in Xe1a andNO in RS, (B) O2 in Xe3 and NO in RS. Color coding iswhite, cyan, green, yellow, orange, red,
black, from O to 2.3 Å respectively. The scale is uniform.
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Directly observing ligand dynamics in protein is still a challenging
endeavor. Using 2-dimensional vibrational echo spectroscopy, it has
recently been possible to quantitatively determine the time constant
for substate switching in CO-bound myoglobin [36]. In this case, inter-
conversion between the A1 and A3 state is characterized by a time con-
stant of 47 ps. Itmay also be possible to follow the dynamics of unbound
ligands in globular proteins using similar techniques. However, the
existence of multiple substates makes this more challenging. Under
such circumstances, the combined analysis using experiment and
suitable MD simulations will be a meaningful approach as has been
recently shown for the structural dynamics of solvated CN- and N-
methylacetamide [37,38].

The dynamics involving two ligands (NO and O2 unbound) is suf-
ficiently different from the dynamics in which one of the ligands is
coordinated to the heme-iron to warrant further and more in-depth
analysis. Simulations discussed so far in the present work highlight
again, that protein and ligand motions are coupled and mutually influ-
ence each other. The question what consequences this observation has
for the physiological function of the protein deserves and requires addi-
tional in-depth analysis based on both, extended MD simulations with
suitable force fields and corresponding analysis of the underlying
motions.
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