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in the light chain thereby has a residue ID of 17. The known sites with
distinct RMSF are indicated by labels. Error bars indicate the standard
errors of the RMSF values across 5 runs of simulations. The thrombin
molecule is colored based on the subtractions of RMSF (Mutant-WT) in
(b) to indicate the location of the significantly affected regions. . . . . . . 106

5.4 Amorim-Hennig (AH) Clustering Distribution of ∆K9 (Mutant) and wild-
type (WT) thrombin. Panels (a)-(c) respectively illustrate the clustering
results of the Cα atoms, heavy atoms of the regulatory regions, and cat-
alytic triad.Error bars indicate the standard errors of the cluster distribu-
tions across 5 runs of simulations. . . . . . . . . . . . . . . . . . . . . . . 107
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5.5 Hydrogen Bond Analysis. (a) A decision tree classifier (96.21% accuracy)
of ∆K9 (Mutant) and wild-type (WT) thrombin based on their residue-
residue hydrogen bonding features. The percentages in the blue box de-
note the relative population of corresponding simulation type. The num-
bers within the following parentheses indicate the actual counts of struc-
tures of corresponding simulation type. Panel (b) and (c) illustrate the
hydrogen bonds involved in the decision splits in (a). The wild-type and
mutant thrombin structures were picked as the frames with the smallest
root-mean-square distance to the average structure in each type of simu-
lation. Each pair of residues has the same color and the order of colors
(blue, red, orange, yellow, tan, silver, pink and purple) follows the decision
levels . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

5.6 Distribution of the distance between the sodium loop and the nearest Na+

ion. The wild-type (WT) and ∆K9 mutant thrombin present two striking
peaks representing Na+-binding in the distribution plot (a). The peaks at
7 Å and 8.5 Å correspond to two binding modes of Na+ as respectively
illustrated in panel (b) and (c), where the bound Na+ ion is shown as
the brown bead. The shaded areas indicate the standard errors of the
corresponding distributions across 5 runs of simulations. . . . . . . . . . 110

5.7 Distributions of solvent accessible surface area (SASA). Regarding confor-
mations with a bound/unbound Na+ ion (denoted as on/off), the SASA
distribution of the catalytic sub-pocket S1-6 residues are plotted respec-
tively for wild-type (WT) and ∆K9 mutant thrombin in panels (a)-(f).
The SASA distribution of the catalytic triad and the SASA of the whole
protein are also plotted in (g) and (h). The shaded areas indicate the
standard errors of the corresponding distributions across 5 runs of simu-
lations. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112
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5.8 Conformational free energy surfaces of the regulatory regions. Regarding
conformations with a Na+-binding/unbinding, four free energy surfaces
are plotted for wild-type (WT) and ∆K9 mutant thrombin respectively
in panels (a), (b), (c), and (d) to compare the mutant and ion effects.
Structural ensembles corresponding to the labeled wells on the free energy
surfaces are visualized in panel (e). The representative structures of the
whole protein are displaced via the NewCartoon representation in trans-
parent green. The representative structure of the side chains in the reg-
ulatory regions are indicated by the Licorice representation in red. Gray
shadows in NewCartoon representation display the variances in the regu-
latory regions. The side chains of the catalytic triad residues are shown in
blue. Significant conformational differences in the regulatory regions are
highlighted by the arrows. . . . . . . . . . . . . . . . . . . . . . . . . . . 113

5.9 Conformational free energy surfaces of the catalytic pocket. Regarding
conformations with a Na+-binding/unbinding, four free energy surfaces
are plotted for wild-type (WT) and ∆K9 mutant thrombin respectively
in panels (a), (b), (c), and (d) to compare the mutant and ion effects.
Structural ensembles corresponding to the labeled wells on the free energy
surfaces are visualized in panel (e). The visualization strategy here is the
same as in Figure 5.8. As indicated by the arrows, PC1 captures much of
the variance in 60s loop, and PC2 mainly captures different shapes in the
S1 sub-pocket. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

S5.1 Time series plots of common alpha carbons’ root-mean-squared distance
to the initial structure of thrombin. Both simulations of (a) wild-type
and (b) ∆K9 thrombins appear relaxed after 20ns although there can
be seen many relatively long time scale fluctuations. As the RMSD time
series plots show, different simulations don’t present the same dynamic
behaviors in different runs. Moreover, the distributions of the RMSD
time series also indicate different runs have similar sample distributions
but not the same dynamics. . . . . . . . . . . . . . . . . . . . . . . . . . 119

S5.2 Blocked standard error of RMSD. The solid line represent the average BSE
across 5 runs of each type simulation. The shaded areas depict the un-
certainties estimated based on the standard errors of BSE in 5 simulation
runs. The block length was set to up to 100ns in order to ensure at least
10 blocks being used in the calculation of BSE. . . . . . . . . . . . . . . 120
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S5.3 Time series of the common alpha carbons’ dominant principal compo-
nents. Like Figure S5.1 shows, there exist many events taking place after
hundreds of nanoseconds. Different runs have similar sample distributions
but not the same dynamics. . . . . . . . . . . . . . . . . . . . . . . . . . 121

S5.4 Representative structures with
√
σ variances for clusters of the regulatory

region. The cluster labels are consistent with the cluster indexes in Figure
3.3b. The representation is the same as the structure panel in Figure 3.5. 122

S5.5 Representative structures with
√
σ variances for clusters of the catalytic

triad. The cluster labels are consistent with the cluster indexes in Figure
3.3c. The representation is the same as the structure panel in Figure 3.5. 122

S5.6 Pruning errors for the decision tree. . . . . . . . . . . . . . . . . . . . . 123

6.1 Human α-thrombin and its functional sites. (A) Tertiary structure of
thrombin in PDB 4DII was showed in cartoon representation. The light
and heavy chains were respectively colored in light violet and lime. Several
known function sites were indicated by the colors and nearby labels. The
thrombin-binding aptamer in the same PDB was shown in NewRibbons
representation. (B) Sequence of human α-thrombin was listed in one-letter
amino acid code. The residue indices in the original PDB file and positions
of several function sites were labeled above the sequence. Residues under
the red and yellow stand for alpha helix and beta sheet regions. The
catalytic triad was marked by the diamond signs above the letter. For
the convenience of counting, a new residue number was assigned to each
residue as labeled in the beginnings and ends of each row of sequence and
the numbers in the parentheses. . . . . . . . . . . . . . . . . . . . . . . . 150

6.2 Thermodynamic fluctuations of thrombin. Free thrombin has heavier fluc-
tuations in comparison with aptamer-bound thrombin with respect to (A)
the root-mean-square distances (RMSD) to the same reference of the ini-
tial structure along simulation trajectories and (B) the root-mean-squared
fluctuations (RMSF) of each alpha carbon atom. The regions with distinct
fluctuations on free and aptamer-bound thrombin were also indicated by
the colored regions in plot (C). The aptamer-bound thrombin has larger
fluctuations in red regions and smaller fluctuations in blue regions. These
fluctuation differences were further indicated via the plot of RMSF differ-
ences between aptamer-bound and aptamer-unbound thrombin in (D). . 151
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6.3 Comparisons on overall motions between the aptamer-unbound and aptamer-
bound thrombin. (A) Correlations of each alpha carbon’s displacement
from average position of the free thrombin. (B) Correlations of motions of
each alpha carbon’s displacement from average position of the aptamer-
bound thrombin. (C) Subtraction of correlation matrix of free thrombin
from the one of aptamer-bound thrombin. The circles and squares high-
light the regions with significant positive and negative increments of cor-
relations respectively. (D) Pairs of residues with significantly distinct cor-
related motions in both systems were highlighted via lines and beads. The
blue and red lines indicates residue pairs with negative and positive sub-
tractions of correlation matrices of aptamer-bound and aptamer-unbound
thrombin respectively. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 152

6.4 Structure clustering evolution of thrombin in unbound and bound simula-
tions. The red and orange regions include five 1-microsecond-long trajec-
tories from the free thrombin and aptamer-bound thrombin simulations
respectively. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 153

6.5 Transition pathways of clusters in the simulations of aptamer-unbound
and aptamer-bound simulations. Only sampled clusters for each system
were plotted. Every 100ps stands for one iteration step in the transition
pathway calculation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 153

6.6 Free energy landscapes of aptamer-unbound and aptamer-bound throm-
bins and representative structures corresponding to each labeled well. . . 154

S6.1 Number of unclustered frames under QT clustering with different RMSD
thresholds. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 155

S6.2 Cluster distributions of aptamer-bound and aptamer-unbound thrombin.
(A) Histogram of each cluster (B) Cluster occurrences in both systems. . 155

S6.3 Rate Matrices of states of aptamer-bound and aptamer-unbound throm-
bin. The data presented here were simply counted from the original data.
A more complex estimation of the rate matrix was also computed using
pyEmma81. The story that thrombin in the conformational exited states
will go back to the ground state faster in the presence of aptamer binding
is the same no matter which way we used to estimate the rate matrix. . . 156

S6.4 Cumulative sum of the variance contribution on PC modes. . . . . . . . . 156
S6.5 Free energy surfaces constructed using more PC projections. . . . . . . . 159
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S6.6 RMSF check over each run. Correlation matrixes of the RMSF over each
run were shown in (A) and (B) for aptamer-bound and aptamer-unbound
thrombin simulations. Each trajectory in the same systems shows different
but highly correlated RMSF. Percent errors in RMSF as shown in (C) and
(D) reveal very small differences in atomic fluctuation in the same type of
simulations. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 160

S6.7 Heatmap of inner product of the predominant principal component ba-
sis vectors obtained from simulations of aptamer-unbound and aptamer-
bound thrombin. The absolute value of the inner product was indicated
by the color. When the absolute inner product is closer to 1, it means
the two corresponding components are closer. Once can see that the basis
vectors of the first principal component from aptamer-bound and aptamer-
unbound simulations result in the highest absolute inner product. This
suggests the aptamer-bound thrombin and aptamer-unbound thrombin
have some similarity in the predominant fluctuations. . . . . . . . . . . 161

S6.8 Correlation matrices of the visualized structural ensembles. To compare
the differences in coupling for difference structural ensembles, correla-
tion matrixes were computed among structures within corresponding free
energy wells in PC1-PC2 map in Figure 6.6. Structures from aptamer-
unbound and aptamer-bound simulations were both included. . . . . . . 162

S6.9 Comparisons between correlation matrices of the structures in the same
visualized structural ensembles but from unbound and bound simulations.
Structural ensemble 1-3 were shown here. Regions with more than 0.4
differences in correlation coefficients for aptamer-unbound and aptamer-
bound thrombin were marked in the same way in Figure 6.3. . . . . . . 163

7.1 Comparisons of conformational free energy surfaces of catalytic pocket
of different forms of thrombin. The basis set of the structural projections
was obtained from the all conformations in the wild-type, ∆K9, E8K, and
R4A forms of thrombin. Na+-binding/unbinding status are respectively
discussed. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 176

7.2 Comparisons of conformational free energy surfaces of regulatory sites of
different forms of thrombin. The basis set of the structural projections
was obtained from the all conformations in the wild-type, ∆K9, E8K, and
R4A forms of thrombin. Na+-binding/unbinding status are respectively
discussed. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 177

7.3 Correlation matrix of thrombin under different conditions. The calculation
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7.4 Normalized mutual information matrix of thrombin under different con-
ditions. The calculation was based on center of masses of each residue.
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 179

8.1 By plotting the MutSα cluster time series (a), we see Amorim-Hennig
splits the first of the two concatenated trajectories into two bins and as-
signs the second trajectory to the same bin as the initial structure of both
simulations. Comparing clusters 0 (b) and 1 (c), we see the overall pro-
tein close in on itself. From cluster 0 (b) to 2 (d), we see a beta sheet
in the upper left form and a loop near the bottom right move away from
the larger structure. We see another beta sheet near the bottom right of
the protein that appears in cluster 1 (c) but not in 0 (b) or 2 (d). The
representative (solid) structure in each panel is the frame closest to the
average structure by RMSD. The protein is colored by secondary structure
in VMD’s100 NewCartoon drawing method. Alpha helices are magenta,
beta sheets are yellow, and pi-helices are dark blue, loops are cyan. Nu-
cleic acid is colored all light blue. Shadows are 50 evenly sampled frames
from the cluster. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 188

8.2 Clustering on alpha carbon coordinates of a zinc-bound protein of human
NEMO zinc finger with HDBSCAN yielded (a) 22 clusters with only 2.1%
of the 98,304 trajectory frames labeled as noise, and (c) 75% of them
placed into the most populated cluster and (d) 11% in the second highest
population cluster. Amorim-Hennig clustering yields (b) two bins with a
distinct structural difference. This clustering reveals the loop between the
alpha helix and beta sheet straightens and elongates – panels (e) and (f). 190

8.3 By plotting the zinc-unbound NEMO cluster time series (a), we see HDB-
SCAN yielded 976 clusters with 42% of the trajectory frames labeled as
noise (-1), indicating a disordered system. Visualization of the top 4 non-
noise clusters by population shows that HDBSCAN has captured inter-
mediate stages of secondary structure formation and destabilization. The
protein is colored by secondary structure in VMD’s NewCartoon drawing
method. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 191
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8.4 (a) Amorim-Hennig divided this folding simulation of villin headpiece into
9 clusters (b) representing various states of foldedness (c-f). All visual-
ized clusters are from Amorim-Hennig clustering. Cluster 7 (e) is the
most compact while cluster 5 is the least (d). Comparing clusters 5 (d),
7 (e) and 8 (f), we see additional searching for a final, folded conforma-
tion. HDBSCAN (b) also detected multiple stable structures, which upon
visualization turned out to be stable folding intermediates (Supporting
Information Figure S3) . . . . . . . . . . . . . . . . . . . . . . . . . . . . 193

8.5 Amorim-Hennig (a) identified stable states of the system across the 5
concatenated trajectories. These clusters (c-f) are differentiated primarily
by modes of the gamma loop, shown at the bottom of each panel; the so-
called “60s loop” shown in dark blue at the right of each panel; and exosite
II shown at the top of each panel. HDBSCAN (b) identified transient
states among these stable states (Supporting Information Figure 12). . . 194

8.6 HDBSCAN identified stable(a) vs. unstable systems (b), and Amorim-
Hennig provided finer resolution on structural changes (c-f). Visual com-
parison of the Amorim-Hennig clusters of the second of four trajecto-
ries (respectively beginning at frame 1, 1001, 6001 and 10,001) confirms
that the method uncovered distinct conformations. The flouridated DNA
strand is colored by residue number drawn with VMD’s NewCartoon
method. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 196

8.7 HDBSCAN clustering output suggests that the unbound thrombin ap-
tamer is generally unstable but has some long-lived states. On this system,
Amorim-Hennig binned the system into what appear to be compactness-
based bins (Supporting Information Figure 12). Thrombin aptamer DNA
strand is colored by residue number drawn with VMD’s NewCartoon
method. Visualized clusters are from HDBSCAN. . . . . . . . . . . . . . 197
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8.8 Using a toy two-dimensional data set generated with scikit-learn129 (a), we
give a conceptual explanation of HDBSCAN’s clustering algorithm. Using
mutual reachability distance as the distance metric, a minimum spanning
tree (b) is constructed. This tree solves an optimization problem such that
removing any edge would create disconnected components – set(s) of nodes
not connected to any other set(s). Based on the distances of connected
points in the minimum spanning tree, single-linkage hierarchical cluster-
ing is performed (c). Splits in the dendrogram that create clusters smaller
than the minimum cluster membership are rejected, and the final clusters
(d) are determined using HDBSCAN’s novel cluster stability metric34. In
panel (d), λ is inverse distance. The example here is based on a tuto-
rial by the author of the Python HDBSCAN implementation – Leland
McInnes – available at github.com/lmcinnes/hdbscan. Additionally, we
have made the python code for reproducing our specific example available
at figshare.com/articles/HDBSCAN and Amorim-Hennig for MD/3398266.206

8.9 Clustering with HDBSCAN on alpha carbon atoms of MutSα complexed
with cisplatinated DNA (a) yielded one cluster per trajectory, with the
initial structure of each simulation labeled as noise. For comparison with
Amorim-Hennig clustering of this system, presented in the paper proper,
Figure 1, we (b-c) we visualize both of these clusters. Shadows are 50
evenly sampled frames from each cluster. . . . . . . . . . . . . . . . . . . 211

8.10 Visualizing the Amorim-Hennig clusters (a-b) of non-zinc-bound NEMO
reveals a high level of variance within each cluster. Here we see the poor
performance of Amorim-Hennig on unstable systems. . . . . . . . . . . . 212

8.11 Visualizing the top 6 HDBSCAN clusters of Villin headpiece by population
revealed that HDBSCAN had found stable folding intermediates. . . . . . 213

8.12 Visualizations of representative structures of the most populated clusters
of Thrombin from HDBSCAN show that the structural differences between
the dominant clusters mainly occur at the flexible gamma loop and the
light chain termini, likely due to the high variation in position from their
mobility. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 214

8.13 On a trajectory concatenated from four simulations of F10 in the presence
of 150mMNaCl, HDBSCAN yields mostly noise (-1) and 126 clusters, the
largest of which comprises 1.37% of the trajectory frames, indicating an
unstable system. Here we (a-f) visualize the top 6 clusters by population
with shadows as 50 evenly sampled frames from the given cluster. . . . . 215
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8.14 On a trajectory concatenated from four simulations of F10 in the presence
of 150mMNaCl, (a) Amorim-Hennig places all structures into two clusters
within a high level of variance (b-c) within each cluster.Shadows are 50
evenly sampled frames from the given cluster. . . . . . . . . . . . . . . . 216

8.15 On a trajectory concatenated from four simulations, HDBSCAN primarily
split up the individual simulations, indicating that in each of the concate-
nated simulation F10 finds a different stable conformations. (a-f) Visualiz-
ing these conformations with shadows as 50 evenly sampled frames reveals
little variance in the nucleic acid backbone position within each cluster. . 217

8.16 On a trajectory concatenated from four simulations, HDBSCAN primarily
split up the individual simulations, indicating that in each of the concate-
nated simulation F10 finds a different stable conformations. (a-f) Visualiz-
ing these conformations with shadows as 50 evenly sampled frames reveals
little variance in the nucleic acid backbone position within each cluster. . 218

8.17 Amorim-Hennig split two the four concatenated trajectories of F10 in
150mM CaCl2 crisply into one cluster each. These conformation ensembles
exhibit little uncertainty (shadow width), indicating the structures are
highly stable. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 219

8.18 Amorim-Hennig divided this trajectory of unbound 15-TBA into what
appear upon visualization to be compactness-based bins. Calculating the
average RGYR of each of these clusters bolsters this assumption. . . . . . 220

8.19 Both HDBSCAN and Amorim-Hennig split two concatenated simulations
of MutSα in the presence of flouridated DNA into the individual simulations.221

8.20 (a) HDBSCAN splits a trajectory of MUTSα in the presence of mis-
matched DNA into the two concatenated simulations comprising it. (b)
Amorim-Hennig, though, (c-f) finds 4 states. . . . . . . . . . . . . . . . . 222

8.21 HDBSCAN finds 5 clusters in this 1 microsecond simulation of homology-
modeled SufC from Bacillus subtilis. . . . . . . . . . . . . . . . . . . . . 223

8.22 Amorim-Hennig finds 8 clusters in this 1 microsecond simulation of homology-
modeled SufC from Bacillus subtilis. . . . . . . . . . . . . . . . . . . . . 224

8.23 HDBSCAN finds 7 clusters in this 1 microsecond simulation of docked
homology-models of SufC and SufD from Bacillus subtilis. . . . . . . . . 225

8.24 Amorim-Hennig finds 2 clusters in this 1 microsecond simulation of docked
homology-models SufC and SufD from Bacillus subtilis. . . . . . . . . . . 226

8.25 HDBSCAN finds 12 clusters in this 1 microsecond simulation of F10 in
150mM MgCl2. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 227

8.26 Amorim-Hennig finds 5 clusters in this 1 microsecond simulation of F10
in 150mM MgCl2. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 228
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8.27 HDBSCAN finds 48 clusters in this 5 microsecond trajectory of unbound
thrombin in 150mM KCl. . . . . . . . . . . . . . . . . . . . . . . . . . . . 229

8.28 Amorim-Hennig finds 4 clusters in this 5 microsecond simulation of un-
bound thrombin in 150mM KCl. . . . . . . . . . . . . . . . . . . . . . . . 230

8.29 We compare the time series of K-Means clusterings that maximize silhou-
ette values. Here we perform K-Means clusterings with with values of
k between 2 and 20 (inclusive). We report the time series for the value
of k with the highest silhouette score. Aside each of these, we plot the
A-H time series for comparison. We see similar clusterings for F10 in the
presence of calcium (a-b). However, A-H has one fewer clusters and has
more temporally grouped clusters. That is, whereas A-H mostly split the
concatenated trajectories into its substituent 4 individual trajectories, K-
Means maximizing silhouette indicated more overlap in the trajectories.
For MutSα in the presence of cisplatinated DNA, we see that A-H in-
dicates one additional cluster, appearing to split K-means cluster 1 into
two clusters. For the SufC protein, we see A-H indicating 5 more clusters
than K-Means. SufC is a highly stable system, indicating that A-H is
finding finer details in this system. From these comparisons, and those in
Supporting Information Figure S21, we see that A-H has a preference for
more tight clusters over K-Means maximizing the silhouette score. . . . . 231

8.30 For systems with an average RMSF less than 2Å, we consistently ob-
served distinct conformational changes across Amorim-Hennig clusters and
gained little information beyond deciding the stability of the system from
HDBSCAN clusters). We observed that HDBSCAN provided more mean-
ingful clusters for polymers with an average RMSF larger than 5Å (Fig-
ure 9), which is likewise consistent with our conclusion that HDBSCAN
is best for more systems with higher structural variance. Systems with
average RMSFs between 2Å and 5Å had no clear pattern. In this fig-
ure, simulated systems are assigned an arbitrary system number (x-axis)
and labeled in the format system short name most informative clustering
algorithm. *Our simulation for Villin headpiece was one of folding. The
system is expected to undergo large conformational shifts, as it transitions
from unfolded to folded. Above we presented Amorim-Hennig clusters for
Villin headpiece due to their correlation to RGYR; however, it was HDB-
SCAN that found the stable folding intermediates. **On MutSα exposed
to FdU-substituted DNA, the two clustering methods gave essentially the
same result, with only a few initial simulation frames labeled differently. . 232

xxii



9.1 For reference, we label the Thrombin structural domains discussed herein.
These are Exosite I, Exosite II, the 60-loop, the Na+ loop, and the γ loop. 256

9.2 The MSH26 complex shown here is colored by structural domain name.
The colors-domain pairs are blue for the mismatch binding domain, green
for the connector domain, yellow for the leaver domain, orange for the
clamp domain, and red for the ATP-ase domain. For clarity, the ADP
molecules present in the crystal structure69 are shown in a bonds repre-
sentation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 257

9.3 In this example of correlation visualization with the biologically relevant,
zinc-bound NEMO CYNZN, we use the (a) residue-residue correlation
matrix as (b) a similarity matrix for HDSCAN clustering, and as (c) raw
input for clustering. We also (d) calculate a new similarity matrix based
on the dot products of all correlation vectors with one another. On the x-
axis of the correlation matrix (a), we have labeled the secondary structure
elements of NEMO for easy reference. . . . . . . . . . . . . . . . . . . . . 259

9.4 In this example of correlation visualization with the biologically relevant,
zinc-unbound NEMO CYS, we use the (a) alpha carbon correlation matrix
as (b) a similarity matrix for HDSCAN clustering and as (c) raw input for
clustering. We also (d) calculate a new similarity matrix based on the dot
products of all correlation vectors with one another. On the x-axis of the
correlation matrix (a), we have labeled the secondary structure elements
of NEMO for easy reference . . . . . . . . . . . . . . . . . . . . . . . . . 261

9.5 In this example of correlation visualization with an apo form of Thrombin
in the presence of sodium, we use the (a) alpha carbon correlation matrix
as (b) a similarity matrix for HDSCAN clustering and as (c) raw input
for clustering. We also (d) calculate a new similarity matrix based on the
dot products of all correlation vectors with one another. . . . . . . . . . . 263

9.6 In this example of correlation visualization with an apo form of Thrombin
in the presence of potassium, we use the (a) residue-residue correlation
matrix as (b) a similarity matrix for HDSCAN clustering and as (c) raw
input for clustering. We also (d) calculate a new similarity matrix based
on the dot products of all correlation vectors with one another. . . . . . . 264

9.7 In this example of correlation visualization with an MutSα bound to cis-
platinated DNA, we use the (a) residue-residue correlation matrix as (b)
a similarity matrix for HDSCAN clustering and as (c) raw input for clus-
tering. We also (d) calculate a new similarity matrix based on the dot
products of all correlation vectors with one another. . . . . . . . . . . . . 266
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9.8 In this example of correlation visualization with an MutSα bound to car-
boplatinated DNA, we use the (a) residue-residue correlation matrix as
(b) a similarity matrix for HDSCAN clustering and as (c) raw input for
clustering. We also (d) calculate a new similarity matrix based on the dot
products of all correlation vectors with one another. . . . . . . . . . . . . 267

10.1 Correlation coefficients of time-lagged correlation matrix at a series of τ
values to the typical equal time correlation matrix are presented for (a-b)
therapeutic DNA strand F10 in physiological solvents, NEMO zinc finger
with (c) and without (d) a bound zinc ion, Thrombin in a (e) stabilizing
and (f) destabilizing solvent, and MutSα with (g) cisplatinated DNA and
(h) carboplatinated DNA. Bars are standard error. . . . . . . . . . . . . 289
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Abstract

Thrombin is a critical drug target for chemotherapeutic and antithrombotic therapy
development. Although many experiments have demonstrated that thrombin is a multi-
functional allosteric enzyme, the exact mechanism of thrombin’s allostery is still unclear
and widely debated. This dissertation describes my application of molecular dynam-
ics simulations and various quantitative methods to uncover thrombin’s allostery. It
discusses thrombin’s allosteric responses upon different factors including ion conditions,
mutations, and ligation statuses. My in-depth atomic-level investigation presents ex-
perimentally consistent results and also provides mechanistic insights into thrombin’s
functional switch. Several novel testable predictions further the understanding of throm-
bin’s substrate recognition process and allosteric pathways. Finally, the work concludes
with future directions of investigating the allosteric network of thrombin.
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Chapter 1

Molecular dynamics in
computational biophysics

1.1 Computational biophysics and its relevance to

drug discovery

1.1.1 What is biophysics?

Biophysics is a subject that aims to understand patterns in life through mathematical
and physical principles. It advances our knowledge of the complex biological world
by uncovering physical properties and processes and by making detailed and testable
predictions about the activities within living organisms. Therefore, biophysics covers
a wide range of biological systems, from biomolecules to cells, organisms and envi-
ronments. Given my personal interest in understanding and fighting diseases during
the formative years of my PhD, I have focused on the atomic and molecular levels of
biophysics.

Biological macromolecules, such as proteins and nucleic acids, are essential ele-
ments in living organisms. These biomolecules carry out their functions in a complex
network of biological processes. Any disturbances in these molecules due to environ-
mental changes or mutations may cause molecular malfunction and lead to disease.
Therefore, a detailed characterization of properties of biomolecules is a fundamental
step toward understanding their roles in biological processes and diseases.

The biophysical properties of biomolecules, such as their structures, are key com-
ponents of their function and maintenance. Proteins and nucleic acids, which are
composed of chains of amino acids or nucleotides, respectively, usually fold with dif-
ferent levels of hierarchical complexity. Table 1.1 summarizes common hierarchical
structures of these biopolymers. The secondary structures are primarily maintained
by hydrogen bonds, while the tertiary and quaternary structures are stabilized by sev-
eral other interactions such as hydrophobic, electrostatic, van der Waals’ interactions
and disulfide bonds1,2.

Well folded structures ensure specific interactions between molecules, leading
to molecular recognition and molecular signaling in living organisms. The inter-
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Table 1.1: Common hierarchical structures of proteins and nucleic acids

Level Protein Nucleic acids
Primary Amino acid sequence Nucleic acid sequence
Secondary Alpha helix, beta sheet Helix, stem loop, pseudoknot, quadruplex
Tertiary Functional domain A/B/Z forms double helix
Quaternary Higher-level organization of proteins or nucleic acids

actions between biomolecules such as protein receptors-ligands, antigen-antibody,
DNA/RNA-protein can result in two types of molecular responses, which are con-
formational changes and shifts in conformational distributions. The first type of
responses, conformational changes, is called induced-fit3,4. The second type of re-
sponses, shifts in conformational distributions, is named as conformational selection
or generalized allostery5,4,6,3. These two types of changes can eventually trigger bio-
chemical reactions and signal transduction7,8,9. A perturbed abnormal recognition
can cause a fatal disorder in biological functions and signaling networks. Therefore,
understanding the mechanisms of molecular recognition has theoretical and practical
significance. Identifying the patterns in the binding interface and understanding their
influences on the impaired molecules can facilitate the design of therapeutic agents.

Additionally, kinetic properties play an important role in their overall function.
Biomolecules are not static under thermal fluctuations, and the individual atoms are
continuously interacting with one another and with the environment. Understanding
the dynamics of biomolecules can explain the wide range of thermally accessible states
of a system and thereby connect the structure and function spaces. In many different
biological systems the frequency of domain motion plays an important role in catalytic
efficiency10,11. Furthermore, the coupling of conformational changes between distinct
binding sites of a protein, known as allostery, has also been widely observed and is
thought to be the strategy used by nature to regulate protein activities12.

Therefore, changes in a biomolecule’s conformational ensembles, flexibilities, dy-
namic couplings, and frequencies of motions are basic responses to perturbations
such as ligand binding or disease-associated mutations. Research on these biophysi-
cal properties helps us to understand the causes of disease and develop therapeutic
drugs.

1.1.2 Computational aspects of Biophysics

Different experimental techniques have advanced our understanding of the physical
properties of biological systems. For example, X-ray crystallography has been used
to determine the structure of proteins and nucleic acids along with atomic details of
bound ligands, ions and inhibitors. However, the crystallization process is laborious,
and the quality of the resulting X-ray structure heavily relies on the ability of homoge-
neous crystals to be formed. In X-ray crystallography, the electron density maps from
the crystal diffraction pattern precisely reflect the average positions of most atoms in
a rigid protein. This allows X-ray crystallography to provide a high-resolution static
image (resolution value of 1.0 ∼ 1.5 Å) that shows the structure of a rigid protein. On
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the other hand, an atom’s coordinates in flexible regions cannot always be resolved
due to their ambiguous electron densities. Additionally, crystal packing may occur
and cause artificial conformational changes in the biomolecule’s original structure.

Nuclear magnetic resonance (NMR) spectroscopy is another method that is com-
monly used to determine structure. By probing the local magnetic field around
atomic nuclei in a strong background magnetic field, NMR spectroscopy detects
high-frequency radiation waves, which characterize the local interactions and local-
ized motions of atoms with corresponding resonant nuclei. As NMR experiments
do not require a crystal form, this method overcomes several of the aforementioned
weaknesses of X-ray crystallography, such as crystal locks and missing coordinates
in flexible regions. In addition, NMR spectroscopy can provide models representing
the structural ensemble of the molecules in solution. Currently, a system being mea-
sured in NMR experiments is limited to 50 to 100 kDa due to reduced sensitivity and
increased spectral complexity for larger systems13,14,15.

While these structure determination methods have been useful, new technolo-
gies such as serial femtosecond crystallography are also filling the gaps between the
observed images and the underlying processes16. However, even with these new tech-
nologies, it can still be difficult to observe dynamics and conformational ensembles in
high spatial and temporal resolution using experimental methods. This advance in
experimental work has come with the additional benefit of providing highly accurate
structural information of biomolecules, which can be important prior knowledge for
molecular modeling.

Computational modeling has proven useful as a complementary approach to re-
veal the conformations and dynamics of biomolecules. Molecular dynamics (MD)
simulations have been employed to explore a wide variety of biomolecular systems
since Nobel Prize Laureate Martin Karplus and his colleagues at Harvard University
performed the first biomolecular dynamics simulation on bovine pancreatic trypsin
inhibitor (a small protein with 58 amino acids) in 197717. In current X-ray crystallog-
raphy and NMR experiments, MD simulation-based in silico model refinements are
performed using empirical mechanics force fields after experimental data collection.

In an MD simulation, starting from an initial structure determined or estimated
from experimental methods such as X-ray crystallography and NMR spectroscopy,
the coordinates of each atom are updated according to Newton’s equations of motion.
The conformational ensembles and underlying motions of the bimolecular system can
be reproduced and captured by MD simulations with atomic details and picosecond
time resolution. Leveraging the development of computer hardware and algorithmic
parallelization, the time scale of all-atom MD simulations has reached microsecond to
millisecond time scale, which makes it possible for direct comparisons between theo-
retical calculations and experimental measurements. Using coarse-graining modeling,
researchers can also look at longer time scales for larger systems. Therefore, MD
simulations provide a predictive complement to experimental observations. Recently,
MD simulations have been widely adopted to probe the dynamics of proteins and
nucleic acids as well as their interactions with ions, water and drug molecules.

In addition, MD simulations have been used as an ab initio method to determine
the structures of biomolecules. Researchers have observed small proteins with 10 to
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80 amino acid residues can correctly fold into their experimentally determined native
structures within 100 µs ∼ 1 ms in MD simulations18. Similarly, the structures of
a single stranded DNA aptamer (therapeutic oligonucleotide) and a large complex
DNA origami object (4.7 million daltons) are predictable through all-atom MD sim-
ulations19,20. These successes not only validate the force field being used in the MD
simulations, but they also offer another potential option for structure determination
in the future. When the structures of biomolecules of interest have not been de-
termined by costly experimental methods, computational modeling is more likely to
provide useful information.

As a result, MD simulations have contributed to drug discovery in several ways.
Ligand binding or mutations can induce generalized allostery or induced-fit-like ef-
fects on proteins and nucleic acids. Dissecting the allosteric effects via MD simulations
does not just expand the knowledge of the drug’s influence on the target molecule
but also promotes the design of an allosteric modulator. Instead of the orthosteric or
catalytic site on an enzyme, the allosteric site is more frequently targeted during drug
discovery21,22. Moreover, analysis of conformations sampled in MD simulations re-
veals both thermodynamic and kinetic hubs of conformations23. These conformations
play a significant role in the intrinsic dynamics of the target molecules. Therefore,
using these conformations in structure-based drug design may result in more potent
drugs.

Other computational techniques, such as molecular docking24, also advance our
understanding of biophysical properties and processes. As the focus of this work is on
MD simulations, the last two sections of this chapter cover relevant technical basics.

1.2 Basics of molecular dynamics

The coordinates of each atom and molecule change with time, and they can be traced
in a physically realistic manner. Given a particular potential, obtained from what is
called a force field, and an initial spatial distribution of each atom, coordinates are
calculated and updated according to equations of motion. A numeric implementation
of solving equations of motion on computers is what is known as molecular dynam-
ics (MD) simulations. Therefore, the basics of molecular dynamics are summarized
below.

1.2.1 Initial structure

The initial structure of MD simulations is usually obtained from the experimentally
determined average structure of the biomolecules. For de novo modeling, the ini-
tial structure can also be obtained from homology modeling, which selects previously
known structures with similar sequences as a structural template. For the binary
complex, molecular docking can also offer an estimation of the initial structures. Al-
though these initial structures may not necessarily be very accurate, MD simulations
can have the system relaxed to their intrinsic conformational ensembles given a long
enough simulation time and an accurate enough force field.
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1.2.2 The force field

In most MD simulations on biomolecules, molecular motions are described in terms
of classical mechanics and thus can be tracked by Newton’s equation,

mr̈ = F (r), (1.1)

where m and r denote the mass and position of the atom respectively. The force
vector F is obtained from the potential energy function V according to the following
equation

F (r) = −5r V (r). (1.2)

The semi-empirical force field we used for all of the work here is the CHARM27
force field25,26,27, which includes the following terms in potential energy function:

V =
∑
bonds

kb (b− b0)2 +
∑
angles

kθ (θ − θ0)2 +
∑

dihedrals

kφ [1 + cos (nφ− δ)]

+
∑

impropers

kω (ω − ω0)
2 +

∑
UB

ku (u− u0)2 +
∑

residues

uCMAP (φ, ψ)

+
∑
i>j

εij

[(
Rmin
ij

rij

)12

−
(
Rmin
ij

rij

)6
]

+
∑
i>j

qiqj
4πε0εrij

.

(1.3)

Bond stretching

The chemical bonds are modeled as simple harmonic oscillators. The relevant poten-
tial energy term can be written as,

Vbonds =
∑
bonds

kb (b− b0)2 , (1.4)

where the force constant kb has different values for different bonding pairs and (b−b0)
is the displacement of bonded atoms from their equilibrium positions b0.

Angle bending

The bond angle arrangement around each atom in a molecule is governed by the
hybridization of the electrons orbitals around the atom. The associated energy with
a bond angle is also calculated using the simple harmonic oscillator model in terms
of displacement away from the equilibrium angle, θ0 and the bonding strength kθ and
is given by,

Vangles =
∑
angles

kθ (θ − θ0)2 . (1.5)
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Dihedral torsion

The potential term associated with torsional energy is,

Vdihedrals =
∑

dihedrals

kφ [1 + cos (nφ− δ)] , (1.6)

where kφ is dihedral force constant, n is the multiplicity of the function, φ is the
dihedral angle and δ is the phase shift.

Improper dihedral torsion

The improper torsion potentials are defined as a harmonic term for several types of
situations to improve the overall fit of energies and geometries. This term is expressed
as,

Vimpropers =
∑

impropers

kω (ω − ω0)
2 , (1.7)

where ω0 is the equilibrium dihedral torsion.

Urey-Bradley

In some cases of three bonded atoms A-B-C, a quadratic function of the distance, u,
between atoms A and C, called Urey-Bradley term is needed to optimize the fit to
vibrational spectra. This term can be expressed as,

VUrey−Bradley =
∑
UB

ku (u− u0)2 , (1.8)

where u0 is the distance between the atoms A and C in the equilibrium configuration.
These first five terms, along with an additional backbone torsional correction

called CMAP26, compose the internal potentials of the molecules. The external con-
tributions come from the non-bonded terms below.

Van der Waals dispersion interaction

This non-bonded interaction is described via the Lennard-Jones (LJ) 6-12 term,

VLJ =
∑
i>j

εij

[(
Rmin
ij

rij

)12

−
(
Rmin
ij

rij

)6
]
, (1.9)

where the well depth εminij and the distance of Rmin
ij are obtained from the correspond-

ing values (i.e.Ri, Rj, εi, and εj) for each individual atom i, j via the combination

rules εminij =
√
εmini εminj and Rmin

ij = (Rmin
i +Rmin

j )/2.
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Electrostatic interactions

The strongest long range non-bonded interaction is quantified by Coulombs law,

Velectrostatic =
∑
i>j

qiqj
4πε0εrij

, (1.10)

where the relative dielectric constant, ε, is set to one in calculations with explicit
solvent, corresponding to the permittivity of vacuum, ε0.

To save computational time, non-bonded interactions are approximately calcu-
lated between all atom pairs within a user-specified inter-atomic cutoff distance, ex-
cept for covalently bonded atom pairs and atom pairs separated by two covalent
bonds.

1.2.3 Solvation techniques

Although the pioneer MD study by McCammon et al. in 197717 did not carefully con-
sider the aqueous environment, it has since become apparent that the conditions of a
solution, including surrounding ions and water molecules, are critical for the activi-
ties of biopolymers28,29,30,31,32,33,34,35. For example, fluctuations of water molecules are
critical for a protein’s conformational motions33. In addition, the water shell around
the biomolecules exhibits different properties than the bulk solvent34 and plays a
crucial role in a biopolymer’s structures31,32.

As the number of solvent molecules is usually much more than the one of the sim-
ulated biopolymers in the simulations, appropriate approximations regarding solvent
interactions are needed to balance the force field accuracy and computational cost.
The two major approaches to find this balance are through an explicit or implicit
solvent model36.

An explicit solvent model takes into consideration the complete water molecule
with two hydrogens and a bound oxygen. Similar to the biopolymers, the bond that
connects the oxygen and hydrogen atoms in a water molecule is usually maintained via
the SHAKE algorithm37. A significant computational speed-up is achieved through
the omission of the less interesting high frequency oxygen-hydrogen bond length fluc-
tuations. To capture the polarity of the water molecule, which is the most important
aspect, different numbers of site interaction points are considered for different explicit
solvent models. The most common models in an MD study are TIP3P and TIP4P38,
which are 3 and 4-site models, respectively. When possible, an explicit solvent should
be employed in an MD study because such a model can capture the representative
motions at both global and local scales36.

In situations where the computational expense of an explicit solvent is overly bur-
densome, implicit solvent approximations are needed. In the implicit solvent models,
the solvent effects are approximated without including the explicit presence and mo-
tion of water molecules. A variety of implicit solvent models, including Generalized
Born (GB) models, have shown some promise in reproducing the experimentally con-
sistent solvent behavior39,36. However, it has also been revealed that the implicit
solvent models may introduce artificial effects such as an over-stabilization of the
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secondary structures of proteins40. In the era of Graphics Processing Unit (GPU)
parallelization, explicit models have become the standard.

1.2.4 MD analyses

The raw output from an MD simulation is a tensor, which records the time series of
each atom’s coordinates. As a typical MD stimulation contains thousands of atoms
and hundreds of thousands of time frames, analyses on the high-dimensional noisy
MD trajectories can be a challenging data-mining task. There are many techniques
available for different purposes. In the following section we outline several standard
but informative techniques. Several specific examples of these techniques can also be
found in the following chapters.

Root-Mean-Square Deviation (RMSD)

RMSD reflects the mean atomic position deviation between the current conformation
and some reference point. The reference point is usually either the crystal structure
or the average structure. RMSD is expressed as,

RMSD(t) =

√√√√ 1

N

N∑
i=1

(ri − r′i)2, (1.11)

where N is the total number of atoms, ri(t) are the coordinates of atom i at time t
and r′i are the coordinates of the same atom in the reference structure. Calculations
of RMSD provide a rough way to monitor the conformational changes of biomolecules
and the convergence of the simulations.

Root-Mean-Square Fluctuation (RMSF)

RMSF is a distance measurement of the fluctuations of each atom from the reference
structure, averaged over the whole trajectory according to

RMSF (i) =

√√√√ 1

T

T∑
t=1

(ri− < ri >)2, (1.12)

where T is the time frame in which the fluctuations are averaged. In this case, T
stands for number of frames in the trajectory. < ri > is the average position of atom i.
As written here, RMSF quantifies atomic fluctuations and reveals the thermodynamic
behavior of each atom.

Covariance and Correlation

Both covariance and correlation aim to quantify how motions are coupled between
two atoms. Correlation, also called Pearson correlation, is a normalized version of
covariance. Covariance and correlation are defined as,
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˜cov(i, j) =
N∑
t=1

(rti − 〈rti〉) ·
(
rtj − 〈rtj〉

)
N

, (1.13)

˜corr(i, j) =
˜cov(i, j)√

˜cov(i, i) · ˜cov(j, j)
, (1.14)

where 〈rti〉 is the time average of the position vectors rti for atom i. The normalization
factor N equals the number of frames T , although it is usually set to T−1 to eliminate
errors from biased sampling. Independent of the value taken, the numerical difference
is negligible due to the large number of frames in our microsecond-long simulations.

The formulas 1.13 and 1.14 result in a diagonally symmetric matrix showing corre-
lations and anti-correlations of atomic motions. When the value of a matrix element
˜cov(i, j) or ˜corr(i, j) is larger than 0, it stands for atom i and atom j have the similar

motion pattern, i.e., when one atom is moving away from the average position, the
other atom also tends to move away from its average position. A negative value for
the matrix element indicates that the two atoms have opposing motion patterns. A
value of 0 indicates no correlation and anti-correlation of relevant atoms.

However, the covariance and correlation described here can only accurately quan-
tify the linear dependency between the positions of atom i and j. Additionally, they
fail to quantify the coupling if the motions of atom i and j are perpendicular. There-
fore, it has been proposed in the literature that one should replace the Pearson corre-
lation with mutual information to quantify the couplings in a biomelecule, although
the calculation of mutual information is significantly more expensive41.

Clustering and Markov modeling

Clustering analysis aims to classify the data into several groups by their features.
In the analysis of MD trajectories, molecular conformations are classified into dif-
ferent groups according to their structural similarity, which can be quantified via
different metrics, such as RMSD. Clustering analysis discretizes the continuous high-
dimensional MD trajectories into one-dimensional micro-state index trajectories. In
the following chapters, tests on MD data using different clustering algorithms prove
useful in determining different levels of conformational changes. As seen in following
chapters, different clustering algorithms were tested for MD data.

Markov state models (MSM) can be constructed based on the assumption that
the probability distribution for the subsequent state is only dependent on the current
state42. The underlying processes in an MD simulation meet this Markovian assump-
tion43. Given a Markov process with transition matrix T , the density distribution of
states µ at t and t+ τ satisfies

µ(t+ τ) = T τµ(t). (1.15)
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Based on this Markovian property, a constructed MSM can be validated using a
Chapman-Kolmogorov test42. This test examines the equality of the following equa-
tion:

T k(τ) = T (kτ). (1.16)

Here, T (τ) represents the transition matrix estimated from the data based on time
lag τ ; T (kτ) is estimated from the same data using a longer time lag of kτ .

Clustering analysis not only provides coarse-grained models of the thermodynamic
states microstates and macrostates, but it also helps quantify observables related
to the kinetic transitions among states. Although the underlying processes in MD
simulations are Markovian, the discretized trajectories from clustering analysis are
not necessarily Markovian due to errors introduced by discretization43. The hidden
Markov model (HMM) has been proposed as a way to overcome this computational
issue by taking advantage of Bayesian statistics43.

The statistical mechanics framework of Markov modeling can predict long timescale
dynamics from a pool of short MD simulations44. Under this model, one can get the
transitional probabilities among each state from the transition matrix. Thus, the
application of Markov modeling based upon the clustering analysis is useful in un-
derstanding the dynamics of the biomolecules in terms of state stability and lifetime,
and transition pathways. Identification of important conformational states – either
thermodynamic or kinetic hubs – could be a profound input for structure-based drug
design.

Principal component analysis (PCA)

PCA performs a linear transformation to map the original high dimensional data
sets to a new feature space. In such a space, a few dimensions of the new features
can reproduce the majority of variances in the original data set. Therefore, PCA is
suitable to capture the major conformational differences in biological systems. The
basic procedures of PCA are listed below.

1. Prepare the M × 3N centered matrix A as the input, where each row stands
for an observation in terms of flattened coordinates (X1, Y1, Z1, X2, Y2, Z2, ,
XN , YN , ZN), and M and N are the number of observations and the number
of atoms, respectively.

2. Calculate the covariance matrix C of A.

3. Diagonalize the covariance matrix C, where the eigenvectors V are the new
feature bases. The projections Y = AV are the values of observations under the
new feature bases. The eigenvalues corresponding to each eigenvector represent
the significance of each new feature component. The larger the magnitude of an
eigenvalue is, the higher the variation of the data in the corresponding principal
component. This allows for the largest fluctuations in the original data to be
expressed using a few of the top principal components.
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Time-lagged independent component analysis (TICA)

TICA, which is another linear transformation method, is becoming more widely used
as a data decomposition tool in MD analysis45,46,47,48,49. In contrast to PCA, which
defines the new feature space using the eigenvectors of the 0-lag covariance matrix
(see equation 1.13), TICA makes use of the time-lag covariance matrix50. The time-
lag covariance matrix C has the same formula as the autocorrelation at a lag time τ ,
which is written as,

C̃(i, j, τ) =
N−τ∑
t=1

(rti − 〈rti〉) ·
(
rt+τj − 〈rt+τj 〉

)
N − τ . (1.17)

In other words, PCA finds directions with maximal variance, TICA finds directions
with maximal autocorrelation at the given lag time. As C is not necessarily symmet-
ric, its eigenvalues can be a complex number. Therefore, the basis set of the reduced
feature space is picked as the eigenvectors of the symmetric matrix (C + Cᵀ)/2.

As a result, TICA defines the reaction coordinates based on the slow kinetic com-
ponents and thus is suitable to decompose high-dimensional noisy MD data before the
construction of an MSM. The eigenvectors and eigenvalues of resultant MSM approx-
imate the kinetic processes and time scale exhibited in the given MD simulations43.

Free energy profile

Free energy is the energy in a physical system that can be converted to do work. In
statistical physics, the probability, p, of a state under a given condition, such as tahe
fixed number of particles ,N , pressure ,P , and temperature ,T , in MD simulations, is
proportional to a Boltzmann weight factor in terms of the free energy G of that state,

p ∝ exp(− G

kBT
), (1.18)

where kB is the Boltzmann constant and T is the temperature. Differences in the free
energy of states indicates the relative thermodynamic stability of the states. While
the free energy itself is not easy to measure, the free energy difference, ∆G, between
two states can be computed based on their relative probability p according to,

∆G = −kBT ln(p). (1.19)

The relative probability ,p, can be estimated by analyzing the histogram of collected
variables, such as PCA/TICA projections, that describe the states.

1.3 Further reading on biophysics

MD simulations have proven complementary to experimental techniques as they pro-
vide extremely high spatial and temporal resolutions to study the molecular dynamics
behaviors related to macroscopic biological processes. In addition to MD simulations,
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other computational methods, such as molecular docking51 and quantitative structure
activity relationship (QSAR) modeling52, are widely used in drug discovery. Similar
to MD simulation, molecular docking is also a physics-based method that predicts
the binding modes of one molecule against another. In contrast, QSAR is a statistical
method that predicts the potency of the drug candidate based on regression on its
features.

Recently, machine learning methods have been adapted and developed for bio-
physics and biomedical research. The aforementioned clustering analysis is an un-
supervised learning method that finds models based on unlabeled data. For labeled
data, such as mutation types and ligation statuses, supervised learning can be used
to find classification models and evaluate feature importance. As seen in Chapter 5,
a decision tree learning algorithm can be used to identify critical hydrogen bonds for
allostery signaling.

Moreover, deep neural networks, a universal function approximator53, have been
adapted for use in computational biophysics studies in recent years. For example, a
deep neural network called VAMPnets outperforms human experts in MSM construc-
tion54. Deep neural networks have also been shown to outperform docking approaches
when used in drug discovery55,56.

Developments of high-throughput experimental techniques and computation hard-
ware have resulted in an exponential increase in various biological data. Combinations
of various methods are needed to identify and understand the patterns behind vari-
ous experimental phenomena and to collect vast amounts of data. This ensures that
computational methods will play an even more significant role in the future.
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Chapter 2

Multifaceted roles of thrombin in
coagulation and cancer
development

2.1 Thrombin in blood coagulation

Thrombin is a serine protease in the chymotrypsin family, which performs catalytic
proteolysis on a large number of substrates. These substrates, including factors I (i.e.,
fibrinogen), V, VIII, X, XI, XIII, etc, play important roles in blood coagulation1,2. As
illustrated in Figure 2.1, thrombin servers as the final protease in the blood clotting
cascade, regulating both coagulant and anticoagulant processes2,1.

In the coagulant processes, thrombin interacts with its procoagulant substrates
and thus facilitates the formation of blood clots. As an example, thrombin catalyti-
cally converts the soluble fibrinogen into insoluble fibrin. It also activates factor XIII
and protease-activated receptors (PARs, i.e., PAR-1, PAR-3, and PAR-4)1. These
activated products serve to generate the fibrin meshwork and platelet plug at the
wound site3. In addition, thrombin can also activate factors V and VIII to stimulate
its own conversion from its precursor prothrombin4. Such positive signaling feedback
due to thrombin also promotes hemostasis.

At the same time, thrombin also plays an important role in anticoagulant pro-
cesses. Thrombin acts as an anticoagulant through binding to the endothelial cell
receptor thrombomodulin (TM) and activating protein C zymogen. The interaction
between thrombin and thrombomodulin not only suppresses thrombin’s cleavation of
the fibrinogen and PARs, but it also increases thrombin’s specificity to the anticoag-
ulant protein C. The product from thrombin’s activation, activated protein C, then
proteolytically inactivates the activated factors V and VIII and limits the further
generation of thrombin.

As seen, thrombin induces positive and negative signaling during vascular hemosta-
sis. In this role thrombin exhibits both coagulant and anticoagulant properties. Due
to its a central role in procoagulant and anticoagulant pathways (Figure 2.1), throm-
bin is an attractive drug target.
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Figure 2.1: Thrombin’s roles in the blood coagulation cascade. Figure
and caption adapted by the figure created by Joe D from Wikimedia com-
mons (https://commons.wikimedia.org/wiki/File:Coagulation_full.svg) un-
der the licenses of GFDL (http://www.gnu.org/copyleft/fdl.html), CC-BY-
SA-3.0 (http://creativecommons.org/licenses/by-sa/3.0/) or CC BY-SA 2.5
(https://creativecommons.org/licenses/by-sa/2.5).

2.2 Thrombin in cancer development

In addition to thrombin’s well known functions in clot formation, there is substantial
evidence that thrombin plays important roles in tumor growth and metastasis5,6,7,8.
For example, it has been revealed that thrombin can drive colonic adenocarcinoma
growth by mediating the proteolysis of PAR1 and fibrinogen5. Thrombin-mediated
proteolysis of these procoagulant substrates (i.e. PAR-1 and fibrinogen) appears to
lead to decreased tumor necrosis and increased tumor vascular density5. Due to the
association between blood coagulation and cancer development9,10,11,12, thrombin has
a profound impact on cancer and metastasis.

First, thrombin promotes angiogenesis and results in a favorable tumor microenvi-
ronment. Thrombin up-regulates the production of vascular endothelial growth factor
(VEGF) via activation of PARs13. This proangiogenic factor VEGF helps form new
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vessels and eventually benefits the growth of tumor cells.
Second, thrombin promotes the proliferation of tumor cells. As mentioned previ-

ously, thrombin-driven colonic adenocarcinoma growth appears to ascribe thrombin’s
proteolysis of PAR1 and fibrinogen5.

Third, thrombin promotes tumor invasion and progression. By mobilizing adhe-
sion molecules, such as P-selectin and platelet GPIIb-IIIa, thrombin enhances the
adhesion between tumor cells, platelets, endothelial cells, etc13,7. Such change facili-
tates the metastatic progression of cancer.

More details about thrombin’s complex influence on cancer development can be
found in the review articles by Wojtukiewicz et al. 8, Nierodzik and Karpatkin 6, Rick-
les et al. 13, although the exact molecular mechanisms remain unclear. Understand-
ing thrombin’s role in tumor growth, invasion, and progression is a pressing, open
question13. So far, it has been widely observed that thrombin promotes cancer de-
velopment via interactions with PARs and fibrinogen. It has been proposed that
down-regulating the generation of thrombin in cancer patients may prevent tumor
growth and metastasis13. As inspired by the application of the VEGF-specific anti-
body bevacizumab in cancer treatments14, thrombin is likely a potential target for
cancers.

2.3 Challenges in understanding thrombin’s func-

tions

Thrombin’s specific recognition of its coagulant and anticoagulant substrates is de-
termined by thrombin’s active and regulatory sites (Figure 2.2). The catalytic triad
of thrombin is composed of His57, Asp102, and Ser195 (residue numbers are based on
chymotrypsin numbering scheme). The known regulatory sites in thrombin include
the exosite I and II, 60s, 220s, and γ loops. Exosite I and II contains several positively
charged residues and result in specific substrate binding. In particular, exosite I is
responsible for fibrinogen, fibrin, thrombomodulin, PAR1, and PAR2, while exosite
II is the binding site of platelet receptor GpIb, heparin, and glucosaminoglycans1.
The 220s loop is the Na+-binding region that is about 15 Å away from the catalytic
triad. The hydrophobic 60 loop and the hydrophilic γ loop are thought to sterically
restrict access of large substrates to the active site and thus play a role in thrombin’s
specificity4.

The balance between thrombolysis and thrombosis requires an efficient switch be-
tween the pro- and anticoagulant actions of thrombin. Several studies have shown
that the catalytic activities of thrombin are maximized by Na+ ions15,16,17,18. Be-
cause the crystallographic study indicates that a Na+ ion is bound to the 220s loop
(∼15 Å away from the catalytic triad), thrombin has been considered as an allosteric
enzyme19,20. However, available crystal structures of the wild-type thrombin do not
present significant conformational changes in the presence and absence of Na+21,22,23.
The debate over thrombin’s activation by Na+ is over two decades old24 and is ad-
dressed in detail in Chapters 3 and 4.
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Figure 2.2: Thrombin-Na+ complex structure. The thrombin is shown in green.
The 60s (in pink), 220s (in blue), and γ (in gray) loops and exosite I (in orange)
and II (in yellow) are highlighted as the known regulatory regions. The side chains
of the catalytic triad are displayed in red. The bound Na+ is shown as the yel-
low bead. Figure and caption adapted with permission from Xiao, J., Melvin,
R. L., & Salsbury, F. R. (2017). Mechanistic insights into thrombins switch be-
tween slow and fast forms. Phys. Chem. Chem. Phys., 19(36), 2452224533.
https://doi.org/10.1039/C7CP03671J.

Unlike the catalytic heavy chain, the light chain has been studied less and was con-
sidered an unnecessary activation remnant for thrombin’s function25,26 until the dis-
covery of severe bleeding phenotype associated mutations in the light chain27,28,29,30.
Several experimental studies have shown that mutations in the light chain can cause
dramatic perturbations in thrombin’s catalytic activities31,32,33. Moreover, the throm-
bin light chain has also been proposed to serve as a sensitive marker for detecting
gastric cancer34. However, the precise allosteric mechanism of thrombin light chain’s
role is unknown35,31. In Chapter 5, I present a computational study to reveal how a
disease-associated mutation in thrombin’s light chain leads to allosteric impacts on
thrombin.

Evidence of thrombin’s allosteric regulation has also been seen in thrombin’s ex-
osite I/II. A number of experiments illustrate different allosteric responses of thrombin
upon ligand-binding at exosite I/II36,37,38,39,40. To understand thrombin’s responses
to a new type of therapeutic agent, DNA aptamer, I compare the differences in
aptamer-bound and aptamer-unbound thrombin in Chapter 6.
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Chapter 3

Mechanistic insights into
thrombin’s switch between “slow”
and “fast” forms
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Abstract

Thrombin is a multifunctional enzyme that plays an important role in blood co-
agulation, cell growth, and metastasis. Depending upon the binding of sodium ions,
thrombin presents significantly different enzymatic activities. In the environment with
sodium ions, thrombin is highly active in cleaving the coagulated substrates and this
is referred to as the “fast” form; in the environment without sodium ions, thrombin
turns catalytically less active and is in the “slow” form. Although many experimental
studies over the last two decades have attempted to reveal the structural and kinetic
differences between these two forms, it remains vague and disputed how the func-
tional switch between the “fast” and “slow” forms is mediated by Na+ cations. In
this work, we employ microsecond-scale all-atom molecular dynamics simulations to
investigate the differences in the structural ensembles in sodium-bound/unbound and
potassium-bound/unbound thrombin. Our calculations indicate that the regulatory
regions, including the 60s, γ loops, and exosite I and II, are primarily affected by both
the bound and unbound cations. Conformational free energy surfaces, estimated from
principal component analysis, further reveal the existence of multiple conformational
states. The binding of a cation introduces changes in the distribution of these states.
Through comparisons with potassium-binding, the binding of sodium ions appears
to shift the population toward conformational states that might be catalytically fa-
vorable. Our study of thrombin in the presence of sodium/potassium ions suggests
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Na+-mediated generalized allostery is the mechanism of thrombin’s functional switch
between the “fast” and “slow” forms.

3.1 Introduction

Thrombin is an attractive drug target for antithrombotic therapy and chemothera-
peutic development due to its critical role in blood coagulation1,2, as well as in cancer
cell growth and metastasis3. As the final protease in the blood coagulation cascade,
thrombin regulates both coagulant and anticoagulant processes1. In the coagulation
cascade, activated from its zymogen prothrombin, thrombin facilitates the formation
of blood clots by interacting with its procoagulant substrates. For example, thrombin
converts soluble fibrinogen into insoluble fibrin and activates factor XIII and protease-
activated receptors (PARs), which serve to generate the fibrin meshwork and platelet
plug at the site of the wound4. Thrombin can also activate factor V and VIII to
stimulate its own conversion from its precursor prothrombin5. In the anticoagulant
process, thrombin acts as an anticoagulant through binding to the endothelial cell
receptor thrombomodulin (TM) and activating protein C zymogen. The interaction
between thrombin and thrombomodulin not only suppresses thrombin’s cleavation
of the fibrinogen and PARs, but also increases thrombin’s specificity to the anti-
coagulant protein C. The product from thrombin’s activation, activated protein C,
then proteolytically inactivates the activated factor V and VIII and limits the further
generation of thrombin. The balance between bleeding and thrombosis requires an
efficient switch between the pro- and anticoagulant actions of thrombin.

In addition to the relatively widely known functions in blood coagulation cascade,
many recent studies have shown that thrombin has a critical role in the develop-
ment of tumors and introducing invasion and metastasis in a variety of cancers6,7,8,3.
For instance, thrombin facilitates the growth of colon cancer cells by mediating the
proteolysis of PAR1 and fibrinogen6. As a result, less favorable interactions between
thrombin and these procoagualant substrates (i.e. PAR-1 and fibrinogen) may lead to
an increased tumor necrosis and decreased tumor vascular density. Therefore, under-
standing the molecular properties of thrombin – a multifunctional allosteric enzyme
– can aid in developing further treatments against cancers as well.

Along with several associations between thrombosis and abnormal levels of sodium
in the blood9,10,11,12, many studies have suggested that the paradoxically opposing
functions of thrombin are regulated by the univalent cation sodium (Na+)13,14,15,16.
Orthner and Kosow first showed in 1980 that the monovalent cation Na+ optimally
enhances thrombin’s hydrolysis rate of various synthetic and physiological substrates,
such as peptidyl p-nitroanilide substrates and fibrinogen13. An accelerating PARs
cleavage by thrombin15,16 and a tighter TM affinity to thrombin14 has also been seen
in the presence of Na+. Although different influences of Na+ on protein C’s hydrolysis
by thrombin were reported17,14, thrombin generally cleaves substrates at a faster rate
when Na+ is present.

To explain the different activities of thrombin under sodium-present and sodium-
absent environments, Wells and Di Cera proposed a two-state model in which throm-
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bin can be allosterically activated by the binding of Na+ and thrombin has two distinct
conformations - high activity “fast” form ( Na+-bound) and a low activity “slow” form
(Na+-unbound)18. Dang et al. further demonstrated that the significantly populated
“fast” and “slow” forms (∼3:2 ratio) are preferred by coagulant and anticoagulant
activities respectively17. The Na+-binding site was later identified as being about 15Å
away from the catalytic triad of thrombin19,20 (Figure 3.1), partially supporting the
hypothesis that the bound-Na+ is an allosteric effector of thrombin. However, struc-
tural studies in the past decades suggest that the “slow” form of thrombin surprisingly
has no significant conformational change compared to the “fast” form20,21,22.

Huntington argued that the structure of the thrombin in the “slow” form is barely
achieved due to the experimental limitations such as crystal contact effects and lig-
and’s stabilization of the “fast” form22. Nuclear magnetic resonance (NMR) spectra
indicate thrombin is somewhat “plastic” with respect to the dynamics of surface
loops23. Huntington thus hypothesized that, in contrast to the “fast” form, the
“slow” form thrombin needs more time to sample more states including the protease-
like and zymogen-like states24. These experimental results and explanations trigger
our interest in investigating which model – the static two-state model or the dynamic
multi-state model – reveals the mechanisms of thrombin’s functional switch.

Figure 3.1: Thrombin-Na+ complex structure. The thrombin is shown in green.
The 60s (in pink), 220s (in blue), and γ (in gray) loops and exosite I (in orange) and
II (in yellow) are highlighted as the known regulatory regions. The side chains of the
catalytic triad are displayed in red. The bound Na+ is shown as the yellow bead.

Computational modeling has emerged as an insightful and inspiring way to under-
stand the patterns behind various phenomena25,26,27,28,29, as well as an aid in drug dis-
covery and design30,31,32,27. In particular, molecular dynamics (MD) simulations have
proven useful in providing a structural, dynamical and kinetic picture of biomolecules
at a high temporal and spatial resolution that current experimental techniques may
not always achieve33,34,32,35,36. In a MD simulation, starting from the experimentally
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determined static structures of the biomolecules, each atom’s coordinates in the sim-
ulated system are updated according to classical mechanics. The parameters of the
empirical force fields involved in the calculations have been tuned and optimized for
many decades37,38. Therefore, MD studies on thrombin may offer a closer look at
thrombin’s structural ensemble and dynamical behaviors.

The application of MD simulations on thrombin can be traced back as early as
the 1990s. Ayala and Di Cera inferred a potential induce-fit in thrombin-hirudin
association by showing the isolated thrombin and hirudin have larger root mean
square deviations (RMSD) to their crystal structures than their complex form in
their 5ps MD simulations39. More recently, the MD study by de Amorim et al. in
2010, indicates that non-liganded thrombin - including Na+-unbound thrombin - has
a smaller global solvent-accessible surface area than the liganded thrombin through
the statistics in the last 5ns of their MD simulations up to 10ns40. Furthermore,
Fuglestad et al. combined NMR experiments and both 20ns time scaled conventional
and accelerated MD calculations to reveal the surface loops of the PPACK-inhibited
thrombin exhibit slow time scale dynamics in addition to the fast dynamic motion
at the ps-ns timescale41, suggesting longer time scale MD simulations are required
to study the influence of the ligand and ion binding to thrombin. Our previous
microsecond-scaled simulations – as discussed in Chapter 6 in this dissertation – have
illustrated that thrombin exhibits a generalized allosteric response to the binding of
thrombin aptamer29. This not only reveals the mechanisms of thrombin’s molecular
recognition to the aptamer binding but also helps understand thrombin’s response to
the potential nucleic acid treatment at the molecular level.

In this work, we performed microsecond-scaled all-atom MD simulations on unli-
ganded thrombin in Na+-present and Na+-free environments, aiming to identify the
differences in thrombin’s structural ensembles in the Na+-present/absent and Na+-
bound/unbound situations and shed light on the mechanisms of the dual functional
switch of thrombin.

3.2 Materials and methods

3.2.1 Study design and simulated systems

The switch between the “fast” and “slow” thrombin has been hypothesized to be
allosterically regulated by the binding of Na+ to thrombin, even though all throm-
bin structures solved so far are fairly similar22. To elucidate the mechanism of the
functional switch of thrombin, we proposed to simulate thrombin in the solvent en-
vironments with the presence and absence of Na+. During our microsecond-scaled
MD simulations, the relaxation in the solution should alleviate the potential exper-
imental drawbacks due to the stabilization of the “fast” form from crystal contacts
and ligation locks. Comparisons between the ensembles of thrombin in Na+-free and
Na+-present environments in the simulations offer a comprehensive – thermodynamic
– examination of the conformational changes due to ion effects, which may clarify the
structural and dynamical differences in the “fast” and “slow” forms.
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In the Na+-present and Na+-free simulations, we chose the initial structures of
thrombin from PDB 4DIH and 4DII42 respectively. The high-resolution – 1.8 Å for
PDB 4DIH and 2.05 Å for PDB 4DII – structures of thrombin in these two PDBs
were crystallized and solved from buffers with 0.125 M Na+ and K+ respectively.
Despite the argument that the fast form thrombin could be stabilized by the binding
ligands43, all available thrombin structures - including unliganded thrombin as well
as the Na+-free ones - are actually very similar. Therefore, under relatively long time
scale (up to microseconds), without a loss of generality, we started our simulations
of unliganded thrombin in Na+-free and Na+-present environments by removing the
aptamer in those PDBs.

Although there is a reported affinity for K+ ions to thrombin and an enhance-
ment of thrombin activity under higher concentration of K+13, it has been shown
that the K+ has an order of magnitude weaker affinity for thrombin (KA = 0.28M)
than Na+ (KA = 0.035M)13 and that K+ and other alkali metal ions will not af-
fect thrombin’s structure as Na+ does44. Accordingly, the “fast” and “slow” forms
may be largely characterized through simulations with sodium chloride and potas-
sium chloride buffers respectively. On the other hand, it has been hypothesized that
the “fast” form is corresponding to thrombin with Na+-binding and the “slow” form
is related to the Na+-unbound thrombin18. Nevertheless, comparisons among the
structural ensembles of the Na+-bound/unbound and K+-bound/unbound thrombin
will help understand the ion effects on thrombin and provide insight into thrombin’s
conformational and functional switch.

3.2.2 MD simulations

Using the GPU-enabled ACEMD simulation package45 and Titan GPUs in Metrocubo
workstations produced by Acellera, we performed five one-microsecond-long all-atom
MD simulations for each system, i.e. a total of 5 microseconds for thrombin in NaCl
buffer and 5 microseconds for thrombin in KCl buffer respectively. As discussed
above, the initial structures of the Na+-environment and K+-environment simulations
were based on the thrombin coordinates in PDB 4DIH and 4DII42 respectively. The
initial coordinates of the missing residues in these two PDBs (19 and 18 out of 295
residues respectively for PDB 4DIH and 4DII) were modeled via the comparative
modeling tool Modeller46, and other missing hydrogen atoms were added through
VMD’s psfgen package47, using default parameters. Although progress has been made
in computationally estimating the pKa shifts and protonation states48,49,50,51,52,53,54,
accurate assignment of the protonation states is still challenging in general55,56,48,57.
To balance the reliability and conformational sampling, and from visual assessments of
possible hydrogen bonds on the x-ray structure, all ionizable residues were considered
in their default protonation state at physiological pH. In particular, all histidine
residues were assigned delta protonation (meaning a proton H+ was added onto delta
nitrogen), since under physiological conditions the delta protonation form has been
suggested as being more stable than the epsilon protonation one58,59,60.

For both systems, an explicit TIP3P61 water box with a 10Å padding in x, y, and z
directions was added around thrombin. Then sodium chloride and potassium chloride
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were respectively added to neutralize the systems and the Na+ and K+ concentration
was set to a typical experimental value of 0.125M, resulting in a total number of 22
Na+ and 21 K+ in each system. The ions were randomly placed around thrombin
and a minimum distance of 5Å was set as a requirement to avoid a too close initial
placement to the water molecules and other ions. All simulations were performed
with the CHARMM22/CMAP force field62,63 under NPT ensemble (constant particle
number, pressure, and temperature). The pressure was maintained at 1 atm using
Berendsen pressure control64 with a 400fs relaxation time. The temperature was
held at 300K using a Langevin thermostat65 with a damping coefficient of 0.1. For
van der Waals and electrostatic forces, we applied a 9Å cutoff and 7.5Å switching
distance. The particle mesh Ewald implementation66,45 with 72 evenly spaced grid
points in all three directions was used when calculating the long-range electrostatics.
As a hydrogen mass repartitioning scheme67 was used, the time step was set to 4fs
during the simulations. Bonds involving hydrogen atoms were constrained using the
SHAKE algorithm68. Conformations sampled in the simulations were saved in the
MD trajectory file in every 2500 steps for the balance of temporal resolution and
cost in storage. Therefore, we have a extensive sampling of 100,000 conformations
across one-microsecond time scale for each run (500,000 conformations in total for
each buffer condition).

3.2.3 Processing and analysis

Prior to analysis, we aligned all frames in MD trajectories to the first frame of the
simulations in the potassium environment via rigid body rotations and translations
to minimize the root-mean-square distance (RMSD) of thrombin alpha carbon posi-
tions. The alignment was carried out with the ‘align’ class in MDAnalysis69,70,71,72, a
Python library for manipulating MD data. As the equilibrium can be reached within
∼20 nanoseconds (less than 2% of simulation time) for all simulation runs according
to thrombin’s root-mean-squared distances to the corresponding initial structure in
each type of ion environments, acquiring statistical information based on the whole
microsecond-scaled MD trajectories, including the equilibrium and production runs,
will not introduce considerable errors. For the convenience of data processing, we
performed a variety of structural analyses on the whole trajectory for each system (5
microseconds – comprised of 500,000 frames– in total for each system). Note that the
residue sequence numbers start from negative integers in the PDBs 4DIH and 4DII
and different residues can have the same residue number with extra codes for inser-
tion of residues. For the convenience of recalling residues in the following context,
we followed the same sequential residue numbering scheme adopted by previous stud-
ies41,73 to renumber residue indices of the light (36 residues) and heavy chains (259
residues) of thrombin from 1 to 295. As a result, the catalytic triad of His57, Asp102,
and Ser195 in the chymotrypsin numbering scheme have residue indices (denoted as
‘resid’) 79, 135, and 241 in the sequential residue numbering scheme.
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Ion-binding detection

We followed the same approach previously described by Zhang et al. 74 to quantify ion
binding to thrombin, which considers how close and long the nearest ion can remain
interacting with the sodium binding loop (i.e. 220s loop, resid 263 to 272). For each
frame, we computed pairwise distances between the sodium binding loop atoms and
selected type of ions. The time series of the minimum distance d between the 220s
loop atoms and ions was then used as inputs for probability and temporal distribution
calculations. Histograms of such d values illustrate the distribution of how adjacent
an ion is located on the sodium binding loop. The temporal distributions of d, which
were estimated by counting how long the ion stays within a range of distance d in
average, depict how stable the ion can interact with the sodium binding loop.

The stably bound ions should establish peaks in both probability and temporal
distribution of d. Therefore, the ion-bound and ion-unbound states were defined
based on the distance d. Consistent with relevant literature74, a frame of cation-
binding (also called cation-on) state was identified if the value of d in that frame was
not greater than 3.8 Å. Such an approach should be able to identify the exterior ion
binding (i.e. the ion bounds on the exterior surface of the 220s loop) and the interior
one (i.e. the ion is trapped in the 220s loop). To compare the populations of these two
types of binding, we also computed the mean distance between the 220s loop atoms
and the nearest Na+/K+ ion. Since such mean distance quantifies how far the nearest
metal ion is relative to the whole sodium binding loop, the much more stable interior
binding can be separated out from the exterior one based on the mean distance’s
probability and temporal distributions. In the following context, we conducted our
analyses using the ion-bound and ion-unbound states defined based on the minimum
distance measurements, which includes both exterior and interior bindings onto the
sodium binding loop.

Identification of responses to ion-binding

As a first line to highlight the regions showing different response upon ion-binding/unbinding,
the atomic fluctuations of thrombin were evaluated based upon the alpha carbon
atoms. We computed their root-mean-square fluctuations (RMSF) across all confor-
mations in the related states based on

RMSFα =

√
1

N

∑N

t=1

(−→
rαt −

〈−→
rαt

〉)2
, (3.1)

where
−→
rαt is the position vector of atom α in frame t and <

−→
rαt > denotes the average

position vector of atom α over all frames.
To identify the similarities and differences in structural ensembles, we concate-

nated all trajectories (ten MD trajectories in total) together and clustered the confor-
mations we sampled in both Na+ or K+ environments. To save computational costs,
here we actually clustered the conformations in every tenth frames (i.e. 100,000 out
of 1,000,000 frames in total were sampled for clustering).

According to the potentially affected regions suggested by the RMSF comparison,
the clustering analysis was performed on the regulatory regions of thrombin, which
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explicitly includes the exosite I (resid 57 98 104 106 109 142 143) and II (resid 125
134 281 284 288), 60s (resid 182 to 190), 220s (resid 263 to 272), and γ (resid 82 to
91) loops. All heavy atoms (i.e. not hydrogen) were used in the clustering analysis
to take into account the side chain fluctuations. The clustering algorithm we uti-
lized here was the Hierarchical Density-Based Spatial Clustering of Applications with
Noise (HDBSCAN)75, which has been adapted and employed as a non-parametric
approach to group high dimensional MD data by our research group76,77. This clus-
tering algorithm has been shown to be effective in identifying global conformational
changes76 and thereby was employed here as well to evaluate ion-binding’s influence
on the structural ensembles.

The solvent accessible surface areas (SASA) of the residues forming catalytic triad
and sub-pockets (S1-6) and the whole protein molecule were evaluated to investigate
the molecular response to Na+/K+-binding. The solvent accessible surface areas
(SASA) of the residues forming catalytic sub-pockets were computed via the Shrake
and Rupley algorithm78 – as implemented by the ‘shrake rupley’ function in MD-
Traj79 – to estimate the surface areas through counting the number of sphere points
representing the surface of each atom. The residues defining the catalytic sub-pockets
were listed in detail in Table S3.1. To save computing time, the SASAs were mea-
sured in every tenth frames as what we sampled in the clustering analysis. Welch’s
t-tests80 (not assuming equal variance) were carried out to test for statistically signif-
icant differences in the distributions of SASA. The Welch’s t-tests were performed via
the ‘ttest2’ function in Matlab. The significance level was set as 1% in the Welch’s
t-tests.

To illustrate thrombin’s conformational space in terms of free energy surfaces, we
employed principal component analysis (PCA) to project the high dimensional struc-
tural information into a reduced conformational space. By diagonalizing the covari-
ance of the heavy atoms in the regulatory regions defined in the clustering analysis,
we obtained a few components capturing the majority of dynamic variance of the
regulatory regions of thrombin in both Na+ and K+ environments. By projecting the
coordinates of heavy atoms in the regulatory regions in the aligned trajectories onto
the eigenvectors with the two largest eigenvalues, the different structures are expected
to have distinguished projections in the reduced conformational space. Through bin-
ning the projections and converting the frequency P of each bin into free energy G
via

∆G = −kT ln

(
P

P0

)
, (3.2)

where kT is the product of Boltzmann’s constant k and temperature T and the
minimum frequency P0 among all bins was subtracted in order to obtain the relative
free energy change ∆G, we constructed the conformational free energy surfaces of the
regulatory regions. Furthermore, using the same approach, we also constructed the
conformational free energy surfaces of the residues involved in the catalytic pocket,
including catalytic sub-pockets S1 to S6 (Table S3.1) and catalytic triad (resid 79 135
241). The PCA decomposition was carried out via the ‘pca’ module in PyEmma81

Python package.
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The visualization of the structural ensembles in the conformational free energy
wells was performed via the molecular graphics program VMD 1.9.247. With a con-
sideration of the variance of the representative structure82, we visualized the struc-
tural ensembles by showing the representative structure in solid and the other con-
formations in the same structural ensemble as shadows. In particular, we picked the
closest structure to the average conformations within the most populated bin in the
selected well as the representative structure. For the representative structures, we
also displayed the side chains of the residues of interest. For the shadows, which were
randomly selected 50 structures in the same bin to indicate the variance, we only
presented the backbone using the new cartoon representation for simplicity of the
image.

3.3 Results

3.3.1 Ion association and dissociation can be observed for
Na+ and K+ rather than Cl− in the simulations

We first monitored the potential ion association and dissociation throughout MD
trajectories, as the presence of Na+ is the key apparent factor that regulates the
activity of thrombin. The calculations on the probability distribution of the minimum
distance between the sodium binding loop or sodium loop and its nearest ions show
that only sodium and potassium cations present significant peaks corresponding to ion
binding (Figure 3.2a). This indicates that both sodium and potassium cations are able
to recognize and remain around the 220s loop, whereas the negatively charged chlorine
ion is barely located near the 220s loop. Na+ ions establish two peaks (at 2.2 Å and
3.4 Å), suggesting two different strengths of Na+ association on the sodium binding
loop. For K+, there is only one major peak (at 2.7 Å) representing K+ binding.
The higher peak for the Na+ suggests Na+ is more likely to stay near the 220s loop
residues than K+, implying a stronger affinity of Na+ than K+. This is consistent
with the relationships between the association and dissociation constants of Na+ and
K+, which are well-determined through various experimental approaches13,18.

Furthermore, as shown in Figure 3.2b, the temporal distributions under the bin
width of 0.8 Å show that Na+ has a peak of 883 ps residence time within distance
range (1.7 Å ≤ d ≤ 2.5 Å) and another subtle peak of 28ps within (3.4 Å ≤ d ≤ 4.2
Å), indicating the second binding peak (at d = 3.39 Å on Figure 3.2a) is kinetically
more transient than the tighter Na+ binding (at d = 2.2 Å on Figure 3.2a). K+

present a residence time peak of 42 ps within (2.6 Å ≤ d ≤ 3.4 Å) (Figure 3.2b).
Although these values may vary depending on the bin width – e.g. doubling the bin
width results in that Na+ and K+ present a residence time of 1,131 ps and 713 ps
within (1.8 Å ≤ d ≤ 3.4 Å) (Figure S3.1), the temporal distributions of Na+ and
K+ demonstrate the binding of a Na+ ion is thermodynamically and kinetically more
stable than a K+ ion.

As quantitatively assessed by Table 3.1, the sodium loop of thrombin has a bound
Na+ over 69.18% simulation time, which is a multiple of 1.6 more frequent than K+-
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Figure 3.2: Probability and temporal distributions of minimum distance between
220s loop and ions.

binding. Using the mean distance as the inputs for probability and temporal distribu-
tion calculations, one can see that K+ ions have a higher percentage of exterior binding
than Na+ ions do. Note that ratio of the Na+-bound and Na+-unbound thrombin
under the physiological condition is presumably 3:2 according to the experimental
determination of equilibrium constant Kd

17. Such close fractions of Na+-bound and
Na+-unbound thrombin suggest the validity of our simulations to reflect thrombin’s
in vivo behaviors and properties.

Table 3.1: Statistics of frames with ion-binding/unbinding.

Bound Unbound
(frames / percentage) (frames / percentage)

Na+ 345,917 / 69.18 % 154,083 / 30.82 %
(306,521 / 61.30 %) (193,479 / 38.70 %)

K+ 213,812 / 42.76 % 286,188 / 58.24 %
(128,791 / 25.76 %) (371,209 / 74.24 %)

Note: The numbers inside the parentheses represent the num-
bers or percentages of interior ion binding instead of surface
binding (also called “exterior binding” in the main context),
which are defined based on the mean distance between the
sodium binding loop and its nearest Na+/K+ ion.
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3.3.2 Na+-binding stabilizes the regulatory regions on throm-
bin

To highlight the regions with significant conformational changes due to ion effects,
atomic fluctuation was evaluated by calculating the root-mean-square fluctuations
(RMSF) on the alpha-carbons. As shown in the RMSF plots of the Na+-bound/unbound
and K+-bound/unbound thrombin (Figure 3.3), the global ion environment and the
local ion binding status have primary influences on specific functional sites.

Loops on the surface of thrombin generally exhibit greater fluctuations in the
potassium environment than in the sodium one. In particular, no matter if the K+

ions are bound or unbound, the γ loop (resid 182 to 190) displays a significantly larger
fluctuation than it does in Na+ simulations. Similarly, residues 147 to 149 that are
adjacent to the exosite I residues on the same surface loop also present about 0.8Å
more fluctuations in K+ simulations.

On the other hand, both of the Na+ and K+ bindings to the 220s loop (sodium
binding site) seem to result in stabilizing effects on the 60s (resid 83 to 89), 180s
(resid 226 to 235), and 220s loop. Furthermore, the Na+ binding causes a considerable
stabilization on the 70s loop (resid 103 to 111) that contains the exosite I residues
and the alpha helix (resid 15 to 21) in the light chain. The alpha helix and turn
region (resid 160 to 169 ) spatially proximate to the exosite II show particularly a
higher mobility upon Na+-unbinding, while the 60s loop (resid 83 to 89) are much
more flexible upon K+-unbinding.

As seen in Figure 3.3, the global flexibilities of the catalytic triad do no appear
directly affected by the bound and unbound ions. Instead, mainly the regulatory
loops such as the 60s and γ loops, as well as the regions that are spatially ad-
jacent to the exosite I and II, present different atomic fluctuations upon different
ion conditions. Therefore, clustering analysis was performed on these regulatory
regions to identify structural ensembles corresponding to Na+-bound/unbound and
K+-bound/unbound states. Using a non-parametric clustering tool we have recently
developed based on HDBSCAN algorithm75,76,82, the conformations of the thrombin
in Na+-bound/unbound and K+-bound/unbound states are classified into different
groups due to their structural similarity. In other words, HDBSCAN clustering groups
similar structures automatically and help evaluate the distribution of the conforma-
tional ensembles.

From the cluster label of the structure of thrombin at each snapshot (Figure 3.4),
it is clearly seen that thrombin has much more diverse structures in the environment
lacking sodium ions. Quantitatively, thrombin establishes 5 non-singleton conforma-
tional clusters of the regulatory regions in the presence of Na+, whereas 91 clusters
could be observed in the K+ environment. This indicates the regulatory regions, in-
cluding the 60s and γ loops and exosite I and II, are selectively stabilized by the Na+

ions.
Furthermore, our clustering result suggests, instead of the two-state model pro-

posed by Wells and Di Cera in 1992 18, more than two conformational states of throm-
bin may exist. Based on the visualizations of the structural ensembles with a consider-
ation of the variance of the representative structure82, the multi-state model proposed
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Figure 3.3: Root-mean-square fluctuation of alpha carbons. In each ion-
binding/unbinding status, regions with significant differences in Cα atom RMSFs
are primarily located in the surface loops and known regulatory sites.

by Huntington is more supported by our simulations since the 60s and γ loops have
obviously presented varied poses above and beyond the catalytic triad (Figure S3.3).

3.3.3 Ion environments impact solvent accessible surface of
the catalytic sub-pockets and the whole thrombin molecule

Regarding different conditions of ion binding/unbinding, the distributions of the sol-
vent accessible surface area (SASA) of the catalytic sub-pockets S1-6, catalytic triad,
and the entire thrombin molecule were plotted in Figure 3.5a-h respectively.

Depending on the ion types, the unbound cations present different impacts on
the SASA of the catalytic pockets (S1-6), catalytic triad and even the whole protein
molecule (Figure 3.5). The substrate pockets S1-6 present wider distributions in
the environment with K+ ions, implying a more stable catalytic cleft in the Na+

environment. While most of these SASA distributions have only one central peak,
the S2, S4, S5, S6 and catalytic triad present a second peak in the presence of K+
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Figure 3.4: Sorted clustering time series of thrombin’s regulatory regions across the
concatenated MD trajectories. The clustering time series were sorted according to
the the ion-binding statuses. Frames corresponding to K+-bound/unbound and Na+-
bound/unbound were separated by red vertical lines. The makers with the largest
cluster ID denote the noise, i.e. singleton conformational clusters.

ions. Such double peaks in the K+ simulations suggest there are two significantly
distinct conformations of involved residues. In the presence of K+ ions, the SASA
distributions of the S2 pocket and the whole protein both have a shift to larger SASA
values, indicating higher accessibility to the molecules in the solvent.

Moreover, as shown in Figure 3.5, the binding of cations appear to have a visible
influence on the S3-6 pockets. For instance, based on the positions of related central
peaks, S3 and S4 pockets tend to become less exposed to the solvent after the binding
of Na+ or K+. The S5 and S6 pockets appear relatively more stable when a Na+ or
K+ ion is bound.

With at least 10,000 samples for SASA in each ion binding/unbinding condition,
Welch’s t-tests80 were carried out to determine the statistical significance of differences
in the distributions of SASA, as shown in Figure 3.5. Only 4 such pairs failed the
significance test at a 1% level, with many having a much lower p-value as shown in
Table S3.2.

According to Table S3.2, regardless of comparing the effects from the ion bind-
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ing/unbinding or the ion types, S1, S3, S4, catalytic triad, and the whole protein
establish statistically different SASA distributions. Only 4 ion types or ion bind-
ings do not yield a statistically significant difference in the SASA distributions of
sub-pockets. These are S1 (NaOn vs. NaOff), S2 (NaOn vs. NaOff), S3 (NaOn vs.
NaOff), S3 (KOn vs. KOff), using the labeling given in Table S3.2.

Our temporal distribution analysis on these SASA time series further suggests the
influence of ion environments on SASA is not just thermodynamic but also kinetic.
For example, the whole catalytic pocket can have two relatively long-lived metastable
states in the environment of Na+ (Figure S3.2(a)). One of these two states results
in a relatively stable open catalytic pocket in the presence of Na+ molecules, while
the catalytic pocket fluctuates quickly among exposed and collapsed states in the K+

environment. In particular, the S1 sub-pocket tends to remain mid-range open in the
presence of Na+ ions (Figure S3.2(b)), which is likely favorable for catalytic substrate
binding. Moreover, the entire protein prefers to retain a slightly smaller SASA in the
presence of Na+ than K+ (Figure S3.2(c)).

Figure 3.5: Distributions of solvent accessible surface area (SASA). Regarding con-
formations with a Na+-binding/unbinding and K+-binding/unbinding, the SASA dis-
tribution of the catalytic sub-pocket S1-6 residues are plotted respectively in panels
(a)-(f). The SASA distribution of the catalytic triad and the SASA of the whole
protein are also plotted in (g) and (h).

3.3.4 Ion-binding introduces population shifts in the confor-
mational free energy surfaces of thrombin

Consistent with the clustering results, the conformational free energy surfaces of
regulatory regions estimated from principal component analysis (PCA) (Figure 3.6)
show that the regulatory regions establish a narrower conformational space in the
Na+ environment than the K+ one. Although the sampled conformational spaces
of thrombin in Na+ and K+ simulations mainly overlap, there are ineligible areas
that are barely accessible to both simulated environments. Again, this suggests Na+
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Figure 3.6: Conformational free energy surfaces of the regulatory regions. Regarding
conformations with a Na+-binding/unbinding and K+-binding/unbinding, four free
energy surfaces are plotted respectively in panels (a), (b), (c), and (d) to compare
the ion effects. Structural ensembles corresponding to the labeled wells on the free
energy surfaces are visualized in panel (e). The representative structures of the whole
protein are displaced via the NewCartoon representation in transparent green. The
representative structure of the side chains in the regulatory regions are indicated
by the Licorice representation in red. Gray shadows in NewCartoon representation
display the variances in the regulatory regions. The side chains of the catalytic triad
residues are shown in blue. Significant conformational differences in the regulatory
regions are highlighted by the arrows.

and K+ have different global ion effects on the structural ensemble of the regulatory
regions.

As a more sensitive analysis than the HDBSCAN clustering, the PCA highlights
the dominant differences in the structural ensembles. Comparisons between Figure
3.6a and 3.6b indicate that the binding of Na+ introduces a new free energy well
(labeled as 2 on the figure). Upon the binding of Na+, the well 3 also shifts slightly
to well 1. Similarly, the wells 6 to 9 are destabilized by the binding of K+. After
K+-binding, conformations in well 5 become the most preferential and the size of the
conformational space shrinks (Figure 3.6c and 3.6d). As the new wells introduced by
the binding of ions are mostly within the conformational space before ion-binding,
the binding of a Na+/K+ ion merely perturbs conformational distributions instead
of causing a significant induced-fit, such that the corresponding conformational well
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is beyond original conformational space. The visualization of the structures corre-
sponding to different wells (Figure 3.6e) reveals that primarily the γ loop exhibit the
multiple poses in response to the types of ions and the status of ion binding.

Figure 3.7: Conformational free energy surfaces of the catalytic pocket. Regarding
conformations with a Na+-binding/unbinding and K+-binding/unbinding, four free
energy surfaces are plotted respectively in panels (a), (b), (c), and (d) to compare the
ion effects. Structural ensembles corresponding to the labeled wells on the free energy
surfaces are visualized in panel (e). The visualization strategy here is the same as in
Figure 3.6). As indicated by the arrows, PC1 captures much of the variance in 60s
loop, and PC2 mainly captures different shapes in the S1 sub-pocket.

Conformational free energy surfaces of the heavy atoms involved in the catalytic
pocket, including the catalytic sub-pockets S1 to S6 (Table S1) and catalytic triad
(resid 79 135 241), were further constructed to examine possible subtle differences
around the catalytic site under different solvent conditions. Similarly, the conforma-
tional free energy surface of the catalytic pocket is broader in the K+ environment
than in the Na+ one. As seen in Figure 3.7, the wells labeled by 4 and 6 are only
observed in the simulations with K+ ions. The structural examination on the confor-
mations in the wells 4 and 6 indicates that the 60s loop has a chance to flip up in the
environment with potassium cations in the buffer, leaving the catalytic triad highly
exposed (Figure 3.7e).

Except for wells 4 and 6, the rest of the area in the conformational free energy
surfaces basically overlaps regardless of global ion environments or local ion binding
statuses. However, when a Na+ or K+ cation is bound, the population of conforma-
tions will redistribute toward multiple kinetically connected wells along the second
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principal component axis’s direction (Figure 3.7). Instead of the most populated well
2 for the Na+-unbound thrombin and well 5 for the K+-unbound thrombin, the well
1 around (PC1=-0.5, PC2=-1) and the well 3 around (PC1=0.5, PC2=-1.75) become
more populated after the binding of Na+ and K+ respectively. The structural ex-
amination on the structures projected into the wells 1, 2 and 3 illustrates that the
principal component 2 mainly captures significant conformational variances in the S1
sub-pocket residues. When the cation is bound to the 220s loop, it is more likely to
avoid a blockage over the catalytic triad by the side chains of S1 sub-pocket residues.
Such blockage has been referred to as a stabilized self-inhibited conformation and
seen in the crystal structure of the thrombin mutant D102N83.

3.4 Discussion

Given the extensive sampling from 10 µs of simulations of the conformations of Na+-
bound/unbound and K+-bound/unbound thrombin, the above results predict that
the global ion environment and local ion binding conditions both have distinctive
influences on thrombin’s conformational ensembles of the surface functional loops.
The regulatory regions including exosite I and II, 60s and γ loops on the surface of
thrombin are more likely to remain in some long-lived conformational states when
Na+ is available in the environment. Comparisons among the visualization of several
most populated clusters (Figure S3.3) particularly indicate that the highly dynamic
γ loop can exhibit two similar long-lived poses in the Na+ environment, while the
γ loop only presents many fast transitive poses in the K+ simulations. This also
suggests thrombin may have different kinetics under different environments.

The conformational free energy surfaces estimated based on the principal com-
ponent analysis (PCA) provides more sensitive measurements of the conformational
ensembles of thrombin. Instead of the induced fit to the binding ion, our results
demonstrate the ion-binding perturbs the conformational populations of thrombin’s
catalytic pocket. As shown in Figure 3.7a and 3.7b, Na+-binding destabilizes well 2
and stabilizes the less populated wells 1 and 3; the binding of a K+ cation destabi-
lizes wells 5 and 6 and stabilizes wells 3 and 1. Due to the experimental observations
that Na+ ions significantly maximize thrombin’s enzymatic activities rather than K+

ions13, the conformations within well 1 are likely to be more favorable for the cat-
alytic functions of thrombin. Therefore, the reason why the monovalent Na+ cation
has more dramatic effects on thrombin’s catalytic activities than the K+ ion does may
be that (1) the binding of Na+ ion stabilizes the catalytically active conformations
in well 1, while K+-binding also presents some stabilization of the catalytically less
favorable forms in wells 3 and 4 and/or (2) the binding of a Na+ ion is more selected
over a K+ one due to Na+’s relatively smaller ionic radius and the optimal shape of
the 180s loops ensured by its length84.

It should be noticed that the structural differences between wells 1, 2, and 3
are mainly the side chain orientations (Figure 3.7e). Free energy barriers between
the majority of wells are within or around the thermal fluctuation energy of kT
(∼0.6kcal/mol at room temperature). A small perturbation can easily cause a con-
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formational change in the orientations of the side chains. Considering the crystal
packing effects that can provide up to 6 kcal/mol of free energy contribution to pro-
tein stability85, the hypothesis that the “fast form” of thrombin could be stabilized
during crystallization22 is partially supported by our estimated free energy surfaces.

Moreover, after Na+/K+-binding, there is only a single deep free energy well
corresponding to the backbone conformation of the catalytic pocket residues (Figure
S3.4). These observations on the free energy surfaces demonstrate that, Na+/K+-
binding modulates the side chain orientation of the catalytic pocket residues among
multiple conformational states, while primarily a single backbone conformation is
stabilized by the ion binding. As Na+-binding mainly narrows the conformational
distribution of the backbones of the catalytic pocket residues, it explains why no
significant backbone changes induced by Na+ ions has been seen in this region among
solved crystal structures.

Through the simulations, we see that the surrounding cations – bound and un-
bound – have a complex regulatory effect on thrombin’s conformational ensembles.
Instead of the catalytic triad, the surface loops of thrombin, such as the 60s, 70s, and
the γ loops, present different mobilities and stabilities with respect to the unbound
Na+ and K+ molecules. These regulatory regions appear structurally more rigid in
the presence of Na+ ions, which may be important for thrombin’s catalytic functions.
Such different global ion effects on the flexibility of thrombin might be associated
with the different density distributions of unbound monovalent cations that were re-
cently investigated by Kurisaki et al. 86. These authors also show the binding of Na+

is ineffective in forming the primary substrate pocket S187 and infer that, instead of
the bound Na+ molecule, the unbound ones plays important roles in the allosteric
activation of thrombin.

At first blush, our results seem to agree as the S1 pocket appears unaffected by the
bound cations when visually comparing its ion+-bound and ion+-unbound ensembles’
solvent accessible surface areas (SASAs) (Figure 3.5a). However, the statistical tests
demonstrate both the bound and unbound cations result in significantly different
SASA distributions of S1 at the 1% significance level (Tables S2 & S3). This dis-
crepancy is likely due to the difference in simulations timescales. Our 50-fold longer
simulations appear to have uncovered a slightly (but statistically significant) different
mean in SASA that is only apparent in microsecond-timescale simulations and not
seen in shorter computational runs previously discussed in literature87. Moreover, we
see that the bound and unbound cations can exhibit statistically (Tables S2 & S3)
and physically (Figure 3.5d-g) significant effects on the solvent accessible surface ar-
eas in other sub-pockets of thrombin. Our SASA analysis indicates the necessity of a
more comprehensive examination of the catalytic sub-pockets in order to understand
Na+’s activation of thrombin.

As shown in Figures 3.6 & 3.7, the locally bound Na+/K+ ion subtly shift the
conformational distributions of thrombin’s catalytic pocket and regulatory regions.
Multiple previously existing conformational states become more thermodynamically
accessible after the binding of a Na+/K+ ion. As a result, it should become easier
for the thrombin to “find” a favorable conformation to recognize and interact with
the substrate. Note that the main differences between the induced-fit and general-
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ized allostery (also called conformational selection) – two major models for molec-
ular recognitions – are whether the conformations selected by the ligand-substrate
complex can naturally occur in the apo-form (i.e. ligand-unbound)88,89,90,91. In the
induced-fit model, new conformational free energy wells are introduced upon ligand’s
binding91,89. In the generalized allostery model, the holo-form (i.e. ligand-bound)
structures can be selected from the apo-form and the population of conformations
redistributes after the binding of ligands, resulting in subtle shifts of wells in the free
energy surfaces88,89,90,91,29. Therefore, our simulations suggest generalized allostery is
the mechanism of thrombin’s Na+-mediated functional switch between the “fast” and
“slow” forms in catalytic events. As opposed to the two-state model18 that is based on
the catalytic activities, Huntington’s (2012) multiple-state model22 is more supported
by our explanation of generalized allostery in the structural ensemble viewpoint.

To clarify why no significantly different structures of thrombin in“slow” and “fast”
forms have been solved yet, in this study, we have shown the unbound and bound
cation’s impacts on thrombin’s mechanical and thermodynamic and revealed the gen-
eralized allostery of thrombin. Considering the correlation between the kinetic be-
havior and biological function, which has been seen in other systems92,93, future work
should focus on the how the kinetic properties are affected by the bound and unbound
cations. For example, although we do not see the overall flexibilities of the catalytic
pocket are significantly affected by Na+/K+, our calculations on the temporal distri-
butions of SASAs have suggested that catalytic pocket have different kinetic responses
to Na+/K+ environments. The catalytic pocket doesn’t present any states with rel-
atively long residence time in the absence of Na+ (Figure S3.2(c)). Particularly, the
most exposed state of the catalytic pocket is transient in the K+ environment (Figure
S3.2(c)). This result implies that the catalytic pocket should undergo a faster fluctu-
ation in the absence of Na+. Along with the relative stable middle-range S1 substrate
pocket (Figure S3.2(a)), our simulations indicate that Na+ preserves a “well-formed”
shape of the catalytic pocket. This stabilized configuration is likely a favorable factor
for catalytic efficiency and a critical kinetic signature of the “fast” form thrombin.

3.5 Conclusion

Through detailed comparisons of thrombin’s structural ensembles in the microsecond-
scale all-atom MD simulations in sodium chloride and potassium chloride buffers,
we reveal that thrombin is an ion-mediated enzyme in terms of its mechanical and
thermodynamic properties. Via both the bound and unbound cations in the sol-
vent, thrombin has relatively complex regulation of its distribution of conformational
states. Both Na+- and K+-bindings narrow the conformational space of the regu-
latory regions and the catalytic pocket residues and cause population shifts toward
multiple conformation states. Na+ cations selectively stabilize the regulatory regions,
particularly the highly dynamic γ loop. The binding of Na+ also selectively stabilizes
some catalytic pocket conformations, including the potentially catalytically favorable
and unfavorable ones. This stabilization may cause the functional switch between the
“fast” and “slow” forms of thrombin.
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Generalized allostery is likely the mechanism of thrombin’s delicate ion-mediation.
Our finding provides mechanistic insights into how thrombin is activated by the Na+

ions, via stabilizing thrombin’s regulatory surface loop and shifting the conforma-
tional distribution of the side chains around the catalytic pocket. Our understanding
of generalized allostery on thrombin further suggests potential in the design and de-
velopment of allosteric drugs that target thrombin.
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3.7 Supplementary material

Table S3.1: Thrombin catalytic sub-pocket residues. The full list of catalytic sub-
pocket residues under our residue ID numbering scheme was followed the definition
in94.

Pocket Residues

S1 resid 79 235 to 241 261 to 264 266 267 268 274 275
S2 resid 79 83 86 132 238 262 263
S3 resid 86 263 264 265 266
S4 resid 213 215 263 264 265
S5 resid 215 265
S6 resid 214 215
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Table S3.2: p-values in Welch’s t-tests on SASA measurements. The values less than
machine epsilon (∼2.2E-16) are written as ’<2.2E-16’. As indicated by the asterisk
symbols, rejection decisions for the null hypothesis on the SASA distributions in the
Welch’s t-tests were made at the 1% significance level.

NaOn vs. NaOff NaOn vs. KOn NaOff vs. KOff KOn vs. KOff

S1 1.4E-02 1.1E-20* <2.2E-16* <2.6E-5*
S2 5.7E-12* 1.4E-01 <2.2E-16* <2.2E-16*
S3 8.5E-01 <2.2E-16* <2.2E-16* 1.8E-02
S4 <2.2E-16* <2.2E-16* <2.2E-16* <2.2E-16*
S5 <2.2E-16* 2.0E-07* <2.2E-16* 8.9E-03
S6 2.4E-07* <2.2E-16* <2.2E-16* <2.2E-16*

CatalyticTriad <2.2E-16* <2.2E-16* <2.2E-16* 8.7E-09*
WholeProtein <2.2E-16* <2.2E-16* <2.2E-16* <2.2E-16*

Table S3.3: Mean values of SASA measurements with 99% confidence intervals

S1 S2 S3 S4 S5 S6 CatalyticTriad WholeProtein

Na (on) 54.43(7) 43.04(9) 39.00(6) 33.60(7) 17.52(5) 26.93(5) 4.91(3) 1627.4(5)
Na (off) 54.7(2) 43.2(2) 38.9(1) 35.4(2) 18.36(8) 26.61(9) 4.66(4) 1636.1(7)
K (on) 54.6(2) 43.0(2) 37.34(9) 32.7(1) 17.62(6) 26.93(7) 5.36(4) 1658.1(6)
K (off) 53.7(2) 42.3(2) 37.14(8) 34.09(9) 17.56(6) 25.58(6) 5.24(5) 1666.3(5)

Figure S3.1: Temporal distribution of nearest Na+/K+ distance to 220s loop under
the bin width of 1.6 Å.
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Figure S3.2: Temporal distribution of SASA.
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Figure S3.3: Visualization of structures of the top four non-noise clusters
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Figure S3.4: Conformational free energy surfaces of the alpha carbons in the
catalytic pocket regarding conformations with a Na+-binding/unbinding and K+-
binding/unbinding.
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losteric response as revealed by molecular dynamics simulations, correlation networks
and Markov modeling. JPCB. Submitted.

Abstract

The monovalent sodium ion is found to be a critical allosteric effector for thrombin’s
activation. Previous structural studies have indicated that a sodium ion is bound
between thrombin’s 220s and 180s loops and coordinated by residues ARG221 (also
labeled as ARG221A in literature. The letter after the residue number indicates the
insertion code as being used in the PDB files.), LYS224, and TYR184A. Mutagenesis
experiments also show other residues around the aforementioned residues can result
in dramatic perturbation of sodium binding. However, it remains unclear how these
residues are linked to the known Na+-binding site. Herein, we combine microsecond
scaled atomic-detailed molecular dynamics simulations with correlation network anal-
yses and hidden Markov modeling to probe the detailed thermodynamic and kinetic
picture of sodium binding and resulting allosteric responses in thrombin. We reveal
that ASP189 and ALA190 compose a more stable Na+-binding site compared with
the previously known one. The corresponding newly found binding mode introduces
significant allosteric responses in thrombin’s regulatory regions by stabilizing selected
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torsion angles of residues responsive to Na+-binding. Our hidden Markov model in-
dicates a bound Na+ prefers to transfer between the two Na+-binding sites when an
unbinding event takes place at one of these sites. As a result, we conclude with a
testable hypothesis on a substrate-driven migration of the bound Na+ (∆G ∼ 1.7
kcal/mol) during thrombin’s recognition to the substrate, which advances the under-
standing of allosteric regulations by Na+-binding and detailed processes in thrombin’s
activation.

4.1 Introduction

Thrombin is a serine protease that plays a critical role in cancer development1,2,3,4

and blood coagulation5,6. Many experimental7,8,9,10 and computational works11,12,13,14

have shown that the molecular properties and enzymatic activities of thrombin are
mediated by monovalent sodium ions. In particular, thrombin presents higher cat-
alytic efficiency in coagulant reactions it is involved in when sodium ions are available
in the aqueous solution7,9,10,8. Despite more than two decades of dispute on the mech-
anism of thrombin’s activation15,16,17,18,11,14,13, the binding of a sodium ion has been
mostly thought to facilitate the functional switch between the anticoagulant “slow”
and coagulant “fast” forms of thrombin.

While the PPACK-(or its analog)-inhibited thrombin was predominantly being
used in structural studies of thrombin, it has been shown that a sodium ion is
bound between thrombin’s 220s and 180s loops and coordinated by 220s loop residues
ARG221i and LYS224 and 180s loop residue TYR184A19,20. The 220s loop that con-
tributes two binding residues is thereby often referred to as a “sodium binding loop”
or “sodium loop” in literature (e.g. see Lechtenberg et al. 15 and Davie and Kul-
man 21), although different articles have used different ranges of residues to denote
this Na+-binding loop (e.g. see Davie and Kulman 21, Fuglestad et al. 22, and Hunt-
ington 23). Moreover, mutagenesis experiments also show that mutations of other
residues, including ASP189, GLU217, ASP222, TYR225, TYR215, ASP221, GLY223
etc., result in a dramatic deficiency of Na+-binding and/or perturbation of thrombin’s
function24,25,23. However, because of the limited temporal and spatial resolutions in
experimental techniques, how the residues beyond the Na+-binding site are linked to
the Na+-binding still remains unclear.

Molecular dynamics (MD) simulations have successfully illustrated high-resolution
conformational ensembles of thrombin under different conditions, providing mecha-
nistic insights into thrombin’s activation11 and allostric responses to a therapeutic
aptamer agent26. Here, we employ MD simulations to characterize detailed interac-
tions – in both spatial and temporal space – between Na+ ions and residues of apo-
thrombin (i.e., unliganded thrombin). Our present study not only bridges knowledge
from previous structural and mutagenesis experiments but also reveals the existence
of a new stable Na+-binding site. Our correlation calculations between the torsion

iAll residue numbers and insertion codes were based on the chymotrysin numbering scheme
adopted in PDB 4DIH. This residue is also sometimes denoted as ARG221A in literature, where A
indicates the insertion code as being used in the PDB files.

68



angles and Na+ occupancy to each residue display the new Na+-binding mode intro-
duces dramatical allosteric responses in thrombin’s regulatory regions. Finally, the
hidden Markov modeling quantifies the Na+-binding/unbinding processes and leads
to a testable hypothesis on a substrate-driven migration of the bound Na+ during
thrombin’s recognition to the substrate.

4.2 Materials and Methods

4.2.1 Simulation configuration

apo-Thrombin in the 125 mM sodium chloride buffer was simulated in five runs of all-
atom molecular dynamics simulations. All simulations were run using CHARMM22/CMAP
force field27,28 under the isothermal-isobaric (NPT ) ensemble. In particular, simu-
lations were run using Berendsen pressure control29 with a 400 fs relaxation time to
maintain 1 atm pressure (P ). Langevin thermostat30 with a damping coefficient of
0.1 was applied to set the temperature (T ) as 300 K.

The initial coordinates of thrombin was determined based on the protein struc-
ture in the PDB 4DIH31 and the missing residue fill-in protocol in the comparative
modeling tool Modeller32. More details about initial protein structure setup and cor-
responding validity discussion can be seen in the Materials and Method section in our
previous work11.

Thrombin was solvated in an explicit TIP3P33 water box with 1 nm-padding
in each of x, y, and z direction. Leveraging the GPU parallelization enabled by
ACEMD simulation package34 and Metrocubo workstations produced by Acellera, the
simulations we performed in this study can reach the microsecond time scale. Such
long time scales ensure different Na+-binding and unbinding events can naturally
take place tens to hundreds of times in the MD simulations. Therefore, without
loss of generality, all ions, including 22 Na+ cations, were randomly placed in the 1
nm-padding (each of x, y, and z direction) solvent box initially.

4.2.2 Characterizations of Na+-binding activities

Na+-occupancy and residence time

To quantify how frequent and how long Na+ ions interact with each thrombin residue,
the occupancy and residence time of all possible residue-Na+ contacts were computed.
A contact Ct

i,j between the ith residue and the jth Na+ was defined if the jth Na+ is
within 0.38 nm away from the ith thrombin residue at time frame t. Such distance was
used as previous work has shown that it is a proper threshold separating the unbound
and bound Na+ ion from both thermodynamic and kinetic aspects11. Therefore, the
instantaneous number of bound Na+ ions on the ith thrombin residue nti is

nti =
∑
j

Ct
i,j, (4.1)
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where Ct
i,j is 1 if the minimum distance between heavy atoms in thrombin’s ith residue

and the jth Na+ is within 0.38 nm at frame t and 0 otherwise. The time-average Na+-
occupancy to the ith thrombin residue in MD trajectories with total frames of T is

< ni >=
1

T

∑
t

nti. (4.2)

Meanwhile, given the binary time series of all residue-Na+ contacts (i.e. a set of
time series of Ct

i,j), we can estimate the residence time of any Na+ ion to a specific
residue i based on the mean first passage time from the Na+-on state (i.e. Ct

i,j = 1)
to Na+-off one (i.e. Ct

i,j = 0). In particular, the mean first passage time for a residue
was directly calculated by counting how many frames the Na+-on state remains on
average over all Na+ ions in all simulation frames and it was assumed that any Na+

ion would not be in contact with thrombin residues after a simulation (i.e. CT+1
i,j

= 0 for any i and j, given T is the length of a simulation). The error due to this
mandatory assumption should be small given we have ample enough sampling in the
microsecond scale simulations.

Cooperativity in Na+ binding

As multiple residues can accommodate the bound Na+ and non-Na+-binding site
residues appeared also linked to the binding of Na+19,20,24,25, it is important to quan-
titatively assess the binding cooperativity of Na+ with respect to different residues.
To differentiate positive and negative couplings, we calculated Pearson correlation
coefficients between the numbers of bound Na+ ions of pairs of thrombin residues
using

ρni,nj
=

1

σni
σnj

∑
t

(nti− < nti >)(ntj− < ntj >), (4.3)

where the σni
and σnj

are standard deviations of the time series of the numbers of
bound Na+ ions on the ith and jth residues of thrombin (i.e. nti and ntj from equation
4.1) respectively. Two residues will present high positive – up to 1– correlation if they
both interact with the bound Na+. On the other hand, a negative correlation of -1 will
be seen if the Na+-binding events never take place simultaneously on these residues.
In other words, when a Na+-binding event occurs on one of these two residues, there
will be a Na+-unbinding event happening at the same time on the other residue. The
transportation of a Na+ between a pair of residues is a primary kinetic process that
results in a negative correlation coefficient we see here. Random short-lived surface
binding/unbinding activities among different residues should act as noise that can
either lead to a near zero Pearson correlation coefficient for the linearly uncoupled
residue pairs or reduce the magnitude of the Pearson correlation coefficient for the
pairs responsible for coorperative binding.

Furthermore, we constructed a network graph to visualize the resultant correla-
tion matrix whose elements were calculated according to equation 4.3. In the network
graph, the nodes represent thrombin’s residues and the thicknesses of edges are pro-
portional to the magnitude of the correlation coefficients between two residues whose
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corresponding nodes were connected. Such representation illustrates the detailed ki-
netic linkages among residues with respect to the Na+-binding activities. To highlight
the most significant linkages, 0.3 and -0.15 were used as the thresholds in the con-
structions of networks for positive and negative coorperative binding respectively. For
the network representing positive coorperative binding, a pair of residues were con-
nected by a line if ρni,nj

> 0.3; for the network representing the negative coorperative
binding, only pairs with ρni,nj

< −0.15 were connected as the negative couplings
were all very weak. In general, positive couplings are stronger and more often than
the negative ones since residues within the same secondary structure tend to present
similar dynamic behaviors.

Changes in backbone torsion angles upon Na+-binding

To identify what residues are responsive to Na+-binding/unbinding, we measured the
correlation (denoted as rni,αj

) between the number of bound Na+ ions on the ith

residue (denoted as ni ) and the jth residue’s backbone torsion angles (αj). Since
the torsion angles – Φ and Ψ– are circular variables, which do not have meaning-
ful arithmetic means, we quantified such correlation using linear-circular correlation
coefficients rni,αj

as follows35,

rni,αj
=

√√√√ρ2ni,cos(αj)
+ ρ2ni,sin(αj)

− 2 · ρni,cos(αj) · ρni,sin(αj) · ρcos(αj),sin(αj)

1− ρ2cos(αj),sin(αj)

, (4.4)

where ρ denotes the Pearson correlation function as already shown by equation 4.3
except for changing related variables according to the corresponding subscripts of ρ.
The value of rni,αj

ranges from 0 to 1, where the value of 1 indicates linear dependence
and the value of 0 indicates the opposite.

Weighted directed graphs were also constructed to visualize the networks of the
backbone torsion angles’ responses upon changes in the number of bound Na+ for
each residue. Thrombin residues were denoted by the nodes. The thicknesses of
edges are proportional to the corresponding correlation and a cutoff threshold of 0.3
was set here to only show couplings which have at least an intermediate strength. As
the correlation matrix here is asymmetric (i.e. rni,αj

6= rnj ,αi
if i 6= j), arrows were

added for the edges and the directions of arrows were from the residue being counted
the number of bound Na+ to the one being measured the backbone torsion angles. In
other words, the direction of the edge, which was weighted by rni,αj

, is from residue i
to residue j. The backbone torsion angles were obtained via the coordinate featurizer
module in Python package PyEmma36.

Hidden Markov modeling

To obtain a simple kinetic model that describes the association and dissociation of
Na+ relative to the major Na+ sodium binding residues, we constructed a hidden
Markov model (HMM) – a type of Markov model without a potentially improper
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assumption of Markovianity of the discrete dynamics37. As we are interested in the
slow binding/unbinding processes rather than the fast ones, a time-lag independent
component analysis (TICA)38,39 was performed before conducting clustering to obtain
discretized trajectories. Choosing a time lag of 100 ps and using the distance matrix
between the major Na+ sodium binding residues (i.e., ASP189, ALA190, ARG221 and
LYS224) and their nearest Na+ ion as the input feature, we obtained dominant TICA
components that retain 95% kinetic variance40. Afterwards, the original feature space
was efficiently discretized into 100 microstates by running k-means clustering on the
TICA projections along these dominant TICA components.

As suggested by other studies37,41,42, the system doesn’t necessarily hold Marko-
vian dynamics anymore when being described by its cluster discretization of the
state space. Moreover, because of the Bayesian statistics employed during the hidden
Markov modeling, the resulting HMMs are more robust even for a bad discretiza-
tion when comparing to the direct observed Markov models40. Therefore, we con-
structed hidden Markov models (HMMs) instead of direct observed Markov models.
By optimally grouping fast mixing microstates into metastable macrostates using
the reversible Bayesian HMM estimator37, the HMMs provide coarse-grained kinetic
models describing the complete Na+ dissociation and association processes to throm-
bin. The number of macrostates was set to 3 as the free energy surfaces constructed
along TICA projections indicates the existence of three major wells. An HMM with
a 1ns Markov lag time was picked for further analyses as the relaxation timescales
appeared independent of the lag time at this point (Figure S1) and this model suc-
cessfully passed the Chapman-Kolmogorov test43. The generation and validation of
the HMMs as well as the quantities representing the model (such as transition matrix
and mean first passage time between states) were carried out and computed via the
Python package PyEmma36.

4.3 Results

4.3.1 Multiple Na+ binding sites exist

Although all simulations here were not started from a thrombin-Na+ complex with
a bound Na+ at the known sodium binding site, the Na+ cations can recognize the
“sodium binding loop” and bind to it in the microsecond MD simulations. As seen in
Figure 4.1 , we illustrated the density map of Na+ ions. Consistent with several studies
in the literature11,13, here we also see that Na+ ions establish both surface and interior
bindings to the molecule of thrombin. The surface bindings of Na+ appear associated
with the side chains of residues in the 60s, 220s and γ loops and chain termini, while
the interior bindings are located between the 220s and 180s loops. Setting different
number density values as the isovalue for the isosurface construction, the isosurfaces
corresponding to the surface bindings largely vanish. These results indicate that the
interior binding modes are highly populated and relatively stable.

As seen in Table S1, except for residues GLU247, ARG17, and ASP15 in the
highly flexible chain termini, only ASP189, ALA190, and GLY219 are in contact with
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Figure 4.1: A density map of Na+ around thrombin. To show the density map
as isosurfaces, a fractional occupancy of 0.05 was used as the isovalue. The protein
is shown as the structure closest to the average structure in the simulations. Two
different interior binding modes are identified between 220s and 180s loops. They
are referred to as “outer” and “inner” binding modes in the following context. The
residues that accommodate these two binding modes are indicated by the labels beside
their CPK representations, where the red, blue, cyan, and white colors represent
oxygen, nitrogen, carbon, and hydrogen atoms respectively.

a Na+ ion for more than 20% of time. ASP189, ALA190, and GLY219 are involved
in thrombin’s substrate pocket S1, although these three residues are also spatially
adjacent (within ∼0.4 nm) to the known Na+ binding site (i.e., ARG221, LYS224,
and TYR184A). The ARG221 and LYS224 in the 220s loop are bound to a Na+ ion
for ∼4% of time, while the nearby ASP221A has a higher Na+ occupancy of ∼9%.
Moreover, the 180s loop residue TYR184A doesn’t present frequent interactions with
Na+ ions (less than 1% of time). This result is consistent with the observation that
TYR184A does not directly coordinate the bound Na+ via its backbone oxygen atom
like LYS224 and ARG221 do20,24.

Despite the fact that the previously known Na+ binding site residues (i.e., ARG221,
LYS224, and TYR184A) are not very thermodynamically favorable for Na+-binding
comparing with several other residues, ARG221 and LYS224 stand out due to their
kinetic aspect regarding Na+-binding. These two residues establish the third and
fourth longest Na+-binding residence time among all thrombin residues. As seen in
Table S1, ASP189, ALA190 have 25.1(6) ns and 20.2(6) ns Na+ residence time respec-
tively, which is about 1∼1.5 fold longer than ARG221 and LYS224 do. Full statistics
of Na+-binding to other thrombin residues indicate ASP189, ALA190, ARG221 and
LYS224 are most kinetically favorable residues for Na+’s attachment.

Therefore, along with the known Na+ binding site (ARG221 and LYS224), there
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should exist another one – composed of ASP189 and ALA190 – in the deeper interior
region near thrombin’s primary substrate binding pocket S1. This newly identified
binding site is both thermodynamically and kinetically stable for the binding of a
Na+ ion. In the following and based on the relative positions of the residues ASP189,
ALA190, ARG221 and LYS224, we refer to the deeper Na+-binding site as “inner”
Na+-binding site and the known Na+-binding site as “outer” Na+-binding site.

4.3.2 “Inner” and “outer” Na+-binding modes are competi-
tive

Given multiple binding modes of a Na+ ion, the correlation network of each residue’s
Na+-occupancy status sheds insights into linkages between each pair of thrombin
residues with respect to Na+-binding/unbinding. Our calculation reveals that the
giant component – as shown in Figure 4.2(a) – is composed of eight residues (∼2.7%
of total thrombin residues), suggesting the binding/unbinding events on most residues
are transient and non-cooperative. Negative coupling with a magnitude greater than
0.15 only occurs in the kinetically slow binding/unbinding processes involving residues
ASP189, ALA190, ARG221 and LYS224.

Figure 4.2: Cooperativity in Na+ bindings. Panel (a) illustrates the giant compo-
nent of the thrombin residues’ coupling network with respect to number of bound
Na+. Panel (b) shows these coupling on the structure plot. The red and blue lines
on both panels represent the positive and negative correlations respectively. A darker
and thicker line indicates a stronger coupling.

As seen in Figure 4.2, the contacts of Na+-LYS224 and Na+-ARG221 are pos-
itively coupled with a high strength, indicating the bound Na+ is coordinated by
both LYS224 and ARG221 in the “outer” Na+-binding mode. Similarly, ASP189 and
ALA190 coordinate a Na+ in the “inner” Na+-binding mode. As the Na+ occupancy
of GLY219 presents some positive correlation with ones of ASP189 and ALA190,
residues GLY219 also directly contributes to the inner Na+-binding. On the other
hand, the Na+ occupancies of ASP189 and ALA190 exhibit negative coupling with
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the one of LYS224 and ARG221, suggesting the attachment of a Na+ ion at one of
these interior Na+-binding sites prevents the binding of Na+ at the other one.

Furthermore, it is interesting to observe that the distant light chain residue SER14I
is negatively coupled with ASP189 and ALA190 (Figure 4.2). Meanwhile, SER14I
is also positively coupled with the heavy chain residue GLN131 (Figure 4.2). These
phenomena suggest a linkage between thrombin’s light and heavy chains, which can
be seen given various aspects in the literature44,45,46,47,48,49,50,51,52.

4.3.3 Na+ binding induces allosteric changes via stabilizing
selected backbone torsion angles

To understand thrombin residues’ allosteric linkages regarding the bound Na+, we
examined the coupling between the Na+-bindings and residue torsion angles. For
most residues, the numbers of locally bound Na+ do not correlate with the fluctua-
tions of other residues’ backbone torsion angles (i.e. ψ and φ). However, there are
a group of residues presenting considerable coupling – correlation coefficient greater
than 0.3 – between their ψ and φ angles and other residues’ Na+-occupancy. As
listed in Figure 4.3(a)&(b), when a Na+ is bound to ASP189, ALA190, ARG221,
LYS224, GLY219, TYR225 or ASP14 (indicated by red node labels in the network
graphs and red beads in the structure plots except for GLY219 as it is also responsive
to the Na+-binding to other residues), specific backbone torsions of other residues
(indicated by the blue node labels and blue beads in the structure plots) are affected.
Consistent with residence time analysis, ASP189, ALA190, ARG221 and LYS224 keep
distinguishing themselves as major Na+-binding residues by presenting considerable
correlations with other residues’ ψ and φ angles. In particular, as indicated by the ar-
rows from ASP189/ALA190 and ARG221/LYS224 in Figure 4.3(a)&(b) , the “inner”
Na+-binding mode induces significantly distinct allosteric responses in other residues’
ψ and φ angles than the “outer” Na+-binding mode does. The regions responsive to
the Na+-binding at the “inner” binding site covers the most known regulatory regions
of thrombin, which includes the 180s, 220s and γ loops and exosite I/II.

The most common effect introduced by Na+-binding is to stabilize the torsion
angle fluctuations of residues in thrombin’s functional regions. For example, as sug-
gested by the heat-map in Figure 4.3(c), the binding of a Na+ ion on residue ALA190
stabilizes a particular Φ angle (∼ −π/2) of residue GLY219. Such effect is known
as the generalized allosteric effect53,54,55,56 because the selected Φ angle can naturally
occur before the Na+-binding event. Another type of effect is “induced-fit56,54”-like.
The bound Na+ results in a unique new conformation such that another residue only
presents that torsion angle after Na+-binding. We could observe the “induced-fit”-
like response just once in our analysis. As seen in Figure 4.3(d), the conformations
with a negative Ψ angle of residue ASN78 does not occur until a Na+ is in contact
with residue ASP189.

75



4.3.4 “Inner” and “outer” Na+-binding modes are preferen-
tially transferable into each other

As two distinct Na+-binding sites in thrombin were identified, we proceeded to char-
acterize the Na+ association and dissociation processes via the construction of a three-
state Markov model. Through the time-lag independent component analysis (TICA)
using lag time of 100 ps, 95% kinetics of the nearest Na+ to the major Na+-binding
residues ASP189, ALA190, ARG221, and LYS224 were captured by the three slow-
est TICA components. As shown in Figure 4.4(a), the free energy surface estimated
along the slowest two kinetic processes also illustrates three major wells, rationalizing
the choice of three metastable states in the construction of a coarse-grained kinetic
model.

Hidden Markov modeling has proved more tolerant of trajectory discretization
errors than the directed observed Markov modeling37. After clustering the dominant
TICA projections, using a Markov lag time of 1 ns (Figure S1), we optimally grouped
fast mixing microstates into metastable macrostates (Figure S2). As a result, we built
a hidden Markov model (HMM) that approximates the complete Na+ dissociation and
association processes to thrombin. Such a coarse-grained model is statistically robust
as it passed a Chapman-Kolmogorov test43 in 95% confidence interval (Figure S3).
Moreover, as illustrated in Figure 4.4c, the metastable sets in the resulting HMM
were respectively identified as the Na+-unbound, “inner” Na+-bound, and “outer”
Na+-bound states, suggesting the rationality of the model physically.

Consistent with Na+-occupancy results, the metastable state with a Na+ ion near
the “inner” binding site appears energetically more favorable (∆G∼-1.7 kcal/mol)
than the one with a Na+ ion near the “outer” binding site. As illustrated by size
of nodes in the transition network of the HMM (in Figure 4.4(b)), the “outer” Na+-
bound state is the least populated one. Meanwhile, “inner” Na+-bound, “outer” Na+-
bound and Na+-unbound states are completely connected and transferable, indicating
that there are two Na+-binding/unbinding pathways for each Na+-binding site.

The labels above the arrows in Figure 4.4(b) demonstrate the mean first passage
time from one metastable state to another. While it takes 26∼57 ns for a Na+ ion
to bind to the “inner” Na+-binding site, it takes 145∼265 ns for that Na+ ion to
release to the “outer” Na+-binding site or the external Na+ reservoir. On the other
hand, the “outer” Na+-binding site presents the opposite kinetic behavior such that
it is faster for a Na+ to dissociate from the “outer” Na+-binding site than to attach
to this site. These values demonstrate that, kinetically, it is easier for a Na+ ion to
bind to the “inner” Na+-binding site than the “outer” one. Moreover, Figure 4.4(b)
also illustrates that it takes less time for a bound Na+ at either Na+-binding sites
to migrate to another one (26 ns and 145 ns for 0 ↔ 2) than to unbind and diffuse
back to the Na+ reservoir (265 ns for 2 → 1 and 173 ns for 0 → 1). Therefore, it is
kinetically preferable for a bound Na+ ion to migrate between two Na+-binding sites
than to release to the Na+ reservoir directly.
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4.4 Discussion

Experimental techniques such as crystallography and nuclear magnetic resonance
(NMR) spectroscopy offer essential information to understand structures of biomolecules
and corresponding mechanisms of their role in biological processes. At the same time,
computational modeling has proved useful to shed insights into atomic-detailed dy-
namic prospectives of the system and fill the gaps between our understanding and
observations. One example of this is when MD simulations have been employed to
refine the metal ion binding site found by solution NMR experiments57 as well as to
reveal new ion binding sites in proteins in a de novo way58,59. Although the crys-
tal structure of thrombin with a Na+ at the “inner” Na+-binding site has not been
seen yet, several previous MD simulations using different MD force fields – including
CHARMM27,28, Amber60 as well as parameter adjustments61,62 for corresponding wa-
ter models33,63 – have also shown the large density of a Na+ in vicinity of ASP18913

and suggested a second binding site in thrombin for Na+52. Moreover, recent NMR
experiments51 have confirmed the allosteric pathways revealed by our previous MD
studies26,11,52. Such excellent agreement between experiments and computations indi-
rectly validates the simulation protocol in the present study, given our previous work
employed the same MD protocol as we did here.

Consistent with mutagenesis experiments24,25,23, our calculations also identified
a list of residues presenting strong linkages with the binding of Na+ (Figure 4.2).
The correlation network of residues’ Na+-occupancy helps us to understand these
mutagenesis experiments by providing insights into the mechanism of the direct link-
age among residues regarding two major Na+-binding events – “outer” and “inner”
Na+-bindings. The sodium binding loop is a blurred name representing what re-
gion accommodates the bound Na+ ion. More precisely, we observed that LYS224,
ARG221, ASP189, ALA190, GLY219, CYC220, SER14I and GLN131 are directly
linked regarding Na+-binding. Particularly, as it has been revealed by mutagene-
sis experiments24,25,23, mutating residue ASP189 will extremely impair Na+-binding.
Such weakening of Na+-binding seems a direct consequence of the mutation pertur-
bations on the “inner” Na+-binding site and the whole correlation network related
to Na+-binding. Meanwhile, there are other residues affecting Na+-binding (see the
review article by Huntington 2008 23) not showing in the giant component of the
Na+-occupancy correlation network. However, most of these residues are spatially
close to the residues in the correlation networks shown in Figures 4.2 and 4.3. These
results imply that other residues are indirectly linked to the ‘outer” and “inner” Na+-
binding sites and their mutations should cause hostile local environment changes for
Na+-binding.

While mutagenesis studies suggest the important role of ASP189 in Na+-binding
and thrombin’s activation24,25,23, it has also been suggested that the interaction be-
tween ASP189 and a bound Na+ ion may present a negative effect on thrombin’s
recognition to substrate64. Note that ASP189 is involved in the primary substrate
binding pocket S1 and it is responsible for the specific interactions with the positively
charged P1 residue (usually ARG/LYS) in the substrate. In agreement with Kurisaki
et al. 2016, the stable binding of Na+ on ASP189 we demonstrate here may poten-
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tially impede substrate’s recognition of the S1 subpocket due to the repulsive force
between the bound Na+ and the positively charged P1 residue. On the other hand,
as indicated by our HMM (Figure 4.4(b)), a bound Na+ prefers transferring between
the “inner” and “outer” Na+-binding site rather than going back to the external
Na+ reservoir directly. As a result, during the binding of thrombin’s substrate, the
substrate’s P1 residue may induce a migration of the bound Na+ from the “inner”
Na+-binding site to the “outer” one (∆G ∼ 1.7 kcal/mol). This substrate or ligand
induced ion migration is likely one of the reasons why available crystal structures
of thrombin so far just display the “outer” Na+-binding mode, especially considering
there is some substrate-like binding ligands (such as PPACK inhibitor and its analogs)
at the active site in most crystal structures of thrombin. One can commonly observe
these ligands interacting with ASP189 through the polar interaction, which likely have
forced the Na+ ion away from the “inner” Na+-binding site. For the small selection
of the thrombin structures, which are available without a ligand interacting (see PDB
2UUF65 and 3U6966), they may not be germane due to other ligands bound at either
the allosteric regulation site (for PDB 2UUF) or the S3 and S4 subpockets adjacent
to S1 (for PDB 3U69). Unlike the conformations in the “inner” Na+-binding state,
the subtle rearrangement of the side chains of residues around ASP189 and ALA190
partially occludes the “inner” Na+-binding site. Instead, the water-binding in the
S1 subpocket, as seen in these crystal structures, suggests the possibility that Na+-
binding at the“inner” binding site competes with the water-binding. In summary,
based on the evidence from our calculation and experimental works, it is highly likely
there is a substrate-driven ion migration during thrombin-substrate interaction. High-
resolution crystallographic studies on inhibitor- and ligand-free thrombin are needed
to confirm our hypothesis.

Na+-binding has been revealed as an allosteric effector of thrombin by many ex-
perimental and computational works7,8,9,10,11,12,13. In particular, our previous study
indicates the binding of Na+ doesn’t perturb the backbones of the catalytic pocket
residues but their side chains’ orientation. Here the side chains’ allosteric responses
upon Na+-binding to each residue are quantified by the correlation coefficients be-
tween Ψ/Φ angles and Na+’s occupancies. Figure 4.3 displays the Na+-bindings at
the “inner” and “outer” Na+-binding sites introduce extremely different allosteric re-
sponses. The “outer” Na+-binding mode only appears to stabilize the Ψ angle of the
nearby residue CYS220. In contrast, the “outer” Na+-binding mode results in a much
more significant influence on adjacent and distant residues. These affected residues
are located in the 180s, 220s and γ loop, exosite I/II, catalytic pocket and light chain,
which are all functionally related to Na+-binding and catalytic efficiency21,67,68. Ex-
cept for residue ASN78, whose Ψ angle can adopt a completely new value after a Na+

binds to residue ASP189 (Figure 4.3), the effect induced by the Na+-binding at the
“inner” Na+-binding site is to select and stabilize a priorly occurring Ψ/Φ torsion
angle of the other responsive residues. In other words, the “inner” Na+-binding mode
stabilizes a selected conformation. Therefore, these findings demonstrate the “inner”
Na+-binding induced generalized allostery53,54,55,56 is the main mechanism of Na+’s
mediation on thrombin, which also agrees with previous discussions on thrombin’s
conformational ensembles11,69.
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4.5 Conclusions

Combining extensive all-atom MD simulations and various analyses, we have char-
acterized all possible residue-Na+ contacts and demonstrated the existence of a new
Na+-binding site in apo-thrombin. This Na+-binding site is located beside the previ-
ously known Na+-binding site (referred to as “outer” Na+-binding site in the context)
and largely accommodated by ASP189 and ALA190 of the S1 subpocket. Compared
with the “outer” Na+-binding site, this “inner” Na+-binding site is thermodynami-
cally and kinetically more favorable for the binding of a Na+ ion.

Instead of the binding activity at the“outer” Na+-binding site, it is actually the
“inner” binding mode that induces significant allosteric responses in thrombin’s 180s,
220s and γ loop, exosite I/II, catalytic pocket and light chain. Such Na+ binding
stabilizes selected torsion angles of the residues in these regulatory regions. Our find-
ings do not just provide additional evidence of generalized allostery as the mechanism
of Na+’s regulation on thrombin, but also depict a more detailed picture of the al-
losteric pathways. The allosterically linked residues’ dihedral angles are stabilized by
the Na+-binding at the “inner” Na+-binding site. The stabilized conformation with
selected dihedral angles is likely favorable for the “fast” thrombin.

Hidden Markov modeling offers a coarse-grained kinetic model that quantifies the
complete association and dissociation processes of Na+ relative to the “outer” and
“inner” Na+-binding sites. We observed that a bound Na+ at either of these two sites
prefers transferring to another Na+-binding site than going to the solution directly.
This property explains why we saw a competitive binding between the two Na+-
binding modes in our correlation analysis. Moreover, our kinetic model proposes a
testable hypothesis on the underlying process of thrombin-substrate recognition. The
bound Na+ at the “inner” Na+-binding site first stabilizes a particular conformation
that is favorable for thrombin’s catalytic efficiency. Secondly, the substrate recognizes
the well-formed stable catalytic pocket of thrombin and starts binding. During this
substrate-binding process, the bound Na+ ion at the “inner” Na+-binding site is being
repelled by the positively charged P1 residue of the substrate and then transfers
to the “outer” Na+-binding site (∆G ∼ 1.7 kcal/mol). This hypothesis provides a
likely explanation why all available crystal structures of thrombin do not display the
“inner” Na+-binding mode yet, given the fact that the ASP189 is mostly occupied
by a bound chemical compound (e.g. PPACK inhibitor) in these crystal structures.
Further studies, such as inhibitor-free structural determination or inhibitor-bound
molecular dynamics of thrombin-substrate complex in NaCl buffer, could test this
hypothesis.
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Figure 4.3: Allosteric responses to the Na+-binding/unbinding. Correlation net-
works between residues’ Na+-occupancy and Ψ/Φ angles are displayed in panels (a)
and (b). The arrows point from the Na+-bound residues to the highly responsive
residues. In both the network graphs and structural mapping plots in panels (a) and
(b), the Na+-bound residues are indicated by red labels or red beads, while the re-
sponsive residues are indicated by blue ones. GLY219 is the only residue in orange,
representing its Na+-binding can affect other residues’ torsion angles and its torsion
angles are also responding to other residues’ Na+-binding. Panels (c) and (d) illus-
trate the heat maps of the joint distributions of one residues’ Na+-occupancy and
another residue’s Ψ/Φ angles. (c) shows the most common heat map representing
generalized allosteric responses, while (d) is the only case exhibiting ‘induced-fit”-like
responses.
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Figure 4.4: Metastable states from Hidden Markov modeling. (a)Three metastable
states are identified from the free energy surface constructed along the first TICA
components. The transition among these three metastable states are illustrated in
panel (b), where the size of nodes and the thickness of the transition arrows are
respectively proportional to the stationary probability of the corresponding states
and transition matrix. The quantities above the arrows indicate the mean first pas-
sage times from one state to another. Structural representations for the Na+-bound
metastable states are shown in panel (c), where the bound Na+ are indicated by the
yellow isosurfaces with a number density of 0.5.

82



Table S4.1: Na+-binding statistics for Na+-residue contacts. ResID is followed by
the sequential residue numbering scheme for thrombin in literature70? . The statics
were calculated over all Na+ ions and runs. Here, we Only listed the statistics for
residues presenting more than 1 ns Na+-residence time in the table.

ResID (sequential 
numbering 

scheme)

ResNum 
(chymotrysin 
numbering 

scheme)

Occupancy Mean Residence 
Time (ns)

Standard errors in 
residuence time 

(ns)

235 ASP189 56.3% 25.1 6.0
236 ALA190 54.9% 20.2 5.7
272 LYS224 3.9% 10.4 4.5
269 ARG221 4.0% 9.5 5.7
268 ASP221A 9.5% 3.9 0.8
213 THR172 1.7% 3.7 1.1
22 ASP14 1.6% 3.4 1.2
31 SER14I 2.7% 3.3 1.1
210 LYS169 1.6% 3.1 0.9
167 GLN131 3.3% 2.9 0.8
71 ASP49 4.3% 2.8 0.3
61 GLU39 0.9% 2.6 1.1
94 ASP63 5.7% 2.6 0.2
27 GLU14E 7.0% 2.6 0.3
33 ILE14K 2.2% 2.4 0.6
241 SER195 0.2% 2.4 0.0
290 ILE242 0.2% 2.4 0.0
238 GLU192 6.8% 2.3 0.3
130 GLU97A 4.1% 2.2 0.4
92 GLU61 4.0% 2.2 0.2
293 PHE245 0.9% 2.0 0.0
158 ASP125 2.5% 1.9 0.2
8 ASP1A 8.9% 1.8 0.2

79 HSD57 0.2% 1.8 0.0
234 GLY188 0.4% 1.8 0.0
118 GLU86 8.5% 1.7 0.4
294 GLY246 1.2% 1.7 0.0
30 GLU14H 14.6% 1.6 0.1
182 GLU146 2.7% 1.6 0.0
295 GLU247 34.7% 1.6 0.2
34 ASP15 28.3% 1.6 0.2
44 GLU23 8.5% 1.6 0.3
42 ASP21 13.0% 1.5 0.1
205 GLU164 5.4% 1.5 0.1
149 ASP116 1.4% 1.5 0.1
270 ASP222 11.7% 1.5 0.1
291 ASP243 15.4% 1.5 0.1
87 ASP60E 17.8% 1.5 0.1
265 GLU217 2.2% 1.5 0.1
230 GLU186B 9.1% 1.5 0.1
262 SER214 0.3% 1.4 0.3
229 ASP186A 11.6% 1.4 0.1
36 ARG17 33.1% 1.4 0.1
273 TYR225 1.1% 1.4 0.0
39 GLU18 17.4% 1.4 0.1
211 ASP170 14.3% 1.3 0.1
219 ASP178 1.6% 1.3 0.1
6 GLU0 9.0% 1.3 0.1

16 GLU86 8.2% 1.3 0.0
292 GLN244 1.9% 1.2 0.0
264 GLY216 1.0% 1.2 0.0
160 GLU127 9.4% 1.1 0.1
21 GLU13 10.5% 1.1 0.0
266 GLY219 26.3% 1.1 0.0
166 LEU130 0.4% 1.1 0.0
212 SER171 0.5% 1.1 0.0
207 PRO166 0.5% 1.0 0.0
183 THR147 1.0% 1.0 0.0
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Figure S4.1: Implied timescales based on the transition matrix from the reversible
Bayesian hidden Markov model estimator37 indicate 1ns is a proper Markov lag time.
The time scales of the underlying processes start to be level with 95% confidence
interval after 1 ns. The relaxation time for the two slowest processes is about 435 ns
and 47 ns.
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Figure S4.2: Assignment of the mestastable states in hidden Markov modeling.
The green, blue and yellow dots respectively present microstates inside the “outer”-
binding, unbound or non-specifically bound elsewhere, and “inner”-binding states.
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Figure S4.3: The resulting HMM with a Markov lag time of 1 ns successfully passes
the Chapman-Kolmogorov test43 with 95% confidence interval. Each step in the
figures represent 0.1 ns.
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Abstract

Thrombin is a key component for chemotherapeutic and antithrombotic therapy de-
velopment. Until the discovery of several disease-associated mutations in the light
chain, it was considered an unnecessary activation remnant for thrombin’s function.
As the physiologic and pathologic roles of the light chain still remain vague, in this
study, we continue previous efforts to understand the impacts of the disease-associated
single deletion of LYS9 in the light chain. We investigate the variation in conforma-
tional ensembles through ten – all-atom – one microsecond-scale molecular dynamics
(MD) simulations of the wild-type and ∆K9 mutant forms of thrombin. By com-
bining supervised and unsupervised machine learning methodologies with MD and
more traditional structural analyses, we show that the conformational ensemble of
the ∆K9 mutant is significantly perturbed. The analyses of atomic fluctuations, con-
formational clusters, solvent-accessible-surface areas and conformational free energy
profiles consistently indicate that both the catalytic cleft and regulatory functional re-
gions are destabilized by deletion of LYS9 and result in some conformational changes
that occur in tens to hundreds of nanosecond scaled motions. We also reveal that the
two forms of thrombin each prefer a distinct binding mode of a Na+ ion. We expand
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our understanding on previous experimental observations and shed light on the mech-
anisms of the LYS9 deletion associated bleeding disorder by providing consistent but
more quantitative and detailed structural analyses than early studies in literature.
With a novel application of supervised learning, i.e. the decision tree learning on the
hydrogen bonding features in the wild-type and ∆K9 mutant forms of thrombin, we
predict that seven pairs of critical hydrogen bonding interactions are significant for
establishing distinct behaviors of wild-type thrombin and its ∆K9 mutant form. Our
calculations indicate the LYS9 in the light chain has both localized and long-range al-
losteric effects on thrombin, supporting the opinion that light chain has an important
role as an allosteric effector.

5.1 Introduction

Thrombin is a multifunctional serine protease with critical coagulant and anticoagu-
lant properties in blood coagulation cascades1,2. Meanwhile, thrombin plays impor-
tant roles in tumor growth, metastasis, angiogenesis and invasion3? ,4,5. Therefore,
thrombin is an attractive drug target for antithrombotic therapy6,7,8 and chemother-
apeutic development9,10.

Activated from its precursor prothrombin, human α-thrombin is composed of
a 36-residue light and a 259-residue heavy chain (also respectively referred to as
“A” and “B” chains, as shown in Figure 5.1). These two chains are linked to each
other through a disulfide bridge between CYS1 and CYS122 (in the chymotrypsin
numbering scheme) and a network of salt bridges, ionic interactions and hydrogen
bonds11,12,13. In addition to the catalytic triad, several known functional sites are
also located in the heavy chain of thrombin12. Such functional sites include hy-
drophobic 60s and hydrophilic γ loops, 220s loop, and anion-binding exosite I and II
(Figure 5.1). The 220s loop is also known as “sodium binding loop” due to its specific
accommodation of a Na+ ion14,15 (Figure 5.1), which maximizes thrombin’s catalytic
function16,17,18,19. However, unlike the catalytic heavy chain, the light chain has been
less studied and considered an unnecessary activation remnant for thrombin’s func-
tion20,21 until the discovery of severe bleeding phenotype associated mutations in the
light chain22,23,24,25.

Several previous experimental studies have shown that mutations in the light chain
can cause dramatic perturbations of thrombin’s catalytic activities26,27,28. Moreover,
the thrombin light chain has also been proposed to serve as a sensitive marker for de-
tecting gastric cancer due to a decreased level of the circulating thrombin light chain in
gastric cancer patients’ serum (though, the precise mechanism is unknown)29. These
results suggest the light chain of thrombin should have a functional importance in its
enzymatic properties and cancer development, although – again – the physiologic and
pathologic roles of the light chain and the mechanisms behind relevant experimental
observations are not yet fully understood13,26.

One of two lysine residues – LYS9 or LYS10 – has been suggested as one of the
key residues in the 36-residue light as its mutation may cause hypoprothrombine-
mia30. It was seen that patients with a deletion of LYS9/LYS10 presented deficient
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antigen levels and prothrombin activities and experienced severe bleeding30. Several
in vitro experiments have shown that mutations of LYS9/LYS10 can cause dramatic
perturbations of thrombin’s catalytic activities, including severely impaired interac-
tions between thrombin and its substrates and attenuated sensitivity to sodium ions
(Raimondo De Cristofaro et al., 2004, 2006; Papaconstantinou et al., 2008).

Previous computational studies using a single run of 18 ns molecular dynamics
simulation have made progress into the molecular-level details, which suggests some
insertion loops as well as the catalytic triad could have subtle conformational changes
due to the deletion of LYS9/LYS1027,28. More recently, in addition to fast dynamic
motions at the ps-ns timescale, thrombin’s slow time scale dynamics in surface loops,
have been revealed by NMR experiments and conventional and accelerated MD calcu-
lations31, suggesting longer time scale MD simulations are required to study allosteric
changes in thrombin. Given LYS9/LYS10’s significant relevance to disease and the
mechanism by which a LYS9/LYS10 deletion impairs thrombin has not been fully
revealed yet, in this work, we continue the progress in understanding the role of
thrombin’s light chain by combining microsecond all-atom molecular dynamics sim-
ulations of wild-type thrombin and its mutant with the deletion of the LYS9 residue
with several recently developed machine learning techniques. We performed five inde-
pendent 1 µs all-atom MD simulations (10 µs of simulations in total) for thrombin in
the wild-type and LYS9 deletion mutant forms to probe the mutant effects regarding
the conformational properties. Our calculations reveal consistent but more quantita-
tive and detailed light chain mutation effects than previous relevant experimental and
computational studies. The more extensive sampling and longer simulations in this
study also suggest the deletion of LYS9 in the light chain may induce more signifi-
cant perturbations on thrombin’s conformational ensembles than what was revealed
previously. Through a novel application of decision tree learning on the hydrogen
interaction features, we predict several key residue interactions that provide a new
mechanistic insight into how the naturally occurring LYS9 deletion causes severe
bleeding disorders. Furthermore, the workflow (Figure 5.2) that combines MD simu-
lations and machine learning methods in this study should be not just successful in
the present test case of LYS9 deletion, but also applicable in future work on other
thrombin’s mutations30,22,24,26,25 and any other important disease-associated mutants
of readers’ interest (such as EGFR mutations described in Zhao, Yang, Xiang, Gao,
& Zeng, 201732 and other important mutations33,34,35,36,37).

5.2 Materials and methods

5.2.1 Simulated systems

To gain further understanding of the light chain mutations’ structural influences at
the atomic level and in the microsecond regime, we simulated human α-thrombin
in wild-type and LYS9 deletion (also referred to as ∆K9 in the following context)
mutant forms. The initial structure of the wild-type thrombin was based on the
protein structure in PDB 4DIH38. The missing residues of thrombin in this PDB
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Figure 5.1: Thrombin-Na+ complex structure and thrombin mutant with the
∆LYS9 deletion. (a) The thrombin structure is visualized based on PDB 4DIH and
is shown in green and orange for the heavy and light chains. The 60s (in pink), 220s
(in purple), and γ (in yellow) loops and exosite I (in cyan) and II (in blue) are high-
lighted, as these are known regulatory regions. The side chains of the catalytic triad
are displayed in red. The bound Na+ is shown as a brown bead. (b) The side chain
of LYS9 in the light chain is indicated in CPK representation. The modeled initial
structure of ∆K9 mutant thrombin is shown in blue.

(19 out of 295 residues) were modeled through Modeller39. Other missing hydrogen
atoms were added via VMD’s psfgen package40, using default parameters. As no
crystal structure of α-thrombin with light chain mutations has been yet solved, here,
the initial structure of the LYS9 deletion mutant was modeled via Modeller using
the thrombin structure in the same PDB 4DIH as the structural template. Missing
residues and hydrogen atoms for the mutant were added via the same procedures we
performed for the wild-type. As a result, the initial structures of the wild-type and
mutant forms have a large extent of overlaps due to the exactly same coordinates
for most atoms (Figure 5.1). The relatively long (microsecond) time scales used
in our study should ensure systems relax to their intrinsic conformational ensembles.
Therefore, we expect the conformations of the wild-type and the LYS9 deletion mutant
to be well-sampled by our simulations (10 runs of one microsecond simulations in
total).

5.2.2 Simulation configurations

Given previous identifications of slow dynamic motion of thrombin’s surface loops31

and the fact that initial structure of the mutant form is modeled based on the wild-
type one, access to these longer time scales is necessary to achieve full relaxation
from the wild-type structure based model and probe events that take place only on
longer time scales41,42,43. Leveraging recent developments in GPU parallelization, we
performed five one-microsecond-long all-atom MD simulations for each system, i.e. a
total of 5 microseconds for wild-type thrombin and ∆K9 mutant respectively. These
simulations were performed using the GPU-enabled ACEMD simulation package44

and Titan GPUs in Metrocubo workstations produced by Acellera.
To mimic the aqueous environment, we solvated the protein by putting an explicit
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Figure 5.2: A working flow chart.

TIP3P45 water box around thrombin using a 10 Å padding in VMD40. Since the
activation of thrombin requires Na+ cations, via the autoionize package in VMD,
sodium chloride ions were added to neutralize the systems and the concentration of
Na+ was set to a typical experimental value of 0.125 M38. All ionizable residues were
considered in their default protonation state at physiological pH. These procedures
result in a simulation cell with more than 31,000 atoms and enable a close examination
of each form of thrombin at the single molecular level. Prior to simulation, all systems
underwent 1,000 cycles of conjugate gradient minimization to avoid un-physical initial
configurations. All simulation runs were performed with the CHARMM27 force field
that has a CMAP correction for proteins46,47 under NPT ensemble (constant particle
number, pressure, and temperature). The pressure was set at 1 atm using Berendsen
pressure control48 with a 400 fs relaxation time. Using Langevin thermostat49 with
a damping coefficient of 0.1, the temperature was maintained at 300 K . A 9 Å cutoff
and 7.5 Å switching distance was applied for van der Waals and electrostatic forces.
The smooth particle mesh Ewald method as implemented in ACEMD50,44 was used
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to calculate the long-range electrostatics with 72 evenly spaced grid points in all three
directions. The time step was set to 4 fs during the simulations due to a usage of
the hydrogen mass repartitioning scheme51. Bonds involving hydrogen atoms were
constrained using the SHAKE algorithm52. Conformations sampled in the simulations
were saved in the MD trajectory file in every 2,500 steps (i.e. 10 ps) for the balance of
temporal resolution and cost in storage. As a result, we have an extensive sampling
of 100,000 conformations across one-microsecond time scale for each simulation run.

5.2.3 Processing and analysis methods

We first aligned all frames in MD trajectories to the initial structure of wild-type
thrombin through rigid body translations and rotations to minimize the root-mean-
square deviation to the alpha carbons of the common residues in the wild-type and
∆K9 forms. This alignment was performed with the ‘align’ class in Python library
MDAnalysis53,54,55,56. As we found the relaxation time (∼ 20 ns, according to the Cα
atom root-mean-squared distances to the initial structure shown in Figure S5.1) is
much smaller than the simulation time (1000 ns) for all simulation runs, we performed
our analyses on the whole trajectory for each system. Although we do not expect a
global equilibrium can be reached and the full dynamics of thrombin can be captured
in our simulations given the existence of µs ∼ ms scale fluctuations revealed by
experiments31, we observe that the extensive sampling in our 1 µs simulation can still
result in very small block averaging errors and an approximate convergence (Figure
S5.2). Moreover, our multiple runs of each type of simulation present similar sample
distributions but not the same dynamic behaviors (Figure S5.1 & S3), which suggests
a potential phase space sampling problem with previous computational work28,27.

Root-mean-squared fluctuations (RMSF) were computed for each alpha carbon
in the wild-type and ∆K9 mutant thrombin as a first line examination of backbone
mobility differences in these two forms. The RMSF calculation was based on

RMSFα =

√
1

N

∑N

t=1

(−→
rαt −

〈−→
rαt

〉)2
, (5.1)

where
−→
rαt is the coordinate vector of atom α in frame t and <

−→
rαt > denotes the

average position vector of atom α over all frames.
To explore the similarities and differences of thrombin’s conformational responses

to the light chain mutation, we carried out Amorim-Hennig clustering analysis57,58 on
the concatenated trajectories of the common atoms in the wild-type and ∆K9 mutant
thrombin. As a recently developed unsupervised learning technique, Amorim–Hennig
(AH) clustering with a default Minkowski weight 2 (which intuitively corresponds to
a Euclidean distance metric57), has shown its effectiveness and sensibilities on MD
data58.In particular, without a requirement of specifying the number of clusters, this
clustering method determines cluster sizes by optimizing the sihousette index – a
measure of how similar an element is to its own cluster relative to the next best
cluster59 – of different grouping. As AH clustering iteratively adjusts the rescaling
feature weights until convergence, it is able to identify non-spherical clusters among
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noise and the clustering results help differentiate local conformational changes sen-
sitively58. Therefore, we applied such an automatic and non-parametric clustering
method to all MD trajectories via our Python implementation available on figshare60.
Depending on the size of regions of interest, we clustered the common Cα atoms of
(1) the entire molecule and the heavy atoms (not hydrogen) of (2) the catalytic triad
and (3) the regulatory region, which explicitly includes the exosite I and II, 60s, 220s,
and γ loops (for details about the residue ranges see Tables S1). To save computation
time, all frames of conformations in the MD trajectories were re-sampled by a striding
factor of 10 in the clustering analysis.

As an important metric of inter- and intra-molecular interactions, hydrogen bonds
were detected and analyzed over all conformations we sampled in the simulations of
wild-type and ∆K9 mutant thrombin. Using the HydrogenBondAnalysis class in
MDAnalysis53, we searched for hydrogen bonds of at least intermediate strength as
defined in Steiner, 2002 61. Under this definition, heavy atoms of the donor and ac-
ceptor pairs atoms must be within 3.2 Å and the bond angle of heavy atom-hydrogen-
heavy must be greater than 120◦ . If such an intermediate-strength hydrogen bond
was detected between two residues, we said these two residues formed a hydrogen
bond pair. Then, given a frame of conformation, we constructed a binary feature
vector of all possible pairs of residues with hydrogen bonding. This reduced feature
set has been recently adopted as inputs for decision tree learning and helped identify
allosteric responses to three type of DNA damages62.

As one of the most interpretable machine learning methods, the decision tree
algorithm returns a fitted binary classifier based on the input features63. By making a
couple of key decisions on the input feature’s values, one can tell what class the input
entity should belong to through the trained decision tree classifier. In the present
study, we aim to employ this machine learning technique to identify key residue-
residue hydrogen bonding motifs among all hydrogen-bonding pairs that occurred
in the wild-type and ∆K9 thrombin. Key decisions on the hydrogen bonding status
were determined based on the comparisons on the Gini indexes from all splitting ways
for each level of the decision tree. The Gini index (also called Gini impurity, denoted
as I) is computed according to

I(Xm) =
∑

k
pmk(1− pmk), (5.2)

where pmk is the probability of a conformation with an actual class label m (i.e.
“WT” or “Mutant” here) being classified into class k in the node a training set X63.
If all conformations inside a node belong to the same class, the Gini index of that
node is zero. A binary split on whether forming a hydrogen bond between a specific
residue-residue pair can result in a more accurate classification if the Gini indexes
of nodes in the splitting branch are closer to zero. A split resulting in smallest Gini
indexes will be treated as top level in the decision tree and the conformations in that
node will be separated into two branch of nodes accordingly. Conformations inside
each node will be split in the same way until the classification error rate reaches a
user specific value. Therefore, hydrogen bond motifs that distinguish the wild-type
and mutant forms can be identified from the top several levels of the decision tree.
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By calling the fitctree function in the Statistics and Machine Learning Toolbox of
Matlab, we performed supervised learning on residue-residue hydrogen bonding fea-
tures - an N-by-M input matrix, where N is the number of conformations and M is the
number of residue-residue pairs with a possible hydrogen bond – via a construction
of decision trees. By fitting decision trees on the binary hydrogen bond trajectories
(i.e. the N-by-M input matrix) of interactions among non-LYS9/LYS10 residues in
the wild-type and mutant thrombin, we were able to classify conformations of the
wild-type and ∆K9 thrombin based on the knowledge of the presence of hydrogen
bonds. In other words, construction of a binary decision tree classifier based on the
features of hydrogen bonding statuses provides an interpretable model to differenti-
ate the conformational ensembles of wild-type and ∆K9 mutant forms of thrombin.
Furthermore, the trained decision tree suggests a list of important hydrogen bond in-
teractions in the intra-molecular communication network, offering testable predictions
of critical interactions and suggestions for designs of further mutagenesis studies.

Since Na+ binding has been thought of as an allosteric effector of thrombin’s
enzymatic activation16,17,18,19,64, we monitored the mean distance < d > between
the sodium binding loop (220s loop) atoms and the nearest Na+ ion. Based on the
histograms of < d > in each type of simulation and structural examinations for each
peak, a frame was defined as Na+-bound (or say ‘Na+-on’) if the < d > associated
with that frame was less than or equal to 9.3 Å and 9.5 Å respectively for wild-type
and ∆K9 forms of thrombin. As seen in our previous work64, this mean distance
captures the stable interior bindings rather than the surface ones and correlates well
with the minimum distance (less than 4.0 Å) between the 220s loop atoms and the
stably bound cation. Moreover, as we will see in the next section, rather than the
minimum distance, the mean distance preserves some profound information about
the relative position of the bound Na+ to the 220s loop. Therefore, we used the mean
distance < d > here to illustrate the existence of multiple interior binding modes.

For both the Na+-bound and Na+-unbound states, we calculated solvent accessible
surface areas (SASA) of the catalytic triad and subpockets and S1-6 (residues involved
see Table S5.1) and the whole protein. The measurement of SASA was carried out
via the Shrake and Rupley algorithm65 implemented by MDTraj. Comparisons of the
distribution of these SASAs indicate direct and indirect impacts of the mutations in
the light chain.

To dissect impacts of the light chain mutation on thrombin’s conformational space,
principle component analysis (PCA) was performed on the concatenated trajectories
of the selected common atoms in the wild-type and mutant thrombin. This tech-
nique – commonly used for dimension reduction in machine learning – allowed us to
project high dimensional structural information onto a reduced space. Here, we con-
structed the conformational free energy surfaces of the regulatory region (defined in
the clustering analysis) and the catalytic cleft that includes catalytic triad and S1-6
subpockets. By diagonalizing the covariance matrix for the heavy atoms in above
regions of interest, we obtained dominant components capturing the majority of dy-
namic variance in the wild-type and mutant systems. By projecting the coordinates
of corresponding heavy atoms in the aligned trajectories onto the eigenvectors with
two largest eigenvalues, distinct conformations in the region of interest are expected
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to have distinguished projections in the reduced conformational space. Through bin-
ning the projections and converting the frequency P of each bin into free energy G
via

∆G = −kT ln

(
P

P0

)
, (5.3)

where kT is the product of Boltzmann’s constant k and temperature T , and P0 is
the minimum frequency among all bins, we calculate the free energy change ∆G. We
then constructed the conformational free energy surfaces of the interested regions.
The PCA decomposition was carried out via the ‘pca’ module in PyEmma66 Python
package.

The conformational ensembles in the free energy wells was visualized via the
Tachyon render in VMD 1.9.240. To show potential variances of the representa-
tive structure in the selected well, as previously suggested by Melvin and Salsbury 67,
we visualized the conformational ensembles by showing the representative structure
in solid and the other conformations in the same structural ensemble as shadows.
Here, the representative structure was chosen as the one that is closest to the average
conformation in the most populated bin in the selected well. For the representa-
tive structures, we also displayed the side chains of the residues of interest. For the
shadows, which were randomly selected 50 structures in the same bin to indicate the
variance, only the backbone using the new cartoon representation was displayed for
simplicity of the image.

5.3 Results

5.3.1 LYS9 deletion reduces the structural rigidity of main
regulatory regions

Root-mean-square fluctuations for the α-carbons of ∆K9 (Mutant) and wild-type
(WT) thrombin highlight what regions of thrombin’s backbone flexibility are affected
by the deletion of LYS9 (Figure 5.3).The time-averaged atomic fluctuations reveal
most of these regions are known functional sites of thrombin, including 60s, 180s, 220s
and γ loops, exosite I and II. In particular, these sites exhibit increased mobilities in
the ∆K9 mutant thrombin (Figure 5.3a & b) than the wild-type one. As indicated by
the colors in Figure 5.3b, the rigidity of the γ and 60s loops is significantly reduced
in mutant thrombin, though this mutation (∆K9) is distant (> 40 Å) from the γ and
60s loops.

On the other hand, as shown by the left sub-figure in Figure 5.3b, the LYS9
deletion in the light chain appears to result in a slightly more rigid light chain. The
residues near LYS9 present about 0.5 Å more fluctuations in the presence of LYS9.
Similar to the C-terminus of the light chain, the backbones of the adjacent alpha helix
(resid 164 to 168 in the sequential numbering scheme, i.e SER129B to ALA132) in
the heavy chain are also slightly more flexible in the wild-type thrombin.
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Figure 5.3: Root-mean-square fluctuations (RMSF) for the α-carbons of ∆K9 (Mu-
tant) and wild-type (WT) thrombin. The blue and red colors in (a) depict the ∆K9
mutant and wild-type thrombin respectively. The residue indexes in (a) follow our
sequential residue numbering scheme that all residues in the light and heavy chains
are numbered from 1 to 295 and the LYS9 in the light chain thereby has a residue
ID of 17. The known sites with distinct RMSF are indicated by labels. Error bars
indicate the standard errors of the RMSF values across 5 runs of simulations. The
thrombin molecule is colored based on the subtractions of RMSF (Mutant-WT) in
(b) to indicate the location of the significantly affected regions.

5.3.2 Clustering across configurations highlights decreased
stability of mutant thrombin

Clustering analysis of concatenated common residue trajectories for the the wild-
type and mutant thrombin offers quantitative estimations of the structural diversity.
As shown in Figure 5.4, Amorim-Hennig (AH) clustering indicates the wild-type
thrombin has more structurally stable ensemble and the mutant has more diverse
structural ensembles. Only one primary backbone conformation is present in wild-
type thrombin, while two extra conformational clusters contribute to 36% and 8%
populations of the backbone conformations in the thrombin mutant (Figure 5.4a).

Except for Cα atoms, to take into account the side chain arrangement, we also
clustered the heavy atoms of several regions of interest. Similar to the backbone clus-
tering, the heavy atom clustering of the regulatory regions (60s, 220s and γ loops,
exosite I and II), catalytic triad demonstrates the conformational ground state is more
likely to split into multiple conformationally metastable states for the thrombin mu-
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tant. In particular, the gamma loop establishes several different shapes in the mutant
thrombin rather than the dominant one in the wild-type. The 60s loop also presents
unique movement in the lack of LYS9 (Figure S5.1). While the the conformational
differences between the catalytic triad cluster 0 and 1 appear subtle (Figure S5.2),
the side chains orientation of the catalytic triad in the AH detected cluster 1 becomes
about 4-fold more likely to occur in the ∆K9 mutant thrombin than the wild-type.

Figure 5.4: Amorim-Hennig (AH) Clustering Distribution of ∆K9 (Mutant) and
wild-type (WT) thrombin. Panels (a)-(c) respectively illustrate the clustering results
of the Cα atoms, heavy atoms of the regulatory regions, and catalytic triad.Error bars
indicate the standard errors of the cluster distributions across 5 runs of simulations.

5.3.3 LYS9 deletion results in perturbed hydrogen bonding
network

Due to the important role of the hydrogen bonding network in allosteric communica-
tion68,69,70 and structural stability71, hydrogen bonding statuses among residues were
monitored and compared for both wild-type and ∆K9 mutant thrombin. While the
LYS9 residue in the wild-type thrombin contributes to 15 hydrogen-bonding pairs
that ∆K9 mutant thrombin can not form, the mutant thrombin with a deletion of
LYS9 presents 256 more unique residue-residue pairs with hydrogen bonds than the
wild type. This increment in number of hydrogen-bonding pairs in the mutant throm-
bin is ascribable simply to the new hydrogen bonds formed in the heavy chain, since
the numbers of hydrogen-bonding pairs within the light chain and between the light
and heavy chains are larger in the wild-type due to an extra LYS9 (Table 5.1). On
the other hand, as quantitatively assessed in Table 5.1, the wild-type thrombin has a
higher mean value but slightly smaller standard deviation in the counts of the residue-
residue hydrogen-bonding pairs regardless of the consideration of the LYS9 residue.
These statistics imply the wild-type thrombin has a more stable conformational en-
semble than the ∆K9 mutant thrombin and thrombin’s hydrogen bonding network is
perturbed by the deletion of the light chain residue LYS9 in terms of the occupancy
and diversity of hydrogen bonds.

We compared the prevalence of each hydrogen bonding pair in the wild-type and
mutant thrombin systems by subtracting each hydrogen bonding pair’s occupancies

107



Table 5.1: Statistics of residue pairs with hydrogen bonds

Conf. WT WT WT WT WT ∆K9 ∆K9 ∆K9 ∆K9
all w/i A w/i B b/t A & B all but K9 all w/i A w/i B b/t A & B

Unique 2006 203 1520 283 1991 2262 191 1811 260
Mean 184.35 14.30 158.80 13.26 183.59 181.18 13.84 154.81 12.53

Std. Dev. 7.56 2.86 6.73 2.44 7.56 7.96 2.81 7.09 1.99
* Heavy and light chains are labeled as ‘A’ and ‘B’. ‘w/i’ denotes ‘within’; ‘b/t’ denotes

‘between’.

in both systems. Sixteen residues pairs exhibited a considerable difference – having a
difference in occupancy of more 33% between the two systems – in hydrogen bonding
interactions (Table S5.2). Out of 16 pairs, 10 have much greater occupancies in the
wild-type, indicating the wild-type thrombin has a more stable structure. The hydro-
gen bonds between the LYS9 and ASP116, and LYS9 and PRO5 are entirely missing in
the mutant thrombin due to the lack of LYS9. Moreover, the wild-type form preserves
several hydrogen bonds formed within the light chain (LEU12-PHE7, LYS10-LEU6)
and heavy chains (LEU40-GLY147F, TYR94-LEU60, LYS147G-GLU39, ASP221A-
ASP189, LEU60-ALA56, LEU144-GLN151). While the deletion of LYS9 destabilizes
these hydrogen bonding interactions, the hydrogen bonds involved the LYS9 in the
wild-type form are compensated by the nearby LYS10. Instead of LYS9, in the ∆K9
mutant thrombin, LYS10 starts selectively interacting with ASP116. However, this
hydrogen bond interaction between the light and heavy chain is about half likely
than the hydrogen bond between LYS9 and ASP116, which is selected by the wild-
type thrombin. In addition, several hydrogen bonds (SER11-LEU6, LEU12-LEU6,
ARG73-GLU39, TYR94-ASP102, THR147-GLU192) are preferential by the ∆K9 mu-
tant thrombin (Table S5.2), implying that significant changes in hydrogen bonding
network are not only located beside the LYS9 residue but also in distant residues
around the catalytic cleft.

To identify underlying key hydrogen-bonding pairs of residues differentiating the
wild-type and ∆K9 mutant thrombin, decision tree classifiers were constructed based
on residue-residue hydrogen bonding features of the wild-type and mutant thrombin
here. Via a decision tree with 169 levels of hydrogen-bonding pair decisions, we can
at most classify the two types of thrombin’s conformations as accurately as 99.9985%.
Pruning such a full tree by 166 levels, a simple decision tree as shown in Figure 5.5(a)
still yields 96.21% classification accuracy (Figure S5.3).

The presence of hydrogen bonds among these six pairs of residues, which are (1)
LEU12-PHE7 (2) LEU40-GLY147F (3) LEU12-LEU6 (4) TYR94-LEU59 (5) ASP221A-
ASP189 (6) THR147-GLU192, establishes distinct hydrogen bonding motifs of the
wild-type and ∆K9 mutant thrombin. For example, the hydrogen bond motifs of
(LEU12-PHE7:Yes) and (LEU12-PHE7:No, LEU40-GLY147F:Yes) cover 74.12% and
13.94% sampled conformations of wild-type thrombin, while these two motifs only
occur in 3.54% of observed conformations without the K9 residue. Instead, (LEU12-
PHE7:No, LEU40-GLY147F:No, LEU12-LEU6:Yes), (LEU12-PHE7:No, LEU40-GLY147F:No,
LEU12-LEU6:No, TYR94-LEU59:No) and (LEU12-PHE7:No, LEU40-GLY147F:No,
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LEU12-LEU6:No, TYR94-LEU59:Yes, ASP221A-ASP189:No) are mostly preferable
by 92.67% sampled conformations of ∆K9 mutant thrombin. Further splits of the
hydrogen bonding decision tree – such as ASP221A-ASP189 and THR147-GLU192
– yield a higher coverage of each type of conformation, though the purities in these
leaves are less than the top level splits. The requirement of these hydrogen bonding
decisions for a better coverage of the ∆K9 mutant implies a distribution shift in the
conformational space due to the deletion effect. As we have seen above, the occu-
pancies of hydrogen bonds among these six pairs of residues are 33.33% greater in
one system than another (supplementary hbond table). Again, it is clear that con-
siderable changes in hydrogen bonding network are not only localized but also long
ranged allosteric (Figure 5.5(b & c)).

Figure 5.5: Hydrogen Bond Analysis. (a) A decision tree classifier (96.21% accu-
racy) of ∆K9 (Mutant) and wild-type (WT) thrombin based on their residue-residue
hydrogen bonding features. The percentages in the blue box denote the relative popu-
lation of corresponding simulation type. The numbers within the following parenthe-
ses indicate the actual counts of structures of corresponding simulation type. Panel
(b) and (c) illustrate the hydrogen bonds involved in the decision splits in (a). The
wild-type and mutant thrombin structures were picked as the frames with the smallest
root-mean-square distance to the average structure in each type of simulation. Each
pair of residues has the same color and the order of colors (blue, red, orange, yellow,
tan, silver, pink and purple) follows the decision levels
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5.3.4 Weakened and perturbed Na+ binding in LYS9 deletion
mutant thrombin

The association and dissociation of a Na+ ion has been observed in both wild-type
and ∆K9 mutant thrombin. As assessed by the distance between the 220s loop
(also known as the sodium binding loop) and the nearest Na+ ion, the bound Na+

ion presents two binding modes onto the sodium binding loop in both simulations
of wild-type and mutant thrombin (Figure 5.6). However, the first binding mode,
where Na+ is binding to the outer region of 220s loop ( as shown in Figure 5.6b), is
preferable to the ∆K9 mutant thrombin. The second binding mode (5.6c), where the
bound Na+ is located at the inner the 220s loop and almost entering the S1 subpocket
of thrombin, is more selected by the wild-type thrombin. The former binding mode
has been seen in the crystal studies of thrombin (14,15); the later one is consistent
with the density distribution of Na+ illustrated in the previous computational work
(72).

Figure 5.6: Distribution of the distance between the sodium loop and the nearest
Na+ ion. The wild-type (WT) and ∆K9 mutant thrombin present two striking peaks
representing Na+-binding in the distribution plot (a). The peaks at 7 Å and 8.5 Å
correspond to two binding modes of Na+ as respectively illustrated in panel (b) and
(c), where the bound Na+ ion is shown as the brown bead. The shaded areas indicate
the standard errors of the corresponding distributions across 5 runs of simulations.

Here, we simply defined the Na+-bound and unbound states of thrombin without
differentiating binding mode 1 and 2. The numbers of frames of the Na+-bound
and unbound states for wild-type and mutant thrombin are listed in Table 5.2. This
statistics clearly indicates that the binding of Na+ ion becomes about half as likely
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for the ∆K9 mutant thrombin than the wild-type, suggesting a weakened affinity of
Na+ binding.

Table 5.2: Statistics of frames with ion-binding/unbinding.

Bound Unbound
(frames / percentage) (frames / percentage)

Wild-type 306,521 / 61.30 % 193,479 / 38.70 %
∆K9 Mutant 141,974 / 28.39 % 358,026 / 71.61 %

5.3.5 LYS9 deletion perturbs solvent accessible surface areas

As a reflection of conformations and a meaningful quantity for interacting substrates,
solvent accessible surface areas (SASA) of catalytic subpockets S1-6, the catalytic
triad and the whole protein were computed for wild-type and ∆K9 mutant thrombin
in Na+-bound and Na+-unbound states. As shown in Figure 5.7, the wild-type and
mutant thrombins exhibit significantly distinct distributions of SASAs of the catalytic
cleft and even the whole protein.

The ∆K9 mutant thrombin in general presents a wider distribution of SASAs
than the wild-type (Figure 5.7), suggesting more dynamic structural ensembles. In
particular, when there is no Na+ attaching to the interior of the sodium binding loop,
the mutant thrombin exhibits highly perturbed SASA distributions of S2, S6 and
catalytic triad. The binding of a Na+ ion makes the the mutant thrombin turn more
wild-type-like in terms of the distribution of the catalytic subpockets’ SASAs.

The catalytic triad’s SASA of the mutant thrombin is altered dramatically, re-
gardless of the status of Na+ binding. As seen in Figure 5.7(g), the multiple distinct
peaks rather than the single one of the wild-type indicate the catalytic triad residues
and their vicinity area establish less stable conformations than they have in the wild-
type thrombin. The catalytic triad is more exposed when K9 is not present in the
light chain. Similarly, although the wild-type thrombin has one residue more than
the ∆K9 mutant one, the deletion of the K9 in fact leads to a more solvent exposed
surface area for the whole protein molecule.

5.3.6 LYS9 deletion disrupts thrombin’s conformational free
energy profiles

Conformational free energy profiles of the wild-type and ∆K9 mutant thrombin were
estimated via principal component analysis, which is a very sensitive approach to
reflect dominant structural differences in the wild-type and mutant thrombin. Na+-
bound/unbound states were also considered as what we did in the SASA analysis,
aiming to reveal the independent and combined influences of the LYS9 deletion and
the known allosteric effector of Na+ ions.

As shown in Figure 5.8, the conformational free energy surface of the regulatory
regions, including the 60s, 220s and γ loops and exosite I and II, is dramatically
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Figure 5.7: Distributions of solvent accessible surface area (SASA). Regarding con-
formations with a bound/unbound Na+ ion (denoted as on/off), the SASA distribu-
tion of the catalytic sub-pocket S1-6 residues are plotted respectively for wild-type
(WT) and ∆K9 mutant thrombin in panels (a)-(f). The SASA distribution of the
catalytic triad and the SASA of the whole protein are also plotted in (g) and (h). The
shaded areas indicate the standard errors of the corresponding distributions across 5
runs of simulations.

perturbed by the deletion of LYS9. The primary conformational free energy well of
above regulatory sites shifts to a large region that is inaccessible for wild-type throm-
bin. While the wild-type thrombin primarily establishes one narrow well, the mutant
thrombin presents multiple spread wells. Furthermore, the binding of Na+ mainly
alters populations of the wild-type thrombin among several conformations with sub-
tle structural differences in the regulatory regions (Figure 5.8e). However, unlike
wild-type thrombin, the Na+-binding stabilizes some conformations of the regulatory
regions that are only presented by the mutant thrombin rather than the wild-type.
These conformations have a greater blockage of the catalytic cleft by the γ loop but
a more exposed catalytic triad due to the extension of the 60s loop (Figure 5.8e).

The conformational free energy surfaces of the catalytic cleft, including the cat-
alytic triad and substrate pockets S1-6, also reveal that the LYS9 deletion causes a
striking disruption of the shape of the catalytic site. While the wild-type thrombin
illustrates a major stable conformational free energy well in Figure 5.9a & b, the
mutant thrombin displays multiple separate wells in the free energy surfaces (Figure
5.9c & d). The catalytic clef of the ∆K9 mutant thrombin is thus not as stable as
the one in the wild-type thrombin. The mutant’s 60s loop is able to flip up and the
end of the 220s loop exhibits more variances in its orientations (Figure 5.9e). Again,
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Figure 5.8: Conformational free energy surfaces of the regulatory regions. Re-
garding conformations with a Na+-binding/unbinding, four free energy surfaces are
plotted for wild-type (WT) and ∆K9 mutant thrombin respectively in panels (a),
(b), (c), and (d) to compare the mutant and ion effects. Structural ensembles cor-
responding to the labeled wells on the free energy surfaces are visualized in panel
(e). The representative structures of the whole protein are displaced via the New-
Cartoon representation in transparent green. The representative structure of the side
chains in the regulatory regions are indicated by the Licorice representation in red.
Gray shadows in NewCartoon representation display the variances in the regulatory
regions. The side chains of the catalytic triad residues are shown in blue. Significant
conformational differences in the regulatory regions are highlighted by the arrows.

the binding of Na+ to the mutant thrombin stabilizes the conformations that are not
seen in the wild-type thrombin.

5.4 Discussion

Our quantitative comparisons of the wild-type and ∆K9 mutant thrombin above con-
sistently indicate significant impacts of the light chain residue LYS9 on thrombin in
molecular level and structural ensemble aspects. By quantifying the distributions
of possible conformational states in the wild-type and mutant forms, we reveal that
thrombin’s structural stability decreases in terms of the more diverse population of
the conformational states in the absence of the LYS9 (Figure 5.4). Note that previ-
ous urea-induced denaturation and disulfide scrambling experiments also suggest that
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Figure 5.9: Conformational free energy surfaces of the catalytic pocket. Regarding
conformations with a Na+-binding/unbinding, four free energy surfaces are plotted
for wild-type (WT) and ∆K9 mutant thrombin respectively in panels (a), (b), (c), and
(d) to compare the mutant and ion effects. Structural ensembles corresponding to the
labeled wells on the free energy surfaces are visualized in panel (e). The visualization
strategy here is the same as in Figure 5.8. As indicated by the arrows, PC1 captures
much of the variance in 60s loop, and PC2 mainly captures different shapes in the S1
sub-pocket.

the overall structural stability of the wild-type thrombin should be higher than the
∆K9 form27. Our Amorim-Hennig clustering analysis presents experimentally con-
sistent results, suggesting the effectiveness of this recently developed non-parametric
clustering algorithm in MD analysis.

Through a total of 10 µs of all-atom molecular dynamics simulations, we see that
the reduced stability in the ∆K9 mutant thrombin was ascribed to the increased mo-
bilities of thrombin’s regulatory regions including the 60s, 180s, 220s and γ loops,
and exosites I and II (Figure 5.3). The conformational free energy surfaces of these
regulatory regions confirm that these the increased mobility results in conformational
changes and metastable states. While a previous single run of 18ns MD simulation
reveals the deletion of LYS9 may lead to subtle conformational changes in the throm-
bin’s catalytic triad and the 60s loop28, our multiple runs of longer simulations show
that the ∆K9 form should have a much more perturbed catalytic pocket and 60s loop.
Figure 5.9 illustrates several different distortions of the catalytic cleft in the mutant
thrombin. Basically, the 60s loop is destabilized by the light chain deletion of LYS9.
When a Na+ ion is not bound to the 220s loop, 60s loop can flip up and lead to a
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fully exposed S2 subpocket (Figure 5.9e). In the mutant thrombin, the movement of
residues in the S3 subpocket also can result in a self-inhibited conformation that has
previously been seen in the crystal structure of thrombin mutant D102N73.

As indicated in Figure 5.7, all subpockets are distorted by the LYS9 deletion.
As a long range allosteric effect, different preferential orientations of the side chains
in the mutant thrombin also lead to population shifts in the conformational free
energy surfaces of the catalytic cleft compared to the wild-type thrombin (Figure
5.9). Moreover, the hydrophilic gamma loop, which restricts the access of substrate
to the catalytic cleft, is destabilized in the ∆K9 form and establishes a variety of
poses in the slow time scale (tens to hundreds of nanoseconds) motions (Figure 5.8).
Therefore, our multiple runs of microsecond simulations and comprehensive analyses
reveal additional and more significant conformational changes that have not been
previously uncovered. This is probably due to the limitation of the crystallization as
well as the limited time scale and sampling in previous studies.

The hydrogen bond detection provides further insights of the structure and intra-
molecular interactions, considering the fact that thrombin is an allosteric enzyme
and that the light chain interacts with the heavy chain via a network of hydrogen
bonding interactions and salt bridges. Our statistics of the hydrogen bonds indicate
an overall weakened hydrogen bonding network in the absence of LYS9, consistent
with the consequence of destabilization we have discussed before. Our calculation
suggests the salt bridge between LYS9 and ASP116 is a critical interaction between
the light chain and heavy chain. Although LYS10 tends to compensate for the loss
of this interaction, the likelihood of forming this salt bridge in the ∆K9 mutant is
about a half of the wild-thrombin.

In order to understand how the light chain deletion conducts an allosteric signal to
the distant region of the protein, it is necessary to identify hidden patterns that can
distinguish the conformational ensembles of the wild-type and mutant forms. As hy-
drogen bonds play an important role in allosteric communication69,68,70, we searched
the simplest hydrogen bonding motifs via decision tree learning. Via this machine
learning methodology, in addition to the hydrogen bond between LYS9 and ASP116,
we predict six pairs of such interactions – (1) LEU12-PHE7, (2) LEU40-GLY147F, (3)
LEU12-LEU6, (4) TYR94-LEU59, (5) ASP221A-ASP189, and (6) THR147-GLU192
– play a profound role in thrombin’s intra-molecular signaling and structural stability.
Different hydrogen bonding statuses of these pairs are likely responsible for propagat-
ing the signal from the light chain and causing allosteric effects. We suggest future
experimental and computational mutation studies should first consider these residues
for further understanding of thrombin’s allostery.

Na+ ions, known as an allosteric modulator of thrombin, has been revealed to ∼2-
fold frequently to bind to the thrombin in the wild-type form than the ∆K9 one in
our simulations. Such results are consistent with the observation that ∆K9 thrombin
has a half gain in the intrinsic fluorescence intensity upon sodium concentration than
the wild-type form does27. Furthermore, although Na+ ions are able to recognize the
sodium binding loop, it is the first time it is seen that the bound Na+ ion presents
a different preference of binding in the wild-type and mutant forms. In the ∆K9
mutant thrombin, Na+ tends to stay in the outer site of the 220s loop that has been
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seen in the crystal structure14,15. For the wild-type thrombin, the interior of the 220s
loop is more favorable for the bound Na+. The statistics also suggest the deeper
binding is more thermodynamically stable than the one solved by the crystallography
studies before. This finding provides a mechanistic insight into the reduced affinity
of Na+ to thrombin considering the fact that the more stable deep binding is not
preferred by the ∆ K9 mutant form. This result triggers an interest to investigate
the association/dissociation pathways of Na+ and functional differences of these two
binding modes in a future study.

From the SASA analysis and free energy surface construction, we can see the
binding of Na+ ions stabilizes the structural ensembles of thrombin. Subpockets S2
, S3 and S6 appear more wild-type like after Na+-binding according to the SASA
distribution (Figure 5.7). On the other hand, according to Figures 5.8 & 5.9 , the
regulatory regions and the whole catalytic cleft tends to be stabilized into some unique
conformations that are inaccessible for the wild-type form. Therefore, the LYS9
deletion appears to cause a primary influence on the entire protein, while the binding
of a Na+ ion offers a secondary perturbation.

5.5 Conclusion

Thrombin has been considered as an allosteric enzyme ( see the review by Di Cera
2008 2). In this study, we see significant conformational differences in the wild-type
and ∆K9 forms of thrombin. The deletion of the LYS9 perturbs the interaction net-
work within the light, heavy chains as well as between them. Such perturbations cause
significant and profound conformational changes in the catalytic site and regulatory
sites. Our results support the opinion that the light chain is the allosteric effec-
tor instead of the activation remnant discussed by Carter et al., 2010 13. Moreover,
it expands our understanding of how the disease-associated LYS9 deletion impairs
thrombin’s biophysical properties from the following aspects.

Firstly, our study shows that there are more significant conformational changes
occurring at longer time scales (tens to hundreds of nanoseconds) in the ∆K9 throm-
bin. For instance, the 60s loop can completely flip up and result in a fully exposed
S2 subpocket in the absence of LYS9. The gamma loop also establishes more diverse
poses in the ∆K9 thrombin, which may further affect substrates’ recognition to the
catalytic pocket. We provide a more detailed dynamic perspective of ∆K9 thrombin.

Secondly, we identify a list of residues with critical hydrogen bonds. These
residues, i.e. LYS9, ASP116, LEU12, PHE7, LEU40, GLY147F, LEU6, TYR94,
LEU59, ASP221A, ASP189, THR147 and GLU192, are likely playing an important
role in the intramolecular interaction network of thrombin. We hypothesize that the
hydrogen bonds among these residues are responsible for transmitting the allosteric
signals from the light chain to the entire protein. We suggest these residues should
be first looked at in a future mutagenesis study in order to understand thrombin’s
allosteric pathway and response to mutations.

Thirdly, we reveal a second Na+ binding mode in thrombin for the first time.
We show that the wild-type and ∆K9 thrombins present different preferences be-
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tween the two Na+ binding modes. These observations further suggest a mechanistic
explanation of the reduced sensitivity to the Na+ binding for the ∆K9 thrombins.
Meanwhile, we clarify that the binding of a Na+ ion should play a secondary role in
regulating thrombin’s conformational ensembles comparing with the LYS9 deletion.

Moreover, this work combines microsecond molecular dynamics simulations and
machine learning techniques to probe the LYS9/LYS10 deletion’s influences on throm-
bin and the corresponding mechanisms. The decision tree learning uncovers hydrogen
bond motifs that distinguish the wild-type thrombin from its ∆K9 mutant. These
critical hydrogen bonds are likely key components that transmit the allosteric sig-
nals to either protein from the single deletion in the light chain. Although only one
light chain mutation has been discussed here, it is necessary to study this important
mutation first as a test case for understanding other disease-related mutations in the
light chain. Given the new insights into how and why the LYS9 deletion perturbs
thrombin, we will work on other thrombin mutations in the future. The methodology
presented in this work should be also applicable for other systems if one is inter-
ested in understanding the molecular response to any type of perturbations such as
mutations and ligand binding.
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Table S5.1: Residue indexes of regions of interest. To avoid the potential confu-
sion of the same residue number for different residues in the chymotrysin numbering
scheme, in this table, the residues were numbered sequentially from 1 to 295 as
adopted in other works31,74,64. The residue ranges of the known functional regions
were based on Davie and Kulman, Fuchs et al., Fuglestad et al. 75,76,31.

Pocket Residues

S1 resid 79 235 to 241 261 to 264 266 267 268 274 275
S2 resid 79 83 86 132 238 262 263
S3 resid 86 263 264 265 266
S4 resid 213 215 263 264 265
S5 resid 215 265
S6 resid 214 215

sodium binding loop resid 267 to 274
gamma loop resid 182 to 190

exosite I resid 57 98 104 106 109 142 143
exosite II resid 125 134 281 284 288

Table S5.2: Residue-residue hydrogen bonds with significant occupancy differences
in wild-type and ∆K9 mutant thrombin. Here, absolute values of the differences
greater than 33.33% are considered as significant.

Hydrogen bond pair Occupancy (WT) Occupancy (∆K9)
LYS9-ASP116 0.7186 0
LEU12-PHE7 0.7412 0.0347
LYS9-PRO5 0.6383 0

LEU40-GLY147F 0.6072 0.0007
LYS10-LEU6 0.6107 0.0399

TYR94-LEU60 0.944 0.4154
LYS147G-GLU39 0.7924 0.3519
ASP221A-ASP189 0.8682 0.4548

LEU60-ALA56 0.9624 0.5748
LEU144-GLN151 0.6299 0.2808
LYS10-ASP116 0.0004 0.3546
ARG73-GLU39 0.1324 0.4868
SER11-LEU6 0.0001 0.4178

TYR94-ASP102 0.0344 0.4539
THR147-GLU192 0.0398 0.4728

LEU12-LEU6 0.0003 0.6516
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Figure S5.1: Time series plots of common alpha carbons’ root-mean-squared dis-
tance to the initial structure of thrombin. Both simulations of (a) wild-type and (b)
∆K9 thrombins appear relaxed after 20ns although there can be seen many rela-
tively long time scale fluctuations. As the RMSD time series plots show, different
simulations don’t present the same dynamic behaviors in different runs. Moreover,
the distributions of the RMSD time series also indicate different runs have similar
sample distributions but not the same dynamics.

In order to quantitatively evaluate the convergence of the simulations, we compute
the blocked standard errors (BSE) of the RMSD time series depicted in Figure S5.1
according to the block averaging approach described by Grossfield and Zuckerman 77.
Basically, the BSEs demonstrate the variance of the simulations in different time
blocks, which came from the divided windows using a specific block length. When
equilibrium is reached, BSE is approximately equal to the true statistical uncertainty
of the time series. Therefore, as seen in the BSE vs. block length plot shown in
Figure S5.2, BSEs tend to cease to increase and reach a plateau. Meanwhile, both
wild-type and the mutant thrombin present very small BSEs. These results suggest
an approximate convergence should be reached in the simulations.
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Figure S5.2: Blocked standard error of RMSD. The solid line represent the average
BSE across 5 runs of each type simulation. The shaded areas depict the uncertainties
estimated based on the standard errors of BSE in 5 simulation runs. The block
length was set to up to 100ns in order to ensure at least 10 blocks being used in the
calculation of BSE.
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Figure S5.3: Time series of the common alpha carbons’ dominant principal compo-
nents. Like Figure S5.1 shows, there exist many events taking place after hundreds
of nanoseconds. Different runs have similar sample distributions but not the same
dynamics.
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Cluster	4	 Cluster	5	

Figure S5.4: Representative structures with
√
σ variances for clusters of the regula-

tory region. The cluster labels are consistent with the cluster indexes in Figure 3.3b.
The representation is the same as the structure panel in Figure 3.5.

Cluster	0	 Cluster	1	

Figure S5.5: Representative structures with
√
σ variances for clusters of the catalytic

triad. The cluster labels are consistent with the cluster indexes in Figure 3.3c. The
representation is the same as the structure panel in Figure 3.5.
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Abstract

Thrombin is an attractive target for antithrombotic therapy due to its central role
in thrombosis and hemostasis as well as its role in inducing tumor growth, metas-
tasis, and tumor invasion. The thrombin-binding DNA aptamer (TBA), is under
investigation for anticoagulant drugs. Although aptamer binding experiments have
revealed various effects on thrombin’s enzymatic activities, a detailed picture of the
thrombin’s allostery from TBA binding is still unclear. To investigate thrombin’s
response to the aptamer-binding at the molecular level, we compare the mechani-
cal properties and free energy landscapes of the free and aptamer-bound thrombin
using microsecond-scale all-atom GPU-based molecular dynamics simulations. Our
calculations on residue fluctuations and coupling illustrate the allosteric effects of
aptamer-binding at the atomic level, highlighting the exosite II, 60s, γ and the sodium
loops, and the alpha helix region in the light chains involved in the allosteric changes.
This level of detail clarifies the mechanisms of previous experimentally demonstrated
phenomena, and provides a prediction of the reduced autolysis rate after aptamer-
binding. The shifts in thrombin’s ensemble of conformations and free energy surfaces
after aptamer-binding demonstrate that the presence of bound-aptamer restricts the
conformational freedom of thrombin suggesting that conformational selection, i.e.
generalized allostery, is the dominant mechanism of thrombin-aptamer binding. The
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profound perturbation on thrombin’s mechanical and thermodynamic properties due
to the aptamer-binding, which was revealed comprehensively as a generalized allostery
in this work, may be exploited in further drug discovery and development.

6.1 Introduction

Abnormal blood coagulation is associated with conditions that cause numerous deaths
throughout the world1,2,3.These thromboembolic diseases are now among the principal
causes of mortality in the world1, and ischemic heart disease and stroke are estimated
to be the cause of 25% of deaths in 2012 according to the World Health Organiza-
tion3. Thrombin is a key coagulation protein and serine protease that catalyzes many
coagulation-related reactions4. Moreover, thrombin is also critical to the development
of tumors and inducing invasion and metastasis in a variety of cancers5,6. As such,
understanding the molecular function of this protein and how it interacts with differ-
ent binders, including existing potential therapeutics, can aid in developing further
treatments against cancers and diseases associated with abnormal blood coagulation.

Blood coagulation, which leads to the formation of blood clots, is a complex pro-
cess essential to hemostasis, i.e., arresting the bleeding from damaged blood vessels7.
Thrombin - as a multifunctional serine protease - performs a variety of functions
during this process. Thrombin cleaves soluble fibrinogen into insoluble fibrin8,4, and
activates fibrin stabilizing factor XIII9 and protease-activated receptors (PARs)10,
which are necessary steps in forming a mesh of fibrin that eventually leads to forma-
tion of a blood clot. Thrombin is also involved in regulating the complex coagulation
cascades via both positive and negative feedback11,12,13. Because of its critical role
in clot formation, which is necessary for hemostasis, thrombin is an attractive tar-
get for antithrombotic therapy14,15,7. Thrombin’s role in inducing tumor growth and
metastasis makes it an attractive target for chemotherapeutic development5,6.

The most commonly used drug that targets thrombin, heparin, is able to bind to
thrombin and antithrombin, a small protein that deactivates several enzymes in the
coagulation cascade including thrombin, at the same time and form an antithrombin-
thrombin complex16,17. However, heparin has the potential to invoke multiple dan-
gerous side-effects such as spontaneous hemorrhage, reduction of blood platelets, or
allergic reactions18. Other forms of therapy are needed. Short oligonucleotides -
known as aptamers - are drawing more attentions in drug discovery in general. They
are potentially useful in avoiding such side-effects, and are also small in size, non-
immunogenic, and easy to synthesize19,20,21,22. Such a single-stranded DNA aptamer
with the sequence 5’-GGTTGGTGTGGTTGG-3’ (15-Thrombin-Binding-Aptamer
(15-TBA)) has good experimentally demonstrated binding (34nM) and inhibition
of human thrombin with short in vivo half-life (∼2 minutes), which provides a benefit
in fast and reversible treatment.

There are a variety of experimental studies on 15-TBA and other ligands that
provide structural information and also suggest that thrombin may exhibit allosteric
regulation. These studies provide the necessary inputs into molecular dynamics sim-
ulations and provide a basis for asking what the details of thrombin-15-TBA inter-
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actions are. They also suggest an allosteric response - either classical or generalized
- may be involved and probe the nature of any mechanical couplings within the pro-
tein. Crystallographic studies reveal that this 15-TBA binds thrombin at the fibrino-
gen binding site (exosite I, as shown in Figure 6.1A) and thereby inhibit thrombin’s
cleavage of fibrinogen23,24,25. In addition, simultaneous binding of this 15-TBA and
an RNA aptamer at exosite II (Figure 6.1A) inhibit thrombin-dependent platelet ac-
tivation and procoagulant activity synergistically26. That is the aptamer-binding at
one of these two exosites enhances the inhibitory effect of the other aptamer at the
other site. Some experiments show the affinities of ligands at these distant sites are
not affected by simultaneous ligand-binding27,28. However, other experimental studies
demonstrate that several peptide ligands at these spatially distinct sites - exosites I
and II - establish mutually exclusive binding, indicating allosteric effects29,30,31. Con-
sequently, although thrombin has been known as an allosteric enzyme for decades, the
debates on the crosstalk observed in experiments among thrombin’s functional sites,
such as exosites I and II along with the active site, are not settled yet. Circular dichro-
ism and intrinsic fluorescence spectra indicate the binding of 15-TBA does not alter
thrombin’s secondary structure, but it does cause a conformational change in throm-
bin’s tertiary structure32. However, how these conformational changes correlate with
the functional changes is still not clear. These various experiments provide further
evidence that a more detailed understanding of the thrombin’s response to binding is
required and triggered our interest in studying the aptamer-thrombin complex.

Our primary question under investigation is which model best explains the mech-
anisms for thrombin’s recognition of 15-TBA; an induced-fit model or conformational
selection – i.e. generalized allostery33,34,35,36. In the induced-fit model, the substrate
causes appreciable conformational changes to adapt the substrate binding33,34. As
such a case, we would expect pronounced changes to occur in the conformational free
energy landscapes of thrombin after aptamer-binding. In the generalized allostery
model, the optimal conformation for the binding events is selected from conformations
of unbound thrombin35,36. Hence we would expect more overlap of wells on confor-
mational free energy surfaces, albeit with different depths, corresponding to different
populations. The second question we seek to understand is how the aptamer-binding
leads to an influence on the functional activities at the other sites, which may shed
light on relevant macroscopic changes in above-mentioned experimental studies.

Molecular dynamics (MD) simulations have proven useful in studying the thermo-
dynamic properties of biomolecules in atomic detail and revealing dynamic pictures
of allosteric communications37,38,39,40. Moreover, this computational technique pro-
vides a predictive complement to experiments and benefits drug discovery41,42,43,44.
Starting from the static structures determined by experiments, atom coordinates of
molecules in the biological system are updated in the MD simulations according to
classical mechanics with empirical force fields with optimized parameters for biologi-
cal molecules45,46. The dynamic pictures of the biological system of interest are then
illustrated. Quantitative analysis on the conformational ensembles of the molecules
during the course of the simulations further reveals the thermodynamic properties
of the biological system47,48. In the present work, we present a computational study
using MD simulations to investigate the differences in mechanical and thermody-
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namic properties between the isolated thrombin (denoted as aptamer-unbound or
free thrombin in the following sections) and the thrombin in complex with 15-TBA
(denoted as aptamer-bound thrombin), which aims to reveal thrombin’s response to
the binding of 15-TBA at exosite I (referred as aptamer-binding) and offer an insight
into details of thrombin’s allostery at the atomic level.

6.2 Materials and methods

6.2.1 Simulation system

To study thrombin’s response to the aptamer-binding, two types of simulations were
performed. The simulations of aptamer-bound thrombin reproduce the structural en-
semble of the thrombin, which is perturbed by the bound aptamer. The simulations
of aptamer-unbound thrombin provide insights into intrinsic thermodynamic proper-
ties of the thrombin. We aimed to understand the effects of 15-TBA on by comparing
simulations of both bound and free thrombin.

The high-resolution crystal structures of the TBA-thrombin complex in potas-
sium and sodium buffer conditions were solved by Russo Krauss et al., in 2012 and
are found in the RCSB PDB with IDs 4DII and 4DIH respectively. Russo Krauss et
al’s circular dichroism measurements suggest that 15-TBA’s G-quadruplex structure
is more stable in a potassium environment rather than the sodium one25. Moreover,
it has been widely shown that the sodium cation binding induces significant allosteric
effects on thrombin’s activity49. As the goal of this study is to reveal the effects
of aptamer-binding, a potassium environment was created in silico. Therefore, in
the first type of simulations, the thrombin-aptamer complex structure was extracted
from PDB 4DII. The centered potassium ion was also kept to stabilize the aptamer.
In the second type of simulations, instead of utilizing other available PDBs contain-
ing coordinates of aptamer-unbound thrombin (in fact most of these PDBs contain
other ligands with biological functions), we used the same initial coordinates from the
bound coordinates in the first complex system, perturbed by removal of the aptamer
in the PDB 4DII. Usage of these initial coordinates avoids the interference from ligand
and ion effects, which originates from different experimental conditions, particularly
with respect to ergodicity of simulated systems. That is, beginning simulations from
disparate coordinate sets would create a set of disconnected states in the simulations
with a finite length, precluding the possibility of examining all trajectories together
as one system. By starting all simulations from the same initial structure of thrombin
and are under the same buffer condition, we are safer in an assumption of ergodicity
of a concatenated trajectory from all systems than if each simulation had started
from a unique set of coordinates; it is also more reasonable to infer that the ther-
modynamic and kinetic differences exhibited by the thrombins under equal amounts
of microsecond-scaled sampling are ascribed to the aptamer-binding. The only PDB
containing unliganded wild-type thrombin is PDB 3U6950. However, this structure
has a 6-residue-long truncate in the light chain compared with PDB 4DII. Perform-
ing RMSD calculations on the alpha carbons show that the RMSD between the two
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structures is only 1.04 Å. Additionally, using the same PCA projection strategy as
in Figure 6.6, we also verify (data not shown) that the conformation of this PDB is
actually within the main well of the unbound thrombin.

6.2.2 Molecular dynamics simulations

Five one-microsecond-long NPT (constant particle number, temperature and pres-
sure) MD simulations for each system, i.e. a total of 5 µs for aptamer-unbound
thrombin and 5 µs for aptamer-bound thrombin respectively, were performed using
the GPU-enabled ACEMD simulation package51. The temperature and pressure were
maintained at 300K and 1 atm using Langevin damping52 with a damping constant
of 0.1 and Berendsen pressure control53 with a relaxation time 400 fs respectively. As
described above, the initial coordinates of the relevant molecules for the MD simula-
tions were obtained based on the crystal structure of the thrombin-aptamer complex
with PDB entry 4DII. The initial coordinates of the 18 out of 295 missing residues
in the protein were modeled via the structural template-based atom fill-in tool Mod-
eller54 and the missing hydrogen atoms were added by VMD’s psfgen package55 using
default parameters. All histidine residues were assigned delta protonation. An ex-
plicit TIP3P56 water box with a 10-Å padding in all directions around the surface of
thrombin, aptamer or their complex was added to mimic the aqueous environment.
The system was neutralized with K+ in the form of 0.125 mol/L– a typical experi-
mental salt concentration in vivo. As the aptamer’s G-quadruplex structure requires
a K+ ion to remain stable, the K+ ion at the center of the aptamer was initially added
according to its coordinates in the PDB for the simulations with the aptamer. All
simulations were performed with the CHARMM27 force field45. The cut-off radius of
the van der Waals potential was set as 9 Å and a long-range electrostatics was calcu-
lated using a particle mesh Ewald (PME) implementation57,51 with 72 evenly spaced
grid points in each direction. The time step was set to 4 fs as a hydrogen mass repar-
titioning scheme58 was used. Bonds involving hydrogen atoms were constrained using
the SHAKE algorithm59. Each simulation was minimized using conjugate gradient
minimization for 1,000 steps.

6.2.3 Root-mean-square fluctuation (RMSF) and correlated
motions

RMSF describes how far away biomolecules move from a reference in time average. In
this study, alpha carbons in 500,000 conformations of aptamer-bound and aptamer-
unbound thrombin in the MD simulations were picked to compute the RMSF using
the following equation

RMSF (i) =

√√√√ 1

T

T∑
t=1

(ri − r′i)2, (6.1)

where ri (t) is the position vector of alpha carbon in residue i at frame t, r′i is the
atom’s position in the average structure over the total number of T conformations.
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Correlated motion can be investigated by a covariance matrix or the normalized
correlation matrix, whose elements are respectively defined as

˜cov(i, j) =
N∑
t=1

(rti − 〈rti〉) ·
(
rtj − 〈rtj〉

)
N

, (6.2)

˜corr(i, j) =
˜cov(i, j)√

˜cov(i, i) · ˜cov(j, j)
, (6.3)

where T , ~ri (t) and rti are defined the same as corresponding ones in RMSF. In this
study, the correlation matrix was chosen. The matrix element with values between
-1 and +1 in the correlation matrix reflects the correlation coefficient between the
motions of a pair of atom to their own average positions. A correlation coefficient
approaching +1 or -1 indicates the pair of atoms are strongly coupled and they tend
to fluctuate about their own average positions in the same or the opposite directions.
All Cα atoms in thrombin were used in this calculation.

6.2.4 Clustering

Clustering analysis classifies data into several groups by their features47. In the anal-
ysis of MD trajectories, molecular conformations are classified into different groups
according to their structural similarity, which is quantified by their root-mean-square-
distance from each other after alignment to remove center-of-mass motion and overall
molecular tumbling. This classification can provide information on how the molecular
structures evolve.

In this work, the aligned trajectories are clustered using our in-house implemen-
tation60 of a quality-based clustering (Quality Threshold) algorithm61. The QT algo-
rithm works as follows: First, the root-mean-square-distance (RMSD) between each
conformation was used as the clustering “quality”, i.e. the structural similarity. Con-
formations within the similarity threshold were grouped as candidate clusters. Then
only the candidate cluster with maximum conformations were saved as the first clus-
ter, and conformations within it were removed from all candidate clusters for further
considerations of clustering. A similar process continued to classify clustering indices
for the remaining conformations until the maximum number of clusters was reached.
The RMSD threshold was set at 2.3 Å through trial and error. This cutoff is the
smallest value that returned clustering results with almost no singleton clusters (Fig-
ure S6.1). This guarantees that our clustering analysis groups most conformations
in both systems. For time and memory efficiency, only alpha carbons of every 10
frames (100 picoseconds) of structures in the MD trajectories were used to perform
the clustering analysis.

Markov analysis

Since conformational states can be defined in the clustering analysis, it is possible to
find the transition matrix T to quantify the stability of these macrostates and their
transition pathway based on a first order Markov State Model (MSM)47,62.
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The transition matrix can then be constructed based on the trajectories in the
simulations. The matrix element Tij equals the probability of transition events from
conformational state i to state j under certain time steps. Thus, we can compare
how stable each state is by evaluating the likelihood a state will survive after N steps
using

u(N) = u(0)TN , (6.4)

where u(N) is the probability distribution that state i ends up with after N steps and
u(0) is the initial distribution with vector element as

u
(N)
j = δ(i, j), (6.5)

where δ(i, j) is Kronecker delta function. This part of the analysis was implemented
through our in-house Markov clustering analysis scripts63.

6.2.5 Principal component analysis (PCA)

PCA performs linear transformation on the data sets with high dimensional feature
information so that the main differences among the data can be illustrated using
much fewer features64. In this case, PCA is performed to determine a free energy
surface for aptamer-unbound thrombin and to study how this surface changes in the
perturbed system, i.e., the aptamer-bound thrombin.

As it will be suggested by other analyses, the free thrombin has a more diverse
range of conformations. In order to sufficiently highlight the conformational free
energy surface differences in both systems, we project thrombin’s conformations into
a reduced space using the basis set from the unbound simulations. In detail, the
covariance matrix was calculated for the aptamer-unbound thrombin simulations.
Then the eigenvectors of the covariance matrix were calculated and acted as the
complete, orthonormal basis set for the reduced space. The coordinates of each
structure were projected onto the new transformed space according to

PCj = Rxyzvj., (6.6)

Here, Rxyz is a vector storing xyz coordinates of each Cα atom of thrombin in the
order of (x1, y1, z1, x2, y2, z2) , vj is jth eigenvector of the covariance matrix of the
atpamer-unbound thrombin and PCj is the value of the jth principal component
corresponding to the original structure. Since each Cα atom has the same mass,
the principal component decomposition we did here is mathematically equivalent to
the mass-weighted quasi-harmonic analysis, which is used to identify low-frequency
normal modes in proteins in the quasi-harmonic approximation65,66.

As the projection is bijective, each point in the principal component space is one-
to-one corresponding to each structure represented in the original coordinate system.
Each principal component has its weight for the corresponding mode of fluctuations.
Therefore, we are able to use a few components with large weight values to illustrate
the main structural characters. After projecting each structure onto the principal
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component space, the free energy profiles of thrombin were generated based on the
probability of each point in a specific bin, i.e. ∆G = −kBT ln(p). For convenience,
principal component values were shifted consistently to make the origin represent the
average structure of the aptamer-unbound thrombin. These calculations were also all
performed using in-house Matlab scripts67

To examine the structures at different regions on the free energy surfaces, repre-
sentative structures for several low free energy regions were searched by our in-house
scripts too. The frames with the minimum value of free energy within interested re-
gions were used for the visualizing structure ensembles. The conformations that are
closest to the center of bin with the minimum free energy in the specified regions were
highlighted as solid in the final visualization and the other conformations were illus-
trated as shadows or clouds68,69. Correlation matrices for each visualized ensemble
were then computed for further comparisons on these identified ensembles.

6.2.6 Simulation comparisons

To compare the dynamics exhibited by each run and convergence of simulations,
the atomic fluctuations along each trajectory were evaluated using root-mean-square
fluctuations (RMSFs). For bound and unbound systems, the Pearson correlation
coefficients of RMSFs across all five runs were computed. Moreover, to quantify
the extent to which the bound and unbound systems exhibit different dynamics, we
calculated the inner products of the lowest six principal components using their own
basis sets. The absolute values of the inner products approach to 1 if the dynamics
along corresponding principal components from the unbound and bound thrombins
are similar; otherwise the inner products are close to 0.

6.3 Results

6.3.1 Restricted atomic fluctuations after aptamer-binding

To examine the aptamer-binding effects on thrombin’s molecular properties, over-
all fluctuations were first evaluated using root-mean-square deviations (RMSD) from
the same initial structures. In all the simulation runs, aptamer-bound and aptamer-
unbound thrombins both quickly reach equilibrium (less than 5ns) and exhibit oscil-
lations of RMSD around 2.4-2.5 Å in the simulations as shown in Figure 6.2A. The
RMSD variance range of the aptamer-bound thrombin is much smaller than the one
of aptamer-unbound thrombin. This suggests thrombin has less conformational free-
doms to fluctuate after aptamer-binding, which can be characterized more precisely
by looking at the atomic fluctuations. For the convenience of representation, each
residue was assigned a new residue index according to their orders in the amino acid
sequence (Figure 6.1B).

The root-mean-square fluctuation (RMSF) plot (Figure 6.2B) shows aptamer-
unbound and aptamer-bound thrombins have similar atomic fluctuation patterns. In
both systems, most of the alpha carbons fluctuate less than 1 Å except for the ones in
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surface loops and termini. However, comparisons of the atomic fluctuations indicate
that binding of the 15-TBA exerts a considerable influence on the fluctuations in the
flexible regions, which are spatially distinct from the aptamer-binding region (residues
102-112). In Figure 6.2C, the thrombin is colored according to the RMSF differences
(Figure 6.2D) in the two systems. Widely spreading regions in blue (residues 1-6,
17-19, 83, 85-86, 125, 131, 182-183, 214-219 and 264-268, 270-271) exhibit more than
0.5 Å fluctuation decrease when the 15-TBA is bound, while equivalent amplifications
of atomic functions after the aptamer-binding occur in the red regions (residues 26,
29, 30, 32, 167-169 and 295). Despite such local enhanced fluctuations in the alpha
helix region in the light chain, aptamer-binding at exosite I mainly leads to a dra-
matic restraint in the flexibility of thrombin’s surface loops, including other known
functional regions such as 60s loop (residues 82-91), exosite II (residues 125, 134,
281, 284, 288), γ loop (residue 182-190) and Na+ loop (residue 267-274) as labeled
on Figure 6.1. These differences not only demonstrate the allosteric effect due to
the aptamer-binding regarding atomic fluctuations, but also indicate a potentially
profound effect of aptamer-binding that we will discuss in next section.

6.3.2 Correlated motions are altered in the presence of aptamer-
binding

Comparison of correlated motions among alpha carbons allows us to examine the
15-TBA’s potential effects on thrombin’s coupled motions and intramolecular com-
munications47,42,43. As shown in Figure 6.3A&B, most residues of the thrombin be-
fore and after aptamer-binding share similar correlation relationships in their atomic
fluctuations, and show primarily strong positive short-range correlations within sec-
ondary structures. Negative correlations are relatively moderate and usually occur
within residue pairs that are separate spatially. The Pearson correlation coefficient
between non-diagonal elements in the correlation matrices for aptamer-unbound and
aptamer-bound thrombin is 0.8214, suggesting the correlated motions are actually not
exactly the same in both systems. The root-mean-square averages of the correlation
coefficients of all unique pairs of residues are 0.1845 and 0.1652 respectively for the
aptamer-unbound and aptamer-bound systems. This quantitatively reveals that the
aptamer-bound thrombin has slightly weaker strengths of overall coupling.

Regions with significant differences in correlation coefficients are marked based
on an absolute value threshold of 0.40 in subtraction between correlation matrices
for the aptamer-bound and aptamer-unbound thrombin (Figure 6.3C&D). One of
the significant differences are observed in the alpha helix regions (residues 22-32)
in light chain present opposite correlations with the adjacent loop region (residues
167-172), where we have seen an obvious amplification of atomic fluctuations after
aptamer-binding, and the residues 247-255 behind the catalytic cleft in the heavy
chain. Meanwhile, the C-terminal residues 35-36 of the light chain displays opposite
coupling with the adjacent loop region (residues 167-172) and the distant γ loop.
The other distinct difference is, instead of being negatively correlated as seen in the
aptamer-unbound thrombin, the loop residues 131 to 134, which are adjacent to the
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exosite II, become weakly but positively correlated with nearby residues 217-223 after
aptamer-binding. In addition, when thrombin is bound by the aptamer, motions of
residues 14 and the nearby residues 148-149 become more positively correlated, while
residues 131-132 and 273-275 are decoupled. As a result, our atomistic simulations
indicate the allosteric effects of the aptamer-binding also include changes in long-range
correlated motions.

6.3.3 Aptamer-binding stabilizes the conformational ground
state of thrombin

Clustering analysis was then performed to examine the structural variability of throm-
bin seen in our simulations. The most frequent clusters occur in all simulations regard-
less of the presence or absence of aptamer (Figure 6.4). However, their populations
differ. 93% of the structures sampled in the five one-microsecond-long simulations
of aptamer-bound thrombin are grouped into cluster 1 due to their structural simi-
larities, whereas only 71% of structures in the five one-microsecond-long simulations
of free thrombin belong to this cluster (Figure S6.2A). This difference indicates that
without aptamer-binding thrombin is able to adopt a more diverse range of confor-
mations. Under the same amount of sampling in our simulations, eleven distinct
conformational clusters emerge in the free thrombin but are never observed in the
aptamer-bound thrombin simulations (Figure S6.2B). Although the clustering algo-
rithm also identified three unique clusters for the aptamer-bound thrombin, consid-
ering the cluster distributions of both systems (Figure S6.2A), the clustering analysis
suggests that the aptamer binding at exosite I restricts the conformational freedom
of thrombin.

Based on the results of the clustering analysis, the transition rates among the
clusters were computed under a Markov state model (MSM)47,62 using the clusters
as states (Figure S6.3). According to Markov modeling62, the kinetic properties of
thrombin in conformational ground and excited states are illustrated via highlights of
the most likely transition path of each cluster in Figure 6.5. In both situations - with
and without aptamer-bound - thrombin started in exited state conformations will, as
expected, transition eventually back into equilibrium distributions with the ground
state as the most populated state. However, as seen in Figure 6.5, the transitions
from the exited states to the ground state are sped up in the aptamer-bound thrombin
simulations. This demonstrates that thrombin’s ground state is not just stabilized by
the binding aptamer thermodynamically, but also kinetically.

6.3.4 Thrombin conformational free energy surfaces are re-
stricted due to aptamer-binding

In order to study how thrombin’s conformational free energy landscape is changed by
binding, principal component analysis (PCA) was performed to capture thrombin’s
conformation in a reduced space for estimating free energy landscapes of the aptamer-
bound and free thrombins. The PCA here was based on alpha carbon atoms in throm-
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bin. This leads to a mathematical equivalence to quasi-harmonic analysis, which is
used to identify low-frequency normal modes in proteins in the mass-weighted quasi-
harmonic approximation65,66. The lowest several modes are the most deformable ones.
As there are multiple flexible surface loops, five principal components are needed to
cover the majority (greater than 50%) of conformation fluctuations and kinetic vari-
ance (Figure S6.4). Free energy surfaces based on these predominant modes were
plotted (Figure 6.6 and Figure S6.5). For each pair of principal components, aptamer-
bound thrombin’s free energy surfaces are within the wider free energy surface of the
aptamer-unbound thrombin. This result demonstrates that all sampled conforma-
tions of the aptamer-bound thrombin can be found in the structural ensemble of
the aptamer-unbound thrombin. Additionally, under the same amount of sampling,
the thrombin without aptamer-binding has more unique conformations that are not
accessible after aptamer-binding.

Consistent with clustering and Markov analysis, the main free energy wells (la-
beled as 1 in the free energy landscapes) of aptamer-unbound and aptamer-bound
thrombin overlap; though the first one is broader. In addition to the main well, there
is another well (labeled as 2) with a 2.5 kcal/mol thermodynamics barrier (indicated
by the yellow ridge and color bar) to the main well in the free energy profile of the
aptamer-bound thrombin. In contrast, the aptamer-unbound thrombin has several
connected wells (labeled as 4 to 8) with barriers of less than 1.5kcal/mol (indicated by
the numeric value for cyan in the color bar). Therefore, the conformational transition
of aptamer-bound thrombin between these wells is less favored energetically.

Thrombin’s conformations in labeled free energy wells were examined and illus-
trated as structural ensembles using an in-house visualization script68,69. Consistent
with the experimental results in literature32, all of these structural ensembles share
the same global structure. As expected, the aptamer-bound and aptamer-unbound
thrombins share a common most populated conformational ensemble 1, which turns
out to be optimal for aptamer-binding at exosite I. However, the aptamer-binding
presents a significant influence on the conformations of the functional sites with re-
spect to other structural ensembles in the conformational spaces of thrombin. The
structural ensembles 6 and 7 are barely accessible for the aptamer-bound thrombin
as indicated on the free energy surfaces (Figure 6.6). These ensembles have remark-
able differences with respect to the conformations and fluctuations in comparisons
to the other observed structural ensembles. Most dramatically, the 60s loop is flying
away from the catalytic triad and the plane of the γ loop is upright and rolling up
toward the catalytic cleft in structural ensemble 6. In structural ensemble 7, the γ
loop also leans and collapses while the whole protein fluctuates less. In addition, the
aptamer at the exosite I destabilizes the conformations 4, 5 and 8 in the aptamer-
bound thrombin. These ensembles all present different conformations than ensemble
1. The γ loop in ensemble 4 tends to twist toward the exosite I, and it turns to stretch
horizontally more and more in ensemble 5 and 8. On the other hand, the ensemble
2 with fairly extended γ loop is stabilized when the aptamer is bound. Ensembles
3, which has a similar pose of γ loop in ensemble 4 but more small turns, is a more
significant metastable conformational state after aptamer-binding with respect to the
higher thermodynamics barrier. Except for the γ and 60s loops, in different ensem-
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bles, the exosite II region and the 180s and Na+ loops also present visible diversities in
local tertiary structure, pose, and ranges of fluctuations as indicated on the ensemble
plots.

Such visualization of the structural ensembles is based on identifications of minima
in the labeled regions on the free energy surface using principal component 1 and 2,
and the shadows came from a sampling of all conformations within the free energy
minima bins. However, these results are sufficient to illustrate that aptamer-binding
leads to changes in thrombin’s structural ensembles and corresponding conformational
free energy surfaces. These changes can produce profound influence on thrombin’s
function due to the changes in the local environment, that we are about to discuss
along with our previous results in the next section in detail.

6.4 Discussion and conclusions

Thanks to the development of hardware and parallel programming, conventional MD
simulations have been largely extended from nanosecond to microsecond scale, which
offers us considerably more confidence in the validity of the results70. Five individual
runs were performed for both the aptamer-unbound and aptamer-bound thrombins
(total of 10) in order to increase sampling. While each simulation starts with the same
conformation, they are not expected to exhibit identical dynamics. A comparison of
the RMSFs computed from each run demonstrates that the behavior of thrombin is
largely the same among all five runs for the same type of simulation (Figure S6.6).
The minimum correlation of the RMSFs is 0.8246 between run 3 and run5 for bound
and 0.8894 between run 1 and run3 for unbound. The average correlation of RMSF
across five runs is 0.9092 and 0.9190 for bound and unbound simulations respectively.
This suggests our simulations tend to capture the ensemble properties of thrombins
under ample sampling. The equal amount of sampling over hundreds of thousand
conformations in our microsecond-scaled MD simulations is able to shed light on the
differences in the thermodynamic properties of the solvated thrombin in presence and
absence of the aptamer-binding at exosite I. These results suggest it is not necessary
to employ any biases to the simulations to enhance the sampling on the rare events.
The above results consistently illustrate that aptamer-binding restrains the degrees
of freedom the thrombin’s conformations and stabilizes the conformational ground
state. As a result, the number of possible conformations and the corresponding state
lifetime is reduced when an aptamer is bound to thrombin. We hypothesize the
conformational distribution of the thrombin shrinks into one that is optimal for such
specific aptamer binding, which may result in a generalized allosteric regulation on
thrombin’s function.

As seen in our RMSF calculations, the aptamer-binding results in restricted fluc-
tuations of 60s, γ and Na+ loops, which are adjacent to the catalytic site cleft. The
hydrophobic 60 loop and the hydrophilic γ loop are thought to sterically restrict access
of large substrates to the active site and thus play a role in thrombin’s specificity71.
Along with the decreased flexibility in these functional loops due to the binding of
aptamer at exosite I, we see a decrease in the number of possible conformations as
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illustrated via clustering analysis, which should lower the probability to find optimal
orientations to fit or reject substrates. Note most of the autolytic cleavage sites of
β and γ derivatives of thrombin are proximal to the surface loops (: residues 88-89,
99-100; γ: residues 159-160, 190-191)72.

In addition to the aptamer-binding effects in thrombin’s specificity, we also suspect
that the autolysis rate of thrombin might become lower after aptamer’s binding,
considering the correlation between autolytic degradation and stabilization of the
local flexible regions73,74. On the other hand, as an enhancement of Na+ binding due
to rigidification of the autolysis loop has been demonstrated experimentally75, we
also suspect the less flexible Na+ loop after aptamer-binding may make it easier for a
sodium ion to bind and stay. Since the binding of Na+ between 180 and 220 loop (Na+

loop) allosterically improves the substrate recognition and catalytic efficiency49,76, the
observed decreased flexibility of the Na+ loop expected may further affect thrombin’s
catalytic efficiency due to a potential enhancement of Na+ binding after aptamer-
binding.

Moreover, an amplification of fluctuations of regions (residues 26-32, 167-169)
near alpha helix in the light chain was seen in the presence of aptamer binding. The
biological role of thrombin’s light chain has not been revealed as much as the catalytic
heavy chain, however, it interacts with the heavy chain via several salt bridges, ionic
and polar interactions and is thought to probably act as an allosteric effector in
thrombin’s function and structure77. Some severe bleeding associated mutations on
Glu8 and Glu14c (residues 16 and 27) in this light chain have been revealed as a
profound perturbation on thrombin’s interaction with factor Xa78. Deletions of Lys9
and Lys10 (residues 17-18) were also found in patients with bleeding79. The ion
quartet Arg4-Glu8-Asp14-Glu14c (residues 12, 15, 21, 27) has long-range effects on
the Na+ site and active site80. Note all of these residues in the light chain are
electrically charged. We hence hypothesize that any charged residues involved in
such local fluctuation amplifications after aptamer binding may result in a profound
influence on the intramolecular and intermolecular electrostatic interactions, which
will allosterically affect thrombin’s enzymatic activity as well.

Changes in residue coupling indicates a possible allosteric effect with respect to
kinetic networks and intramolecular communications. In our study, it has been shown
that the aptamer-binding can slightly alter the kinetic coupling of different regions of
thrombin. The regions with changes in residue coupling are mainly located around
the perimeter of the catalytic pocket (Figure 6.3D). In particular, we have seen that
aptamer-binding leads to changes in correlated motions near the some known func-
tional site such as the exosite II and 60s, Na+ and γ loops. The intramolecular
communication among these regions can be altered due to the different coupling of
motions when the aptamer is bound. As a consequence, the specific interactions
among ligands and substrates at exosite II, 60s and γ loops can be perturbed by the
bound aptamer. It is also testable that, after aptamer-binding, the catalytic efficiency
may be affected along with the changes in intramolecular cooperation and local envi-
ronment near these important areas on thrombin. In addition, less coupled motions
of the Na+ loop and exosite II should reduce allostery and make the mechanical and
biochemistry properties of each local region become more biologically significant.

147



As indicated by Figure S6.7, the inner products of the principal component basis
sets from the unbound and bound simulations not only suggest that thrombin exhibits
different dynamics with respect to the aptamer-binding, but also show that those two
basis sets are largely different. The shape of the conformational free energy surfaces
thereby relies on the basis set of the reduced space. However, the basis set from
aptamer-bound simulations is not as ideal for projections of both systems, as the
thrombin becomes less fluctuating after aptamer-binding. It is more sufficient to
use the basis set from the more fluctuating thrombin to highlight the differences
in the conformational spaces of bound and unbound thrombin with a few principal
components.

Although a new free energy well near (4,15) occurs in the aptamer-bound throm-
bin’s surface of PC1-PC3 (Figure S6.5), suggesting some element of an induced fit,
other wells for the aptamer-bound thrombin can be largely found in the free throm-
bin’s free energy surfaces. In the process of examination free energy surfaces con-
structed from each pair of the predominant principal components (PC1 to 5 with
more than 50% coverage), one can keep observing the same pattern of overlap in
conformational ground state wells even though the aptamer-unbound thrombin has a
wider conformational space. This overlap indicates the conformations that are opti-
mal for 15-TBA binding can be selected spontaneously from the conformation space
of the isolated solvated thrombin. Therefore, we conclude that conformational selec-
tion, i.e. generalized allostery, is the main mechanism for thrombin’s recognition of
the aptamer instead of induced fit.

We want to emphasize that the generalized allostery not just condenses the distri-
bution of thrombin’s conformation but also plays a role in the intramolecular commu-
nications. For example, the eight structural ensembles identified from PC1-PC2 map
(Figure 6.6) exhibit different correlated motions, where the differences in the visual-
ized trends of fluctuations at different sites were more clearly quantified by correlation
matrices. Each of these microstate structures has its own distinct correlated motions
(Figure S6.8). Moreover, even though some structures from aptamer-unbound and
aptamer-bound simulations are identified in the same structural ensemble due to a
similar conformation, several sites including termini of the light chain, exosite I, γ
loop and other nearby flexible residues can have dynamic responses upon the bind-
ing (Figure S6.9). Changes in the distribution of conformations due to the bound
aptamer’s generalized allostery can subsequently affect the intramolecular coupling
of thrombin, which results in reduced or enhanced intramolecular communication for
relevant sites.

Our study provides molecular and atomic insight into how the aptamer-binding
mechanically affects the thermodynamic properties of thrombin. It has been clearly
illustrated at the atomic level that the aptamer-binding can lead to a generalized
allosteric effect on thrombin through changing 1) atomic fluctuations, 2) correlated
motions, 3) conformational degree of freedom and conformational transition rates and
4) conformational free energy surfaces. The combinations of these changes due to the
aptamer-binding cause a profound perturbation on the local and global environment
around thrombin and result in an influence on thrombin’s activities. It is particularly
interesting that our simulations illustrate certain excited conformations of free throm-
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bin become inaccessible when the aptamer is bound, which might be enlightening to
explain the reciprocal binding phenomena and help us understand molecular response
to the aptamer therapy and possible origin of side effects. On the other hand, such
conformational restrictions may lower the affinity between thrombin and other sub-
strates at the other site if the relevant optimal conformations are barely accessible
to aptamer-binding thrombin. Therefore, our knowledge of this generalized allosteric
effect suggests an indirect approach to regulate relevant functions and processes of
thrombin, which could be exploited in drug development.
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(A)

(B)

Figure 6.1: Human α-thrombin and its functional sites. (A) Tertiary structure of
thrombin in PDB 4DII was showed in cartoon representation. The light and heavy
chains were respectively colored in light violet and lime. Several known function sites
were indicated by the colors and nearby labels. The thrombin-binding aptamer in
the same PDB was shown in NewRibbons representation. (B) Sequence of human α-
thrombin was listed in one-letter amino acid code. The residue indices in the original
PDB file and positions of several function sites were labeled above the sequence.
Residues under the red and yellow stand for alpha helix and beta sheet regions. The
catalytic triad was marked by the diamond signs above the letter. For the convenience
of counting, a new residue number was assigned to each residue as labeled in the
beginnings and ends of each row of sequence and the numbers in the parentheses.
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Figure 6.2: Thermodynamic fluctuations of thrombin. Free thrombin has heavier
fluctuations in comparison with aptamer-bound thrombin with respect to (A) the
root-mean-square distances (RMSD) to the same reference of the initial structure
along simulation trajectories and (B) the root-mean-squared fluctuations (RMSF) of
each alpha carbon atom. The regions with distinct fluctuations on free and aptamer-
bound thrombin were also indicated by the colored regions in plot (C). The aptamer-
bound thrombin has larger fluctuations in red regions and smaller fluctuations in blue
regions. These fluctuation differences were further indicated via the plot of RMSF
differences between aptamer-bound and aptamer-unbound thrombin in (D).
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Figure 6.3: Comparisons on overall motions between the aptamer-unbound and
aptamer-bound thrombin. (A) Correlations of each alpha carbon’s displacement from
average position of the free thrombin. (B) Correlations of motions of each alpha
carbon’s displacement from average position of the aptamer-bound thrombin. (C)
Subtraction of correlation matrix of free thrombin from the one of aptamer-bound
thrombin. The circles and squares highlight the regions with significant positive and
negative increments of correlations respectively. (D) Pairs of residues with signif-
icantly distinct correlated motions in both systems were highlighted via lines and
beads. The blue and red lines indicates residue pairs with negative and positive sub-
tractions of correlation matrices of aptamer-bound and aptamer-unbound thrombin
respectively.
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Figure 6.4: Structure clustering evolution of thrombin in unbound and bound simu-
lations. The red and orange regions include five 1-microsecond-long trajectories from
the free thrombin and aptamer-bound thrombin simulations respectively.

(A) (B)

Figure 6.5: Transition pathways of clusters in the simulations of aptamer-unbound
and aptamer-bound simulations. Only sampled clusters for each system were plotted.
Every 100ps stands for one iteration step in the transition pathway calculation.
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(1) (3)(2) (4)

(5) (7)(6) (8)

Figure 6.6: Free energy landscapes of aptamer-unbound and aptamer-bound throm-
bins and representative structures corresponding to each labeled well.
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Figure S6.1: Number of unclustered frames under QT clustering with different
RMSD thresholds.

(A) (B)

Figure S6.2: Cluster distributions of aptamer-bound and aptamer-unbound throm-
bin. (A) Histogram of each cluster (B) Cluster occurrences in both systems.
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(A) (B)

Figure S6.3: Rate Matrices of states of aptamer-bound and aptamer-unbound
thrombin. The data presented here were simply counted from the original data. A
more complex estimation of the rate matrix was also computed using pyEmma81. The
story that thrombin in the conformational exited states will go back to the ground
state faster in the presence of aptamer binding is the same no matter which way we
used to estimate the rate matrix.

Figure S6.4: Cumulative sum of the variance contribution on PC modes.
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Figure S6.5: Free energy surfaces constructed using more PC projections.
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(A) (B)

(C) (D)

Figure S6.6: RMSF check over each run. Correlation matrixes of the RMSF over
each run were shown in (A) and (B) for aptamer-bound and aptamer-unbound throm-
bin simulations. Each trajectory in the same systems shows different but highly cor-
related RMSF. Percent errors in RMSF as shown in (C) and (D) reveal very small
differences in atomic fluctuation in the same type of simulations.
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Figure S6.7: Heatmap of inner product of the predominant principal component ba-
sis vectors obtained from simulations of aptamer-unbound and aptamer-bound throm-
bin. The absolute value of the inner product was indicated by the color. When the
absolute inner product is closer to 1, it means the two corresponding components
are closer. Once can see that the basis vectors of the first principal component from
aptamer-bound and aptamer-unbound simulations result in the highest absolute inner
product. This suggests the aptamer-bound thrombin and aptamer-unbound thrombin
have some similarity in the predominant fluctuations.
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Figure S6.8: Correlation matrices of the visualized structural ensembles. To com-
pare the differences in coupling for difference structural ensembles, correlation ma-
trixes were computed among structures within corresponding free energy wells in
PC1-PC2 map in Figure 6.6. Structures from aptamer-unbound and aptamer-bound
simulations were both included.
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Figure S6.9: Comparisons between correlation matrices of the structures in the same
visualized structural ensembles but from unbound and bound simulations. Structural
ensemble 1-3 were shown here. Regions with more than 0.4 differences in correlation
coefficients for aptamer-unbound and aptamer-bound thrombin were marked in the
same way in Figure 6.3.
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Chapter 7

Conclusions and future directions

7.1 Concluding remarks

In my work on computational biophysics, I have addressed several key issues in the
understanding of thrombin’s allostery. These issues include the mechanisms of Na+

and the light chain’s allosteric regulation of thrombin as well as thrombin’s molecular
responses to therapeutic agents.

In Chapter 3, through a systematic comparison of conformational ensembles of the
Na+-bound/unbound and K+-bound/unbound thrombin, I illustrated that thrombin
is stabilized by the global Na+ environment, and it is the side chains instead of the
backbone of the catalytic pocket that are regulated by the local Na+-binding. This
explains why all available wild-type thrombin structures have very similar backbone
structures. As a result, I demonstrated that the mechanism behind the functional
switch between the “fast” and “slow” thrombin is Na+-mediated generalized allostery,
answering the 20+year debate on the thrombin’s activation.

Furthermore, I depicted and quantified the complex Na+-binding processes in
Chapter 4. I demonstrated the existence of two distinct but interchangeable Na+-
binding modes. In contrast to the previously known outer-binding site, the inner-
binding site is energetically more favorable for the wild-type thrombin. Moreover,
the inner-binding mode has much more significant impacts on thrombin’s side chains.
Based on the high-resolution kinetics quantified by the hidden Markov modeling,
I proposed an experimentally consistent hypothesis on the processes of thrombin’s
activation and substrate-recognitions.

To understand the allosteric effects of the disease-associated mutation in the light
chain, I combined molecular dynamics simulations and machine learning methods in
Chapter 5. My work not only extends the understanding of the impact of LYS9/LYS10
deletion on thrombin but also reveals an allosteric signaling pathway composed of
seven pairs of residue-residue hydrogen bonds. In addition, I quantitatively illustrated
weakened Na+-binding and different preferences of Na+-binding modes in mutant
thrombin.

Finally, I uncovered the molecular impacts of a therapeutic DNA-aptamer on
thrombin. As shown in Chapter 6, the thrombin-binding aptamer results in a reduced
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conformation space of thrombin and faster transition rate. My molecular dynamics
study rationalizes the design of allosteric drugs and potential side-effects of aptamer
therapeutics.

As seen in these studies, my computational work is qualitatively and possibly
quantitatively consistent with various relevant experiments in literature. It provides
significant insights into thrombin’s allostery. At the same time, this work also develops
and validates several methodologies in the field of computational biophysics.

7.2 Future directions

7.2.1 Other disease-associated mutations

In this dissertation, I have illustrated the usefulness of the comprehensive MD pipeline
to study how and why a disease-associated deletion (∆K9) in the light chain can
significantly perturb thrombin’s molecular properties. Except for ∆K9, there are
several other known naturally occurring mutations associated with severe diseases1.
In addition, it has been shown that engineered thrombin mutants can shift specificity
in procoagulant and anticoagulant activities (see the review by Di Cera 2). However,
the mechanisms behind these mutant’s phenotypes are not clear. The impact of
mutations on thrombin’s molecular properties is also not well understood. Therefore,
future studies are needed.

Some of my preliminary data shows that different mutations have different im-
pacts on thrombin. ∆K9, E8K, and R4A are three known mutations in the thrombin
light chain that affect thrombin’s catalytic activities (such as hydrolysis rate on sub-
strates)3. In comparison with the wild-type thrombin, the conformational free energy
surfaces (Figures 7.1 and 7.2) suggest that ∆K9 and E8K cause significantly distinct
conformational changes in the caltaytic pocket and regulatory sites. The R4A mutant,
which exhibits significant perturbations on thrombin’s catalytic activities3, seems to
have many conformational overlapping with the wild type. This suggests a need need
for closer examination of the kinetic differences among all systems.

7.2.2 Allosteric network

As I have shown in this dissertation, the kinetic properties are important markers
which illuminate various aspects of thrombin’s allostery. Quantification of coupling
of residue’s motions helps identify allosteric linkages and construct the an allosteric
network. Figures 7.3 and 7.4 illustrate different couplings of thrombin under different
conditions. These matrices, Pearson or normalized mutual information, can be taken
as an input for community detection in future investigation. Network analysis should
provide insights into critical residues in the allosteric network, which may be exploited
as a targeting point for drug discovery.
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Figure 7.1: Comparisons of conformational free energy surfaces of catalytic pocket
of different forms of thrombin. The basis set of the structural projections was obtained
from the all conformations in the wild-type, ∆K9, E8K, and R4A forms of thrombin.
Na+-binding/unbinding status are respectively discussed.
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Figure 7.2: Comparisons of conformational free energy surfaces of regulatory sites of
different forms of thrombin. The basis set of the structural projections was obtained
from the all conformations in the wild-type, ∆K9, E8K, and R4A forms of thrombin.
Na+-binding/unbinding status are respectively discussed.
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Figure 7.3: Correlation matrix of thrombin under different conditions. The calcu-
lation was based on center of masses of each residue.
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Figure 7.4: Normalized mutual information matrix of thrombin under different
conditions. The calculation was based on center of masses of each residue.
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Chapter 8

Uncovering large-scale
conformational change in molecular
dynamics without prior knowledge

Contributions

In this study, I performed MD simulations on thrombin and thrombin binding ap-
tamer. I participated in the expert curation and interpretation of the clustering
results. I assisted in making Figure 8.5, 8.12, and writing the manuscript. I also
made revision and approved the final text along with other authors.

This chapter contains stylistic variations (e.g., number of columns and citation
style) from the published manuscript:

Melvin, R. L., Godwin, R. C., Xiao, J., Thompson, W. G., Berenhaut, K. S., &
Salsbury, F. R. (2016). Uncovering Large-Scale Conformational Change in Molecular
Dynamics without Prior Knowledge. Journal of Chemical Theory and Computation,
12(12), acs.jctc.6b00757. https://doi.org/10.1021/acs.jctc.6b00757

Abstract

As the length of molecular dynamics (MD) trajectories grows with increasing compu-
tational power, so does the importance of clustering methods for partitioning trajec-
tories into conformational bins. Of the methods available, the vast majority require
users to either have some a priori knowledge about the system to be clustered or to
tune clustering parameters through trial and error. Here we present non-parametric
uses of two modern clustering techniques suitable for first-pass investigation of an MD
trajectory. Being non-parametric, these methods require neither prior knowledge nor
parameter tuning. The first method, HDBSCAN, is fast – relative to other popular
clustering methods – and is able to group unstructured or intrinsically disordered
systems (such as Intrinsically Disordered Proteins – IDPs) into bins that represent
global conformational shifts. HDBSCAN is also useful for determining the overall
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stability of a system – as it tends to group stable systems into one or two bins – and
identifying transition events between metastable states. The second method, iMWK-
Means with explicit rescaling followed by K-Means – while slower than HDBSCAN
– performs well with stable, structured systems such as folded proteins and is able
to identify higher resolution details such as changes in relative position of secondary
structural elements. Used in conjunction, these clustering methods allow a user to
discern quickly and without prior knowledge the stability of a simulated system and
identify both local and global conformational changes.

8.1 Introduction

Molecular Dynamics (MD) is an increasingly powerful1,2 and prolific3,4,5,6,7 tool gen-
erating enormous data sets over ever longer timescales8,9,4 and larger numbers of
atoms10,7. Especially useful for predicting dynamics and structures currently inac-
cessible to experimental techniques for systems on desired timescales too large for ab
initio methods, MD simulations simplify interactions among atoms to classical force
laws and propagate equations of motion forward in time with numerical integration
techniques11. Each integration step – typically covering 1-4fs – generates a set of
coordinates for every atom in the system. Even simulations of short (nanosecond)
timescales for systems with a few hundred atoms result in data sets too large for
direct analysis by a human.

A typical way of dealing with such large data sets is to bin data into groups based
on some similarity metric12,13,14,15. For example, clustering methods take a set of
samples (frames in the MD context) each with some number of features (atomic co-
ordinates, dihedral angles, etc.) and assigns a label (cluster number) to each sample
such that samples with the same label are similar while samples with different labels
are dissimilar. This vague notion of similar is usually determined – directly or indi-
rectly – by parameters specified by the user. Such a parameter might be the desired
number of clusters (e.g., K-Means16,17,18), the diameter of a cluster (e.g., Quality
Threshold19) or how sharply peaked the Gaussian distributions within the data are
believed to be (e.g., Mean Shift20). Many such clustering methods exist21,22, and
some have been adapted to or specially created for MD23,24,25,26,27,28,29,30,31,32,33. How-
ever, parameter selection for these algorithms requires some a priori knowledge or
trial and error from the user – a requirement that can be prohibitive when initially
exploring a trajectory. Shao et al. presented a critical review of clustering algorithms
applied to MD, discussing the bias introduced by parameter selection33.

With this sort of first-pass exploration in mind, we demonstrate the usefulness of
two recently developed clustering techniques for analyzing MD trajectories. The first
method, Hierarchical Density-based Spatial Clustering of Applications with Noise
(HDBSCAN)34,35, has two parameters. The first parameter, minimum cluster size, is
intuitively set by answering the question ”What’s the smallest cluster I would care
about?” If the user has no answer to this question, then there is the obvious choice of
a minimum cluster size of 1. The second parameter, minimum samples, is less intu-
itive and defines what a neighborhood is in the sense of K-Nearest Neighbors36. The
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algorithm’s authors recommend setting the minimum samples value equal to the min-
imum cluster size value34 – such that the minimum cluster size is also the minimum
neighborhood size in the algorithm’s initial density estimate – reducing this algo-
rithm to a single parameter. Therefore, the sensible default of 1 for minimum cluster
size makes this method an excellent exploratory, first-pass clustering algorithm. The
second method, Intelligent Minkowski-Weighted K-Means (iMWK-means) with ex-
plicit rescaling followed by K-Means37 (herein Amorim-Hennig after the two authors
proposing it), uses a parameter that conceptually reduces to a selection of distance
metric38,37. For MD trajectories we select the parameter analogous to a Euclidean
distance metric (see Methods). Having no other parameters beyond the distance
metric, this method is likewise excellent for first-pass, exploratory clustering.

As the name implies, HDBSCAN (abbreviated “HDB” in figure sub-captions) is
a density-based clustering algorithm that yields a hierarchical clustering. However,
rather than cutting the resulting dendrogram at one place, it selects clusters from mul-
tiple levels of the tree. Like other density-based clustering algorithms39, HDBSCAN
searches for regions of feature space with a high density of points separated by regions
with low density. Rather than having the user specify a quantitative meaning for high
density, the HDBSCAN algorithm instead scans over various definitions of high den-
sity and keeps clusters from various values34,35. That is, HDBSCAN can find clusters
of varying densities and arbitrary shape, making it a flexible algorithm appropriate
for initial exploration of a trajectory. Additionally, HDBSCAN can label a sample
as “noise” (“-1” in all figures herein) if it does not fall into any cluster (or if it falls
into a cluster smaller than the minimum cluster size). In the present study, we apply
HDBSCAN exclusively to MD trajectories. However, it has been tested in a variety of
contexts of which we cite a few examples40,41,35,42,43,44. For example, HDBSCAN has
been used to improve querying databases for location based services40 and anomaly
detection in signal processing42. (For a more complete conceptual explanation and a
toy example of HDBSCAN, see methods.)

Amorim-Hennig (abbreviated “A-H” in figure sub-captions) is a variant of K-
Means that does not require specification of the number of clusters. Rather, it uses
a clustering method iK-Means45,38, which can be used to overestimate the number
of clusters in a data set45, to set a maximum number of clusters and then applies a
re-scaled variant37 of iMWK-Means46 which selects a number of clusters – less than or
equal to the maximum number – by optimizing some cluster validity index47,48 (i.e.,
scoring metric). In our examples below, we use the silhouette index, which quantifies
how similar a given member of a given cluster is to every other member of that clus-
ter49. De Amorim and Hennig 37 discuss various cluster validity indices that can be
used with this clustering algorithm. For a more complete comparison of cluster valid-
ity indices, see the extensive comparative study by Arbelaitz2013 Arbelaitz et al. 47

and the R package NbClust50. Amorim-Hennig clustering is iterative, using the re-
sult of clustering round i to assign feature weights that are used in round i+1. The
algorithm iterates until no change occurs between rounds. After the optimal feature
weights are determined, the weighted data is then passed to the standard, likewise
iterative, K-Means algorithm37. While K-Means is biased toward spherical Gaussian
clusters and the feature re-scaling is similarly biased when using the euclidean dis-
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tance metric as we do here, the spherical clusters in the final rescaled data are not
necessarily spherical in the original data. Therefore, like HDBSCAN this method is
capable of returning clusters of varying shape and density. Additionally, Amorim-
Hennig addresses noise in data through its feature re-scaling – i.e., a noise point
would receive a low weight – whereas HDBSCAN labels the noise point as such. Like
HDBSCAN, Amorim-Hennig has been tested in a variety of contexts51,52,53,54,55,37.
For example, Amorim-Hennig has been applied to data mining for tumor subtype
discovery51 and investigating the topology of neural systems52. (For a more complete
conceptual explanation of Amorim-Hennig, see methods.)

In the present study, we test both clustering methods on all-atom MD trajectories
of both proteins and nucleic acids. Our first protein example is the MutSα complex56

– a DNA mismatch repair protein complex – in the presence of cisplatinated – cis-
diamminedichloroplatinum(II) – DNA. This complex is of particular interest due to
the chemotherapeutic nature of DNA treated with cisplatin57,58,59,60. This complex
has been the subject of molecular dynamics simulations with clustering analysis to
identify rare-conformations that might be involved in apoptotic pathways in order
to identify possible new lead compounds for drug discovery61,62,63,64,62,65. Next, we
examine the NF-κB Essential Modulator (NEMO) zinc finger domain. It is a 28-
residue zinc-binding protein with a 3CYS1HIS active site and is a known ubiquitin
binder66. NEMO is a diverse signaling protein that contributes to cellular regula-
tion processes including apoptosis, oncogenesis, and inflammatory responses66,67,68.
We present clustering results of two biological configurations of NEMO: one with
protonated active-site cysteines (CYS) and zinc absent, the other with deprotonated
cysteines and a tetragonally coordinated zinc in the active site (CYNZN). Next, we
present a folding simulation of the fast-folding villin headpiece protein69. In the
course of exploring folding processes and the formation of secondary structures, the
clustering methods presented here offer a way to define the intermediate states and
reveal portions of the folding pathway. Such simplification of MD trajectories may
speed drug and chemotherapeutic development by identifying structural ensembles.

We conclude our protein examples with unliganded apo-thrombin in a solution
environment with sodium ions. Thrombin has been shown to induce tumor growth,
metastasis, angiogenesis,70 and even tumor invasion via interactions on cell surfaces71.
Additionally, thrombin is a central protease with allosteric regulation in the coagula-
tion cascade72,73,74,75. Its different activities as a procoagulant and anticoagulant are
thought to highly correlate to thrombin’s conformational states76,77,78,79. In particu-
lar, in presence of sodium, thrombin can adopt a procoagulant (the so-called “fast”
form) conformational state, which is structurally distinct from the anticoagulant (the
so-called “slow” form) one when sodium is absent80,81,82,83,84,85,86,87,88. However, as the
protein is not rigid, our clustering results help illustrate the conformational ensembles
of the thrombin fast form.

We also include two nucleic acid examples: 1) a therapeutic 10mer of FdUMP
(5-fluoro-2-deoxyuridine-5-O-monophosphate) - also called F10 – in both stabilizing
and destabilizing solvent conditions. The fluoridated oligonucleotide F10 is cyto-
toxic89,90,91,92 and is demonstrably more efficacious as a therapeutic and better tol-
erated in vivo93,94,95,96 than the widely used 5-fluorouracil (5-FU)97,98. Finally, we
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present clustering on a trajectory of thrombin-binding aptamer, a single stranded
DNA 15mer (herein “15-TBA”)99. The 15-TBA with guanine-enriched sequence can
fold into a G-quadruplex structure and recognize fibrinogen’s binding site on throm-
bin72,99.

8.2 Results and discussion

8.2.1 Proteins

MutSα

Clustering on protein alpha carbon atom coordinates with HDBSCAN on two con-
catenated trajectories (totaling 500ns) of MutSα in the presence of cisplatinated DNA
assigned each concatenated trajectory to its own cluster (Supporting Information Fig-
ure 9). This clustering result indicates that in both environments MutSα exhibits a
stable global structure – as is expected of a folded, functional protein. As will be-
come apparent with additional examples, this assignment to one or two clusters by
HDBSCAN is typical for stable systems such as folded proteins – e.g., this MSH26
heterodimer of MutSα.

On the same concatenated trajectories of MutSα, Amorim-Hennig splits the first
of the two concatenated trajectories into two bins and assigns the second trajectory
to the same bin as the initial structure of both simulations (Figure 8.1). Visualizing
these clusters (see Methods), we see the differentiation between clusters 1 and 2 –
Figures 8.1c and 8.1d – is the loss of secondary structure as the beta sheet in the
bottom right of the figures is lost, along with the alpha helix in the lower left of each
panel. Though the nucleic acid’s atoms were not involved in clustering, we notice
that the loss of beta sheet is accompanied by a shift of the DNA toward the center
of the protein.

In this first example, we see the usefulness of HDBSCAN to quickly indicate the
stability of a system, which will become clearer by contrast with upcoming examples
of highly unstable, disordered systems (Figures 8.3, 8.6a and 8.7). Additionally, we see
that while HDBSCAN detects large-scale, global shifts in protein structure (Figures
8.3 and 8.7) Ammorim-Hennig detects local, small-scale shifts – such as changes in
relative position of nearby secondary structures (Figures 8.1, 8.2 and 8.5). In this
example (Figure 8.1) and all that follow, we visualize structures from the results of
whichever clustering method we found to be most meaningful and include structures
from the other technique in Supporting Information.

NEMO zinc finger

Clustering on alpha carbon coordinates of a zinc-bound protein of human NEMO zinc
finger with HDBSCAN yielded 22 clusters with only 2.1% of the 98,304 trajectory
frames labeled as noise (Figure 8.2a) and 75% of them placed into the most populated
cluster (Figure 8.2c). Here we see HDBSCAN’s utility in identifying a stable system.
Additionally, HDBSCAN has binned the trajectory frames into a manageable number
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(a) Amorim-Hennig time series
(b) A-H Cluster 0

(c) A-H Cluster 1 (d) A-H Cluster 2

Figure 8.1: By plotting the MutSα cluster time series (a), we see Amorim-Hennig
splits the first of the two concatenated trajectories into two bins and assigns the second
trajectory to the same bin as the initial structure of both simulations. Comparing
clusters 0 (b) and 1 (c), we see the overall protein close in on itself. From cluster 0 (b)
to 2 (d), we see a beta sheet in the upper left form and a loop near the bottom right
move away from the larger structure. We see another beta sheet near the bottom right
of the protein that appears in cluster 1 (c) but not in 0 (b) or 2 (d). The representative
(solid) structure in each panel is the frame closest to the average structure by RMSD.
The protein is colored by secondary structure in VMD’s100 NewCartoon drawing
method. Alpha helices are magenta, beta sheets are yellow, and pi-helices are dark
blue, loops are cyan. Nucleic acid is colored all light blue. Shadows are 50 evenly
sampled frames from the cluster.
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of distinct conformations. Comparing the top two clusters by population (Figures 8.2c
and 8.2d) reveals that HDBSCAN detected the N-terminus destabilization in the form
of partial destabilization of the alpha helix on the right of each panel. In cluster 1
(Figure 8.2c) we see more turns in the alpha helix than in cluster 11 (Figure 8.2d).

By comparison, on the non-zinc-bound structure of NEMO zinc finger, HDB-
SCAN yielded 976 clusters with 42.03% of the 125,000 trajectory frames labeled as
noise (Figure 8.3a). This high-number, high-noise clustering result suggests that the
zinc-less NEMO structure is intrinsically disordered, as there were no stable struc-
tural bin into which many frames could be placed. The highest population non-noise
cluster contains just 2.35% of the trajectory with the next highest population clus-
ter containing 1.25%. Visualization of the top four non-noise clusters by population
(Figures 8.3b-f) shows that HDBSCAN has captured intermediate stages of secondary
structure formation and destabilization. While 976 clusters is still excessive for anal-
ysis by a person, analyzing the highest population HDBSCAN clusters provides a
quick overview of what types of structures form in simulations of this disordered,
unstable protein. We again see HDBSCAN’s utility in identifying the stability of a
system, and here we see HDBSCAN’s ability to identify distinct structural ensembles
within an unstable system.

On the zinc-bound NEMO structure, Amorim-Hennig clustering yields two bins
with a distinct structural difference. The loop between the alpha helix and beta sheet
straightens and elongates (top of Figures 8.2e and 8.2f). Using the shadows – repre-
senting the width of the underlying distribution – to judge uncertainty in the clusters,
we see that frames within cluster 0 (Figure 8.2e) generally exhibit this loop straight-
ening. Amorim-Hennig has uncovered a distinct shift in secondary structure. Here we
see the utility of Amorim-Hennig to identify finer details (compared to HDBSCAN)
within a relatively stable system.

On the non-zinc-bound NEMO structure, Amorim-Hennig clustering once again
yields two bins. However, visualizing these two clusters (Supporting Information
Figure 10) reveals that the frames within each cluster have little structural similarity.
By comparison to its performance on a relatively stable system, zinc-bound NEMO,
we see that Amorim-Hennig provides meaningful clusters for a stable system but fails
to do so for an unstable one. Additionally, one might run a second pass of the most
populated clusters from HDBSCAN with the Amorim-Hennig algorithm for higher
resolution of the conformational fluctuations.

Villin headpiece

Amorim-Hennig clustering on alpha carbon atoms of 3 concatenated 6 µs trajectories
of villin headpiece yielded 9 clusters (Figure 8.4a). Calculating the average RGYR of
each cluster revealed that the Amorim-Hennig clusters were differentiated primarily
by the level of compactness of the clusters. Cluster 5, Figure 8.4d, is the most
compact with an RGYR of 12.48Å. Cluster 7 (Figure 8.4e) is the least compact with
an RGYR of 25.17Å. we also see additional searching for the final folded conformation
when comparing clusters 0, 5 and 8 (Figures 8.4c, 8.4d and 8.4f respectively).

HDBSCAN, 8.4b also recognized several stable structures. Visualizing the top 6
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(a) HDB time series (b) A-H Timeseries

(c) HDB Cluster 1 (74.78%) (d) HDB Cluster 11 (11.38%)

(e) A-H Cluster 0 (71.23%) (f) A-H Cluster 1 (28.77%)

Figure 8.2: Clustering on alpha carbon coordinates of a zinc-bound protein of
human NEMO zinc finger with HDBSCAN yielded (a) 22 clusters with only 2.1%
of the 98,304 trajectory frames labeled as noise, and (c) 75% of them placed into
the most populated cluster and (d) 11% in the second highest population cluster.
Amorim-Hennig clustering yields (b) two bins with a distinct structural difference.
This clustering reveals the loop between the alpha helix and beta sheet straightens
and elongates – panels (e) and (f).

190



(a) HDB time series (b) A-H time series

(c) HDB Cluster 932 (2.35%) (d) HDB Cluster 918 (1.25%)

(e) HDB Cluster 909 (1.15%) (f) HDB Cluster 813 (1.01%)

Figure 8.3: By plotting the zinc-unbound NEMO cluster time series (a), we see
HDBSCAN yielded 976 clusters with 42% of the trajectory frames labeled as noise
(-1), indicating a disordered system. Visualization of the top 4 non-noise clusters
by population shows that HDBSCAN has captured intermediate stages of secondary
structure formation and destabilization. The protein is colored by secondary structure
in VMD’s NewCartoon drawing method.
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clusters by population revealed that HDBSCAN had found stable folding intermedi-
ates (Supporting Information Figure 11). In this example, both clustering methods
identified distinct conformations. However, on this system Amorim-Hennig was most
useful in identifying potential folding pathways – that is, the conformations of various
stages of folding as evaluated with RGYR.

Thrombin

Amorim-Hennig clustering on alpha carbon atoms of 5 concatenated trajectories
(10,000 frames each) of thrombin in the presence of sodium, a known binder to the
fast form of thrombin, yielded 6 clusters – mostly splitting across trajectories (Figure
8.5a). These clusters primarily represent various fluctuations of several functional
sites including the gamma loop, 60s loop and exosite II (Figure 8.5). The visualiza-
tion of the additional frames from each cluster as shadows shows that each of these
clusters is relatively tight, indicating that this system is highly stable. Additionally,
while HDBSCAN finds additional transient states, the HDBSCAN time series (Figure
8.5b) is dominated by stable structures, differentiated primarily by individual simula-
tions. Visualizations of representative structures of the most populated clusters from
HDBSCAN (Supporting Information Figure 12) show that the structural differences
between the dominant clusters mainly occur at the flexible gamma loop and the light
chain termini, likely due to the high variation in position from their mobility. This
suggests, for the globally stable thrombin, HDBSCAN mainly captures the large scale
conformational shifts, while the Amorim-Hennig clustering is able to pick out higher
resolution details.

8.2.2 Nucleic acids

F10

Clustering on heavy atom coordinates of F10 in 150mM NaCl with HDBSCAN yields
mostly noise (-1) and 126 clusters, the largest of which comprises 1.4% of the trajec-
tory frames (Figure 8.6a and Supporting Information Figure 13). This clustering out-
put from HDBSCAN implies that F10 is highly unstable in these solvent conditions,
as expected of a single strand of DNA in the presence of monovalent ions101,102,103,104.
On this same system, Amorim-Hennig places all frames into two bins with little struc-
tural similarity within each bin (Supporting Information Figure 14). As seen with
non-zinc-bound NEMO (Figure 8.3) we once again find that Amorim-Hennig performs
poorly on unstable systems.

Clustering on heavy atom coordinates of F10 in another solvation condition,
150mM CaCl2, with HDBSCAN yields less than 1% noise (-1) and six clusters (Figure
8.6b and Supporting Information Figure 15). Both F10 trajectories are concatenated
from four simulations beginning respectively at frame 1, 1001 6001 and 10,001. For
F10 in the presence of calcium, HDBSCAN primarily split up the trajectories, in-
dicating that in each of the concatenated simulation F10 finds a different stable
conformation. This high level of stability is expected of a single strand of DNA in
the presence of divalent ions101,102,103,104.
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(a) Amorim-Hennig time series (b) HDBSCAN time series

(c) A-H Cluster 0: 〈RGYR〉
12.48Å

(d) A-H Cluster 5: 〈RGYR〉
11.93Å

(e) A-H Cluster 7: 〈RGYR〉
25.17Å

(f) A-H Cluster 8: 〈RGYR〉
15.90Å

Figure 8.4: (a) Amorim-Hennig divided this folding simulation of villin headpiece
into 9 clusters (b) representing various states of foldedness (c-f). All visualized clus-
ters are from Amorim-Hennig clustering. Cluster 7 (e) is the most compact while
cluster 5 is the least (d). Comparing clusters 5 (d), 7 (e) and 8 (f), we see additional
searching for a final, folded conformation. HDBSCAN (b) also detected multiple sta-
ble structures, which upon visualization turned out to be stable folding intermediates
(Supporting Information Figure S3)
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(a) Amorim-Hennig time series (b) HDBSCAN time series

(c) A-H Cluster 0 (d) A-H Cluster 1

(e) A-H Cluster 2 (f) A-H Cluster 3

Figure 8.5: Amorim-Hennig (a) identified stable states of the system across the 5
concatenated trajectories. These clusters (c-f) are differentiated primarily by modes
of the gamma loop, shown at the bottom of each panel; the so-called “60s loop”
shown in dark blue at the right of each panel; and exosite II shown at the top of
each panel. HDBSCAN (b) identified transient states among these stable states
(Supporting Information Figure 12).
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Since HDBSCAN indicates F10 is stable in 150mM CaCl2, our examples above
suggest that Amorim-Hennig gives finer resolution, showing local, small-scale changes
in F10’s structure. Clustering on heavy atom coordinates of F10 in 150mM CaCl2
with Amorim-Hennig yields five clusters (Figure 8.6c). While this algorithm splits
the first and final two trajectories crisply, suggesting highly stable structures in those
trajectories (confirmed by visual inspection – Supporting Information Figure 11), the
second trajectory (frames 1001 to 6000) is primarily split into three clusters, indicating
more structural variation in this simulation relative to the other three. Visualizing
these three clusters shows three clearly distinct conformations (Figures 8.6d-f).

This example elucidates HDBSCAN’s utility in quickly identifying stable and un-
stable systems (Figure 8.6a compared to Figure 8.6b). We also see Amorim-Hennig’s
utility in providing details of structural changes within a relatively stable system
(Figure 8.6c).

Thrombin Aptamer

Clustering on heavy atom coordinates of the refolding 15-TBA with HDBSCAN yields
27% noise and 199 clusters (Figure 8.7a) the largest of which (Figure 8.7c) comprises
16.90% of the frames. This clustering output from HDBSCAN implies that in the
refolding process, the aptamer is mostly unstable with occasional short-lived stable
states (Figures 8.7c-f).

Interestingly, the Amorin-Hennig clustering on the same data sets of three 8.5 µs
refolding simulations of the aptamer mainly outputs several long-lived clusters that
are distinct from the ones corresponding to each other trajectory. Clustering on heavy
atom coordinates of 15-TBA with Amorim-Hennig yields 7 clusters (Figure 8.7b and
Supporting Information Figure 18). Whereas the HDBSCAN clusters were fairly tight
(see shadows representing uncertainty in Figures 8.7c-f) the Amorim-Hennig clusters
are highly varied within each cluster. Here we once again see Amorim-Hennig per-
forming poorly on an unstable system. For such system, Amorim-Hennig favors a
small number of clusters, forming highly varied clusters with little structural simi-
larity. As seen here and in previous examples, HDBSCAN works well for deciding
the stability of a system and locating distinct conformations within an unstable sys-
tem. Amorim-Hennig works well for finding small structural changes within a stable
system.

8.2.3 Summary and additional systems

In the above examples, we used HDBSCAN to determine the stability of systems
(Figures 8.2a 8.3a, 8.4b, 8.5b, 8.6a, 8.6b and 8.6a). In the case of unstable and
highly disordered systems, we used HDBSCAN to pick out distinct conformations
despite a molecule’s relative disorder (Figures 8.3c-f and 8.7c-f). In the case of stable
systems, we used Amorim-Hennig to find the structural details – local variations
in secondary structure (Figures 8.1b-d, 8.2c-d, 8.4c-f, 8.5c-f). Additionally, Amorim-
Hennig identified distinct conformations for a nucleic acid in stabilizing salt conditions
despite the fact the nucleic acid had no clear secondary structure (Figure 8.6d-f).
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(a) F10 in NaCl HDBSCAN time series (b) F10 in CaCl2 HDB time series

(c) F10 in CaCl2 Amorim-Hennig time
series

(d) A-H Cluster 2

(e) A-H Cluster 4
(f) A-H Cluster 5

Figure 8.6: HDBSCAN identified stable(a) vs. unstable systems (b), and Amorim-
Hennig provided finer resolution on structural changes (c-f). Visual comparison of
the Amorim-Hennig clusters of the second of four trajectories (respectively beginning
at frame 1, 1001, 6001 and 10,001) confirms that the method uncovered distinct
conformations. The flouridated DNA strand is colored by residue number drawn
with VMD’s NewCartoon method.
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(a) HDB time series (b) A-H time series

(c) HDB Cluster 126
(16.90%)

(d) HDB Cluster 79
(4.58%)

(e) HDB Cluster 68
(1.87%)

(f) HDB Cluster 28
(1.83%)

Figure 8.7: HDBSCAN clustering output suggests that the unbound thrombin ap-
tamer is generally unstable but has some long-lived states. On this system, Amorim-
Hennig binned the system into what appear to be compactness-based bins (Supporting
Information Figure 12). Thrombin aptamer DNA strand is colored by residue number
drawn with VMD’s NewCartoon method. Visualized clusters are from HDBSCAN.
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Beyond these examples, we ran clustering trials on several more systems in the
course of investigating these two algorithms. We have summarized these additional
examples, along with the ones presented above in Table 8.1. Here we present the
system time and memory consumed by each clustering run along with a brief writ-
ten summary of the clustering results. Across these additional examples, the trend
of HDBSCAN being useful for 1) determining stability of a system and 2) picking
out distinct conformation ensembles from disordered systems continues. Similarly,
Amorim-Hennig continues to be useful for finding fluctuations of various secondary
structures within stable, ordered systems. Put simply, HDBSCAN is about the big
picture, and Amorim-Hennig is about the details.

We also notice a correlation between a biopolymer’s average Root Mean Square
Fluctuation (RMSF) and the method that seemed to give the most meaningful clus-
ters (as discussed above and in Table 8.1). For systems with an average RMSF less
than 2Å we consistently observed distinct conformational changes across Amorim-
Hennig clusters and gained little information beyond deciding the stability of the
system from HDBSCAN clusters (Supporting Information Figure 30). This quantita-
tive observation is consistent with our qualitative conclusion that Amorim-Hennig is
the better choice for stable systems. Similarly, we observed that HDBSCAN provided
more meaningful clusters for polymers with an average RMSF larger than 5Å (Sup-
porting Information Figure 30), which is likewise consistent with our conclusion that
HDBSCAN is best for more systems with higher structural variance. Systems with
average RMSFs between 2Å and 5Å had no clear pattern (Supporting Information
Figure 30).

Since Amorim-Hennig is a K-Means variant that optimizes a scoring metric, one
might wonder how searching over values of k with traditional K-Means clustering
and selecting the k with the highest, say, silhouette score might compare to Amorim-
Hennig using silhouette index as the value to optimize. We compared these two
methods (Supporting Information Figure 29) and found that Amorim-Hennig tends
toward more, tighter clusters than K-Means using a k that maximizes the silhouette
score.

8.3 Methods

8.3.1 Data generation and feature selection

With the exception the simulations of F10 in the presence of magnesium105, all of
the simulation data sets analyzed here are unpublished and generated in the course
of ongoing research projects by the authors. They are each from all-atom molecu-
lar dynamics simulations carried out by at least one of this study’s authors. These
simulations calculate atomic trajectories based on Newton’s laws of motion. For a re-
cent review of the utility of such molecular dynamics trajectories, see Godwin2015106.
The exact simulation parameters used for generating each data set are detailed in the
subsections below.

For all clustering performed here, we used only atomic Cartesian coordinates as
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Biopoylmer Atoms Frames
MutSα with
cisplatinated DNA

1829 5000

MutSα with
fluoridated DNA

1829 5000

MutSα with
mismatched DNA

1829 5000

NEMO-CYNZN 28 98304
NEMO-CYS 28 98304
SufC 246 1000
SufCD 671 701
Villin Headpiece 64 30605
F10 (CaCl2) 197 16000
F10 (NaCl) 197 16000
F10 (MgCl) 197 1000
Thrombin Aptamer 315 25770
Thrombin (KCl) 295 5000
Thrombin (NaCl) 295 50000

Table 8.1: The atom count and number of frames involved in the clustering trials.

features. Some set of internal coordinate(s) for each system would be preferred, as
such a selection avoids the alignment issues that tend to plague analysis of MD tra-
jectories28,107,108. That is, it is difficult to separate out overall and internal motion
of biopolymers when using Cartesian coordinates28. However, the selection of an in-
ternal coordinate requires some prior knowledge about the system, or introduces bias
based on some assumption about the system. Therefore, we assume the philosophical
position of maximal ignorance and select Cartesian coordinates as features for testing
HDBSCAN and Amorim-Hennig as first-pass clustering techniques for MD data.

Beyond aligning trajectory frames to the initial structure of each respective sim-
ulation, we did not standardize data to a common scale. All features are on length
scale of the particular biopolymer in a given simulation. This similarity of scale is
assured by structural alignment via rigid body rotations and translations to minimize
the root mean square deviation of atomic positions among frames. Pre-processing
MD trajectories in this fashion is a common and expected practice106,109,110,3. Selec-
tion of an additional standardization method may introduce some bias. Therefore,
our guiding principle of assuming maximal ignorance reinforced our decision to not
further standardize the data sets.

Generation of MD data is inherently stochastic, as simulations begin with ran-
domly seeded initial velocities. Additionally, the equations governing the Langevin
heat baths that maintain the temperature of the systems are themselves stochastic.
Finally, these biopolymers undergo thermal fluctuations proportional to the ambient
temperature (here 300K). By the nature of MD trajectories, we expect small random
structural variations to create noise in our data – and any such data. Therefore, clus-
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Biopoylmer Memory (kb)
Time

([hh]:mm:ss)
Result

MutSα in presence
of cisplatinated DNA

1049724 04:41 1 state per trajectory

MutSα in presence
of fluoridated DNA

3080308 27:40 1 state per trajectory

MutSα in presence
of mismatched DNA

446560 03:32 1 state per trajectory

NEMO-CYNZN 1017248 15:46 1 stable state 75%
of frames

NEMO-CYS 2380156 05:02:34
42% noise; 2.4%
most populated state

SufC ** 00:33
30% noise; 49%
most populated state

SufCD ** 00:12
18% noise; 44%
most populated state

Villin Headpiece 1570492 34:20
Stable segments with
periods of instability

F10 (CaCl2) 204536 04:15
1 dominant state
per trajectory

F10 (NaCl) 1049908 05:38
74% noise; 1.4%
most populated state

F10 (MgCl) ** 00:10
64% noise; 6.2%
most populated state

Thrombin Aptamer 1256036 14:14
27% noise; 17%
most populated state

Thrombin (KCl) 139136 01:08
29% noise; 14%
most populated state

Thrombin (NaCl) 1489776 53:12
1 or 2 dominant
states per trajectory

Table 8.2: Summary of all protein and nucleic acid systems investigated with HDB-
SCAN. Atom counts are the number actually used in clustering – heavy atoms for
nucleic acids and alpha carbons for proteins. On three systems (noted with “**”)
HDBSCAN clustering completed too quickly for the distributed computing environ-
ment to record the amount of memory consumed. Visualization of structures from
additional systems and brief analysis are in Supporting Information Figures 19-28.
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Biopoylmer Memory (kb)
Time

([hh]:mm:ss)
Result

MutSα with
cisplatinated DNA

16307300 33:28 3 stable states

MutSα with
fluoridated DNA

122362552 03:45:46 1 state per trajectory

MutSα with
mismatched DNA

16755112 55:12
3 stable,
1 transient state

NEMO-CYNZN 7027188 34:22 4 stable states

NEMO-CYS 64461880 120:00:00
2 frequently
switching states

SufC 2597720 04:37
4 stable,
3 transient states

SufCD 146248 02:05 2 stable states
Villin Headpiece 33896452 04:25:57 Stages of folding

F10 (CaCl2) 10567036 15:55
1 dominant state
per trajectiory

F10 (NaCl) 8715716 33:48
2 frequently
switching states

F10 (MgCl) 2608468 09:18
5 frequently
switching states

Thrombin Aptamer 18838956 01:42:49
Various levels
of compactness

Thrombin (KCl) 7904572 01:13:29
2 stable,
1 transient state(s)

Thrombin (NaCl) 27198820 23:32:15
Various loop
configurations

Table 8.3: Summary of all protein and nucleic acid systems investigated with
Amorim–Hennig. Atom counts are the number actually used in clustering – heavy
atoms for nucleic acids and alpha carbons for proteins. Visualization of structures
from additional systems and brief analysis are in Supporting Information Figures
19-28.
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tering techniques that are able to address noise – either through feature re-scaling in
the case of Amorim-Hennig or labeling points as noise in HDBSCAN – fit the nature
of MD data well.

Another property of MD data is that it is often high dimensional – particularly
when using Cartesian coordinates for features, as we have here. The only form of
dimensionality reduction applied here was the typical – and, therefore, maximally
ignorant – usage of only alpha carbon atoms for proteins and only heavy atoms for
nucleic acids. The number of atoms used in each clustering trial (alpha carbons
for proteins and heavy atoms for nucleic acids) is listed in Table 8.1. Each atom
has 3 coordinates, making the number of input features for the smallest system 3 ×
28 = 84 in the case of NEMO. For the largest system, the number of features was
3×1829 = 5487 in the case of MutSα. We do, however, see the potential for PCA and
TICA111 as pre-processing steps to reduce the data to a few high variance components.
Such a dimensionality reduction would improve the time and memory taken up by
clustering calculations. We did not pursue these steps here, as we quickly realized
that clustering with Amorim-Hennig and HDBSCAN on Cartesian coordinates was
giving us relatively fast yet interesting partitions that we considered (admittedly with
some arbitrariness) good-enough for a first pass exploratory clustering.

Common simulation parameters

We used simulation parameters appropriate to each system and recommended for the
simulation software used – ACEMD112. The parameters for each simulation vary due
to the nature of the projects from which they come. Rather than trying to standardize
the sampling rate, statistical ensemble, solvent conditions or any other parameters, we
have intentionally left them varied to demonstrate the usefulness of these clustering
techniques across many contexts. However, this choice means that there is not a single
methodology for all simulations. Therefore, we provide this “Common” subsection
that gives parameters common to all simulated systems and then one subsection for
each of our 4 protein and 2 nucleic acid examples.

All protein simulations (Figures 1-5) and the thrombin aptamer simulation (Figure
8.7) were run under the isothermal-isobaric ensemble (NPT) in ACEMD112. Langevin
damping113 was used with a target temperature of 300 K and damping coefficient
of 0.1, and a Berendsen pressure piston114 maintained approximately 1.01325 Bar
with a relaxation time of 400fs. In all simulations, hydrogen mass repartitioning as
implemented in ACEMD allowed us to use 4fs time steps in our production runs.
During simulation, systems were held at 300K using a Langevin thermostat. For
VdW and electrostatic forces, we applied a 9Å cutoff and 7.5Å switching distance,
calculating long-range electrostatics with a smooth particle mesh Ewald (SPME)
summation method115,116

These simulations were run on Titan GPUs in Metrocubo workstations produced
by Acellera. All systems were solvated in explicit TIP3P water117, solvated using
VMD’s100 “Add Solvation Box” extension. The CHARMM27 forcefield used here is
based on the interaction energies of small model systems determined by both quantum
mechanics computations and direct experiment118,119,120.
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MutSα

Initial coordinates for simulations of the MSH2/MSH6 protein come from RCSB
PDB ID 208E56. For cisplatinated, carboplatinated and fluoridated uracil-containing
DNA, we used additional parameters based on pre-existing cisplatin, carboplatin, and
FdU parameters121,64,122,123. We fitted cross-linked structures of these modified DNA
strands into the mismatched DNA binding pocket seen in RCSB PDB ID 208E56.
All MutSα systems were solvated in 150mM NaCl using VMD’s “Add Ions” plugin.
Each trajectory is concatenated from two simulations of 250ns each. Each MSH2/6
simulation was minimized using conjugate gradient minimization for 1000 time steps
followed by 250ps of thermal equilibration.

NEMO zinc finger

Initial coordinates for the NEMO simulations are based on RCSB PDB ID 2JVX66.
Each NPT simulation was first minimized using conjugate gradient minimization for
5000 time steps. Subsequent equilibration took 20ns, typically, as measured by the
RMSD of each of the eight 1µs trajectories over time and this was removed from
each trajectory for analysis. All NEMO systems were solvated in 150mM NaCl using
VMD’s “Add Ions” extension.

Villin headpiece

Initial coordinates for simulations of villin headpiece are based on RCSB PDB IDs
2RJY69. Each villin headpiece folding simulation was minimized using conjugate
gradient minimization for 5000 time steps. All villin systems were neutralized and
solvated in 150mM NaCl using VMD’s “Add Ions” plugin. The trajectory presented
here is from three simulations of 6µs each concatenated together.

Thrombin

Initial coordinates for simulations of thrombin in the presence of sodium are based
on RCSB PBD ID 4DII99. 18 out of 295 missing residues in the protein were added
via the structural template-based atom fill-in tool Modeller in VMD, and the missing
hydrogen atoms were added by VMD using standard parameters. The system was
neutralized and solvated with 125mM NaCl. Each of these simulations was minimized
using conjugate gradient minimization for 1000 time steps. The trajectory analyzed
here is concatenated from 5 simulations of 1µs each.

F10

F10 structures in Figure 8.6 are output from MD simulations run under the canonical
ensemble. Each F10 simulation was minimized using conjugate gradient minimization
for 1000 time steps. For the examples above, F10 was simulated in 150mM NaCl or
150mM CaCl2. Prior to structural and kinetic analysis of all F10 simulations, we
concatenated data from four runs of each system (one 1µs and three 5µs), totaling
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16µs in each trajectory used as input for the clustering algorithms. We then resampled
the data at a rate of 1 frame every 1ns for a final trajectory of 16000 frames. We used
a modified version of the CHARMM27 forcefield with additional parameters for FdU
based on experimental data and quantum mechanics computations done by Ghosh et
al.123 and validated in other studies122,124.

Thrombin aptamer

Three NPT MD simulations were run to investigate how a fully extended 15-TBA
refolds within about 8.5 µs. The initial extended aptamer structure was taken from
the unfolding simulation of the same aptamer in G-quadruplex from RCSB PBD ID
4DII99. The system in the refolding simulations was neutralized and solvated with
125mM KCl. The trajectory analyzed in this work is concatenated from 3 simulations
of 8.5µs each. Each of these simulations was minimized using conjugate gradient
minimization for 1000 time steps

8.3.2 Clustering

HDBSCAN

Conceptually, HDBSCAN is a method of grouping neighborhoods. It finds places of
high density separated by sparse (noise) regions. To quickly estimate local densities,
HDBSCAN uses distance to the kth nearest neighbor. Imagine two points a and
b in a dataset such as the toy data in Figure 8.8a. Each of these points lies in a
neighborhood specified by a core point and the number of neighbors k. The distance
from the core point to the edge of the neighborhood is called the core distance. These
two points have core distances corek (a) and corek (b). For these two points we can
calculate the mutual reachability distance 125

dm (a, b) = max {corek (a) , corek (b) , d (a, b)}

where d (a, b) is the distance between a and b – Euclidean distance for this example
and all MD trajectories analyzed in this study.

Given the mutual reachability distance between all points, we can construct a
network that has each data point as a node with edges weighted by the mutual
reachability distance. We then want to begin removing edges in descending order
of their weight until we have a minimal set of edges. A minimal set of edges in
this case would be one in which removing any more edges would cause disconnected
components, such as removing any edge in Figure 8.8b. The graph constructed in such
a way is called a minimum spanning tree, and can be constructed programmatically
using Prim’s algorithm 126,127,128, as was done in Figure 8.8b.

We then construct a dendrogram from the minimum spanning tree by performing
a hierarhical clustering. Each edge in the minimum spanning tree – in ascending
order or distance – is used to merge the two points at its ends into a new cluster
(single-linkage clustering). Each merging is represented by two joining lines in the
dendrogram of Figure 8.8c. Traditional hierarchical clustering now calls for cutting

204



the tree at a certain distance (usually specified by the user). However, HDBSCAN
uses its minimum cluster size parameter to cut the tree at multiple points. Walking
from top to bottom of the tree, any split that causes a cluster size smaller than the
minimum is rejected, and the parent cluster is kept. The resulting dendrogram is a
condensed tree (Figure 8.8d), where the width of the remaining lines indicates the
number of points in the cluster. The lines change as distance (or inverse distance λ
in Figure 8.8d) changes to indicate the number of points that remain in that cluster
as a function of distance.

HDBSCAN extracts then the most significant clusters from this condensed tree.
HDBSCAN uses its own, novel cluster stability metric34 to select clusters from mul-
tiple levels of the dendrogram by maximizing cluster stability. Campello2013 , claim
this algorithm finds the optimal solution for any data set and demonstrate its per-
formance across several data sets34. The circled regions on Figure 8.8d indicate the
final clusters chosen using this stability metric.

We used a Python130 implementation of HDBSCAN written by Leland McInnes
and available in his Github repository. i The examples in the documentation of
this repository were useful and closely followed in constructing our simple example
in Figure 8.8d. To automate the parsing of MD trajectory data into an appropriate
input format for HDBSCAN and the output of HDBSCAN into plots for quick com-
prehension, we used an in-house script that we have made available online for free ii

on figshare131. This code has as a dependency the HDBSCAN code from the Github
repository mentioned above. Our code sets the default minimum cluster size to 2
but allows the user to override this default. We used a minimum cluster size of 2 in
all of our MD data, as our simulation sampling rates were such that we considered
singleton states to be noise. Following the algorithm authors’ suggestion34,35, the
minimum samples is set equal to the minimum cluster size, meaning that the small-
est neighborhood is at least as large as the minimum cluster size. We maintain that
in the absence of prior knowledge setting the minimum cluster size to 1 effectively
makes this clustering method non-parametric and exceptionally useful for first-pass
investigation of an MD trajectory.

We have made the python code used to produce the example in Figure 8.8 available
online2. Furthermore, for those wishing to reproduce the analysis described here on
one of our MD data sets, we have made the trajectory and structure data for Villin
Headpiece used to produce Figure 8.4 available online iii

Amorim-Hennig

Being a K-means variant, Amorim-Hennig is conceptually somewhat simpler than
HDBSCAN. The Amorim-Hennig algorithm forms spherical Gaussian clusters in a
re-scaled feature space. First, the algorithm estimates a maximum number of K-
means clusters using iK-Means. Then a round of K-Means clustering is performed.
The distance of each data point in each cluster to that cluster’s center is calculated,

ihttps://github.com/lmcinnes/hdbscan
iihttp://figshare.com/articles/HDBSCAN_and_Amorim-Hennig_for_MD/3398266
iiihttps://figshare.com/articles/Villin_Headpiece_Simulations/3983526
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(a) Example data set (b) Minimum spanning tree

(c) Dendrogram (d) Condensed tree
(
λ = 1

distance

)
Figure 8.8: Using a toy two-dimensional data set generated with scikit-learn129

(a), we give a conceptual explanation of HDBSCAN’s clustering algorithm. Us-
ing mutual reachability distance as the distance metric, a minimum spanning tree
(b) is constructed. This tree solves an optimization problem such that removing
any edge would create disconnected components – set(s) of nodes not connected
to any other set(s). Based on the distances of connected points in the mini-
mum spanning tree, single-linkage hierarchical clustering is performed (c). Splits
in the dendrogram that create clusters smaller than the minimum cluster mem-
bership are rejected, and the final clusters (d) are determined using HDBSCAN’s
novel cluster stability metric34. In panel (d), λ is inverse distance. The example
here is based on a tutorial by the author of the Python HDBSCAN implementa-
tion – Leland McInnes – available at github.com/lmcinnes/hdbscan. Additionally,
we have made the python code for reproducing our specific example available at
figshare.com/articles/HDBSCAN and Amorim-Hennig for MD/3398266.
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and the data is re-scaled based on these distances for another round of clustering.
The exact weights used in rescaling depends on the cluster validity index (scoring
metric) the user has chosen to optimize.

Here we use the silhouette index, which is a number on the interval [−1, 1] assigned
to each point. Scores generally fall between the extrema, but an understanding of
these special cases provides intuition into the silhouette index. A score of 1 for a
given point means that point is more similar to its own cluster than any other cluster
(i.e., an ideal clustering); 0 means the point falls exactly on the boundary between
two clusters; -1 means the point is more similar to a neighboring cluster than its own.

Intuitively, this feature rescaling based on the scoring metric means that in the
next round of clustering tightly packed points are likely to be clustered together once
again but less dense clusters may be split up and/or merged into nearby clusters. This
process is repeated until clusters no longer change between rounds of clustering. The
reweighted data set out of the final (converged) round of clustering is then clustered
once more with K-Means.

Starting by predicting a maximum number of clusters with iK-Means45,38, this
method applies a re-scaled variant37 of iMWK-Means46 to the data set, selecting a
number of clusters that optimizes a scoring metric47,48. One of the algorithm’s authors
has made a Matlab implementation available on his website iv. He has also made
available v a python implementation of the underlying algorithm, re-scaled iMWK-
Means46, on which this method expands. Using the code available on Sourceforge
and the algorithm described by DeAmorim2015a, we wrote a Python implementation
of Intelligent Minkowski-Weighted K-Means (iMWK-means) with explicit rescaling
followed by K-Means37 (which we have called Amorim-Hennig in this work). We
have made our Python implementation available for free on figshare131.

vi

Our code has as dependencies the modules in the Sourceforge repository mentioned
above.

In our examples and the python implementation we have made available, we use
the silhouette index as our scoring metric. This particular cluster validity index
quantifies how similar a given member of a given cluster is to every other member
of that cluster49. The authors’ Matlab implementation, mentioned above, provides
options for using additional scoring metrics. vii

For the reweighting of points after each clustering iteration, we set a default
Minkowski metric of 2 in our Python implementation. The Minkowski metric p is
defined by the distance equation for points a and b in an N-dimensional space:

d =

(
N∑
i=1

|ai − bi|p
) 1

p

where i denotes the ith coordinate for the given point. The most common values

ivhttp://homepages.herts.ac.uk/~comqra/
vhttp://sourceforge.net/projects/unsupervisedpy
vihttps://figshare.com/articles/HDBSCAN_and_Amorim-Hennig_for_MD/3398266
viihttp://homepages.herts.ac.uk/~comqra/

207

http://homepages.herts.ac.uk/~comqra/
http://sourceforge.net/projects/unsupervisedpy
https://figshare.com/articles/HDBSCAN_and_Amorim-Hennig_for_MD/3398266
http://homepages.herts.ac.uk/~comqra/


for the Minkowski metric are p = 2, making d Euclidean distance; p = 1, making d
Manhattan distance; and p → ∞, making d the Chebyshev metric46. Some studies
– of which we cite a few examples46,132,133,134,135,136,137,138 – have probed the use of
various Minkowski metrics across various contexts. The choice of the default p = 2
comes from the intuitive simplicity of the Euclidean distance metric and experimental
work on various data sets by the algorithm’s authors38,37.

Common computational resources

All clustering trials were performed on the Wake Forest University DEAC Cluster,
a centrally managed distributed computing environment. These calculations were
allotted eight 2.4GHz cores and up to 120GB of RAM. The molecular dynamics sim-
ulations were run on Titan GPUs in Metrocubo workstations produced by Acellera.

Analysis and visualization

For parsing, analyzing and plotting clustering results, we used the Python packages
MDtraj139, a library for analysis of MD trajectories; Numpy arrays140 for in-memory
data storage and processing; and Scikit-Learn129, a machine learning library for the
final K-Means iteration of Amorim-Hennig and scoring clustering results with the
silhouette index. These packages are dependencies for our freely available viii Python
scripts.

Visualizing structures from each cluster required selecting a representative con-
formation for each cluster. Using NumPY arrays, we averaged the (3× atoms)-
dimensional position vectors (i.e., trajectory frames) of all alpha carbon atoms for
proteins and heavy atoms for nucleic acids. We then selected the frame whose posi-
tion vector has the smallest Euclidean distance from the mean vector. Next, to show
the variance within a given cluster, we selected 50 evenly-sampled frames from the
list of all frames within that cluster.

For the layered images (those with shadows), we separately visualized representa-
tive structures and additional conformers in VMD100, rendered them with Tachyon141

and combined the resulting graphics into the images shown here using Pillow, a fork
of the Python Image Library. This visualization method is based on previous work
by our research group, explained by Melvin2016142. The choice of 50 evenly-sampled
frames rather than, say, standard deviation142, comes from both algorithms’ ability
to form non-Gaussian clusters of arbitrary shape. The number of frames was selected
due to memory limitations when rendering the images. By trial and error, we selected
the number that we could render for all systems with the computational resources
available to us. Secondary structure visualization in VMD’s NewCartoon drawing
method is based on STRIDE143.

viiihttps://figshare.com/articles/HDBSCAN_and_Amorim-Hennig_for_MD/3398266
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8.4 Conclusions

As the size of MD trajectories grows with the ever increasing computational power
available to researchers, automated methods for simplifying these data sets become
crucial analysis tools. The clustering algorithms applied here to MD trajectories
are excellent first-pass utilities for initial investigation of MD data. Additionally,
using the default parameters suggested by the respective algorithm authors effectively
makes these methods non-parametric. As such, having no parameters to tune through
trial and error further increases their utility for beginning analysis of a new MD
trajectory.

After investigating the systems detailed in Results and additional systems sum-
marized in Table 8.1, we find that HDBSCAN is ideal for initial investigation of a
trajectory. First and foremost, HDBSCAN is fast (Table 8.1). The time spent on
clustering using HDBSCAN – a few seconds to a few hours – is negligible compared
to the time to generate a trajectory – a few days to a few weeks. Furthermore, the
output of HDBSCAN provides immediate insight into the stability of the system at
hand. High noise percentage and/or a high number of low population (≤ 1%) clusters
indicates an unstable system. Additionally, for unstable and/or disordered systems,
HDBSCAN performs well at picking out distinct conformation ensembles – if such
distinct ensembles exist. For stable systems, HDBSCAN detects large-scale, global
conformational changes – if such changes occur – or puts all frames into one cluster –
if such changes do not occur. These features make HDBSCAN an excellent first-pass
method.

We suspect that HDBSCAN’s superior performance on disordered systems is due
in part to its ability to discard noise points that might otherwise artificially cause
two clusters to merge, when in bulk the clusters are significantly different. Addi-
tionally, we intuit that the algorithm’s ability to detect large-scale changes in stable
systems comes from its capability to cut the hierarchical clustering dendogram at
multiple locations. Its cutting algorithm optimizes the stability of a cluster, find-
ing the clusters that would be least influenced by small variations. Translated to
structure-based clusters, this optimization would mean finding the big changes and
metastable conformations while ignoring small – local – structural shifts in the case
of stable protein. For a disordered system, this optimization would mean finding any
points of relative stability in conformation space. Given this propensity, we strongly
recommend HDBSCAN clustering for IDPs.

If HDBSCAN clustering indicates a system is stable (e.g., < 50 clusters or one
or more cluster with population > 10%), we find Amorim-Hennig clustering to be a
useful next step. For stable ordered systems such as folded proteins, Amorim-Hennig
tends to form clusters distinguished by small-scale changes in secondary structure.
For stable but disordered systems (i.e., systems without clear secondary structure that
nonetheless undergo infrequent conformational shifts), Amorim-Hennig finds distinct,
stable ensembles of conformations. Amorim-Hennig’s ability to find the details for a
stable system likely comes from its feature rescaling that emphasizes tight clusters.
For a stable structured protein, tight structural clusters would be differentiated by
small local changes.

209



These two complementary clustering methods provide a great deal of initial infor-
mation about systems. They are also useful for grouping trajectory frames without
prior knowledge to uncover conformational shifts, as seen in the examples above. In
the context of MD trajectories, HDBSCAN quickly indicates stability and detects
large-scale structural changes, providing big-picture information. Amorim-Hennig
provides more fine-grained details for stable systems. Used in conjunction, these
two clustering methods isolate diverse conformational ensembles in MD trajectories
without prior knowledge.

Additionally, we see as an important line of future investigation the combination
of these two clustering methods. Since Amorim-Hennig clustering seems to focus
on details, while HDBSCAN captures big-picture changes, replacing the final K-
Means step of Amorim-Hennig with HDBSCAN may prove fruitful. While we plan
to investigate a combination of Amorim-Hennig and HDBSCAN, we intend to do so
as part of a larger study exploring many pre-processing options for clustering MD
trajectories for these and other clustering algorithms.
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(a) HD Time Series
(b) HD Cluster 0

(c) HD Cluster 1

Figure 8.9: Clustering with HDBSCAN on alpha carbon atoms of MutSα com-
plexed with cisplatinated DNA (a) yielded one cluster per trajectory, with the initial
structure of each simulation labeled as noise. For comparison with Amorim-Hennig
clustering of this system, presented in the paper proper, Figure 1, we (b-c) we visualize
both of these clusters. Shadows are 50 evenly sampled frames from each cluster.
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(a) A-H Cluster 0 (b) A-H Cluster 1

Figure 8.10: Visualizing the Amorim-Hennig clusters (a-b) of non-zinc-bound
NEMO reveals a high level of variance within each cluster. Here we see the poor
performance of Amorim-Hennig on unstable systems.
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(a) HD Cluster 97 (21.04%)
(b) HD Cluster 5 (12.28%)

(c) HD Cluster 76 (9.89%)

(d) HD Cluster 57 (6.81%)

(e) HD Cluster 107 (5.71%)

Figure 8.11: Visualizing the top 6 HDBSCAN clusters of Villin headpiece by pop-
ulation revealed that HDBSCAN had found stable folding intermediates.
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(a) HD Cluster 34 (15.92%) (b) HD Cluster 55 (13.08%)

(c) HD Cluster 25 (10.52%) (d) HD Cluster 35 (7.87%)

(e) HD Cluster 57 (7.78%)

Figure 8.12: Visualizations of representative structures of the most populated clus-
ters of Thrombin from HDBSCAN show that the structural differences between the
dominant clusters mainly occur at the flexible gamma loop and the light chain termini,
likely due to the high variation in position from their mobility.
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(a) HD Cluster 126 (1.37%) (b) HD Cluster 111 (1.31%)

(c) HD Cluster 72 (1.08%) (d) HD Cluster 82 (0.92%)

(e) HD Cluster 70 (0.89%) (f) HD Cluster 73 (0.84%)

Figure 8.13: On a trajectory concatenated from four simulations of F10 in the
presence of 150mMNaCl, HDBSCAN yields mostly noise (-1) and 126 clusters, the
largest of which comprises 1.37% of the trajectory frames, indicating an unstable
system. Here we (a-f) visualize the top 6 clusters by population with shadows as 50
evenly sampled frames from the given cluster.
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(a) A-H Time Series

(b) A-H Cluster 0

(c) A-H Cluster 1

Figure 8.14: On a trajectory concatenated from four simulations of F10 in the
presence of 150mMNaCl, (a) Amorim-Hennig places all structures into two clusters
within a high level of variance (b-c) within each cluster.Shadows are 50 evenly sampled
frames from the given cluster.
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(a) HD Cluster 0 (b) HD Cluster 1

(c) HD Cluster 2 (d) HD Cluster 3

(e) HD Cluster 4 (f) HD Cluster 5

Figure 8.15: On a trajectory concatenated from four simulations, HDBSCAN pri-
marily split up the individual simulations, indicating that in each of the concatenated
simulation F10 finds a different stable conformations. (a-f) Visualizing these confor-
mations with shadows as 50 evenly sampled frames reveals little variance in the nucleic
acid backbone position within each cluster.
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(a) A-H Cluster 0: 〈RGYR〉 18.189Å (b) A-H Cluster 1: 〈RGYR〉 10.606Å

(c) A-H Cluster 2: 〈RGYR〉 10.602Å (d) A-H Cluster 3: 〈RGYR〉 17.774Å

(e) A-H Cluster 4: 〈RGYR〉 15.181Å (f) A-H Cluster 5: 〈RGYR〉 13.281Å

Figure 8.16: On a trajectory concatenated from four simulations, HDBSCAN pri-
marily split up the individual simulations, indicating that in each of the concatenated
simulation F10 finds a different stable conformations. (a-f) Visualizing these confor-
mations with shadows as 50 evenly sampled frames reveals little variance in the nucleic
acid backbone position within each cluster.
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(a) A-H Cluster 0

(b) A-H Cluster 1

Figure 8.17: Amorim-Hennig split two the four concatenated trajectories of F10 in
150mM CaCl2 crisply into one cluster each. These conformation ensembles exhibit
little uncertainty (shadow width), indicating the structures are highly stable.
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(a) A-H Cluster 0: 〈RGYR〉 18.189Å (b) A-H Cluster 1: 〈RGYR〉 10.606Å

(c) A-H Cluster 2: 〈RGYR〉 10.602Å (d) A-H Cluster 3: 〈RGYR〉 17.774Å

(e) A-H Cluster 4: 〈RGYR〉 15.181Å (f) A-H Cluster 5: 〈RGYR〉 13.281Å

Figure 8.18: Amorim-Hennig divided this trajectory of unbound 15-TBA into what
appear upon visualization to be compactness-based bins. Calculating the average
RGYR of each of these clusters bolsters this assumption.
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(a) HD Time series (b) A-H Time Series

Figure 8.19: Both HDBSCAN and Amorim-Hennig split two concatenated simula-
tions of MutSα in the presence of flouridated DNA into the individual simulations.
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(a) HD Time series (b) A-H Time Series

(c) A-H Cluster 0 (d) A-H Cluster 1

(e) A-H Cluster 2 (f) A-H Cluster 3

Figure 8.20: (a) HDBSCAN splits a trajectory of MUTSα in the presence of mis-
matched DNA into the two concatenated simulations comprising it. (b) Amorim-
Hennig, though, (c-f) finds 4 states.
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(a) HD Time series (b) HD Cluster 0

(c) HD Cluster 1 (d) HD Cluster 2

(e) HD Cluster 3 (f) HD Cluster 4

Figure 8.21: HDBSCAN finds 5 clusters in this 1 microsecond simulation of
homology-modeled SufC from Bacillus subtilis.
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(a) A-H Time series (b) A-H Cluster 0

(c) A-H Cluster 1 (d) A-H Cluster 2

(e) A-H Cluster 3 (f) A-H Cluster 4

Figure 8.22: Amorim-Hennig finds 8 clusters in this 1 microsecond simulation of
homology-modeled SufC from Bacillus subtilis.
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(a) HD Time series (b) HD Cluster 0

(c) HD Cluster 1 (d) HD Cluster 2

(e) HD Cluster 3 (f) HD Cluster 4

Figure 8.23: HDBSCAN finds 7 clusters in this 1 microsecond simulation of docked
homology-models of SufC and SufD from Bacillus subtilis.
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(a) A-H Time series (b) A-H Cluster 0

(c) A-H Cluster 1

Figure 8.24: Amorim-Hennig finds 2 clusters in this 1 microsecond simulation of
docked homology-models SufC and SufD from Bacillus subtilis.
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(a) HD Time series (b) HD Cluster 0

(c) HD Cluster 1 (d) HD Cluster 2

(e) HD Cluster 3 (f) HD Cluster 4

Figure 8.25: HDBSCAN finds 12 clusters in this 1 microsecond simulation of F10
in 150mM MgCl2.
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(a) A-H Time series (b) A-H Cluster 0

(c) A-H Cluster 1 (d) A-H Cluster 2

(e) A-H Cluster 3 (f) A-H Cluster 4

Figure 8.26: Amorim-Hennig finds 5 clusters in this 1 microsecond simulation of
F10 in 150mM MgCl2.
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(a) HD Time series (b) HD Cluster 12 (13.78%)

(c) HD Cluster 35 (6.18%) (d) HD Cluster 6 (5.32%)

(e) HD Cluster 3 (3.02%) (f) HD Cluster 40 (2.58%)

Figure 8.27: HDBSCAN finds 48 clusters in this 5 microsecond trajectory of un-
bound thrombin in 150mM KCl.
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(a) A-H Time series (b) A-H Cluster 0

(c) A-H Cluster 1 (d) A-H Cluster 2

Figure 8.28: Amorim-Hennig finds 4 clusters in this 5 microsecond simulation of
unbound thrombin in 150mM KCl.
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(a) F10-Ca K-Means (b) F10-Ca A-H

(c) MutSα with Cisplatin K-means (d) MutSα with Cisplatin A-H

(e) SufC K-Means (f) SufC A-H

Figure 8.29: We compare the time series of K-Means clusterings that maximize
silhouette values. Here we perform K-Means clusterings with with values of k between
2 and 20 (inclusive). We report the time series for the value of k with the highest
silhouette score. Aside each of these, we plot the A-H time series for comparison. We
see similar clusterings for F10 in the presence of calcium (a-b). However, A-H has one
fewer clusters and has more temporally grouped clusters. That is, whereas A-H mostly
split the concatenated trajectories into its substituent 4 individual trajectories, K-
Means maximizing silhouette indicated more overlap in the trajectories. For MutSα in
the presence of cisplatinated DNA, we see that A-H indicates one additional cluster,
appearing to split K-means cluster 1 into two clusters. For the SufC protein, we
see A-H indicating 5 more clusters than K-Means. SufC is a highly stable system,
indicating that A-H is finding finer details in this system. From these comparisons,
and those in Supporting Information Figure S21, we see that A-H has a preference
for more tight clusters over K-Means maximizing the silhouette score.
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Figure 8.30: For systems with an average RMSF less than 2Å, we consistently
observed distinct conformational changes across Amorim-Hennig clusters and gained
little information beyond deciding the stability of the system from HDBSCAN clus-
ters). We observed that HDBSCAN provided more meaningful clusters for polymers
with an average RMSF larger than 5Å (Figure 9), which is likewise consistent with our
conclusion that HDBSCAN is best for more systems with higher structural variance.
Systems with average RMSFs between 2Å and 5Å had no clear pattern. In this figure,
simulated systems are assigned an arbitrary system number (x-axis) and labeled in
the format system short name most informative clustering algorithm. *Our simula-
tion for Villin headpiece was one of folding. The system is expected to undergo large
conformational shifts, as it transitions from unfolded to folded. Above we presented
Amorim-Hennig clusters for Villin headpiece due to their correlation to RGYR; how-
ever, it was HDBSCAN that found the stable folding intermediates. **On MutSα
exposed to FdU-substituted DNA, the two clustering methods gave essentially the
same result, with only a few initial simulation frames labeled differently.
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[6] Jíı Šponer, Xiaohui Cang, and Thomas E. Cheatham. Molecular dynam-
ics simulations of G-DNA and perspectives on the simulation of nucleic acid
structures. Methods, 57(1):25–39, may 2012. ISSN 10462023. doi: 10.1016/

233

http://linkinghub.elsevier.com/retrieve/pii/S0006349514046918
http://linkinghub.elsevier.com/retrieve/pii/S0006349514046918
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=3268975{%}7B{&}{%}7Dtool=pmcentrez{%}7B{&}{%}7Drendertype=abstract
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=3268975{%}7B{&}{%}7Dtool=pmcentrez{%}7B{&}{%}7Drendertype=abstract
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=3268975{%}7B{&}{%}7Dtool=pmcentrez{%}7B{&}{%}7Drendertype=abstract
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=2981647{&}tool=pmcentrez{&}rendertype=abstract http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=2981647{%}7B{&}{%}7Dtool=pmcentrez{%}7B{&}{%}7Drendertype=abstract http://linkinghub.elsevier.com/retrieve/p
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=2981647{&}tool=pmcentrez{&}rendertype=abstract http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=2981647{%}7B{&}{%}7Dtool=pmcentrez{%}7B{&}{%}7Drendertype=abstract http://linkinghub.elsevier.com/retrieve/p
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=2981647{&}tool=pmcentrez{&}rendertype=abstract http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=2981647{%}7B{&}{%}7Dtool=pmcentrez{%}7B{&}{%}7Drendertype=abstract http://linkinghub.elsevier.com/retrieve/p
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=2981647{&}tool=pmcentrez{&}rendertype=abstract http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=2981647{%}7B{&}{%}7Dtool=pmcentrez{%}7B{&}{%}7Drendertype=abstract http://linkinghub.elsevier.com/retrieve/p
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=2981647{&}tool=pmcentrez{&}rendertype=abstract http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=2981647{%}7B{&}{%}7Dtool=pmcentrez{%}7B{&}{%}7Drendertype=abstract http://linkinghub.elsevier.com/retrieve/p
http://www.tandfonline.com/doi/full/10.1080/07391102.2015.101516
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=2547409{%}7B{&}{%}7Dtool=pmcentrez{%}7B{&}{%}7Drendertype=abstract http://pubs.acs.org/doi/abs/10.1021/cr040426m
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=2547409{%}7B{&}{%}7Dtool=pmcentrez{%}7B{&}{%}7Drendertype=abstract http://pubs.acs.org/doi/abs/10.1021/cr040426m
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=2547409{%}7B{&}{%}7Dtool=pmcentrez{%}7B{&}{%}7Drendertype=abstract http://pubs.acs.org/doi/abs/10.1021/cr040426m


j.ymeth.2012.04.005. URL http://linkinghub.elsevier.com/retrieve/

pii/S0022202X15370834http://linkinghub.elsevier.com/retrieve/pii/

S1046202312000941.

[7] Juan R Perilla, Boon Chong Goh, C Keith Cassidy, Bo Liu, Rafael C Bernardi,
Till Rudack, Hang Yu, Zhe Wu, and Klaus Schulten. Molecular dynamics sim-
ulations of large macromolecular complexes. Current Opinion in Structural
Biology, 31(4):64–74, apr 2015. ISSN 0959440X. doi: 10.1016/j.sbi.2015.
03.007. URL http://dx.doi.org/10.1016/j.sbi.2015.03.007http://

www.sciencedirect.com/science/article/pii/S0959440X15000342http:

//linkinghub.elsevier.com/retrieve/pii/S0959440X15000342.

[8] Peter L Freddolino, Feng Liu, Martin Gruebele, and Klaus Schulten. Ten-
Microsecond Molecular Dynamics Simulation of a Fast-Folding WW Domain.
Biophysical Journal, 94(10), 2008. ISSN 00063495. doi: 10.1529/biophysj.108.
131565.

[9] John L Klepeis, Kresten Lindorff-Larsen, Ron O Dror, and David E Shaw. Long-
timescale molecular dynamics simulations of protein structure and function.
Current opinion in structural biology, 19(2):120–7, apr 2009. ISSN 1879-033X.
doi: 10.1016/j.sbi.2009.03.004. URL http://www.ncbi.nlm.nih.gov/pubmed/

19361980.

[10] Wolfgang Eckhardt, Alexander Heinecke, Reinhold Bader, Matthias Brehm,
Nicolay Hammer, Herbert Huber, Hans-Georg Georg Kleinhenz, Jadran Vrabec,
Hans Hasse, Martin Horsch, Martin Bernreuther, Colin W. Glass, Christoph
Niethammer, Arndt Bode, and Hans-Joachim Joachim Bungartz. Supercom-
puting: 28th International Supercomputing Conference, ISC 2013, Leipzig,
Germany, June 16-20, 2013. Proceedings. In Julian Martin Kunkel, Thomas
Ludwig, and Hans Werner Meuer, editors, Lecture Notes in Computer Sci-
ence (including subseries Lecture Notes in Artificial Intelligence and Lecture
Notes in Bioinformatics), volume 7905 LNCS, chapter 591 TFLOPS, pages
1–12. Springer Berlin Heidelberg, Berlin, Heidelberg, 2013. ISBN 978-3-642-
38750-0. doi: 10.1007/978-3-642-38750-0{ }1.

[11] Martin Karplus and J Andrew McCammon. Molecular dynamics simulations of
biomolecules. Nature structural biology, 9(9):646–52, sep 2002. ISSN 1072-8368.
doi: 10.1038/nsb0902-646. URL http://www.ncbi.nlm.nih.gov/pubmed/

12198485.

[12] Patrick L. Odell and Benjamin S. Duran. Cluster Analysis: A Survey, vol-
ume 100 of Lecture Notes in Economics and Mathematical Systems. Springer
Berlin Heidelberg, Berlin, Heidelberg, 1974. ISBN 978-3-540-06954-6. doi:
10.1007/978-3-642-46309-9. URL http://link.springer.com/10.1007/

978-3-642-46309-9.

234

http://linkinghub.elsevier.com/retrieve/pii/S0022202X15370834 http://linkinghub.elsevier.com/retrieve/pii/S1046202312000941
http://linkinghub.elsevier.com/retrieve/pii/S0022202X15370834 http://linkinghub.elsevier.com/retrieve/pii/S1046202312000941
http://linkinghub.elsevier.com/retrieve/pii/S0022202X15370834 http://linkinghub.elsevier.com/retrieve/pii/S1046202312000941
http://dx.doi.org/10.1016/j.sbi.2015.03.007 http://www.sciencedirect.com/science/article/pii/S0959440X15000342 http://linkinghub.elsevier.com/retrieve/pii/S0959440X15000342
http://dx.doi.org/10.1016/j.sbi.2015.03.007 http://www.sciencedirect.com/science/article/pii/S0959440X15000342 http://linkinghub.elsevier.com/retrieve/pii/S0959440X15000342
http://dx.doi.org/10.1016/j.sbi.2015.03.007 http://www.sciencedirect.com/science/article/pii/S0959440X15000342 http://linkinghub.elsevier.com/retrieve/pii/S0959440X15000342
http://www.ncbi.nlm.nih.gov/pubmed/19361980
http://www.ncbi.nlm.nih.gov/pubmed/19361980
http://www.ncbi.nlm.nih.gov/pubmed/12198485
http://www.ncbi.nlm.nih.gov/pubmed/12198485
http://link.springer.com/10.1007/978-3-642-46309-9
http://link.springer.com/10.1007/978-3-642-46309-9


[13] L Kaufman and P J Rousseeuw. Finding Groups in Data: An Intro-
duction to Cluster Analysis. Wiley-Interscience, 33(1):368, 2005. ISSN
03424642. doi: 10.1007/s00134-006-0431-z. URL http://www.amazon.com/

Finding-Groups-Data-Introduction-Analysis/dp/0471878766.

[14] Anil K Jain and Richard C Dubes. Algorithms for clustering data. Prentice-Hall,
Inc., Upper Saddle River, NJ, 1988.

[15] Pavel Berkhin. A Survey of Clustering Data Mining Techniques. In
Grouping Multidimensional Data, number c in Accrue Software, Inc., pages
25–71. Springer-Verlag, Berlin/Heidelberg, 2006. ISBN 354028348X. doi:
10 .1007/3-540-28349-8 2. URL http://link.springer.com/chapter/

10.1007/3-540-28349-8{%}7B{_}{%}7D2http://link.springer.com/10.

1007/3-540-28349-8{%}7B{_}{%}7D2http://link.springer.com/10.1007/

3-540-28349-8{_}2.

[16] S Lloyd. Least squares quantization in PCM. IEEE Transactions on Infor-
mation Theory, 28(2):129–137, 1982. ISSN 0018-9448. doi: 10.1109/TIT.1982.
1056489. URL http://ieeexplore.ieee.org/lpdocs/epic03/wrapper.htm?

arnumber=1056489.

[17] Hugo Steinhaus. Sur la division des corps mat{é}riels en parties. Bull. Acad.
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Chapter 9

Visualizing Correlated Motion
with HDBSCAN Clustering

Contributions

In this study, I performed MD simulations on thrombin. I participated the expert
curation and interpretation of the clustering results. I made Figure 9.1 and also
assisted in making Figure 9.5, 9.6, writing the manuscript. I also made revision and
approved the final text along with other authors.

This chapter contains stylistic variations (e.g., number of columns and citation
style) from the published manuscript: Melvin, Ryan L, Jiajie Xiao, Ryan C Godwin,
Kenneth S Berenhaut, and Freddie R Salsbury. 2017. Visualizing Correlated Motion
with HDBSCAN Clustering. Protein Science, September. doi:10.1002/pro.3268.

Abstract

Correlated motion analysis provides a method for understanding communication be-
tween and dynamic similarities of biopolymer residues and domains. The typical
equal-time correlation matrices – frequently visualized with pseudo-colorings or heat
maps – quickly convey large regions of highly correlated motion but hide more sub-
tle similarities of motion. Here we propose a complementary method for visualizing
correlations within proteins (or general biopolymers) that quickly conveys intuition
about which residues have a similar dynamic behavior. For grouping residues, we use
the recently developed non-parametric clustering algorithm HDBSCAN. While the
method we propose here can be used to group residues using correlation as a simi-
larity matrix – the most straightforward and intuitive method – it can also be used
to more generally determine groups of residues which have similar dynamic proper-
ties. We term these latter groups ”Dynamic Domains”, as they are based not on
spatial closeness but rather closeness in the column space of a correlation matrix.
We provide examples of this method across three human proteins of varying size and
function – the Nf-Kappa-Beta essential modulator (NEMO), the clotting promoter
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Thrombin and the mismatch repair protein (dimer) complex MutS-alpha. While the
examples presented here are from all-atom molecular dynamics simulations, this visu-
alization technique can also be used on correlations matrices built from any ensembles
of conformations from experiment or computation.

9.1 Introduction

9.1.1 Background

Examining the collective motions of proteins via pair-wise atomic correlation coeffi-
cients is a long-standing topic of interest1,2,3,4,5,6,7,8,9,10,11, particularly with respect to
molecular dynamics (MD) trajectories. Such calculations aid in identifying of regions
and residues of interest3, dimensionality reduction through vibrational modes4,6,8,
estimating characteristic time scales5, identifying communication and allosteric path-
ways12,13, and uncovering non-local yet connected regions14,15,12,16. These correlated
motions are thought to be responsible for biological processes such as transitions be-
tween functional states17,18, allostery19,20,21, initiating binding, events and storying
energy for catalysis22.

When examining correlated motion, the typical matrices of equal-time (aka Pear-
son) correlation coefficients for atom or residue pairs (panel a of all figures herein)
tend to be too large for direct analysis by a human beyond noticing large regions of
strong correlation or anti-correlation10. To simplify the information in these matrices
that easily exceed 10,000 entries (more than 100 residues), we suggest a method for
visualizing the results correlation calculations directly on protein structures (panels
b-d in all figures herein). This visualization technique utilizes the recently developed
clustering algorithm HDBSCAN23,24, which has been previously demonstrated par-
ticularly effective for molecular dynamics (MD) trajectories25. HDBSCAN searches
the space of a given input data set for regions of high density separated by regions of
low density, using a cluster stability metric and ”mutual reachability distance”23,24

to determine the meaning of ”high density” for a given data set. Our proposed vi-
sualization method stands apart from existing correlation visualization techniques
in that it does not require a user-selected cut off for determining significant corre-
lations26,27,28 nor does it require an a priori selection target residues of interest29.
In fact, the original authors of HDBSCAN discuss a sensible default parameter for
minimum cluster size (the only parameter a user need set for HDBSCAN) for use in
situations of maximal ignorance (e.g., initial exploration of a data set)23,24. Beyond
minimum cluster size, HDBSCAN requires no further setting of arbitrary or biasing
parameters by the user. For a discussion of how the minimum cluster size was set
in the present study, see the Methods section below. While the examples we present
here are from all-atom MD simulations, this same method could be applied to corre-
lation matrices generated from ensembles of experimentally generated structures in,
for example, the RCSB protein database, see for example30 and citations therein.
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9.1.2 Clustering processes

For the purpose of selecting similar groups of residues based on a matrix of correlation
coefficients, we vary the way in which the matrix is used in the clustering process,
resulting in three distinct visualizations, each of which indicates collective motions of
the protein under analysis. The first method for visualizing correlation (panel b in
all figures) is the most straightforward. Here we use a matrix A of absolute values of
correlation correlation as a similarity matrix. Let C represent the typical equal-time
correlation matrix, and let subscripts index matrix rows and columns. Then,

Ai,j = |Ci,j| .

That is, residue pairs (i,j) that are highly correlated (or anticorrelated) – absolute
values close to 1 – are considered the most similar while residue pairs (i,j) with
little to no correlation – absolute values close to 0 – are considered the least similar.
Then, residues placed in the same clusters (e.g., all red residues in Figure 9.3b) will
all be highly correlated (or anticorrelated) with one another. Admittedly, there is
information loss. For example, two strongly anticorrelated residues will be treated
the same as two strongly correlated residues. Our next two visualization methods
also take into account the sign of Ci,j.

The second and third clustering and visualization methods are more abstract and
somewhat less intuitive. In the second method (panel c in all figures), we use the
matrix of correlation coefficients as the input data set for clustering. In this case,
each row Ci is treated as a sample to be clustered. That is, we form clusters based
on similar correlation vectors – rows in the correlation matrix (panel a in all figures).
In this case, the distance matrix for clustering is HDNSCAN’s internally calculated
”mutual reachability distance”23,24, which focuses on the formation of neighborhoods
of points. For example, in Figure 9.3c, the residues colored orange had alpha carbon
correlation vectors more similar to each other than any residues that were colored red.
This clustering and visualization method indicates which residues have similar overall
dynamics – intramolecular coupled motion – while not directly indicating information
about pairwise correlation.

In the third method (panel d in all figures), we use a measure of cosine similarity.
Here we take the dot products of all correlation vectors Ci and form a new similarity
matrix D of the resulting values that we then use for clustering,

Di,j = Ci ·Cj.

In this case, a high-valued Di,j indicates similar overall dynamics while a low value
indicates dissimilar dynamic patterns. We normalize this matrix based on its largest
value. This final metric is a scaled variant of cosine similarity. Such a measure of
cosine similarity has wide usage across several fields, of which we cite a few exam-
ples31,32,33,34. While this method is the most abstract – and perhaps least intuitive –
of the three, we have found it useful in identifying what we have termed “dynamic
domains.” These domains are (not necessarily local) sets of residues with similar
dynamics, as indicated by their correlated motion vectors. For example, in Figure
9.3d, the gray, blue and red sets of residues each have their own distinct dynamics.
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9.1.3 Example systems

In this paper, we provide six examples of each clustering and visualization method,
discussing the understanding gained and the correspondence to other, well established
analysis methods. Our first two examples are two biological configurations of the NF-
κB Essential Modulator (NEMO) zinc finger domain – one with protonated binding
site cysteines (CYS) and zinc absent, the other with deprotonated cysteines and a
tetragonally coordinated zinc in the binding site (CYN-ZN). It is a 28-residue zinc-
binding protein with a 3CYS1HIS active site and is a known ubiquitin binder35.
NEMO is a diverse signaling protein that contributes to cellular regulation processes
including apoptosis, oncogenesis, and inflammatory responses35,36,37.

Note that since NEMO is the smallest (by number of residues) and simplest (by
number of secondary structure elements) of our example systems, we were able to
label each secondary structure element directly on the correlation matrices. For other
example systems, we provide a separate figure labeling the known structural domains
discussed herein.

Our next two examples are apo-Thrombin in solution with sodium and potas-
sium ions respectively (see Figure 9.1 for domain labeling). In addition to its pro and
anticoagulant properties38,39,40,41, Thrombin induces tumor growth, metastasis, angio-
genesis42, and even tumor invasion through interactions on cell surfaces43. Thrombin
is also a central allosteric protease regulating the coagulation cascade44,45,46,47. There
is evidence that Thrombin’s activities as a procoagulant and anticoagulant highly
correlate to thrombin’s conformational states38,39,40,41. In presence of sodium, throm-
bin is thought to more likely adopts a procoagulant (i.e., “fast” form) conformational
state, which is structurally distinct from the anticoagulant (i.e., “slow” form) one
when no sodium is present48,49,50,51,52,53,54,55,56. Being a flexible protein, our correla-
tion visualization results help illustrate the differences in motion of the two forms.

Our final two examples are the MSH2/MSH6 (MutSα) dimer from the human mis-
match repair pathway38,39,40,41 (For domain labeling see Figure 9.2). In silico, we have
exposed this complex to DNA damaged by carboplatin57 (cis-diammine(cyclobutane-
1,1-dicarboxylao)-platinum(II)) and separately cisplatin58 (cis-diammminechloroplatinum(II))
– two anticancer drugs that form platinum-DNA adducts. These systems are of partic-
ular interest given the chemotherapeutic nature of DNA treated with cisplatin59,60,61,62.
MSH2/MSH6 has been the subject of molecular dynamics studies using clustering
analysis to identify rare-conformations involved in apoptotic pathways. Such work is
toward identifying possible new lead compounds for drug discovery63,64,65,66,67,68. Our
visualization method presented here is complementary to such structural studies in
that it identifies the differences in motion of the protein when exposed to these two
different drugs.

In these examples, we convey how these simplifications of massive correlation
matrices – via clustering and visualization on protein structures – provide intuition
about the collective motion and dynamics of proteins. While we do not view these
visualizations as replacements for correlation matrices or any other correlation-based
analysis technique, we see these visualizations as complements to existing methods
that provide additional information about what has previously and appropriately
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Figure 9.1: For reference, we label the Thrombin structural domains discussed
herein. These are Exosite I, Exosite II, the 60-loop, the Na+ loop, and the γ loop.
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Figure 9.2: The MSH26 complex shown here is colored by structural domain name.
The colors-domain pairs are blue for the mismatch binding domain, green for the
connector domain, yellow for the leaver domain, orange for the clamp domain, and
red for the ATP-ase domain. For clarity, the ADP molecules present in the crystal
structure69 are shown in a bonds representation.
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been termed ”the dynamic personality of proteins”70.

9.2 Examples

9.2.1 NEMO zinc finger

CYN-ZN

We begin our examples with the more structurally stable71,72 of our biological con-
figurations of zinc (Figure 9.3). The NEMO structure in the CYN-ZN state has
deprotonated cysteines that tetragonally coordinate a zinc ion in the binging site.
When using the absolute values of all entries in the alpha carbon correlation matrix
(Figure 9.3a) as a similarity matrix (Figure 9.3b), we see that the HDBSCAN clus-
tering essentially divides NEMO into its secondary structure elements. Alpha helix
residues are placed in one cluster while each leg of the beta sheet is likewise assigned
to its own cluster. From this clustering, we would infer that a high degree of collective
motion exists within but not between each secondary structure element.

With the correlation matrix (Figure 9.3a) used as the raw input for HDBSCAN
clustering (Figure 9.3c), we find that the alpha helix is split into three clusters. This
clustering corresponds to previous work71 showing a rare conformation of NEMO
CYNZN in which the alpha helix destabilizes. While this clustering would not by
itself indicate destabilization of an alpha helix, it would indicate that potential follow
up is needed, closely examining the dynamics of the alpha helix. Additionally, this
clustering of the alpha helix residues places each of the zinc binding residues in distinct
clusters. The red cluster contains a cysteine residue that fails to coordinate with
zinc71,72, indicating the clustering has picked out the distinct motion of this portion
of the alpha helix.

Using dot products of all correlation vectors as a similarity matrix for HDBSCAN
clustering (Figure 9.3d), we see the alpha helix once again grouped by itself and the
non-coordinating cysteine (gray) separated by the clustering from the majority of the
alpha helix. The two orange clusters here contain residues previously seen to exhibit
strong anti-correlation in the presence of zinc – a motion that has been implicated as
part of the zinc binding mechanism72.

CYS

The less stable NEMO configuration72 is zinc-unbound and has protonated binding
site cysteine residues. Using the correlation matrix (Figure 9.4a) as a similarity
matrix for clustering (Figure 9.4b) divides the alpha helix into two clusters and a
section of noise-labeled residues, both of the clustered regions also contain nearby
loop elements. Upon closer inspection, we found that portion of the helix in the red
cluster is in fact part of a pi helix. Here we see this correlation visualization method
suggesting closer inspection of a particular portion of structural element that was
in fact significant. Additionally, the labeling of the majority of alpha-helix residues
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Figure 9.3: In this example of correlation visualization with the biologically relevant,
zinc-bound NEMO CYNZN, we use the (a) residue-residue correlation matrix as (b)
a similarity matrix for HDSCAN clustering, and as (c) raw input for clustering. We
also (d) calculate a new similarity matrix based on the dot products of all correlation
vectors with one another. On the x-axis of the correlation matrix (a), we have labeled
the secondary structure elements of NEMO for easy reference.
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as noise is indicative of the destabilizing alpha helix seen in these simulations and
previously discussed elsewhere72.

When using the correlation matrix as raw clustering input, we once again see that
both segments of the destabilized beta sheet are placed in their own cluster (blue and
orange). From this clustering and visualization, we see that while the hydrogen bonds
of the beta sheet (as indicated by their separation and visualization using VMD’s
STRIDE secondary structure prediction algorithm73) may have destabilized, each leg
of the beta sheet demonstrates distinct collective motion. The blue segment of the
alpha helix also contains one of the zinc-binding residues, indicating this clustering
may be picking up on previously observed zinc-searching mechanisms71,72.

Calculating a new similarity matrix using dot products of all correlation vectors
for HDBSCAN clustering (Figure 9.4d) results in three clusters. The majority of the
alpha helix is placed in a cluster along with one segment of the beta sheet (orange).
The other segment of the beta sheet is placed in its own cluster (red). In both this
clustering, and the others (Figures 9.4b-d), placement of each beta sheet in a separate
cluster likely corresponds to the coupled, dynamic searching motion observed in these
secondary structural elements, as NEMO attempts to find a zinc ion nearby, as seen
previously72. This statement is similarly true for the zinc-binding cysteine captured
in the blue cluster as in panel (c). In this particular clustering, all other zinc-binding
residues are captured in the orange cluster, indicating their similar collective motion.

With this zinc-unbound case, we see that clustering with the correlation matrix as
a similarity (panels b) matrix tends to over emphasize the correlation of various seg-
ments (compared to previous analysis74,72 while clustering with the correlation matrix
as raw input (panels c) tends to under emphasize these correlations. While both of
these more naive methods provide some information, clustering using a new matrix
of dot products of correlation vectors (panel d) indicates regions of interest that were
either previously confirmed to be part of a zinc binding or searching mechanism71,72

or indicated a structural change worthy of further investigation (in the case of the pi
helix formation for CYS).

9.2.2 Thrombin

Sodium-present

Our next example is apo-form Thrombin in the presence of sodium ions. With the
residue-residue correlation matrix (Figure 9.5a) used as a similarity matrix for HDB-
SCAN clustering, two clusters form. The red cluster contains a portion of the protein’s
catalytic pocket (S1 subpocket) that is adjacent to the gamma loop – a regulatory
functional site. The blue cluster contains more residues involved in the catalytic
pocket. Such clustering results highlight two groups of residues, which are mostly
involved in the catalytic pocket, are strongly coupled together in terms of collective
motions.

Using the residue-residue correlation matrix (Figure 9.5a) as a as raw input for
for HDBSCAN clustering (Figure 9.5c) likewise yields two clusters. The smaller (red)
cluster consists of the S1 subpocket residues and N-terminus of the heavy chain. The

260



Figure 9.4: In this example of correlation visualization with the biologically relevant,
zinc-unbound NEMO CYS, we use the (a) alpha carbon correlation matrix as (b) a
similarity matrix for HDSCAN clustering and as (c) raw input for clustering. We
also (d) calculate a new similarity matrix based on the dot products of all correlation
vectors with one another. On the x-axis of the correlation matrix (a), we have labeled
the secondary structure elements of NEMO for easy reference
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blue cluster has a large overlap with the blue cluster captured by the first approach
(Figure 9.5b). Additionally, the blue cluster from the second approach contains most
of the protein’s secondary structure elements. Included in this group is another
functional site – ”exosite II”, which has been experimentally shown an allosteric
linckage with the catalytic pocket75.

Creating a similarity matrix from dot products of correlation vectors (Figure 9.5d)
yields a clustering that seems to simply place the vast majority of secondary structure
elements in one cluster. The exosite I residues and some light chain termini residues
stand apart as a second cluster due to their similar coupling pattern with other
regions in the protein. Such similarity among these residues (highlighted in blue in
Figure 9.5d) suggests a potential dynamic allosteric linkage between the light chain
and known regulatory site exosite I, which have also been seen in the literature76.

Potassium-present

Correlation clustering and visualization using a trajectory of the apo form of Throm-
bin in the presence of potassium ions using the correlation matrix (Figure 9.6a) as a
similarity matrix (Figure 9.6b) indicates no groups of highly correlated residues. The
clustering labeled all residues as noise, meaning it could not form meaningful group-
ings of residues based on the correlation matrix as a similarity matrix. This lackluster
result indicates for this system in particular that from the perspective of absolute val-
ues of correlation there are no clear communities of alpha carbon atoms with similar
motions. Comparisons between Figure 9.5b and Figure 9.6b further suggest the ion
conditions have an influence on the dynamics of thrombin. More generally, this result
shows that while clustering with A as a similarity matrix is the most straightforward,
intuitive method, it is not the most informative.

Using the correlation matrix as raw input for HDBSCAN clustering (Figure 9.6c)
indicated two clusters. The red cluster mainly contains the 220s (also called sodium
loop) and 180s loops and some S1 subpocket residues. Both of these loops are respon-
sible for the binding of a sodium cation, which is thought to be a critical allosteric
effector of thrombin77,78. Like Figure 9.5c, the larger (blue) cluster captures most of
the secondary structure elements and includes exosite II residues. The gamma loop
was also labeled noise, indicating motions distinct from all other residue groups.

While HDBSCAN clustering using a similarity matrix made up of all dot products
of correlation vectors (Figure 9.6d) yields mostly one cluster, this clustering does
separate out the Gamma loop and C-terminus of the protein’s light chain as one
(blue cluster). Such grouping of these two distant sites indicates allosteric, long-
range communication between the light chain and gamma loop, as seen by clustered
correlation vectors. Here and in the case of Thrombin solvated with sodium chloride,
we see that beta sheets tend to be grouped together in clusters. While this result may
seem somewhat dull it is also unsurprising given the recent evidence that correlated
motion is an inherent property of beta sheets, suggesting there should be a baseline
similarity among all such secondary structural elements30. That is, in the absence
of clearly distinct motions, we might expect that beta sheets tend to have roughly
similar motion.
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Figure 9.5: In this example of correlation visualization with an apo form of Throm-
bin in the presence of sodium, we use the (a) alpha carbon correlation matrix as (b)
a similarity matrix for HDSCAN clustering and as (c) raw input for clustering. We
also (d) calculate a new similarity matrix based on the dot products of all correlation
vectors with one another.
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Similar to the NEMO zinc-finger systems, we see that clustering using the ma-
trix of dot products of correlation vectors as a similarity matrix provides the most
information. In particular, the different clusterings of the Gamma loop and Exosite I
across the two systems using this method corresponds to a previously observed change
in behavior of these segments in response to changing ligation conditions76.

Figure 9.6: In this example of correlation visualization with an apo form of Throm-
bin in the presence of potassium, we use the (a) residue-residue correlation matrix
as (b) a similarity matrix for HDSCAN clustering and as (c) raw input for cluster-
ing. We also (d) calculate a new similarity matrix based on the dot products of all
correlation vectors with one another.

9.2.3 Muts

Cisplatinated DNA

HDSCAN clustering using the correlation matrix (Figure 9.7a) of MutSα bound to
cisplatinated DNA as a similarity matrix (Figure 9.7b) indicates communication (i.e.,

264



correlated motion) across multiple domains resulting from exposure to cisplatinated
DNA. This clustering indicates collective motion (in the form of groups of highly
correlated or highly anti-correlated) among residues in the ATP-ase domain and the
lever domain (gray cluster); in the lever domain, connector domain and mismatch
binding domain (blue cluster); and in the lever and clamp domains (red cluster).

Visualizing correlation clustering using the correlation matrix as raw input (Figure
9.7c) indicates that the connector, ATP-ase, clamp and lever domains (blue cluster)
have similar correlation vectors – i.e., similar dynamics. Additionally, the the mis-
match binding domain and clamp domains have residues with similar dynamics (gray
cluster). Multiple domains of MSH6 are included in one cluster (red) along with a
few residues of MSH2. This cluster indicates that most residues in MSH6 behave
similarly to one another but also indicates some long-range effects, exhibiting similar
motion to a few residues in MSH2.

Using the similarity matrix composed of all possible dot products of correlation
vectors (Figure 9.7d) yields only two clusters. This method indicates that the mis-
match binding domain behaves similarly to a large portion of residues in MSH2 (blue
cluster). We also see more residues behaving similarly across the two monomers (red
cluster and part of blue cluster).

Correlated motion between the connector and lever domains of this complex in
response to cisplatinated DNA has been previously indicated experimentally59 and
seen in a previous computational study79. Some previous computational work has
indicated that MutSα’s response to cisplatinated DNA is localized to the ATP-ase
domain65, as indicated by Figure 9.7d. The grouping of the ATP-ase and DNA
binding domain may be indicating this previously proposed communication between
the two domains. However, that work used calculations totaling 2ns in simulated
time. The correlation calculations performed here are on a 100ns timescale. That
is, we are seeing the spread of MutSα’s response to additional domains on longer
timescales.

Carboplatinated DNA

Correlation clustering and visualization using the correlation matrix (Figure 9.8a) as
a similarity matrix (Figure 9.8b) indicates relatively few highly correlated residues.
HDBSCAN labeled most residues as noise. However, some residues from MSH6’s
lever domain and a few residues from the mismatch binding domain (blue) have
highly correlated (or anti-correlated) motion. This collective motion may indicate a
response to DNA binding, as a signal moves from the mismatch binding domain to
the lever domain. The other cluster (red) contains residues in MSH2’s clamp domain.
Experimental work has shown that such residues in the clamp domain are mobilized
by DNA binding, as MSH26 uses this domain to bend the bound DNA80,62.

Clustering using the correlation matrix as raw input (Figure 9.8c) indicates simi-
lar dynamics across multiple domains on both MSH2 and MSH6. The residues from
the mismatch binding, lever and connector domain of MSH6 are placed in the same
cluster (blue) as residues from the lever and ATP-ase domain of MSH2. In the
other cluster (red), we see residues from the ATP-ase domain and the clamp do-
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Figure 9.7: In this example of correlation visualization with an MutSα bound to
cisplatinated DNA, we use the (a) residue-residue correlation matrix as (b) a similarity
matrix for HDSCAN clustering and as (c) raw input for clustering. We also (d)
calculate a new similarity matrix based on the dot products of all correlation vectors
with one another.
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main. As the clamp domain is near damaged DNA, this similarity of dynamics be-
tween the clamp and ATP-ase domain may indicate signaling leading to response
by the ATP domain, which has been experimentally demonstrated81,82,83,84,85,59,86,87,88

and discussed at some length in previous computational work64,65,66,65,63,68,61,79. In
this example, clustering on a similarity matrix composed of dot products of all cor-
relation vectors (Figure 9.8d) yields a similar result as clustering on the correla-
tion matrix as raw input (Figure 9.8c). Both of these clustering outputs (Figure
9.8c-d) indicate communication across the two dimers. Such allosteric communica-
tion between MSH2 and MSH6 has been a topic of much interest in previous stud-
ies64,65,66,65,63,68,61,79,81,82,83,84,85,59,86,87,88.

Figure 9.8: In this example of correlation visualization with an MutSα bound to
carboplatinated DNA, we use the (a) residue-residue correlation matrix as (b) a simi-
larity matrix for HDSCAN clustering and as (c) raw input for clustering. We also (d)
calculate a new similarity matrix based on the dot products of all correlation vectors
with one another.
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9.3 Conclusions

We have proposed a method for greatly simplifying the vast amount of information
contained in correlation matrices. By coloring residues on a protein structure based
on their collective motion, we produce intuitive, visual representations of complex
data. A quick glance at such figures quickly conveys which residues are behaving
most similarly in terms of their correlated motion (panel b in all figures) or general
dynamics (panels c and d in all figures). This mode of data visualization is easier to
interpret than a correlation matrix with tens of thousands of entries. Here we have
presented this method with equal time correlation matrices; however, it could easily
be applied to time-lagged correlation methods by using their resulting correlation
matrices in the same manner.

In each of our examples above, we presented potential explanations for why some
residues are grouped together. These explanations are not fully supported simply by
the visualizations, but they are intended to show how this visualization method is
useful for selecting sets of residues for further investigation. This data simplification
and visualization technique proposed here is not intended to replace any extent anal-
ysis method. Rather, it complements them through simply, intuitive visualization of
collective motion.

All of the systems analyzed here are from active, ongoing research projects of the
authors. In our own work, we have often found clustering using D (dot products
of correlation vectors) as the similarity matrix. This method picked up on residue
groups involved in known mechanisms such as NEMO’s binding site residues (Figure
9.3d) search for nearby Zinc ions (Figure 9.4d), allostery in Thrombin (Figure 9.6d),
communication across monomers in MutSα (Figures 9.7d and 9.8d). We think of
this method as indicating potentially interesting dynamic domains – that may have
otherwise been missed due to the large number of entries in the correlation matrix
or the non-locality of the atoms involved – worthy of follow up with other analysis
methods.

However, the other two visualization methods are useful for answering more spe-
cific questions. Using A (absolute value of the equal-time correlation) as a similarity
matrix provides a quick, simple way to visualize communities of highly correlated
residues. This method is primarily a simplification of the typical equal-time, aka
Pearson, correlation matrix. Using C as the similarity matrix finds groups of residues
with similar correlation vectors (positions in the column space of the equal-time Cor-
relation matrix). This method is useful for determining (in a preliminary sense) which
atoms or residues have similar dynamics.

For those wishing to use this visualization technique, our python scripts will be
available online for free via figshare at https://doi.org/10.6084/m9.figshare.

5140234.v1.
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9.4 Materials and Methods

9.4.1 Correlation and clustering

For each system, we calculated a equal-time correlation matrix using only alpha
carbon atoms. To group residues into dynamically similar groups, we used HDB-
SCAN23,24 clustering, which we previously showed to be particularly effective with
molecular dynamics trajectories25. HDBSCAN a density-based, hierarchical method.
However, it differs from other hierarchical techniques by not cutting the final dendro-
gram at one point. Instead, this clustering technique selects clusters from multiple
levels of the tree.

In this paper, we discuss three distinct ways of inputting the correlation matrix
into the non-parametric clustering method HDBSCAN. (For a discussion of non-
parametric clustering see89 and the citations therein.) In the most straightforward
method, we use the absolute values of the correlation matrix (normalized to the
largest absolute value) as input (panel b in all figures). We also used the correlation
matrix simply as the input to HDBSCAN (panel c in all figures). In this method,
HDBSCAN interprets the correlation matrix as a set of features (columns) across
multiple observations (rows). HDBSCAN then groups these observations based on
the overall similarity of their features. For the purpose of forming these groups,
HDBSCAN calculates a distance matrix based on mutual reachability distance –
a proximity measure that focuses on establishing neighborhoods23,24. Our third –
most abstract – input method is an appeal to the law of cosines for establishing a
similarity matrix. In this case, we take the dot products of all correlation vectors
(rows in the correlation matrix) with one another. This results in a matrix that is the
same dimensions as the original correlation matrix. Each entry in this new matrix
indicates the overall similarity between the two correlation vectors used to produce
it. We then standardize the values in this matrix by normalizing them to entry with
the largest magnitude. All three of these processes are included in the python scripts
which will be available for free online via figshare at https://doi.org/10.6084/m9.
figshare.5140234.v1.

The only parameter for HDBSCAN that a user need set is minimum cluster mem-
bership. The algorithm’s authors suggest a value of 1 in the case that there is no
prior knowledge which might suggest a minimum membership23,24. For a discussion
of the effects of HDBSCAN’s minimum membership parameter, see Campello et al.,
201524, and for a broader discussion of the application of HDBSCAN to biopolymer
data, see Melvin et al., 201625. For the particular visualization technique proposed
here, we would not consider 1 residues – a singleton cluster – to be a significant dy-
namic group. Therefore, the smallest minimum membership used here was 2. We
were artificially limited by the number of user-accessible color codes in our render-
ing software of choice. Therefore, to ensure that each cluster was assigned a unique
color we set our minimum membership at 3% of the number of residues in the system
or 2, whichever was larger. However, this method can be adapted to any rendering
software – potentially without any constraints on the number of user accessible col-
ors – by modifying the code which will be available for free online via figshare at
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https://doi.org/10.6084/m9.figshare.5140234.v1.

9.4.2 Image rendering

Images were rendered using VMD90 and tachyon91. Each cluster was assigned a
unique non-negative integer, corresponding to a unique color in VMD. These residues
were then rendered as opaque with the assigned color. Residues labeled noise by HDB-
SCAN were rendered as translucent gray. For those wishing to replicate our clustering
and visualization method, we have made python scripts which will be available for
free online via figshare at https://doi.org/10.6084/m9.figshare.5140234.v1.

9.4.3 Example data generation

Data from each of the systems presented here was provided by one of more of this
work’s authors. We made no attempt to standardize the timescales or simulation
methods of these systems, as we wanted to demonstrate applicability to actual ongo-
ing research projects. Some of these data sets have been used in previous publications,
which are cited in the sections below. We begin this section with general computa-
tional methods applying to all systems and then discuss the differentiating details.

General computational methods

All simulations were run under the isothermal-isobaric ensemble (NPT) in ACEMD92.
Damping via a Langevin thermostat93 maintained target temperature of 300 K via a
damping coefficient of 0.1. A Berendsen pressure piston94 held all systems at roughly
1.01325 Bar using a relaxation time of 400fs. Hydrogen mass repartitioning allowed
for 4fs time steps in our production runs. We applied a 9Å cutoff and 7.5Å switching
distance for VdW and electrostatic forces, calculating long-range electrostatics with
a smooth particle mesh Ewald (SPME) summation method95,96.

These simulations were run on Titan GPUs in Metrocubo workstations produced
by Acellera. All systems were solvated in explicit TIP3P water97, using VMD’s90

“Add Solvation Box” feature. The CHARMM27 forcefield parameters used here are
based on interaction energies of small model systems calculated by quantum mechan-
ics computations and direct experiment98,99,100.

Nemo zinc finger

Initial coordinates are based on an experimental crystal structure, accessed from the
RCSB data bank – PDB ID 2JVX35. Before production runs, each fully solvated
system underwent conjugate gradient minimization for 5000 time steps. Subsequent
equilibration lasted approximately 18ns, as measured by the RMSD. Prior to analysis,
this equilibration period was removed from each of each of eight 1µs trajectories
used here. All NEMO systems were solvated in 150mM NaCl using the “Add Ions”
extension in VMD.
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Thrombin

Initial coordinates are based on an experimental crystal structure from the RCSB data
bank – PBD ID 4DII101. Missing residues (18 out of 295) were added via Modeller102

– the structural template-based atom fill-in tool in VMD. Hydrogen atoms were added
by VMD’s “psfgen” tool using standard parameters. The system was solvated with
in 125mM NaCl. systems underwent 1000 steps of conjugate gradient minimization.
The final trajectory analyzed here is a concatenation of 5 simulations, each of 1µs.

MutSα

Initial coordinates are based on an experimental crystal structure from the RCSB
data bank – PDB ID 208E69. For cisplatinated and carboplatinated DNA, we used
additional, pre-existing, cisplatin and carboplatin parameters103,66,104,105. We fitted
cross-linked structures of modified DNA strands into the mismatched binding pocket –
as seen in RCSB PDB ID 208E69. All systems were solvated in 150mM NaCl using the
“Add Ions” plugin in VMD. Each trajectory analyzed here was concatenated from two
250ns all-atom MD production runs. Before production runs, each systems underwent
1000 steps of conjugate gradient minimization and 250ps of thermal equilibration.
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Chapter 10

Using correlated motions to
determine sufficient sampling times
for molecular dynamics

Contributions

In this study, I performed MD simulations on thrombin. I assisted in writing the
manuscript.

This chapter contains stylistic variations (e.g., number of columns and citation
style) from the submitted manuscript:

Melvin, R. L., Xiao, J., Berenhaut, K.S., Godwin, R. C., Salsbury, F.R. Jr. (2017)
Using correlated motions to determine sufficient sampling times for molecular dynam-
ics. PRL. Submitted.

Abstract

Here we present a novel time-dependent correlation method that provides insight into
how long a system takes to grow into its equal-time (Pearson) correlation. We also
show a novel usage of an extant time-lagged correlation method that indicates the time
for parts of a system to become decorrelated, relative to equal-time correlation. Given
a completed simulation (or set of simulations), these tools determine (1) how long of
a simulation of the same system would be sufficient to observe the same correlated
motions, (2) if patterns of correlated motions observed indicate events beyond the
timescale of the simulation, and (3) how long of a simulation is needed to observe
these longer timescale events.

10.1 Letter

What level of sampling is sufficient in molecular dynamics (MD) simulations is a
recurring, open question (see for example1,2,3). Especially when limited by compu-
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tational resources, a choice often must be made between running few long-timescale
simulations to capture rare conformations and slow events or running many short
simulations for stronger statistics. Here we present two tools that will aid researchers
in this decision.

Extant methods for addressing issues of sufficient sampling in MD tend to modify
the method of sampling itself. For example, umbrella sampling techniques modify a
system’s potential in order to access regions of conformation space that traditional
MD might not reach under limited sampling. For a thorough discussion of such
techniques, see4,5 and the citations therein. Another popular technique – replica
exchange Markov chain Monte Carlo sampling (also called parallel tempering) – runs
multiple simulations in parallel at various temperatures and exchanges conformations
among them6,7.

Rather than adjusting the sampling method, we take on the issue of determining
how much sampling is sufficient for a given system in the absence of experimental
guidance. If experimental data is available and indicates the physiological time for
some process, that information provides the best possible guidance for how much
simulated time is needed; see for example8,9,10,11,12,13,14,15,16,17,18,19,3. However, for
systems or processes without clear experimental data, researchers are left to make
educated guesses at sufficient timescales for their simulations. The two techniques we
present here refine such initial guesses. Given a completed pilot simulation (or set of
simulations), the methods presented here determine (1) how long of a simulation of
the same system would be sufficient to observe the same correlated motions as seen
in the pilot simulation(s), (2) if patterns of correlated motions observed in the pilot
simulation(s) indicate events beyond the timescale of the simulation(s), and (3) how
long of a simulation is needed to observe these longer timescale events.

We first perform this analysis using a well-established time-lagged correlation tech-
nique (see for example20 and the citations therein), which modifies Pearson correlation
to ask how is atom j at time α correlated to atom k at time α+ τ . By calculating the
correlation coefficient of the time-lagged correlation matrix with the equal time (also
called Pearson21,22) correlation matrix for various values of τ and various systems
(Figure 10.1), we see roughly exponential decay of correlated motions from the equal
time correlations. Mathematically, such a decay pattern is expected as the correlation
matrices are exactly the same at τ = 0. We can then fit exponential curves (sup-
plemental Figures 1-3) to these data sets to estimate the number of events (number
of exponential terms needed) and the timescale of these events (decay constant for a
given exponential term).

We also introduce a new time-lagged correlation measure that we have termed
Correlation Propagator. Let rα be the M×3 vector of atom positions (e.g., Cartesian
coordinates) at time α for M atoms in a trajectory of N steps. Let τ be a user-
specified lag time of interest. Then, define the vector

Pα,τ ≡ rα − rα+τ ,

which is an M × 3 vector. We then define the correlation propagator to be the time-
averaged dot product of this vector with itself. That is, let i index dimensions (e.g., 1
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Figure 10.1: Correlation coefficients of time-lagged correlation matrix at a series of τ
values to the typical equal time correlation matrix are presented for (a-b) therapeutic
DNA strand F10 in physiological solvents, NEMO zinc finger with (c) and without
(d) a bound zinc ion, Thrombin in a (e) stabilizing and (f) destabilizing solvent, and
MutSα with (g) cisplatinated DNA and (h) carboplatinated DNA. Bars are standard
error.
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to 3 for Cartesian coordinates x, y and z) and j and k index atoms in the trajectory
(i.e., the rows of rα) then the correlation propagator is

Cj,k ≡
∑N−τ

α=1

∑3
i=1 Pα,τ

j,i Pα,τ
k,i

N − τ .

By calculating the correlation coefficient of the correlation propagator matrix with
the equal time correlation matrix for various values of τ and various systems (Figure
10.2), we see roughly exponential convergence to the typical equal time correlation
matrix. Intuitively, this convergence makes sense, as we would expect rα+τ to go to
the average position vector for large values of τ . We can then fit exponential curves
(supplemental Figures 4-6) to these data sets to estimate the number of events (num-
ber of exponential terms needed) and the timescale of these events (decay constant
for a given exponential term).

In the case of a relatively unstructured23 nucleic acid strand in two physiological
solvations conditions, we see growth into the equal time correlation on a timescale of
nanoseconds (Figure 10.2a-b and supplemental Figures 4a-b, 5a-b and 6-ab), indicat-
ing this would be a system where many short simulations would be appropriate. In
the case the small, structured NEMO zinc finger with a bound zinc ion, we predict
that 500 ns simulations are needed. In the case of the zinc-unbound case, which is
known to be less stable24,25, we see indications of a nanosecond-scale process observ-
able with relatively short simulations (Figure 10.2c-d and supplemental Figures 4c-d,
5c-d and 6c-d).

A similar story emerges in the case of Thrombin, where the presence of the known
stabilizer sodium produces longer timescale process than destabilizing26 potassium
(Figure 10.2e-f and supplemental Figures 4e-f, 5e-f and 6e-f). In the case of a large
protein complex, MutSα, exponential fitting predicts one roughly 50 ns process and
one microsecond timescale process for both types of DNA damage investigated – cispt-
latinated (Figure 10.2g and supplemental Figures 4g, 5g and 6g) and carboplatinated
(Figure 10.2h and supplemental Figures 4h, 5h and 6h) DNA. The second process is
beyond the time simulated in the pilot simulations, indicating much longer simula-
tions are needed for this system. In the eight brief case studies presented here, we see
the utility of this technique in predicting how long a simulation is needed to observe
the correlated motions observed in the pilot simulations and the timescales of events
indicated by exponential fitting.

All MD simulations presented here were run in ACEMD27 with standard protocols.
Details are provided in supplemental information. For all figures, data are truncated
at the maximum (Figure 10.2) or minimum (Figure 10.1) y-axis value.
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Figure 10.2: Correlation coefficients of the correlation propagator at a series of τ
values to the typical equal time correlation matrix are presented for (a-b) therapeutic
DNA strand F10 in physiological solvents, NEMO zinc finger with (c) and without
(d) a bound zinc ion, Thrombin in a (e) stabilizing and (f) destabilizing solvent, and
MutSα with (g) cisplatinated DNA and (h) carboplatinated DNA. Bars are standard
error.
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10.3 Supplementary information

10.3.1 Supplemental figures

10.3.2 MD simulation methods

General computational methods

All protein simulations were run under the isothermal-isobaric ensemble (NPT) in
ACEMD27; F10 simulations were run under the canonical ensemble (NVT), the rec-
ommended ensemble for ACEMD27. Damping via a Langevin thermostat28 main-
tained target temperature of 300 K via a damping coefficient of 0.1. A Berendsen
pressure piston29 held all systems at roughly 1.01325 Bar using a relaxation time
of 400fs. Hydrogen mass repartitioning allowed for 4fs time steps in our production
runs. We applied a 9Å cutoff and 7.5Å switching distance for VdW and electro-
static forces, calculating long-range electrostatics with a smooth particle mesh Ewald
(SPME) summation method30,31.

These simulations were run on Titan GPUs in Metrocubo workstations produced
by Acellera. All systems were solvated in explicit TIP3P water32, using VMD’s33

“Add Solvation Box” feature. The CHARMM27 forcefield parameters used here are
based on interaction energies of small model systems calculated by quantum mechan-
ics computations and direct experiment34,35,36.

F10

For F10, the CHARMM27 forcefield was supplemented with FdU-specific MD param-
eters,37,38 which have been validated in previous studies38,39. F10 was solvated in a
cubic water box – 50 angstroms on a side – with the concentration of counter ion (in
the form of salt, i.e., NaCl or KCl) was set to 150mM using VMD’s33 “Add Solvation
Box” and “Add Ions” plugins with salt concentrations set using the “Neutralize and
set” option and all other parameters left as default.

NEMO zinc finger

Initial coordinates are based on an experimental crystal structure, accessed from the
RCSB data bank – PDB ID 2JVX40. Before production runs, each fully solvated
system underwent conjugate gradient minimization for 5000 time steps. Subsequent
equilibration lasted approximately 18ns, as measured by the RMSD. Prior to analysis,
this equilibration period was removed from each of each of eight 1µs trajectories
used here. All NEMO systems were solvated in 150mM NaCl using the “Add Ions”
extension in VMD.

Thrombin

Initial coordinates are based on an experimental crystal structure from the RCSB data
bank – PBD ID 4DII41. Missing residues (18 out of 295) in this PDB were added
via Modeller42 – a structural template-based atom fill-in tool. Hydrogen atoms were
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Figure 10.3: Single exponential fits for correlation coefficients of time-lagged corre-
lation matrix at a series of τ values to the typical equal time correlation matrix are
presented for NEMO zinc finger with (a) and without (b) a bound zinc ion, Thrombin
in a (c) stabilizing and (d) destabilizing solvent, and MutSα with (e) cisplatinated
DNA and (f) carboplatinated DNA. Bars are standard error.
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Figure 10.4: Double exponential fits for correlation coefficients of time-lagged cor-
relation matrix at a series of τ values to the typical equal time correlation matrix are
presented for NEMO zinc finger with (a) and without (b) a bound zinc ion, Thrombin
in a (c) stabilizing and (d) destabilizing solvent, and MutSα with (e) cisplatinated
DNA and (f) carboplatinated DNA. Bars are standard error.
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Figure 10.5: Triple exponential fits for correlation coefficients of time-lagged corre-
lation matrix at a series of τ values to the typical equal time correlation matrix are
presented for NEMO zinc finger with (a) and without (b) a bound zinc ion, Thrombin
in a (c) stabilizing and (d) destabilizing solvent, and MutSα with (e) cisplatinated
DNA and (f) carboplatinated DNA. Bars are standard error.
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Figure 10.6: Single exponential fits for correlation coefficients of correlation propa-
gator matrix at a series of τ values to the typical equal time correlation matrix are
presented for (a-b) therapeutic DNA strand F10 in physiological solvents, NEMO zinc
finger with (c) and without (d) a bound zinc ion, Thrombin in a (e) stabilizing and (f)
destabilizing solvent, and MutSα with (g) cisplatinated DNA and (h) carboplatinated
DNA. Bars are standard error.
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Figure 10.7: Double exponential fits for correlation coefficients of correlation prop-
agator matrix at a series of τ values to the typical equal time correlation matrix are
presented for (a-b) therapeutic DNA strand F10 in physiological solvents, NEMO zinc
finger with (c) and without (d) a bound zinc ion, Thrombin in a (e) stabilizing and (f)
destabilizing solvent, and MutSα with (g) cisplatinated DNA and (h) carboplatinated
DNA. Bars are standard error.

298



Figure 10.8: Triple exponential fits for correlation coefficients of correlation propa-
gator matrix at a series of τ values to the typical equal time correlation matrix are
presented for (a-b) therapeutic DNA strand F10 in physiological solvents, NEMO zinc
finger with (c) and without (d) a bound zinc ion, Thrombin in a (e) stabilizing and (f)
destabilizing solvent, and MutSα with (g) cisplatinated DNA and (h) carboplatinated
DNA. Bars are standard error.
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added by VMD’s “psfgen” tool using the topology file in CHARMM 27 force field.
The system was solvated with in the buffer with 125mM NaCl. Systems underwent
1000 steps of conjugate gradient minimization. The final trajectory analyzed here is
a concatenation of 5 simulations, each of 1µs.

MutSα

Initial coordinates are based on an experimental crystal structure from the RCSB data
bank – PDB ID 208E43. For cisplatinated and carboplatinated DNA, we used ad-
ditional, pre-existing, cisplatin and carboplatin parameters44,45,38,37. We fitted cross-
linked structures of modified DNA strands into the mismatched binding pocket – as
seen in RCSB PDB ID 208E43. All systems were solvated in 150mM NaCl using the
“Add Ions” plugin in VMD. Each trajectory analyzed here was concatenated from two
250ns all-atom MD production runs. Before production runs, each systems underwent
1000 steps of conjugate gradient minimization and 250ps of thermal equilibration.

10.3.3 Time-lagged correlation

At time α, the movement of x provides information about the future movement of y
at time α + τ . Time-lagged covariance for a given lag time τ with position vectors r
and number of simulation time steps N is

C̃ij =
N−τ∑
α=1

(rαi − 〈ri〉) ·
(
rα+τj − 〈rj〉

)
N − τ .

Then, time-lagged correlation is given by

Cij =
C̃ij√
C̃iiC̃jj
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[42] Andrej Šali, Tom L Blundell, A Sali, and Tom L Blundell. Comparative Pro-
tein Modelling by Satisfaction of Spatial Restraints. Journal of molecular bi-
ology, 234(3):779–815, 12 1993. ISSN 00222836. doi: 10.1006/jmbi.1993.1626.
URL http://www.ncbi.nlm.nih.gov/pubmed/8254673http://linkinghub.

elsevier.com/retrieve/pii/S0022283683716268.

[43] Joshua J. Warren, Timothy J. Pohlhaus, Anita Changela, Ravi R. Iyer, Paul L.
Modrich, and Lorena S. Beese. Structure of the Human MutSα DNA Lesion
Recognition Complex. Molecular Cell, 26(4):579–592, 5 2007. ISSN 10972765.
doi: 10.1016/j.molcel.2007.04.018. URL http://linkinghub.elsevier.com/

retrieve/pii/S1097276507002547.

[44] E D Scheeff, J M Briggs, and S B Howell. Molecular modeling of the intrastrand
guanine-guanine DNA adducts produced by cisplatin and oxaliplatin. Molecular
pharmacology, 56(3):633–43, 9 1999. ISSN 0026-895X. doi: 10.1124/mol.56.3.633.
URL http://www.ncbi.nlm.nih.gov/pubmed/10462551.

[45] Lacramioara Negureanu and Freddie R. Salsbury Jr. Destabilization of the
MutSα’s protein-protein interface due to binding to the DNA adduct induced
by anticancer agent carboplatin via molecular dynamics simulations. Jour-
nal of Molecular Modeling, 19(11):4969–4989, 11 2013. ISSN 1610-2940. doi:
10.1007/s00894-013-1998-2. URL http://link.springer.com/10.1007/

s00894-013-1998-2.

306

http://www.tandfonline.com/doi/abs/10.1080/07391102.2012.732343
http://www.tandfonline.com/doi/abs/10.1080/07391102.2012.732343
http://www.ncbi.nlm.nih.gov/pubmed/18313693
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=3439905&tool=pmcentrez&rendertype=abstract http://nar.oxfordjournals.org/lookup/doi/10.1093/nar/gks512
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=3439905&tool=pmcentrez&rendertype=abstract http://nar.oxfordjournals.org/lookup/doi/10.1093/nar/gks512
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=3439905&tool=pmcentrez&rendertype=abstract http://nar.oxfordjournals.org/lookup/doi/10.1093/nar/gks512
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=3439905&tool=pmcentrez&rendertype=abstract http://nar.oxfordjournals.org/lookup/doi/10.1093/nar/gks512
http://www.ncbi.nlm.nih.gov/pubmed/8254673 http://linkinghub.elsevier.com/retrieve/pii/S0022283683716268
http://www.ncbi.nlm.nih.gov/pubmed/8254673 http://linkinghub.elsevier.com/retrieve/pii/S0022283683716268
http://linkinghub.elsevier.com/retrieve/pii/S1097276507002547
http://linkinghub.elsevier.com/retrieve/pii/S1097276507002547
http://www.ncbi.nlm.nih.gov/pubmed/10462551
http://link.springer.com/10.1007/s00894-013-1998-2
http://link.springer.com/10.1007/s00894-013-1998-2


Appendix A

Copyright Permission

A.1 Chapter 3: Physical Chemistry Chemical Physics

Chapter 3 was published in Physical Chemistry Chemical Physics, published by the
Royal Society of Chemistry, which explicitly allows reproductions in a thesis or disser-
tation without special written permission. http://www.rsc.org/journals-books-databases/
journal-authors-reviewers/licences-copyright-permissions/

A.2 Chapter 5: Journal of Biomolecular Structure

and Dynamics

Chapter 5 was published in Journal of Biomolecular Structure and Dynamics, owned
by Taylor & Francis. Their copyright policy encourages use in dissertations. http:

//authorservices.taylorandfrancis.com/copyright-and-you/

A.3 Chapter 6: Journal of Biomolecular Structure

and Dynamics

Chapter 6 was published in Journal of Biomolecular Structure and Dynamics, owned
by Taylor & Francis. Their copyright policy encourages use in dissertations. http:

//authorservices.taylorandfrancis.com/copyright-and-you/

A.4 Chapter 8: Journal of Chemical Theory and

Computation

Chapter 8 was published in the Journal of Chemical Theory and Computation, fol-
lowing the copyright guidelines of the ACS. The guidelines permit reuse in elec-
tronic and print media in dissertations. https://pubs.acs.org/page/copyright/

permissions_otherpub.html

307

http://www.rsc.org/journals-books-databases/journal-authors-reviewers/licences-copyright-permissions/
http://www.rsc.org/journals-books-databases/journal-authors-reviewers/licences-copyright-permissions/
http://authorservices.taylorandfrancis.com/copyright-and-you/
http://authorservices.taylorandfrancis.com/copyright-and-you/
http://authorservices.taylorandfrancis.com/copyright-and-you/
http://authorservices.taylorandfrancis.com/copyright-and-you/
https://pubs.acs.org/page/copyright/permissions_otherpub.html
https://pubs.acs.org/page/copyright/permissions_otherpub.html


A.5 Chapter 9: Protein Science

Protein Science excludes dissertations from their copyright policy and is accept-
able for use here. http://onlinelibrary.wiley.com/journal/10.1002/(ISSN)

1469-896X/homepage/ForAuthors.html

308

http://onlinelibrary.wiley.com/journal/10.1002/(ISSN)1469-896X/homepage/ForAuthors.html
http://onlinelibrary.wiley.com/journal/10.1002/(ISSN)1469-896X/homepage/ForAuthors.html


Curriculum Vitae

309



Jiajie Xiao | Curriculum Vitae
2551A Owen Dr – Winston-Salem, NC 27106
H (336) 734 8738 • B jiajiexiao@gmail.com
Í https://www.linkedin.com/in/jiajie-xiao/

Education
Ph.D. Physics Winston-Salem, NC
Wake Forest University 2018
Specialized in Computational Biophysics. (Advisor: Freddie R. Salsbury, Jr.)
M.S. Computer Science Winston-Salem, NC
Wake Forest University 2018
Specialized in Bioinformatics and Machine Learning. (Advisor: William H. Turkett, Jr.)
Bachelors of Science Physics Guangzhou, China
Sun Yat-sen University 2012

Computational skills
Python, C/C++, CUDA, R, Matlab, TCL, LATEX, BASH-like shells, Pandas, Seaborn, Matplotlib,
Scikit-learn, TensorFlow, Biopython, Bowtie2, Glaxy, ACEMD, NAMD, CHARMM, HTMD, VMD,
AutoDock Vina, PyEmma, MSMBuilder, Cytoscape, clustered computing environments, AWS,
Jupiter Notebook, etc.

Related Work Experience
Computational Biophysics research fellow Winston Salem, NC
Wake Forest University 2013-present

Machine learning and Bioinformatics research fellow Winston Salem, NC
Wake Forest University 2016-present

Research Assistant in Bioinformatics and Data Science Winston Salem, NC
NanoMedica, LLC 2013-2014

Teaching Assistant Winston Salem, NC
Wake Forest University 2012-2018

Honors and Awards
2017 - 2018: Center of Molecular Signaling Fellowship, awarded at Wake Forest Univ.
2017: First place in the University Photography Contest, awarded in Winston Salem
2017: Graduate Research Fellowship, awarded at Wake Forest Univ.
2017: Elected Sigma Pi Sigma (National society), awarded at Wake Forest Univ.
2015: Travel Award for APS March Meeting (International conference), awarded by Wake Forest
Univ.

310



Relevant coursework
Physics: Quantum Mechanics, Statistical Mechanics, Classical Mechanics and Mathematical Meth-
ods, Electromagnetism, and Drug Discovery, Design & Development. CS: GPU Programming,
Machine Learning, Artificial Intelligence, Markov Chains & Algorithmic Applications, Theory of
Algorithms, Theory of Computation, Software Engineering, Operating Systems, Bioinformatics,
Computational Systems Biology.

Publications and selected Manuscripts
2018: Xiao, J., Melvin, R. L., & Salsbury Jr, F. R.. Probing light chain mutation effects on thrombin
via molecular dynamics simulations and machine learning. Journal of Biomolecular Structure and
Dynamics. (In press).
2018: Xiao, J., & Salsbury Jr, F. R.. New Na+-binding mode induces significant allosteric
regulation on thrombin, as revealed by molecular dynamics simulations, correlation networks and
hidden Markov modeling. Journal of Physical Chemistry B. (In submission).
2018: Melvin, R. L., Xiao, J., Berenhaut, K. S., Godwin, R. C., & Salsbury Jr, F. R. Using
correlated motions to determine suf icient sampling times for molecular dynamics. Physics Review
Letter E. (In revision).
2018: Melvin, R. L., Xiao, J., Godwin, R. C., Berenhaut, K. S. & Salsbury Jr, F. R. Visualizing
correlated motion with HDBSCAN clustering. Protein Science. 27(1) 62-75.
2017: Xiao, J., Melvin, R. L., & Salsbury Jr, F. R. Mechanistic insights into thrombin’s switch
between “slow” and “fast” forms. Physical Chemistry Chemical Physics. 19(36) 24522-24533.
2017: Xiao, J., & Salsbury Jr., F. R. Molecular dynamics simulations of aptamer-binding reveal
generalized allostery in thrombin. Journal of Biomolecular Structure and Dynamics, 35(15), 3354-
3369.
2016: Melvin, R. L., Godwin, R. C., Xiao, J., Thompson, W. G., Berenhaut, K. S., & Salsbury Jr.,
F. R. Uncovering large-scale conformational change in molecular dynamics without prior knowledge.
Journal of Chemical Theory and Computation, 12(12), 6130-6146.
2015: Riley, K. R., Gagliano, J., Xiao, J., Libby, K., Saito, S., Yu, G., ... & Bonin, K. Combining
capillary electrophoresis and next-generation sequencing for aptamer selection. Analytical and
bioanalytical chemistry, 407(6), 1527-1532.
2018: Xiao, J.*, Melvin, R. L.*, Berenhaut, K. S., & Salsbury Jr, F. R. Quantify allosteric
sub-community of thrombin via molecular dynamics simulation and network analysis. Journal of
Chemical Theory and Computation. (In preparation).
2018: Xiao, J., & Turkett, W. H. K-mer based classifiers extract functionally relevant features to
support accurate Peroxiredoxin sub-family distinction. Protein Science. (In preparation).
2018: Xiao, J., & Turkett, W. H. Accurate sequence classification via identifying unagpped and
gapped sequence features. Nucleic Acids Research. (In preparation).

Presentations
2018: J. Xiao and F. R. Salsbury Jr. “Na+-binding modes involved in thrombin’s allosteric response
as revealed by molecular dynamics simulations, correlation networks and Markov modeling." Talk at
Structural and Computational Biophysics Symposium, Winston-Salem NC. May, 2018.
2018: J. Xiao and W. H. Turkett. “SVM-guided de novo motif identification and sequence

311



classification." Talk at Structural and Computational Biophysics Discussion group, Winston-Salem
NC. March, 2018.
2017: J. Xiao and F. R. Salsbury Jr. “Multiple Na+ binding modes revealed by molecular dynamics
simulations." Poster at research retreat for the Center for Molecular Signaling, Winston-Salem NC.
December, 2017.
2017: J. Xiao and W. H. Turkett. “K-mer Analysis Of Peroxiredoxin Subgroups." Poster at research
retreat for the Center for Molecular Signaling, Winston-Salem NC. December, 2017.
2017: R. L. Melvin, R. C. Godwin, J. Xiao, W. G. Thompson, K.S. Berenhaut, and F. R. Salsbury
Jr. “A Modern Approach to Determining and Displaying Conformational Ensembles." Poster at
Conformational Ensembles from Experimental Data and Computer Simulations, Berlin, Germany.
August 2017.
2017: J. Xiao, R. L. Melvin, and F. R. Salsbury Jr. “Probing the mechanism of the switch between
the fast and slow forms of thrombin via molecular dynamics simulations." Poster at research retreat
for the Center for Molecular Signaling, Winston-Salem NC. May 2017.
2016: J. Xiao and F. R. Salsbury Jr. “Generalized Allostery in Thrombin." Poster at Biophysical
Society 60th annual meeting, Los Angles CA. February 2016.
2015: J. Xiao and F. R. Salsbury Jr. “Aptamer-binding leads a generalized allosteric effect on
thrombin." Poster at Structural and Computational Biophysics symposium at Wake Forest University,
Winston Salem NC. September 2015.
2015: J. Xiao, K. Bonin, M. Guthold, and F. R. Salsbury Jr. “Structure and Sequence Search on
Aptamer-Protein Docking." Talk at American Physical Society March meeting 2015, San Antonio
TX. March 2015.
2014: J. Xiao and F. R. Salsbury Jr. “Computational Studies of the Formation of Peroxiredoxin
Dimers." Poster at Biophysical Society 58th annual meeting, San Fransisco CA. February 2014.

312


	Acknowledgments
	List of Figures
	List of Tables
	List of Abbreviations
	Abstract
	Chapter Molecular dynamics in computational biophysics
	Computational biophysics and its relevance to drug discovery
	What is biophysics?
	Computational aspects of Biophysics

	Basics of molecular dynamics
	Initial structure
	The force field
	Solvation techniques
	MD analyses

	Further reading on biophysics
	References

	Chapter Multifaceted roles of thrombin in coagulation and cancer development
	Thrombin in blood coagulation
	Thrombin in cancer development
	Challenges in understanding thrombin's functions
	References

	Chapter Mechanistic insights into thrombin's switch between ``slow" and ``fast" forms
	Introduction
	Materials and methods
	Study design and simulated systems  
	MD simulations  
	Processing and analysis  

	Results
	Ion association and dissociation can be observed for Na+ and K+ rather than Cl- in the simulations  
	Na+-binding stabilizes the regulatory regions on thrombin  
	Ion environments impact solvent accessible surface of the catalytic sub-pockets and the whole thrombin molecule  
	Ion-binding introduces population shifts in the conformational free energy surfaces of thrombin  

	Discussion
	Conclusion
	Acknowledgments
	Supplementary material
	References

	Chapter Na+-binding modes involved in thrombin's allosteric response as revealed by molecular dynamics simulations, correlation networks and Markov modeling
	Introduction
	Materials and Methods
	Simulation configuration
	Characterizations of Na+-binding activities

	Results
	Multiple Na+ binding sites exist
	``Inner" and ``outer" Na+-binding modes are competitive
	Na+ binding induces allosteric changes via stabilizing selected backbone torsion angles 
	``Inner" and ``outer" Na+-binding modes are preferentially transferable into each other

	Discussion
	Conclusions
	Acknowledgments
	Supplementary material
	References

	Chapter Probing light chain mutation effects on thrombin via molecular dynamics simulations and machine learning
	Introduction
	Materials and methods
	Simulated systems
	Simulation configurations
	Processing and analysis methods

	Results
	LYS9 deletion reduces the structural rigidity of main regulatory regions
	Clustering across configurations highlights decreased stability of mutant thrombin
	LYS9 deletion results in perturbed hydrogen bonding network
	Weakened and perturbed Na+ binding in LYS9 deletion mutant thrombin
	LYS9 deletion perturbs solvent accessible surface areas
	LYS9 deletion disrupts thrombin's conformational free energy profiles

	Discussion
	Conclusion
	Acknowledgments
	Supplementary material
	References

	Chapter Molecular dynamics simulations of aptamer-binding reveal generalized allostery in thrombin
	Introduction
	Materials and methods
	Simulation system
	Molecular dynamics simulations
	Root-mean-square fluctuation (RMSF) and correlated motions
	Clustering
	Principal component analysis (PCA)
	Simulation comparisons

	Results
	Restricted atomic fluctuations after aptamer-binding
	Correlated motions are altered in the presence of aptamer-binding
	Aptamer-binding stabilizes the conformational ground state of thrombin
	Thrombin conformational free energy surfaces are restricted due to aptamer-binding

	Discussion and conclusions
	Acknowledgements
	Supplementary material
	References

	Chapter Conclusions and future directions
	Concluding remarks
	Future directions
	Other disease-associated mutations
	Allosteric network

	References

	Chapter Uncovering large-scale conformational change in molecular dynamics without prior knowledge
	Introduction
	Results and discussion
	Proteins
	Nucleic acids
	Summary and additional systems

	Methods
	Data generation and feature selection
	Clustering

	Conclusions
	Acknowledgements
	Supporting information
	References

	Chapter Visualizing Correlated Motion with HDBSCAN Clustering
	Introduction
	Background
	Clustering processes
	Example systems

	Examples
	NEMO zinc finger
	Thrombin
	MutsÎ±

	Conclusions
	Materials and Methods
	Correlation and clustering
	Image rendering
	Example data generation

	Acknowledgments
	References

	Chapter Using correlated motions to determine sufficient sampling times for molecular dynamics
	Letter
	Acknowledgments
	Supplementary information
	Supplemental figures
	MD simulation methods
	Time-lagged correlation

	References

	Appendix Chapter Copyright Permission
	Chapter 3: Physical Chemistry Chemical Physics
	Chapter 5: Journal of Biomolecular Structure and Dynamics
	Chapter 6: Journal of Biomolecular Structure and Dynamics
	Chapter 8: Journal of Chemical Theory and Computation
	Chapter 9: Protein Science

	Curriculum Vitae

