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ABSTRACT: Thrombomodulin (TM), a transmembrane receptor
integral to the anticoagulant pathway, governs thrombin’s substrate
specificity via interaction with thrombin’s anion-binding exosite I
Despite its established role, the precise mechanisms underlying this
regulatory function are yet to be fully unraveled. In this study, we deepen
the understanding of these mechanisms through eight independent 1 ys
all-atom simulations, analyzing thrombin both in its free form and when
bound to TM fragments TM456 and TM56. Our investigations revealed
distinct and significant conformational changes in thrombin mediated by
the binding of TMS6 and TM456. While TMS56 predominantly
influences motions within exosite I, TM456 orchestrates coordinated
alterations across various loop regions, thereby unveiling a multifaceted
modulatory role that extends beyond that of TMS6. A highlight of our
study is the identification of critical hydrogen bonds that undergo transformations during TMS6 and TM456 binding, shedding light
on the pivotal allosteric influence exerted by TM4 on thrombin’s structural dynamics. This work offers a nuanced appreciation of
TM’s regulatory role in blood coagulation, paving the way for innovative approaches in the development of anticoagulant therapies
and expanding the horizons in oncology therapeutics through a deeper understanding of molecular interactions in the coagulation
pathway.

TM456

H INTRODUCTION Historically, the prevailing assumption was that TM binding
did not trigger considerable allosteric structural alterations in
thrombin’s active site.”’”'” It was posited that TM either
influenced the conformation of the bound protein C*'*'* or
served as a scaffold promoting productive interactions between
thrombin and protein C."

The existing body of evidence largely aligns with the first

Thrombomodulin (TM), a transmembrane thrombin receptor
comprising six contiguous epidermal growth factor-like
domains (TM1—6), has the ability to modify thrombin’s
substrate specificity.”” This modulation occurs as TM binds to
the anion-binding exosite I, switching thrombin’s function

from a procoagulant to an anticoagulant. As a result, hypothesis, asserting that TM has a negligible impact on
procoagulant substrates, including fibrinogen, PARI, and thrombin’s specificity sites S1, S2, and S3. Chromogenic
factor V, are inhibited from binding, while protein C activation substrates, commonly utilized in enzymology studies to
is facilitated.”” The interaction of TM with thrombin visualize enzymatic reactions, traditionally focus on these
significantly enhances the association rate (k,) of various aforementioned sites.” Yet, their limitations become apparent
thrombin inhibitors targeting the active site,””” and in the when considering thrombin’s specificity for protein C, which
presence of TM, k, for protein C binding witnesses a dramatic seemingly requires interaction with sites not typically targeted
increase of over 1000-fold. However, the mechanisms by the chromogenic substrate library.” This suggests that to
contributing to this substantial increase in the association enhance its specificity for protei;l C, thrombin must engage
rate have yet to be comprehensively deciphered.®™'> with these less-examined sites.” The residues within the

This TM—thrombin interaction significantly enhances the
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deciphered.*~"*

© 2024 The Authors. Published b
American Chemical Societ¥ https://doi.org/10.1021/acsomega.4c03375

v ACS PUb| ications 23086 ACS Omega 2024, 9, 23086—23100


https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Dizhou+Wu"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Freddie+R.+Salsbury+Jr."&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/showCitFormats?doi=10.1021/acsomega.4c03375&ref=pdf
https://pubs.acs.org/doi/10.1021/acsomega.4c03375?ref=pdf
https://pubs.acs.org/doi/10.1021/acsomega.4c03375?goto=articleMetrics&ref=pdf
https://pubs.acs.org/doi/10.1021/acsomega.4c03375?goto=recommendations&?ref=pdf
https://pubs.acs.org/doi/10.1021/acsomega.4c03375?goto=supporting-info&ref=pdf
https://pubs.acs.org/doi/10.1021/acsomega.4c03375?fig=abs1&ref=pdf
https://pubs.acs.org/toc/acsodf/9/21?ref=pdf
https://pubs.acs.org/toc/acsodf/9/21?ref=pdf
https://pubs.acs.org/toc/acsodf/9/21?ref=pdf
https://pubs.acs.org/toc/acsodf/9/21?ref=pdf
http://pubs.acs.org/journal/acsodf?ref=pdf
https://pubs.acs.org?ref=pdf
https://pubs.acs.org?ref=pdf
https://doi.org/10.1021/acsomega.4c03375?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://http://pubs.acs.org/journal/acsodf?ref=pdf
https://http://pubs.acs.org/journal/acsodf?ref=pdf
https://acsopenscience.org/researchers/open-access/
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/

ACS Omega

http://pubs.acs.org/journal/acsodf

sodium-binding loop, also referred to as the 220s loop, play a
part in protein C cleavage,"”'® even though they do not
directly interact with small chromogenic substrates. The rise in
specificity is unlikely to derive solely from structural domains
situated outside the essential catalytic pocket sites that small
chromogenic substrates probe.'” Furthermore, it seems
unlikely that TM would prompt a significant conformational
shift in thrombin that would not be identifiable as a meaningful
change in heat capacity."

The second hypothesis principally relies on crystallographic
observations of a TM fragment (TM456), which is critical for
protein C activation, bound to thrombin; these observations
revealed no significant conformational changes.'” An inhibitor
was present in the active site during this observation,
potentially masking any modifications in the active site,'” but
there was no substantial evidence suggesting any TM-induced
conformational modifications in thrombin beyond the active
site. Additionally, TMS6, the sole TM substructure interacting
with thrombin in chondroitin-sulfate-free TM, did not enhance
protein C activation when it bound solely to thrombin.'’
Nevertheless, when thrombin was bound to TM456, which
includes an additional TM4 that does not seem to alter
thrombin’s structure, protein C activation was noted.'”"* This
led to the deduction that the expanded binding surface
provided by TM4 is pivotal for protein C cleavage by
thrombin.

Recent experimenta and computational research®’
have cast doubt on the validity of these previous models. These
investigations challenge the former models’ capacity to account
for the observed 1000-fold enhancement in association rates,
particularly the k, increase for smaller substrates and inhibitors
that can access the thrombin active site without directly
engaging with TM4. Amide H/2H exchange experiments
indicate that when TM binds to exosite I on the thrombin
surface, it triggers a structural rearrangement involving the
movement of various loops and helices, including the alteration
of the 90s loop (residues 127—133)."® TM binding opens up
this loop, lessening the electrostatic repulsion between ASP133
and ASP13S in thrombin and the P3 ASP of protein C, thereby
improving protein C’s access to the active site of thrombin.'®
HDXMS studies demonstrate that the binding of TM456 to
thrombin diminishes amide exchange across the thrombin
molecule.'”” NMR investigations reveal dynamic modifications
induced by TM456 binding, leading to the ordering of certain
protein regions and disordering of others.'” Computational
studies, employing community network analysis, suggest a
potential connection between TM4 and the thrombin active
site via exosite I and TMS, due to TM4’s notable association
with TMS, which directly interacts with exosite 1>

To gain deeper insights into how TM enhances protein C
cleavage, we performed 24 separate 1 us all-atom simulations
involving free thrombin, TM456-bound thrombin, and TM56-
bound thrombin, eight for each system. For these simulations,
we employed the CHARMM36 force field”' in combination
with GPU-enabled molecular dynamics. The use of GPU-
enabled simulations conferred a significant advantage, enabling
us to extend each simulation to 50 times the duration of prior
computational studies on TM456.°° We have used such
simulations before to study the dynamic allostery of thrombin
due to ion binding, mutation, and aptamer binding as well as to

study dynamic allostery in other biomedically relevant protein
2-38

112,18,19

2
complexes.

In our study, a series of machine learning and statistical
methods were used to analyze the data obtained from the
simulations. These analyses were instrumental in supporting
the idea that TM binding induces allosteric structural changes
in both the active site and functional regions of throm-
bin,">'*7*° thereby challenging the previous assump-
tions.”''#'* This approach not only elucidated the structural
changes in thrombin as a result of TM binding but also
provided novel insights into the allosteric pathways of TM
binding.

Our clustering analysis identified significant conformational
changes in thrombin induced by the binding of TM56 and
TM456, with the latter inducing unique conformations. This
differential impact of TM456 is likely responsible for the
observed 1000-fold increase in the association rate constant
(k,) for protein C, an effect not replicated by TMS6.
Furthermore, our analysis of correlated motions revealed that
TMS6 binding predominantly influenced motions within
exosite I, its binding site. In contrast, TM456 binding was
found to significantly affect correlated motions between several
functional regions, including the 170s loop, 220s loop, 180s
loop, 60s loop, and exosite II, suggesting a more extensive
allosteric influence. These observations provide a rationale for
the limited ability of TMS6 to stimulate a similar increase in k,
for protein C as compared to TM456.

The use of logistic regression, a supervised machine learning
method, in our hydrogen-bond analysis—a technique we have
previously developed and used elsewhere**—allowed us to
identify critical hydrogen bonds that are either disrupted or
formed upon the binding of TM56 and TM456. This analysis
identified key hydrogen bonds, such as LEU132—ARG216 and
ILE114—ASN380, offering insights into the allosteric pathway
of TM4. The application of advanced machine learning
techniques in this study not only deepens our understanding
of the role of TM in blood coagulation but also paves the way
for the development of innovative anticoagulant therapies. In
addition, these findings may have significant implications for
future therapeutic strategies in oncology.

B MATERIALS AND METHODS

Simulation System. In order to scrutinize the distinct
impacts of TM456 and TMS6 binding on thrombin, we
conducted simulations encompassing three different condi-
tions: thrombin bound with TM456, thrombin bound with
TMS6, and thrombin in its unbound state. These simulations
aimed to replicate the conformational ensemble of thrombin
when subjected to the influence of TM456 and TMS56 binding
and to elucidate the innate thermodynamic properties of
unbound thrombin. Through a comparative analysis of the
simulations of TM456-bound, TMS6-bound, and free
thrombin, our objective is to pinpoint key conformational
changes that could be instrumental to the enhanced association
rate.

In this study, we utilized high-resolution crystal structures of
the TM456—thrombin complex, which were obtained from the
RCSB PDB (ID: 1DXS), as resolved by Fuentes-Prior et al. in
2000. It is noteworthy that the original PDB file contained
several mutations such as ARG456 and HIS457 mutated to
GLY456 and GLNA457, respectively, for the purpose of
preventing proteolysis,'” and ASN364 was modified to
ASP364 following PNGase treatment.'’ Additionally, THR91
was found to be mutated to ILE91. For our simulations to
better reflect physiological conditions, these residues were

https://doi.org/10.1021/acsomega.4c03375
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reverted to their wild-type state. From the original file, only the
light chain, heavy chain, TM456, and the calcium ion were
retained, discarding all other ligands and water molecules.
Missing hydrogen atoms were appended using the psfgen
package within VMD,” applying default parameters.

Simulation Conformations. In order to sample a wide
range of conformations, we performed eight separate 1 us all-
atom simulations for each of the three systems: TM456-bound
thrombin, TMS56-bound thrombin, and free thrombin. These
simulations were executed using the GPU-accelerated
ACEMD3 simulation package™ on NVIDIA Titan GPUs
housed within Metrocubo workstations. The simulation
protocols described below are standard with ACEMD and
have been successfully used in previous works on thrombin and
other systems,”>>%3*7%%

We conducted the simulations in an explicitly aqueous
environment, constructed via a TIP3P cubic water box"' with a
minimum buffer of 10 A in all directions. Cl~ ions were added
to neutralize the systems, and then the concentration of Na*
and CI” was increased to 0.125 M,* adhering to protocols
consistent with our previous research.”””>* The ionizable
residues retained their default protonation states at a
physiological pH of 7. To mitigate any potential contact-
related issues, all systems were subject to 1000 cycles of
conjugate gradient minimization before running the simu-
lations.

We conducted the simulations utilizing the CHARMM?36
force field*" The system’s pressure was maintained at 1 atm
using the Berendsen pressure control method.*> A constant
temperature of 300 K was ensured through the Langevin
thermostat approach,™ applying a damping coefficient of 0.1.
van der Waals and electrostatic forces were applied within a
cutoff distance of 9 A, with a switching distance set at 7.5 A
The computation of long-range electrostatics was performed
using the smooth-particle-mesh-Ewald (PME) method.***

To ensure efficient integration, we employed a simulation
time step of 4 fs and incorporated hydrogen mass
repartitioning.”” The SHAKE algorithm,"® a widely accepted
approach for constraining bond lengths, facilitated the use of
this larger integration step. System conformations were
recorded every 2500 steps, corresponding to an interval of
10 ps, yielding a total of 100,000 frames per 1 us simulation
run.

We ran eight 1 ps simulations for each system, collectively
amassing 800,000 frames per system. All simulations
demonstrated adequate convergence, as evidenced by RMSD
(Figure S1). The thrombin trajectories from all twenty-four 1
us simulations were concatenated in the order of free
thrombin, TMS56-bound thrombin, and TM456-bound throm-
bin, forming a single 24,000-frame trajectory representing 24
ps. Rigid body rotations and translations were applied via a
Python script to align all frames in the concatenated trajectory
to the thrombin in the initial frame, facilitating a focus on the
internal motions of thrombin. All subsequent analyses were
conducted on this concatenated trajectory.

Root-Mean-Square Fluctuations. To quantify the atomic
flexibility across each simulation, we calculated the root-mean-
square fluctuations (RMSFs) for each residue. RMSFs measure
the average deviation of each atom from its mean position in
the protein structure over time, thus offering insights into the
flexibility and mobility of distinct protein regions. Unless
specified otherwise, all RMSFs in this study were computed for

the alpha-carbons. The calculation of RMSF follows the
equation

T
RMSE = |+ 3" (n(t) - 7
T t=1 (1)

where r,(t) is the position vector of the atom i at frame ¢, and
7 is the average position for atom i over all T frames.

Clustering Analysis. To elucidate the conformational
dynamics of thrombin under the influence of TM456 and
TMS6, we utilized clustering analysis, a critical tool for
studying molecular dynamics trajectories. Clustering analysis
facilitates the categorization of molecular conformations based
on structural resemblance, typically measured by calculating
the root-mean-square distance (RMSD) between distinct
conformations after alignment to negate the center-of-mass
motion and the overall molecular rotation. This classification
of conformations can provide insights into the potential
conformations a molecular system can adopt.””*’

In our study, we employed two distinctive clustering
techniques: hierarchical density-based spatial clustering of
applications with noise (HDBSCAN) and the Amorim—
Hennig (AH) method.”!

HDBSCAN is a nonparametric clustering technique that
offers valuable insights into the overall structure and stability of
disordered systems by identifying unique conformational
ensembles. Unlike traditional density-based clustering ap-
proaches, HDBSCAN does not necessitate a predefined
number of clusters, making it well-suited for analyses where
the number of clusters is not known beforehand.*’

Contrastingly, the AH method is particularly adept at
analyzing structured, stable systems such as folded proteins. It
captures alterations at a high-resolution level, including
changes in relative positions of secondary structural elements,
and can identify both local and global conformational changes
accurately.’® Together, HDBSCAN and AH can assess system
stability and identify significant conformational shifts without
requiring prior system-specific knowledge.”>*>>%>%3033,34

In this analysis, we utilized HDBSCAN for the 60s loop, the
220s loop, and the catalytic triad, and the AH method for the
170s loop and the y loop, acknowledging the importance of the
latter from previous work. This approach leverages the unique
strengths of both methods. To enhance computational
efficiency, we focused on the heavy atoms (excluding hydrogen
atoms) of these regions. The clustering analysis was performed
on the concatenated trajectory at the Wake Forest University
High-Performance Computing Facility,”> sampling conforma-
tions every 1 ns to yield a total of 24,000 conformations, with
8000 conformations for each system under study.

For visualization, thrombin structures from each cluster were
rendered using Tachyon in VMD 1.9.3.°° Representative
structures were depicted via the NewCartoon representation in
transparent green, with other conformations within the same
structural ensembles shown as shadows, thus illustrating the
range of the conformational ensemble.”’ Each representative
structure corresponds to the median structure of its cluster,
which is the structure nearest to the average structure within
the cluster. Shadows adhered to our established visualization
rules,”’ wherein only conformers within 1 standard deviation
in each cluster were displayed to represent variance.

Principal Component Analysis. Principal component
analysis (PCA) is a vital tool for identifying the primary
conformational changes in biological systems. This technique

https://doi.org/10.1021/acsomega.4c03375
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reduces the dimensionality of data sets, enabling significant
variations to be represented with fewer features, which
simplifies interpretation.”> A comprehensive overview of this
method as ap})lied to biological systems is available in our
recent review.

The fundamental steps for PCA are as follows:

1 Matrix construction: Construct a matrix A with T rows
and 3N columns, where T denotes the number of frames
in the simulation, and N represents the number of atoms
in the system. Each row corresponds to the concatenated
coordinates for each frame in the form (X, Y}, Z;, X, Y5,
Zoy oy Xnp Yoo Zny)-

2 Covariance computation: Compute the covariance
matrix C of matrix A using the formula:

T (q(0) - D) - )

cov(i, j) =
] ; T )

where g represents X, Y, or Z, and the range of i and j extends
from 1 to 3N.

3 Covariance diagonalization: Diagonalize the covariance
matrix C. The resulting eigenvectors V form the new
feature basis, while the projections Y = AV represent the
new coordinates under this basis. The corresponding
eigenvalues denote the significance of these new feature
components. Larger eigenvalues imply greater data
variation along the corresponding component. This
step allows a significant portion of the original data’s
fluctuations to be represented by just a few components
with the largest eigenvalues.

In this study, we implemented PCA using the “pca” module
in the PYEmma®* Python package, focusing on the regions of
interest: exosite I, the 180s loop, and the y loop for the heavy
atoms. We extracted the subcovariance matrices corresponding
to these regions. Principal components were then computed
based on these subcovariance matrices, which allowed in-depth
exploration of the dynamic behavior of each individual region.

Following this, we constructed conformational landscapes
for these regions. We calculated the free energy AG; via

P
AG, = —len[—l]

1)

(3)

where k denotes the Boltzmann constant, T represents the

temperature, P; is the occupancy in the ith bin, and P, is the

maximum occupancy among all bins. In line with our prior

22,23,26,28 o . .

research, we used 50 bins in each dimension.
Correlation Matrix. A correlation matrix was used to

evaluate the correlation of motion between pairs of residues

throughout the simulations.” This matrix indicates how pairs

of residues move in relation to each other, a critical aspect in

understanding allosteric communication pathways in proteins

. 22,23,26,31-34,36-38,55
and protein complexes.

T (r(t) = 7()-(r(t) — 7 (¢
cov(i,j)zz(’() ‘())T(;() (1))

t=1 (4)

cov(i, j)
cov(i, i)-cov(j, j) ()

where r,(t) is the position vector of the atom i at frame ¢, 7(t) is
the average atom position over all T frames. These equations

corr(i, j) =

were implemented in in-house Python scripts, available via
GitHub https://github.com/salsburygroup/Thrombin_
Thromodulin_LR.

The components of the correlation matrix range from —1 to
+1. A correlation coeflicient near 1 in absolute value signifies a
strong coupling between a pair of atoms, suggesting either
correlated or anticorrelated movements. In contrast, an
uncorrelated pair of atoms will show a correlation coefficient
near zero.

Unless otherwise specified, all correlation matrices were
calculated for alpha-carbons.

Hydrogen-Bond Analysis. Hydrogen bonds are of
paramount importance in maintaining the secondary and
three-dimensional (3D) structure of proteins, offering strong
and directional interactions.” >® They contribute to the
stabilization of protein structures, forming between the
backbone atoms of amino acids, and between amino acid
side chains and other molecules.”*™>* Accordingly, changes in
protein structures often result from the formation or disruption
of hydrogen bonds.**~>*

In this study, the Python programming language™ and the
MDAnalysis package®”®" were utilized to analyze hydrogen
bonding between polar atoms within the concatenated
trajectory. The criteria to identify a hydrogen bond were a
maximum heavy atom distance of 3.2 A and a maximum angle
of 120° from a heavy atom to a hydrogen atom and back to
another heavy atom.”” These parameters are as used in our
prior research.”*

To optimize the computational efficiency of our analysis, we
implemented a targeted filtration of hydrogen bonds based on
their frequency of occurrence within the concatenated
trajectory frames. Our strategy was to exclude hydrogen
bonds that were either too sporadic or too persistent across all
systems, as such bonds are unlikely to be crucial for
distinguishing between different systems. To this end, we set
a conservative and inclusive threshold by removing hydrogen
bonds present in less than 2.5% or more than 97.5% of the
total frames. This selective process resulted in the exclusion of
about 80% of the hydrogen bonds, which were considered
unimportant. As a result, the computational load was reduced
to no more than one-fifth of the original requirement. This
reduction in computational demand is consistent with the
O(n) complexity of the logistic regression model,”*** thereby
validating our approach and corroborating the methods used in
our previous research.

After filtering, 312 hydrogen bonds served as explanatory
variables in a two-dimensional matrix. Each column
represented a hydrogen bond, each row represented a frame
of the concatenated trajectory, and each entry was either 1 or
0, indicating the presence or absence of the hydrogen bond
within that frame. The response variable indicated whether
thrombin was bound to TMS6 or TM456, labeled “thrombin”
for single thrombin, “TMS6” for the thrombin—TMS56
complex, and “TM456” for the thrombin—TM456 complex.
This matrix constituted the data set for our study.

In this study, we employed a logistic regression model for
the analysis of hydrogen bonds, consistent with our previous
methodology.”* Logistic regression is a statistical model that
uses a logistic function to model a binary response variable’s
relationship with one or more explanatory variables.””*® The
logistic function, an S-shaped curve, maps any real-valued input
to a value between O and 1, interpretable as the binary
outcome’s probability.

https://doi.org/10.1021/acsomega.4c03375
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Figure 1. RMSFs for the a-carbons of thrombin, TMS6-bound thrombin, and TM456-bound thrombin.
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Figure 2. Depiction of TM456-bound thrombin structure. The heavy chain is visualized in transparent green, while the light chain is presented in
purple. TM456 is rendered in gray, with TMS6 and TM4 separately marked. Key functional sites include the 60s loop (pink), 170s loop (violet),
180s loop (cyan), 220s loop (tan), and the y-loop (black), along with exosite I (orange) and II (yellow) that are distinctly colored. The side chains

of the catalytic triad are highlighted in red.

The logistic regression model is mathematically expressed as
_ 1
1+¢~ (6)

where p is the predicted probability of the binary outcome, z is
a linear combination of the explanatory variables and their
coefficients, and e is Euler’s number.

The linear combination of independent variables and their
coeflicients can be expressed as

p

z=1by+ Z (bixi)
i=1 (7)

where b, is the intercept term, and b; are the coeflicients for
each explanatory variable x;, which represents whether a
hydrogen bond is present in our study.

The objective of logistic regression is to estimate the
coefficient values that maximize the likelihood of observing the
data given these coefficients. This process involves minimizing
the elastic net penalized negative log-likelihood, which
measures the alignment of the predicted probabilities with
the actual binary outcomes in our data.

Once trained on our data, the coefficient values can be
employed to represent the significance of each hydrogen bond.
The larger the absolute value, the greater the importance of the
corresponding hydrogen bond.

23090

The main advantage of using a logistic regression model to
analyze hydrogen-bond networks, compared to simpler
methods such as calculating the fraction of H bonds in
different systems, lies in the model’s ability to account for the
intricate interdependencies among hydrogen bonds. In
proteins, correlations between hydrogen bonds are pervasive
and cannot be ignored. This complexity is often overlooked by
basic analytical approaches. By using logistic regression, we
gain a more sophisticated insight into the variances within
hydrogen-bond networks in different systems, allowing for a
deeper understanding of their structural and functional
implications. For a practical illustration of how the logistic
regression model accounts for the correlations between
hydrogen bonds, readers are encouraged to examine the
example Hbond.Rmd file. This file is accessible in our GitHub
repository at https://github.com/salsburygroup/Salsbury_
group_codes/tree/main/JCIM_2023 DW.

The logistic regression model is effective for binary
outcomes, where the responses are limited to 0 and 1. This
makes it ideal for comparing hydrogen-bond networks between
two different systems. However, for the analysis of hydrogen-
bonding networks across multiple systems, a more appropriate
approach is the multinomial logistic regression model. This
model extends the basic logistic regression framework to
handle multiple categories. For a detailed discussion of this

https://doi.org/10.1021/acsomega.4c03375
ACS Omega 2024, 9, 23086—23100
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Figure 3. HDBSCAN clustering for the heavy atoms of the 60s loop in thrombin, TMS56-bound thrombin, and TM456-bound thrombin. (a)
Distribution of clusters. (b) Representative structures for each cluster. “Noise” designates the data points that are not assigned to any specific
cluster, owing to their low density. The median structure of thrombin is represented in transparent green, while the variance of the 60s loop in each
cluster is depicted by shadows, in accordance with the visual statistics method.>"

method and its applications in our research, we direct the
readers to our recent publication.24

B RESULTS AND DISCUSSION

RMSF Analysis Revealing TM56 and TM456 Induced
Atomic Flexibility Changes in Thrombin. Figure 1 shows
the RMSFs, highlighting the atomic flexibility changes in
thrombin as a result of binding with TMS6 and TM456.
Additionally, RMSFs of the a-carbons in free thrombin, as well
as in TMS6-bound and TM456-bound thrombin across all
eight runs, are detailed in Figure S2 for comprehensive
comparison. Notably, the binding of TM456 significantly
enhances the flexibility of the 60s loop, which spans residues
82—94. Additionally, RMSF analysis reveals that exosite I
(residues 57, 98, 104, 106, 109, 142, and 143) experiences
marked stabilization upon the binding of both TMS6 and
TM456. Intriguingly, the 220s loop (residues 262—274) also
exhibits flexibility changes when TMS6 and TM456 are bound.
Figure 2 presents a depiction of the TM456-bound thrombin
structure with all functional regions labeled.

In order to illuminate potential conformational alterations in
the functional domains of thrombin, we have performed
clustering, correlation, hydrogen-bond, and principle compo-
nent analyses. Figures 3—5 show the HDBSCAN clustering,
while Figure 6 presents the results from the AH clustering.
PCA, which is integral for understanding the primary variations
in our data, is depicted in Figures 7—9. In Figure 10, we
present the correlation analysis, and Figure 11 provides the
analysis of hydrogen bonds. Taken together, these diverse
analyses offer insights into the influence of TMS6 and TM456
binding on the conformational dynamics of thrombin.

Deciphering Allosteric Conformational Changes in
Thrombin through HDBSCAN and AH Clustering:
Differential Impact of TM56 and TM456 Binding.
HDBSCAN clustering reveals distinct conformational shifts
in the 60s loop upon binding with TMS6 and TM456 (Figure
3). In the case of TMS6, all observed conformations belong to
cluster 0, suggesting minimal conformational changes (Figure
3a). In contrast, thrombin alone exhibits some conformations
featuring a pronounced 180 degree rightward twist in the 60s
loop (cluster 1, Figure 3b). Intriguingly, the binding of TM456
imparts a dual effect; while some conformations mimic the
rightward twist seen in thrombin alone, others display an
additional downward deformation of the 60s loop (cluster 2,
Figure 3b). These observations suggest that TM456 binding
potentially encourages a broader opening of the 60s loop, in
contrast to the constrained openness observed with TMS6
binding. This difference could contribute to the substantial
(1000-fold) increase in the association constant (k,) for
protein C binding observed when TM456 is present, compared
to when TMS56 is bound.*” "

Likewise, the binding of TM456 significantly modifies the
conformation of the 220s loop (Figure 4). Specifically, residues
263—265 exhibit a strand collapse in certain conformations
(cluster 1, Figure 4b), an observation that aligns with previous
experimental results.'” This conformational adjustment in-
dicates an allosteric reshaping of the thrombin structure toward
its anticoagulant form when TM456 is bound.

Substantial conformational shifts are also apparent in the
catalytic triad following the binding of TM456 (Figure S).
Following TM456 binding, around 22.3% of the conformations
coalesce into cluster 1, a marked increase from 3.2 and 2.7%
observed with wild-type thrombin and TMS6, respectively
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Figure 4. HDBSCAN clustering for the heavy atoms of the 220s loop in thrombin, TMS6-bound thrombin, and TM456-bound thrombin. (a)
Distribution of clusters. (b) Representative structures for each cluster. The term “rest” refers to the remainder of the small clusters, containing
conformations that belong to thrombin, TMS6-bound thrombin, or TM456-bound thrombin, each constituting less than 1% of the total. “Noise”
designates the data points that are not assigned to any specific cluster, owing to their low density. The median structure of thrombin is represented
via transparent green, while the variance of the 220s loop in each cluster is represented by shadows according to the visual statistics.>'

(Figure Sa). Moreover, TM456 binding induces a unique
conformation (cluster 2, Figure Sb), distinguished by
significant positional deviations of residues 79 and 241 within
the catalytic triad, indicating allosteric changes.

Lastly, the AH clustering illustrates a unique conformational
shift within the 170s loop following TM456 binding. This
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interaction straightens the previously curved loop, forming a
new conformation (cluster 1, Figure 6b).

Principal Component Analysis of Thrombin’s Exosite
1, 180s Loop, and y Loop: Conformational Responses to
TM56 and TM456 Binding. PCA effectively facilitates the
construction of free-energy-like surfaces for exosite I, the 180s

https://doi.org/10.1021/acsomega.4c03375
ACS Omega 2024, 9, 23086—23100


https://pubs.acs.org/doi/10.1021/acsomega.4c03375?fig=fig4&ref=pdf
https://pubs.acs.org/doi/10.1021/acsomega.4c03375?fig=fig4&ref=pdf
https://pubs.acs.org/doi/10.1021/acsomega.4c03375?fig=fig4&ref=pdf
https://pubs.acs.org/doi/10.1021/acsomega.4c03375?fig=fig4&ref=pdf
http://pubs.acs.org/journal/acsodf?ref=pdf
https://doi.org/10.1021/acsomega.4c03375?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as

ACS Omega

http://pubs.acs.org/journal/acsodf

(a) Histogram of HDBSCAN for the Catalytic Triad

1.1
1.0 95.1%95.3%
0.9
-.0.81
0.7
©0.6

O 0.4
Q- 0.3
0.2
0.14

3.2% 2.7%

22.3%

0.0% 0.0% 2:0%,  0.1% 1.4% 0.5%

B thrombin
Bl TM56
Em TM456

1.0% 0.2% 0.3% 0.6% 0.5% 0.7%

1

(b)

2 3
Clusters

1

rest noise

,‘ .
2
. [
A &y
2 b7
7 Al 22D
: ¥ / . W&; y - Y
p %5
® 1 [ 44 N }J
L ol
P
=
[ §
£

Figure S. HDBSCAN clustering for the heavy atoms of the catalytic triad in thrombin, TMS56-bound thrombin, and TM456-bound thrombin. (a)
Distribution of clusters. (b) Representative structures for each cluster. The term “rest” refers to the remainder of the small clusters, containing
conformations that belong to thrombin, TM56-bound thrombin, or TM456-bound thrombin, each constituting less than 1% of the total. “Noise”
designates the data points that are not assigned to any specific cluster, owing to their low density. The median structure of thrombin is represented
via transparent green, while the variance of the catalytic triad in each cluster is represented by shadows according to the visual statistics.*!

loop, and the y loop, allowing for detailed observation of
conformational changes in each region. Specifically, PCA
reveals a smaller free-energy well in exosite I following the
binding of TMS6 and TM456, suggesting the stabilization of
this site (Figure 7). This is anticipated as exosite I is the
binding locus for both TMS6 and TM456. In contrast,
unbound thrombin displays an additional free-energy well,

potentially indicative of a favored conformation for the
attachment of other biomolecules. Visual representations of
the exosite I conformations in the two wells are provided in
Figures S3a and S4.

Additionally, the binding of TMS6 induces a new free-
energy well for the 180s loop, while the attachment of TM456
yields another unique well for the same loop (Figure 8).
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Figure 7. Conformational free-energy-like surfaces of exosite I in thrombin, TMS6-bound thrombin, and TM456-bound thrombin.

Considering the role of the 180s loop in Na* binding, these
new wells may represent alternative Na® binding config-
urations. Illustrations of the 180s loop structures in the four
distinct wells are depicted in Figures S3b and SS.
Furthermore, PCA elucidates divergent impacts on the free-
energy well of the y loop resulting from TMS56 and TM456
binding (Figure 9). The attachment of TMS6 leads to an
expansion of the energy well, while TM456 binding results in
contraction and centralization of the well. The structures of the
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gamma-loop located in 12 separate wells are exhibited in
Figures S3c and S6. Consistently, RMSF analysis (Figure 1)
substantiates the increased atomic stability of the y-loop post-
TM456 binding, relative to TMS6 binding or unbound
thrombin. The atomic stability ranking is as follows: TM456
> rbin TMS6 > thrombin. Consequently, the stabilized y-loop
following TM456 binding may provide a better scaffold for
protein C interaction.
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Figure 8. Conformational free-energy-like surfaces of the 180s loop in thrombin, TMS56-bound thrombin, and TM456-bound thrombin.
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Figure 9. Conformational free-energy-like surfaces of the y-loop in thrombin, TM56-bound thrombin, and TM456-bound thrombin.

Complementing our PCA findings, we further present the
AH clustering results for the y-loop in Figure S7a, overlaid on
principal components 1 and 2 in Figure S7b. Figure S8
showcases the y-loop structures specific to each cluster. The
AH clustering results demonstrate good agreement with the
free-energy well (Figure S3c). A significant portion of the y-
loop conformations in TM456-bound thrombin is found in
clusters 0—3, suggesting these conformations could be
beneficial for protein C binding. In contrast, free thrombin
and TMS6-bound thrombin exhibit 6.8% and 5.7% of their
conformations within cluster 6, respectively. However, only a
minor fraction (0.2%) of conformations in TM456-bound
thrombin is observed in cluster 6, indicating that y-loop
structures in cluster 6 might not be conducive for protein C
binding.

Dissecting the Correlated Motions within Thrombin:
Differential Impacts of TM56 and TM456 Binding and
the Crucial Role of PHE383. In addition to structural
changes, we examined the correlated movements of thrombin,
both with and without the binding of TMS56 and TM456. The
visualization of the correlation matrix reveals that TMS56
binding predominantly affects the correlated movements
within exosite I (Figure 10e), with little impact on the other
areas of thrombin. Conversely, the binding of TM456 extends
beyond exosite I, influencing correlated movements between
the 170s loop and the 220s loop, the 180s loop and the 220s

loop, the y-loop and the 220s loop, and the 60s loop and
exosite II (Figure 10f). This wider impact may account for why
TM456 binding leads to a 1000-fold increase in the observed
association rate for protein C, an effect not seen with TMS6.
Thus, while TMS56 primarily affects the correlated movements
of exosite I, TM4S56 significantly influences the correlated
movements not only within exosite I but also among the
various functional regions of thrombin.

The difference in the correlation matrix between TMS56-
bound and TM456-bound thrombin is depicted in Figure 10g.
Notably, TM4 greatly amplifies the correlation within TM6
and between TM6 and thrombin. The residue PHE383
appears pivotal in transmitting the changes in correlated
movements from TM4 to thrombin, thus signifying a potential
target for experimental investigation. Based on this observa-
tion, we hypothesize that mutation of PHE383 may either
eliminate or substantially attenuate the increase in the
observed association rate for protein C.

Identification of Key Hydrogen Bonds in Thrombin:
Insights into the Allosteric Effects of TM56 and TM456
Binding via Logistic Regression Models. To distinguish
among thrombin, TM56-bound thrombin, and TM456-bound
thrombin, we adopted a logistic regression model, using
thrombin’s hydrogen bonds as explanatory variables. This
approach facilitated the discovery of key hydrogen bonds that
define each unique state and could hold biological significance.
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Figure 10. (a) Correlation matrix for thrombin. (b) Correlation matrix for TMS6, with the correlation matrix of thrombin subtracted. (c)
Correlation matrix for TM456, with the correlation matrix of thrombin subtracted. (d) Correlation matrix for TM456, with the correlation matrix
of TMS6 subtracted. Panels (e)—(g) depict the visualizations of the correlation matrices as illustrated in panels (b)—(d). In these visualizations,
light-red and light-blue lines represent pairs of residues with positive and negative matrix subtractions, respectively, where the absolute value of the

subtraction exceeds 0.5.

We extended the logistic regression model’s application to
distinguish TMS56-bound thrombin from TM456-bound
thrombin, based on hydrogen bonds within TMS6 and those
linking thrombin and TMS6. This analysis illuminates the
essential bonds involved in the allosteric pathway from TM4 to
thrombin.

The logistic regression model, utilized to differentiate among
thrombin, TMS56-bound thrombin, and TM456-bound throm-
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bin, achieved a prediction accuracy of 92.5%. Using just the
top 29 hydrogen bonds within the model yielded an 83.8%
accuracy, maintaining over 90% of the original accuracy,
thereby underlining these 29 hydrogen bonds as vital
differentiators. For thrombin, the hydrogen bond of greatest
significance was identified as SERS8-GLN60 (Table 1),
disrupted upon TMS6 and TM456 binding. This disruption
aligns with TMS56 and TM456 binding to exosite I, as it is
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Figure 11. Detailed depiction of eight critical hydrogen bonds identified by the logistic regression model as either forming or breaking upon the
binding of TM456 to thrombin. The light and heavy chains of thrombin are visually represented via NewCartoon in transparent yellow and green
hues, respectively, while TM456 is illustrated in a similar style in transparent gray. Associated residues are displayed in licorice. Hydrogen bonds are
indicated by dashed lines, with blue denoting negative beta values and red indicating positive beta values. The thickness of these dashed lines
represents the absolute value of the beta values. The names of the hydrogen bonds are labeled directly on the corresponding dashed lines. An inset
at the top right corner provides an enlarged view of the specific hydrogen bonds LEU132—ARG216, THR277—ASP13S, and ASP133—ASN127.

Table 1. Logistic Regression Beta-Values

beta-values

hydrogen bonds

SER58—GLN60 6.56
LEU132—ARG216 —3.75
TYR32—-LYS248 —3.22
GLU112—-GLU108 —2.00
TYR32—-LYS171 —-1.97
thrombin ARG98—ARG106 —1.64
ARGS6—-LYSS7 1.46
GLN60—-LYSS7 —1.45
ARGS6—GLU61 —1.43
TYR83—-LYS88 -1.30
ARG173—ASP22 —1.28
ARG109—TYRI107 —-1.27
GLY46—HIS102 —-1.24
ARGS6—-LYSS7 —4.68
ARGS56—PROS9 -2.99
TYR126—LEUS82 1.97
TMS6 PHE275—TRP263 —1.88
ARG233—-GLU39 -1.77
HIS123—PRO124 1.65
ARG216—ASP211 —1.41
ARG104—GLU61 -1.19
LEU132—ARG216 3.26
ARG104—PRO193 -1.76
GLY35—-GLU30 1.65
TM456 THR1-ASP71 1.53
THR277—ASP135 -1.39
ARG72-LEU141 1.33
ASP133—ASN127 —-1.24
LEU180—GLN192 1.16

likely to influence the loop where exosite I is located. For
TMS6-bound thrombin, the top two hydrogen bonds—
ARGS6-LYSS7 and ARGS6-PROS9 (Table 1)—are located
within the loop hosting exosite I, accounting for why TMS6
binding mainly impacts the correlated movement within
exosite 1 (Figure 10e).
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As for the TM456-bound thrombin, eight pivotal hydrogen
bonds are depicted in Figure 11, including the formation of the
hydrogen bond LEU132—ARG216 and the disruption of the
THR277—ASP135 and ASP133—ASN127 bonds (Figure 11,
top right). These changes potentially clarify the observed
effects of TM456 binding on the catalytic triad (residues 79,
135, and 241), as revealed in earlier clustering analysis (Figure
Sa). This concurs with previous experimental observations,
suggesting that the alteration of ASP135 might be transmitted
from the 90s loop (residues 127—133) by a pair of f-strands,"”
enabling catalysis. The hydrogen-bond formation between
LEU132 and ARG216 may explain the unique conformational
shift observed in the 170s loop upon TM456 binding (Figure
6). Changes in the y loop’s free-energy well following TM456
binding, as shown in the earlier PCA analysis (Figure 9), might
be attributed to the formation of the hydrogen bond LEU180—
GLN192 and disruption of the ARG104—PRO193 bond. The
formation of hydrogen bonds GLY35—GLU30 and THRI1-
ASP71 emphasizes the light chain’s significance in TM456
binding’s allosteric effects. The formation of hydrogen bonds
ARG72—-LEU141 and THR1-ASP71 suggests a potential
allosteric pathway from exosite I (residues 142 and 143) to the
light chain.

When differentiating between TMS6-bound thrombin and
TM456-bound thrombin, the logistic regression model
achieved a prediction accuracy of 71.7%. Upon using just the
top two hydrogen bonds, the model’s accuracy dropped
slightly to 67.5%, so it still retained over 90% of the original
accuracy. These hydrogen bonds, ALA404—PRO401 and
ILE114—ASN380 (Table 2), suggest how TM4 could exert

Table 2. Logistic Regression Beta-Values for Differentiating
between Thrombin Bound to TM56 and TM456
considering Intra-TM56 Hydrogen Bonds and Hydrogen
Bonds between TM56 and Thrombin

beta-values

—1.00
0.94

hydrogen bonds

ALA404—PRO401
ILE114—ASN380

TMS6—-TM456
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allosteric influence on TMS6 and thrombin. The formation of
the ILE114—ASN380 hydrogen bond suggests it could be key
in how PHE383 transmits correlated motions from TM4 to
thrombin (Figure 10g).

Insights from Comparative Analysis with Previous
Works. The y loop, 60s loop, and exosite I are regions
substantially influenced by TM binding and are particularly
responsive to mutations or deletions, albeit with different
outcomes.”> This underscored the functional importance of
these regions, emphasizing their susceptibility to TM binding
or sequence modifications, and their consequential regulatory
role on thrombin function.

Our study, from a hydrogen-bonding perspective, uncovers
different allosteric pathways for TM binding and for effects
elicited by mutations or deletions.”* This variation is to be
expected since TM binding and mutations occur at distinct
locations.

However, a noteworthy hydrogen bond, THR277—ASP135,
is significant for both TM456 and E8K, hinting at a potential
shared allosteric pathway leading to the catalytic triad.

In an earlier study, we noted that the 60s loop only
undergoes a twisting motion when a single Na* is bound to
thrombin, possibly conferring a procoagulant property to
thrombin.”® In the current investigation, we found that even
when TM456 is bound to thrombin, the 60s loop retains its
ability to twist, an ability lost when TMS6 is bound.

We thus hypothesize that the twisting of the 60s loop may
also be critical for protein C binding. This conjecture is
supported by the observation that the thrombin—TM456
complex boosts the k, value for protein C binding more than
1000-fold, an effect not replicated by the binding of TMS6.

B CONCLUSIONS

In summary, our study provides a detailed investigation of the
allosteric modulation of thrombin by the TM fragments TMS6
and TM456 using a combination of MD simulations, statistical
analysis, and machine learning methods. This investigation
supports the notion that TM binding triggers allosteric
structural changes in both the active site and functional
regions of thrombin,"”"*™*° rather than merely affecting the
conformation of bound protein C”'*'* or acting as a scaffold
to facilitate thrombin—protein C interactions.'’

Our application of HDBSCAN and AH clustering
techniques has revealed that the binding of TM456, the
smallest active cofactor fragment of TM, leads to significant
allosteric conformational changes in thrombin’s key loops and
catalytic triad. This is in stark contrast to the minimal changes
observed upon TMS56 binding, which does not enable
thrombin to activate protein C. Correlation analysis suggests
that while TMS56 modifies correlated motions within exosite I,
TM456 induces more extensive changes across multiple
functional regions of thrombin, underscoring the critical role
of TM4 in allosteric regulation. Logistic regression was
instrumental in identifying critical hydrogen bonds such as
LEU132—ARG216 and THR277—ASP13S, shedding light on
their potential roles in thrombin’s biological functions and
allosteric pathways. Through comparative analysis, our study
also highlights the influence of TM binding on the crucial
regions of thrombin, suggesting possible common allosteric
pathways, thereby enhancing our understanding of thrombin
regulation.

Based on our findings, future research should focus on the
hydrogen bonds and critical residues identified in our study,

such as PHE383. Future investigations could use accelerated
sampling techniques, such as replica-exchange with selective
variables chosen based on our hydrogen-bond analysis.
Additionally, virtual screening based on the key residues
pinpointed in our research could be productive. Another
promising avenue is to explore how mutations influence
thrombin’s allostery. Our current research examines the
influence of W215A/E217A mutations on thrombin’s allostery
in response to TM binding. This sheds light on the intricate
allosteric regulation of thrombin.®”
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Data Availability Statement

All associated code utilized in this study is readily accessible at
a Github repository at https://github.com/salsburygroup/
Thrombin_Thromodulin LR. Due to their substantial size,
the raw trajectory files are not directly available online.
However, they can be obtained upon request.
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Time series of the RMSD of alpha-carbons relative to
the initial structure of thrombin across eight runs, for
free thrombin, TMS56-bound thrombin, and TM456-
bound thrombin, respectively; RMSF of the a-carbons of
thrombin in free thrombin, TMS6-bound thrombin, and
TM456-bound thrombin, across all eight runs; con-
formational free-energy-like surfaces of exosite I, 180s
loop, and gamma-loop for the concatenated trajectory of
free thrombin, TMS6-bound thrombin, and TM456-
bound thrombin; representative structures for exosite I
in wells 0 and 1; representative structures for 180s loop
in wells 0—3; representative structures for gamma-loop
in wells 0—11; performing AH clustering on the heavy
atoms of the gamma-loop in thrombin and TM56-bound
thrombin; and gamma-loop representative structures for
each cluster derived from AH clustering results (PDF)
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