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Abstract: Predicting the potency of inhibitors is key to in silico screening of promising synthetic or
natural compounds. Here we describe a predictive workflow that provides calculated inhibitory
values, which concord well with empirical data. Calculations of the free interaction energy ∆G with
the YASARA plugin FoldX were used to derive inhibition constants Ki from PDB coordinates of
protease–inhibitor complexes. At the same time, corresponding KD values were obtained from the
PRODIGY server. These results correlated well with the experimental values, particularly for serine
proteases. In addition, analyses were performed for inhibitory complexes of cysteine and aspartic
proteases, as well as of metalloproteases, whereby the PRODIGY data appeared to be more consistent.
Based on our analyses, we calculated theoretical Ki values for trypsin with sunflower trypsin inhibitor
(SFTI-1) variants, which yielded the more rigid Pro14 variant, with probably higher potency than
the wild-type inhibitor. Moreover, a hirudin variant with an Arg1 and Trp3 is a promising basis
for novel thrombin inhibitors with high potency. Further examples from antibody interaction and
a cancer-related effector-receptor system demonstrate that our approach is applicable to protein
interaction studies beyond the protease field.

Keywords: dissociation constant; free energy; hirudin; inhibition constant; protease inhibitor;
SARS-CoV-2 main protease; sunflower trypsin inhibitor; Van ’t Hoff equation

1. Introduction

There are numerous software packages and web servers that can be utilized to calculate
the interaction energies and equilibrium constants of all biological molecule and ligand
types [1–3]. For instance, the sophisticated screening for computer generated inhibitors of
a galactofuranosyl-transferase highlights the connection between the free binding energy
∆G (Gibbs free energy) in the complex and the corresponding inhibition constant Ki [4].
Molecular docking and molecular dynamics, the three-dimensional quantitative structure-
activity relationship (3D-QSAR) and in silico ADMETox allowed to calculate theoretical
inhibition constants Ki according to the formula K = exp(∆G/RT), as well as the expected
phamacokinetic behavior. Basically, K is the equilibrium constant Keq of a chemical reaction
that can be an association constant Ka or a dissociation constant KD. By logarithmizing
this formula the standard Van ’t Hoff equation ∆G = −RT•ln K is obtained, whereby either
multiplication or division with the standard concentration mol/liter result in the required
pure number for K [5]. In competitive inhibition a reversible inhibitor competes with
the substrate for one binding site forming either ES or EI enzyme complexes, whereas
in non-competitive, uncompetitive and mixed inhibition an enzyme–substrate–inhibitor
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complex (ESI) can be formed via a second binding site for reversible inhibitors [6,7]. Non-
competitive inhibitors bind independent of the substrate, while uncompetitive inhibitors
can only bind to the ES complex. In addition, such ESI complexes are often not available in
terms of structural coordinates in contrast to enzyme-inhibitor complexes of competitive
inhibition. Nevertheless, Ki values can be interpreted as dissociation constants KD of
competitively binding inhibitor-enzyme complexes, as demonstrated for the chymotrypsin
C-ecotin system [8].

Since the beginning of the COVID-19 pandemic numerous computational studies
focused on potential inhibitors of the SARS-CoV-2 main protease (MPro), a cysteine pro-
tease [9]. Also, inhibitors of the cancer-related matrix metalloproteinases (MMPs) are of
high interest. Thus, structure based virtual screenings followed by in vitro assays have
been undertaken [10]. An in silico prediction of the inhibitory constants Ki of compounds
directed against thrombin, the central serine protease in blood coagulation, was performed
by machine learning [11]. Previous studies have utilized molecular simulation platforms
such as VMD (http://www.ks.uiuc.edu/Research/vmd/, accessed on 19 January 2024)
and NAMD (http://www.ks.uiuc.edu/Research/namd/, accessed on 19 January 2024) to
design highly potent peptidic inhibitors [12,13]. This approach involved serine protease
as targets in molecular dynamics (MD) simulations of various inhibitor complexes, where
different amino acid substitutions were made in the peptide sequence to maximize all
molecular interactions with a focus on the hydrogen bonding network during the sim-
ulation [14,15]. Advanced program suites, such as the MOE suite offer various docking
options and quantum mechanical calculations for drug discovery [16].

In our study, we attempted a relatively simple approach to assess free binding energies
of polypetidic inhibitors and corresponding inhibition constants Ki with the YASARA
program suite [17]. YASARA provides a wide range of graphical tools for protein modeling,
molecular dynamics simulations and structural analysis including virtual reality options
for various operating systems, such as Windows, Linux, Mac OS and Android. In particular,
these calculations were conducted with the YASARA plugin FoldX, which allows to analyze
protein stability, protein-protein interactions and protein-ligand binding affinities using em-
pirical force fields [18,19]. Both programs can handle biomolecular assemblies of proteins,
nucleic acids, carbohydrates, and lipids. The FoldX results could often be confirmed or
surpassed by data from the web-server PRODIGY that predicts protein-protein and ligand
binding affinities expressed as free binding energy and KD values using machine learning
algorithms (https://wenmr.science.uu.nl/prodigy/, accessed on 28 January 2024) [20,21].
In addition, about a dozen associated web services of the PRODIGY server can analyze
protein interactions from potential docking sites to model fitting into electron densities.

As our approach is applicable to all classes of proteases, it can help more experimen-
tally oriented laboratories to find potent polypetidic inhibitor mutants for their protease
studies without time consuming MD calculations by specialist groups. Moreover, the free
interaction energies and the calculated KD values of other biomolecular systems may be
valuable beyond the field of protease research.

2. Results and Discussion

The cyclic sunflower trypsin inhibitor (SFTI-1) with the sequence Gly1-Arg2-Cys3-
Thr4-Lys5-Ser6-Ile7-Pro8-Pro9-Ile10-Cys11-Phe12-Pro13-Asp14 is the paragon of a highly
specific inhibitor with engineered variants for several trypsin-like proteases, which has been
used in numerous enzymatic and structural studies [22]. SFTI-1 inhibits the target protease
through the standard mechanism, with its reactive loop binding to the protease active site
in a substrate-like manner [23]. Its recognition sequence P4 to P2′ is ideally suited to bind
the specificity pockets S4 to S2′ of the target protease according to the Schechter-Berger
nomenclature (Figure 1A) [24]. The P1 residue Lys5 acts as the key specificity determinant
by binding to the S1 subsite of the target protease, while the residues Thr4 and Arg2 interact
with the S2 and S4 subsites of the target protease, respectively. Three proline residues, the
disulfide Cys3-Cys11, and the short internal β-sheet render the scaffold of SFTI-1 very

http://www.ks.uiuc.edu/Research/vmd/
http://www.ks.uiuc.edu/Research/namd/
https://wenmr.science.uu.nl/prodigy/
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rigid, which is thought to contribute to the strong potency of this inhibitor. In addition,
SFTI-1 can be easily engineered by single and multiple mutations in order to increase its
potency with respect to target proteases, such as coagulating factors, plasmin, kallikrein-
related peptidases and others [14]. For example the SFTI variant GFCQRSIPPICFPN was
an excellent inhibitor of human kallikrein-related peptidase 4 (KLK4) with a picomolar Ki
and its X-ray structure was determined to high resolution (Figure 1A, Table 1). Otherwise,
several natural inhibitors of proteases, such as trypsin with bovine pancreatic trypsin
inhibitor (BPTI) and blood coagulation factor II, thrombin, with hirudin are inhibited in the
femtomolar range (Figure 1B, Table 1).
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Figure 1. Exemplary complex structures of trypsin-like serine proteases. (A) KLK4 complex with
a highly potent SFTI-1 variant (cyan), containing Arg5 instead of the natural Lys5, as well as the
mutations Phe2, Gln4, and Asn14 (upper panel). The lower panel shows a close-up of the active site,
in which the P4 to P2′ residues of the SFTI variant bind to the corresponding S4 to S2′ specificity
pockets as other canonical inhibitors similar to substrates via the standard mechanism. (B) Human
α-thrombin in complex with the extremely strong inhibitor hirudin (green), an anticoagulant from
the leech Hirudo medicinalis (upper panel). In contrast to canonical inhibitors hirudin binds in a
reverse manner, with the N-terminal Ile1 occupying the S2 subsite, Thr2 the S1 subsite, and Tyr3 the
S4 subsite (lower panel). However, Asp49 to Asn52 of hirudin correspond to P1′ to P4′ residues and
bind the S1′ to S4′ subsites like canonical inhibitors, whereby further protease–inhibitor interactions
occur in the prime side.
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Table 1. Interaction energies as Gibbs free energy were calculated with the YASARA plugin FoldX
after pKa correction, solvent MD and energy minimization. Calculated and experimental Ki (~KD)
according to ∆G = −RT ln K are given in kJ/mol and as kcal/mol from the FoldX output for
comparison. The PRODIGY server was usually run with unchanged PDBs in the protein-protein
mode. In case of completely inconsistent results of the calculation the data are shown in brackets.
Inhibitor fragment sequences refer to SFTI-1 variants. Discrepancies between calculated and measured
data can be explained by the artificial crystallization conditions and the in vitro experiments with
varying pH and ionic strength. A better correlation was seen for energy minimized coordinates
of 5MCQ.

Complex FoldX ∆G Ki (exp) ∆G (exp) ∆G Prodigy Structure

Protease/Inhibitor kJ/mol kcal/mol nM nM kJ/mol kJ/mol PDB

β-Try/PABA −29.02 −6.93 8220 6100 [25] −29.79 −23.93 1 3GY4 [26]
Try-3/bikunin-D2 −40.96 −9.79 78 138 [27] −39.87 −43.10 4U30 [27]
matriptase/SFTI-1 −48.02 −11.47 3.83 0.92 [28] −51.55 −39.75 3P8F [29]

plasmin/SFTI-Y4K5R7N14 −50.41 −12.04 1.46 1.20 [30] −50.98 −54.03 6D3Z [30]
β-Try/SFTI-T2R5N12N14 −48.74 −11.65 2.86 0.70 [15] −52.23 −48.53 6BVH [15]
KLK4/SFTI-F2Q4R5N14 −58.95 −14.09 0.046 0.039 [31] −59.40 (−41.84) 4KEL [31]

β-Try/SFTI-1 −63.18 −15.10 0.0066 0.017 [32] −61.47 (−51.46) 1SFI [33]
β-Try/BPTI −61.42 −14.68 0.017 0.00006 [34] −75.43 (−51.46) 2PTC [35]

α-thrombin/hirudin-v2 −78.95 −18.87 0.000015 0.000022 [36] −77.91 (−49.37) 4HTC [37]

legumain/cystatin E (−31.88) −7.62 46.4/19.8 2 0.0107 [38] −62.59/43.95 2 −41.84 4N6O [39]
MPro/cyclo-14-mer (−30.46) −7.28 17 14 [40] −44.81 −44.33 7RNW [40]

BACE-1/22-mer −53.68 −12.83 0.39/10.0 3.2 3 [41] −48.46 −45.60/47.28 5MCQ [41]
HIV/cyclo-9-mer −51.97 −12.42 0.779 4.02 3 [42] −47.90 (−36.00) 7YF6 [42]

MMP-14/TIMP-2 −52.09 −12.45 0.740/0.149 0.104 [43] −56.95 −56.07 1BUV [44]
MMP-3/TIMP-1 (−65.90) −15.75 0.003/0.087 4 0.130 [45] −56.40 −57.32 4 1UEA [46]

1 Protein–ligand mode; 2 legumain–cystatin E-K75A; 3 IC50/2; 4 chains A/B with selenomethionines replaced
by methionines and two Ala mutations reverted to the native Asn, calculated Ki from FoldX/PRODIGY with
catalytic Zn2+.

Overall, our approach works very well for protease–inhibitor complexes, which con-
sist of serine proteases and polypeptidic inhibitors (Figure 2). The only exception was the
trypsin-BPTI complex, which was reported to have a covalent nature, and thus exhibited
poor correlation of calculated and measurement based free interaction energy ∆G. Nev-
ertheless, minor modifications are tolerated in these calculations as in the acetyl group
containing cyclic 14-mer inhibitor of SARS-CoV-2 MPro, a chymotrypsin-like cysteine
protease (Figure 3A) [40]. In addition, the N-methylation of Phe1 and the β-thio-ε-amino
acid linker in the cyclic 9-mer inhibitor of the aspartic HIV protease result in consistent free
binding energies (Figure 3B) [42]. A tentative calculation with PRODIGY for the energy
minimized BACE-1/22-mer polypeptide complex improved the correlation with the ex-
perimental values to some extent. Thus, future studies with respect to the prediction for
mutant protease and inhibitor interactions might benefit from such thorough preparation
and modification of the coordinate files.

It has to be mentioned that occasionally the calculations of FoldX and the PRODIGY
server resulted in completely discrepant or inconsistent values of the free Gibbs interaction
energy compared to the experimentally derived data (Table 1, Figure 4). For example, this
phenomenon was observed for human legumain (AEP) in complex with human cystatin E,
which was reported to have an inhibition constant of about 11 pM, while the calculated Ki
was 46.4 nM (Table 1) [38]. These experimental data were measured using human cystatin
E and glycosylated legumain, which may have shifted the Ki to some extent. Interestingly,
the cystatin E-K75A mutant exhibited a Ki of 19.8 nM with human legumain, which is
much closer to the calculated data of ∆G and Ki from the PDB 4N6O [39,47]. All results
from simulation attempts with or without energy minimization and even deletion of the
N-glycans of legumain did not come near the reported experimental picomolar Ki (Figure 4).
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The presence of succinimide (SNN) converted from Asp147 might have an impact on the
calculated values.
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Figure 2. Plot of Ki values (nM) in logarithmic scale versus ∆G (kJ) for serine protease inhibitor com-
plexes. The round symbols represent experimental Ki and ∆G values from protease–inhibitor pairs,
while the diamonds belong to calculated Ki (KD) and ∆G derived from protease inhibitor complex
coordinates: β-Try/PABA, Try-3/bikunin-D2, matriptase-SFTI, plasmin-SFTI, β-Try/SFTI-TCTR-
N12-N14, KLK4/SFTI-FCQR-N14, β-Try/BPTI, and α-thrombin/hirudin (more β-Try structures with
SFTI-1 variants are available). Essentially, free interaction energies were calculated with the YASARA
plugin FoldX or with the web server PRODIGY. Overall, the FoldX results for serine protease inhibitor
complexes correlated better with the experimental data. More details can be found in Table 1.
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dimerization (PDB 7RNW). The synthetic, cyclo-14-mer inhibits with a Ki of roughly 4 nM. (B) Aspar-
tic HIV protease forms a symmetrical active dimer, which binds a synthetic cyclo9-mer exhibiting
an estimated Ki of 3 nM (PDB 7YF6). (C) The catalytic domain of MMP-14 (MT1-MMP) binds the
natural proteinaceous inhibitor TIMP-2 via a tight interaction to Zn2+ from the N-terminal Cys1 and
Thr2 in the S1′ pocket (PDB 1BUV), exhibiting a Ki of 104 pM.
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Figure 4. Plot of Ki values (nM) in logarithmic scale versus ∆G (kJ) for cysteine, aspartic and metallo-
protease inhibitor complexes. The round symbols represent experimental Ki and ∆G values from
protease–inhibitor pairs, while the diamonds and triangles belong to calculated Ki (KD) and ∆G
derived from calculations with the YASARA plugin FoldX and the PRODIGY web server, respectively.
The protease inhibitor complexes were legumain/cystatin E, SARS-CoV-2 Mpro/cyclo-14-mer, BACE-
1/22-mer, HIV protease/cyclo-9-mer, MMP-14/TIMP-2, and MMP-3/TIMP-1. In five cases the
correlation of experimental data was better with PRODIGY results. The cystatin E-K75A constant
(19.8 nM) for human legumain corresponds better to the one derived from the coordinates of the
structural data (46.4 kJ/mol) compared with the reported 0.011 nM. A better correlation was seen for
energy minimized coordinates of the BACE-1 complex (−47.28 kJ/mol). More details can be found
in Table 1.

In case of the metalloprotease complexes of MMP-3/TIMP-1 and MMP-14/TIMP-2
with a Zn2+ in the catalytic center, some erratic data were obtained with FoldX until the
metal ion LINK records in the PDB were removed. Whereas the PRODIGY server yielded
exactly the same results with and without the catalytic Zn2+, which were consistent with the
experimental Ki values (Figure 3C) [43,45]. Altogether the performance of the PRODIGY
server was better for the cysteine and aspartic protease examples, as well as for the two
metalloprotease complexes (Figure 4). Larger discrepancies of experimental and calculated
Ki and ∆G values may arise from differences in the protein and polypeptide molecules em-
ployed in enzyme kinetic assays and crystallization procedures. However, crystallization
artifacts, such as the presence of precipitants and the frozen state of measurements with a
temperature of 100 K, should be largely eliminated by removing most HETATM entries
from the PDB and by energy minimization. Nevertheless, the crystal structure coordinates
may still contain significant differences with respect to the molecular polypeptide structures
in solution, in particular, more flexible and alternative conformations of loops and side-
chains. Similar procedures are performed with KiDoQ for virtual screening and scoring of
inhibitory compounds with the AutoDock4 suite, which calculated inhibition constants Ki
from QSAR energy terms, followed by comparing the theoretical Ki values to experimen-
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tally available ones [48]. A correlation function allowed for further predictions, whereby a
three energy-based descriptor based QSAR approach performed better than an SVM model
with six descriptors. As the FoldX plugin of YASARA was developed for polypeptides,
the calculation of free binding energies for modeled inhibitor complexes could serve as a
simple and straightforward tool to assess potency changes for mutations of residues at the
protease–inhibitor interface. Unfortunately, the more advanced program suites AMBER22
or 23, CHARMM, and GROMACS 2023 (https://doi.org/10.5281/zenodo.10017699) are not
so easy to install and to start on LINUX, Mac OS or Windows systems [49–51]. Nevertheless,
YASARA and FoldX or the PRODIGY server are recommended for experiment oriented
research groups that do not specialize in molecular dynamics computing. A drawback of
the PRODIGY server might be flawed calculations due to anisotropic B-factors or alternate
conformations, while the option to include synthetic ligands in PRODIGY-LIGAND is
advantageous. Nevertheless, it is possible to remove such unwanted factors in the graphi-
cal software COOT v0.9.8.92 and with PDBCUR (e.g., the mostprob option) of the CCP4
program suite [52,53]. Altogether, our approach is based on the premise that the lowest
achievable energy of the complex in silico represents the “real” state, while no multiple
conformations were considered, which are obtained in various runs of extended molecular
dynamics simulations. Moreover, the experimental Ki values sample potential molecular
conformations, which may depend on either the conformational selection or the induced
fit mechanism, resulting in an averaged value [54]. Automated processing of in silico
mutations may significantly speed up the computing time for screening potentially useful
protease mutants and their polypetidic inhibitors.

In order to outline a strategy for using both FoldX and the PRODIGY server as predic-
tion tools, we attempted the following. Starting with the SFTI-TCTR variant encompassing
the full sequence GTCTRSIPPICNPN with a Ki of 0.70 nM [15]. Interestingly, this variant
inhibited the chymotryptic kallikrein-related peptidase KLK7 with a Ki of 17 nM. A system-
atic series of Ala mutants served as a guideline to reach or surpass the inhibition constant
of the natural SFTI-1, GRCTKSIPPICFPD [32]. In this study a Ki of 0.017 was reported for
the inhibition of β-trypsin, in very good concordance with the value of 0.007 nM derived
from the FoldX calculation (Table 2).

The coordinate files SFI1 and 6BVH were modified in COOT and then subjected to
the abovementioned procedure in YASARA, before running both the FoldX and PRODIGY
calculations. Interestingly, the calculated Ki for the SFTI-R5K variant equals that of SFTI-1.
Apparently, the variant SFTI-TCTR-N12P14 was the best β-trypsin inhibitor in the series of
PRODIGY calculations, which can be explained by its increased overall rigidity.

The highly potent hirudin inhibitor of the blood coagulation factor thrombin has
pharmacological significance, since more stable recombinant variants are applied as an-
tithrombotic drugs [55]. Engineered hirudins with a Phe or Trp in position 3 enhance the
binding affinity to thrombin up to 6-fold [56]. Both hirudin variants bind in the reverse
mode with Val1/Ile1 and Tyr3 occupying the S1 and S4 subsites of thrombin [37]. Similar
to the procedure for SFTI-1 variants, our calculations for an Arg1 residue as enhancer of
the binding affinity may support improvement of the currently known antithrombotics.

In principle, this strategy can be employed to assess the function of proteases and
their interaction with substrates and inhibitors as well as for corresponding interactions of
polypeptidic biological and synthetic systems. A study of the antibody fragment-nanobody
complex Fab19-TC-Nb4 reported a KD of 860 pM, whereby the FoldX analysis of chains
“A, B” (Fab) and “a” (Nb) of the cryo-EM derived PDB 7RTH resulted in a calculated KD of
250 pM, whereas the result of the PRODIGY server was in the higher nanomolar range [57].
Another example is the human colorectal cancer-related regulator protein adenomatous
polyposis coli (APC) and its receptor Asef, which can be inhibited by peptidomimetics [58].
The nonapeptide MAI-150 exhibits a Ki of 120 nM and has a KD of 250 nM in isothermal
titration calorimetry. FoldX and the PRODIGY server yielded calculated values for the PDB
5IZ6 of 670 nM and 9 nM, respectively, which demonstrates the potential of our simple
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strategy for biological systems beyond protease–inhibitor complexes and could be adapted
for screening in silico inhibitor libraries.

Table 2. Inhibition constants Ki for β-trypsin and SFTI-1 (PDB 1SFI), SFTI-TCTR (PDB 6BVH) and
in silico variants calculated with FoldX and the PRODIGY server. For comparison the available
experimental data are specified. The coordinates were processed and energy minimized as described.
The thrombin-hirudin complexes exhibit femtomolar KD values. Both the hirudin 1 and 2 variants
are reverse binding inhibitors with the sequences Val1-Val2-Tyr3 and Ile1-Thr2-Tyr3. Recombinant
forms of hirudin variant 1 were employed by Lazar and coworkers [56].

β-Trypsin/SFTI-1 Measured Ki [nM] FoldX Ki [nM] PRODIGY KD [nM]

SFTI-1 0.017 0.007 0.963

SFTI-P14 - 0.766 1.4

SFTI-R5 0.027 - 0.99

SFTI-TCTR-N12N14 0.7 2.86 -

SFTI-RCTR 4.7

SFTI-RCTK 9.9

SFTI-TCTK 5.5

SFTI-TCTK-P14 1.6

SFTI-TCTR-P14 0.43

Thrombin/hirudin Measured Ki [fM] FoldX Ki [fM] PRODIGY KD [fM]

hirudin-v1/v2 22 19 -

rhir-v1 180 - -

rhir-v1-Trp3 60 - -

rhir-v1-Phe3 30 - -

hirudin-v2 15 -

v2-Trp3 0.077 -

v2-Arg1-Trp3 0.021 -

3. Material and Methods

In our standard procedure, we deleted all HETATM entries from the respective PDB
files, whereby water could be kept, loaded the modified coordinates into YASARA and
added hydrogen atoms using the CLEAN option. Then the AMBER99 force field was
chosen, the simulation was initiated at 298 K and the pH defined according to the inhibition
assays, followed by filling a simulation cell with water molecules and Na+ and Cl− ions
for neutralization under density control. After the solvent molecular dynamics (MD)
had finished, an energy minimization for protein chains and all other molecules was
run. Then the FoldX plugin was initialized and the interaction energy was calculated for
the protease and the bound inhibitor, which yielded ∆G values in kcal/mol that were
converted into the standard SI unit kJ/mol. For calculations with the PRODIGY web-server,
original PDB coordinate files without modifications were uploaded to the interface with
the URL https://wenmr.science.uu.nl/prodigy/ (accessed on 28 January 2024). Optionally,
PDB coordinates were employed that had been subjected to the aformententioned energy
minimization procedure in YASARA.

Author Contributions: Conceptualization, P.G. and X.C.; writing—original draft preparation, P.G.;
writing—review and editing, X.C. and J.M.H.; visualization, P.G.; project administration, P.G.; funding
acquisition, P.G. All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by the Austrian Science Fund (FWF) as the lead agency, grant
number I 3877-B21 (P.G.), in a D-A-CH program with the Deutsche Forschungsgemeinschaft (DFG).

https://wenmr.science.uu.nl/prodigy/


Int. J. Mol. Sci. 2024, 25, 2429 9 of 11

Data Availability Statement: Data contained within the article.

Acknowledgments: We are grateful to Daniela Schuster (Paracelsus Medizinische Universität
Salzburg) for her support of the FWF project.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Pérez, S.; Tvaroška, I. Chapter 1-Carbohydrate–Protein Interactions: Molecular Modeling Insights. In Advances in Carbohydrate

Chemistry and Biochemistry; Academic Press: Cambridge, MA, USA, 2014; Volume 71, pp. 9–136, ISBN 0065-2318.
2. Kilburg, D.; Gallicchio, E. Chapter Two—Recent Advances in Computational Models for the Study of Protein–Peptide Interactions.

In Insights into Enzyme Mechanisms and Functions from Experimental and Computational Methods; Christov, C.Z.B.T.-A., Ed.; Academic
Press: Cambridge, MA, USA, 2016; Volume 105, pp. 27–57, ISBN 1876-1623.

3. Papadourakis, M.; Sinenka, H.; Matricon, P.; Hénin, J.; Brannigan, G.; Pérez-Benito, L.; Pande, V.; van Vlijmen, H.; de Graaf,
C.; Deflorian, F.; et al. Alchemical Free Energy Calculations on Membrane-Associated Proteins. J. Chem. Theory Comput. 2023,
19, 7437–7458. [CrossRef] [PubMed]

4. Ortiz, C.L.D.; Completo, G.C.; Nacario, R.C.; Nellas, R.B. Potential Inhibitors of Galactofuranosyltransferase 2 (GlfT2): Molecular
Docking, 3D-QSAR, and In Silico ADMETox Studies. Sci. Rep. 2019, 9, 17096. [CrossRef] [PubMed]

5. Lima, E.C.; Hosseini-Bandegharaei, A.; Moreno-Piraján, J.C.; Anastopoulos, I. A Critical Review of the Estimation of the
Thermodynamic Parameters on Adsorption Equilibria. Wrong Use of Equilibrium Constant in the Van’t Hoff Equation for
Calculation of Thermodynamic Parameters of Adsorption. J. Mol. Liq. 2019, 273, 425–434. [CrossRef]

6. Cornish-Bowden, A. Fundamentals of Enzyme Kinetics, 4th ed.; Wiley-Blackwell: Hoboken, NJ, USA, 2012; ISBN 978-3-527-33074-4.
7. Masson, P.; Mukhametgalieva, A.R. Partial Reversible Inhibition of Enzymes and Its Metabolic and Pharmaco-Toxicological

Implications. Int. J. Mol. Sci. 2023, 24, 12973. [CrossRef] [PubMed]
8. Szabó, A.; Ludwig, M.; Hegyi, E.; Szépeová, R.; Witt, H.; Sahin-Tóth, M. Mesotrypsin Signature Mutation in a Chymotrypsin C

(CTRC) Variant Associated with Chronic Pancreatitis. J. Biol. Chem. 2015, 290, 17282–17292. [CrossRef] [PubMed]
9. Issa, S.S.; Sokornova, S.V.; Zhidkin, R.R.; Matveeva, T. V The Main Protease of SARS-CoV-2 as a Target for Phytochemicals against

Coronavirus. Plants 2022, 11, 1862. [CrossRef]
10. Gimeno, A.; Cuffaro, D.; Nuti, E.; Ojeda-Montes, M.J.; Beltrán-Debón, R.; Mulero, M.; Rossello, A.; Pujadas, G.; Garcia-Vallvé, S.

Identification of Broad-Spectrum MMP Inhibitors by Virtual Screening. Molecules 2021, 26, 4553. [CrossRef] [PubMed]
11. Zhao, J.; Zhu, L.; Zhou, W.; Yin, L.; Wang, Y.; Fan, Y.; Chen, Y.; Liu, H. In Silico Prediction of Inhibitory Constant of Thrombin

Inhibitors Using Machine Learning. Comb. Chem. High Throughput Screen. 2018, 21, 662–669. [CrossRef]
12. Humphrey, W.; Dalke, A.; Schulten, K. VMD: Visual Molecular Dynamics. J. Mol. Graph. 1996, 14, 33–38. [CrossRef]
13. Phillips, J.C.; Hardy, D.J.; Maia, J.D.C.; Stone, J.E.; Ribeiro, J.V.; Bernardi, R.C.; Buch, R.; Fiorin, G.; Hénin, J.; Jiang, W.; et al.

Scalable Molecular Dynamics on CPU and GPU Architectures with NAMD. J. Chem. Phys. 2020, 153, 44130. [CrossRef]
14. Swedberg, J.E.; de Veer, S.J.; Sit, K.C.; Reboul, C.F.; Buckle, A.M.; Harris, J.M. Mastering the Canonical Loop of Serine Protease

Inhibitors: Enhancing Potency by Optimising the Internal Hydrogen Bond Network. PLoS ONE 2011, 6, 1–11. [CrossRef]
[PubMed]

15. Chen, X.; Riley, B.T.; de Veer, S.J.; Hoke, D.E.; Van Haeften, J.; Leahy, D.; Swedberg, J.E.; Brattsand, M.; Hartfield, P.J.; Buckle,
A.M.; et al. Potent, Multi-Target Serine Protease Inhibition Achieved by a Simplified β-Sheet Motif. PLoS ONE 2019, 14, 1–15.
[CrossRef] [PubMed]

16. Vilar, S.; Cozza, G.; Moro, S. Medicinal Chemistry and the Molecular Operating Environment (MOE): Application of QSAR and
Molecular Docking to Drug Discovery. Curr. Top. Med. Chem. 2008, 8, 1555–1572. [CrossRef]

17. Krieger, E.; Vriend, G. New Ways to Boost Molecular Dynamics Simulations. J. Comput. Chem. 2015, 36, 996–1007. [CrossRef]
[PubMed]

18. Van Durme, J.; Delgado, J.; Stricher, F.; Serrano, L.; Schymkowitz, J.; Rousseau, F. A Graphical Interface for the FoldX Forcefield.
Bioinformatics 2011, 27, 1711–1712. [CrossRef]

19. Delgado, J.; Radusky, L.G.; Cianferoni, D.; Serrano, L. FoldX 5.0: Working with RNA, Small Molecules and a New Graphical
Interface. Bioinformatics 2019, 35, 4168–4169. [CrossRef]

20. Vangone, A.; Bonvin, A.M.J.J. Contacts-Based Prediction of Binding Affinity in Protein–Protein Complexes. eLife 2015, 4, e07454.
[CrossRef]

21. Xue, L.C.; Rodrigues, J.P.; Kastritis, P.L.; Bonvin, A.M.; Vangone, A. PRODIGY: A Web Server for Predicting the Binding Affinity
of Protein–Protein Complexes. Bioinformatics 2016, 32, 3676–3678. [CrossRef]

22. de Veer, S.J.; White, A.M.; Craik, D.J. Sunflower Trypsin Inhibitor-1 (SFTI-1): Sowing Seeds in the Fields of Chemistry and Biology.
Angew. Chem. Int. Ed. Engl. 2021, 60, 8050–8071. [CrossRef]

23. Krowarsch, D.; Cierpicki, T.; Jelen, F.; Otlewski, J. Canonical Protein Inhibitors of Serine Proteases. Cell. Mol. Life Sci. C. 2003,
60, 2427–2444. [CrossRef]

24. Schechter, I.; Berger, A. On the Size of the Active Site in Proteases. I. Papain. Biochem. Biophys. Res. Commun. 1967, 27, 157–162.
[CrossRef]

https://doi.org/10.1021/acs.jctc.3c00365
https://www.ncbi.nlm.nih.gov/pubmed/37902715
https://doi.org/10.1038/s41598-019-52764-8
https://www.ncbi.nlm.nih.gov/pubmed/31745103
https://doi.org/10.1016/j.molliq.2018.10.048
https://doi.org/10.3390/ijms241612973
https://www.ncbi.nlm.nih.gov/pubmed/37629158
https://doi.org/10.1074/jbc.M114.618439
https://www.ncbi.nlm.nih.gov/pubmed/26013824
https://doi.org/10.3390/plants11141862
https://doi.org/10.3390/molecules26154553
https://www.ncbi.nlm.nih.gov/pubmed/34361703
https://doi.org/10.2174/1386207322666181220130232
https://doi.org/10.1016/0263-7855(96)00018-5
https://doi.org/10.1063/5.0014475
https://doi.org/10.1371/journal.pone.0019302
https://www.ncbi.nlm.nih.gov/pubmed/21556330
https://doi.org/10.1371/journal.pone.0210842
https://www.ncbi.nlm.nih.gov/pubmed/30668585
https://doi.org/10.2174/156802608786786624
https://doi.org/10.1002/jcc.23899
https://www.ncbi.nlm.nih.gov/pubmed/25824339
https://doi.org/10.1093/bioinformatics/btr254
https://doi.org/10.1093/bioinformatics/btz184
https://doi.org/10.7554/eLife.07454
https://doi.org/10.1093/bioinformatics/btw514
https://doi.org/10.1002/anie.202006919
https://doi.org/10.1007/s00018-003-3120-x
https://doi.org/10.1016/S0006-291X(67)80055-X


Int. J. Mol. Sci. 2024, 25, 2429 10 of 11

25. Evans, S.A.; Olson, S.T.; Shore, J.D. P-Aminobenzamidine as a Fluorescent Probe for the Active Site of Serine Proteases. J. Biol.
Chem. 1982, 257, 3014–3017. [CrossRef] [PubMed]

26. Perilo, C.S.; Pereira, M.T.; Santoro, M.M.; Nagem, R.A.P. Structural Binding Evidence of the Trypanocidal Drugs Berenil® and
Pentacarinate® Active Principles to a Serine Protease Model. Int. J. Biol. Macromol. 2010, 46, 502–511. [CrossRef] [PubMed]

27. Pendlebury, D.; Wang, R.; Henin, R.D.; Hockla, A.; Soares, A.S.; Madden, B.J.; Kazanov, M.D.; Radisky, E.S. Sequence and
Conformational Specificity in Substrate Recognition: Several Human Kunitz Protease Inhibitor Domains Are Specific Substrates
of Mesotrypsin. J. Biol. Chem. 2014, 289, 32783–32797. [CrossRef]

28. Long, Y.-Q.; Lee, S.-L.; Lin, C.-Y.; Enyedy, I.J.; Wang, S.; Li, P.; Dickson, R.B.; Roller, P.P. Synthesis and Evaluation of the Sunflower
Derived Trypsin Inhibitor as a Potent Inhibitor of the Type II Transmembrane Serine Protease, Matriptase. Bioorg. Med. Chem. Lett.
2001, 11, 2515–2519. [CrossRef] [PubMed]

29. Yuan, C.; Chen, L.; Meehan, E.J.; Daly, N.; Craik, D.J.; Huang, M.; Ngo, J.C. Structure of Catalytic Domain of Matriptase in
Complex with Sunflower Trypsin Inhibitor-1. BMC Struct. Biol. 2011, 11, 30. [CrossRef] [PubMed]

30. Swedberg, J.E.; Wu, G.; Mahatmanto, T.; Durek, T.; Caradoc-Davies, T.T.; Whisstock, J.C.; Law, R.H.P.; Craik, D.J. Highly Potent
and Selective Plasmin Inhibitors Based on the Sunflower Trypsin Inhibitor-1 Scaffold Attenuate Fibrinolysis in Plasma. J. Med.
Chem. 2019, 62, 552–560. [CrossRef]

31. Riley, B.T.; Ilyichova, O.; de Veer, S.J.; Swedberg, J.E.; Wilson, E.; Hoke, D.E.; Harris, J.M.; Buckle, A.M. KLK4 Inhibition by
Cyclic and Acyclic Peptides: Structural and Dynamical Insights into Standard-Mechanism Protease Inhibitors. Biochemistry 2019,
58, 2524–2533. [CrossRef]

32. Quimbar, P.; Malik, U.; Sommerhoff, C.P.; Kaas, Q.; Chan, L.Y.; Huang, Y.-H.; Grundhuber, M.; Dunse, K.; Craik, D.J.; Anderson,
M.A.; et al. High-Affinity Cyclic Peptide Matriptase Inhibitors. J. Biol. Chem. 2013, 288, 13885–13896. [CrossRef]

33. Luckett, S.; Garcia, R.S.; Barker, J.J.; Konarev, A.; Shewry, P.R.; Clarke, A.R.; Brady, R.L. High-Resolution Structure of a Potent,
Cyclic Proteinase Inhibitor from Sunflower Seeds1 1Edited by I. A. Wilson. J. Mol. Biol. 1999, 290, 525–533. [CrossRef]

34. Vincent, J.P.; Lazdunski, M. Trypsin-Pancreatic Trypsin Inhibitor Association. Dynamics of the Interaction and Role of Disulfide
Bridges. Biochemistry 1972, 11, 2967–2977. [CrossRef]

35. Marquart, M.; Walter, J.; Deisenhofer, J.; Bode, W.; Huber, R. The Geometry of the Reactive Site and of the Peptide Groups in
Trypsin, Trypsinogen and Its Complexes with Inhibitors. Acta Crystallogr. Sect. B 1983, 39, 480–490. [CrossRef]

36. Stone, S.R.; Hofsteenge, J. Kinetics of the Inhibition of Thrombin by Hirudin. Biochemistry 1986, 25, 4622–4628. [CrossRef]
[PubMed]

37. Rydel, T.J.; Tulinsky, A.; Bode, W.; Huber, R. Refined Structure of the Hirudin-Thrombin Complex. J. Mol. Biol. 1991, 221, 583–601.
[CrossRef] [PubMed]

38. Dall, E.; Hollerweger, J.C.; Dahms, S.O.; Cui, H.; Häussermann, K.; Brandstetter, H. Structural and Functional Analysis of Cystatin
E Reveals Enzymologically Relevant Dimer and Amyloid Fibril States. J. Biol. Chem. 2018, 293, 13151–13165. [CrossRef] [PubMed]

39. Dall, E.; Fegg, J.C.; Briza, P.; Brandstetter, H. Structure and Mechanism of an Aspartimide-Dependent Peptide Ligase in Human
Legumain. Angew. Chem. Int. Ed. 2015, 54, 2917–2921. [CrossRef] [PubMed]

40. Johansen-Leete, J.; Ullrich, S.; Fry, S.E.; Frkic, R.; Bedding, M.J.; Aggarwal, A.; Ashhurst, A.S.; Ekanayake, K.B.; Mahawaththa,
M.C.; Sasi, V.M.; et al. Antiviral Cyclic Peptides Targeting the Main Protease of SARS-CoV-2. Chem. Sci. 2022, 13, 3826–3836.
[CrossRef] [PubMed]

41. Ruderisch, N.; Schlatter, D.; Kuglstatter, A.; Guba, W.; Huber, S.; Cusulin, C.; Benz, J.; Rufer, A.C.; Hoernschemeyer, J.;
Schweitzer, C.; et al. Potent and Selective BACE-1 Peptide Inhibitors Lower Brain Aβ Levels Mediated by Brain Shuttle Transport.
EBioMedicine 2017, 24, 76–92. [CrossRef]

42. Kusumoto, Y.; Hayashi, K.; Sato, S.; Yamada, T.; Kozono, I.; Nakata, Z.; Asada, N.; Mitsuki, S.; Watanabe, A.; Wakasa-Morimoto,
C.; et al. Highly Potent and Oral Macrocyclic Peptides as a HIV-1 Protease Inhibitor: MRNA Display-Derived Hit-to-Lead
Optimization. ACS Med. Chem. Lett. 2022, 13, 1634–1641. [CrossRef]

43. Lichte, A.; Kolkenbrock, H.; Tschesche, H. The Recombinant Catalytic Domain of Membrane-Type Matrix Metalloproteinase-1
(MT1-MMP) Induces Activation of Progelatinase A and Progelatinase A Complexed with TIMP-2. FEBS Lett. 1996, 397, 277–282.
[CrossRef]

44. Fernandez-Catalan, C.; Bode, W.; Huber, R.; Turk, D.; Calvete, J.J.; Lichte, A.; Tschesche, H.; Maskos, K. Crystal Structure of
the Complex Formed by the Membrane Type 1-Matrix Metalloproteinase with the Tissue Inhibitor of Metalloproteinases-2, the
Soluble Progelatinase A Receptor. EMBO J. 1998, 17, 5238–5248. [CrossRef] [PubMed]

45. Batra, J.; Robinson, J.; Soares, A.S.; Fields, A.P.; Radisky, D.C.; Radisky, E.S. Matrix Metalloproteinase-10 (MMP-10) Interaction
with Tissue Inhibitors of Metalloproteinases TIMP-1 and TIMP-2. J. Biol. Chem. 2012, 287, 15935–15946. [CrossRef] [PubMed]

46. Gomis-Rüth, F.-X.; Maskos, K.; Betz, M.; Bergner, A.; Huber, R.; Suzuki, K.; Yoshida, N.; Nagase, H.; Brew, K.; Bourenkov,
G.P.; et al. Mechanism of Inhibition of the Human Matrix Metalloproteinase Stromelysin-1 by TIMP-1. Nature 1997, 389, 77–81.
[CrossRef] [PubMed]

47. Elamin, T.; Brandstetter, H.; Dall, E. Legumain Activity Is Controlled by Extended Active Site Residues and Substrate Conforma-
tion. Int. J. Mol. Sci. 2022, 23, 12548. [CrossRef] [PubMed]

48. Garg, A.; Tewari, R.; Raghava, G.P.S. Ki DoQ: Using Docking Based Energy Scores to Develop Ligand Based Model for Predicting
Antibacterials. BMC Bioinform. 2010, 11, 125. [CrossRef] [PubMed]

https://doi.org/10.1016/S0021-9258(19)81066-9
https://www.ncbi.nlm.nih.gov/pubmed/7037776
https://doi.org/10.1016/j.ijbiomac.2010.03.006
https://www.ncbi.nlm.nih.gov/pubmed/20356563
https://doi.org/10.1074/jbc.M114.609560
https://doi.org/10.1016/S0960-894X(01)00493-0
https://www.ncbi.nlm.nih.gov/pubmed/11549459
https://doi.org/10.1186/1472-6807-11-30
https://www.ncbi.nlm.nih.gov/pubmed/21693064
https://doi.org/10.1021/acs.jmedchem.8b01139
https://doi.org/10.1021/acs.biochem.9b00191
https://doi.org/10.1074/jbc.M113.460030
https://doi.org/10.1006/jmbi.1999.2891
https://doi.org/10.1021/bi00766a007
https://doi.org/10.1107/S010876818300275X
https://doi.org/10.1021/bi00364a025
https://www.ncbi.nlm.nih.gov/pubmed/3768302
https://doi.org/10.1016/0022-2836(91)80074-5
https://www.ncbi.nlm.nih.gov/pubmed/1920434
https://doi.org/10.1074/jbc.RA118.002154
https://www.ncbi.nlm.nih.gov/pubmed/29967063
https://doi.org/10.1002/anie.201409135
https://www.ncbi.nlm.nih.gov/pubmed/25630877
https://doi.org/10.1039/D1SC06750H
https://www.ncbi.nlm.nih.gov/pubmed/35432913
https://doi.org/10.1016/j.ebiom.2017.09.004
https://doi.org/10.1021/acsmedchemlett.2c00310
https://doi.org/10.1016/S0014-5793(96)01206-9
https://doi.org/10.1093/emboj/17.17.5238
https://www.ncbi.nlm.nih.gov/pubmed/9724659
https://doi.org/10.1074/jbc.M112.341156
https://www.ncbi.nlm.nih.gov/pubmed/22427646
https://doi.org/10.1038/37995
https://www.ncbi.nlm.nih.gov/pubmed/9288970
https://doi.org/10.3390/ijms232012548
https://www.ncbi.nlm.nih.gov/pubmed/36293424
https://doi.org/10.1186/1471-2105-11-125
https://www.ncbi.nlm.nih.gov/pubmed/20222969


Int. J. Mol. Sci. 2024, 25, 2429 11 of 11

49. Case, D.A.; Aktulga, H.M.; Belfon, K.; Cerutti, D.S.; Cisneros, G.A.; Cruzeiro, V.W.D.; Forouzesh, N.; Giese, T.J.; Götz, A.W.;
Gohlke, H.; et al. AmberTools. J. Chem. Inf. Model. 2023, 63, 6183–6191. [CrossRef]

50. Brooks, B.R.; Brooks, C.L., III; Mackerell, A.D., Jr.; Nilsson, L.; Petrella, R.J.; Roux, B.; Won, Y.; Archontis, G.; Bartels, C.; Boresch,
S.; et al. CHARMM: The Biomolecular Simulation Program. J. Comput. Chem. 2009, 30, 1545–1614. [CrossRef]

51. Van Der Spoel, D.; Lindahl, E.; Hess, B.; Groenhof, G.; Mark, A.E.; Berendsen, H.J.C. GROMACS: Fast, Flexible, and Free.
J. Comput. Chem. 2005, 26, 1701–1718. [CrossRef]

52. Emsley, P.; Lohkamp, B.; Scott, W.G.; Cowtan, K. Features and Development of Coot. Acta Crystallogr. Sect. D 2010, 66, 486–501.
[CrossRef]

53. Agirre, J.; Atanasova, M.; Bagdonas, H.; Ballard, C.B.; Baslé, A.; Beilsten-Edmands, J.; Borges, R.J.; Brown, D.G.; Burgos-Mármol,
J.J.; Berrisford, J.M.; et al. The CCP4 Suite: Integrative Software for Macromolecular Crystallography. Acta Crystallogr. Sect. D
2023, 79, 449–461. [CrossRef]

54. Du, X.; Li, Y.; Xia, Y.-L.; Ai, S.-M.; Liang, J.; Sang, P.; Ji, X.-L.; Liu, S.-Q. Insights into Protein–Ligand Interactions: Mechanisms,
Models, and Methods. Int. J. Mol. Sci. 2016, 17, 144. [CrossRef]

55. Junren, C.; Xiaofang, X.; Huiqiong, Z.; Gangmin, L.; Yanpeng, Y.; Xiaoyu, C.; Yuqing, G.; Yanan, L.; Yue, Z.; Fu, P.; et al.
Pharmacological Activities and Mechanisms of Hirudin and Its Derivatives—A Review. Front. Pharmacol. 2021, 12, 1–23.
[CrossRef]

56. Lazar, J.B.; Winant, R.C.; Johnson, P.H. Hirudin: Amino-Terminal Residues Play a Major Role in the Interaction with Thrombin.
J. Biol. Chem. 1991, 266, 685–688. [CrossRef]

57. Bloch, J.S.; Mukherjee, S.; Kowal, J.; Filippova, E.V.; Niederer, M.; Pardon, E.; Steyaert, J.; Kossiakoff, A.A.; Locher, K.P.
Development of a Universal Nanobody-Binding Fab Module for Fiducial-Assisted Cryo-EM Studies of Membrane Proteins. Proc.
Natl. Acad. Sci. USA 2021, 118, e2115435118. [CrossRef]

58. Jiang, H.; Deng, R.; Yang, X.; Shang, J.; Lu, S.; Zhao, Y.; Song, K.; Liu, X.; Zhang, Q.; Chen, Y.; et al. Peptidomimetic Inhibitors of
APC–Asef Interaction Block Colorectal Cancer Migration. Nat. Chem. Biol. 2017, 13, 994–1001. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1021/acs.jcim.3c01153
https://doi.org/10.1002/jcc.21287
https://doi.org/10.1002/jcc.20291
https://doi.org/10.1107/S0907444910007493
https://doi.org/10.1107/S2059798323003595
https://doi.org/10.3390/ijms17020144
https://doi.org/10.3389/fphar.2021.660757
https://doi.org/10.1016/S0021-9258(17)35224-9
https://doi.org/10.1073/pnas.2115435118
https://doi.org/10.1038/nchembio.2442

	Introduction 
	Results and Discussion 
	Material and Methods 
	References

