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Selective inhibitors are essential for targeted therapeutics and for probing
enzyme functions in various biological systems. The two main challenges in
identifying such protein-based inhibitors lie in the extensive experimental
effort required, including the generation of large libraries, and in tailoring
the selectivity of inhibitors to enzymes with homologous structures. To
address these challenges, machine learning (ML) is being used to improve
protein design by training on targeted libraries and identifying key inter-
face mutations that enhance affinity and specificity. However, such
ML-based methods are limited by inaccurate energy calculations and diffi-
culties in predicting the structural impacts of multiple mutations. Here, we
present an ML-based method that leverages HTS data to streamline the
design of selective protease inhibitors. To demonstrate its utility, we
applied our new method to find inhibitors of matrix metalloproteinases
(MMPs), a family of homologous proteases involved in both physiological
and pathological processes. By training ML models on binding data for
three MMPs (MMP-1, MMP-3, and MMP-9), we successfully designed a
novel N-TIMP2 variant with a differential specificity profile, namely, high
affinity for MMP-9, moderate affinity for MMP-3, and low affinity for
MMP-1. Our experimental validation showed that this novel variant exhib-
ited a significant specificity shift and enhanced selectivity compared with
wild-type N-TIMP2. Through molecular modeling and energy minimiza-
tion, we obtained structural insights into the variant’s enhanced selectivity.
Our findings highlight the power of ML-based methods to reduce experi-
mental workloads, facilitate the rational design of selective inhibitors, and
advance the understanding of specific inhibitor-enzyme interactions in
homologous enzyme systems.

Introduction

Countless biological processes, including metabolism,
signal transduction, and tissue remodeling, to name but
a few, are regulated by enzymes. Imbalances in enzyme

Abbreviations

activity can thus lead to severe disorders, including can-
cer, neurodegeneration, and inflammation [1]. Thus,
inhibitors serve as vital tools to control enzyme activity

DMS, deep mutational scanning; ER, enrichment ratio; HTS, high-throughput sequencing; ML, machine learning; MMP, matrix
metalloproteinase; NF, normalized frequency; N-TIMP2, N-terminal inhibitory domain of the tissue inhibitor of MMP-2.
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Modulating selectivity in inhibitor/MMP complexes

—both for therapeutic intervention and for the study of
enzyme functions. However, despite the research atten-
tion devoted to their study, the design of inhibitors with
precise specificity for a particular enzyme remains chal-
lenging, particularly for enzymes that coexist alongside
other enzymes with homologous structures and/or over-
lapping mechanisms [2,3].

Traditional  techniques for finding  specific
protein-based enzyme inhibitors have obvious draw-
backs, as they often involve the tedious process of
altering individual residues and assessing resultant
changes in binding affinity [4]. Recent years have
nonetheless seen notable advances in the design and
production of inhibitors with tailored specificity for
clinically relevant enzymes, but several drawbacks still
remain [5]. In particular, the widely used combinatorial
method, also referred to as directed evolution, entails
the construction of extensive libraries of protein vari-
ants with mutations at random positions. Variants
exhibiting the desired binding properties are then
selected, and high-throughput sequencing (HTS) is
used to determine their sequences. This ‘non-rational’
approach yields high-affinity, but not necessarily selec-
tive, binders, but is nonetheless employed for a wide
range of end uses, including affinity enhancement [6]
and the design and production of high-affinity inhibi-
tors from antibodies [7], natural protein effectors [8,9],
and other protein domains [10-14]. The few studies
that were indeed aimed at producing selective binders
were restricted to enhancing the discrimination
between two—but not more—target enzymes posses-
sing distinct binding epitopes [15-17], whereas in real-
ity, broad-spectrum enzyme binders may interact with
more than two potential target enzymes with binding
epitopes exhibiting significant sequence homology and
structural similarity.

Another drawback of directed evolution studies is
the number of variants that can be robustly tested
using such approaches—typically limited to several
millions of variants out of billions of possibilities.
Consequently, only a small portion of the protein
sequence space (which grows exponentially with the
number of mutated positions) can be explored. Thus,
in binding selection experiments, only a few positions
in a protein can be randomized to all 20 amino acids.
However, the number of protein residues influencing
binding affinity, and particularly those necessary for
achieving binding specificity, whether through direct
contacts or allosteric effects, is often substantial, par-
ticularly if the target proteases share similar
structures [18].

To address the above-described drawbacks, compu-
tational protein design has been employed to design
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targeted libraries of protein inhibitors. This
methodology involves pinpointing positions on the
inhibitor-enzyme interface where mutations hold the
greatest potential for enhancing affinity and specificity,
while minimizing the risk of compromising the inhibi-
tor’s structure [19]. However, this methodology is lim-
ited due to inaccurate energy functions in computing
binding energetics, which may overlook the correct
conformations of the mutated residues in the binding
interface. Additionally, it necessitates comprehensive
knowledge, often unavailable, of the structure and
function of the inhibitor-enzyme complex [20]. Fur-
thermore, while computational protein design can
accurately predict affinity-boosting protein variants
with single mutations, it is less successful in enhancing
the affinity of variants with multiple mutations; the
effects of such mutations on protein structure are more
difficult to predict, although they are crucial for con-
ferring binding specificity, especially for target enzymes
with similar structures [21].

As a model scenario for addressing the above chal-
lenges, we chose to develop a machine learning (ML)
method for designing specific protein-based inhibitors
of the catalytic domain of matrix metalloproteinases
(MMPs), a family of homologous proteases involved
in both physiological and pathological processes. The
inhibitors we developed are variants of N-TIMP2, the
N-terminal inhibitory domain of tissue inhibitor of
metalloproteinases 2 (TIMP2), which prevents the
enzymatic activity of MMPs by binding to their active
site in the catalytic domain (MMPcat). The highly
conserved active site of all MMPs contains a catalytic
zinc ion coordinated to three histidine residues and a
catalytic glutamate residue [22]. We focused on three
human MMPs representing distinct functional catego-
ries: collagenases (MMP-1), stromelysins (MMP-3),
and gelatinases (MMP-9). Despite the ~ 45% sequence
identity and close structural similarity of their catalytic
domains, these MMPs exhibit variable binding affini-
ties for N-TIMP2, spanning a range of two orders of
magnitude [23,24]. This broad-spectrum of affinities
makes N-TIMP2 an ideal model for evaluating our
approach, by allowing us to intentionally engineer
switches in specificity. Furthermore, previous studies
have shown that multiple positions at the N-TIMP2
binding interface can be mutated with minimal disrup-
tion of protein stability to shape selectivity [21,24,25].
Consequently, maximal coverage of this large mutation
space is required to optimize binding selectivity for the
three MMPs. An illustrative example is the recent pub-
lication of Rotenberg et al. [26] that described the
screening of N-TIMP2 variants with multiple muta-
tions for high affinity to MMP-9. Variants with
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Table 1. Wild-type and selected variants with highest predicted binding affinity (predicted log, ER) to MMP-9.

Amino acid at position

Mutant 4 35 38 68 71 97 99 Predicted log, ER
N-TIMP2~° S | N S \ H T -0.218
N-TIMP2p14 R T D W W | Q 12.561
N-TIMP212 R M D W W | Q 12.319
N-TIMP213 R T D W W | D 12.312
N-TIMP2p14 R F D W W | Q 12.118
N-TIMP215 R F D W W | D 12.107

N-TIMP2 is the wild-type version (i.e., without mutations).

improved selectivity were identified by chance rather
than through a directed approach to engineer specific-
ity, highlighting the importance of developing methods
that can target specificity directly rather than relying
on chance.

In this study, we exploited HTS data derived from
affinity screening of N-TIMP2 libraries against MMP-
leat, MMP-3cat, and MMP-9cat (hereafter referred
to as MMP-1, MMP-3, and MMP-9), previously gen-
erated in our lab. We trained an ML model, based on
a supervised learning methodology, to predict the
binding affinity between N-TIMP2 variants and these
three MMPs. Our goal was to design a novel N-
TIMP2 variant with binding superiority for MMP-9
and discriminative binding between MMP-1 and
MMP-3. We identified high-affinity N-TIMP2 variants
for MMP-9 using our previously published model [27]
and trained new affinity models for N-TIMP2/MMP-1
and N-TIMP2/MMP-3 based on our HTS datasets.
We selected a single N-TIMP2 variant, designated N-
TIMP2yiyt, and validated it by inhibition assays
against the three MMPs. Finally, we provided a poten-
tial structural explanation for the selectivity of N-
TIMP2yyt through molecular modeling and energy
minimization tests.

Results

Predicting an N-TIMP2 variant with superior
binding affinity for MMP-9 vs. MMP-1 and
MMP-3

Wild-type N-TIMP2 (N-TIMP2w) has similar affini-
ties for MMP-1 and MMP-9 but a 10-fold lower affin-
ity for MMP-3, thereby making it an ideal candidate
for engineering selective binding [26]. To design a
novel N-TIMP2 variant with differential affinity for
MMPs, namely, high affinity for MMP-9, moderate
affinity for MMP-3, and low affinity for MMP-1, we
trained three ML models to predict the affinity

between a given N-TIMP2 variant and an MMP.
These models, namely, N-TIMP2/MMP-1, N-
TIMP2/MMP-3, and N-TIMP2/MMP-9, were trained
on HTS data derived from an N-TIMP2 library with
mutations in seven key positions (i.e., 4, 35, 38, 68, 71,
97, and 99, PDB ID: 1BUYV). These positions were
selected due to their known importance for MMP
binding and inhibition (i.e., their proximity, within
41&, to the MMP interface and to the catalytic zinc in
the complex structure) and their structural tolerance to
mutagenesis [23]. Specifically, we trained the models
to predict the log, enrichment ratio (ER)—a value
quantifying the relative enrichment of a variant in one
library fraction compared to another, that is, a sorted
library fraction compared to an unsorted, naive
library. By using these models to predict binding affin-
ities, we designed a novel variant with predicted high
affinity for MMP-9, moderate affinity for MMP-3,
and low affinity for MMP-1.

To predict N-TIMP2 variants with high affinity for
MMP-9, we utilized our previously developed N-
TIMP2/MMP-9 model [27], which has a high predic-
tive performance for variants with single mutations.
While a strong improvement in affinity to a single tar-
get may be obtained with no more than one mutation,
selectivity in binding may require N-TIMP2 variants
with multiple mutations. Accordingly, we selected five
N-TIMP2 variants with mutations at all seven inter-
face positions that had the strongest predicted log, ER
values (Table 1).

To select from these five variants an N-TIMP2 vari-
ant with the desired selectivity properties, we devel-
oped N-TIMP2/MMP-1 and N-TIMP2/MMP-3
models to be used in conjunction with our previously
developed N-TIMP2/MMP-9 model; for this purpose,
we adopted the methodological framework previously
developed for the N-TIMP2/MMP-9 model [27]. The
training HTS datasets were generated from an N-
TIMP2y saturation mutagenesis library with single
mutations at the seven key positions. That library was
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Table 2. Read counts of variants categorized by the number of mutations in the five libraries.

Number of mutations®

Library fraction 0 1 2 3 4 5 Total variants
Original library 1 131/140 3142/8.4%10° 1526/2.8 x 10° 81/5.6x 10° 1/6.7 x 107 4882/207
MMP-1_ o 1 124 1250 104 0 0 1479

MMP-1 igh 1 123 1727 82 0 0 1933
MMP-3_ 0w 1 127 1427 85 0 0 1640
MMP-3yign 1 131 1964 124 0 0 2220

aThe number of mutations vs. N-TIMP2yyr. The dataset lacked variants with six or seven mutations.

sorted into library fractions (designated MMP-1, .,
MMP-3 oy, MMP-lyien, and MMP-3y;,,) having
either low or high affinities to MMP-1 and MMP-3
(Table 2).

Our models trained on low-affinity HTS data (N-
TIMP2/MMP-1 and N-TIMP2/MMP-3; )
achieved higher performance on their respective test
set than our models trained on high-affinity HTS data
(N-TIMP2/MMP-1y;e, and N-TIMP2/MMP-3y,p):
Pearson correlations for the low-affinity models of
MMP-1 and MMP-3 were 0.867 and 0.859, respec-
tively (Fig. 1A,B), while the correlations for the high-
affinity models were 0.607 and 0.547, respectively
(Fig. 1C,D).

The above trend was similar to that for prediction
of the inhibition constants (K;) of selected purified N-
TIMP2 variants (15 variants for MMP-1 and 9 for
MMP-3), where the Pearson’s correlations for the low-
affinity models were —0.775 (MMP-1) and —0.607
(MMP-3) (Fig. 2A.B) compared to 0.488 (MMP-1)
and 0.58 (MMP-3) for the high-affinity models
(Fig. 2C,D). These findings demonstrate the superior
predictive performance of the low-affinity models,
which we then used for the subsequent steps of the
variant design process.

Using the N-TIMP2/MMP-11 o and N-
TIMP2/MMP-3; ., models, we selected from the five
variants with the highest affinity for MMP-9 one vari-
ant that also exhibited moderate affinity for MMP-3
and low affinity for MMP-1, by applying the following
procedure. We first predicted the log, ER values for N-
TIMP2/MMP-1,,,, and N-TIMP2/MMP-3;,,, models
for all possible 20’ N-TIMP2 variants and compared
their values to the predictions for the five variants with
the highest predicted affinity for MMP-9. We then
ranked the five variants, in terms of binding to MMP-1
and MMP-3, by calculating the percentage of library
variants having higher log, ER values than that of each
of the five variants, demonstrating that less than 10%
of library variants had lower affinity for MMP-3
(Fig. 3). Among the five selected variants, N-TIMP2y3

and N-TIMP2,;s showed differential binding affinity
between MMP-1 and MMP-3, making these two vari-
ants appropriate candidates for further investigation.
We arbitrarily chose N-TIMP2,,5 and refer to it hence-
forth as N-TIMP2yyr-

N-TIMP2,,ut exhibits differential inhibition
potencies to MMMIP-9, MMP-3, and MMP-1

As the first step in examining the inhibition of
MMP-1, MMP-3, and MMP-9 by N-TIMP2y or N-
TIMP2yut, we expressed the N-TIMP2 proteins and
purified them in soluble form from the yeast Pichia
pastoris, as previously described [25]. Briefly, we
expressed the proteins from the pPICZaA vector that
produces versions of the proteins with a native mature
free N terminus, which is required for inhibitory activ-
ity, and C-terminal His- and c-Myc epitope tags. We
purified the proteins by affinity chromatography, fol-
lowed by size-exclusion chromatography (Fig. 4A,B).
We confirmed the sizes and purity of the variants by
sodium dodecyl sulfate/polyacrylamide gel electropho-
resis (SDS/PAGE) (Fig. 4C). To determine the binding
affinities of purified N-TIMP2wt or N-TIMP2y\yT to
MMP-1, MMP-3, and MMP-9, we performed enzyme
kinetics experiments using a fluorogenic reporter sub-
strate and determined the K; values for each complex
(Fig. 4D-F).

The K; values for N-TIMP2wr in complex with
MMP-1, MMP-3, and MMP-9 were 0.1140.03,
1.38 +0.31, and 0.11 £0.01 nm, respectively—values
that are consistent with those reported in previous
studies [19,21-23]. The K; values of N-TIMP2yyt
interacting with MMP-1, MMP-3, and MMP-9 were
283 £45, 248.3+65.6, and 2.341 £0.116 nm, respec-
tively. These values indicate a significant enhancement
in the selectivity of TIMP2yyt (relative to TIMP2wr)
for MMP-9 versus MMP-3 and MMP-1, namely, N-
TIMP2yut binds to MMP-9 ~106 and ~ 121 times
more strongly than to MMP-3 and MMP-1, respec-
tively, whereas N-TIMP2wr binds only ~ 13 and ~1

© 2025 The Author(s). The FEBS Journal published by John Wiley & Sons Ltd on behalf of
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Fig. 1. Evaluation of N-TIMP2/MMP-1 4., N-TIMP2/MMP-3 .., N-TIMP2/MMP-1ggs, and N-TIMP2/MMP-3g, models trained on low- and
high-affinity datasets, respectively. (A, B) Correlation between predicted and observed log, enrichment ratio (ER) values for low-affinity
datasets of matrix metalloproteinase-1 (MMP-1) and MMP-3. (C, D) Correlation for high-affinity datasets of MMP-1 and MMP-3. Correlation
coefficients (R), p-values, and number of data points (N) are indicated on each panel. N-TIMP2 refers to the N-terminal inhibitory domain of

tissue inhibitor of metalloproteinases-2.

times stronger to MMP-9 than to MMP-3 and MMP-
1, respectively (Table 3). While enhancement in selec-
tivity toward MMP-9 was obtained for N-TIMP2yyt
(relative to TIMP2wr), this enhancement was accom-
panied by a reduction in affinity for all three MMPs
(by ~ 180-, ~2572-, and ~ 21-fold for MMP-3, MMP-
1 and MMP-9, respectively).

Molecular modeling of the binding of
N-TIMP2),y1 to MMPs

Crystal structures reveal that MMP-1, MMP-3, MMP-
9, and MMP-14 share a very similar overall fold in
their catalytic domains (Fig. 5A). However, sequence
differences in their substrate-binding regions, such as

the S-loop and the specificity loop, which are also
involved in binding to N-TIMP2, can modulate the
selectivity of these enzymes (Fig. 5SB) [28-32]. To inves-
tigate the selectivity of the N-TIMP2yyr variant from
a structural perspective, we employed molecular
modeling and energy minimization. We aimed to pre-
dict specific changes in molecular contacts, attributable
to individual mutations of N-TIMP2yyr, that may
contribute to its enhanced selectivity. The kinetics
results demonstrated only a modest reduction of ~ 21-
fold in MMP-9 inhibition by N-TIMP2yyr vs. N-
TIMP2wt, compared to ~ 180-fold loss of MMP-3
inhibition and a much larger > 2500-fold loss of inhi-
bition of MMP-1. We therefore modeled and com-
pared complexes of N-TIMP2y;yt with these three

© 2025 The Author(s). The FEBS Journal published by John Wiley & Sons Ltd on behalf of 5
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Fig. 2. Independent validation of the four machine learning (ML) models using inhibition data for purified MMPs. Correlations between
observed log, enrichment ratio (ER) values and predicted log, relative inhibition constant (K) values for MMP-1 (A, C) and MMP-3 (B, D).
Correlation coefficients (R), P-values, and number of data points (N) are shown on each panel.

MMPs to explore a potential structural explanation
for its selectivity. We note, however, that our struc-
tural analysis does not explicitly account for the poten-
tial impact of loop dynamics. MMP active-site loops
and binding pockets can adopt multiple conforma-
tions, as evidenced by crystal structures and NMR
data [33,34], and such flexibility may also shape inhibi-
tor specificity. Although the mutated N-TIMP2 posi-
tions were chosen for their proximity to the binding
interface, it is possible that these substitutions indi-
rectly affect the loop dynamics of the complexes;
future studies could provide further insight into how
loop mobility contributes to the observed specificity.
In the conserved mode of MMP inhibition by
TIMPs, the TIMP N-terminus binds to the MMP cat-
alytic zinc, and TIMP residues 1-4 occupy the
primed-side substrate-binding subsites of the MMP.

These residues are critical for the affinity of TIMPs to
MMPs [35], with TIMP residues 2 and 4 being particu-
larly important for selectivity [36]. An examination of
the modeled interface around the Serd4Arg substitution
suggests that this mutation is important for the selec-
tivity of N-TIMP2yyt (Fig. 6). In the complex of N-
TIMP2yur with MMP-9, SerdArg is predicted to
form a hydrogen bond network with S-loop residues
Lys184 and Aspl185 (Fig. 6A). Since it is predicted that
N-TIMP2wt Ser4 will form a hydrogen bond with
either Tyr218 or Aspl85, there appears to be no net
loss of interaction attributable to the Ser4Arg muta-
tion. In the complex of N-TIMP2yyt with MMP-3,
Gly192 and Thrl93 afford greater space at the inter-
face to accommodate the Arg (a result of Ser4Arg sub-
stitution), potentially allowing Arg to penetrate deeper
into the substrate cleft and to form a hydrogen bond

6 © 2025 The Author(s). The FEBS Journal published by John Wiley & Sons Ltd on behalf of
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Fig. 4. Purification and characterization of inhibition of N-TIMP2yr and N-TIMP2y,yt proteins. (A, B) Purification of N-TIMP2,yt using affinity
chromatography (nickel-nitrilotriacetic acid, Ni-NTA) and size-exclusion chromatography (Superdex 75), respectively. (C) Analysis of purified
N-TIMP2wr and N-TIMP2yur by 15% sodium dodecyl sulfate—polyacrylamide gel electrophoresis (SDS/PAGE) under non-reducing
conditions. (D-F) Inhibition by N-TIMP2\yr (dark green) and N-TIMP2yur (blue) of the catalytic activity of MMP-9, MMP-3, and MMP-1,
respectively. We followed the cleavage in fluorescence units per seconds (U-s™') of the MMP substrate Mca-Pro-Leu-Gly-Leu-Dpa-Ala-Arg-
NH,- TFA [Mca = (7-methoxycoumarin-4-yl)acetyl, Dpa = N-3-(2,4-dinitrophenyl)-L-2,3-diaminopropionyl and TFA = trifluoroacetic acid] over
time, and determined the initial reaction velocities at each inhibitor concentration. To obtain the inhibition constants (K}, we fitted the data
by multiple regression to Morrison’s tight binding inhibition equation (Egn 5; see Materials and methods). Data is presented as the average
of three independent experiments; error bars represent standard deviation.
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Table 3. Inhibition constants (K) of MMP-1, MMP-3, and MMP-9 with N-TIMP2 proteins.

MMP-9 MMP-3 MMP-1
N-TIMP2 KPP (nm) K2 (nm) KP fold K2 (nm) K2 (nm) KP fold K3 (nm) K2 (nm) KP fold
N-TIMP2wr  0.2766+£0.024  0.11+£0.01 1 4125+0461 1.38+031 13 0.367 + 0.032 0.1140.03 1
N-TIMP2y,ur  6.036+0.301 2.341+0.116 1 742.0+95.1  2483+656 106 872.4 +66.8(904) 953-6372 283 +45 121

2K; and K?pp values (nm) of the purified variants were obtained by fitting the experimental data to Morrison’s tight binding equation (Egn 5;
see Materials and methods); PFold change of K; indicates the ratio between the K; of N-TIMP2 (either N-TIMP2ur or N-TIMP2y,u1) in com-

plex with MMP-3 (or MMP-1) and the K; of N-TIMP2 in complex with MMP-9.

with Thr193 or with Ser225 in the specificity
loop (Fig. 6B). In the complex of MMP-3 with
N-TIMP2wr, Ser4 is predicted to form a hydrogen
bond with Glul84 or GInl62 in the backbone of the
specificity loop, again implying no net loss of interac-
tion. In contrast, in the complex of N-TIMP2y;yr with
MMP-1, it is predicted that the presence of Tyr210
will restrict the conformation of Arg (a result of Ser4-
Arg substitution) (Fig. 6C). In the complex of MMP-1
with N-TIMP2ywr, Ser4 is predicted to form a hydro-
gen bond with either Tyr210 or Gly179. However, in
the complex with the N-TIMP2yyr variant, S-loop
residues Gly178 and Gly179 are not oriented in a man-
ner conducive to hydrogen bonding with Serd4Arg
(Fig. 6C), and the consequent loss of interaction may
contribute to the variant’s loss of affinity for MMP-1.
The long AB-loop of N-TIMP2, which makes con-
tact with the S-loop of the MMP, harbors two muta-
tions in the N-TIMP2yyr variant: Ile35Phe and
Asn38Asp. Our modeling did not suggest major contri-
butions of these relatively conservative substitutions in
the specificity enhancements, despite the known poten-
tial of the AB-loop to influence selectivity [30,37]. The
side chains containing Ile35Phe and Asn38Asp were
not predicted to make significantly close contacts with
any MMP residues; thus, any contributions of these
substitutions to altered specificity may be indirect.
Residues of the TIMP C-connector loop occupy the
non-primed substrate-binding subsites of the MMP,
interacting with the S-loop and PBIV-strand of the
MMP. Our structural modeling suggests that

C-connector loop  substitutions  Ser68Trp and
Val7l1Trp may be major contributors to the
observed alterations in specificity. In the complex of
N-TIMP2y;ytr with MMP-9, the two tryptophan sub-
stitutions are predicted to stack well and to pack via
aromatic and hydrophobic clustering with MMP-9
pIV-strand residues F192 and P193, S-loop residue
Y179, and N-terminal residue L114 (Fig. 7A). Thus,
there appears to be a net gain of interactions in these
regions of MMP-9 compared to the complex with N-
TIMP2wr. In the complex of N-TIMP2yyr with
MMP-3, Val7lTrp is predicted to form an aromatic
cluster with S-loop residues Phel54 and Tyrl55 and
pIV-strand residue Tyrl68 (Fig. 7B). Likewise,
Ser68Trp and Pro67 add to strong aromatic and
hydrophobic clustering. However, comparisons with
the N-TIMP2w1/MMP-3 complex model reveal that
Tyr168, Phel54, and Tyrl55 may form a tighter, more
organized aromatic cluster with N-TIMP2ywt than
with the variant, suggesting that this region may suffer
a modest loss of interactions due to the C-connector
loop mutations. In the complex of N-TIMP2y,yt with
MMP-1, the presence of Ilel91, Phel85, and GInl86
appears to restrict the positioning of Val71Trp and
Ser68Trp (Fig. 7C). Val71Trp is predicted to pack into
a pocket formed by Phel85, Ilel91, Asnl71, and
Ser172, while Ser68Trp lacks stabilizing contacts and
is constrained by GInl86. In contrast, in the complex
of MMP-1 with N-TIMP2w, Val7l is predicted to
form a hydrophobic =n-contact with Phel85, while
Ser68 can form a hydrogen bond with GInlS86.

Fig. 5. Structural and sequence comparison of MMPs. (A) Superposition of the catalytic domain crystal structures of MMP-14 (PDB ID:
1BUV, pink), MMP-9 (PDB ID: 4J1J, light orange), MMP-3 (PDB ID: TUEA, purple), and MMP-1 (PDB ID: 2JOT, green) reveals a common
fold. N-TIMP2 interacts with the catalytic zinc and substrate-binding channel that crosses the enzyme horizontally above helix aB, interacting
with the S-loop and specificity loop. (B) Sequence alignment of the MMP catalytic domains identifies conserved and variable regions.
Secondary structure elements and critical substrate-binding loops are annotated below each sequence. Non-conserved residues highlighted
in yellow may contribute to the enhanced selectivity of N-TIMP2y,t, as described in the text. The structural comparison was performed
using pymoL Molecular Graphics System (Version 2.5.2), with minimal modifications to the original structures (superposing, hiding waters,
etc). The sequence alignment was carried out with cLUSTAL oMEGA server (https://www.ebi.ac.uk/jdispatcher/msa/clustalo?stype=protein), and
the graphic for this was manually constructed in PowerPoint. The sequences were obtained from UniProt with the following accession num-
bers: MMP-1: P03956; MMP-3: P08254; MMP-9: P14780; MMP-14: P50281.

8 © 2025 The Author(s). The FEBS Journal published by John Wiley & Sons Ltd on behalf of
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Fig. 6. Local environment around the Ser4Arg mutation in complexes of N-TIMP2yur with MMP-9, MMP-3, and MMP-1. (A) Modeled
complex of MMP-9 (light orange) bound to N-TIMP2y,ut (yellow). (B) Modeled complex of MMP-3 (purple) bound to N-TIMP2y,ut (pink). (C)
Modeled complex of MMP-1 (green) bound to N-TIMP2yut (cyan). pvmoL Molecular Graphics System Version 2.5.2 was used to generate
the initial models, followed by the relaxation protocol using YASARA (see Materials and methods).
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Fig. 7. Local environment around the C-connector loop mutations in complexes of N-TIMP2yyr with MMP-9, MMP-3, and MMP-1. The
region surrounding Ser68Trp and Val71Trp substitutions in N-TIMP2y,ut is shown in modeled complexes of (A) MMP-9 (light orange) bound
to N-TIMP2yut (yellow), (B) MMP-3 (purple) bound to N-TIMP2yut (pink), and (C) MMP-1 (green) bound to N-TIMP2yur (cyan). pymoL
Molecular Graphics System Version 2.5.2 was used to generate the initial models, followed by the relaxation protocol using YASARA (see

Materials and methods).

Overall, loss of this hydrogen bond in the complex of
MMP-1 with N-TIMP2y,yt and the less optimal pack-
ing of the bulky aromatic substitutions may help to
explain the loss of inhibition of MMP-1.

The EF loop of N-TIMP2 is somewhat removed
from the N-TIMP2-MMP interface, and its interac-
tions with the bound MMP are therefore limited.
Although the EF loop of N-TIMP2y,yt harbored two
mutations, His97Ile and Thr99Asp, neither of these
residues made direct contact with any of the MMPs in
our models. Thus, any impact of these substitutions on
selectivity would likely be indirect.

In summary, our molecular modeling results are in
qualitative agreement with the experimental kinetics
data on the rank ordering of N-TIMP2yyt interac-
tions with MMPs. Our comparisons suggest that the
mutations that are most likely to contribute strongly
to the selectivity gain are Ser4Arg, Ser68Trp, and
Val71Trp. We identified sequence differences between
the three MMPs at positions that interact with the
mutated N-TIMP2 residues that are likely to account
for the differential inhibition. However, the additional
substitutions within N-TIMP2y;yt may also contribute
to the altered specificity in an indirect manner.

10 © 2025 The Author(s). The FEBS Journal published by John Wiley & Sons Ltd on behalf of
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Discussion

Designing selective inhibitors for homologous enzymes
poses significant challenges. By leveraging HTS data-
sets and computational analyses, we successfully
addressed the challenge of designing a novel N-TIMP2
variant with a differential affinity profile: high affinity
for MMP-9, moderate affinity for MMP-3, and low
affinity for MMP-1. Our method significantly reduces
the experimental workload traditionally required for
developing selective inhibitors for different targets and
offers flexibility in choosing the targets. Once the
models are trained, the experimental process can be
tailored to identify inhibitors with specificity for vari-
ous targets. For example, to design a selective N-
TIMP2 inhibitor for MMP-1, high-affinity N-TIMP2
variants for MMP-1 can be prioritized, while variants
with high affinities for MMP-3 and MMP-9 can be
excluded. By virtue of this adaptability, our method
surpasses traditional methods, which often focus solely
on screening for high affinity to a single target [26] or
rely on labeled target enzymes to isolate desired vari-
ants [21].

Since our method relies on computational tech-
niques, it is not limited by the number of enzymes that
can be evaluated. Theoretically, it can be expanded to
find selective inhibitors among more than three
enzymes. This expansion requires only the training of
affinity models for additional MMPs and their integra-
tion into the existing workflow. For additional MMPs
with available HTS data, our framework can efficiently
pinpoint selective variants by identifying variants hav-
ing high affinity for a specific enzyme, while systemati-
cally excluding those that bind to undesired targets.

Our method is effective for identifying selective vari-
ants, but it may impact the overall affinity of the
inhibitor for the target. Indeed, our approach gener-
ated the N-TIMP2yyr variant, which demonstrated
enhanced affinity to MMP-9 compared to MMP-1 and
MMP-3, but its affinity for MMP-9 relative to N-
TIMP2yt was reduced 10-fold. In contrast, Rotenberg
et al. [26] isolated N-TIMP2 variants whose affinity
for MMP-9 was similar to that of N-TIMP2yw, while
exhibiting selective properties across multiple MMPs
(including MMP-3, MMP-8, MMP-10, and MMP-14).
However, these N-TIMP2 variants exhibited other
drawbacks: they contained more mutations than the
N-TIMP2\yT developed in the present study; they did
not achieve selectivity against MMP-1; and despite
starting from an N-TIMP2 variant with selective affin-
ity, they required additional rounds of library genera-
tion and screening. Our approach presented here
achieved comparable selectivity with the incorporation

Modulating selectivity in inhibitor/MMP complexes

of fewer mutations, highlighting the potential for bal-
ancing selectivity and affinity through computational
refinement.

Another limitation of our method is its reliance on
HTS data that are derived from deep mutational scan-
ning (DMS) assays for predicting N-TIMP2 variants.
Such datasets require specialized laboratories to gener-
ate the necessary data, which can be a significant obsta-
cle in this type of research. Recently, however,
databases like MaveDB [38] have made DMS data
accessible. An additional limitation is that our predic-
tions are restricted to the mutated positions included in
the dataset, limiting the ability to assess the effects of
mutations in other positions. For instance, the study of
Rotenberg er al. [260] identified three new positions
(N14, S69, A70) that influence the affinity of N-TIMP2
for MMPs, but our models cannot predict their impact
without HTS data from a library specifically designed
for MMP-9 binding. These unexplored positions may
have significant effects that remain unaccounted for.

Future work should focus on incorporating addi-
tional conformational characteristics into the models
and exploring advanced ML techniques, such as natu-
ral language processing, to enhance model perfor-
mance. Recent breakthroughs in protein language
models and structure prediction may further improve
the prediction performance of our models and reduce
some of the need for experimental HTS data [39,40].
Expanding mutation libraries and applying this meth-
odology to other inhibitors and homologous enzyme
systems will further validate and improve the utility of
our method.

In conclusion, we demonstrated the feasibility of
using computational approaches combined with HTS
data to design selective inhibitors for homologous
enzymes. The flexibility and scalability of our method
make it a valuable tool for streamlining the develop-
ment of selective inhibitors. By addressing current limi-
tations and leveraging advances in computational
biology, this pipeline holds great potential for trans-
forming inhibitor design and accelerating therapeutic
discovery.

Materials and methods

Predicting N-TIMP2 variants with mutations in
seven positions and high affinity for MIMP-9

The N-TIMP2/MMP-9 model, previously developed in our
lab [27], was designed to predict the binding affinity of N-
TIMP?2 variants to MMP-9. It achieved high predictive per-
formance, with Pearson’s correlations of >0.8 in

© 2025 The Author(s). The FEBS Journal published by John Wiley & Sons Ltd on behalf of 1
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cross-validation and —0.545 in predicting absolute affinities.
Here, we used the model trained on HTS data for the N-
TIMP2y;, (named MMP9_model.h5 in the repository). To
identify high-affinity variants, we computationally generated
all 197 possible sequences with mutations in each of seven
key positions. For computational feasibility, we processed
the variants in batches, with all possible mutations generated
at five mutable positions while keeping the remaining two
mutated positions fixed, yielding 19° variants per batch. We
filtered each batch to retain only variants containing muta-
tions at all seven positions. From the filtered variants in
each batch, we selected the five variants with the highest pre-
dicted affinity and selected the top five variants across all
batches as high-affinity candidates (Table 1).

Processing HTS data for MIVIP-1 and MIMIP-3 to
train our ML models

We trained our ML models on two HTS datasets of a
yeast-surface-display N-TIMP2 saturation mutagenesis
library, which were sorted and fractioned according to
affinity to MMP-1 and MMP-3, as described previously
[23]. This library, which was designed to contain single
mutations at seven key positions (but also contains double
and triple mutations, Table 1), was sorted into library frac-
tions based on low and high affinities for MMP-1 and
MMP-3, which we denote as Gater g where T indicates the
target protein (i.e., MMP-1 or MMP-3), and S indicates
the library fraction that includes low or high binding to the
target by N-TIMP2 variants. We denote the original
unsorted library population as Gateprsorr. In a previous
study from our group [23], each library fraction was
sequenced with forward and reverse primers for full cover-
age of the N-TIMP2 gene. Then, the paired-end reads were
merged into a single sequence using the ‘fast length adjust-
ment of short reads’ (FLasH) software [41]. In the current
study, we analyzed these merged N-TIMP2 sequences.

For each sequence, we counted the occurrences of each
N-TIMP2 variant in the gate, and calculated the frequency
of each variant mut; at Gater g as follows:

; _ ffreads mut;Gage, ) (1)
E m“tf(GaleTis) Ton

'21 #reads mut;Gate, )

j=

where #reads mut;Gae, ) is the number of reads for variant
mut; in Gater g and Z;':l#reads MUtjGate; ) 1S the total
number of reads for all variants in Gater g.

Thereafter, to compare the frequencies of each variant to

that of the N-TIMP2wr in the same gate, we calculated the

D. S. Gozlan et al.

Based on the NFs, we calculated the ERs of each variant
in the gate as follows:

Nqut, (Gater s)

ER =
mut; (Galepis) Nme] (Gaterresor)

(©)

We then applied log transformation to base 2 (log,) and
used the resulting log, ER values as labels for training our
ML model.

Dataset

From the HTS dataset of the full-length sequences, we fil-
tered out variants with mutations at positions outside the
seven targeted positions (4, 35, 38, 68, 71, 97, 99) and those
with sequences that were shorter than the N-TIMP2wrt
gene. The final dataset included the amino-acid sequences,
log, ER values, and the read count of each variant in each
Gater g (library fraction). The sequences represent seven
highly tolerant binding interface positions, resulting in a
total of 4882 N-TIMP2 variants (Table 2).

ML model architecture

We trained four models, each predicting the log, ERs of
MMP-1 or MMP-3 in the low or high gate. We one-hot
encoded the input sequence of each variant, resulting in a
matrix of dimensions 20 X 7 = 140. We flattened the matrices
and used them as input to a multi-layered perceptron net-
work. Based on the N-TIMP2/MMP-9 model [27], we tested
two architectures (referred to in the original study as ‘Lib’
and ‘Ala’) and selected the one with the best performance in
the hyper-parameter search for each model (Fig. 8).

Hyper-parameter search and evaluation

To select the best hyper-parameters for each model, we
sorted the variants in each dataset by the sum of their read
counts in Gatepresor; and Gater s. We selected the top 10%
in the total read count to be the test set, and the next
10% as the validation set to ensure high quality and reli-
able datasets for model evaluation and hyper-parameter
tuning. We tested 360 possible hyper-parameter combina-
tions across the two architectures (‘Lib’> and ‘Ala’) using
the search space that was previously defined in the N-
TIMP2/MMP-9 model optimization [27] (Table 4). For
sample weighting, which is used to assign variable weights
to different data points in model training, we used the log,
sum of read counts in Gatepresore and Gater g, prioritizing
variants with larger statistical samples. To enhance model

normalized frequency (NF), Nmel(Gch e S follows: robustness, for .ee%c.h . combination we emp.loyed. .the
- random-ensemble-initialization approach, that is, training

‘fmUl/(Gz\teT ) 10 models with different randomly initialized weights and

NF MUG(Gaer ) :}‘7)' @ training batches, as was utilized successfully in the N-

WGaters) TIMP2/MMP-9 model [27]. The final prediction output is
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Output layer

Fig. 8. Architecture of the model. The input is a one-hot encoded matrix of seven binding residues. The model consists of two fully
connected layers (FCLs), with a rectified linear unit (ReLU) activation function and a dropout layer (DLR). In the ‘Lib" architecture: FCL1 =32
neurons, DLR1=20%, FCL2=4 neurons, DLR2=10%. In the ‘Ala’ architecture: FCL1 =8 neurons, DLR1=0%; FCL2 =2 neurons,
DLR2 =30%. The output layer is a single neuron with a linear activation function.

Table 4. Hyper-parameter search range and optimal values. DLR, dropout layer; FCL, fully connected layers.

N-TIMP2/MMP- N-TIMP2/MMP- N-TIMP2/MMP-  N-TIMP2/MMP-
Hyper-parameter Search range Thigh 3low 3high
Batch size {2, 4,8, 16, 32, 64} 8 2 8
Number of epochs {10, 20, 30, 40, 50} 50 40 40
Optimizer learning rate {1074 5% 1074, 1075, 5% 1072, 1072,  0.005 0.001 0.001 0.005
3x107%
Architecture {'Ala’®, ‘Lib’®} ‘Lib’ ‘Lib’ ‘Ala’
Sample weight {'no-weight’, 'with-weight'} ‘no-weight’ ‘no-weight’ ‘no-weight’ ‘with-weight’
Pearson® (for the - 0.754 0.363 0.710 0.698
validation set)
Pearson® (for the test - 0.864 0.64 0.88 0.602

set)

aArchitecture: FCL1 =32 neurons, DLR1 =20%, FCL2 =4 neurons, DLR2 = 10%: °Architecture: FCL1 =8 neurons, DLR1 =0%; FCL2 =2
neurons, DLR2 =30%; °Pearson: Pearson correlation was used to determine the linear correlation between the predicted and experimental

enrichment ratios (ERs) (Egn 4; see Materials and methods).

the average of the 10 trained models. We evaluated each
combination by calculating the Pearson’s correlation
(Eqn 4) between predicted and experimental log, ER values
of the validation set. We chose the hyper-parameter
values that lead to the highest Pearson correlation on the
validation set of each model separately.

> ¥ )
V0P 07)

where x;, y; are the value of the predicted/experimental ER
and X,y mean of the predicted/experimental ER.

Pearson =

4

Independent evaluation of our ML models

To independently evaluate model performance, we obtained
K; values from previous studies. The resultant set included

K; values for complexes of N-TIMP2yw and N-TIMP2 var-
iants with MMP-1 (15 K; values) and with MMP-3 (9 K;
values) (Fig. 2). K; values for all variants were determined
using the same method as described under ‘Catalytic activ-
ity and inhibition assays’ below. To normalize K; values
and minimize inter-study variability, we calculated the log,
ratio of each variant’s K; to the K; of the purified N-
TIMP2w within the same study. Next, we trained a model
on the entire dataset, excluding the purified variants to
avoid a biased evaluation. Finally, we calculated the Pear-
son correlation between the predicted log, ER and the nor-
malized log, K.

Production and purification of soluble proteins

For the experiments performed to generate the data, we
used the catalytic domains of MMP-1, MMP-3, and

© 2025 The Author(s). The FEBS Journal published by John Wiley & Sons Ltd on behalf of 13
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MMP-9. We used established protocols for expression and
purification for the catalytic domains of MMP-1 and
MMP-3 (designated MMP-1cat and MMP-3cat) [37,42].
For MMP-9, we expressed and purified the human MMP9
catalytic domain (MMP-9cat), without the fibronectin-
like domain (residues 107-215 and 391-443) [43], accord-
ing to a previously described protocol, with some modifi-
cations [44]. We started the procedure with expression of
the gene in BI21(DE3) pLysS Escherichia coli cells in a
pET28 vector (with an N-terminal 6 X His tag) and induc-
tion with ImmMm isopropyl B-p-1-thiogalactopyranoside
overnight at 30 °C. We purified the enzyme by nickel affin-
ity chromatography, followed by anion-exchange chroma-
tography and chromatography. We
determined protein concentrations by measuring UV-
Visible absorbance at 280 nm, using extinction coefficients
(€280) of 25440, 28 420, and 33920 M '.cm ™! for MMP-1,
MMP-3, and MMP-9, respectively, on a NanoDrop Spec-
trophotometer (Thermo Scientific, Waltham, MA, USA).
Finally, we confirmed the purity of the proteins by
SDS/PAGE analysis. The concentrations of MMP-1,
MMP-3, and MMP-9 were quantified by active site titra-
tion using N-TIMP2w, which binds all enzymes with suf-
ficiently  strong affinity to quantitative
stoichiometric complex formation at the enzyme concen-
trations employed (10 nm) [45].

We produced soluble N-TIMP2wt and N-TIMP2yut
proteins in Pichia pastoris strain X-33 using pPICZa (Invi-
trogen, Waltham, CA, USA), as previously described with
some modifications [21]. Briefly, we cloned N-TIMP2wt
and N-TIMP2yyr into the pPICZaA vector for expression
in Pichia pastoris strain X-33. Both proteins carried c-Myc
and 6 x His tags at the C-terminus for protein detection
and purification, respectively. We purified the proteins from
the yeast growth medium with nickel nitrilotriacetic acid-
Sepharose beads (Invitrogen) that were equilibrated in a
mixture of 50mm Tris, pH 7.5, 300 mm NaCl, and 10 mm
imidazole. The elution buffer was 50mm Tris, pH 7.5,
300 mm NaCl. We further purified the proteins by gel filtra-
tion using a Superdex 75 column (GE Healthcare, Pitts-
burgh, PA, USA) that was equilibrated in 50 mm Tris, pH
7.5, 300mm NaCl, and 5mm CaCl, at a flow rate of
0.8 mL-min~! on an AKTA pure instrument (GE Health-
care). We used SDS/PAGE and mass spectrometry analysis
(Ilse Katz Institute for Nanoscale Science and Technology,
BGU, Israel) to verify protein sizes. We determined protein
concentrations using UV-Vis absorbance at 280 nm on a
NanoDrop Spectrophotometer (€280 of 13325M 'cm™!
for N-TIMP2ywt and N-TIMP2yyt). Yields for all purified
proteins ranged from 2 to 21 mg-L~%.

size-exclusion

censure

Catalytic activity and inhibition assays

We performed catalytic activity and inhibition assays as
previously described with minor modifications [24]. We
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tested N-TIMP2w and its variant N-TIMP2y;yr for inhib-
itory activity by incubating them with the three different
MMPs at the following concentrations: 0.325nmM MMP-1
with 0.325 to 16 nm N-TIMP2wy or with 0.1 to 250 nm of
N-TIMP2yyt; 0.325nm MMP-3 with 0.325-16nm  N-
TIMP2wt or with 0.1 to 250nm of N-TIMP2wrt; or
0.325nm MMP-9 with 0.325 to 16 nm N-TIMP2wt or N-
TIMP2y\yt. We performed all incubations in TCNB buffer
(50mm Tris, pH 7.5, 100mMm NaCl, 5mm CaCl,, and
0.05% Brij) for 1h at 37°C. After incubation, we added
the fluorogenic substrate Mca-Pro-Leu-Gly-Leu-Dpa-Ala-
Arg-NH,- TFA [Mca = (7-methoxycoumarin-4-yl)acetyl,
Dpa = N-3-(2,4-dinitrophenyl)-L-2,3-diaminopropionyl and
TFA = trifluoroacetic acid] (Merck Millipore, Burlington,
MA, USA) at a final concentration of 7.5pum for all
MMPs. We used a Synergy 2 plate reader (BioTek, Winoo-
ski, VT, USA) to monitor the fluorescence at 37 °C using
340/30 excitation and 400/30 emission filters. We tracked
the fluorescence for 60 min and calculated initial rates from
the linear portion of fluorescence increase caused by sub-
strate cleavage. To verify that equilibrium was achieved,
before data collection we tested a range of preincubation
times (up to 120 min) and confirmed that 60 min yielded
indistinguishable initial rates; extending the preincubation
further did not change slope, indicating the system had
reached equilibrium for all MMP-N-TIMP2 pairs. We
globally fitted the data by multiple regression to Morrison’s
tight binding inhibition equation (Eqn 5) using GRAPHPAD
prisM 7 (San Diego, CA, USA). To calculate the inhibition
constant, K;, we plotted the initial velocities against differ-
ent concentrations of the inhibitors. The reported K; values
are the means of three independent experiments =+ standard
deviation. In the calculations, we used K,, values of
3.607 £ 0.598 pm for MMP-1, 3.771 £ 0.428 pm for MMP-3,
and 4.75 4+ 0.528 pm for MMP-9, as determined using Mca-
Pro-Leu-Gly-Leu-Dpa-Ala-Arg-NH,- TFA from at least
three Michaelis—Menten kinetic experiments performed in
our laboratory.

(L8] (1 K= (] + 1)+ K577 4]
3E s)

Vi
|14

where V; and V), are the enzyme (MMP) velocities in the
presence and absence of the relevant N-TIMP2 inhibitor,
respectively; E and I are the concentrations of enzyme and
inhibitor, respectively; K,, is the Michaelis-Menten con-
stant; and K;™ is the apparent inhibition constant, which is
given by: Ki"" =K;( 1 —1—1[(ﬂ , where S is the substrate con-
centration. By including both [S] and K, as fixed parame-
ters in the Prism global fit of Eqn (5), we obtain the
intrinsic K; value.

To evaluate the specificity of N-TIMP2wt or N-TIMP2-
MUT for the MMPs, we calculated the fold change (ki 10ld) in the N-
TIMP2 inhibition constant for MMP-9 relative to the fold
changes for MMP-1 and MMP-3.

14 © 2025 The Author(s). The FEBS Journal published by John Wiley & Sons Ltd on behalf of

Federation of European Biochemical Societies.



D. S. Gozlan et al.

Molecular modeling analysis

The model of MMP-9/N-TIMP2wt was previously con-
structed and utilized by our group [46], by superposing
the MMP-9 chain from PDB ID: 4J1J [47] onto the
MMP-14 chain of PDB ID: 1BUV [48]. To create the
MMP-1/N-TIMP2r, we superposed the N-TIMP2 chain
from the existing model onto the TIMP1 chain of PDB
ID: 2JOT [49]. Similarly, the MMP-3/N-TIMP2wt model
aligned the N-TIMP2 chain onto the TIMP-1 chain of
PDB ID: IUEA [50].

To generate the MMP/N-TIMP2yur complexes, we
introduced mutations using pymoL (Schrodinger, LLC,
New York, NY, USA. The PyMOL Molecular Graphics
System, Version 2.5.2). The rotamers of the mutated side
chains were adjusted to minimize clashes. All models
were subjected to identical energy minimization proto-
cols [51], which included 500 ps of minimization with
YASARA [52] using the YASARA?2 forcefield in a cubic
simulation box extending 10A from the protein. The
simulation box was filled with TIP3P water of density
0.997¢.L™" and Na*/Cl™ counterions at 0.9%, at a tem-
perature of 298K and a pH of 7.4. The simulation inte-
gration timestep was 2fs, and atomic coordinates were
saved as a simulation frame every 25ps. We plotted the
global energy of these frames to ensure energetic conver-
gence of the relaxation, and chose representative frames
for structural comparisons.

Acknowledgements

Reut Meiri thanks the Israel Data Science and Al Ini-
tiative (IDSAI) for providing cloud credit for this
work. This work was supported by the Isracli Council
for Higher Education (CHE) via the Data Science
Research Center, Ben-Gurion University of the Negev,
Israel to YO, the Rosetrees Trust (OoR2022/100004),
the Worldwide Cancer Research (grant number 20-
0238), the Israel Cancer Research Fund (ICRF) (grant
number 846497), and the United States-Israel Bina-
tional Science Foundation (grant number 2019303)
to NP.

Conflict of interest

The authors declare no conflict of interest.

Author contributions

ESR, YO, and NP designed the research; DSG,
RM, GS, and MC performed the research;
DSG, RM, GS, MC, ESR, YO, and NP analyzed
the data; DSG, MC, ESR, YO, and NP wrote
the paper.

Modulating selectivity in inhibitor/MMP complexes

Peer review

The peer review history for this article is available at
https://www.webofscience.com/api/gateway/wos/peer-
review/10.1111/febs.70249.

Data availability statement

HTS data used in this study are publicly available in
NCBI Gene Expression Omnibus (GEO) repository
under accession number GSE290918: https://www.
ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE290918.
The code trained models and processed datasets
are available at https://github.com/OrensteinLab/
N-TIMP2--MMP-selectivity. The protein structures
used in this study are publicly available from the Pro-
tein Data Bank (PDB). The following accession codes
correspond to the structural models analyzed in this
manuscript: 1BUV, 4J1J, 1UEA, and 2JOT.

References

1 De La Fuente M, Lombardero L, Gémez-Gonzalez A,
Solari C, Angulo-Barturen I, Acera A, Vecino E,
Astigarraga E & Barreda-Gémez G (2021) Enzyme
therapy: current challenges and future perspectives. Int
J Mol Sci 22, 9181.

2 Drag M & Salvesen GS (2010) Emerging principles in
protease-based drug discovery. Nat Rev Drug Discov 9,
690-701.

3 McStay GP, Salvesen GS & Green DR (2008)
Overlapping cleavage motif selectivity of caspases:
implications for analysis of apoptotic pathways. Cell
Death Differ 15, 322-331.

4 Silvian L, Enyedy I & Kumaravel G (2013) Inhibitors
of protein—protein interactions: new methodologies to
tackle this challenge. Drug Discov Today Technol 10,
e509—-e515.

5 Hietpas RT, Jensen JD & Bolon DN (2011)
Experimental illumination of a fitness landscape. Proc
Natl Acad Sci U S A 108, 7896-7901.

6 Cho S, Swaminathan CP, Yang J, Kerzic MC, Guan R,
Kieke MC, Kranz DM, Mariuzza RA & Sundberg EJ
(2005) Structural basis of affinity maturation and
intramolecular cooperativity in a protein-protein
interaction. Structure 13, 1775-1787.

7 Miersch S, Li Z, Hanna R, McLaughlin ME, Hornsby
M, Matsuguchi T, Paduch M, Sidif A, Wells J, Koide S
et al. (2015) Scalable high throughput selection from
phage-displayed synthetic antibody libraries. J Vis Exp
95, 51492.

8 Ernst A, Avvakumov G, Tong J, Fan Y, Zhao Y,
Alberts P, Persaud A, Walker JR, Neculai AM, Neculai
D et al. (2013) A strategy for modulation of enzymes in
the ubiquitin system. Science 339, 590-595.

© 2025 The Author(s). The FEBS Journal published by John Wiley & Sons Ltd on behalf of 15

Federation of European Biochemical Societies.


https://www.rcsb.org/structure/4JIJ
https://www.rcsb.org/structure/1BUV
https://www.rcsb.org/structure/2J0T
https://www.rcsb.org/structure/1UEA
https://www.webofscience.com/api/gateway/wos/peer-review/10.1111/febs.70249
https://www.webofscience.com/api/gateway/wos/peer-review/10.1111/febs.70249
https://www.webofscience.com/api/gateway/wos/peer-review/10.1111/febs.70249
https://www.webofscience.com/api/gateway/wos/peer-review/10.1111/febs.70249
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE290918
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE290918
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE290918
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE290918
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE290918
https://protect.checkpoint.com/v2/___https://github.com/OrensteinLab/N-TIMP2--MMP-selectivity___.YzJlOmJlbmd1cmlvbnVuaXZlcnNpdHlvZnRoZW5lZ2V2OmM6bzplNzJiY2VhMWQ3MGM3YjhmZDg1YWZhMzJjYmRkMjlhYjo2OjIwZWE6ZjgyM2MzMmUyZjY0Y2ZmZjJjZDcxYTFkYzNiNzZjNDNkMTJmY2NlMzEwMWMyY2Q2YzNjMTlhOTczMDI0Y2VmNzpwOlQ6Tg
https://protect.checkpoint.com/v2/___https://github.com/OrensteinLab/N-TIMP2--MMP-selectivity___.YzJlOmJlbmd1cmlvbnVuaXZlcnNpdHlvZnRoZW5lZ2V2OmM6bzplNzJiY2VhMWQ3MGM3YjhmZDg1YWZhMzJjYmRkMjlhYjo2OjIwZWE6ZjgyM2MzMmUyZjY0Y2ZmZjJjZDcxYTFkYzNiNzZjNDNkMTJmY2NlMzEwMWMyY2Q2YzNjMTlhOTczMDI0Y2VmNzpwOlQ6Tg
https://protect.checkpoint.com/v2/___https://github.com/OrensteinLab/N-TIMP2--MMP-selectivity___.YzJlOmJlbmd1cmlvbnVuaXZlcnNpdHlvZnRoZW5lZ2V2OmM6bzplNzJiY2VhMWQ3MGM3YjhmZDg1YWZhMzJjYmRkMjlhYjo2OjIwZWE6ZjgyM2MzMmUyZjY0Y2ZmZjJjZDcxYTFkYzNiNzZjNDNkMTJmY2NlMzEwMWMyY2Q2YzNjMTlhOTczMDI0Y2VmNzpwOlQ6Tg
https://protect.checkpoint.com/v2/___https://github.com/OrensteinLab/N-TIMP2--MMP-selectivity___.YzJlOmJlbmd1cmlvbnVuaXZlcnNpdHlvZnRoZW5lZ2V2OmM6bzplNzJiY2VhMWQ3MGM3YjhmZDg1YWZhMzJjYmRkMjlhYjo2OjIwZWE6ZjgyM2MzMmUyZjY0Y2ZmZjJjZDcxYTFkYzNiNzZjNDNkMTJmY2NlMzEwMWMyY2Q2YzNjMTlhOTczMDI0Y2VmNzpwOlQ6Tg
https://protect.checkpoint.com/v2/___https://github.com/OrensteinLab/N-TIMP2--MMP-selectivity___.YzJlOmJlbmd1cmlvbnVuaXZlcnNpdHlvZnRoZW5lZ2V2OmM6bzplNzJiY2VhMWQ3MGM3YjhmZDg1YWZhMzJjYmRkMjlhYjo2OjIwZWE6ZjgyM2MzMmUyZjY0Y2ZmZjJjZDcxYTFkYzNiNzZjNDNkMTJmY2NlMzEwMWMyY2Q2YzNjMTlhOTczMDI0Y2VmNzpwOlQ6Tg
https://protect.checkpoint.com/v2/___https://github.com/OrensteinLab/N-TIMP2--MMP-selectivity___.YzJlOmJlbmd1cmlvbnVuaXZlcnNpdHlvZnRoZW5lZ2V2OmM6bzplNzJiY2VhMWQ3MGM3YjhmZDg1YWZhMzJjYmRkMjlhYjo2OjIwZWE6ZjgyM2MzMmUyZjY0Y2ZmZjJjZDcxYTFkYzNiNzZjNDNkMTJmY2NlMzEwMWMyY2Q2YzNjMTlhOTczMDI0Y2VmNzpwOlQ6Tg
https://protect.checkpoint.com/v2/___https://github.com/OrensteinLab/N-TIMP2--MMP-selectivity___.YzJlOmJlbmd1cmlvbnVuaXZlcnNpdHlvZnRoZW5lZ2V2OmM6bzplNzJiY2VhMWQ3MGM3YjhmZDg1YWZhMzJjYmRkMjlhYjo2OjIwZWE6ZjgyM2MzMmUyZjY0Y2ZmZjJjZDcxYTFkYzNiNzZjNDNkMTJmY2NlMzEwMWMyY2Q2YzNjMTlhOTczMDI0Y2VmNzpwOlQ6Tg
https://protect.checkpoint.com/v2/___https://github.com/OrensteinLab/N-TIMP2--MMP-selectivity___.YzJlOmJlbmd1cmlvbnVuaXZlcnNpdHlvZnRoZW5lZ2V2OmM6bzplNzJiY2VhMWQ3MGM3YjhmZDg1YWZhMzJjYmRkMjlhYjo2OjIwZWE6ZjgyM2MzMmUyZjY0Y2ZmZjJjZDcxYTFkYzNiNzZjNDNkMTJmY2NlMzEwMWMyY2Q2YzNjMTlhOTczMDI0Y2VmNzpwOlQ6Tg
https://protect.checkpoint.com/v2/___https://github.com/OrensteinLab/N-TIMP2--MMP-selectivity___.YzJlOmJlbmd1cmlvbnVuaXZlcnNpdHlvZnRoZW5lZ2V2OmM6bzplNzJiY2VhMWQ3MGM3YjhmZDg1YWZhMzJjYmRkMjlhYjo2OjIwZWE6ZjgyM2MzMmUyZjY0Y2ZmZjJjZDcxYTFkYzNiNzZjNDNkMTJmY2NlMzEwMWMyY2Q2YzNjMTlhOTczMDI0Y2VmNzpwOlQ6Tg
https://protect.checkpoint.com/v2/___https://github.com/OrensteinLab/N-TIMP2--MMP-selectivity___.YzJlOmJlbmd1cmlvbnVuaXZlcnNpdHlvZnRoZW5lZ2V2OmM6bzplNzJiY2VhMWQ3MGM3YjhmZDg1YWZhMzJjYmRkMjlhYjo2OjIwZWE6ZjgyM2MzMmUyZjY0Y2ZmZjJjZDcxYTFkYzNiNzZjNDNkMTJmY2NlMzEwMWMyY2Q2YzNjMTlhOTczMDI0Y2VmNzpwOlQ6Tg
https://www.rcsb.org/structure/1BUV
https://www.rcsb.org/structure/4JIJ
https://www.rcsb.org/structure/1UEA
https://www.rcsb.org/structure/2J0T

Modulating selectivity in inhibitor/MMP complexes

9

10

11

12

13

14

15

16

17

18

19

20

21

16

Papo N, Silverman AP, Lahti JL & Cochran JR (2011)
Antagonistic VEGF variants engineered to
simultaneously bind to and inhibit VEGFR2 and o,f;
integrin. Proc Natl Acad Sci U S A 108, 14067-14072.
Gilbreth RN, Truong K, Madu I, Koide A, Wojcik JB,
Li NS, Piccirilli JA, Chen Y & Koide S (2011) Isoform-
specific monobody inhibitors of small ubiquitin-related
modifiers engineered using structure-guided library
design. Proc Natl Acad Sci U S A 108, 7751-7756.

Sha F, Gencer EB, Georgeon S, Koide A, Yasui N,
Koide S & Hantschel O (2013) Dissection of the BCR-
ABL signaling network using highly specific monobody
inhibitors to the SHP2 SH2 domains. Proc Natl Acad
Sci U S A 110, 14924-14929.

Wojcik J, Hantschel O, Grebien F, Kaupe I, Bennett
KL, Barkinge J, Jones RB, Koide A, Superti-Furga G
& Koide S (2010) A potent and highly specific FN3
monobody inhibitor of the Abl SH2 domain. Nat Struct
Mol Biol 17, 519-527.

Cohen-Khait R & Schreiber G (2016) Low-stringency
selection of TEM1 for BLIP shows interface plasticity
and selection for faster binders. Proc Natl Acad Sci U S
A 113, 14982-14987.

Jardine JG, Kulp DW, Havenar-Daughton C, Sarkar
A, Briney B, Sok D, Sesterhenn F, Erefio-Orbea J,
Kalyuzhniy O, Deresa I et al. (2016) HIV-1 broadly
neutralizing antibody precursor B cells revealed by
germline-targeting immunogen. Science 351, 1458—1463.
Beekman AM, Cominetti MMD, Walpole SJ, Prabhu
S, O’Connell MA, Angulo J & Searcey M (2019)
Identification of selective protein—protein interaction
inhibitors using efficient in silico peptide-directed ligand
design. Chem Sci 10, 4502-4508.

Katz BA, Sprengeler PA, Luong C, Verner E, Elrod K,
Kirtley M, Janc J, Spencer JR, Breitenbucher JG, Hui
H et al. (2001) Engineering inhibitors highly selective
for the S1 sites of Ser190 trypsin-like serine protease
drug targets. Chem Biol 8, 1107-1121.

Xing C, Wang L, Tang X & Sham YY (2007)
Development of selective inhibitors for anti-apoptotic
Bcl-2 proteins from BHI-1. Bioorg Med Chem 15, 2167—
2176.

Chen TS, Palacios H & Keating AE (2013) Structure-
based redesign of the binding specificity of anti-
apoptotic Bcl-xy. J Mol Biol 425, 171-185.

Wang W & Saven JG (2002) Designing gene libraries
from protein profiles for combinatorial protein
experiments. Nucleic Acids Res 30, ¢120.

Wang DD, Zhu M & Yan H (2021) Computationally
predicting binding affinity in protein-ligand complexes:
free energy-based simulations and machine learning-
based scoring functions. Brief Bioinform 22, bbaal07.
Shirian J, Arkadash V, Cohen I, Sapir T, Radisky ES,
Papo N & Shifman JM (2018) Converting a broad
matrix metalloproteinase family inhibitor into a specific

22

23

24

25

26

27

28

29

30

31

32

33

D. S. Gozlan et al.

inhibitor of MMP-9 and MMP-14. FEBS Lett 592,
1122-1134.

Yano H, Nishimiya D, Kawaguchi Y, Tamura M &
Hashimoto R (2020) Discovery of potent and specific
inhibitors targeting the active site of MMP-9 from the
engineered SPINK2 library. PLoS One 15, €0244656.
Aharon L, Aharoni SL, Radisky ES & Papo N (2020)
Quantitative mapping of binding specificity landscapes
for homologous targets by using a high-throughput
method. Biochem J 477, 1701-1719.

Arkadash V, Radisky ES & Papo N (2018)
Combinatorial engineering of N-TIMP2 variants that
selectively inhibit MMP9 and MMP14 function in the
cell. Oncotarget 9, 32036-32053.

Arkadash V, Yosef G, Shirian J, Cohen I, Horev Y,
Grossman M, Sagi I, Radisky ES, Shifman JM & Papo
N (2017) Development of high affinity and high
specificity inhibitors of matrix metalloproteinase 14
through computational design and directed evolution. J
Biol Chem 292, 3481-3495.

Rotenberg N, Feldman M, Shirian J, Hockla A,
Radisky ES & Shifman JM (2024) Engineered TIMP2
with narrow MMP-9 specificity is an effective inhibitor
of invasion and proliferation of triple-negative breast
cancer cells. J Biol Chem 300, 107867.

Meiri R, Lotati SL, Orenstein Y & Papo N (2024)
Deep neural networks for predicting the affinity
landscape of protein-protein interactions. iScience 27,
110772.

Engel CK, Pirard B, Schimanski S, Kirsch R,
Habermann J, Klingler O, Schlotte V, Weithmann KU
& Wendt KU (2005) Structural basis for the highly
selective inhibition of MMP-13. Chem Biol 12, 181-189.
Overall CM & Kleifeld O (2006) Towards third
generation matrix metalloproteinase inhibitors for
cancer therapy. Br J Cancer 94, 941-946.

Pochetti G, Montanari R, Gege C, Chevrier C, Taveras
AG & Mazza F (2009) Extra binding region induced by
non-zinc chelating inhibitors into the S;” subsite of
matrix metalloproteinase 8 (MMP-8). J Med Chem 52,
1040-1049.

Raeeszadeh-Sarmazdeh M, Coban M, Mahajan S,
Hockla A, Sankaran B, Downey GP, Radisky DC &
Radisky ES (2022) Engineering of tissue inhibitor of
metalloproteinases TIMP-1 for fine discrimination
between closely related stromelysins MMP-3 and
MMP-10. J Biol Chem 298, 101654.

Tallant C, Marrero A & Gomis-Riith FX (2010) Matrix
metalloproteinases: fold and function of their catalytic
domains. Biochim Biophys Acta 1803, 20-28.

Lovejoy B, Welch AR, Carr S, Luong C, Broka C,
Hendricks RT, Campbell JA, Walker KA, Martin R,
Van Wart H et al. (1999) Crystal structures of MMP-1
and -13 reveal the structural basis for selectivity of
collagenase inhibitors. Nat Struct Biol 6, 217-221.

© 2025 The Author(s). The FEBS Journal published by John Wiley & Sons Ltd on behalf of

Federation of European Biochemical Societies.



D. S. Gozlan et al.

34

35

36

37

Bertini I, Calderone V, Cosenza M, Fragai M, Lee
YM, Luchinat C, Mangani S, Terni B & Turano P
(2005) Conformational variability of matrix
metalloproteinases: beyond a single 3D structure. Proc
Natl Acad Sci U S A 102, 5334-5339.

Brew K & Nagase H (2010) The tissue inhibitors of
metalloproteinases (TIMPs): an ancient family with
structural and functional diversity. Biochim Biophys
Acta 1803, 55-71.

Lee MH, Rapti M & Murphy G (2005) Total conversion
of tissue inhibitor of metalloproteinase (TIMP) for
specific metalloproteinase targeting: fine-tuning TIMP-4
for optimal inhibition of tumor necrosis factor-a-
converting enzyme. J Biol Chem 280, 15967-15975.
Suzuki K, Kan CC, Hung W, Gehring MR, Brew K &
Nagase H (1998) Expression of human pro-matrix
metalloproteinase 3 that lacks the N-terminal 34
residues in Escherichia coli: autoactivation and
interaction with tissue inhibitor of metalloproteinase 1
(TIMP-1). Biol Chem 379, 185-191.

44

45

46

47

Modulating selectivity in inhibitor/MMP complexes

Waterson D, Henney AM et al. (2002) Crystal structure
of human MMP9 in complex with a reverse
hydroxamate inhibitor. J Mol Biol 319, 173-181.
Sela-Passwell N, Trahtenherts A, Krueger A & Sagi I
(2011) New opportunities in drug design of
metalloproteinase inhibitors: combination between
structure—function experimental approaches and systems
biology. Expert Opin Drug Discovery 6, 527-542.
Murphy G & Willenbrock F (1995) Tissue inhibitors of
matrix metalloendopeptidases. Methods Enzymol 248,
496-510.

Hayun H, Coban M, Bhagat AK, Ozer E, Alfonta L,
Caulfield TR, Radisky ES & Papo N (2023) Utilizing
genetic code expansion to modify N-TIMP2 specificity
towards MMP-2, MMP-9, and MMP-14. Sci Rep 13,
5186.

Tranchant I, Vera L, Czarny B, Amoura M, Cassar E,
Beau F, Stura EA & Dive V (2014) Halogen bonding
controls selectivity of FRET substrate probes for
MMP-9. Chem Biol 21, 408-413.

38 Esposito D, Weile J, Shendure J, Starita LM, Papenfuss 48 Fernandez-Catalan C, Bode W, Huber R, Turk D,
AT, Roth FP, Fowler DM & Rubin AF (2019) Calvete JJ, Lichte A, Tschesche H & Maskos K (1998)
MaveDB: an open-source platform to distribute and Crystal structure of the complex formed by the
interpret data from multiplexed assays of variant effect. membrane type 1-matrix metalloproteinase with
Genome Biol 20, 1-11. the tissue inhibitor of metalloproteinases-2, the soluble

39 Jumper J, Evans R, Pritzel A, Green T, Figurnov M, progelatinase a receptor. EMBO J 17, 5238-5248.
Ronneberger O, Tunyasuvunakool K, Bates R, Zidek A, 49 TIyer S, Wei S, Brew K & Acharya KR (2007) Crystal
Potapenko A et al. (2021) Highly accurate protein structure of the catalytic domain of matrix
structure prediction with AlphaFold. Nature 596, 583-589. metalloproteinase-1 in complex with the inhibitory

40 Chen JY, Wang JF, Hu Y, Li XH, Qian YR & Song domain of tissue inhibitor of metalloproteinase-1. J Biol
CL (2025) Evaluating the advancements in protein Chem 282, 364-371.
language models for encoding strategies in 50 Gomis-Ruth FX, Maskos K, Betz M, Bergner A,
protein function prediction: a comprehensive review. Huber R, Suzuki K, Yoshida N, Nagase H, Brew K,
Front Bioeng Biotechnol 13, 1506508. Bourenkov GP et al. (1997) Mechanism of inhibition of

41 Mago¢ T & Salzberg SL (2011) FLASH: fast length the human matrix metalloproteinase stromelysin-1 by
adjustment of short reads to improve genome TIMP-1. Nature 389, 77-81.
assemblies. Bioinformatics 27, 2957-2963. 51 Krieger E, Darden T, Nabuurs SB, Finkelstein A &

42 Bahudhanapati H, Zhang Y, Sidhu SS & Brew K Vriend G (2004) Making optimal use of empirical
(2011) Phage display of tissue inhibitor of energy functions: force-field parameterization in crystal
Metalloproteinases-2 (TIMP-2). J Biol Chem 286, space. Proteins 57, 678-683.

31761-31770. 52 Krieger E & Vriend G (2015) New ways to boost

43 Rowsell S, Hawtin P, Minshull CA, Jepson H, molecular dynamics simulations. J Comput Chem 36,
Brockbank SM, Barratt DG, Slater AM, McPheat WL, 996-1007.

© 2025 The Author(s). The FEBS Journal published by John Wiley & Sons Ltd on behalf of 17

Federation of European Biochemical Societies.



	Outline placeholder
	 Introduction
	 Results
	 Predicting an N-TIMP2 variant with superior binding affinity for MMP-9 vs. MMP-1 and MMP-3
	 N-TIMP2MUT exhibits differential inhibition potencies to MMP-9, MMP-3, and MMP-1
	 Molecular modeling of the binding of N-TIMP2MUT to MMPs

	 Discussion
	 Materials and methods
	 Predicting N-TIMP2 variants with mutations in seven positions and high affinity for MMP-9
	 Processing HTS data for MMP-1 and MMP-3 to train our ML models
	 Dataset
	 ML model architecture
	 Hyper-parameter search and evaluation
	 Independent evaluation of our ML models
	 Production and purification of soluble proteins
	 Catalytic activity and inhibition assays
	 Molecular modeling analysis

	 Acknowledgements
	 Conflict of interest
	 Author contributions
	 Peer review
	 Data availability statement


