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The high degree of specificity displayed by antibodies often results in varying potencies against antigen
orthologs, which can affect the efficacy of these molecules in different animal models of disease. We have
used a computational design strategy to improve the species cross-reactivity of an antibody-based inhib-
itor of the cancer-associated serine protease MT-SP1. In silico predictions were tested in vitro, and the
most effective mutation, T98R, was shown to improve antibody affinity for the mouse ortholog of the
enzyme 14-fold, resulting in an inhibitor with a K; of 340 pM. This improved affinity will be valuable
when exploring the role of MT-SP1 in mouse models of cancer, and the strategy outlined here could be
useful in fine-tuning antibody specificity.

© 2009 Elsevier Ltd. All rights reserved.

The ability to engineer and biochemically manipulate antibod-
ies is critical to their utility, and has helped usher in a new wave
of biological therapeutics. While bacteriophage, ribosome, and
yeast display techniques have revolutionized our ability to quickly
raise antibodies to a specific target, these methods are all limited
by their functional library size. Considerable effort has therefore
gone into improving binding beyond the initial lead antibody hit
from these libraries. Iterative rounds of combinatorial techniques
such as CDR walking,! error-prone PCR,? or random or site directed
mutagenesis> have led to antibodies that regularly bind their anti-
gens with Kp's in the picomolar range.* Structure-based and com-
putational protein design techniques have also been used to
streamline the antibody maturation process.>”’

Antibodies make outstanding therapeutic agents in part due to
the high degree of specificity an antibody has for its antigen. Mono-
clonal antibodies often bind non-linear epitopes that depend on
the precise three-dimensional arrangement of a constellation of
amino acids. The specificity afforded by a monoclonal antibody
has a downside, though, as it can hinder efforts to use a single anti-
body against species homologs. Antibodies raised against a specific
human antigen often do not cross-react with non-human versions
of that antigen, which can affect the choice and efficacy of pre-clin-
ical animal models.®° The same combinatorial techniques used to
improve antibody affinity have been used to modify the cross-reac-
tivity of recombinant antibodies;°~!! here we report that computa-
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tional design can be used to improve the species cross-reactivity of
an antibody.

We have previously described an antibody that inhibits the
extracellular serine protease membrane-type serine protease 1
(MT-SP1/matriptase). The biology of MT-SP1 is complex, but it is
posited to play a role in a number of biological processes, and dys-
regulation of the enzyme has been shown to play a role in tumor
growth and metastasis (see reviews'?!3). The antibody, E2, was
identified in a bacteriophage-displayed antibody library,'* and is
a potent inhibitor of MT-SP1, with a K; of 12 pM.!®> Though MT-
SP1 and its mouse ortholog epithin are 87% identical, E2 is a 300-
fold less potent inhibitor of the mouse version of the enzyme.
The basis of this difference is not apparent from biochemical and
structural analyses of the MT-SP1/E2 complex. There are only three
residues on the protease surface that both make contacts with the
antibody and differ between the human and mouse versions of the
enzyme: [le60 is a glutamine in the mouse ortholog, Arg60c a ly-
sine, and Tyr146 is a glutamic acid, but these residues have been
shown to not be critical for inhibition.!® In order to better under-
stand the role MT-SP1/epithin plays in tumor progression and
metastasis, mouse models of cancer!® need to be utilized. In order
to develop a version of E2 suitable for mouse experiments, compu-
tational design was used to suggest mutations predicted to im-
prove inhibition of the mouse version of the enzyme.

Designing a species cross-reactive antibody. In silico design strat-
egies have been used to modify protein-protein specificity,!”'8
and have successfully guided or aided in the understanding of
the maturation of an antibody for an antigen.5”1%2° As is fre-
quently the case in antibody-antigen interactions, hydrogen bond-
ing and electrostatic interactions are important contributors to the
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binding affinity and specificity of the interaction between MT-SP1/
epithin and the antibody considered here. The MT-SP1/epithin ac-
tive site prefers positively charged substrates, and the heavy and
light chain CDR3 loops of E2 are positively charged.'* To account
for these electrostatic interactions, we used a molecular mechan-
ics-based energy function, in conjunction with an implicit solvent
model to treat the effects of water, to predict the effect on binding
of mutations at the protease-antibody interface. This type of en-
ergy function has previously been shown to perform well in pre-
dicting mutations to increase binding affinity of antibodies,%’ in
studying specificity of enzymes for charged metabolites,?! and in
designing enzyme active-sites.?>?3

An estimate of the change in binding free energy upon mutation
(AAGye) was calculated using the Protein Local Optimization Pro-
gram (PLOP) by subtracting the calculated energies of unbound
E2mnutated and epithin species from the calculated energy of the
E2 mutatea/€pithin complex (Fig. 1a). PLOP estimates free energy
using the Optimized Potential for Liquid Simulations all atom
(OPLS-AA) force field,>*-2¢ the Surface Generalized Born model®’
of polar solvation, an estimator for the nonpolar component of
the solvation free energy,?® and a number of correction terms as de-
tailed in Ghosh et al.?” and Jacobson et al.>* Computationally esti-
mating changes in protein conformational entropy upon binding
is extremely difficult, and we do not attempt to do so. For this rea-
son, the calculated AAG,, cannot be interpreted as a direct surro-
gate for the experimental change in binding affinity. The calculated
values are much too large, because they do not include the entropy
losses upon binding. Rather, as in previous work on specificity of
proteins for small molecule substrates?! and inhibitors,?° the calcu-
lated values are a qualitative measure, in this case used to identify
mutations that may change binding affinity and specificity.

There is currently no available structure of the epithin/E2 com-
plex, so a homology model of epithin was created with PLOP*°
using the available MT-SP1 structure as a template. As part of
the homology modeling process in PLOP, side chain rotamers are
optimized?*3! for all residues that differ between the two proteins.
The epithin homology model was substituted for the protease in
the MT-SP1/E2 crystal structure,? E2 was truncated to Fv length
(ending at IleL106 and ValH111) and hydrogens were added and
energy minimized.?*> A residue was selected for in silico mutation
on the E2 heavy chain if at least one of its atoms was <5 A from
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Figure 1. (a) Predicted change in binding free energy for a point mutation is
estimated in silico by the calculated change in free energy upon mutation of the E2/
epithin complex minus the calculated change in free energy upon mutation of the
unbound E2 antibody minus the calculated free energy of epithin. (b) Details of the
methods used to calculate each free energy component shown in (a) (see text).

any atom in the three residues that differ between MT-SP1 and epi-
thin (GIn60, Lys60c, and Glu146, Fig. 2a). The six chosen residues
were ThrH28, SerH30, ThrH98, TyrH99, ProH100, and GInH100a
(Fig. 2a). The computational workflow is outlined in Figure 1b
and is described as follows: (1) each of the six residue side chains
were mutated to the other 18 possible amino acid side chains
(excluding cysteine); (2) the side chain rotamers of residues in
the interface of the complex were optimized?*>' and then energy
minimized;>? (3) the same interface residues were energy mini-
mized>® in the unbound, mutated E2 and unbound epithin struc-
tures; and (4) AAGn.: Was calculated as described above. Most
of the changes were predicted to be neutral or worsen the anti-
body-antigen interaction, but 8 mutations were predicted to lower
the free energy of the epithin-E2 complex by varying amounts and
were tested experimentally.

Testing the computational predictions. Fab constructs of the eight
point mutants predicted to improve antibody binding were cloned
via site-directed mutagenesis, expressed in Escherichia coli, and
purified as previously described.!® The ICsq’s of each point mutant
were measured against epithin and MT-SP1, and relative K;'s were
determined to normalize the IC5q with respect to the protease/sub-
strate interaction.!® The majority of the mutations had little effect
on protease inhibition (Table 1). The heavy chain P100H mutant,
predicted to improve binding significantly, was deleterious to pro-
tease inhibition. This is likely because eliminating proline signifi-
cantly increases the flexibility of the backbone, an effect that is
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Figure 2. (a) The six residues (sticks) on the H1 and H3 CDR loops of E2 (magenta)
that contact residues which are different between the human and mouse orthologs
(blue) of the protease were chosen for in silico mutation. (b) Predicted effect of
T98R mutation of the E2 H3 loop (magenta) on epithin (cyan) inhibition. The
arginine side chain makes an intramolecular H-bond with the backbone carbonyl
oxygen of ValH100h, and a hydrogen bond with the Glu217 of epithin. ThrH98 and
Asp217 of MT-SP1 from the E2/MT-SP1 crystal structure are shown as ball-and-
sticks. The model suggests that the T98R substitution does not affect MT-SP1
inhibition, because the Asp217 side chain cannot reach the guanidino group of
ArgH98, which is locked in position by the intramolecular H-bond.



3746 C. J. Farady et al./Bioorg. Med. Chem. Lett. 19 (2009) 3744-3747

Table 1
Predicted and experimental antibody mutations

Epithin K; (nM) Fold improvement”

AAGexp* (kcal/mol)

AAGpredicted (kcal/mol) MT-SP1 K; (pM) Fold improvementb

E2 4.8

T28R 3.2 1.5 —0.24
$30G 14.0 0.3 0.63
S30N 14.7 0.3 0.66
T98Q 3.7 1.3 -0.16
T98R 0.34 14.1 -1.57
Y99S 11.5 0.4 0.52
P100H 78.5 0.1 1.66
Q100av 10.3 0.5 0.45

22.4

-13.2 393 0.6
-17.6 165.9 0.1
-11.1 155.1 0.1
-9.9 21.6 1.0
-21.8 203 1.1
0.12 48.6 0.5
-16.3 1346.6 0.0
—0.07 176.7 0.1

¢ Relative K;'s were calculated from ICso values according to: K; = ICso/(1 + [S]/{Kwm). Substrate Ky's were 21 uM for epithin and 41 uM for MT-SP1. See Ref. 15 for more

details.

b Fold improvement was determined by dividing the experimental (K; [E2]/K; [mutant]).

not captured in the modeling protocol. The T98R substitution,
which was predicted to have the greatest effect on protease inhibi-
tion, improved the K; of E2 for epithin from 4.8 nM to 340 pM—a
14-fold improvement. The MT-SP1/E2 crystal structure®? provides
a rationale for this improvement. The ThrH98 side chain makes
no contacts with the protease, and the Oy2 atom is solvent ex-
posed. The model of the epithin-E2 complex suggests the T98R
mutation enables the arginine side chain to extend back towards
the protease, make an intramolecular H-bond with the backbone
carbonyl oxygen of ValH100h, and an intermolecular H-bond with
the carboxylate group of Glu217 on the protease (Fig. 2b). The 14-
fold improvement in K; shown by this construct corresponds to a
free energy gain of 1.6 kcal/mol, which is roughly the strength of
one strong or two moderately strong H-bonds. This model also sug-
gests why the T98R mutation has little effect on MT-SP1 inhibition.
The human ortholog has an Asp residue at position 217, which, be-
cause its side chain is one atom shorter, cannot extend far enough
to make this interaction. As a result, the threonine to arginine sub-
stitution allows a side chain that plays a minimal role in protease
inhibition to be modified to broaden the species cross-reactivity of
the E2 antibody.

Our broadening of the species specificity of E2 highlights a
number of reasons the antibody-antigen interaction is ideally sui-
ted for modification by computational design. When bound to pro-
teins, antibodies often have more than 800 square angstroms of
buried surface area, and are dominated by binding ‘hot-spots’,>*
which allows for the possibility of optimization at a number of dis-
crete locations without destroying binding. Mutational studies on
the MT-SP1/E2 complex suggested the antibody-antigen complex
is dependent on interactions at ArgH100b and portions of the H2
and H3 loops that ‘grabbed’ the 90s loop on the protease,'® so we
did not computationally screen these areas. Furthermore, the ener-
getics of antibody-antigen complexes tend to be dependent on
side chain-side chain interactions more than main chain interac-
tions.>> Side-chain interactions can be easier to model, particularly
when the protein backbone is relatively rigid. This is illustrated by
our success modeling the effects of mutating side chain interac-
tions at residue Thr98, and the difficulty experienced modeling
Pro99, the only residue that was modified which significantly re-
duced inhibition. Also, the shape complementarity (as defined by
the geometric match at a protein-protein interface) of antibody-
antigen interactions tends to be worse than other well character-
ized protein-protein interactions,>® and antibody CDR sequences
are biased towards specific residues such as tyrosine, tryptophan,
and aspartic acid.?” This is likely a function of the inherent flexibil-
ity antibodies must have to bind to new and different antigens, and
is clearly an efficient way to rapidly develop binders to many dif-
ferent targets, but likely leaves a portion of sequence and confor-
mational space underexplored, and suggests there are a number

of opportunities for computational modeling to predict mutations
that could fine-tune the interaction.

In conclusion, computational design was used to predict a suite
of mutations that could improve the species cross-specificity of an
inhibitory antibody of the cancer-associated serine protease MT-
SP1. The substitution of an arginine for ThrH98 improved the affin-
ity of the antibody for epithin by an order of magnitude, and had
no effect on inhibition of the human ortholog. In conjunction with
other similar published studies,®’ the results presented here sug-
gest that computational strategies can help guide the fine-tuning
of antibody-antigen interactions, and streamline the process by
which therapeutic antibodies are investigated in different animal
models.
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