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QSAR-by-NMR: quantitative insights into structural
determinants for binding affinity by analysis of 1H/15N

chemical shift differences in MMP-3 ligands
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Abstract—A novel strategy is applied to obtain quantitative insights on factors influencing biological affinity in protein–ligand
complexes. This approach is based on the detection of ligand binding by 15N and 1H amide chemical shift differences in two-dimen-
sional 15N-heteronuclear single-quantum correlation spectra. Essential structural features linked to affinity can be extracted using
statistical analysis of 15N and 1H amide chemical shift differences in congeneric series relative to uncomplexed protein spectra, as
demonstrated for 20 MMP-3 inhibitors in complex with human matrix metalloproteinase stromelysin (MMP-3). The statistical anal-
ysis using PLS led to a significant model, while its chemical interpretation, highlighting the importance of particular residues for
affinity, are in agreement to an X-ray structure of one key compound in the homologue MMP-8 binding site.
� 2005 Elsevier Ltd. All rights reserved.
Information about ligand binding modes is of great
interest for modern medicinal chemistry to guide lead
optimization. To achieve complementarity between li-
gands and binding sites, an understanding of favorable
determinants for protein–ligand interactions is required.
Over the past years, NMR-based screening methods
have emerged as powerful techniques augmenting
high-throughout screening to identify lead structures.1–3

As NMR can identify true hits interacting with the tar-
get, it allows to reject false positives in combination with
HTS.4 While NMR-based methods have mainly been
used to identify ligands binding to a receptor, they also
found application in pioneering studies toward identifi-
cation of small molecules binding to distinct protein
subsites (secondary site screening5), followed by synthe-
sis to link these fragments, which result in potent inhibi-
tors and preliminary insights into structure–activity
relationship (SAR by NMR6,7).

Based on the principle to detect ligand binding by 15N
and 1H amide chemical shift differences in two-dimen-
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sional 15N-heteronuclear single-quantum correlation
spectra (15N-HSQC8), we report a novel strategy to ob-
tain quantitative information on factors influencing
affinity in protein–ligand complexes. Essential features
linked to biological affinity are extracted using statistical
analysis of 15N and 1H amide chemical shift differences
in congeneric series relative to uncomplexed protein
spectra. In particular we apply partial-least-squares
regression (PLS9) to correlate chemical shift differences
to biochemical binding affinities. As chemical shift per-
turbations are detected on the protein site, no a priori
assumption about ligand binding modes is required to
derive a model. However, chemical interpretation is sup-
ported by experimental or postulated binding modes.

This approach was successfully applied to 20 human
stromelysin (MMP-3) inhibitors10 selected on the basis
of solubility and diversity. Matrix metalloproteinases
(MMPs) are a family of zinc endopeptidases, which
are capable of degrading the extracellular matrix of con-
nective tissues.11 They are implicated in degenerative
diseases in which there is a slow matrix degradation rate,
including cartilage loss in osteoarthritis12 and rheuma-
toid arthritis,13 bone matrix degradation in osteoporosis
or remodeling in Alzheimer disease.14 All MMPs possess
three domains: a propeptide cleaved during activation, a

mailto:hans.matter@aventis.com


1780 H. Matter et al. / Bioorg. Med. Chem. Lett. 15 (2005) 1779–1783
catalytic domain (�180 residues) with a conserved
HEXXHXXGXXH zinc binding motif, and a hemo-
pexin-like domain. Stromelysin (MMP-3), the intestinal
fibroblast collagenase (MMP-1), and the neutrophil colla-
genase (MMP-8) are responsible for the cleavage of type
I-, II-, and III-collagen, and are regarded as key en-
zymes in the pathology of matrix degradation. The
1,2,3,4-tetrahydroisoquinoline scaffold provides an ideal
geometry to link hydroxamates and carboxylates as
zinc-complexing groups with S1 0-pocket-directed15 sub-
stituents for this hydrophobic subsite.

Chemical shift perturbation can be efficiently used to
determine binding constants (KD) in the case of fast ex-
change.16 As the chemical shift in the pure bound state
cannot be experimentally determined for weak binders,
a fitting procedure is required to account for this para-
meter.17 Hence, we used a series of medium to high-
affinity ligands, where slow exchange resulted in two sets
of signals at sub-stoichiometric ligand concentrations,
which allows to directly extract chemical shift differences
between free and bound state without compensating for
varying concentrations of co-solvents or pH usually
complicating the interpretation of titration series.

The generation of hypotheses on the intrinsic relation-
ship between affinity as response variable and indepen-
dent descriptors like chemical shift differences plus
assessing the statistical significance of any resulting
model are the major steps in building quantitative struc-
ture–activity relationships. For large datasets with
highly collinear variables, PLS9 is one method of choice,
because conventional multiple linear regression (MLR)
only deals with situations, in which the number of rows
is at least three times larger than the number of vari-
ables. Furthermore, the individual variables for MLR
are assumed to be independent and uncorrelated. PLS
is a regression method in analogy to a principal compo-
nent analysis (PCA) based on latent, orthogonal vari-
ables. The directions of these latent variables are
slightly shifted from the PCA solution to obtain optimal
correlations between the vectors of X- and Y-blocks
(activity vs descriptors). PLS thus is suited to derive a
linear relationship for underdetermined matrices, while
crossvalidation is used to check for consistency and pre-
dictivity of the model.
Figure 1. Selected regions from 500 MHz 1H/15N HSQC-spectra for uncom

different concentrations (B, C). As high-affinity results in slow exchange, two s

exemplified for His166.
The chemical shift differences of backbone amide
1H/15N resonances in 15N-MMP-3 HSQC spectra18 were
extracted for 81 amino acids surrounding the inhibitor
binding site in the MMP-3 catalytic domain and refer-
enced to 2D-HSQC spectra of uncomplexed MMP-3 un-
der identical conditions (Fig. 1). This resulted in a data
table of 162 chemical shift differences as descriptors in
the X-block and 20 biological activities19 as dependent
variables. After PLS analysis and crossvalidation on this
input dataset, a significant model with 3 PLS compo-
nents (i.e., latent orthogonal variables) resulted with
72 descriptors.20 Crossvalidation indicated the signifi-
cance and predictivity of this model: a leave-one-out
crossvalidated r2 (q2) value of 0.657 (SD 0.675) and a
conventional r2 value of 0.976 (SD 0.177) were obtained.
Further statistical validation underscored the model�s
significance to correlate chemical shifts to biological
activity, for example, leave-two-out crossvalidation (q2

0.629) and repeated analyses using five crossvalidation
groups (q2 0.578). To further validate this model, the
dataset was split into training and test datasets consist-
ing of 16 and 4 compounds, respectively. For the train-
ing dataset a three component PLS model was obtained
with 85 descriptors, a q2 value of 0.471 and a conven-
tional r2 value of 0.959. Applying this model to the test
set revealed a reliable prediction of these test set mole-
cules with a standard error of prediction (SDEP) of
0.637. Hence, this approach correctly predicted binding
affinities for these ligands within 0.6 orders of
magnitude.

PLS does not only produce a quantitative model for
affinity prediction, but it is also useful to highlight the
importance of particular variables to enhance affinity.
Descriptors with positive PLS coefficients (Fig. 2A and
Supporting information) have a positive correlation to
biological affinity. In other words, a more positive chem-
ical shift difference for this particular residue is related
to an increase of binding affinity (i.e., lower IC50 value).
In contrast, negative PLS coefficients indicate that either
positive chemical shift differences decrease affinity or
negative chemical shift differences increase affinity.
Hence, a combined interpretation in terms of relevant
amino acid backbone amides interacting with potential
ligands becomes possible from the perspective of the
protein binding site.
plexed MMP-3 (A) and its complex with inhibitor 62 (IC50 500 nM) in

ets of signals are observed for uncomplexed and complexed MMP-3, as



Figure 2. (A) PLS coefficient plot indicating the relative importance of shift differences for 15N (red) and 1H (black). (B) Mapping of important PLS

coefficients for 15N onto the MMP-3 structure from PDB entry 1caq with 62 docked into the active site (magenta). Green residues (coeff > 0.07)

indicate more positive 15N shift differences to increase affinity. Yellow residues (coeff < 0.07) indicate more negative 15N shift difference to increase

affinity. (C) Similar analysis for 1H. Blue residues (>0.05) indicate more positive 1H shift differences to increase affinity. Red residues indicate more

negative 1H shift differences to increase affinity.
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Relevant 1H and 15N chemical shift differences from the
PLS coefficient plot (Fig. 2A) were mapped onto the
corresponding amino acids in the MMP-3 protein struc-
ture21 for interpretation. These PLS coefficients (Sup-
porting information) indicate the relative importance
of chemical shifts to explain biological affinity. Green
residues in Figure 2B indicate that a positive 15N
shift difference for the backbone amide nitrogen in-
creases biological affinity, while a more negative shift
is detrimental. Yellow amino acids indicate more nega-
tive 15N shift difference to increase affinity, while posi-
tive shifts are detrimental. A similar analysis is
possible for 1H chemical shift differences, as indicated
in Figure 2C. Blue indicates that a more positive 1H shift
difference increases affinity, while red residues highlight
amide protons, where negative 1H shift differences in-
creases affinity and vice versa.

As chemical shift differences upon binding of a single li-
gand are difficult to explain in structural terms, we pres-
ent a comparative analysis for ligands with different
affinities, allowing for the identification of essential
binding site regions for ligand interactions. Amide NH
groups serve as a indirect probe to indicate structural
changes in their neighborhood, which could be caused
by chemical shielding upon ligand binding, side chain
movements or altered hydrogen bond geometries.

This quantitative model from chemical shift differences
is only based on experimental data from NMR and bio-
chemical assays. Its interpretation is then guided by
experimental or postulated binding poses. The combina-
tion of both approaches allows to highlight key regions
in the binding site involved in protein–ligand recogni-
tion, as indicated by significant shift differences (Fig.
3). Hence, an interpretation in structural terms is given
below using the experimental binding mode of 62 as ref-
erence structure in the homologous human neutrophil
collagenase (MMP-8) at 1.7 Å resolution.22 The tetrahy-
droisoquinoline-3-carboxylate 62 with a biphenyl-sul-
fonamide moiety directed toward S1 0 shows IC50

values of 500 nM for MMP-3 and 10 nM for MMP-8,
respectively.

The positive 15N shift contribution for Ala120N can be
attributed to bulky substituents in S1 0, which influence
Phe196 and Leu197 side chain conformations next to
Ala120. Replacing the distal phenyl ring in 62 by Br re-
sults in a dramatic loss of affinity (90: 800,000 nM), while
the addition of a 4-F or 4-Cl substituent increases com-
plementarity and thus binding affinity (71: 400 nM; 49:
100 nM). Further orienting the biphenyl group into S1 0

by inserting an ethyl-spacer results in high-affinity bind-
ing (86: 50 nM). These changes in S1 0 consistently affect
neighboring amino acids, leading to the correlation be-
tween chemical shifts and MMP-3 affinity. Filling S1 0

by appropriate substituents is known to affect affinity.10

The influence for Ala165N, involved in a hydrogen bond
to an inhibitor sulfonamide oxygen, is due to changes
in hydrogen-bond geometry or conformations of
neighboring residues caused by ligands, which fit less



Figure 3. (A) Binding mode of 62 (magenta) in MMP-3 (1caq) from

docking with key amino acids from the three component PLS model.

The binding site is indicated by a solvent accessible surface, the color

code is according to Figure 2 with green and yellow indicating

important 15N shift differences and blue and red for 1H shift

differences, respectively. (B) Similar view without protein surface.
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optimal into S1 0. Another influence is obvious for
His201N, a residue involved in zinc binding and interac-
tions to an inhibitor aromatic ring in S1 0. Conforma-
tional changes or modulated electrostatics of the
imidazole ring affect the corresponding 15N shift. Those
changes can be attributed to different zinc-binding
groups. While a hydroxamate with a small S1 0 directed
substituent leads to high affinity, the replacement
against a carboxylic acid reduces this affinity signifi-
cantly (6: 20 nM vs 5 10,000 nM). This loss is only com-
pensated for by larger S1 0 substituents, as already
discussed. Another positive influence is observed for
the flexible Arg233 at the bottom of S1 0, which again
highlights the importance of conformational changes
caused by appropriate inhibitor size and properties in
S1 0. Replacing the biphenyl substituent in 62 by a biar-
ylether results in an increase in affinity (52: 200 nM),
while any additional substituent in 4-position now is
no longer directed toward the flexible amino acids at
the bottom of S1 0, consequently leading to a loss of
affinity (84 (–CN): 1000 nM).

An indirect effect is observed for Leu130 and Thr131
amide N, which are away from the binding site, but sig-
nificantly contribute to the PLS coefficients. For distant
side chains the interpretation is less obvious, as experi-
mental differences might result from long-distance �relay�
effects to amide shifts. Our analysis shows that these
influences indeed follow significant trends. Negative
15N shift contribution are observed for Asp158 on top
of the Val163 side chain, which itself forms the entrance
into the hydrophobic S1 0 pocket. Different inhibitors
might affect Val163 and thus Asp159 indirectly. Further
evidence for the importance of this region is provided by
Gly159N and H PLS coefficients. The 15N chemical shift
for Tyr168 is influenced by the conformation of three
aromatic rings from His166, Tyr155, and Tyr168, which
could be directly modified upon ligand binding.

The positive 1H shift coefficient for His179 could be ex-
plained by its hydrogen bond to the carbonyl oxygen of
His166, as this latter residue is directly involved in li-
gand recognition. For His205, involved in zinc-binding,
ligand interaction to neighboring aromatic rings of
His201/205 and its involvement in a hydrogen bond with
His201 are reflected by PLS coefficients. Negative 1H
shift contributions are observed for Gly204, which is
also close to His201/205 and thus directly affected by
possible conformational changes upon ligand binding.
It also forms the third partner in a bifurcated hydrogen
bond to His166C@O (3.1, 3.3 Å distance). Finally
Trp125H is significantly affected by size and nature of
the inhibitor substituent in S1 0. Especially the distal pyr-
idyl-ring in 24 (20 nM) causes a negative 1H shift, which
might be due to a significant change in electrostatic po-
tential in this pocket.

Hence, we have established a correlation between chem-
ical shift differences of a series of MMP-3 ligands and
their biological affinity. Binding of ligands to a protein
introduces changes in the binding site at distinct posi-
tions, depending on the degree of steric, and electrostatic
complementarity. Those changes are translated in a con-
sistent way into amino acid chemical shifts. Subtle differ-
ences in ligand substitutions and binding modes in this
series are responsible for shifts in neighboring residues.
NMR provides a rapid experimental probe to detect
those changes, and relate them to altered protein–ligand
interactions. The fact that affinities for all 20 molecules
could be explained by a single model strongly supports
the hypothesis of a consistent binding mode for this ser-
ies.10,22 The provided interpretation in structural terms
provides evidence to this approach and links the statisti-
cal model to known structure–activity relationships.

To our knowledge this is the first example of such a
strategy combined with an independent experimental
approach. This illustrates its potential to obtain relevant
information about ligand binding modes and critical
binding site regions for this protein. In future applica-
tions to other targets, it remains to be unveiled, whether
the striking correlation between chemical shift differences
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and biological activity is a general trend. We suggest to
use the term �QSAR-by-NMR� to describe quantitative
models for correlating chemical shift differences to bind-
ing affinities. This method in combination with an inter-
pretation in structural terms provides an understanding
of protein–ligand interaction features in structure-driven
drug discovery.
Supplementary data

Two tables with structures and affinities of MMP-3
inhibitors and coefficients for the final PLS model. Sup-
plementary data associated with this article can be
found, in the online version at doi:10.1016/
j.bmcl.2005.02.048.
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