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The linear response (LR) approximation and similar approaches belong to practical methods for estimation
of ligand—receptor binding affinities. The approaches correlate experimental binding affinities with the changes
upon binding of the ligand electrostatic and van der Waals energies and of solvation characteristics. These
attributes are expressed as ensemble averages that are obtained by conformational sampling of the protein
ligand complex and of the free ligand by molecular dynamics or Monte Carlo simulations. We observed that
outliers in the LR correlations occasionally exhibit major conformational changes of the complex during
sampling. We treated the situation as a multimode binding case, for which the observed association constant
is the sum of the partial association constants of individual states/modes. The resulting nonlinear expression
for the binding affinities contains all the LR variables for individual modes that are scaled by the same two
to four adjustable parameters as in the one-mode LR equation. The multimode method was applied to inhibitors
of a matrix metalloproteinase, where this treatment improved the explained variance in experimental activity
from 75% for the unimode case to about 85%. The predictive ability scaled accordingly, as verified by extensive
cross-validations.

Introduction or the pairwise Coulomb relations in the explicit sol&tand
o - I . (4) the parameter optimization (ugéar not useéf).
Estimation of binding affinities for ligandreceptor com- To illustrate the approaches, let us have a closer look at the
plexes is |mportant for several research areas including structu_re-”near response (LR, also known as linear interaction energy)
based drug design. The approaches range from SCOMNY M athod03135 and its extension (ELF836-3° The LR method

0 o , . es T
;uncktmdn_é fohr qu_ICO||<_ ranking of large “bl'?”?’s ofdcompougds correlates binding free energiés; with van der Waals and
ocked into the binding site to more sophisticated, second-passy|e rostatics energies between the ligand and its surroundings,

methods for examination of the top candidates from the fast 1, \yhich the ELR method adds the solvent-accessible surface
docking. The latter category spans from methods utilizing single ;oo (SASA) term

energy-minimized conformatioHs*° to complex and time-

consuming free energy perturbation, thermodynamic integration, Az — _ =

and related approaches based on extensive sanptitigzairly AG, RTInK; = aAEanl+ SAER*

accurate binding energy estimates can be obtained by methods YAIBASAL+ « (1)

of intermediate complexity, requiring only two molecular ] o ) ]

dynamics (MD) or Monte Carlo (MC) simulations, one with Here, Ki is the association constarR is the universal gas
the free solvated ligand and one with the ligand bound to the constant,T is temperature, the subscriptindicates theith
solvated receptor. The binding free energy is expressed as theéompound, andy, 5, y, and« are adjustable parameters that
sum of several contributions. The methods can be classified OPtimize the agreement between experimenia| values and

based upon various criteria such as (1) the sampling methogcalculated energy and SASA terms according to eq 1. The angle
(MD20-23 or MC24-29), (2) the treatment of solvent (expligf2426 brackets denote the ensemble averages, /riddicates the

continuumts2.27or in vacud®2), (3) estimation of the elec-  difference between the ensemble averages in the bound and free
trostatic component of solvation energies (linearized Poisson ligand states. The ensemble averages of the energies and SASA
Boltzmann equatiot?222328.2¢he generalized Born mod@29.30 seem to be replaceable by the energies and SASA calculated
for the time-averaged structuré=®® Usually, conformational
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23}-8333, e-mail stefan.balaz@ndsu.edu. We observed that outliers in the fits of eq 1 to experimental
xgﬂ;gggceu“ca' Seiences. data are occasionally associated with larger conformational
s Computer Science. changes of the bound ligands during the simulation. These
' Mathematics. changes may happen despite careful equilibration, if there are
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several energetically similar conformation states available. In the jth mode, and (2) the sum runs through adl partial
this communication, we propose a conceptual treatment of suchassociation constanks; that are calculated in the previous step.
a situation that is based on the multimode binding mechanism. The prevalence of individual modes is the outcome of the
parameter optimization. No assumptions about the prevalence

Methods distribution need to be made before optimization. The prevalence
values calculated by this approach are in accordance with the
Boltzmann distribution.

We applied the multimode method to a set of 28 diverse
hydroxamate inhibitors of MMP-% encompassing the follow-

Reversible 1:1 binding of théh ligand L in m mutually
exclusive orientations or conformations (modes) to the receptor
site R can be schematically written as

K LR, ing structural types:
K, o oH
«—=2>1R,
L +R - @) I
G N @ = X1 N/@ =X2 <:[| =x3
K, — /N\ /0 Ao o e
«—=—>IR,, LI Hy
RO R,

o
The ligand is present as a single species in the receptor - OJKN'_‘ c"‘l—
surroundings. The apparent association conskantor this ©\?['X4 L_:xs H \-xe
process is, on the concentration basis, defined as

m m The complete structures of the inhibitors along with the LR
K= Z[LR“—]/([L JIR) = ZK” 3) terms and the experimental and predickgdsalues are listed
= = in the Supporting Information. The ligands exhiki#000-fold

. e . difference in binding affinity, with the association constakits
Each partial association constagt can be expressed using q  ranging from 2.865< 10F to 1.25x 101 ML,

1, with the same values of the adjustable parameteys v, The crystal structure of MMP-9 complexed with reverse

andw. The apparent association constant can then be correlated,y 4roxamate inhibitor (file 1GKC) was downloaded from the
with the simulation results by a combination of egs 1 (now with  prtein Data Bank? Three-dimensional structures of ligands

the subscripij representing thgth binding mode of theth were constructed using the SYBYL6.91 suite of progréms

compound) and 3 running under Irix 6.5. The ligands were then docked into the
m active site of MMP-9 using FlexX25° Conformations of the
- _ - _ - ligands in the active site were selected from the top 30 poses
AG = —RTInK = —RTIn ) ex aA +
' ! JZ PE( Bl generated by FlexX using the distance in the intervat-2.5

A between the hydroxamate oxygens and the zinc atom of the
A + yABA + k)IRT] (4
p ol + yASASAY IR (4) receptor as the primary criterion and the FlexX ranking as the

The simple eq 4 is in accordance with published analyses of S€condary criteriof: Protons were added to the heavy atoms
formally analogous situations: the rigorous statistical thermo- ©f the protein, and energy minimization was performed using
dynamid® description and equilibrium treatméht2of the mul- constraints to relax the added protons using Tripos force feld.

timode interactions of ligands with proteins and kinetic analyses All heavy atoms were fixed at the experimental coordinates
of reversible unimolecular reactions leading to different prod- during energy minimization. The optimized complexes were
ucts'3 or isomers The multimode approach represented by eq then subjected to MD S|_mulat|ons consisting of_15-ps heatlng
4 was also implemented in the most frequently used ligand- Phase, 100-ps equilibration, and 200-ps production period. The
based method comparative molecular field analysis (CoMEA). |engths of the bonds between the hydroxamate groups of
Notably, eq 4 contains the same adjustable parametefs |nh|b|to_r$ an_d the catalytic zinc were constralne_d to alleviate
y, and« as eq 1. The multimode treatment uses a different the deficiencies of the used force field in the description of metal

correlation equation (eq 4) than the classical one-mode approackFoordination' MD simulations for hydrated ligands were per-

(eq 1) but relies on the same four adjustable parameters. Thusformed under similar conditions. The protocol was described

eq 4 has 3x m variables fn is the number of binding modes " detail_ else_wheré? The g_enerated en_semble averages are
considered for each ligand) that are equal to the ensembleSUmmarized in the Supporting Information.

averages of van der Waals energies, Coulombic energies, anq?esults and Discussion

SASA terms for individual binding modes. However, (1) m@ll

van der Waals terms are scaled by the parameté®) all m In our previous study? the MD-based LR correlations (eq
electrostatic terms are scaled by the paran&téd) allm SASA 1) of the hydroxamate inhibitotsof MMP-9 behaved anoma-
terms are scaled by the parameteand (4) there is only one  lously: The quality of correlations did not improve with
constant parametet In eq 4, each mode is represented by one increased simulation time, and some outliers adopted compara-
exponential that corresponds to eq 1 (for this reason, thetively different conformations during MD simulations. We
separation of the parametefrom the summation was not made decided to examine whether a correlation taking into account
in eq 4). Each exponential contains the same adjustable parammultiple binding modes could improve the results.

etersa, f3, v, andk, so there are four optimized parameters in The van der Waals, electrostatic, and solvent-accessible
total. After optimization of the parameters by nonlinear regres- surface area terms were calculated using the corresponding time-
sion analysis of experimental data according to eq 4, the pre-averaged structures of the complex and the free ligand for eight
valence of thgth binding mode can be calculated l&g>Kj, 25-ps intervals of the 200-ps MD simulations. The time-
where (1) the partial association constant ofjthemodekKj is averaged structure for each interval represented a binding mode
calculated from eq 1 with optimized values of adjustable (0—25 ps, mode 1; 2550 ps, mode 2; ... 175200 ps, mode
parameters, 3, vy, andx and the energy and SASA terms for 8). No collinearity between the calculated LR terms, used in
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TABLE 1: Correlations of Inhibitory Potencies with Energy and SASA Terms

o x 1072 B x 1072 RMSE
eq sampling [mol/kcal] [mol/kcal] y x 102[A-7 k SD r2 LNO® LOO¢ LSO¢
12 minimization 1.566+ 0.350 —14.304+0.98 1.128 0435 1646 1.785 1.750
1 MD (200 ps) 1.656: 0.251 —11.75+1.04 1.101 0.627 1.338 1.469 1.478

4 MD (8 x 25ps)  1.639:0.421 2.23HH0.649 1.12H 0.235 —5.785+1.588 0.862 0.845 0.931 1.008 1.012

2 No conformational sampling, just the minimized complex structures liséol omission of compound$Leave-one-out cross-validatiohLeave-
several-out cross-validation: random selection of a six-member test set, repeated 200 times.

BT the variation in experimental activity with the standard deviation
23+ ] SD = 0.862. All three terms included in eq 4 exhibited signifi-
< 22- o ° 5 : cant contributions to the correlation. The contributions of the
£ 214 o 1 zio . energy terms imply dominant roles of the electrostatic and van
Z 204 " 5 > . der Waals intera}ctipns between the inhibitor anq the protgin.
£ 19+ s © . _The SASA term indicates _that the burying of the_llgand, which
B 181 o 3‘50 9 i 1 is exposed to the solvent in the unbound state, is favorable for
217+ i 1 25 - complex formation. Division of the SASA term into polar and
§ 161 ] nonpolar solvent-accessible surface areas did not increase the
15 i descriptive and predictive power of the model (data not shown).
14 The robustness of the regression equations and their predictive

14 15 16 17 18 19 20 21 22 23 24
Experimental Affinity (InK)
Figure 1. Comparison of the experimental vs calculated binding

abilities were probed by cross-validation. For this purpose, the
fits to the potency data are generated, leaving out one or more
affinity (In K) for the one-mode model (eq 1), with minimization (the inhibitors f.“’f“ the calibration Process. The_ resulting eq”?‘“""

compound number; see Supporting Information for structures) and fOr €ach fit is used to predict the potencies of the omitted

conformational sampling, eq 1), and for the multi-mode conforma- ~ compounds. The leave-one-out (LOO) procedure and especially
tional sampling @, eq 4). The optimized coefficient values are given the leave-several-out (LSO) procedure with a random selection
in Table 1. of a six-member test set that was repeated 200 times provided
a thorough evaluation. The root mean square error (RMSE)

egs 1 and 4, was observed. The highest mutual correlation wasvalues using LOO (1.008) and LSO (1.012) were only slightly
seen between the electrostatic and SASA terms (eq 4), with thehigher than the RMSE value of the whole data set without any
correlation coefficient = 0.218. The results of the fit of the ~ omission (0.931).
data for the classical and multimode LR treatment (eqs 1 and Equation 4 has an interesting property: it selects the binding
4, respectively) are summarized in Table 1. The results for the modes that contribute most to the binding. The prevalencies
minimization of the ligands and the binding sites are included Kj/ZK; of individual simulation intervals representing the
for comparison. A plot of experimental versus calculated binding modes for the studied ligands are summarized in the
activities is shown in Figure 1. Supporting Information, along with ligand structures and
For minimization and the one-mode treatment, the van der experimental and predicted affinities, as well as energy and
Waals and electrostatics terms were not significant. For SASA terms. Major outliers in the one-mode treatment (ligands
minimization, the parameter errors for the van der Waals and 3, 15, and21) are predicted accurately by multimode treatment
electrostatic terms were higher than the optimized parameter(Figure 1). In the case of compourgl the contributions are
values. Moreover, the parameter for the van der Waals term ~15% for all modes except modes 1 and 7 (4% and 10%,
had a negative value. For the one-mode treatment, the errorrespectively). Compound5 shows a similar pattern, but the
terms were~60% of the parameter estimates. Inclusion of the minimal contributions are observed for modes 1, 2, and 6.
statistically insignificant terms led to negligible improvements Compound21 exhibits both positive and negative deviations
in the correlations: for minimization, to? = 0.445, and for from the average: Mode 2 contributes 26% to overall binding,
the one-mode treatment, t& = 0.695 (data not shown). while modes 1 and 5 represent only 8% and 5%, respectively.
The multimode model provides significantly better correla- Ligands2, 6, 7, 8, 9, 23, and24 also have a dominant mode
tions (Table 1, Figure 1) and explains85% (2 = 0.845) of (mode 7, 4, 2, 1, 1, 7, and 8, respectively) representing more

Figure 2. Binding modes of compounds(A), 22 (B), and27 (C). The mode representing 40% or more of the bound ligand is displayed in balls
and sticks (A). The time-averaged structures for 25-ps simulation intervals represent individual modes and are color-coded @nredpsdtively)
cyan, 0-25 ps; blue, 2550 ps; green, 5075 ps; magenta, #5100 ps; orange, 100125 ps; purple, 125150 ps; red, 156175 ps; and violet,
175-200 ps. The structures were superimposed usingxtharbon atoms of the protein.
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than 30% of the total bound ligands. A ligand oscillating around  (10) Vajda, S.; Wheng, Z.; Rosenfeld, R.; DeLisi,Elochemistryl 994
an equilibrium position should exhibit approximately equal 33 13977-13988.

" e . P . . (11) Kurinov, I. V.; Harrison, R. WNat. Struct. Biol.1994 1, 735—
contributions to binding for all eight binding modes, i.e., inideal 743
case, the average prevalence is 12.5% with the standard (12) Holloway, M. K.; Wai, J. M.; Halgren, T. A.; Fitzgerald, P. M.;
deviation SD= 0. The SD values of the mode prevalences Vacca, J. P.; Dorsey, B. D.; Levin, R. B.; Thompson, W. J.; Chen, L. J;

- deSolms, S. J.; Gaffin, N.; Ghosh, A. K.; Giuliani; E. A.; Graham, S. L.;
ranged from 34 (compounds, 3, 14, 15, 22, 27, 28) to 12 Guare, J. P.; Hungate, R. W.; Lyle, T. A.; Sanders, W. M.; Tucker, T. J.;

15 (compound<, 7, 8). A§ illustrated in Figure 2, among  wiggins, M.; Wiscount, C. M.; Woltersdorf, O. W.; Young, S. D.; Darke,
complexes that substantially change the geometry duringP. L.; Zugay, J. AJ. Med. Chem1995 38, 305-317.

simulation, some have one significant binding mode (Figure 19%3)3805&{\-ZFé-élplsabafFO. M. T.; Gago, F.; Wade, RJCMed. Chem.
2A), while others exhibit an even distribution of binding modes (14) Viswanadhan, V. N. Reddy, M. R.: Wiodawer, A Varney, M.
(Figure 2B). As can be expected, well-behaved complexes with p -'\weinstein, J. NJ. Med. Chem1996 39, 705-712.

similar geometries in each simulation period have approximately  (15) Huang, D.; Caflisch, AJ. Med. Chem2004 47, 5791-5797.

equal prevalences of binding modes (Figure 2C). 18(}1%)1 Bgzeridge, D. L.; DiCupua, F. Minnu. Re. Biophys. Chen1989
(17) Jorgensen, W. LAcc. Chem. Red.989 22, 184-189.
Conclusions (18) Straatsma, T. P.; McCammon, J.Aanu. Re. Phys. Cheml1992
43, 407-435.

The developed multimode approach to the LR approximation ~ (19) Koliman, P.Chem. Re. 1993 93, 2395-2417.
. . L (20) Agyist, J.; Medina, C.; Samuelsson, J.FEotein Eng.1994 7,

resulted, in the studied case of hydroxamate inhibitors of MMP- 3g5" 391
9, in correlations with significantly better descriptions and (21) Zhou, R.; Friesner, R. A.; Ghosh, A.; Rizzo, R. C.; Jorgensen, W.
predictions as compared to classical one-mode LR equation.L.; Levy, R. M. J. Phys. Chem. 001 105 10388-10397.
The entire simulation period is divided into time slots called 208%2)172%?{3_-g/é?o'\’“Ch'e“”' O.; Karplus, MJ. Comput.-Aided Mol. Des
binding modes. The time-averaged structures of bound and free " >3y «\hn, B.; Kollman, P. AJ. Med. Chem200Q 43, 3786-3791.
ligands in the binding modes are used to calculate van der (24) wall, I. D.; Leach, A. R.; Salt, D. W.; Ford, M. G.; Essex, J. W.
Waals, electrostatic, and desolvation contributions to binding. J. Med. Chem1999 42, 5142-5152.

i huti i imizati (25) Smith, M. B. K.; Hose, B. M.; Hawkins, A.; Lipchock, J.;
Th.e Welghtsl Qf thc? Cignbunons ar?ﬁetermlued bly Opélmlzatl.on Farnsworth, D. W.; Rizzo, R. C.; Tirado, R. J.; Arnold, E.; Zhang, W.;
using a multimode LR equation. The weights also determine y,gpes 'S 'H.; Jorgensen, W. L.; Michejda, C. J.; Smith, RJ.HVled.
the contributions of individual binding modes to overall binding. Chem.2003 46, 1940-1947.
Steady ligands, oscillating around the equilibrium positions, 20(()3621602%8\151%)&9%;Udier-BIagovic, M.; Jorgensen, WJLMed. Chem.
exhibit an even dlStI’!bUtIOﬂ of binding moo!es. Mobile Ilgands_, @7) 'Tounge’ B A Reynolds, C. H. Med. Chem2003 46, 2074
undergoing substantial geometry changes in the complex during,ggs.
MD simulations, may or may not preferentially bind in selected  (28) Kollman, P. A.; Massova, |.; Reyes, C.; Kuhn, B.; Huo, S.; Chong,
binding modes. If further studies confirm the findings, the L. Lee, M.; Lee, T.; Duan, Y.; Wang, W.; Donini, O.; Cieplak, P.;

multimode LR approach may become a useful tool for prediction gggl"g‘;?”' J.; Case, D. A.; Cheatham, T.Agc. Chem. Re200Q 33,

of binding affinities. (29) Srinivasan, J.; Cheatham, T. E., lll; Cieplak, P.; Kollman, P. A.;
Case, D. AJ. Am. Chem. S0d.998 120, 9401-9409.
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