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The field of computational chemistry has established that
molecular orbital theory is a useful and fundamental way of
representing and simulating molecular structure. Energetics of
molecular orbitals has provided a direct window to experimentally
measured quantities, mainly spectroscopic observables. In this
communication, we first show that orbital energy fluctuations, based
on canonical ab initio molecular dynamics simulations, exhibit
significant asymmetry. We hypothesize that the asymmetry of
orbital energy fluctuation will reflect how the molecule interacts
with the environment. To test this hypothesis, we developed a new
class of QSAR/QSPR descriptors, termed DYNEVA (DYNamic - o . o - =
EigenVAlues). This work posts an improvement upon the predict_ive * Orbital Eigenvalue, [Mean-Median| (eV)
power of quantum mechanically derived descriptors by including Figure 1. The asymmetric nature of the dynamic eigenvalue data is
the temporal dimension of atomic orbital energetics, further support jllustrated for Topliss (A) andi42 (B) datasets. Histograms represent the
that capturing the evolution of fundamental quantities can lead to |mear-median of all the electronic eigenvalues for all the molecules in
more accurate prediction of biomolecular interaction. the datasetgmearj—median =0 impligs a symmetric distribut_ion. Data

This investigation has been inspired by an earlier and successfulVe"e collected using 30 ps of CaParrinello molecular dynamics.

QSAR approach, EEVA, which uses quantum mechanically derived
electronic structure information (electronic eigenvalues) as the basis
for descriptors. In EEVA, a Gaussian sprealié applied to each
eigenvalue-the underlying assumption being that the energy
distribution is symmetrie-to create a pseudospectrum which is then
divided into intervals. The integral of each interval leads to a single
EEVA descriptoft Our investigation was further inspired by a
significant body of work striving to account for conformational
flexibility in the context of QSAR. Hopfinger has developed ; .
descriptors as measures of conformational flexibility and/or en- '\fﬂl'*--'tf: Y N ;_;".
tropy? Dobler and Vedani allow the representation of molecules 000 ; . - :
by an ensemble of conformations, orientations, and protonation s . 0 ' 2
states’ Likewise, Mekenyan and co-workers have developed a Orbital Number

ilisti . iahti h th K f Figure 2. Eigenvalue distribution data by orbital for molecules TC-2216
probabilistic descriptor weighting approach that takes conforma- (jiamonds), terbutaline (circles), and ethosuximide (squares). The 20 highest
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tional flexibility into account to improve model qualityThe energy orbitalymean— median are displayed.
ALPHA descri'ptor is derived from Gaussiap smoothing of power (NNR) affinity (K),” and (2) Topliss oral bioavailabilit§.The
spectra and, like EEVA, requires a spreading paranteter. asymmetric nature of the eigenvalue data is depicted in a histogram

We posit that asymmetric behavior in molecular orbital energetics (% Ahsolute difference between mean and median values for
is due to individual orbital response to local intramolecular fields each dataset (Figure 1A,B); the magnitude/mean-mediar is
that fluctuate through dynamical evolution of the molecule. To test an illustration of the distributional asymmetry. We point out that
our hypothesis, we use ab initio Density Functional Theory (DFT)- i qittarance can be as high as 0.045 eV. Digging deeper, we
based CaFParrine_IIo mo_lecular dynamics (MD)Canonical finitg plot example histograms of the HOMO for molecules TC-22’16
tempgrature MD simulations are performgd at 800 K, acc.om.pllshed (Figure 2A), terbutaline (Figure 2B), and ethosuximide (Figure 2C),
by using a No;eHo_over thermostat (a single mass, oscnlatlr_]g at illustrating the striking asymmetry of individual orbital distributions.
30.5 THz). Orbital elgenv_alues, total energy, and energy ConStItuentsInterestingly, there is a marked difference in the bioavailability
are regorded at regular |nterval§ of 7.25 fs. between 2B and 2C. Finally, we chart ttreean-median values

o .|Ilustrate th? power of this approach, we use DYNEVA = ¢ o highest 20 orbitals of all three example molecules (Figure
descriptors to build QSAR/QSPR models for two structurally 3). We posit that the asymmetric distribution of these data
diverse, evenly (_Jlistri_buted datasets constructed_fror_n_published Olata(presumably due to the interaction of local, intramolecular fields)
of pharmacological interest: (1}42 neuronal nicotinic receptor contains more information than the symmetric approximation and
may provide further insight into molecular recognition phenomena.

T Targacept, Inc. " . L )
# University of North Carolina at Charlotte. Addltlon._ally, DYNEVA may be useful for differentiation of broad
§ Princeton University. based biological properties.
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Figure 3. The asymmetric nature of the eigenvalue data is further illustrated
for the Highest Occupied Molecular Orbital (HOMO): TC-2216 (A),
terbutaline (B), and ethosuximide (c).
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Table 1. Comparison of DYNEVA, EEVA, and MOE Descriptor
Models Generated with GPLS and PLS?

PLS GPLS
rZ q2 r2 qZ
a4p2 DYNEVA 082 006 095 067
EEVA(T=800K) 043 000 044  0.26
EEVA 041 013 056  0.33
MOE 031 010 038  0.12
Topliss ~ DYNEVA 0.88 013 095 056
EEVA(T=800K) 050 009 072 038
EEVA 084 016 0.80 042
MOE 020 041 089 051

aCorrelation coefficientr@), leave-one-out cross-validatiog?[ scores
for the o452 (n = 30) and Topliss if = 20) datasets. See Supporting
Information for additional modeling parameters.

One can assume that the harmonic vibrations of a molecule at
finite temperature induce an oscillating intramolecular potential that
acts as a perturbation on the electronic states. The probability

distribution for each eigenvalue can thus be estimated by assuming

equipartition of energy and by using perturbation theory. In the
first order of the perturbing potential, the probability distribution
of each eigenvalue is given by a sum of Gaussians (one for each

information content due to the inclusion of dynamics, we provide
basic correlation measure®,(squared correlation coefficient; and
0%, the leave-one-out cross-validation score) for DYNEVA, EEVA,
and MOE?2 descriptors (Table 1). Also included in this table is the
EEVA approximation at finite T = 800 K) temperature. The first
section shows results for thed2 affinity dataset, and the second
section, the Topliss dataset. Using GPLS as the basis for compari-
son, we observe a significant improvement in the DYNEVA
descriptors over the static descriptor data (EEVA and MOE). The
PLS models are likely over-fit. Establishing the physical basis for
the robustness of DYNEVA descriptors will require further
investigation, but we believe that ligand behavior is more broadly
captured in the signature of local field interactions since the
descriptors described herein show improvement over those employ-
ing Gaussian kernelling, such as the case with EEVA.

We show preliminary evidence for asymmetry in the energy
distribution of molecular orbitals. On the basis of this finding, we
have outlined a method of creating descriptors based upon molecular
dynamics at the electronic structure level. Preliminary results dem-
onstrate the promise of the DYNEVA approach, although further
statistical analysis will be required to established its true utility.
Our expectation is that this method can be applied to dynamics
derived from any level of quantum molecular theory. We have
observed the eigenvalue trajectory asymmetry using semiempirical
Hartree-Fock dynamics and have obtained promising preliminary
modeling results on the aforementioned datasets (data not shown).
A key advantage of this semiempirical implementation is that we
have observed a 100-fold speed increase with far less memory
usage. A study of eigenvalue distribution as a function of finite
temperature may also be useful. Rigorous statistical analysis of
DYNEVA descriptors using other datasets is currently underway.
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Supporting Information Available: Car—Parrinello simulation and
QSAR/QSPR modeling parameters. This material is available free of
charge via the Internet at http://pubs.acs.org.
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