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A quantitative structureactivity (affinity) relationship (QSAR) study is carried out to model the proton,
sodium, copper, and silver cation affinitiesacofamino acids (AA). Stepping multiple linear regression (MLR),
partial least squares (PLS), and artificial neural network (ANN) approaches are applied to elucidate the multiple
factors affecting these affinities. The MLR and PLS models reveal that the variation in proton affinity is
attributed to the highest electrophilic superdelocalizability of nitrogen (major) and the number of rotatable
bonds (minor) in AA. The noncovalent interactions, especially-idipole interactions, are responsible for

the changes in Naaffinity. The ionization potential, dipole moment of the side chain, and degree of linearity
are the properties of AA that give the best correlation with thé éud Ag' affinities. The ANN models are
developed to study the relationships (linear or nonlinear) between the molecular descriptors and binding
affinities. The ANN models show higher predictive power. The QSAR models are used to study the binding
forms of AA (neutral vs zwitterionic) upon protonation/cationization. To our knowledge, this is the first
attempt to carry out a QSAR study on protonated/cationiaed to elucidate their binding properties. In
virtue of the Na affinity ANN model, the N4 affinities of dihydroxyphenylalanine (DOPA) were predicted.

This work may pave the way for the success of applying similar approaches to peptides or proteins (with AA
as the building blocks) in the future.

1. Introduction and metal cations (such as N&Cu", and Agh) have been used
. - ) ~as ionizing agents for peptide sequencing.
Proton, alkali metal, and transition metal cations play essential  pye to the biological importance and practical applications

roles in various biological processes. Protori) ubiquitous in mass spectrometric research fields, the intrinsic nature of
in biological systems; H plays a key role in determining the  pinding between a proton/metal cation andmino acids (AA,
structures and energetics of protetrSodium cation (Na) is as the building blocks of peptides and proteins) has been a hot

one of the most abundant metal cations in biological systems gpjc in recent years. Several quantitative studies onM&®,
and is involved in various processes, including osmotic balance, cut, and Ag affinities of AA have been reported. Interestingly,
stabilization of biomolecular conformations, and information gajthough the ionic radii of Naand Cu are similar (0.97 A)
transfer via ion pumps and ion channéSopper cation (Ct) and the outer electronic configurations are the same for Cu
plays an essential role in oxidation, dioxygen transport, and and Agt (d9), their biological roles and binding properties are
electron transfet.Silver cation (Ad) does not appear to have  {ifferent1-3.5-8
arole in natural biological systems; it is used as an antimicrobial  Quantitative structureactivity relationship (QSAR) studies
agent? Studies by Adams and other researchers have demon-hayve been demonstrated to be an effective computational tool
strated that, in many cases, the gas-phase binding parallels thafy understanding the relationships between the structures of
encountered inside proteins in aqueous solution chenfistry. molecules and their properties, e.g., biological activity, boiling
Thus, thermodynamic data obtained in the gas phase are ofpoint, etc. In this work, the QSAR models developed using
particular value for understanding the nature of catiprotein multiple linear regression (MLR), partial least squares (PLS),
interactions in the aqueous environment. and artificial neural network (ANN) approaches were used to
There are considerable evidences that the site of protofation study (i) the binding nature of protonated and cationized"(Na
and cationizatiofr® in peptides influences the fragmentation Cut, Ag™) AA, (ii) the relationships (linear or nonlinear)
reactions observed in tandem mass spectra. For instancebetween molecular descriptors and binding affinities, (iii) the
protonated peptide is invariably observed in the positive ion binding forms of AA (neutral (CS) vs zwitterionic (ZW)) upon
mass spectrometric analysis. The fragmentation reaction chem-protonation/cationization, and (iv) the noncovalent interaction
istry of protonated peptide is adequately described in terms of between N& and dihyroxyphenylalanine.
a “mobile proton model® The fragmentation reactions observed
depend in part on the relative proton affinities of various AA. 2- Methodology
In fact, that a variety of cations can easily bind to peptides has 2.1. Data Set.The QSAR analysis was performed on 20
been exploited in the field of mass spectrometry, where proton common AA. The proton affinity reviewed and finally recom-
mended by Harrisdi was used. The Na!! Cu",12"14 and
* Corresponding author. Fax-+(852)-2857-1586. E-mail. fmsiu@ Ag*'*>*°binding energies determined by a kinetic method were
hkucc.hku.hk. chosen for this study.
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TABLE 1: Molecular Descriptors Used in the Final QSAR

Models Molecular Descriptors Derived Molecular Descriptors Derived
from CS forms of AA from ZW forms of AA
notation molecular descriptors refs
DM dipole moment (entire AA) 20,21
DMs dipole moment (side chain) 20
ES highest electrophilic superdelocalizability 20, 21
on nitrogen (site of protonation)
ES sum of the E-state index (side chain) -3
P ionization potential (entire AA) 20,21 Stepping MLR Model:
KA KAlpha2 index (entire AA) 42-45
RB rotatable bonds (entire AA) 20 Select Descriptors
&
2.2. Molecular Modeling and Molecular Descriptors.All r3(CV) Improved?

structures were generated within the CACHE WorkSystem Pro
(version 6.1.12.33) package (Fujitsu Limited, Oxford Molecular
Ltd.), in which the subroutine MM3/PM3 calculation was used.
The same approach has been used in other QSAR stiidfes.
In brief, the chemical structures were initially refined by
performing a preoptimized calculation of molecular mechanics.
The CACHE MM3 augmented mode implements the Allinger’s PLS Model:
MM3 force field was used® The structures were further refined ) )
with CACHE MOPAC2002, which is a semiempirical quantum Consistent with
mechanics package that solves the Sdimger equation by
using the PM3 semiempirical Hamiltonian algorithm.
Molecular descriptor values derived from the CS and ZW
forms of AA were calculated with the TSAR 3D (version 3.3)
and CACHE WorkSystem Pro (version 6.1.12.33) packages.
Descriptors for the entire molecule, side chain, and nitrogen of
the AA were calculated. TSAR afforded calculation of the
following descriptors: molecular mass, surface area, volume,
ellipsoidal volume, dipole/lipole moment, Verloop parameter, Good Predictive Power
Wiener, Randic, Balaban, electrotopological state index, mo- &
lecular connectivity index, Kier and Hall shape index, number
of rotatable bonds/H-bond donors/acceptors, VAMP energy and
VAMP polarizability, and dipole and octupole components. Figure 1. Workflow used to develop the QSAR models.
Partial charge, HOMO/LUMO density, electrophilic/nucleo-
philic/radical frontier density, and superdelocalizability of defined problem, MLR and PLS models should give similar
nitrogen were calculated using the CACHE program. These predictions. PLS analysis with leave-one-out cross-validation
descriptors encode topologic, geometric, and electronic informa-was performed using the same set of molecular descriptors, to
tion about AA. The definitions of these descriptors are available check if the predictions (affinities) are consistent. The coef-
in the literaturé&®? thus, no details are repeated here, unless ficients were expressed relative to their standardized form to
they are used in the final QSAR models. Details will be give an immediate indication of the relative importance of each
discussed in section 3.1 and Table 1. descriptor in the final modefS. (jii) Final models with high

2.3. MLR and PLS Models.On the basis of identical tests, cross-validation coefficient#(CV) and number of descriptors
those descriptors with identical values for more than 90% of ot more than three are discussed in details.

the AA were discarded. This is important because if there was
no discrimination between descriptor values, little useful
information would be provided by that descriptor. Pairwise
correlation analysis of the remaining descriptors was performed;
one of the descriptors, with correlation greater than 0.9, was
removed?

In brief, the MLR and PLS models were developed with the
following steps (Figure 1): (i) A stepping MLR procedure, with . X :
Ieave-oge-oft c(ros?s-valiglat(ic))n, forvsgrdgselectign, and backward ANN m'?"‘es ho assumption abp ut _the linearity of a problem.
elimination, was used to select the important molecular descrip- The major advaptage of A,‘NN lies |n.the fact that.QSAR can
tor values derived from the CS and ZW form &fA. The be developed without having to specify the analytical form of
predictive power of a model is described Wi (CV), the cross- & Particular correlation model.
validated equivalent of the correlation coefficierf) (In general, In this work, the neurons were arranged in a three-layered
models developed with those descriptor values derived from forward feed ANN model: an input layer (molecular descriptor
the CS forms of AA give higher cross-validation coefficients values used in the final MLR and PLS models), one hidden
(r¥CV)). However, two exceptions were observed, i.e.;”Na layer, and an output layer (affinities). The Monte Carlo algorithm

No

Final ANN Model:

CS vs. ZW Analysis

2.4. ANN Models.ANN is a layered system of processing
units that are interconnected to facilitate the ordered transfer
and data processing. It is intended to simulate the interpretative
capacity of the brain. It was reported that ANN is superior to
MLR in providing accurate predictiorf4-?” By definition, MLR
assumes a linear relationship between binding affinities and
molecular descriptors, or incorporated explicitty?6 In contrast,

Ag*T—Pro. In other words, the final MLR models on"Hand was used to select a better set of starting weights within the
Cut affinities were developed with those descriptor values default constrained limits. A proportion of the input data (30%)
derived from the CS form of AA. For the final Naand Ag" was excluded from the training set and used as a test set. The

affinities models, the descriptor values were derived from the ratio (o) between the number of input variables and the number
ZW form of Pro but the CS form of other AA. (ii) For a well-  of hidden neurons, which is critical to the predictive power of
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the ANN, was set to close to 2 to prevent the problems of tently, those nitrogens which we found to have the highest

overfitting or memorizing data. electrophilic superdelocalizability were also found to be the sites
The ANN models were used to study the (linear or nonlinear) of protonation by Maksiet al2® In this work, we found the

relationships between the molecular descriptors and binding PLS coefficient (eq 2) for Egis the largest. Our results further

affinities (Table 1). To display the dependency of each molecular confirmed that the variation in PA is mainly attributed to the

descriptor (in a qualitative manner), a constant value was fed availability of electrons in the major protonation sitesNH;

into all input nodes, except for the molecular descriptor in or the side chain of AA).

guestion, which was varied over a range of-0110. The results A rotatable bond is defined as any single-order bond that is
were visualized on a 2D plot of output node against input not a terminal bond, not a ring bond, and not an amide 38nd.
(dependency graph). In eq 2, the number of rotatable bonds (RB) shows a minor
contribution to the variation in proton affinity. Neutral and
3. Results and Discussion protonated AA are stabilized by networks of intramolecular

3.1. Final MLR and PLS Affinity Models. According to hydrogen bonds (H-bond); their stabilities are determined by

the procedures mentioned above, the final MLR and PLS modelsthe .interplay between.the intram.ollecular H-bond and internal
on binding affinities were developed strain. Upon protonation, the original networks of the intra-

3.1.1. Proton Affinity.Harrison reviewed the literature to molecular H-bonds are disturbed. Those AA with more rotatable
derive a consistent set of proton affinities (PA) for AAThis bonds tend to have lower internal strain. They have a higher
set of data was chosen for our study. The final MLR model is tendency to retain the original networks of the intramolecular

presented in eq 1 (Table 1S in the Supporting Information): H-bo_r_u_js or change to a”Ot*?ef binding network Wi'.(h comparable
stabilities. As a result, PA increases as the RB increases.

PA = 162ES, + 19RB+ 672 (1) 3.1.2. Sodium AffinityKish et al. determined the Na
affinities of AA by a kinetic method? this set of data was
r2(CV) = 0.8 where E§ and RB stand for the highest chosen for our studies. According to the procedure mentioned

electrophilic superdelocalizability of nitrogen and the number N section 2.3, a high predictive power model was developed

of rotatable bonds in AA, respectively?(CV) is the cross- when the molecular descriptor values were derived from the
validated equivalent of the correlation coefficien®)(that neutral form of AA and the ZW form of Pro. For example, using
describes the predictive power of the model. the molecular descriptors in eq 4, but replacing the molecular
The final PLS model developed with the same molecular descriptor values derived from the ZW form of Pro with those
descriptors is represented by eq 2 (Tab|e 18) of the CS form, thGZ(CV) decreased by 0.1. Both the MLR
and PLS models give similar predictions (Table 2S in the
PA=180E{ + 17RB+ 653 (2) Supporting Information); the final PLS model is shown in eq
4.

The statistical significance= 0.4, r3(CV) = 0.8.

Consistent results were obtained from the MLR and PLS Na' affinity = 6DMg + 2DM + 2ES;+ 165  (4)
models. Predicted affinities derived from the MLR model (eq
1) versus those of the PLS model (eq 2) give an equation of The statistical significance= 0.4, r¥CV) = 0.8.
the formy = x and anr2 of 0.996. The statistical significance The dipole moment of the side chain ([gVand that of the
value less than 1.0 indicates that the PLS components areentire molecule (DM) of AA increase as the Naffinities
significant?3 The coefficients of the PLS models are shown increase. This implies that ierdipole interaction plays an
relative to the standardized descriptors values; their relative important role in N& binding; this result is consistent with
magnitudes give an immediate indication of the relative previous findingg?-3

importance of each molecular descriptor in the final models. The E-state index is a descriptor that represents the electron
They are discussed below: density and the accessibility of those electrons to participate in
The electrophilic superdelocalizability of an atom is defined noncovalent intermolecular interactiofi$3 The index also takes
as: into account the structural configuration of the nearest neighbors
surrounding the atom and thus contains some shape information,
electrophilic superdelocalizability although in a secondary fashion. The E-state value of the side

in the side chain. The states value for atbin the side chain
is defined as§:34:3%
where Cqj, 4, o, andj stand for the eigenvectors and the
eigenvalues, atomic orbitalg)( and occupied molecular orbitals §=1i t Al (5)
(m), respectively. It is a measure of the availability of electrons.
It was reported that experimental hydrogen binding strength The perturbation term is defined as
increases as electrophilic superdelocalizability increases, and a

2 Z Z (Cajz/i,-) (3) chain (ES) is equal to the sum of states valu&sfor all atoms
j=Lma=T.q

. X _ 2
good correlation was reported for small organic molecgfes. Aly = z(h — Iy (6)
However, no correlation has been reported for AA, to the best ) ) o )
of our knowledge. in which the separatiomj, is given as the number of atoms in

It is generally believed that nitrogen is the most favorable the shortest path between atomandj. The intrinsic statel()
protonation site forAA. The symbol E§ (eqs 1 and 2) is for an atomi is obtained from the ratio of its valence state
defined as the highest electrophilic superdelocalizability on electronegativity to the number of skeletal bonds, that is, the
nitrogen. Most of the AA show the highest electrophilic avenues over which electron density may be distributed, and is
superdelocalizabilty on the-NH, nitrogens, with some excep- ~ given as follows:
tions: the nitrogens in the side chain of Arg, His, and Lys have .
the highest electrophilic superdelocalizability instead. Consis- I = ((2IN)°07 + 1)Io; (7)
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where N; is the principal quantum number for the valence tions#%4lltis not a surprise that the dipole moment of the side
electronsy; is the number of connections in the skeleton, i.e., chain (DMs), also contributed to the variations in Cand Ag"
the number of electrons in theorbital (¢) minus the number affinities.
of hydrogens If) bonded to the atony, ¢ is the molecular Kappa Alpha index (KA) is defined as
connectivity valence, i.eg + & + n — h, wherexr andn are o2 5
the number of electrons in the orbital and the lone pair, KA=(A+ta—-1)A+o—2)0)(P+a)” (10)
respectively, in atom. As a consequence of this definition,
atoms that possess and lone pair electrons or are terminal
atoms or lie on the mantle of the molecule tend to have large
positive values forS. Atoms which do not haver and lone
pair electrons and/or are buried in the interior of the molecule
tend to have small or negative E-state valéfeEo the best of
our knowledge, this is the first time Naaffinity was reported
to increase with E-state value increases. This could be attributed a=(rfregs) — 1 (11)
to those favorable catiordipole and catior s interactions. ) o o

It is noted that two out of the three molecular descriptors AS @ consequence of this definition, KA indicates the degree
used in the final Na models describe the properties of side ©f linearity of bonding patterns for a molecufe** The KA
chains (ES and DM). This reflects the important role of the value is large for linear structures but small for_ brgnchlng
side chain in N& binding. It is consistent with previous structures? In general, the flexibility of a molecule is directly

theoretical results for sodiated Ser, Cys, Phe, Tyr, Trp, etc. thatf€lated to the degree of linearity All AA have a common
their functional side chains also participate in'Nandings3®-3° backbone structure; thus, the variation in KA is mainly attributed

- : . to the linear flexible side chain, such as Arg, whose KA value
th ;'rlb?;ngaplzi:a'gzngﬁg?;azfﬁ;?y ?V?t?]ngzsrgcgr:zbwig_ is largest. Positive coefficients are observed for KA in"Gund

demiotis’s experimental relative scale to obtain absolute affini- é& afﬂ(;u/t&es_rnAodelsﬁ_(e_(t]_s 8 ar_1d_ 9)'t T?'S Imt%“eil th%tl the_glgh
ties for Cu—AA.12The Cu—Val, Lys, and Arg affinities were and Ag'—Arg affinities originate from the flexible side

: o hains enabling multidentate coordination.
further determined by an advanced kinetic metfo@hese ¢ .
reported affinities were used to develop the MLR and PLS 3.1.5. General Remarks on MLR/PLS Modglsgether with

models (Table 3S in the Supporting Information): the final PLS '_the measu_rement and computation of affinities, discussion and
model is depicted in eq 8: interpretation of trends has been reported over the years. Based

on chemical intuition and by interpreting the correlations among
T various binding affinities, researchers believe that protonation
Cu” affinity = —21IP+ 6DMg + 12KA + 449  (8) and Na binding are covalent and electrostatic in nature,

respectivelyt46while Cu" and Ag" are soft acidd215In this

whereA is the number of atoms in the molecud®; is the total
number of paths along adjacent bonds with two bond lengths,
ando accounts for the contribution of each atom to the overall
shape of a molecule based on a comparison with a carldon sp
atom. Thus,o. is defined as the ratio of radii of carbon and
each individual atom.

The statistical significance= 0.5, r3(CV) = 0.8. work, the final MLR and PLS models on proton affinity show
3.1.4. Siber Affinity. Lee and co-workers determined the that H" favors interaction with those AA with a high electro-
relative silver ion binding energies by a kinetic metA®édhis philic superdelocalizability on nitrogen (major factor) and a large

relative scale was anchored to Shoeib et al.’s reported theoreticanumber of rotatable bonds (minor factor). Noncovalent inter-
Ag*—Gly affinity (at the B3-LYP/DZVP level of theory} to actions, especially iondipole interactions, contribute signifi-
obtain the data set for this work. The final MLR and PLS models cantly to the N& binding. The HSAB principle can be used to
were developed with the molecular descriptor values derived explain the Cti and Ag" binding affinities nicely. In addition,
from the CS form of AA but the ZW form of proline. Both  ion—dipole interactions and the degree of linearity of AA are
MLR and PLS models give similar predictions (Table 4S in responsible for the variations in Cand Ag" binding affinities.
the Supporting Information). The final PLS model is shown in In general, these conclusions are consistent with the literature;
eq 9: hence, they prove the validity of the QSAR models developed
in this work.
Ag+ affinity = —291P+ 8DMg + 14KA + 455  (9) Despite Whr?\t has been st.udied in thfe past, no.good correlation
between affinity and any single physical/chemical property of
_ N ) _ AA has been reported. Although such a trend is present in the
The statistical significance- 0.4, r(CV) = 0.8. data, the correlation is not strong. For instance, a poor correlation
It is of interest to note that the same molecular descriptors petween hardness and Cuffinity was reported for small
with similar coefficients (same order of magnitude) were used ligands (e.g., NB MeCN, MeSO, etc.). This is because
in the final Cu™ and Ag" affinities models (eqs 8 and 9). Thus,  hardness only accounts for one component of the bintfing.
the Val’iationS in Clh and Ag+ afﬁnities are attributed to the There |s no doubt that for Comp'ex Systems SUCAAS as|ng|e
similar factors as discussed below: property is not enough to explain the trend in a quantitative
Both Cu" and Ag" are soft acids according to the harsbft manner. For example, correlations between affinities and the
acid—base (HSAB) principle. The definition of the absolute descriptors with the largest coefficients in their corresponding
softness of an AA is given by 1/(ionization potentiaklectron PLS models (i.e., E§ DMs, and IP for H, Na", and Cu/
affinity). Since all AA have very small electron affinitiégpne Ag affinities, respectively) give an averagfeof 0.4 only. Thus,
can reasonably assume that the absolute softness increases assingle property could only account for part of the variations
the ionization potential decreases. The negative coefficient of in affinities. The QSAR models described herein show better
the IP (egs 8 and 9) indicates the applicability of the HSAB correlations and higher predictive powers (averef€V) =
principle to these bindings, i.e., Cand Ag' affinities increase  0.8) and elucidate the multiple factors contributing to the
as the softness of AA increases. variations in binding affinities. To the best of our knowledge,
It is generally believed that the binding of €Cand Ag' to molecular descriptors such as \#8B, DMJESs, and DM/
AA involves a sum of charge-transfer and electrostatic interac- KA have not been used to elucidate the,HNa", Ag*/Cu*
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Figure 2. Dependency graphs of the ANN model ori Hiffinity: (a) Figure 3. KA dependency graphs of the ANN models on (a)"Gund
ES:; (b) RB. (b) Ag™ affinities.

For the ANN models on Cu and Ag" affinities, all

TABLE 2: Correlation Coefficients (r2) between Predicted
dependency graphs show increasing trends, except IP. This is

and Experimental Affinities of the MLR, PLS, and ANN

Models consistent with the sign of the coefficients in the MLR and PLS
model MLR PLS ANN models (negative for IP, positive for Ddvand KA). Cu" and
H* affinity 0.85 0.85 0.86 Ag™ affinities increase appro>_<imately Iinear]y with all dgscrip-
Na* affinity 0.85 0.85 0.91 tors, except KA in the Ct affinity model (Figure 3). It is of
Cu* affinity 0.85 0.85 0.96 interest to note that the dependency graphs of IP and &xé
Ag* affinity 0.88 0.88 0.93 similar for the Ct and Ag"™ models but different in the case of
average 0.86 0.86 0.92 KA (Figure 3). For Cu affinity, the KA dependency graphs

affinities of AA, respectively. We envision that these molecular show a steady increase followed by a dramatic increase.
descriptors may also be important in elucidating other binding However, no dramatic increase was observed for the case of
properties of AA, as well as those of peptides/proteins. the Ag" affinity model. This implied that Ag gains less from
3.2. Artificial Neural Network. The MLR and PLS methods  the binding with AA, whose side chain is linear and flexible.
have been found useful for the establishment of linear relation- Arg got the largest KA values; thus, we would like to get a
ships. Recently, there is growing interest in the application of better understanding about this discrepancy by investigating Arg
artificial neural networks (ANN) in the field of QSAR. The in detail. It was reported that Arg surrounds the alkali metal
special interest in ANN arises from its ability to perform cations and solvates the charge through multiple interactions
nonlinear mapping and its higher predictive powef’ The with the N-terminus, the carbonyl oxygen, and terminal nitrogen
relationships (linear or nonlinear) between molecular descriptors of the side chain, except €sit cannot fit inside this pocket
and the predicted affinities were shown in ANN dependence formed by Arg. Since Cssites on the side of the Arg, solvation
graphs. is not nearly as effective as it is for L As Ag" is larger
The predictive power could be judged from a plot of predicted than Cu in size, one may expect Agmay not fit as well as
versus experimental affiniti€d.Higher correlation coefficients ~ Cu" inside the pocket formed by Arg. We propose that this
were given by the trained ANN architectures (averdge 0.92, could be one of the explanations for the discrepancy. In
Table 2), in comparison with that of the MLR and PLS models conclusion, with the use of ANN models, higher predictive
(averager? = 0.86, Table 2). power could be obtained by considering the nonlinear relation-
In the ANN dependence graphs of the" Hffinity model ships.
(Figure 2), PA increases approximately linearly withyEd 3.3. Zwitterionic versus Neutral. All AA are known to adopt
RB. This is consistent with the positive coefficients found in the ZW form with deprotonated carboxyl and protonated amine
the final MLR and PLS models. or basic side chain in aqueous phases, as water preferentially
In the ANN dependency graphs of the Naffinity model, stabilizes the ZW conformers over the CS one. In contrast, the
Na' affinity increases with the values of the molecular descrip- inherently unstable ZW conformers are less stable than their
tors (DM, DMs, and ES). The increasing trend is consistent CS forms in the gas phase. This has been unequivocally shown
with our MLR and PLS models (the coefficients are positive for Gly, Phe, as well as for the most basic &fdt was reported
for all the descriptors). Nonlinear relationships were observed that the ZW conformers of AA could gain stability by
for DMs and ES. The nonlinear relationships were explained complexation with metal cations. To study the binding forms
with classical electrostatic theory. lewlipole interaction is of AA upon cationization, i.e., CS versus ZW, theoretical
chosen as an example. The iedipole interaction strength is  approaches were usétiHowever high-level ab initio calcula-
proportional tqu cos@®)/r, 2, whereu is the permanent molecular  tions are always computationally demanding for large systems.
dipole moment,® is the angle of deviation between the ion Although it is relatively easy to measure binding affinities
and the dipole vector (in deg), amg is the distance between experimentally, it could be difficult to obtain direct or indirect
the ion and the center of the dipole moment vector (in evident on binding forms (CS vs ZW) experimentally. Several
angstromf® As @ and r, vary among the AA, nonlinear  attempts were made to probe the binding forms experimentally
relationships were obtained. using kinetic method$52 or blackbody infrared radiative
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dissociation approaché%33 Recently, by coupling a free We would like to emphasize that the QSAR approach
electron laser with a Fourier transform ion cyclotron resonance discussed herein cannot replace the use of theoretical or
mass spectrometét, vibrational fingerprints were used to  experimental techniques cited previously. The absolute CSvsZW
provide direct evidence on the ZW structure of cationized values, albeit inexact and nonrigorous, do appear to provide a
proline. Here, we propose an alternative approach to provide afairly satisfactory estimation on the binding forms of CS versus
rough estimation on the binding form using QSAR models, with ZW. We envision that QSAR could be used as a computationally
the steps mentioned above (Figure 1). In section 3.1, theless demanding method to estimate the binding forms of CS
descriptor values were first derived from the CS and ZW forms versus ZW forms for other complex systems in the future, once
of AA. A stepwise MLR procedure was used to choose the best the binding affinities are determined.
descriptors to develop MLR and PLS models. In general, we  3.4. Predicted Na Affinities of Dihydroxyphenylalanine
found descriptor values derived from the CS form of AA give (DOPA). We believe the QSAR models developed herein may
better PA and Ct affinity models with higher?(CV). For Na" be beneficial for predicting affinities of other similar systems
and Ag" affinities models, descriptor values derived from the and bring new insight. In this section, we would like to vindicate
ZW form of Pro and the CS form for the rest of AA were used. this approach using sodiated dihyroxyphenylalanine (DOPA)
However, nonlinear relationships have not been considered inas an example.
the MLR and PLS models; thus, the results still need to be  DOPA is a neurotransmitter that acts predominantly in the
further confirmed with the ANN model. central nervous system and is associated with neurological
In this section, the descriptor values derived from the CS diseases such as parkinsonism and schizophf&rffaThe
and ZW forms of AA were input to the final trained ANN model  bjosynthesis of DOPA begins with phenylalanine (Phe)/tyrosine
to predict the affinities for the CS and ZW forms of AA. They  (Tyr). Phenylalanine hydroxylase (PAH) converts Phe to Tyr.
were named as predicted CS affinity and predicted ZW affinity, Tyrosine hydroxylase (TH) catalyzes the conversion of Tyr to
respectively, in eq 12. These predicted affinities were comparedDOPA, the rate-limiting steps in the biosynthesis of neurotrans-
with the actual experimental affinities (i.e., the actual affinity mitters. These aromatic amino acid hydroxylases are functionally
in eq 12). Then a CSvsZW index, defined as follows, is and structurally closely related. The activity of these aromatic

calculated for each AA: amino acid hydroxylases (PAH, TH) is subject to feedback
) o . inhibition by DOPAS! It was reported that the feedback
CSvsZW= |predicted CS affinity— actual affinity — inhibition requires the involvement of the amino acids residues

Ipredicted ZW affinity— actual affinity (12) Arg37 and Arg38 in TH28 Thus, it was hypothesized that
) ) - the electrical field composted of the positive charge intrinsic to
If the CSvsZW index is positive, one may conclude that the arq js an essential regulator of the inhibition for PRIt is
experimentally determined affinity is better represented by the generally believed that noncovalent interactions play a key role
CS form of AA and vice versa. In other words, making use of i, the feedback inhibition. It would be interesting to systemati-
experimental affinity, one can estimate the binding form of AA cally study the tendency for DOPA, Phe, and Tyr to interact
by QSAR models. ) ) ) with a positively charged cation. It was previously shown that
Comprehensive computational studies have been carried outsogium metal cations, mimicking positively charged sites, can
on th_e pqssuble structure; of protonated/catlonlzed glycine (Gly). pe ysed to probe the intrinsic noncovalent interactférale
Glycine is known to be in the CS form in all the protonated pejieve the intrinsic noncovalent interactions betweer Atad
and cationized complexé$1629 Consistently, the CSVSZW  5omatic amino acids (Phe, Tyr) and DOPA may pave the way

indices for Gly are positive for all the cases studied here.  for more complete models describing these noncovalent inter-
Proline is an interesting case. As reported previously, one actions in chemistry and biology. Although NaPhe and Tyr
would expect that Pro assumes the ZW form upor dad have been extensively studied, no data ofiNROPA has been

Ag™ binding;'®355%5while H" and Cu" are stabilized by the  rgported, rendering a systematic comparison difficult.

CS f(_)rm of Pro29%With the use of the final ANN moqelz In virtue of the final N& affinity ANN model reported herein,
consistent results were found, i.e., negative CSvsZW indices iha Ng- affinities of Phe Tyr, and DOPA were systematically
were obtained for A and Na—Pro, but positive indices were predicted to be 202.1 2’02_4' and 202.5 kJ Thalespectively.
found for H" and Cu—Pro complexes. To our knowledge, this is the first reported NaDOPA value.

_We have also extended our analysis to"N&rg, whose 14 check the quality of these predicted values, DFT affinities
binding form upon sodiation (CS or ZW) is still controversial. (Supporting Information) calculated for comparison give an

lon mobility studies by Wyttenbach et @l predicted that Arg  apsojyte mean derivation of 2 kJ malThus, one may conclude
adopts the ZW form. Blackbody infrared radiative dissociation o+ qur predicted values are reasonable. Based on these
and DFT calculations reported by Jockusch ePaluggested predicted affinities, one may conceive that the tendency for Phe,

that Arg is in the CS a.nd. ZW forms, respectivgly. Using a Tyr, and DOPA to form electrostatic interactions with a
kinetic method, Wesdemiotis and co-workers predicted that Arg positively charged site are comparable intrinsically.

is in the CS form insteael:>2In this work, the CSvsZW index
for Nat—Arg was found to be nearly zere-0.3). This may
suggest that the CS and ZW forms of Arg have the sam
tendency to stabilize Na This may explain why different results To the best of our knowledge, this is the first QSAR study
were reported in the literature. on proton, sodium, copper, and silver cation affinitiesAoA

No negative CSvsZW index was found for other protonated in the literature. We noted that the highest electrophilic
and cationized AA. Although no detailed studies on the CS superdelocalizability on nitrogen (major) and number of rotat-
versus ZW binding forms of these AA have been reported, itis able bonds (minor) are important molecular descriptors to
generally believed that these AA have a lower tendency to form explain the variation in PA. The variation in Naffinity is
the ZW structure upon protonation and cationization compared attributed to the electrostatic interaction, especially-idipole
with that of Pro (with a secondary amine) and Arg (with the interactions. The HSAB principles can be used to explain the
most basic side chain). Cu™ and Ag' affinities. The variations in Cuand Ag" affinities

R 4. Conclusions
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would be explained by the softness, dipole moment, and degreeWeinheim, Germany, 2000; Vol. 11.

of linearity properties of AA.

In comparison to MLR and PLS models, better predictive
powers are obtained by using ANN models. The nonlinear

(21) (a) Goll, E. S.; Jurs, P. d. Chem. Inf. Comput. Sc1999 39,
974. (b) Hemmateenejad, B.; Safarpour, M. A.; Miri, R.; TaghaviJF.
Comput. Chem2004 25, 1495.

(22) Karelson, M.; Lobanov, V. S.; Katritzky, A. Rhem. Re. 1996

relationships between molecular descriptors and affinities were 96, 1027.
discussed. We also demonstrated the use of QSAR models to (23) Stahle, L.; Wold, SProg. Med. Chem199§ 25, 291.

study the (neutral vs zwitterionic) binding forms of AA upon
protonation and cationization. Our results estimated that upon

(24) Douali, L.; Villemin, D.; Chergaoui, DJ. Chem. Inf. Comput. Sci.
2003 43, 1200.
(25) Douali, L.; Villemin, D.; Cherqaoui, DCurr. Pharm. Des2003

Na*/Ag* bindings, Pro adopts the ZW form. On the other hand, 9, 1817.

other AA adopt the CS form upon protonation and cationization.

We also illustrated the use of the NANN model to predict
the novel affinity for DOPA.

(26) Su, Q.; Zhou, LJ. Mol. Model.2006 12, 869.

(27) Aoyama, T.; Suzuki, Y.; Ichikawa, Hl. Med. Chem199Q 33,
2583.

(28) Gancia, E.; Montana, J. G.; Manallack, D. J..Mol. Graphics

The use of QSAR models in predicting/elucidating the binding Modell. 2001, 19, 349.

affinity/nature/form of protonated/cationized AA is illustrated

in this work. Although gas-phase affinities &fA appear to be

reasonably well established, studies of the affinities of peptides
are much less definitive. It is believed that the intrinsic binding

(29) Maksic Z. B.; Kovaevic, B. Chem. Phys. Lettl999 307, 497.
(30) Siu, F. M.; Ma, N. L.; Tsang, C. WChem. Eur. J2004 10, 1966.
(31) McMahon, T. B.; Ohanessian, Ghem. Eur. J200Q 6, 2931.
(32) Maw, H. H.; Hall, L. H.J. Chem. Inf. Comput. S@001, 41, 1248.
(33) Cash, G. G.; Anderson, B.; Mayo, K.; Bogaczyk, S.; Tunlel,

properties between proton/metal cation and peptides may haveMutat. Res2005 585, 170.

biological implications and values on their potential applications

in mass spectrometric research fields. Our workAol, as the

building blocks of peptides and proteins, may pave the way for
the application of QSAR models in large systems in the future.

Acknowledgment. This work is supported by the Areas of
Excellence Scheme established under the University of Grants

(34) Hall, L. H.; Kier, L. B.J. Chem. Inf. Comput. Sc995 35, 1039.
(35) Gough, J. D.; Hall, L. HJ. Chem. Inf. Comput. ScL999 39,
356.

(36) Gapeev, A.; Dunbar, R. Mt. J. Mass Spectron2003 228 825.
(37) (a) Dunbar, R. CJ. Phys. Chem. 200Q 104, 8067. (b) Ryzhov,
V.; Dunbar, R. C.; Cerda, B.; Wesdemiotis,.LAm. Soc. Mass Spectrom.

200Q 11, 1037.
(38) Ruan, C.; Rodgers, M. T. Am. Chem. So@004 126, 14600.
(39) Siu, F. M.; Ma, N. L.; Tsang, C. WJ. Am. Chem. So€001, 123

Committee of the Hong Kong Special Administrative Region, 3397. ' '
China (AoE/P-10/01). The small project funding approved by (40) Shoeib, T.; Gorelsky, S. I.; Lever, A. B. P.; Siu, K. W. M;

the Committee on Research and Conference Grants (CRCR) is

gratefully acknowledged.

Supporting Information Available: Detailed statistics of
the QSAR models and the DFT calculation of NeDOPA/

Phe/Tyr. This material is available free of charge via the Internet

at http://pubs.acs.org.

References and Notes

(1) Stryer, L.Biochemistry3rd ed.; W. H. Freeman: New York; 1988.

(2) Lippard, S. J.; Berg, J. MPrinciples of Bioinorganic Chemistry
University Science Books: Mill Valley, CA, 1994.

(3) Grier, N.Disinfection, Sterilization and Preseation, 3rd ed.; Lea
& Febiger: Philadelphia, PA, 1983.

(4) Reiter, A.; Adams, J.; Zhao, H. Am. Chem. So&994 116, 7827.

(5) Somogyi, A; Wysocki, V. H.; Mayer, 1.J. Am. Soc. Mass Spectrom.
1994 5, 704.

(6) Lee, S. W.; Kim, H. S.; Beauchamp, J.1L.Am. Chem. S04998
120, 3188.

(7) Bluhm, B. K.; Shields, S. J.; Bayse, C. A.; Hall, M. B.; Russell, D.

H. Int. J. Mass Spectron2001, 204, 31.
(8) Li, H.; Siu, K. W. M.; Guevremont, R.; Le Blanc, J. C. ¥. Am.
Soc. Mass Spectromi997, 8, 781.
(9) Dongre A. R.; Jones, J. L.; Somogyi, A.; Wysocki, V. H. Am.

Chem. Soc1996 118 8365.

(10) Harrison, A. GMass Spectrom. Re1997, 16, 201.

(11) Kish, M. M.; Ohanessian, G.; Wesdeomiotis, I@t. J. Mass
Spectrom2003 227, 509.

(12) Cerda, B. A.; Wesdemiotis, G. Am. Chem. So&995 117, 9734.

(13) Hoyau, S.; Ohanessian, G.Am. Chem. Sod.997 119, 2016.

(14) Cerda, B. A.; Wesdemiotis, Mnt. J. Mass Spectron1999 185/
186/187 107.

(15) Lee, V. W. M; Li, H.; Lau, T. C.; Guevremont, R.; Siu, K. W. M.
J. Am. Soc. Mass Spectrof98 9, 760.

(16) Shoeib, T.; Siu, K. W. M.; Hopkinson, A. d. Phys. Chem. A
2002 106, 6121.

(17) Bello-Ranmez, A. M.; Carréo-Garabito, B. Y.; Nava-Ocampo, A.
A. Epilepsia2002 43, 475.

(18) Bello-Ranez, A. M.; Buenda-Orozco, J.; Nava-Ocampo, A. A.
Fundam. Clin. PharmacoR003 17, 575.

(19) Allinger, N. L.; Yuh, Y. H.; Lii, J.-H.J. Am. Chem. Sod.989
111, 8551.

(20) Todeschini, R.; Consonni, \Handbook of Molecular Descrip-
tors: Methods and Principles in Medicinal ChemistryViley-VCH:

opkinson, A. C.Inorg. Chim. Acta2001, 315, 236.

(41) Deng, H.; Kebarle, Rl. Am. Chem. S0d.998 120, 2925.

(42) Hall, L. H.; Kier, L. B. Rev. Comput. Chem1992 2, 367.

(43) Hu, Q. N.; Liang, Y. Z.; Yin, H.; Peng, X. L.; Fang, K. J. Chem.
Inf. Comput. Sci2004 44, 1193.

(44) De Mello Castanho Amboni, R. D.; Junkes, B. da S.; Yunes, R.
A.; Heinzen, V. E. FJ. Agric. Food Chem200Q 48, 3517.

(45) Kier, L. B.; Hall, L. H.Topological Indices and Related Descriptors
in QSAR and QSPMevillers, J., Balaban, A. T., Eds.; Gordon and Breach
Science Publishers: Amsterdam, Netherlands, 1999.

(46) Hoyau, S.; Norrman, K.; McMahon, T. B.; OhanessianJ GAm.
Chem. Soc1999 121, 8864.

(47) Pearson, R. Anorg. Chim. Actal995 240, 93.

(48) lIsraelachvili, J. N.Intermolecular & Surface Forces2nd ed.;
Academic Press: London, 1992.

(49) Jockusch, R. A.; Price, W. D.; Williams, E. BR. Phys. Chem. A
1999 103 9266.

(50) Rak, J.; Skurski, P.; Simons, J.; Gutowski, MAm. Chem. Soc.
2001, 123 11695.

(51) Talley, J. M.; Cerda, B. A.; Ohanessian, G.; Wesdemioti§t@m.
Eur. J.2002 8, 1377.

(52) Cerda, B. A.; Wesdemotis, @nalyst200Q 125, 657.

(53) (a) Lemoff, A. S.; Bush, M. F.; Williams, E. R. Phys. Chem. A
2005 109 1903. (b) Dunbar, R. CMass Spectrom. Re2004 23, 127.

(54) Kapota, C.; Lemaire, J.; Mag, P.; Ohanessian, G. Am. Chem.
Soc.2004 126, 1836.

(55) Marino, T.; Russo, N.; Toscano, M. Phys. Chem. B003 107,
2588.

(56) (a) Hoyau, S.; Ohanessian, G. CARad. Sci., C. R., Ser. [£998
1, 795. (b) Shoeib, T.; Rodriquez, C. F.; Siu, K. W. M.; Hopkinson, A. C.
Phys. Chem. Chem. Phy&)01, 3, 853.

(57) Wyttenbach, T.; Witt, M.; Bowers, M. Tint. J. Mass Spectrom.
1999 182/183 243.

(58) Cooper, J. R.; Bloom, F. E.; Roth, R. e Biochemical Basis of
NeuropharmacologyOxford University Press: New York, 1986.

(59) Birkmayer, W.; Riederer, PUnderstanding the Neurotransmit-
ters: Key to the Workings of the BraiSpringer-Verlag: New York, 1989.

(60) Mathews, C. K.; van Holde, K. EBiochemistry Benjamin/
Cummings Publishing Co., Inc.: Menlo Park, CA, 1996.

(61) Maass, A.; Scholz, J.; Moser, Eur. J. Biochem2003 270, 1065.

(62) Nakashima, A.; Mori, K.; Suzuki, T.; Kurita, H.; Otani, M.; Nagatsu,
T.; Ota, A.J. Neurochem1999 72, 2145.

(63) Nakashima, A.; Kaneko, Y. S.; Mori, K.; Fujiwara, K.; Tsugu, T.;
Suzuki, T.; Nagatsu, T.; Ota, Al. Neurochem2002 82, 202.

(64) Kearney, P. C.; Mizoue, L. S.; Kumpf, R. A.; Forman, J. E,;
McCurdy, A.; Dougherty, D. AJ. Am. Chem. S0d.993 115 9907.



