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13C NMR and Electron Ionization Mass Spectrometric Data-
Activity Relationship Model of Estrogen Receptor Binding. Beger,
R. D., Freeman, J. P., Lay, Jr., J. O., Wilkes, J. G., and Miller,
D. W. (2000). Toxicol. Appl. Pharmacol. 169, 17–25.

Two Spectroscopic Data-Activity Relationship (SDAR) models
based on 13C nuclear magnetic resonance (NMR) and electron
onization mass spectra (EI MS) data were developed for 108
ompounds whose relative binding affinities (RBA) to the estrogen
eceptor are known. The 13C NMR and EI MS data were used as

spectrometric digital fingerprints to reflect the electronic and
structural characteristics of the compounds. Both SDAR models
segregated the 108 compounds into 20 strong, 15 medium, and 73
weak relative binding classifications. The first SDAR model, based
on 13C NMR data alone, gave a leave-one-out (LOO) cross-valida-
tion of 75.0%. The second SDAR model, based on a composite of
13C NMR and EI MS data, gave a LOO cross-validation of 82.4%.
Many of the misidentifications from the cross-validations were
between medium and weak classifications, where there were fewer
specific spectrometric characteristics to identify the relationship of
spectra to estrogen receptor binding. Real and predicted 13C NMR
hemical shifts were used to test the predictive behavior of both
DAR models. The ease of use and speed of SDAR modeling may
acilitate their use with other toxicological endpoints.

13C NMR chemical shifts have been used to predict
refine chemical structures (Beger and Bolton, 1997; Wis
and Sykes, 1994). Conversely, the chemical structure
compound has been used to predict its13C NMR chemica
shifts (Kvasnicka, 1991). The13C NMR spectrum of a com
pound contains a pattern of frequencies that correspon
rectly to the quantum mechanical properties of the ca
nuclei in the molecule and which reflect the proximity
connectivity of nearby atoms. The quantum mechanica
scription of a molecule depends largely on its electros
features and three-dimensional geometry (Emsleyet al.,1965).
Ab initio quantum mechanical calculations of13C chemica
shift tensors in proteins reveal that they are dependent o
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structural environment and electrostatic potential (De Dioet
al., 1993).

QSAR (quantitative structure-activity relationship) mod
ing results show that receptor binding of a compound ca
predicted, based in part upon electrostatics and geome
structure (Hansch and Leo, 1995; Branbury, 1995; Tonget al.,
1997). The binding activity of 45 progestagens has been q
titatively modeled with individual molecular1H-NMR, infra-
red, and mass spectra, as well as with simulated infrared
spectra and13C NMR spectra by comparative spectral anal
(CoSA) (Bursiet al.,1999). The CoSA model produced res
that yielded better correlations and predictions than were
with comparative molecular field analysis (CoMFA), but
CoSA quantitative modeling was limited to a set of structur
similar compounds.

SDAR (spectrometric data-activity relationship) models
13C NMR chemical shifts and electron ionization mass spe
(EI MS) patterns in much the same way that QSAR
constitutional, topological, geometric, electrostatic, and q
tum descriptors (Katritzkyet al., 1996, 1994; Fujitaet al.,
1964; Crameret al.,1988b; Tonget al.,1995; Collanteset al.,
1996) to model receptor binding of a compound. SDAR m
els eliminate the need to calculate electrostatics or qua
mechanical descriptors. The molecular alignment limitatio
QSAR is avoided in SDAR modeling because the spectro
ric data are independent of assumptions about spatial or
tion of the free molecules and contain the structural and q
tum mechanical information about the compound (Bursiet al.,
1999). The spectra can function as comparative “spectrom
digital fingerprints” for each compound, both in relation to
others and in relation to a biological endpoint, such as e
gen-receptor binding. We will demonstrate that covaria
analysis of patterns in13C NMR spectroscopic data can be u
to predict the intensity of a compound’s interaction wit
binding site. Covariance analysis is routinely done on l
genetic databases to determine sequence and genetic sim
(Altschul et al.,1990; Zhang and Madden, 1997; Boguski
Schuler, 1995; Julieret al., 1994). We propose that su
modeling based on spectroscopic data-activity relationshi
called SDAR.

The frequencies obtained from the13C NMR spectroscop
86.
0041-008X/00
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18 BEGER ET AL.
data correspond directly to the energies obtained when so
the quantum mechanical Schro¨dinger equation for a nucle
magnetic moment transition (Emsleyet al., 1965). The NMR

uantum energies are strongly dependent on the electro
otential energy of the carbon nucleus and the type of o
wavefunction) surrounding the carbon nucleus. The w
unction surrounding the atoms in a molecule can be corre
o the lowest unoccupied molecular orbital (LUMO) and h
st occupied molecular orbital (HOMO) quantum states (K
anet al.,1973). Typically,13C NMR chemical shifts in the

to 100 ppm range are associated with carbon atoms that
sp3 orbitals with the more upfield shifts having a posi
electrostatic potential (like methyl groups) and the down
shifts having a more negative electrostatic potential (like
bonds). Likewise,13C NMR chemical shifts in the 100 to 2

pm range are associated with carbon atoms that have sp
p orbitals with the more upfield shifts having a posi
lectrostatic potential (like benzyl groups) and the down
hifts having a more negative electrostatic potential (like
onyl groups). The effects of substituents on13C NMR chem-

cal shifts can be felt from as far as five bonds away or thro
pace directly. The absolute energies in NMR spectra ar
sed in SDAR because the NMR spectra are given as par
illion (ppm) chemical shifts that are dimensionless num
efined with respect to a reference compound. (When13C

NMR chemical shifts are given in hertz (Hz), they can re
sent energies.)

EI MS data represent a mass-size description of mole
substructures and often the whole molecule. By combinin
13C NMR and EI mass spectral data into a composite s
molecular descriptors and putting them into pattern recogn
programs, it should be possible to produce predictive SD

FIG. 1. The
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models in a way conceptually analogous to the process us
many QSAR models.

Figure 1 shows the relationship of structure, SDAR,
QSAR/SAR modeling techniques. The top arrow shows h
structure is characterized through NMR, IR, and MS exp
ments. Spectrometric data experiments can then be us
refine and predict a structure. NMR spectrometric data are
to distinguish between stereo-isomers, as demonstrated
3 ppm deviation observed in13C NMR chemical shifts o
carbon 17 between 17b-estradiol and 17a-estradiol. The NMR
chemical shifts of the six carbons in a phenol or be
compound all change when a substitution is made in the
or 4 position. The direction and magnitude of the six N
chemical shift changes are dependent on the substitution
benzyl or phenol ring. Neural networks have been devel
that can accurately identify the presence of a broad ran
structural features present in a compound with the net
trained on IR and13C NMR data (Munket al., 1996). Neura
networks have also been developed that can accurately id
26 structural features with the network trained on IR an
MS data (Klawun and Wilkins, 1996). Similar to13C NMR
spectral data, the chemical structure of a compound has
used to predict its IR spectrum (Gasteigeret al., 1997). The
bottom arrow shows the lock and key relation between s
ture and activity, the relationship exploited in QSAR and S
(Klopman, 1984, 1992) modeling techniques. The arrow
tween the spectrum and activity is what we refer to as SD
SDAR removes the problems associated with structure a
ment and structural calculations. However, the one-dim
sional data used in SDAR modeling loses direct three-dim
sional structure-specific information and this information
can lead to false negatives and positives predictions.

AR concept.
SD
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1913C NMR AND EI MODEL OF ESTROGEN RECEPTOR BINDING
This SDAR model can be rapidly derived and insta
consulted on an ordinary personal computer. It gives a stra
forward classification for the most active compounds
estrogen binding activity. Moreover, it requires only exp
mental data (13C NMR and EI mass spectra) that are rea
obtainable. The SDAR model based on experimental spe
scopic data can be used to screen a large number of comp
to identify those few likely by spectral similarity to sho
estrogenic activity. These “hits” would have their estrog
relative binding affinities determined by expensivein vitro
binding assays. Once an SDAR model has been deve
using training with real data, it should be possible to pre
whether or not other compounds bind strongly to the estr
receptor as quickly as their13C NMR and EI mass spectra c
be obtained and compared in the SDAR model.

Since 13C NMR spectra require either a substantial am
of purified compound or a long acquisition time, we hope
demonstrate that a compound’s predicted13C NMR spectrum
could be used in lieu of its instrumentally determined13C NMR
spectrum without compromising the accuracy of the SD
model. EI MS data can be obtained fairly quickly with sm
samples or else obtained from many online computer so
(SDBS, 2000; NIST, 1998).

An endocrine disrupting chemical (EDC) is defined as
exogenous agent that interferes with the production, rel
transport, metabolism, binding, action, or elimination of n
ral hormones in the body responsible for the maintenan
homeostasis and the regulation of developmental proce
Estrogenic compounds represent a significant subset o
EDCs to be tested. Over 86,000 compounds are candida
be screened for their estrogen receptor binding level, an
number of compounds to be screened is growing every
There is a growing need to develop inexpensive and
methods to screen these compounds. The developme
SDAR modeling gives a fast and straightforward classifica
for the most active compounds. The use of spectrometric
would allow SDAR modeling approaches to be used in
dictive toxicology.

METHODS

The estrogenic relative binding affinities (RBAs) of 108 compounds (T
1) were derived from previous publications (Kuiperet al., 1997; Blairet al.,
2000; Zava and Duwe, 1997; Hopertet al., 1998). Most of the13C NMR
spectrometric and EI mass spectrometric data are in the Integrated S
Data Base System for Organic Compounds web site www.aist.go.jp/RI
SDBS/ (SDBS, 2000), the NIST MS database software version 1.6 (N
1998), theAldrich Library of 13C and 1H FT NMR Spectra(Pouchert an

ehnke, 1993),Spectral Data of Steroids(Frenkel and Marsh, 1994), a
CD/Labs CNMR software version 4.0 (ACD/Labs, 2000).
The 13C-NMR spectral analyses of 4-hydroxy-estradiol, ICI 164-3

moxestrol, norethynodrel, clomiphene, coumestrol, daidzein, nafoxidine
ingenin, and genistein were performed at 75.46 MHz on a Varian Gemin
MHz NMR (Varian Associates, Palo Alto, CA) spectrometer operating a
K. Compounds were dissolved in CDCl3 or DMSO. The chemical shifts we
defined by assigning the CDCl3 peak to 77.0 ppm and the DMSO peak to 3

pm, depending on which solvent is actually used.
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The samples were also analyzed by direct exposure probe (DEP)
pectrometry (MS). The mass spectrometers were operated in the e
onization (EI) mode, with 70-V electron energy and the ion source tem
ure at 150°C. Samples, in solution, were applied to the rhenium wire o
EP and the solvent was allowed to evaporate before the analysis was
S data were collected until the current of the DEP exceeded 500
orethynodrel, ICI 164-384, 4-hydroxytamoxifen, 4-hydroxy-estradiol, cl
hene, daidzein, and genistein were analyzed on a Finnigan TSQ 70
oxestrol was analyzed on a Finnigan 4500 (Finnigan Corp., San Jos
ass spectrometer.
In the SDAR model EI MS data fromm/z 100 to 549 were used a

anything belowm/z 100 was omitted. Factor analysis of preliminary SD
models that included them/z 50 to 100 range revealed that them/z 50 to 100
did not contain much information important to this model of estrogen rec
binding. Unassigned 1D13C NMR chemical shifts were segregated into b
over a 0 to 222 ppmrange. The13C NMR frequencies were shifted to bins 5
o 770, so bin 550 was the13C NMR spectrum for frequencies inside 0 to 1 p
and bin 770 was the13C NMR spectrum for frequencies inside 220 to 221 p
The 13C NMR spectra were saved as the area under the peak. The area

specific chemical shift frequency was first normalized to an intege
on-degenerate frequency was assigned an area of 25, a doubly deg

requency (two13C NMR chemical shifts at the same frequency) had an
of 50, etc. This was done so that all the spectra would have similar sign
noise ratios and to eliminate linewidth variations due to differences in N
instrumental field strengths, shimming, temperature, pH, or solvents
width of the 13C NMR spectral bin was set to 1.0 ppm.

The relative binding affinities (RBAs) of a molecule to the estrogen rec
is defined as the ratio of the molar concentrations of 17b-estradiol and th
competing compound required to decrease the receptor-bound compo
50% then multiplied by 100. Thus 17b-estradiol had an RBA of 100 and a l
RBA of 2.0. Strong binders to the estrogen receptor were classified as
with a log RBA over20.30; weak binders were classified as those with a
RBA less than or equal to22.70, and medium binders were everyth
between22.70 and20.30. The classification boundaries were set by trial
error and cluster analysis. There were 20 strong binders, 15 medium b
and 73 weak binders in the training set.

The analysis of the SDAR model was done by the leave-one-out (
cross-validation procedure, in which each compound is systematical
cluded from the training set and its relative binding activity class predicte
an SDAR model generated without its contribution (Crameret al.,1988a). The
pattern recognition software used was Resolve Version 1.2 (Colorado S
of Mines, Golden, CO). The13C-NMR and EI MS spectroscopic data for
108 compounds were input into the software. The spectroscopic data we
autoscaled and Fisher-weighted prior to principal component analysis
discriminant analysis was based on the canonical variate vector and
cross-validation was used for each compound to maximize the size
training set.

Autoscaling compares the quantitative response at each mass spectram/z or
NMR chemical shift bin to all the others in the comparison set. An ave
value with standard deviation is calculated for eachm/z or bin. Then, for eac
spectrum, the quantitative response at anm/z or bin is expressed as the num
of standard deviations above or below the average. This data pretreatme
equalizes the weight of consistent variance from signals with inherently
magnitudes (25 units for NMR bin 558 representing a single methyl carb
those signals with large magnitudes (130,000 area counts atm/z bin 91,
probably arising from a tropylium fragment ion). Autoscaling, which auto
ically compensates for gross magnitude variations, is particularly importa
this application in which two completely different types of analytical spe
are formed into a composite surrogate representative of important mol
characteristics affecting estrogen binding.

Fisher weighting treats data in a statistical way that emphasizes
spectral characteristics important in distinguishing defined groups. In
SDAR model, the three groups are strong, medium, or weak estrogen re
binders. For each mass spectralm/z or NMR bin, the variance between grou
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20 BEGER ET AL.
is divided by the variance within groups. The dividend is a weighting fa
with a magnitude larger than one when a particularm/z or NMR bin has a
important role in distinguishing groups. Fisher weighting all of the raw sp
before pattern recognition increases the power of discriminant analy
classify spectra correctly. It is particularly important in this application bec
it deemphasizes the relative importance of irrelevant spectral informatio

The number of principal components used in the SDAR model was
mined by a systematic search over the number of principal component
one to 30 and the corresponding LOO cross-validation. Typically the
cross-validation of the SDAR model rises linearly when 1 to 15 prin
components are used and then the LOO cross validation oscillates by 5
when going from 15 to 22 or 25 principal components are used in the S
model. When the number of principal components reaches 25 to 30, a
steady decline is seen in the LOO cross-validation of the model. We se
the number of principal components that gave the best LOO cross-vali
for the SDAR model.

The ACD CNMR predictor 4.0 program was used to predict the13C NMR
spectra of 2-ethylphenol, 3-deoxyestradiol, 3-methylestriol, dimethylst
terol, and 4,49-dihydroxystilbene (ACD/Labs, 2000). The predicted N
spectra are calculated by the substructure technique HOSE (Bremser,

RESULTS

Based only on13C NMR spectroscopic data, the statist
pattern recognition program with 22 principal compon
(PCs) used 89.8% of the total variance and had a c
validation of 75.0%. The first principal component had 32
of the cumulative variance. Figure 2 is a two-dimensio
display of the discriminant function from the 22-dimensio
13C NMR data SDAR model. Compounds shown with an S
a log (RBA). 20.30; compounds shown with a W had a lo
RBA) , 22.70, and compounds shown with an M had in
ediate values. The strong, medium, and weak classific

utoff positions were optimized by trial and error. Figur
hows that the 20 strong binders that are estrogens and
hetic estrogens had a positive component 1 and were sep
rom the 88 medium and weak binders. Most of the med
inders are phytoestrogens and androgens that cluster

FIG. 2. The discriminant function using13C NMR data in the SDAR
model. The X-axis is the first principal component and the Y-axis is the se
principal component. Compounds shown with an S have a strong classific
compounds shown with an M have a medium classification, and comp
shown with a W have a weak classification.
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ether with a positive canonical variate component 2 at th
f Fig. 2. Table 1 contains the compound name, the log (R

nput (where N stands for “not determined” because its RB
he estrogen receptor was weak or did not bind to the est
eceptor), the SDAR training input, the SDAR prediction us

13C NMR data, and the SDAR prediction using13C NMR and
EI MS data.

Figure 3 shows the factor loadings associated with the
canonical variate function for the pattern recognition of the13C
NMR data. The positive peaks in Fig. 3 correspond to bins
bias toward a strong classification for binding to the estro
receptor and negative peaks correspond to bins that bias t
a weak and medium classification. The aliphatic CH2 bins, 30
o 35 ppm, showed a bias toward weak classification.
ethyl CH3 bins 8 and 16 ppm, respectively, showed a

toward strong classification. Many of the aromatic bins, 11
150 ppm, showed a bias toward strong classification.

Based on the composite13C NMR and EI MS data, th
statistical pattern recognition program with 21 principal c
ponents (PCs) included 80.4% of the total variance and h
cross validation of 82.4%. The first principal component
27.2% of the cumulative variance. Figure 4 is a two-dim
sional display of the discriminant function from the 21-dim
sional13C NMR and EI MS SDAR model. Figure 4 shows t
the 20 strong binders (estrogens and synthetic estrogen
had a positive component 1 were well separated from th
medium and weak binders. Most of the medium binders
phytoestrogens and androstogens that clustered together
positive canonical variate component 2 at the top of Fig.

Figure 5 shows the factor loadings for the first canon
variate for the SDAR model based on13C NMR (Fig. 5a) and
EI MS (Fig. 5b) spectra. The positive peaks in Figs. 5a an
correspond to bins that bias toward a strong classification
negative peaks correspond to bins that bias toward a medi
weak classification. Many of the canonical variate13C NMR
bins that showed a strong classification bias in Fig. 3
present in Fig. 5a. In Fig. 5b, the mass spectral portion o
canonical variate is split evenly into bins that bias a st
classification and a not-strong classification.

Figure 6 shows the discriminant function of the13C NMR
SDAR model shown in Fig. 2 with the predicted estro
receptor binding of 2-ethylphenol displayed with anA when
using the real experimental13C NMR data anda when using
he predicted13C NMR spectra. Similarly, the predicted est-
gen receptor binding of 3-deoxyestradiol is shown atB when

sing the real13C NMR data and atb when using the predicte
13C NMR spectra. The predicted estrogen receptor bindin
3-methylestriol is shown atD when using the real experimen
13C NMR data and atd when using predicted13C NMR spectra
The predicted estrogen receptor binding of dimethylstilbes
is shown atE when using the real experimental13C NMR data
and ate when using predicted13C NMR spectra. The predicte
estrogen receptor binding of 4,49-dihydroxystilbene is show
at F when using the real experimental13C NMR data and atf

nd
on;
ds
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2113C NMR AND EI MODEL OF ESTROGEN RECEPTOR BINDING
TABLE 1
Model Training Compounds

Compound
log

(RBA) Class

Class
predicted

NMR

Class
predicted
NMR/MS Compound

log
(RBA) Class

Class
predicted

NMR

Class
predicted
NMR/MS

1,4-Diphenyl-1,3-butadiene N W W W
1,6-Dimethylnaphthalene N W W W
1,8-Octanediol N W M M
2,29-Dihydroxy-4-methoxybenzophene N W W W
2,29-Methylenebis(4-chlorophenol) 22.45 M M M
2,4,5-T N W W W
2,4-D N W W W
2,4-Dihydroxybenzophenone 22.61 M W M
2-Chloro-4-methylphenol 23.66 W W W
2-Chlorophenol 23.67 W W W
2-Furaldehyde N W W W
2-Hydroxy-estradiol (25) 1.04 S S S
2-Phenylphenol N W W W
2-sec-Butylphenol 23.54 W M W
3-Phenylphenol 23.44 W M W
4,49-Dihydroxybenzophenone 22.46 M W W
4,49-Methylenebis(N,N-dimethyl) N W W S
4,49-Methylenedianiline N W W W
4,49-Methylene(2,6-ditertbutylphenol) N W W W
4,49-Sulfonylphenol 23.07 W W W
4-(Benzyloxy)phenol 23.44 W W W
4-Chloro-2-methylphenol 23.67 W W W
4-Chloro-3-methylphenol 23.38 W M W
4-Ethylphenol 24.17 W W W
4-Nonylphenol 21.45 M M W
4-Hydroxyestradiol (25) 0.85 S S S
4-Hydroxytamoxifen 2.24 S S W
4-Phenylphenol 23.04 W W W
4-Stilbenol N W S S
4-tert-Amylphenol 23.26 W W W
4-tert-Butylphenol 23.61 W W W
4-tert-Octylphenol 21.82 M M W
5a-Androstane-3a,17b-diol 22.67 M W M
5a-Androstane-3b,17b-diol 20.92 M W M
Aldrin N W W M
Aurin 21.49 M M M
Benzyl alcohol N W W W
Benzylbutyl phthalate N W W W
Bis(2-ethylhexyl) phthalate N W W S
Bis(2-hydroxyphenyl)-methane N W W W
Bis(4-hydroxyphenyl)-methane 23.02 W W W
Bisphenol A 22.11 M M M
Bisphenol B 21.07 M S M
Butyl-4-aminobenzoate N W W W
n-Butylbenzene N W W M
Caffeine N W S W
Cholesterol N W W M
Chrysene N W W W
Chrysin N W M M
Cineole N W W W
Cinnamic acid N W W W
Clomiphene 20.14 S M W
Corticosterone N W W S
Coumestrol (28) 20.05 S S S

Note. In column two is the log (RBA) to the estrogen receptor. N, not determined due to weak or nonbinding. S, strong-binding classification
RBA) . 20.3; M, medium-binding classification with20.3 . log (RBA) . 22.7; W, weak-binding classification with a log (RBA), 22.7. Column thre

is the input SDAR classification from the log (RBA); column four is the13C NMR SDAR model LOO predicted classification, and column 5 is the13C NMR
and EI MS SDAR model LOO predicted classification.

DDD-o,p9 N W W W
DDD-p,p9 N W W W
DDE-p,p9 N W S S
DDT-o,p9 22.85 W W W
DDT-p,p9 N W W W
Diethylstilbesterol 2.60 S S S
Daidzein (28) 21.65 M M M
Dexamethasone N W W W
Dibenzo-18-crown-6 N W W W
Dibutyl phthalate N W W W
Dieldrin N W S S
Dienestrol 1.57 S M S
Diethyl phthalate N W W W
Dihydrotestosterone N W M W
Diisobutyl phthalate N W W W
Dimethyl phthalate N W W W
Diphenolic acid 23.13 W S S
Dopamine N W W W
Estra-1,3,5(10)-trien-3-ol 1.14 S S W
Estra-1,3,5(10)-trien-3,6a,17b-triol 20.15 S S S
Estriol 0.99 S S S
Estrone 0.86 S S S
Ethylcinnamate N W W W
Ethynyl estradiol 2.28 S S S
Etiocholan-17b-ol-3-one N W W W
Eugenol N W W W
Genistein (27, 28) 20.35 M M M
Heptanal N W W W
Hesperetin (27) N W M M
Hexachlorobenzene N W W W
Hexestrol 0.56 S W S
Hexyl alcohol N W W W
ICI-164,384 1.16 S W S
Isoeugenol N W W W
Kaempferol (27) 21.55 M M M
Lindane N W W S
Melatonin N W M M
Mestranol 0.35 S S S
Methoxychlor 23.2 W W W
Moxestrol 1.14 S S S
Nafoxidine 20.14 S M S
Norethynodrel 20.65 M W M
Phenolphthalein 21.87 M W W
Phenol red 23.25 W W W
Progesterone N W W W
Quercetin (27) N W W M
Suberic acid N W W W
Tamoxifen 0.21 S S S
Testosterone N W W W
Triphenylethylene 22.78 W W W
Triphenylphosphate N W W W
Vanillin N W W W
17a-Estradiol 0.49 S S S
17b-Estradiol 2.0 S S S
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when using predicted13C NMR spectra. 2-Ethylphenol w
correctly predicted to be a weak binder by the13C NMR SDAR
model when using both real experimental and predicted13C
NMR spectra. 3-Deoxyestradiol was correctly predicted to
strong binder by the13C NMR SDAR model when using bo
real experimental and predicted13C NMR data. 3-Methylestrio

as incorrectly predicted to be a strong binder in the13C NMR
SDAR model when using real13C NMR data, but correctl
predicted to be a medium binder in the SDAR model w
using predicted13C NMR data. Dimethylstilbesterol was co-
ectly predicted to be a strong estrogen binder by the13C NMR

SDAR model when using the real experimental and pred
13C NMR data. 4,49-Dihydroxystilbene was incorrectly pr-
dicted to be a strong binder instead of a medium binder in
13C NMR SDAR model when using real13C NMR data an
incorrectly predicted to be a weak binder in the SDAR m
when using predicted13C NMR data.

FIG. 3. The canonical variate using13C NMR data in the SDAR mode
he X-axis is the bin number and the Y-axis is the relative intensity. The
re numbered from 0 to 110 and 110 to 220 ppm.

FIG. 4. The discriminant function using13C NMR and EI mass spectr
data in the SDAR model. The X-axis is the first principal component an
Y-axis is the second principal component. Compounds shown with an S
a strong classification; compounds shown with an M have a medium cl
cation, and compounds shown with a W have a weak classification.
a

n

d

e

l
Figure 7 shows the discriminant function of the13C NMR

and EI MS SDAR model shown in Fig. 4. The notation for
predictions of 2-ethylphenol, 3-deoxyestradiol, 3-methy
riol, dimethylstilbesterol, and 4,49-dihydroxystilbene are th
same as used in Fig. 6. The actual positions ofE ande are off
the Fig. 7 display region and are at the same component
the y-axis but the component 1 (x-axis) is equal to 3.1, no
as displayed in the figure. 2-Ethylphenol was correctly
dicted to be a weak binder by the13C NMR and EI MS SDAR
model when using both real experimental and predicted13C
NMR spectra. 3-Deoxyestradiol was correctly predicted to
strong binder by the13C NMR and EI MS SDAR model whe
using both real experimental and predicted13C NMR data
3-Methylestriol was incorrectly predicted to be a strong bin
instead of a medium binder in the13C NMR and EI MS dat
SDAR model when using real and predicted13C NMR data
Dimethylstilbesterol was correctly predicted to be a str
binder by the13C NMR EI MS SDAR model when using bo
real experimental and predicted13C NMR data. 4,49-Dihydroxy-
stilbene wasincorrectly predicted to be a weak binder by

s

e
ve
ifi-

FIG. 5. The canonical variate using13C NMR and EI mass spectral data
the SDAR model. The X-axis is the bin number and the Y-axis is the re
intensity. A.13C NMR data with the bins numbering from 0 to 110 and 11
220 ppm. B. EI mass spectral data with the bins numbering fromm/z 100 to
325 andm/z 325 to 550.
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2313C NMR AND EI MODEL OF ESTROGEN RECEPTOR BINDING
13C NMR EI MS SDAR model when using both real exp-
ental and predicted13C NMR data.
In all four SDAR predictions of 2-ethylphenol, it was c

ectly classified as a weak binder. The removal of the hydr
roup from the 3 position in estradiol and estriol lowers t
inding constant to the estrogen receptor by more than a
f 100. All four SDAR model predictions of 3-deoxyestrad
orrectly see this loss in binding activity by predicting a str
lassification. Three of four SDAR model predictions
-methylestriol incorrectly predicted a strong binding clas
ation. Only the prediction using predicted13C NMR with the

13C NMR SDAR model correctly classified 3-methylestrio
the medium classification. All four SDAR model predictions

TAB
Model Tes

Compound
log

(RBA) Class
Class model
real NMR

2-Ethylphenol ,24.0 W W
3-Deoxyestradiol 20.30 S S
3-Methylestriol 21.65 M S
Dimethylstilbesterol 1.19 S S
4,49-Dihydroxystilbene 20.55 M S

Note.In column two is the log (RBA) to the estrogen receptor. S, stron
ith 20.3 . log (RBA) . 22.7; W, weak-binding classification with a lo

13C NMR data. In column 4 is the13C NMR and EI MS SDAR model predic
prediction using predicted13C NMR data. In column 6 is the13C NMR and E

FIG. 6. The discriminant function for the13C NMR SDAR model. Th
osition of predicted estrogen receptor binding of 2-ethylphenol withA when
sing the real13C NMR spectral data and witha when using predicted13C
MR data. The position of predicted estrogen receptor binding of
xyestradiol withB when using the real13C NMR spectral data and withb

when using predicted13C NMR data. The position of predicted estrog
eceptor binding of 3-methylestriol withD when using the real13C NMR
pectral data and withd when using predicted13C NMR data. The position o
redicted estrogen receptor binding of dimethylstilbesterol withE when using

he real13C NMR spectral data and withe when using predicted13C-NMR data
The position of predicted estrogen receptor binding of 4,49-dihydroxystilbene
with F when using the real13C NMR spectral data and withf when using
predicted13C MR data.
yl
ir
tor
l
g
f
-

f

dimethylstilbesterol correctly see a loss in binding activity w
respect to diethylstilbesterol (DES) by predicting them out
but near the strong classification zone. All four 4,49-dihydroxy-
tilbenepredictions were incorrect and three of the four
ictions were weak classifications instead of its medium
ification.

DISCUSSION AND CONCLUSIONS

There were five false negatives from the13C NMR SDAR
model and four false negatives from the composite13C NMR
and EI MS SDAR model. There were five false positives f
the 13C NMR SDAR model and seven false positives from
composite13C NMR and EI MS SDAR model. A majority o
compounds that fail the LOO cross-validation test do so
cause of the confusion between medium and weak class
tion. This is consistent with the fact that the SDAR mo
“learns” that binding strongly to the estrogen receptor
well-defined relationship, whereas there are many ways
molecule to bind weakly to the estrogen receptor.

The SDAR model that uses all the13C NMR and EI MS

2
ompounds

Class model real
NMR 1 MS

Class model
predicted NMR

Class model predicte
NMR 1 MS

W W W
S S S
S M S

S S S
W W W

inding classification with a log (RBA). 20.3; M, medium-binding classificatio
BA), 22.7. In column 3 is the13C NMR SDAR model prediction using re

using real13C NMR and EI MS data. In column 5 is the13C NMR SDAR mode
SDAR model prediction using predicted13C NMR data and real EI MS dat

-

FIG. 7. The discriminant function for the13C NMR and EI MS SDAR
model. The positions of predicted estrogen receptor binding are displaye
the same notation as used in Fig. 6.
LE
t C

g-b
g (R
tion
I MS
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24 BEGER ET AL.
spectrometric data had the best LOO cross-validation. Wh
compound had both classification predictions from the
SDAR models, there was only one false negative (clomiph
and there were two false positives (dieldrin and p,p9-(dichloro

iphenyl)-2,2,dichloroethylene). The false negative c
ounds have very few compounds that are structurally si

n the SDAR models. False positive compounds are not a m
oncern since they would be tested experimentally for e
en-receptor binding. Clomiphene is a false negative with
RBA) of 20.14, which is close to the medium and str
strogen-receptor classification divisions. Compounds w

og (RBA) near a classification division are harder to predic
ppears that for a SDAR model to correctly predict a c
ound’s binding activity, it must have structurally sim
ompound as a basis for the prediction.
The addition of infrared absorption (IR) spectrometric d

as been used to increase the accuracy of SDAR mod
onodechlorination of chlorobenzenes, chlorophenols,

hloroanilines (Begeret al.,2000) and IR data may be able
ncrease the accuracy of the SDAR models estrogen-rec
inding. IR absorption spectra are based on quantum me

cal principle and, similar to13C NMR chemical shifts, hav
been used to predict molecular structure (Hemmeret al.,1999).

onversely, similar to13C NMR spectra, chemical structur
have been used to predict IR spectra (Gasteigeret al.,1997). A
drawback of SDAR modeling is the loss of three-dimensi
site-specific information, which can lead to false negat
One way to increase the accuracy of SDAR modeling is to
all SDAR models that predict a compound as a strong bind
the estrogen receptor be tested experimentally for est
receptor binding. This way the six false negative compo
that were predicted correctly in one SDAR model and in
rectly predicted in the other SDAR model would still be tes
experimentally. Each spectrometric data set (NMR, IR, an
MS) is a two-dimensional representation of the molecule
each spectrometric data set contains unique information
the molecule. Using the combined results of multiple SD
models with different spectrometric data is another reaso
add IR spectral data to SDAR modeling of estrogen rece
binding.

Another objective of building SDAR models is to use th
in high-throughput virtual drug design, working in real ti
with combinatorial chemistry production. An SDAR model
be built as fast as the spectrometric digital fingerprints ca
acquired and predicted. There is no need to align mole
compounds or even to know the structure of the comp
before an SDAR can be built. Another benefit of SDAR m
eling is that there is no need to calculate quantum mecha
properties where inaccuracies can be built into the Q
model by assumptions used to solve Schro¨dinger’s equation. I
drug discovery, the activity of a lead compound can be
dicted for a particular endpoint activity once a model usin
13C NMR and real EI MS spectrum has been defined
a
o
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comparison with spectra for at least 30 compounds w
activity in this respect is known.

The accuracy of the SDAR model predictions based on
13C NMR and on predicted13C NMR spectral data were almo
the same. The predictions for 2-ethylphenol, 3-deoxyestra
and dimethylstilbesterol were correct for all four predictio
The predictions for 3-methylestriol were incorrectly classi
as strong in three of four predictions. The only SDAR mo
prediction that was correct for 3-methylestriol was that b
on predicted13C NMR data using the13C NMR data mode
Predicting the effects of point changes from a compound
is a strong binder will be the toughest test for SDAR mode
The predictions for 4,49-dihydroxystilbene were wrong all fo
times. The prediction of compounds in the medium bind
classification is hard because of nonspecific binding; the
tronics or geometry can be altered in many different way
lower the binding of a compound a little. The variance ana
used in SDAR models are optimized to find the set of N
frequencies that are best associated with strong binding
accuracy of the SDAR model predictions proves that13C NMR
spectra can be used in covariant analysis to discriminat
tween molecules that may bind to the estrogen receptor. S
modeling is not meant to replace QSAR or SAR modeling
can be used as an alternative when QSAR/SAR modeli
unreliable. Ultimately the combination of SDAR and QSA
SAR into one model may lead to the more powerful mode
technique.

The SDAR model approach can be used for other c
pound-receptor systems by simply exchanging the rel
binding affinities of the estrogen-receptor system with th
appropriate for the alternative system to be modeled and
ing a new SDAR for that endpoint. The13C NMR, EI MS, and
other spectral data do not change. They can be used as
prehensive descriptors in a new SDAR model of many di
ent biological end points. The only requirement is the a
ability of a suitable training set for which the strength
relation to that endpoint has already been determined. Thi
45 similar compounds may represent a good start for a tra
set, especially if one uses it only to predict the activity of o
structurally similar compounds. However, for effective tox
logical prediction involving a variety of potential structu
types, a large, diverse training set such as that used in this
will be important.
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