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Computational modeling of biologically
active molecules using NMR spectra
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Division of Systems Toxicology, National Center for Toxicological Research, Food and Drug Administration, Jefferson, AR 72079, USA
The molecular structure and NMR chemical shift information of a compound can be combined to form

powerful models of biological activity. NMR spectral data and structure information can be combined on

a structural template analogous to 3D-QSAR methodology or orientation independently in spectral

space. Surprisingly, quantitative spectrometric data–activity relationship (QSDAR) models built on

structure templates are inferior to multi-dimensional QSDAR models built in spectral space. 3D-QSDAR

modeling could be useful for estimating chemical toxicity, risk assessment of environmental

contaminants and drug lead-compound identifications.
Quantitative spectrometric data–activity relationship (QSDARs)

models are based on determining a relationship between the

NMR spectra of a set of molecules and their biological activities

or physical characteristics. Several papers have recently been pub-

lishedthatdemonstrate thepowerofusing 13CNMR spectraas input

parameters to form models of biological activity [1–10]. QSAR [11–

22] and SAR [23–27] are the primary in silico modeling techniques

used in drug discovery. 3D-QSAR models are typically based on

physical fields obtained by superimposing each compound as a

whole on a 3D grid. The QSAR and SAR models depend on pat-

tern-recognition techniques for developing a relationship between

input physical or structural variables of a molecule and a biological

or physical characteristic endpoint. 3D-QSAR models are based

partly on electrostatics and partly on molecular geometry [11,12].

NMR spectra reflect quantum mechanical properties that, like

QSAR factors, depend on local electrostatics and geometry [28–

33]. The 13C NMR spectrum of a compound contains a pattern of

frequencies that correspond directly to the quantum mechanical

properties of the carbon nuclear magnetic dipole in a magnetic

field. The spectral pattern reflects the local electrostatic environ-

ment and electron orbital configuration of each carbon atom.

The NMR chemical shift tensor is composed of a diamagnetic

term and a paramagnetic term [33]. The diamagnetic term is

directly related to the electrostatic potential at the nucleus [33],

whereas the paramagnetic term is largely dependent on the
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orbital configuration [31]. For 13C NMR spectra, the differences

between the diamagnetic and paramagnetic terms can be very

large, which results in a large spectral range. This means that the

resonances from different carbon orbital configurations are gen-

erally well-separated from each other, which permits the use of

advantageous large-13C NMR spectral diversity to build the

QSDAR models.

It is possible to build SDAR and QSDAR models without asso-

ciating the pattern of NMR spectral features to the molecular

nuclei. However, QSDAR modeling based on 1D 13C NMR data

should be used on compounds that are primarily carbon-based and

for structurally similar compounds. QSDAR modeling using 13C

NMR spectra works best when attempted on a set of similar

structural motifs or on a set of compounds that have a large

proportion of carbon nuclei. Figure 1 shows the QSDAR modeling

flow chart, including binning, weighting, and validation steps. To

start, the structures of a set of compounds are generated and their
13C NMR spectra are predicted or found in a database. A 13C

spectrum is saved as a set of ordered pairs – chemical shift fre-

quencies in parts per million (ppm) and the area under the peak.

The area under a specific chemical shift frequency is normalized to

an integer value. This normalization is done so that all the spectra

have a similar signal-to-noise ratio, and the line width variations

(caused by differences in NMR instrumental field strengths, shim-

ming, proton coupling, temperature, pH or solvent) are elimi-

nated. The bins define the number of chemical shift peaks within a

ppm range. The bin width used in inputting the 13C NMR spectra
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FIGURE 1

The procedural flow chart for QSDAR modeling. First, the structures of a
set of compounds are generated and their real or predicted 1D 13C NMR

spectra are obtained. The spectra are broken into bins that define the

number of chemical shifts peaks with a specific ppm range. The bin width
can be allowed to vary and is optimized by testing the model. The bins

intensities or principal components (PCs) are used to produce the QSDAR

models.
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can be optimized by allowing the spectral window width to vary

and using the bin width that produces the best cross-validated

models.

One limitation of 1D comparative spectra analysis (CoSA)

QSDAR models is that they lack direct 3D structural information.

The most obvious way to combine structural and spectral infor-

mation is to establish a specific molecular template as a best, or

normal, representative of those causing a particular biological

effect. Each carbon atom in this template’s backbone is numbered,

and all other compounds to be modeled must use the same back-

bone numbering system. Then, each compound’s pattern is
430 www.drugdiscoverytoday.com
defined by the ordered pair (carbon number, chemical shift) rather

than by the previously described system (chemical shift bin num-

ber, occupancy number). This means that the chemical shifts have

been assigned to the associated carbon atom that produced them.

The pattern as defined is correlated with the biological activity of

each molecule. The resulting model combines structural informa-

tion with the assigned simulated 13C NMR chemical shifts. We

have named this 1D QSDAR method comparative structurally

assigned spectra analysis (CoSASA) to distinguish it from the

substantially different structurally unassigned methods previously

described as CoSA. The ability to include spatial relationships in

SDAR modeling should improve the quality of the results. In fact,

when used on the same spectral training set, inferior results by

CoSASA were obtained when compared to CoSA [34,35]. In other

words, combined structural and spectral information used in a way

that is directly encoded in 3D-QSAR was not helpful.

Another way to combine structural and spectral information is

to express a molecule’s geometrical information in spectral space

in a multidimensional matrix that can be built on orientation-

independent parameters. In the same way, 2D, 3D and 4D NMR

experiments use additional spectral dimensions to reduce spectral

overlap [36–42]. The matrix definition does not limit compounds

only to those sharing the same backbone template. Compounds in

the same model can have dissimilar structures: they can differ in

the number and connectivity of carbon atoms, as well as the

number and identity of constituents. Following is a description

of how a multidimensional QSDAR model is built [43–45].

A molecule’s 3D-carbon-connectivity matrix can be built by

displaying all the possible carbon-to-carbon connectivities with

their assigned carbon NMR chemical shifts on two dimensions and

the distance between the two atoms in a third, orthogonal dimen-

sion. Figure 2 shows all the carbon-to-carbon connectivities and

the 3D-carbon-connectivity matrix for 3b-estradiol. The x-axis

shows the chemical shifts of carbon i, the y-axis those of carbon

j. The z-axis represents the distance between carbon i and carbon j

(rij). By representing molecules with this matrix, the subjective

superposition of molecules on a template is avoided, but we are

still restricted to molecules that consist primarily of carbon atoms.

Further parameterization needed to develop typical 3D-QSAR

models is either avoided or minimized. For flexible molecules,

some atom-to-atom distances can vary, so representations of

multiple conformations in the 3D-connectivity matrix format

can be accommodated in a 4D-connectivity matrix that incorpo-

rates the molecule’s dynamics in its construction.

The carbon-connectivity matrix shown in Figure 2a is symme-

trical around the x-y diagonal. That is, for every connection

between atom i and atom j, the identical relationship is repre-

sented across the diagonal at the connection between atom j and

atom i. Along the x-y diagonal at rij = 0 is the 1D 13C NMR spectrum

of 3b-estradiol. The nearest neighbor carbon-to-carbon connec-

tions are at rij � 1.4 Å with all the other distance related atom-to-

atom connections at rij > 1.4 Å.

The information in a 3D-connectivity matrix over-determines

the structure of a compound, therefore the information in the

matrix that is actually used in a model can be reduced significantly

to simplify and accelerate computations. One possible way of

reducing the 3D matrix is to cut it into a set of 2D spectral con-

nectivity planes. The first 2D connectivity plane is the plane with
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FIGURE 2

Connectivity matrix and connectivity planes. (a) The 3D-connectivity matrix of 3b-estradiol. (b) The carbon-to-carbon nearest neighbor structural

connectivities and associated projected 2D connectivity plane of the 3D-connectivity matrix for 3b-estradiol. (c) The carbon-to-carbon short distance structural

connectivities and its associated projected 2D connectivity plane. (d) The carbon-to-carbon medium distance structural connectivities and associated
projected 2D connectivity plane. (e) The carbon-to-carbon long distance structural connectivities and its associated 2D connectivity plane. The x- and y-Axis

labels for b–e are13C ppm.
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nearest neighbor through bond-connectivity information. The

other 2D planes are constructed by reducing a range of similar dis-

tancesalong thez-axisontoone2Dspectral connectivityplane.This

effectively compresses and greatly simplifies distance information

along the z-axis. In addition to the bond-connectivity plane, there is

a plane for short atom-to-atom distance connections (2.0 Å < rij <

3.6 Å) of perhaps two bond lengths through space, another for

medium atom-to-atom distance connections (3.6 Å < rij < 6.0 Å),

and a fourth for long atom-to-atom distance connections (rij >

6.0 Å). The 2D planes can be binned into 2D bins but only half

of the 2D bins need to be used in model development. The number

of 2D connectivity planes and distance ranges for the 2D con-

nectivity plane can be set by the model developer or by cross

validation. Figure 2b–e shows carbon-to-carbon connectivities on

the structure of estradiol next to the in silico predicted 2D carbon-

to-carbon connectivity planes for the nearest neighbor, short-

range, medium-range and long-range distances. Similarities

between the pattern of 2D spectral data associated with the

biological activity of the training set compounds and the spectral

data for the test compound are detected and used to determine

whether the compound is predicted to exhibit the biological

activity. This pattern recognition method is called comparative

structural connectivity spectra analysis (CoSCoSA), to distinguish

it from CoSA and CoSASA.
QSDAR development
Models based on 13C NMR spectra
A 13C NMR CoSASA model of 30 corticosterone steroids with

binding affinity gave an explained variance (r2) of 0.80 and a

LOO (‘leave-one-out’) cross-validated variance (q2) of 0.73 [34].

The steroid backbone CoSASA model was based on the change in

chemical shift frequency of atoms from positions 3, 14 and 20 on

the steroid template. Positions 3 and 20 are near the steroid

positions, which previous QSAR models have shown are the active

regions for corticosterone binding [34,35]. The q2 of 0.73 for the

CoSASA model is slightly better than the QSAR q2 of 0.68 but the

CoSASA is much easier to build and gives direct information as to

which atoms are important for the model and biological activity.

Without additional effort, more atoms could have been included,

and trends in q2 as a function of number of bins used indicate that

further improvements in predictive accuracy of the CoSASA model

are possible. A CoSCoSA model of the same 30 steroids binding

corticosteroid binding globulin was developed by combining NMR

spectral information with structural information to form a 3D-

carbon-connectivity matrix. The 3D-carbon-connectivity matrix

was built by displaying all possible carbon-to-carbon connections

with their assigned carbon NMR chemical shifts and distances

between the carbons. The matrix was simplified by compressing

data into a 2D 13C–13C correlation spectroscopy (COSY) plane, and
www.drugdiscoverytoday.com 431
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FIGURE 3

Representative set up for a 2D 13C-15N heteronuclear neighbor-to-
neighbor bond connectivity matrix. The yellow area is for carbon-to-

carbon bonds, the red area is for carbon-to-nitrogen bonds, and the green

area is for nitrogen-to-nitrogen bonds. Because of the symmetry of the

matrix, only half of the connectivity matrix is used in modeling.
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selected theoretical 2D 13C–13C distance connectivity spectral

slices to model binding for 30 steroids. Not all the atom-to-atom

connectivity information is needed to develop a good CoSCoSA

model. It is known for many steroids and corticosteroids that the

important binding sites are near the 3 and 17 positions of the

molecule. Therefore, effective models can be built using only the

nearest-neighbor information and the long-range connections

between carbons surrounding positions 3 and 17 that are

�7.5 Å apart. To include information around positions 3 and

17, through-space carbon-to-carbon connections that were greater

than 6.0 Å were included to produce a theoretical 2D 13C–13C

distance-connectivity spectrum that contains cross-peaks for atom

i and atom j whenever the two carbons were greater than 6.0 Å

apart. Principle components (PCs) for the CoSCoSA model were

produced by evaluating the 2D 13C–13C COSY and 2D 13C–13C

distance-connectivity bins with forward multiple linear regression

analysis, and using only the most statistically relevant PCs. The F

test for many of the models continued to rise as more PCs were

included in modeling. These processes can lead to over-fitting of

the model. To avoid over-fitting, the models need to be tested with

external test sets or with cross-validation techniques that remove

more than 10% of the data.

Modeling using other active nuclei
Often, particularly for chemicals with potentially useful pharma-

ceutical value or toxicity, compound types to be modeled will

contain atoms other than carbon and hydrogen. It that case, NMR

spectra from other active nuclei can be used. The most prominent

atom that is both biologically important and for which accurate

NMR prediction software is available is 15N. Other NMR nuclei that

could be used for SDAR or QSDAR modeling are 17O, 19F, and 31P.

The optimal nuclei would depend on the molecule training set and

biological or chemical end point to be modeled. Figure 3 shows a

typical 2D spectral connectivity layout for a 2D 13C–15N hetero-

nuclear CoSCoSA model. In Figure 3, the yellow area is for carbon-

to-carbon bonds, the red area is for carbon-to-nitrogen bonds, and

the green area is for nitrogen-to-nitrogen bonds. As seen with

multi-dimensional 13C–13C models, symmetry-based data dupli-

cates mean that only half of the spectra in the array are necessary

to develop a model.

Case study on cephalosporins
Cephalosporins are widely used antibiotics that are similar in

structure and mode of action to penicillin. There are two nitrogen

atoms in the backbone of cephalosporin molecules. To examine

the potential of heteronuclear CoSCoSA methods to model the

minimum inhibitory concentrations (MIC) of cephalosporin anti-

biotics, we developed 2D QSDAR models for 17 compounds using

only the through-bond (COSY-type) carbon-to-carbon and

through-bond carbon-to-nitrogen connectivities. In producing

this 2D CoSCoSA model, we defined the endpoint as log (1 �MIC)

MIC) for technical reasons [46–48].

We used bin sizes of 3.0 � 3.0 ppm for carbon-to-carbon COSY

connections and 10.0 � 3.0 ppm for the nitrogen-to-carbon direct

connections. Nitrogen chemical shifts were predicted from

software available on the I-Lab website (ACD Laboratories,

www.acdlabs.com/ilab) and carbon shifts were predicted as before.

In building the nitrogen-to-carbon connectivity matrix,
432 www.drugdiscoverytoday.com
700.0 ppm was added to the predicted nitrogen chemical shifts,

so that shifts fell in the range of 300–700 ppm. Thus, a single

synthetic spectrum could be defined with carbon-to-carbon con-

nectivity bins occupied from 0 to 240 ppm, and nitrogen-to-nitro-

gen connectivity from 300 to 700 ppm.

Forward linear regression selected four bins from a total of 101

carbon-to-carbon and 48 carbon-to-nitrogen occupied bins. The

selected bins were the following: (�230 nitrogen, 156 carbon);

(�280 nitrogen, 162 carbon); (�230 nitrogen, 168 carbon); and

(135 carbon, 24 carbon). The cephalosporin CoSCoSA model had a

correlation r2 = 0.92, F value = 36.2, P < 0.000005, LOO of

q2
1 ¼ 0:88, average L4O of q4

2 ¼ 0:79 and SD = 0.03 [48]. These

results are indicative of an astonishingly robust model. Figure 4

shows the structurally assigned interpretation of the chemical

shifts used to formulate the CoSCoSA model of cephalosporins.

The chemical shifts at (�230 nitrogen,168 carbon) identifies the

carbon-to-nitrogen bond where acid hydrolysis occurs and allows

the cephalosporin to bind to the bacterial enzyme transpeptidase,

irreversibly inactivating the enzyme and stopping growth [49].

The chemical shifts connectivity at (�230 nitrogen, 156 carbon)

and (�280 nitrogen, 162 carbon) identify two spectral states of

another carbon-to-nitrogen bond in the middle of each cephalos-

porin compound. Because the enzyme transpeptidase binds to

dipeptides, it is reasonable to assume that the other carbon-to-

nitrogen bond, which looks like part of an amino acid backbone

(carbonyl-to-amide-to-a carbon), is involved via a hydrogen bond

to the enzyme. The two different chemical shifts for the same

carbon-to-nitrogen bond might represent the bond in two differ-

ent configurations, two different electrostatic potentials or, more

likely, a combination of different configurations and associated

mailto:richard.beger@fda.hhs.gov
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FIGURE 4

Structural explanationofbins selected in the 2D 13C–15N heteronuclear
CoSCoSA model of cephalosporin antibacterial activity. Red bond

between carbon (168) and nitrogen (�230) corresponds to bond that

undergoes acid hydrolysis and then binds to enzyme transpeptidase and

irreversibly inactivates it. Red dotted bond between carbon and nitrogen
corresponds to bins reflecting carbon (156) nitrogen (�270) and carbon (162)

nitrogen (�280) two spectral states and might explain the backbone torsional

angle dependence of dipeptides binding affinity to transpeptidase.
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electrostatic potentials. It has been shown that peptides interact

with the penicillin-binding transpeptidase proteins with binding

energy dependent on the backbone torsion angles [50]. This is

worth mentioning because most descriptions of cephalosporin

activity mechanisms do not discuss the crucial role of the second

carbon-to-nitrogen bond. The CoSCoSA model including hetero-

nuclear NMR peaks predicted that both carbon-to-nitrogen bonds

contribute significantly to the antibiotic strength of cephalos-

porin. In this case, 15N and 13C chemical shifts were very impor-

tant in producing a reliable model of biological activity.

4D QSDAR development
A 4D-connectivity matrix can be defined as the sum of an arbitrary

number, say 100, of 3D-connectivity matrices of a molecule’s

dynamical trajectory. In the simplified version of this 4D-connec-

tivity matrix concept, chemical shifts of atom i and atom j are

assumed not to change as the molecule bends or twists, but the

distance between atoms i and atom j would differ as a function of

the molecular conformation. For any two atoms, molecular

dynamics programs can estimate interatomic distance, a value

that can change over some range and for which the percentage

of time that the distance is within a certain bin will vary, depend-

ing on molecular connections, degrees of freedom and so forth.

This concept applied to CoSCoSA modeling would treat the dis-

tance between atoms as a potential variable rather than as a

constant. A score of 100 in a 4D-connectivity matrix will represent

unvarying distances between two atoms in terms of bond length

and also between more distant atoms if the molecule is very rigid.

For two atoms in a flexible molecule, there will a distribution of

distance hits along the z-axis varying from 1 to some maximum

value (most probable conformation). For all the possible atom

pairs, distance distributions will be Gaussian or skewed-Gaussian

functions when there is a single maximum distance. When there

is more than one maximum, a more complex distribution will be

seen. The 4D-connectivity matrix as a way of representing mole-

cular conformation characteristics confers a significant advan-
tage when building models for cases in which the training set

includes very diverse compound types. A 4D-connectivity matrix

allows for multiple conformations of a molecule to be displayed.

The multiple conformations can be put into an ‘entropy-like’

equation to estimate the effect of configurational entropy

[51,52].

Potential applications
Several researchers have demonstrated various QSDAR models

capable of predicting the strength of chemical interactions with

biological systems. This kind of prediction is useful for estimat-

ing pure chemical toxicity, or even risk assessment of environ-

mental contaminants that are composed of complicated

mixtures. It is also useful for pharmaceutical lead compound

identification and for classifying new drugs with respect to

biological binding and identifying the atoms or bonds in a

compound that are important for biological activity. QSDAR

models that used NMR, MS and IR spectra have been developed

when the endpoint is essentially chemical (decomposition) but

the process is mediated through the enzymatic capabilities of

bacteria [53]. This suggests possible QSDAR applicability in rela-

tion to bioremediation efforts.

The type of QSDAR method useful for a particular application

depends on the amount of data available for the model training

set, the variety of compound types to be modeled, the elemental

composition of the compounds in the training set, and the

predictive accuracy required. 1D and 2D models are easier to

prepare and less computationally intensive to build and validate

than 3D and 4D models. As more dimensions are added to a

QSDAR model, the 2D or 3D bin sizes must be enlarged to cover

the increased dimensional space. This is done so that the models

can be built using bins that are populated with hits from a

significant portion of the molecules in the training set. This

allows the QSDAR model to be developed from stronger statistical

generalizations. If the bins are too small the QSDAR model will be

built from bins that are populated with an insufficient number of

hits, and/or from bins, or information, that is specific to a

compound. Using bins with insufficient hits allows a model to

memorize the training set, and it cannot generalize the spectral

patterns for predictive purposes.

The CoSCoSA modeling system can be applied to receptor-

binding systems whose SAR is unknown, a common situation

faced by new drug discovery or lead optimization programs in

the pharmaceutical industry. Producing QSAR models without

detailed structural binding-site information is unreliable and is

often based on intuition. By contrast, QSDAR offers a more objec-

tive way of building models. The use of spectral-data activity

relationships allows an unbiased examination of specific SARs,

which can suggest a more meaningful way to discover antibiotics

or other pharmaceuticals. This potential was demonstrated in the

2D QSDAR model of cephalosporin activity based on simulated

carbon and nitrogen NMR spectra.

Conclusions
Structure and chemical shift information from the 3D-connectivity

matrix can be used to produce very accurate models of biological

binding activity. The 3D-connectivity matrix uniquely combines

quantum mechanical information from the chemical shifts with
www.drugdiscoverytoday.com 433
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internal atom-to-atom distance information for a compound. The

combined distance information from nearest neighbor to longer-

range distance connectivity information from the 3D-connectivity

matrix was used to produce CoSCoSA models that were as accurate

as, or more accurate and reliable than, QSAR or E-state [14] models

based on separate calculations for electrostatics and steric interac-

tions. The quality of results obtained from QSDAR models based on

simulated NMR data should improve as the spectral simulation

software improves and prediction errors are reduced. The best

modeling approaches for 3D-QSDAR might require fuzzy pattern

recognition techniques that have the ability to be built based on the

chemical shift distances from bins or features deemed important to

the model through training [44]. 3D-QSDAR modeling has wide-

spread application in bioinformatics challenges and is not intended

to replace 3D-QSAR and SAR but to provide an alternative technique

for computational model developers to use when developing mod-

els of biological activity. For example, in the case of cephalosporins

binding to the transpeptidase enzyme, the CoSCoSA model can give

multiple conformation information about binding mechanisms
434 www.drugdiscoverytoday.com
that could not be obtained from 3D-QSAR or SAR models. The

added advantage of this approach is that it can produce these kinds

of results very rapidly.

3D-QSDAR models based on NMR spectra are, in a way, a

combination of quantum mechanics and topology with conven-

tional SAR and QSAR modeling methods. Instead of using a 3D grid

to calculate electrostatic energies, the quantum mechanical ener-

gies in the form of chemical shifts are put onto the compound

itself in all the possible atom-to-atom connections. The distribu-

tion of distances between two atoms is related to molecular

topology, shape and configuration entropy. 4D-QSDAR modeling

is an in silico modeling method that has the potential to evaluate

enthalpy and entropy effects at the same time.
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