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Plants produce a variety of chemical compounds,
and plants have been the main source of new chemical
entities and novel chemical scaffolds or templates,
unfolding new challenges for organic synthetic
chemists to explore appropriate synthetic routes for
their total synthesis. Because of the unique chemical
diversity offered by plants, it is often a tedious and
complicated process when it comes to structure
elucidation of phytochemicals. Recent advances in
spectroscopic techniques, particularly in NMR and
MS methodologies, have provided various tools that
assist phytochemists with the structure elucidation of
known or new phytochemicals. However, spectroscopic
data interpretation manually requires significant
experience and expertise, knowledge, intellectual ability
and patience; often the manual process can be quite
time consuming and even be frustrating. Over the
last several decades, especially with the phenomenal
progress in computation and applications of artificial
intelligence and various mathematical modelling,
several automated spectral data interpretation and
structure elucidation software have become available
to the phytochemists. These automated tools, not
necessarily have replaced human intelligence or efforts,
but certainly have facilitated the process, and improved
the accuracy of structure elucidation of phytochemicals.
In automated elucidation of the structure of an
organic molecule or phytochemical from experimental
data, two steps of data processing are necessary: a
structure generator that will create proposals for the
unknown molecular structure, and a filter that will
validate these proposals usually by comparing easily
derivable properties of the generated molecules with
the corresponding experimental values and minimizing
the deviation (Meiler and Will, 2001). Theoretically,
it should be possible to elucidate the structure of an
organic molecule from just one experimental quantity,
if each molecule has its own characteristic experimental
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quantity and this value is obtainable without any
experimental uncertainty. However, there are two more
additional prerequisites: the experimental value can be
calculated from the molecular structure with infinite
precision, and infinite computational power is available.
Attempts for introducing computational approaches
and algorithms for computer-aided structure elucidation
(CASE) to automatically elucidate the structures of
organic molecules started about half a century ago,
and have gone through various developmental phases
to come to a point now, when several commercially
available automatic structure prediction tools and
software are available to phytochemists. One of the
earlier efforts in automated structure elucidation is
evident in the publication by Funatsu et al. (1989),
where they outlined the principles of an computerassited automated structure elucidation system for
organic compounds (CHEMICS), which relied on the
way of structure generation method-the most probable
structure could be generated by the automated analysis
of spectral data (mainly NMR data) of an unknown using
empirical and theoretical rules. They also highlighted its
applications in natural products structure elucidation.
CHEMICS was composed of four fundamental functional
modules: data analysis, structure generator, stereogenerator and input of macro-component (partial
structure). Later, Meiler and Will (2001) reported the
protocol for automated structure elucidation of organic
molecules from 13C NMR spectral data using genetic
algorithms and neural networks, and this method was
applicable to phytochemicals as well. In their protocol,
the structure of organic molecules could be optimized
to meet experimental criteria, if a fast and accurate
method for the prediction of the used physical or
chemical features were available, e.g., 13C NMR chemical
shift, intensity, and multiplicity information from a 13C
NMR DEPT spectrum. Earlier, Meiler et al. (1999; 2000)
demonstrated fast determination of 13C NMR chemical
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shifts using artificial neural networks, and there are
several other related work on predictive spectroscopy,
especially involving 13C NMR chemical shifts, published
during 1990-2010 (Furst et al., 1990; Pretsch et al., 1991;
Anker and Jurs, 1992; Doucet et al., 1993; Hyami et al.,
1993; Peng et al., 1994; Svozil et al., 1995; Munk, 1998;
Meiler and Kock, 2004).
During this period, and following on from there
until today, not only the 1D NMR spectroscopic
techniques that were used in the prediction of
structures of phytochemicals, but also various homo
and heteronuclear 2D NMR correlation data were used
(Blinov et al., 2001; Steinbeck, 2004; Golotvin et al.,
2007; Kuhn et al., 2008; Elyashberg et al., 2009; Penchev
et al., 2012; Jayaseelan and Steinbeck, 2014). Despite
significant developments in this area, one of the existing
key challenges is the unambiguous distinction between
2JCH and 3JCH in HMBC experiments and between 2JCC
and 3JCC in ADEQUATE experiments, which will have to
be incorporated into the CASE programmes to help
reduce calculation time and generate a smaller number
of solutions, and appropriate density functional theory
(DFT) calculations should be used.
Nowadays, there are several commercially available
structure prediction software available for elucidating
structure of phytochemicals and other organic
molecules-known or unknown. One of the well-known
automated structure elucidation systems is offered by
the ACD-LABS (http://www.acdlabs.com/download/
publ/2004/enc04/autostruceluc.pdf), and is called ACD/
Structure Elucidator-StrucEluc, which is quite popular
among the phytochemists and other natural products
researchers. Bruker offers a suite of products, known as
Complete Molecular Confidence-CMC, for automated
characterization of small molecules and refined small
molecule analysis (https://www.bruker.com/products/
mr/nmr/nmr-software/nmr-software/completemolecular-confidence.html). A list of various other
software for automated structure elucidation using NMR
spectroscopy is available at http://www.spincore.com/
nmrinfo/software_s.shtml. There is no doubt, that the
tremendous development in the field of computation
and its applications in automating structure elucidation
and structure prediction of phytochemicals have
enhanced the quality and output of phytochemical
research, whether it is plant metabolomics, or
phytochemical drug discovery.
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