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Chemoinformatics approaches to problem solving are commonly used in both 
academia and industry, and while a major focus is the pharmaceutical industry, 
many other sectors of the chemical industry lend themselves to it equally well. 
The chemoinformatic concepts, thoroughly discussed in Chap. 1 of this book, are 
general and can also be applied to address problems frequently encountered in food 
chemistry. A general strategy when applying these computational methods is to re-
place biological activity by a food-related property, for instance, flavor character 
or antioxidative activity. In many cases, the representation of the chemical struc-
ture remains the same (using, for example, molecular fingerprints, physicochemi-
cal and/or structure/substructure representations). In other words, structure-activity 
relationships (SAR) studies commonly conducted in medicinal chemistry for the 
purpose of drug discovery can be generalized to the study of structure–property re-
lationships (SPR) for virtually any chemistry-related project [1]. Herein, we discuss 
representative and specific applications of methods used in chemoinformatics to 
mine data and characterize SPR information relevant to food chemistry. The chapter 
is organized into two major sections. First, we discuss exemplary applications of 
chemoinformatic analyses and characterization of the chemical space of compound 
databases. In this section, we cover major related concepts such as chemical space 
and molecular representation. The second section is focused on the application of 
similarity searching to food chemical databases.
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3.1  Chemoinformatic Analyses

Chemoinformatics, “cheminformatics,” and “chemical information science” are 
different terms that have been coined for the common goal of applying informatics 
methods to solve chemical problems [2]. Chemoinformatics has also been defined 
as “a scientific field based on the representation of molecules as objects (graphs or 
vectors) in a chemical space” [3]. Further definitions are surveyed by Varnek and 
Baskin [3] and Willet [4]. Major aspects of chemoinformatics include the represen-
tation of chemical compounds, storing and mining information in databases, and 
generating and analyzing data [2].

Representation  Molecular representation is at the core of chemoinformatics. There 
are two major types of representation: graphs and descriptor vectors. Graph-based 
approaches are applied to conduct structure and substructural analysis. These meth-
ods are easy to interpret and allow relatively straightforward communication with 
non-computational experts. Representations employing descriptor vectors are com-
monly used in chemoinformatics for database processing, clustering, similarity 
searching, and developing descriptive and predictive models of SAR; for example, 
QSPR/QSAR models and activity landscape models [1]. More than 5000 descrip-
tors of different design have been developed [5]. The choice of descriptors used to 
analyze compound data sets gives rise to different chemical spaces.

In the food chemistry field, it has been recognized that there is a need for stan-
dardized food descriptions [6]. Food databases such as INFOODS contain free text. 
Representative databases relevant to the food chemistry field are presented in more 
detail in Chap. 9. Such databases require curation of their chemical structures as 
well as of the associated descriptions. Curation then involves the standardization of 
vocabulary, dictionaries to homogenize terms, and deletion of unnecessary word-
ing. This is a tedious, but an important and necessary step. Relevant food data-
bases not involving chemical structures are also in common use in the food industry. 
These databases may have different purposes, involving: cooking methods, ingre-
dients, recipes, cuisine, and preparation location. In this context, the concept “food 
description” is used in a broad sense and applies to chemical and non-chemical 
databases. These databases allow for the sharing and exchange of food composition 
data. Some of the aspects that affect the quality of the information are: nutrient defi-
nitions, analytical methods used, and food description. The need for a “universal 
system” to describe and store food information has been recognized [6].

Another important aspect of food databases is that food and some food additives 
are, by nature, mixtures of components. For example, flavors frequently comprise 
or contain extracts of plants. Such mixtures and combinations of mixtures provide 
fertile ground for innovation. Similarly, in the search for bioactive molecules, natu-
ral products have been and continue to be a primary source of molecules with po-
tential therapeutic effect. In fact, traditional medicine around the world is ancestral 
and still in use. An interesting example of this is the medicinal herb St John’s wort 
( Hypericum Perforatum) which is prescribed in some countries for the treatment 
for depression [7]. The chemical composition and pharmacological effect of the 
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individual constituents have been characterized; however, the less dramatic side 
effects typically observed cf. standard antidepressant drugs seems to be related to 
the mixture’s complexity.

With the aim of standardizing the description of food-related databases and its 
analysis, Haddad et al. [8], for example, used a structural representation consisting 
of 1664 odorants, and used this information for classifying odorants based on simi-
larity measures, as explained later in this chapter.

Chemical Space  The concept of chemical space has broad application not only 
in drug discovery but also in virtually any chemistry-related dataset. It has been 
pointed out that “unlike real physical space, a chemical space is not unique; each 
ensemble of graphs and descriptors defines its own chemical space” [3]. Chemical 
space has been directly compared to the cosmic universe and several definitions 
have been proposed in the literature [9]. For example, Virshup et al. [10] recently 
defined chemical space as “an M-dimensional Cartesian space in which compounds 
are located by a set of M physicochemical and/or chemoinformatic descriptors.” 
Comparison of the chemical space of compound collections is important for library 
selection and design [11]. When designing new libraries, or screening existing 
libraries, it is relevant to consider the chemical space coverage of the new com-
pounds, the structural novelty, and the pharmaceutical relevance. Systematic analy-
sis of the chemical space of compound libraries, in particular, large collections, 
requires computational approaches [12]. As we recently pointed out, depending on 
project goals, a wide range of approaches have been developed to populate, mine, 
and select relevant areas of chemical space [13].

It is possible to draw a direct analogy between chemical space and flavor space. 
A thorough discussion of chemical space is described elsewhere [9], while a com-
prehensive discussion of flavor and fragrance-relevant chemical space is discussed 
by Reymond et al. in Chap. 2 of this book.

Chemical Databases  Chemical libraries vary in nature, composition, and design, 
and each may serve one or more specific purposes. Compound collections used for 
virtual (in silico) screening include combinatorial libraries, commercial vendors’ 
compounds, and natural products [14]. Molecular databases may contain hundreds, 
thousands, or even millions of molecules; these may be existing chemicals, or they 
may be hypothesized compounds, e.g., for later chemical synthesis. Libraries of 
existing compounds may be commercial, public domain, or proprietary.

Such chemical databases can be used for a wide variety of purposes, such as the 
development and systematic analysis of SAR [15] and identification of polyphar-
macology [16]. The constant increase in the number of molecules stored in com-
pound databases [17] has led to the concept of chemical space (vide supra).

Repurposing or repositioning of chemical compounds is an approach to accel-
erate the identification of a new use for a compound with a pre-existing use. Re-
purposing can be achieved computationally or experimentally or by using a com-
bination of the two approaches. In the pharmaceutical area, it is known as drug 
repurposing [18] and represents an application based on increasing evidence for 
the concept of polypharmacology, i.e., that observed clinical effects are often due 
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to the interaction of single or multiple drugs with multiple targets [19]. Reviews 
and discussions are described in the literature in an integrated manner with related 
concepts such as polypharmacology, chemogenomics, phenotypic screening, and 
high-throughput in vivo testing [20].

A number of food phytochemicals and food-related molecular databases are 
available [21]. Food and food-related databases are described in more detail in 
Chap. 9 of this book. Major examples of public databases of chemical compounds 
annotated with biological activity for drug-discovery applications have been devel-
oped. Prominent examples include: BindingDB, ChEMBL, PubChem, and WOrld 
of Molecular BioAcTivity (WOMBAT). These databases and others described in 
Chap. 9 can be analyzed and compared for knowledge of chemical space coverage 
and potential repurposing, for example, using the concept of similarity searching.

Chemoinformatic Profiling of Chemical Databases  Chemoinformatics has a fun-
damental role in the diversity analysis of compound collections and in the mining 
of chemical space. Chemoinformatic approaches designed to mine and navigate 
through the chemical space of compound collections is described in detail elsewhere 
(Chap.  1 of this book). The various approaches in conducting chemoinformatic 
characterization of compound libraries are mainly distinguished by the structural 
representations and criteria used to characterize the chemical libraries. Typically, 
compound databases are compared using physicochemical properties, molecular 
scaffolds, or structural fingerprints. Following the same or similar approaches to 
those used to characterize databases of interest in the pharmaceutical industry, it is 
possible to conduct analysis of food chemical databases.

Since these three major types of structural representation are focused on specif-
ic aspects of the structures, it is convenient to use more than one criterion for com-
prehensive analysis of the structural and property diversity of molecular databases. 
This is because each of these methods has its own strengths and weaknesses. For 
example, the use of whole molecule properties (holistic properties) has the advan-
tage of being intuitive and straightforward to interpret. However, physicochemical 
properties do not provide information regarding structural patterns, and molecules 
with different chemical structures can have the same or similar physicochemical 
properties. Similar to physicochemical descriptors, chemotypes or scaffolds may 
be readily interpreted and enable easy communication with medicinal chemists 
and biologists. For example, scaffold analysis has led to concepts which are wide-
ly used in medicinal chemistry and drug discovery, e.g., “scaffold hopping” [22] 
and “privileged structures” [23]. One of the shortcomings of molecular scaffold 
analysis is a lack of information regarding structural similarity primarily due to the 
side chains cf. the inherent similarity or dissimilarity of the scaffolds themselves. 
An obvious solution is the analysis not only of the molecular frameworks per se 
but also of the side chains, the functional groups, and other substructural analysis 
strategies [24].

Molecular fingerprints are widely used and have been successfully applied to a 
number of chemoinformatic and computer-aided molecular applications. A chal-
lenge of some fingerprints is that they are more difficult to interpret. Also, it is well 
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known that chemical space may be highly dependent on the types of fingerprints 
used to derive it. In order to reduce the dependence of chemical space on the choice 
of structure representation, several SAR/SPR studies have implemented consensus 
methods in order to combine the information encoded by different molecular rep-
resentations. Use of multiple fingerprints and representations to derive consensus 
conclusions (e.g., consensus activity cliffs) has been proposed as a solution [1].

We have conducted a comprehensive chemoinformatic characterization of a 
subset of the Flavor and Extract Manufacturers Association (FEMA) Generally 
Recognized As Safe (GRAS) list of approved flavoring substances (discrete chem-
ical entities only) [25, 26]. To this end, we employed a set of rings, atom counts 
(carbon, nitrogen, oxygen, sulfur, and halogen atoms), six molecular properties 
(octanol/water partition coefficient, polar surface area, numbers of hydrogen bond 
donors and acceptors, number of rotatable bonds, and molecular weight), and 
seven structural fingerprints of different design: MACCS keys radial fingerprints 
(also known as extended connectivity fingerprints), chemical hashed fingerprints 
(implemented in ChemAxon), atom pair (Carhart), fragment pair, pharmacophore 
fingerprints, and weighted Burden number. In that work, we considered a set of 
2244 compounds based on the FEMA GRAS list, complete through GRAS 25 [26]. 
An early version of this GRAS database is briefly described in Peppard et al. [27]. 
This data set was compared to a database of 1713 approved drugs, two databases 
of natural products (with 2449 and 467 molecules, respectively) a set of 10000 
commercial compounds, a database of 2116 flavors and scents, and a collection of 
32357 compounds used in traditional Chinese medicine. It was concluded that the 
molecular size of the GRAS flavoring substances and the SuperScent database is, 
in general, smaller cf. members of the other databases analyzed. The lipophilicity 
profile of these two databases, a key property to predict human bioavailability, 
was similar to approved drugs. Using a visual representation of chemical space 
based on a principal component analysis based on the number of aromatic rings 
and six additional molecular properties, it was concluded that a large number of 
GRAS chemicals overlapped a broad region of the property space occupied by 
drugs. The GRAS list analyzed in that work has high structural diversity, compa-
rable to approved drugs, natural products, and libraries of screening compounds 
(Table 3.1).

Table 3.1   Reference databases used to characterize and compare FEMA GRAS list (3–25) and 
SuperScent
Database Content Size
FEMA GRAS Flavors 2244
AnalytiCon Natural products 2449
Specs NP Natural products 467
DrugBank Approved drugs 1713
SpecsWD3 Approved drugs 10000
TCM Natural products 32357
SuperScent Flavors and fragrances 2116
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3.2  Similarity Searching

Computational approaches, including those based on molecular modeling and che-
moinformatics tools, are increasingly being used to help identify compounds with 
biological activity. In particular, in silico or virtual screening is a valuable means 
of focusing experimental efforts on filtered sets of compounds yielding a higher 
probability of having the desired biological activity [28]. The rationale here is that 
the information of the system encoded in the computational procedure will increase 
the probability of identifying compounds with biological activity. Hit identification 
using computational screening requires several interactive and iterative steps and 
requires a careful selection of the methods to be used. The selection of a particular 
approach depends on the aim of the project, the information available for the sys-
tem, and the computational resources available. In addition, one needs to consider 
the inherent limitations of each step involved and computational cost.

Virtual screening methods can be roughly organized into two major groups, 
namely, ligand based and structure based [29]. Ligand-based approaches use struc-
ture-activity data from a set of known actives in order to identify candidate com-
pounds for experimental evaluation. A common ligand-based approach is based on 
the molecular similarity concept, which states that structurally similar molecules are 
more likely to have similar biological activity [30]. Significant exceptions to this 
rule do occur, with so-called activity cliffs describing situations where compounds 
with similar structure have, unexpectedly, very different biological activity [31]. 
Other ligand-based methods include substructure, clustering, quantitative structure-
activity relationships (QSAR), pharmacophore, and three-dimensional (3D) shape 
matching techniques [32].

Structure-based approaches use the 3D structure of the target, usually obtained 
from X-ray crystallography or nuclear magnetic resonance (NMR) spectroscopy. 
However, in the absence of a receptor’s 3D structural information, homology mod-
eling [32] has successfully been used in virtual screening [33]. One of the most 
common structure-based methods is molecular docking. If information for both the 
experimentally active compound(s) and the 3D structure of the target are available, 
then the ligand- and structure-based virtual screening methods can be combined. 
Indeed, combining both methods increases the possibility of identifying active com-
pounds [34].

Similarity searching is a typical ligand-based approach. Selection of the query or 
reference compounds in virtual screening is one of the crucial initial steps required 
for a successful outcome. Depending on both the dataset and the biological activ-
ity, it is possible that one or more reference compounds are associated with activity 
cliffs, i.e., that each might be a potential “activity cliff generator” [35]. An activ-
ity cliff generator is defined as a molecular structure that has a high probability of 
forming an activity cliff with molecules tested in the same biological assay. Since 
activity cliffs represent significant exceptions to the similarity principle, typically 
leading to erroneous results in similarity searching, it has recently been proposed 
that activity cliff generators be identified and removed from data sets before select-
ing reference compounds. Moreover, removal of activity cliff generators has been 



3  Chemoinformatics Analysis and Structural Similarity Studies … 103

proposed as a general strategy, to be employed before developing predictive models 
such as those obtained with traditional QSAR, or other machine learning algorithms 
based on the similarity property principle [36].

Selection of chemical databases for similarity searching (or any other virtual 
screening approach) is another major component of the searching protocol. As men-
tioned in the previous section, a number of compound databases from different 
sources can be used. Notably, similarity searching can be applied to compound col-
lections initially assembled for a different purpose, detailed above as repurposing. 
For example, Méndez-Lucio et  al. recently conducted a 3D similarity search of 
DrugBank, a database of drugs approved for clinical use, with a distinct inhibitor 
of DNA methyltransferases, an emerging and promising epigenetic target for the 
treatment of cancer and other diseases [37]. The anti-inflammatory drug olsalazine 
was one of the most similar molecules to the reference compound, and it indeed 
showed hypomethylating activity based on a well-characterized live-cell imaging 
assay mediated by DNMT isoforms [38].

Information contained in databases is, in almost all cases, multivariate in nature; 
those related to food chemicals present particular challenges. One issue frequently 
encountered is that the chemical information is ambiguous. For example, materials 
may comprise a mixture of constituents, as in the case of essential oils; a mixture of 
isomers; or single components, but having incomplete stereochemical information. 
This adds to the unavoidable problem of missing information in chemical databases, 
such as protonation state of amino or carboxylic acid groups, prevalence of par-
ticular tautomers, etc. Moreover, these structural characteristics change depending 
on environment, for instance, when bound to a biological target (or targets). Since 
these are unavoidable and “dynamic” structural features, the preference is to ignore 
protonation states and consider the most stable tautomer for a given molecule.

When geometric isomers or stereoisomers are incompletely defined, one strategy 
is to consider all possible isomers in the computations. Alternatively, it is possible to 
use structural representations that do not take into account stereochemical informa-
tion, although this will, of course, convey less chemical information. In the case of 
mixtures comprising multiple constituents, it is not possible to perform traditional 
chemoinformatic studies based on chemical structure (although there are studies 
that can be performed based purely on the nonstructural content of the databases). 
For such mixtures, e.g., essential oils, oleoresins, or other natural extracts, che-
moinformatic studies can be performed if the composition and property description 
(organoleptic, biological activity, etc.) can be obtained for each constituent. In ad-
dition, the possibility of synergistic effects cannot be dismissed or, as in the case of 
St. John’s wort, reduce side effects (in the treatment of mood disorders) due to the 
composition of the herb.

Another aspect to consider when dealing with food chemical databases is the 
dimensionality and, often times, the non-standardized description of the chemicals. 
In such cases, it is necessary to first use dictionaries or lexicons to ensure the infor-
mation is as homogeneous as possible. This process, which is part of the curation of 
the database, may require manual intervention in which case it may not be entirely 
unbiased. Curation also includes deletion of unnecessary wording and of duplicates. 
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Once these steps have been performed, the database may now have chemicals with-
out description; these will be discarded.

A final consideration is that the cleaned-up database which contains more than 
one description for each chemical is multi-dimensional cf. databases of chemical 
compounds containing just one biological activity. A similar scenario can be seen in 
the case of chemical databases containing the results of multiple biological assays.

There are reports in the literature by us and also by others facing these challeng-
es. For example, both Zarzo et al. (vide infra) and our group have discussed the cu-
ration and chemoinformatic description of odor and flavor databases, respectively. 
Regarding the analysis of chemical structures, we performed structural similarity of 
chemical structures based on fingerprint representations. In this arena, Sprous et al. 
[39], Pintore et al. [40], and Jensen et al. [41] have reported related studies.

Zarzo et al. [42] characterized an odor database; the first step consisted of en-
coding the odor description of the database in a dichotomic format, where 0 corre-
sponded to the absence of a given descriptor, while 1 represented its presence. From 
those data, the authors were able to perform a descriptive analysis of the database 
and show the incidence of each descriptor in the database. They also demonstrated 
associations among descriptors, in other words, pairs of descriptors that repeatedly 
were used together in the database. Lastly, using principal component analysis on 
a selected subset of the database, the authors constructed the corresponding “odor 
space.” The 2D graphical representation of this odor space organized descriptors in 
the same regions of the plot that are intuitively similar, such as fruity (pineapple, 
berry, peach, cherry, apple, etc.), floral (rose, sweet, other floral), etc. One of the 
outcomes of this work was the presentation of an odor space which provides useful 
information when training sensory panels for odor profiling.

We performed a chemoinformatic analysis of the FEMA-GRAS list (containing 
both chemical structures and associated sensory attributes), the first steps of which 
comprised the compilation and curation of the database [25]. After standardization 
of descriptive flavor terms using a recognized sensory lexicon (ASTM, American 
Society for Testing and Materials publication DS 66) and removal of unnecessary 
wording, the resultant database was analyzed for the incidence of descriptors and 
their associations using three independent methods: principal component analysis, 
clustering, and flavor descriptor relationships. We found that certain descriptors ap-
pear in the same region of the flavor space generated with the principal component 
analysis, as well as within nearby clusters when generating a clustering-based heat 
map, and also in a pair-wise analysis of descriptor associations. The correspondence 
of results obtained with these three methods gives confidence in the results.

The concept of information content, commonly used in the field of chemoinfor-
matics, has been applied to olfactory databases by Pintore et al. [40]. The challenge 
of establishing a standard olfactory description of chemicals is recognized by the 
authors. Two olfactory databases were compared, according to the consistency of 
odor description. Based on 2D representations, the authors applied several classifi-
cation methods, along with corresponding means of validation. The authors related 
this consistency to the information content of the databases, and concluded that one 
of the main difficulties when working with odor databases is the subjectivity used, 
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even by experts, to describe odor perception. Not surprisingly, this led to some 
wide discrepancies in descriptions of the same compound in the two databases. In 
this study, the 2D representations of the chemical structures included in the two 
databases were used to explore the consistency of the odor descriptions rather than 
to perform structural similarity with the aim of finding either similar compounds 
for structure–property relationships, or compounds with similar property profiles 
(biological activity, odor description, etc.).

Sprous and Salemme [39] reported a comparison of the FEMA GRAS com-
pounds with compounds contained in the Drugbank database. The study was based 
on determining the chemoinformatic profile of the database (vide supra), comput-
ing the population of structural and physicochemical features, such as molecular 
weight, molecular flexibility, logP, logS, and numbers of acceptor, donor, acidic and 
basic atoms, etc. The authors concluded that, in general, GRAS compounds occupy 
a different and identifiable region of chemical space relative to pharmaceuticals. 
However, more recent subsets of the GRAS list, which contain fewer compounds 
from natural sources, are more diverse, thus expanding the chemical space occupied 
by compounds of previous versions of the FEMA/GRAS list.

Haddad et al. [8] developed a metric for odorant comparison based on a chemi-
cal space constructed from 1664 molecular descriptors. A refined version of this 
metric was devised following the elimination of redundant descriptors. The study 
included the comparison with models previously reported for nine datasets. The fi-
nal, so-called multidimensional metric, based on Euclidean distances measured in a 
32-descriptor space, was more efficient at classifying odorants cf. reference models 
previously reported. Thus, this study demonstrated the use of structural similarity 
for the classification of odors in multidimensional space.

In order to identify potential bioactivity among the food-flavoring components 
that comprise the FEMA GRAS list, we recently conducted ligand-based virtual 
screening for compounds with structures similar to approved antidepressant drugs 
[43]. The virtual screening was performed by means of fingerprint-based similar-
ity searching. Valproic acid turned out to be the most similar antidepressant to a 
small number of GRAS compounds. Guided by the hypothesis that the inhibition 
of histone deacetylase-1 (HDAC1) may be associated with the efficacy of valproic 
acid in the treatment of bipolar disorder, we screened the GRAS compounds most 
similar to valproic acid for HDAC1 inhibition. The GRAS chemicals nonanoic 
acid and 2-decenoic acid inhibited HDAC1 at the micromolar level, with potency 
comparable to that of valproic acid. GRAS compounds likely do not exhibit strong 
enzymatic inhibitory effects at the concentrations typically employed in foods and 
beverages. As shown in that study, GRAS chemicals are able to bind, albeit weakly, 
to important therapeutic targets. Additional studies on bioavailability, toxicity at 
higher concentrations (GRAS flavor molecules being safe when used at or below 
the levels approved for foods and beverages) and off-target effects are warranted. 
The results of that work demonstrate that similarity searching followed by experi-
mental evaluation can be used for rapid identification of GRAS chemicals with 
possible biological activity, with potential application for promoting health and 
wellness [43].
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In two subsequent studies, again using structural similarity, we compared the 
FEMA GRAS list with analgesics and with compounds used as satiety agents. The 
list of analgesics comprised ten structurally diverse molecules currently used in 
the clinic. A total of eight satiety agents were identified in the literature, and these 
were used for similarity searching. The satiety agents included those currently used 
in the clinic, as well as those still in clinical trials.

In both studies, reference compounds were compared with the FEMA GRAS 
list using three software programs (MOE, ChemAxon, and PowerMV), with a total 
of seven structural representations. Compounds identified by different programs 
and representations were chosen as consensus compounds for further study. Then, 
a chemical space was constructed based on physicochemical properties. Nearest 
neighbors were identified based on Euclidian distances considering all the dimen-
sions (properties). Based on the comparison of structural features and physicochem-
ical properties, two FEMA GRAS compounds (listed on Table 3.2)were identified as 
similar to the reference analgesics. In the second study, a total of nine FEMA GRAS 
compounds were identified as similar to those used as reference satiety agents (see 
Table 3.3). For compounds having a known mode of action, in vitro studies using 
the identified GRAS chemicals could help determine whether or not they may have 
a satiety or analgesic effect in humans. However, it must be borne in mind that bio-
logical effects, in the large majority of cases, result from complex and multiple in-
teractions in the body, as already described above in the area of polypharmacology.

Phytochemicals derived from eatable plants represent a remarkable source 
of bioactive compounds. In a recent study, Jensen et  al. [41] performed a high-
throughput analysis of phytochemicals in order to uncover associations between 
diet and health benefits using text mining and chemoinformatic methods. The first 
step of that study involved the extraction of associations between the terms of plants 
and phytochemicals, analyzing 21 million abstracts in PubMed/MEDLINE cover-
ing the period 1998–2012. This information was merged with the Chinese Natural 
Product Database and the Ayurveda dataset, which was also curated by the authors. 
The final dataset contained almost 37000 phytochemicals. A remarkable outcome 

Table 3.2   GRAS flavor chemicals with highest similarity to known analgesics

CAS # Name Structure

1093200-92-0

N-[(4-Amino-2,2-
dioxido-1H-2,1,3-
benzothiadiazin-5-

yl)oxy)]-2,2-dimethyl-
N-propylpropanamide

83-67-0 Theobromine
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Table 3.3   GRAS flavor chemicals with highest similarity to known satiety agents

CAS # Name Structure

100-86-7 2-mehtyl-1-phenylpropan-2-ol

103-05-9 2-Methyl-4-phenyl-2-butanol

83-67-0 Theobromine

4265-16-1 2-Benzofurancarboxaldehyde

39537-23-0 L-Alanyl-L-glutamine

714229-20-6 Advantame

1323-75-7

(2Z)-2-Mehtyl-5-{2-methyl-3-
methylidenebicyclo[2.2.1]heptan-

2-yl}pent-2-en-1-yl 2-
phenylacetate

1139-30-6
(1R,4R,6R,10S)-9-Methylene-

4,12,12-trimethyl-5-
oxatricyclo[8.2.0.04,6]dodecane

10024-57-4 (4-Methylphenyl) dodecanoate
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of that work is the structured and standardized database of phytochemicals associ-
ated with medicinal plants. As claimed by the authors, their approach facilitates the 
identification of novel bioactive compounds from natural sources, and the repurpos-
ing of medicinal plants for diseases other than those traditionally used for, with the 
added benefit that the information collected can help elucidate mechanism of action 
[41]. As a case study, the authors applied structural similarity searching in order to 
find molecules in their compiled database of phytochemicals with activity against 
a protein involved in the colon cancer pathway or a colon cancer drug target; the 
reference compounds were those reported in the ChEMBL database. A set of mol-
ecules from this study have not only reported health benefit against colon cancer but 
also verified activity against colon cancer protein targets.

The studies here described exemplify the application of the concepts and meth-
odologies widely used in pharmaceutical settings, such as of data mining, diversity 
analysis, polypharmacology, repurposing, and similarity searching, in databases 
containing food additives and phytochemicals.
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