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ABSTRACT

Food compounds and their molecular interactions are crucial for health and provide new
chemotypes and targets for drug and nutraceutic design. Here we retrieve and analyze
the complete set of published interactions of food compounds with human proteins,
using the FooDB as compound set and ChEMBL as source of interactions. The data is
analyzed in terms of 19 target classes and 19 compound classes, showing a small fraction
of target assignment of the compounds (1.6%) and unraveling multiple gaps in the
chemobiological space for these molecules. By using well established cheminformatic
approaches (Similarity Ensemble Approach (SEA) combined with the maximum
Tanimoto Coefficient to the nearest bioactive, “SEA + TC”) we achieve a much enhanced
target assignment (64.2%), filling many of the gaps with target hypothesis for fast
focused testing. By publishing these datasets and analyses we expect to provide a set of
resources to speed up the full clarification of the chemobiological space of food

compounds, opening new opportunities for drug and nutraceutic design.
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INTRODUCTION

There is currently a large research effort in the identification of the biological mechanisms of
action of food compounds from a molecular point of view, in order to find novel nutraceuticals
and scaffolds for drug design,’® as well as understanding the beneficial or harmful effects of
foods on human health.>*8 A paradigm of this is caffeine, that has been applied as template to
develop adenosine receptor antagonists and cyclic nucleotide phosphodiesterase inhibitors,
among other biological targets.® For that aim, biochemical and/or biological (cellular) assays
directed towards different biological targets (typically proteins) are being conducted, allowing
specific protein-food compound interactions to be identified. However, these efforts are
restricted to a reduced set of targets and compounds, and the assays performed (and therefore,
targets tested) are frequently selected in a more or less ad hoc basis (many times based on target
families and compounds previously studied), instead of being based on a systematic, evidence-
based ranking of the whole set of targets in the human genome. In this respect, an obvious,
albeit slow and costly approach would be the all vs all high-throughput testing of a
comprehensive set of food compounds against a large representation of the human targets.
Although in principle this “industrialized” pipeline is feasible, as has been demonstrated in the

pharmaceutical and biotechnological R&D sectors,%%!

it would require a huge investment and
coordination of initiatives. An alternative approach would tap from cheminformatic models that
can predict compound-target interactions based solely on the compound structure.?2%>2530 This
approach, based on models trained in large chemobiological databases,?*3? would provide a
much cheaper and faster approach by prioritizing the interactions to test. By openly providing
to the experimental research community these predictions, it will be possible for the multiple
laboratories worldwide assaying food compounds to re-prioritize their assays in such a way that

the identification of mechanism of action will be much accelerated. Similar approaches have

been used recently to systematically find unexpected bioactivities of known drugs,? as well as



to provide target predictions to a large fraction of the ZINC database of purchasable
compounds.3*

Our group is interested in the structure-activity analysis and modeling of food compounds as
sources for the design of novel chemotypes for drugs and nutraceutics, by applying
cheminformatic methods from the drug discovery field. In this regard, we have recently applied
cheminformatic tools to identify putative interference substructures and aggregators in food
compounds.®3% However, a crucial part of this effort is the reliable identification of known and
predicted interactions with human targets and therefore, in the current work, we aim at
conducting a systematic analysis of food compound vs human target interactions. In a first stage,
we identify and analyze all the published experimental data for food compounds present in
chemobiological databases (ChEMBL3?). As source of food compounds we use the FooDB,* a
comprehensive database of these molecules that comprises 70855 structures and is a subset of
the Human Metabolome Database.®® For comparison purposes, a similar data retrieval is
performed also with the subset of small molecules in approved, not-withdrawn, and non-illicit
status of the DrugBank® (2154 molecules). Then we follow this data collection with an analysis
of the patterns in the data: chemobiological space covered, target classes and compound classes
understudied vs well characterized, targets and compounds unique for food compounds vs
shared with drugs. Afterwards, we use well established cheminformatic statistical models (the
Similarity Ensemble Approach (SEA), combined with the maximum Tanimoto Coefficient (TC),
labelled as “SEA+TC”)*%34 to predict interactions with human targets, and analyze the results as
well in terms of both target classes and compound classes, favored vs disfavored combinations,
enriched scaffolds, and in comparison with the published data. Finally, we provide examples of
experimental validation for several of the predicted interactions, and use molecular docking for
structural validation of them. We hope that this work, by openly sharing the data retrieved, will
serve, on one hand, to provide a set of known and predicted interactions of food compounds

with human targets, which will help in the easy prioritization of testing efforts of these



compounds to gain knowledge about their chemical biology. On the other hand, the analyses
here performed will provide hints about the patterns found for the chemical biology of these
compounds, as compared to those of drugs, which will help in the identification of new

opportunities for drug and nutraceutic design.



RESULTS

Analysis of published bioactivities of food compounds

In a first stage, we performed a search of all the biological activities reported for food
compounds in the FooDB. For that, we queried ChEMBL, a manually curated database
of the bioactivities published in a large set of journals and maintained by the European
Bioinformatics Institute. We used the 29th release, comprising a total of 2.1 million
compounds, 14.5 K targets, and 18.6 million activities. From here, a total of 4472 unique
interactions with food compounds were identified, arising from 1138 compounds and
759 target proteins. All of them are provided in Supporting Information Table S1. The
distributions of both compounds per target, and targets per compound, display long
right tails, with an average of 3.9 targets per compound (median of 2), and 5.9
compounds per target (median of 2). The compound with the largest number of targets
was quercetin, with 84 targets, followed by ellagic acid, with 61. Both of them display
interactions mainly with multiple kinases, targets in the “Others” group (see below), and
lyases. These could correspond to promiscuous compounds. On the other hand, the
target with the largest number of compounds was Prelamin-A/C, with 145 compounds,
followed by the Thyroid stimulating hormone receptor, with 114 compounds. On
average, we could find experimental target data (one or more targets) for only 1.6% of

the FooDB molecules.

For comparison purposes, the same search was performed with compounds from the
DrugBank. This gave a much larger total number of 10005 unique interactions, from
1230 unique compounds and 1296 human proteins, in spite of starting from a much
more reduced compound set. In fact, this corresponds to target data (at least one

assigned target) for about 57.8% of the DrugBank. Again, the distributions of targets per



compound and compounds per target are long right tailed, with a mean of 8.1 targets
per compound (median of 3), and 7.7 compounds per target (median of 3). The
compound with the largest number of targets is fedratinib (279 targets), followed by
sunitinib (273). Both are competitive inhibitors of kinases, binding to its ATP binding
pocket,*%4! and the vast majority of their targets in ChEMBL are kinases; the large
number of hits can be explained by the large conservation of the ATP binding site in this
protein class, where is very frequent for this type of inhibitors to show pan-kinase
activity. Regarding targets, the one with the largest number of compounds is again
Prelamin-A/C, with 299 compounds, followed by Cytochrome P450 3A4, with 149. The
latter is one of the cytochromes responsible for xenobiotics metabolism, and because
of this has been studied and tested extensively, and therefore it is not surprising to find
so many interactions with it. In addition, this cytochrome displays a very large and
flexible active site, which accepts a wide variety of chemical diversity and
physicochemical profiles (shows promiscuous ligand binding); as a matter of fact, it
metabolizes ~75% of the drugs.*? By considering the targets forming interactions with
both compound sets (shared targets), a total of 571 targets were identified,
corresponding to ~75% of the total targets interacting with food compounds, and ~50%
of the total targets interacting with drug compounds. As regarding the shared

compounds, a total of 203 compounds are shared between the two compound sets.

If we analyze the data by target classes, using the ChEMBL hierarchy of targets, we
obtain the results displayed in Figure 1, where the number of unique targets with
identified interaction is shown for the FooDB, the DrugBank, and the intersection of both
groups. In all the target classes, the number of targets found is similar or slightly higher

for drugs, with no target class showing more targets in FooDB than in DrugBank.
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However, the class of kinases, being the most abundant for DrugBank compounds,
shows an exceedingly higher number of targets in DrugBank, in comparison with FooDB.
This could reflect the recent explosion in kinase drug discovery and development,
especially in the area of cancer therapy,*>** that has focused a lot of effort in the last
decade in this group of targets,*> while research in the chemical biology of food
compounds has remained focused in other target classes. In terms of the relative
member sizes of target classes, the five most abundant ones in food compounds, in
decreasing order, are: “Other” (139) > “7TM1” (105) > “Kinase” (86) > “LGIC” (56) >
“Oxidoreductase” (51). In turn, the five most abundant target classes for drug
compounds show this ordering: “Kinase” (417) > “Other” (217) > “7TM1” (142) > “LGIC”

(59) > “Transferase” (57).
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Figure 1. Distribution of targets among target classes for interactions published for

compounds in FooDB (blue bars), DrugBank (green bars), and their intersection



(orange bars). Interactions retrieved from ChEMBL as described in Methods. The
target class hierarchy of ChEBML has been used, arranged in the 19 classes in the
plot (abscissa axis). 7TM, seven transmembrane class; VGIC, voltage-gated ion
channel; LGIC, ligand-gated ion channel. Each target has been assigned a unique

target class in the few cases where more than one was available in the hierarchy.

If, on the other hand, we focus on the distribution of compounds by the class of the
interacted target, we get the barplot shown in Figure 2. Here, one compound can
potentially interact with more than one target class; in addition, each compound is
counted only once per target class, in spite being able to interact with several proteins
in the same class. In this case, there are some target classes with more compounds in
the FooDB than in DrugBank: namely “Oxidoreductase”, “Hydrolase”, “Lyase”,
“Phosphodiesterase”, and “Phosphatase”. The five target classes with the largest
number of food compounds are, in decreasing order: “Other” (522) > “7TM1” (295) >
“Oxidoreductase” (253) > “Cytochrome P450” (213) > Epigenetic regulator (158); while
in the case of drug compounds they are: “Other” (649) > “7TM1” (474) > “Cytochrome

P450” (337) > “Oxidoreductase” (223) > Electrochemical transporter (216).
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Figure 2. Distribution of compounds among target classes for interactions published
for compounds in FooDB (blue bars), DrugBank (green bars), and their intersection
(orange bars). In this case, one compound can interact with multiple targets of the
same or different target class, and only one instance of these per target class is

counted. Interactions retrieved from ChEMBL as described in Methods.

It is interesting to further investigate about the targets that show interactions only with
food compounds. These are 188 human proteins that would correspond to a target
space that is less interacted/tested with drug molecules. This could be because of varied
reasons: they are less druggable, less relevant for diseases already treated with drugs,
or simply less explored in the field of drug discovery. In turn, this can be due to e.g.
resources limitation, behavioral (“rich-get-richer”) type of phenomena, etc. In the latter

case, the fact that they only interact with food molecules so far could be of interest for

10



using these compounds as source of chemotypes for drug design, or as tool compounds,
if these targets become validated for diseases. The corresponding food compounds
amount to a total 187 unique structures. Figure 3 displays the distribution of these
targets and the corresponding FooDB compounds, vs the corresponding target classes
(note that the sum of compound counts is larger than 187 as some of them interact with
several target classes). The “Other” target class shows the largest share of targets and
compounds. This is a mixed bag that comprises proteins of multiple different sub-
families: e.g. transcription factors, enzymes, secreted proteins, membrane receptors,
etc. Although this group has the second largest number of drugs from the point of view
of established mechanism of actions (MoA, 12.8%), after 7TM1 (27.2%),* they
correspond to a “non-privileged” target class as each of the subfamilies contain just a
few examples of drugs. It is interesting to note that several target classes
underrepresented for MoA of approved drugs (“Epigenetic regulator”, “Protease”,
“Transferase”, “Hydrolase”, each of them corresponding to < 5% of the drug MoAs*)
are enriched in the distribution of targets. They point towards a target space relevant
for understanding the biological effect of food compounds at a molecular level, as well

as for new opportunities for drug discovery as discussed above.

11



Compounds & Targets by ChEMBL Target Class (only FooDB)
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Figure 3. Distribution of targets (red bars) and compounds (blue bars) among target classes

for targets only interacted with FooDB compounds. Interactions retrieved from ChEMBL as

described in Methods.

From this analysis we can conclude that the target space of food compounds is mostly
understudied. The vast majority of the food compounds (98.4%), as represented by the
FooDB, lack target bioactivity information in ChEMBL, which collects this information
from a large set of journals in the field of chemical biology and medicinal chemistry.
Thus, in order to provide a better characterization of the target space for these
molecules, we used target prediction methodologies to provide a set of putative

interactions for a much larger fraction of the FooDB.
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Analysis of predicted bioactivities of food compounds

As described in Methods, we used a combination of the SEA algorithm?? with the
maximum Tanimoto Coefficiengt similarity (TC) to provide target predictions for all these
compounds. This approach has demonstrated recently improved sensitivity and
specificity over the separate methods, as demonstrated through cross-validation
analyses of compounds in ChEMBL.3* Using this methodology, and adopting as
thresholds pSEA > 40, TC 2 0.4, and pCHEMLB 2 6 for food compounds, a total of 88550
interactions were predicted, that corresponded to 451 targets and 44825 compounds;
all of them are provided in Supporting Information Table S2. We also provide the full set
of predictions for all pSEA, TC and pCHEMBL values, in Supporting Information Table S3,
in case the reader wanted to use the data with alternative thresholds. 239 of these
interactions were already identified in the previous set of 4472 published interactions
in ChEMBL, and thus the combination of them gives a total of 92783 interactions (4472
published + 88311 predicted). As regarding the targets, of the 451 predicted ones, 228
were already in the set of food targets described in the previous section. Thus, the total
number of distinct targets of food compounds becomes 982 (759 published targets +
223 new predicted ones). On the other hand, of the 44825 compounds with predicted
targets, 496 had at least one reported target in ChEMBL, so that in total, the number of
compounds in FooDB with one or more target assignments becomes 45467 (1138
compounds with published targets + 44329 new compounds with predicted targets).
This increases the percentage of food compounds with target assignment from the
previous 1.6% to 64.2%. This represents a huge set of interaction hypotheses of high
likelihood, which can orient the experimental work for a large set of previously

unexplored food compounds and targets.
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Considering only predicted interactions, the average number of compounds per target
is 196.3 (median of 10); the reason for such high number is the presence in the FooDB
of a large amount of glycerolipids (> 42K, see below), which are in most cases predicted
to interact with LPAR3, FABP3, and, to a lesser extent, LPAR1, due to their structural
redundancy. By removing these three targets the average of compounds per target
becomes 7.9 (median of 1). Likewise, the average number of targets per compound is
1.97 (median of 2). The largest number is 43 targets per compound, obtained for three
compounds (FDB112009, FDB006480, and FDB111642), all of them dipeptides,
predicted to interact with different proteases, 7TM1 proteins, and proteins in the

“Other” class, among others.

By considering the molecules in the DrugBank, for them a total of 2437 interactions were
predicted, arising from 533 targets and 770 compounds. 677 of these interactions were
already in the set of 10005 published interactions, and thus their combination makes a
total of 11765 (10005 published + 1760 predicted). Focusing on the targets, of the 533
predicted ones, 407 were already seen in the set of drug experimental interactions, and
therefore the total number of targets for drugs would rise to 1422 (1296 published +
126 new predicted targets). As regarding the compounds, of the 770 with predicted
targets, 554 were within the list of compounds with published interactions; thus, the
total number of drug compounds with one or more assigned target would rise to 1446
(1230 compounds with published targets + 216 new compounds with predicted targets),

corresponding to a total of 67.9 % of drug compound with target assignment.

The distribution of predicted targets in different target classes can be analyzed as

before. Figure 4 displays a barplot for the distribution of predicted targets in the 19
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target classes above used, for both FooDB, DrugBank, and their intersection. For FooDB,
“JTM1” is the class with the largest number of targets (99), followed by “Others” (76),
and “Protease” (74). Then, a large decrease in the number of targets is observed, with
33 for “Oxidoreductase”, and 23 for “Nuclear Receptor”. The remaining target classes
have 20 or less targets each. As regarding DrugBank, the most striking difference with
food compounds is again the “Kinase” class, which is the most abundant here (116
targets), while in FooDB there are only 12, one of them shared with DrugBank. After this,
the second most abundant class is “7TM1” (112), followed by “Other” (60), “Protease”

(51), and “Oxidoreductase” (27), and the rest of classes have 20 or less targets.
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Figure 4. Distribution of targets among target classes for interactions predicted for

compounds in FooDB (blue bars), DrugBank (green bars), and their intersection (orange

bars). Interactions predicted with the SEA + TC approach as described in Methods.
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In terms of the distribution of the corresponding compounds for these targets, Figure 5
displays the counts of compounds interacting with the different target classes, again for
FooDB, DrugBank, and shared targets. There are two target classes, “7TM1” and
“Other”, with huge numbers of FooDB compounds, 40710 the former, and 23407 the
later. These correspond mostly to a large number of the glycerolipids above mentioned,
that interact with the LPAR3 and LPAR1 targets in the “7TM1” class, and with FABP3 in
the “Other” class. Between 600 and 900 compounds are observed for “Electrochemical
transporter” (897), “LGIC” (819), “Oxidoreductase” (794), “Hydrolase” (692), “Protease”
(644), and “Cytochrome P450” (576). The rest of the classes have less than 300
compounds, going from “Epigenetic regulator”, with 279, down to “7TM2” and

“Phosphodiesterase”, both with only one compound.
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bars). In this case, one compound can interact with multiple targets of the same or different
target class, and only one instance of these per target class is counted. Interactions predicted

with the SEA + TC approach as described in Methods.

In the case of DrugBank molecules, the number of compounds per predicted target class
has “7TM1” as the most abundant class, with 297 unique compounds, followed in
decreasing order by “Other” (180), “Oxidoreductase” (97), “Protease” (93),
“Electrochemical transporter” (92), “Transferase” (74), “Hydrolase” (71), and “Nuclear

receptor” (56). The rest of the classes display < 50 compounds each.

If we focus on the targets that are uniquely predicted for food compounds, and the
corresponding compounds, we obtain the distributions shown in Figure 6. A total of 131
targets are uniquely predicted for food compounds; the latter amount to a total of 1857
structurally unique food compounds (again, the sum of compound counts in Figure 6,
blue bars, is larger due to some compounds interacting with several target classes). The
largest number of targets are in the “Other” and “Protease” classes, with 29 and 29
proteins, respectively. The following most abundant classes are “7TM1”, “Kinase”, and
“Oxidoreductase”, with 12, 11, and 10 targets. The rest of the target classes have less
than 10 targets. Of these targets predicted uniquely for food compounds, 18 are within
those observed experimentally in the same situation. Therefore, by adding the new ones
we get a total of 301 “food-specific” targets (188 published + 113 new predicted). This
expands the considerations above mentioned for new targets for drug discovery, as well

as for gaining new knowledge on the chemical biology of food compounds, with a set of
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novel target hypotheses that can guide the future experimental testing of food

compounds and targets.
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Figure.6. Distribution of targets (red bars) and compounds (blue bars) among target
classes for targets only interacted with FooDB compounds. Interactions predicted with the

SEA + TC approach as described in Methods.

With this augmented set of “food-specific” targets we explored the putative
druggability of these proteins by comparing the distribution of their DrugEBIlity scores,*®
a structure-based index of druggability of proteins, vs those of “drug-specific” targets,
only targeted by compounds in DrugBank. In this way, although the median score of
“drug-specific” targets was larger, the application of a Mann-Whitney U test resulted in
a not significant p.value (Figure S1 in Supplementary Information). This result suggests
that these “food-specific” targets would be equally druggable, and would open the
opportunity for their use in drug discovery should they become validated for particular
diseases.
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In addition, the corresponding compounds can be sources of new chemical diversity for
drug discovery and/or as putative tool compounds. The most abundant share of these
compounds is by large in the “Others” target class (817), followed by “Oxidoreductase”
(343), “Kinase” (192), “Protease” (176) and “Transferase” (121). The rest of the classes
have less than 100 compounds associated each. By comparing these structures with the
187 published ones found in ChREMBL (see previous section), we find an intersection of
43 compounds, making a total of 2001 food compounds predicted or known to interact

with targets not interacted by drugs (187 published + 1814 new predicted ones).

Analysis of the target space of food compounds by chemotype

Given the large set of published and predicted interactions for food compounds above
described, comprising a total of 92783 unique interactions, it seemed worth analyzing
their distribution across chemical classes. From the Human Metabolome Database
(HMDB),® of which the FooDB is a subset, we derived a classification of the food
compoundsin 19 classes that could be applied to the vast majority of FooDB compounds
(only 5737 missed classification in the HMDB, being included here in a so-called
“Unknown” class). Figure 7 displays the distribution of these classes ordered by
decreasing member sizes. We can see that “Glycerolypids” (mainly acylglicerols) is by far
the most abundant class of compounds ( > 42K). These were identified in our previous
work3® and analyzed separately due to their abundance and structural redundancy. This
class is followed by several others with > 1K compounds each, namely and in decreasing
order, after the “Unknown” class: “Prenol lipids” (mainly terpene compounds, plus

qguinones and hydroquinones, 3190), “Phenylpropanoids and polyketides” (including

19



flavonoids, coumarins, macrolides and tannins, 2755), “Glycerophospholipids” (2749),
“Fatty acyls” (2376), “Organoheterocyclic compounds” (2139), “Organic oxygen
compounds” (1954), “Organic acids and derivatives” (1892), “Benzenoids” (1256), and
“Steroids and steroid derivatives” (1164). The rest of the 19 classes (“Other Lipids”,
“Organosulfur compounds”, “Nucleosides, nucleotides, and analogues”, “Lignans,
neolignans and related compounds”, “Alkaloids and derivatives”, the mixed bag of
“Others”, “Hydrocarbons”, and “Organic nitrogen compounds”) are less populated and

have < 1K compounds each.
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If from the set of 4472 published interactions we first plot the 2-way contingency table
for compound class vs target class as a heatmap we obtain Figure 8. This corresponds to
our current experimental knowledge of the target space of food compounds. In this plot
we can see that some compound classes like “Glycerolipids”, “Glycerophospholipids”,
“Other lipids”, “Organosulfur compounds”, “Lignans, neolignans and related
compounds”, “Other”, “Hydrocarbons” display few (< 50) interactions. On the other
extreme, three compound classes, “Phenylpropanoids and polyketides”,
“Organoheterocyclic compounds”, and “Benzenoids”, comprise together 67% of the
interactions, with counts of 1301, 832, and 848 interactions, respectively. In the case of
“Phenylpropanoids and polyketides” the most populated (> 100 interactions) target
classes correspond to “Oxidoreductase”, “Kinase”, “Lyase”, “Cytochome P450”, and
“Other”. In the case of “Organoheterocyclic compounds” the target classes “7TM1” and
“Other” are the ones having > 100 interactions, while in the case of “Benzenoids” they
are “7TM1”, “Lyase”, and “Other”. In between these “extreme” compound classes we
have the remaining ones with intermediate numbers of interactions. In decreasing
number of counts they are (within parenthesis the most frequent target classes):
“Steroids and steroid derivatives” (“Other” and “Nuclear receptor”); “Organic acids and
derivatives” (“Other” and “7TM1”); “Unknown” (“Other”, “Oxidoreductase”, and
“Cytochrome P450”); “Fatty acyls” (“Other”, “7TM1” and “Nuclear receptors”); “Organic
oxygen compounds” (“7TM1” and “Other”); “Prenol lipids” (“Other” and “Nuclear
receptors”); “Nucleosides, nucleotides and analogues” (“7TM1” and “Other”); “Organic

nitrogen compounds” (“Lyase” and “7TM1”); “Alkaloids and derivatives” (“7TM1”,

Cythochrome P450” and “Other”). As regards the average number of interactions per
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compound, we see that the mean for all the compound classes is of 0.2, but this ranges

from 0.000094 in the case of “Glycerolipids”, to 0.67 in the case of “Benzenoids”

FooDB Class vs Target Class: Total Counts (ChEMBL Data Only)
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Figure 8. Distribution of FooDB published interactions across compound classes and

target classes. Interactions retrieved from ChEMBL as described in Methods.

If we add to these published interactions those predicted by SEA + TC, we obtain the
distribution displayed in Figure 9A as a heatmap, where multiple of the previously empty
or scarcely populated cells appear now with many predicted interactions. We observe

variable distributions for the different compound classes, both from the point of view of
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the average number of interactions per compound, and from the interacted target
classes. By considering the “Glycerolipids” group, the largest compound class, in spite of
also having the largest share of interactions we also see a slightly smaller number of
interactions per compound than the average of all compound classes (1.19 vs 1.63,
respectively). Given that it is by far the most frequent compound class in FooDB, and
that both “7TM1” and “Other” are the two most abundant target classes interacting
with food compounds, it is not surprising to see that the two largest cell counts in the
heatmap are obtained for the corresponding interactions, which represent basically
complexes of acylglycerols with the LPAR3, FABP3, and LPAR1 targets described above.
On the other hand, the interactions of this compound class with other target classes are
comparatively few (< 100 each), resulting in a very unbalanced distribution. Similar
unbalanced distributions, with interactions concentrated in “7TM1” and “Other” target
classes, are observed for “Glycerophospholipids” and “Other lipids”, and to a lesser
extent, for “Fatty Acyls”. For these compound classes, the average number of
interactions per compound is 2.12, 1.12, and 1.61, respectively, not very different from
“Glycerolipids”. In the case of another crowded group of lipids, “Prenol lipids”, the
distribution is much more uniform, and with a much diminished average number of
interactions per compound of 0.17, where only the “Other” target class has > 100
interactions. Similar balanced distribution is shown by the next less populated
compound class, “Phenylpropanoids and polyketides”, where the “Cytochome P450”,
“Other”, “Oxidoreductase”, and “Electrochemical transporter” target classes comprise
> 300 interactions each, while the “lLyase”, “Protease”, “Kinase”, “7TM1” and
“Hydrolase” have > 100 interactions each. In this case, however, the average number of

interactions per compound is higher, of 0.98. In the case of “Organoheterocyclic
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compounds”, the most abundant interactions are with “7TM1”, “Other”, and
“Oxidoreductase”, all of them with > 100 interactions, while the “Organic oxygen
compounds” class has five classes (“Other”, “Electrochemical transporter”,
“7TM1”,“LGIC”, and “Hydrolase”) with > 100 interactions each, and therefore is more
balanced. These two later compound classes have lower average number of interactions
per compound, 0.70 and 0.66, respectively. It is worth mentioning the case of “Organic
acids and derivatives”, which has proportionately about twice as many interactions per
compound than the average of all the classes (3.7 vs 1.63, see above): despite being the
9t most numerous compound class, it is the second in terms of number of interactions
per compound. It shows > 2000 interactions with targets in the “Protease” and “7TM1”
classes, and > 400 with the “Other” and “LGIC” classes; the rest of classes have < 100
interactions. The compound class displaying the largest number of interactions in
relation to its number of compounds is “Nucleosides, nucleotides, and analogues”, with
an average of 10.6 interactions per compound. In this smaller group, with 242
compounds, the target classes “7TM1”, “Other”, “LGIC”, “Epigenetic regulator”,
“Hydrolase”, and “Transferase” all show > 100 interactions each. The “Benzenoids” and
“Steroids and steroid derivatives” have similar average number of interactions per
compound (1.14 and 1.17, respectively), but their most abundant target classes for
interactions are different: in the case of “Benzenoids”, “7TM1”, “Other”, “Lyase”,
“Cytochrome P450”, “Protease”, and “Oxidoreductase” have all > 100 interactions,
while for “Steroids and steroid derivatives “ these correspond to “Other”, “Cytochrome
P450”, “Oxidoreductase”, “Nuclear receptor”, and “Hydrolase”. For the rest of the
compound classes, “Organosulfur compounds”, “Lignans, neolignans and related

compounds”, “Alkaloids and derivatives”, “Hydrocarbons”, “Organic nitrogen
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compounds” it is observed a clearly less than the average number of interactions per
compound (0.15, 0.23, 0.74, 0.11, 0.73, respectively), in any case showing > 100
interactions for any target class, while the “Other” compound class have an average

similar to the total one, 1.63, with “7TM1” displaying > 100 interactions.
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(A) FooDB Class vs Target Class: Total Counts (ChEMBL+SEA)
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Figure 9. Distribution of FooDB published plus predicted (total) interactions across
compound classes and target classes. Published interactions retrieved from ChEMBL,
and predicted interactions obtained with the SEA + TC approach as described in
Methods. (A) Count distribution; (B) adjusted residuals (see Methods). A symmetric
logarithmic scale has been used for the color ramp in the latter, with a central linear

range from -5 to +5.

The above analysis is based on the counts of unique interactions per compound class
and target class. However, it is possible to alternatively base the analysis on the adjusted
residuals for each cell, so that we can identify cells with counts above- or below-the-
expected counts, the expectation being based on the number of compounds and targets
interacting in each cell of the contingency table. The use of adjusted residuals, instead
of raw or standardized residuals, normalizes also by the very different expected counts
that the cells can have, that would result in a bias of cells of larger expected counts to
have larger residuals. In this way, we can find combinations of compound classes with

target classes highly “favored” or “disfavored”, compared with the expected frequency.

Figure 9B shows a heatmap for these adjusted residuals. We can identify, on one hand,
a series of compound class vs target class combinations that are much more (blue) or
much less (red) frequent than expected. The top five favored interactions are, in
decreasing order, the combinations: “Organic acids and derivatives” + “Protease” >
“Phenylpropanoids and polyketides” + “Cytochrome P450” > “Glycerolipids” + “7TM1”
> “Organic oxygen compounds” + “Electrochemical transporter” > “Phenylpropanoids

and polyketides” + “Oxidoreductase”. In turn, the top five disfavored interactions are, in
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decreasing absolute value, these combinations: “Glycerolipids” + “Protease” >
“Phenylpropanoids and polyketides” + “7TM1” > “Organic acids and derivatives” +
“TTM1” > “Glycerolipids” + “LGIC” > “Steroids and steroid derivatives” + “7TM1”. Using
a lower cutoff for adjusted residuals (> 40), we can find additional favored combinations.
The top for the different target classes are: “Steroids and steroid derivatives” and
“Prenol lipids” for “Nuclear receptor”; “Organosulfur compounds” for “VGIC”; “Steroids
and steroid derivatives” for “Oxidoreductase”; “Nucleosides, nucleotides, and
analogues” for “LGIC”; “Phenylpropanoids and polyketides” for “Electrochemical
transporter”; “Fatty acyls” for “Hydrolase”; “Prenol lipids” for “Transferase”;
“Benzenoids” for “Lyase”; “Steroids and steroid derivatives” for “Cytochrome P450”;

“Steroids and steroid derivatives” for “Phosphatase”, and “Prenol lipids” for

“Phosphatase”.

Looking with more detail into the structures of the different cells, we can gain some
knowledge of the chemotypes enriched in the molecules of the corresponding target
class vs chemical class combination as compared with the rest of the molecules. In this
way, in Table S5 of the Supplementary Information we display, for each cell, the scaffold
(as defined by Bemis and Murcko?”#8) that shows the lowest p-value in a Fisher exact
test for the presence/absence of the scaffold in the cell vs the rest of the molecules. In
addition, in Figure 10, for each chemical class the most significant scaffold among all
target classes is shown. From here, we can observe a large diversity of chemotypes, with

variable amounts of heteroatoms, aromaticity, linker lengths, etc.
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Figure 10. Set of most significant Bemis-Murcko scaffolds. For each chemical class, the
most significantly enriched scaffold among all target classes is shown, and labeled with
the corresponding chemical and target class. Scaffolds for neither hydrocarbons nor
organosulfur compounds are shown as these target classes have only cells with < 10

molecules (see Methods).

A final analysis based on compound classes can focus on the proportion of compounds
in each of these classes having target assignment, whether published or predicted. This
would give an idea of the relative extent of chemical biology knowledge for the different
compound classes, both experimental and after the use of target predictive tools as we
have done here. Figure 11 displays the percentages of target assigned compounds for
the different compound classes. We can observe very different percentages of
assignment. Among the classes with the largest fractions of target assigned compounds

are “Glycerophospholips” (90.5%), “Nucleosides, nucleotides, and analogues” (89.7%),
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the “Unknown” class (86.7%), and “Other lipids” (82.4%). On the other hand, the classes
showing the lowest target assignment are “Organosulfur compounds” (7.5%),
“Hydrocarbons” (8.2%), “Prenol lipids” (10.0%), and “Lignans, neolignans and related
compounds” (14.5%). These percentages, together with the corresponding number of
compounds in the different compound classes, can help to decide on the appropriate
experimental approach for the different compound classes: on one hand, agnostic, high-
throughput screening approaches (both experimental or virtual) on larger compound
classes with little target assignment, given the scarcity of experimental data or even
predictions for these compounds; versus focused, hypothesis based screen, for
compound classes with large predicted target assignment but low experimental

assignment.
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Figure 11. Distribution of percentages of compounds with assigned targets

(published and/or predicted) in FooDB across compound classes

Experimental validation of the SEA + TC predictions

By taking advantage of the SEA software using data from a former release of ChEMBL
(25) compared to the one we used to retrieve the published interactions (29), it was
possible to obtain experimental confirmation of some of the predicted interactions
for food compounds. In this way, by analyzing the set of 239 interactions both
published and predicted, it was possible to observe that the TC value in the SEA + TC
output (maximum Tanimoto similarity in the SEA set to the predicted compound)
was 1 in the majority of the cases, meaning that the prediction was based (among
others, as SEA uses similarities with sets of compounds) in the published interaction
for the same compound and target. However, for a subset of 75 compounds the TC
value was < 1, which corresponds to predictions based on non-identical compounds.
Thus, the existence in the current ChEMBL release of the published interaction
means that the prediction performed by SEA + TC based on non-identical compounds
has been experimentally validated, giving confidence in the set of predictions for
food compounds provided in this work. Figure 12 displays the histogram for the
distribution of these 75 predictions, where it can be observed that the confirmed
predictions were based on TC values as low as 0.4 (the lowest TC permitted by our
settings of the SEA + TC method). The distribution of TC values has a mean and

median of 0.70, and an standard deviation of 0.13, which is a rather low similarity
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with the predicted compound. The set of 75 confirmed interactions is collected in

Table S4 of the Supplementary Information.

Distribution of TC in non-identical predictions

10

# Compounds

0.4 0.5 0.6 0.7 0.8 0.9

# TC (max Tanimoto to nearest compound)

Figure 12. Histogram for the distribution of TC values of SEA + TC predicted
interactions based on non-identical compounds (TC < 1) that are confirmed in

ChEMBL 29.

Validation of the SEA + TC predictions through molecular docking

In addition to the experimental validation of predictions, we investigated the use of
molecular docking to confirm and further characterize from a structural point of
view some of these interactions. On one hand, we docked FDB002748 (pelargonidin
3-galactoside, a flavonoid glycoside present in fruits like gooseberry and vaccinium),
into SLC5A2, the sodium/glucose cotransporter 2. The lowest-energy pose displayed
an interaction energy of -9.6 kcal/mol, near that of the empagliflocin original ligand

(-10.8 kcal/mol). In addition, it displayed a good fit to the binding pocket (Figure
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13A), forming multiple hydrogen bonds with amino acids in the pocket, namely with

asparagine 75, serine 287, lysine 321 and glutamine 457.

On the other hand, the docking of FDB022101 (adenylsuccinic acid) to DOTIL, a
histone lysil methyltransferase, was also performed as validation test. Here, again,
the lowest energy binding pose had good adaptation to the binding pocket and
multiple hydrogen bonds were formed: with valine 135, glycine 137, threonine 139,
glutamines 168 and 187, and phenylalanine 223 (Figure 12B). The energy value was
of -9.7 kcal/mol, similar to that of S-adenosyl methionine, the original ligand (-9.2

kcal/mol).

Thus, we see that these SEA + TC predicted interactions can be explained by
reasonable, low energy molecular interactions with the corresponding target,

therefore providing additional confidence in the predictions.
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Figure 13. Molecular docking of food interaction predictions. (A) Docking of FDB002748
(pelargonidin 3-galactoside) into SLC5A2 (sodium/glucose cotransporter 2). Protein
structure taken from entry 7VSI of PDB. Polar interactions represented as green dashed
lines. Inset: chemical structure of FDBO02748. (B) Docking of FDB022101 (adenylsuccinic
acid) into DOTI1L (DOT1 like histone lysine methyltransferase). Protein structure taken
from entry INW3 of PDB. Polar interactions represented as green dashed lines. Inset:

chemical structure of FDB022101.
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DISCUSSION

There is a large interest in understanding the biological effects of food compounds on human
health in terms of molecular interactions with endogenous target proteins. Understanding the
chemical biology of these important molecules will be highly beneficial in order to rationalize
and personalize food consumption. Such knowledge can be exploited to improve human health
through preventive approaches, by the design of better diets and the generation and use of
appropriate food varieties. On the other hand, food compounds are sources of new chemotypes
for drug and nutraceutic discovery and design, as exemplified by caffeine.'® These molecules are
typically safe and well tolerated, as their consumption through thousands of years has
demonstrated. In addition, the knowledge about their interactions with human proteins could
be useful to identify novel targets for use in the drug discovery field. Moreover, food molecules
can provide tool compounds for doing basic or applied research on the targets they interact

with.

In spite of this interest, the experimental testing in the area is mostly focused on a reduced
number of chemotypes and targets, and the identification of new interactions is done at a slow
pace. Similar behavior has been observed in the wider set of natural products,*® and in kinase
inhibitors.>® Agnostic, high-throughput screening approaches, both in their in vitro and
structure-based virtual screening modes, could be used in this area, where a compound
collection of food compounds would be screened against a large representation of proteins in
the human genome. However, in the current work, a faster and cheaper approach is used which
represents an intermediate avenue between the two previous extremes. Here we openly
provide the complete set of published interactions for food compounds, as present in the
ChEMBL3>*! chemobiological database and using the FooDB*” as food compound collection
(Supporting Information Table S1). In addition, this set is augmented with a set of predicted
interactions through well-established cheminformatic approaches, namely (SEA + TC?>%*), which

is provided as well (Supporting Information Table S2). The combination of these two sets can
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speed up the full clarification of the chemical biology of food compounds through diverse ways
that we describe in what follows, together with putative applications in the drug discovery field.
In the first place, the analysis of published interactions allows finding patterns like compound
and target classes well characterized vs understudied ones, so that experimental effort aiming
at finding novelties in both chemotypes and targets can focus on the unexplored regions of the
chemobiological space. In this respect, we have observed that the target annotation for food
compounds is scarce and in fact only a 1.6% of the FooDB (1138 compounds, out of 70855) have
one or more significant interaction published with a human target. By analyzing this number by
compound classes, we see that groups like “Glycerolipids”, “Glycerophospholipids”, “Other
lipids” are extremely understudied, as for example only 2 out of 42480, and 6 out of 2749, and
2 out of 551 compounds, respectively, have at least one published target, while classes like
“Organic nitrogen compounds”, “Benzenoids” and “Alkaloids and derivatives” are proportionally
the most characterized food compounds, having 14-15% of their members with published
targets. In terms of total counts of published interactions, the most populated compound classes
are “Phenylpropanoids and polyketides”, “Organoheterocyclic compounds”, and “Benzenoids”,
as they together concentrate 67% of all the these interactions.

As regarding the targets for the published interactions, these comprise a set of 759 different
proteins, which were grouped in 19 classes. The classes having the largest number of different
targets are “Other” (139), “7TM1” (105), and “Kinase” (86), while in terms of unique interactions
the most characterized ones are “Other” (975), “7TM1” (709), “Lyase” (423), “Cytochrome
P450” (420), and “Oxidoreductase” (410). On the opposite extreme, “7TM3”, “Isomerase”,
“JTM2” are the classes with the lowest number of both members and interactions. Looking at
the target vs compound class combinations, the most characterized ones are the
“Phenylpropanoids and polyketides” with target classes “Other”, “Oxidoreductase”,
“Cytochrome P450”, and “Lyase”; “Organoheterocyclic compounds” with “7TM1”; and

“Benzenoids” with “7TM1” and “Other”.
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In addition, we have also identified a set of 131 targets of food compounds that are not
interacted with drugs. The corresponding 187 food molecules interacting with them could be a
source of new chemotypes for drug discovery efforts, should the corresponding targets become
validated for the treatment of a particular disease. Alternatively, the compounds themselves
could be used as tool compounds in assays designed against these targets.

On the other hand, the large set of 88550 predicted interactions provide a much enhanced
collection of hypothesis to test experimentally, that together with the published interactions
span ~62.4% of the FooDB and for a total of 982 targets. The SEA method used for target
prediction is especially powerful for its improved capability of extrapolation in the chemical
space,?22>345253 by using set-wise similarities together with statistical tests instead of simple
compound-wise similarities. It has been used to predict unexpected polypharmacologies of

2225 or biological activities in drug inactive ingredients.”® In addition, its combination with

drugs,
the TC criterion and stringent criteria (pSEA = 40, TC > 0.4, pK; 2 6) as used here has recently
shown to improve the method in both sensitivity and specificity,3* thus making these a set of

robust and novel interactions for focused screens. All in all, we provide the full set of predictions
for all pSEA, TC and pCHEMBL values, in Supporting Information Table S3, so that the
experimentalist could try different thresholds in order to better adapt to different
experimental settings: i.e. one that emphasizes having higher precisions, at the cost of
lower recalls, or the other way around.

It is clear that the use of target prediction methodologies, always based in modeling previous
structure-activity patterns, has the drawback of reducing the probability of finding completely
novel or unexpected interactions, which would only be identifiable with fully agnostic high
throughput screening approaches. However, as said before, the SEA + TC method used stands
out for its previous success in identifying new interactions for compounds relatively dissimilar

t,2>°253 and in addition the low TC used here (0.4) will only discard

to those in the training se
compounds plainly dissimilar to the training set. As a matter of fact, some of the experimentally
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validated interactions corresponded to TC values that low, providing further evidence of the
extrapolative capability of the SEA + TC predictive method for this particular dataset.

The resulting set of new predictions fill many holes in the chemobiological space of published
interactions, making them high priorities for low-cost, focused testing. In particular, predictions
for which there were no published interactions at all are provided for a total of new 42 target
class vs compound class combinations (compare Fig 8 vs Fig 9A). Some of the compound classes
most benefited are within the most understudied ones: for “Glycerophospholipids” and
“Glycerolipids”, interactions in 7 and 6 previously empty compound class vs target class
combinations are provided, respectively. In terms of target classes, the most benefited are
“Lyase” and “LGIC”, both with predicted interactions in 5 previously empty compound class vs
target class combinations. In addition to providing putative interactions for these previously
empty combinations, the predictions also vastly enlarge the interaction counts in combinations
with a few previous published examples. Some of the most striking cases are the combinations
“Glycerolipids” + “Other”, “Unknown” + “Other, and “Organic acids and derivatives” +
“Protease”.

Additionally, the predictions increase the number of targets unique for food compounds to 301,
and the corresponding food compounds that interact with them to 1857, thus largely expanding
the possibilities above described. The druggability predictions performed over these proteins
suggest that these proteins would be no less druggable than the “drug-specific” targets, which
is good news for drug discovery.

Besides providing target hypothesis , the predicted interactions were further analyzed to
identify putative “favored” vs “disfavored” target vs compound class combinations, as displayed
in Fig 9B. The presence of large adjusted residuals in some combinations could be related to the
presence in the compound classes of some selective “privileged scaffolds”, as those described
from the analysis of ChREMBL data,** and for natural products from proprietary screening data.>®

The compound classes used here, however, are not restricted to single scaffolds or
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substructures, and therefore other factors could be of importance in this regard. As a matter of
fact, the scaffolds identified in the current work (Figure 10 and Table S5) are the most significant
ones for each target class vs chemical class combination, and thus provide an initial glimpse on
the chemical diversity of the involved chemotypes and their relation to the activity. A thorough
analysis, however, is currently being conducted in our group to further analyze the multiple
significant scaffolds available in each cell combination.

The adjusted residuals used in Figure 9B come from non-independent instances, since the
interactions among different target classes can show some association, thus precluding the
calculation of p-values through typical post-hoc analysis of contingency tables.>®>” They should
be considered as some crude approximation to a rigorous estimation of enrichments over the
product of marginal probabilities.

The predictions here provided should be taken into account, when tested, in combination with
predictions for interference and aggregation in assays which we provided in previous
publications.®>3¢ |t is well known that the presence of some substructures are associated to a
tendency in the compounds containing them to give false positive results in assays for different
reasons: redox cycling, interference with assay signal, chemical reactivity, etc.>®% Similarly,
some compounds have shown propensity to form colloidal aggregates that adsorb the tested
protein and produce its denaturation, again resulting in a false positive assay reading.5*® Food
compounds are not without these issues, and therefore these predictions using well known

59.6067-69 can help to identify these possible issues. By applying

cheminformatic approaches
appropriate counter assays and orthogonal assays, as described elsewhere,® it will be possible
to confirm the compound as a true hit or discard it as a false positive.

To conclude, the current work is expected to speed up the complete characterization of the
chemobiological space of food compounds, by providing as resources these analyses and

datasets, which identify many opportunities for fast focused screens based on robust target

hypothesis. As a result, the design of new drugs and nutraceutics based on these compounds
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and targets will be accelerated, in addition to multiple applications in the optimization of

personalized diets and food varieties to improve health.
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METHODS

All the data analyses were conducted with Python 3.9. The RDKit cheminformatic
toolkit,”? version 2021.09.4, was used throughout. As source of food compounds, the
latest FooDB was used (70855 molecules), which was kindly provided by Dr Wishart
group in SDF format. Structures were processed with the ChEMBL Structure Pipeline,
the open source curation pipeline used by ChEMBL,3?°! as described before.3®7! As
source of drugs, the subset of small molecules in approved, not-withdrawn, and non-
illicit status of the DrugBank3® was used (2154 molecules). Bioactivities were retrieved
from ChEMBL 29 by using its Python webresource client,”? through querying the
InChiKey of the compounds. Multiple pCHEMBL values for each InChiKey/target pair
were averaged. Afterwards, only pChEBML 2 5 values and for human protein targets
were kept. For mixtures, both the mixture and the parent compound (obtained through
the ChEMBL Structure Pipeline’!) were queried, and at the end all the bioactivities were

aggregated by parent compound.

To obtain target predictions for the different compounds, the Similarity Ensemble
Approach (SEA) method, in combination with the maximum Tanimoto Coefficient (TC)
to the nearest bioactive, was applied,?>3* by using the tldr software provided by Irwin
and Shoichet labs (tldr.docking.org).”> This software uses ECFP4 fingerprints’* to
compute similarities. Previously we evaluated other options for target prediction,
namely SwissTargetPrediction,”> PPB2,7® and PASS,”” but these software’s do not allow
the batch processing of molecules required for this dataset (in the case of PASS there is
a batch processing version but requires a paid license). An alternative option that
allowed batch processing was OCEAN,’® but it uses a very similar approach to SEA, and

in addition the open access version, available through github for installation
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(https://github.com/rdkit/OCEAN), is based on a very outdated ChEMBL snapshot (17).
On the contrary, the tldr software, a public access service, is based on ChEMBL 25 and
is fully functional and supported. In addition, the SEA method has demonstrated
capabilities for predicting “unexpected” interactions based on compounds with rather

low similarities to the evaluated compound.?%°%>3

The SEA approach is based on the set-wise chemical similarity between the query
compound and the ligands of a target, its distribution being compared through a
statistical test to that with a random set of compounds. TC assigns to a query compound
the target of the nearest bioactive above a given threshold, and if the largest Tanimoto
similarity is below the threshold, no prediction is made. The combined SEA+TC approach
used here was recently shown to outperform both SEA itself and a naive-Bayes classifier
in a 5-fold cross-validation of ChEMBL bioactivities.3* In order to obtain reliable
predictions, with a reasonable balance of sensitivity and precision, only predictions with
negative log SEA p.value (pSEA) > 40 and TC > 0.4, with a pK;> 6, were marked as “hits”,
as used in (3*) These thresholds correspond to a precision of the method of 0.19 and a
recall of 0.96 from cross-validation analyses (see Figure 1B in 34) which seems
appropriate for focused screening efforts. However, to allow the reader to use
alternative thresholds depending on different experimental situations, we provide the

full SEA output of the tldr software as Table S3 in Supplementary Information.

To calculate druggability scores for “food-specific” targets we used the DrugEBlIlity
software as implemented in the ChREMBL tractability pipeline,*®7° which is based on the

atomic-resolution structure of the corresponding protein. For comparison purposes, a
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similar calculation was performed on the set of “drug-specific” target, and a Mann-

Whitney test was performed to test for possible differences in the distributions.

The target «class assignment of the targets was based on the
PROTEIN_FAMILY_CLASSIFICATION table in ChEMBL. In turn, the assignment of
compound class for food compounds was based on the classification provided by the

Human Metabolome Database,3® of which FooDB is a subset.

The post-hoc analysis of contingency tables was based on the calculation of cell-specific

adjusted residuals. These are defined as:>®

nij _:ul]

T, =
Y —~ niy Nyj
(1 =)A=

Where njis the count of the ij-th cell, i, is its expected count, ni. and n.;are the i-th row
marginal and j-th column marginals, respectively, and N is the total sample size. The
denominator in the previous expression is the standard error of the numerator, so that
in this way the raw residual in numerator is normalized to account for very different
expected cell values, since otherwise raw residuals for large expected counts would tend

to be larger as well.

The scaffold analysis was based on the use of Bemis-Murcko scaffolds*’*® as
implemented in RDKit.”® For each chemical class vs target class combination, we selected
the scaffold yielding the largest odds ratio (lowest right-tailed Fisher test p-value) for
the counts of the scaffold in that combination over the rest of the combinations
(basically we retrieved the most enriched scaffold in the chemical class vs target class

combination as compared to the rest of the molecules). Only combinations with > 10
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molecules were considered for the analysis, and for scaffolds displayed by more than

two molecules.

Molecular docking analyses were performed with smina.®° Protein structures were
obtained from the Protein Data Bank®' (PDB) and prepared through AutoDock4®?
receptor preparation scripts. Docking was performed with the default settings for smina
and using a binding pocket defined by a box 8 A around the original ligand in the crystal
structure. Vinardo potential®® was used as scoring function. The convenience of these
settings was confirmed by redocking the original ligand and ensuring that the lowest-
energy binding pose was reasonably similar to the one in the crystal structure. In the
case of SLC5A2 (sodium/glucose cotransporter 2) the PDB entry used was 7VSI, which
has as ligand empagliflocin, while the docked ligand was. For DOT1L (DOT1 like histone
lysine methyltransferase) the PDB entry was 1INW3 with has S-adenosyl methionine as
ligand), and the docked ligand was FDB022101 (adenylsuccinic acid). Molecular

visualizations were conducted with Pymol 2.3.4.
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DATA AND SOFTWARE AVAILABILITY

RDKit 2021.09.4: https://www.rdkit.org (accessed 2022-02-08; conda install -c conda-
forge rdkit).

ChEMBL webresource client: https://github.com/chembl/chembl webresource client
(accesed 2022-02-08; pip install chembl_webresource_client).

ChEMBL Structure Pipeline: https://github.com/chembl/ChEMBL Structure Pipeline
(accesed 2022—02-08; conda install -c conda-forge chembl_structure_pipeline).

SEA+TC: https://tldr.docking.org/ (accesed 2022-02-08)

ChEMBL: https://www.ebi.ac.uk/chembl/ (accesed 2022-02-08)

FooDB: https://www.foodb.ca/ (accesed 2022-02-08)

Human Metabolome Database: https://hmdb.ca/ (accesed 2022-02-08)

All the results of the ChEMBL data retrieval and the SEA+TC target prediction are
provided as Supplementary Information.
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SUPPORTING INFORMATION

Supportinglnformation.xlsx:

Table S1: FooDB compounds with published interactions, aggregated by inchikey. For

each inchikey, the foodb_id, compound class, target, and target class are provided.

Table S2: FooDB compounds with predicted interactions, aggregated by inchikey. For

each inchikey, the foodb_id, compound class, target, and target class are provided.

Table S4. Set of predicted interactions in SEA + TC (that uses ChEMBL25) experimentally

validated in ChEMBL29.

Supportinglinformation Table S3.csv

Table S3: Full tldr predictions for all FooDB compounds. For each interaction, the
compound identified, target name, affinity threshold, SEA p.value, TC, target

description, SMILES, inchikey are provided.

Table S5.pptx

Table S5. Set of most significant scaffolds for food compounds-target interactions. For
each compound class, the most significant scaffold is shown for each target class, for
compound class vs target class combinations with > 10 molecules and for scaffolds in >

2 molecules (see Methods).

Figure S1.pdf

Figure S1. Boxplot with distributions of drugEBIlity scores for both “food-specific”

targets and “drug-specific” targets.
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