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Abstract 

Gut-targeted drugs provide a new drug modality besides that of oral, systemic molecules, that could tap 
into the growing knowledge of gut metabolites of bacterial or host origin and their involvement in biological 
processes and health through their interaction with gut targets (bacterial or host, too). Understanding the proper‑
ties of gut metabolites can provide guidance for the design of gut-targeted drugs. In the present work we analyze 
a large set of gut metabolites, both shared with serum or present only in gut, and compare them with oral systemic 
drugs. We find patterns specific for these two subsets of metabolites that could be used to design drugs targeting 
the gut. In addition, we develop and openly share a Super Learner model to predict gut permanence, in order to aid 
in the design of molecules with appropriate profiles to remain in the gut, resulting in molecules with putatively 
reduced secondary effects and better pharmacokinetics.
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Introduction
New knowledge emerging from omics technologies is 
expanding our understanding of the molecular mecha-
nisms and pathways involved in biological processes. 
This result in new paradigms for drug discovery requir-
ing new modalities. One of the most important of these 
paradigms stems from the growing knowledge in the last 
decade about the crucial role of microbiota on human 
health. The human body hosts trillions of microbial 
cells, mainly localized in the gut, that carry a genome 
(the microbiome) about 100 times the size of the human 
genome [1–3]. The evidence for the involvement of the 
gut microbiome in multiple pathologies keeps steadily 

increasing. This includes areas like obesity, type 2 diabe-
tes, cardiometabolic diseases, non-alcoholic liver disease, 
diverticulitis, inflammatory bowel disease, colon cancer, 
etc [4–11]. From this research, a recurrent picture that 
emerges is that of host-microbiome interactions mecha-
nistically mediated through metabolites in the gut that 
bind bacterial or human targets [9, 10, 12–17]. In turn, 
the metabolites can be bacterial, endogenous, or xenobi-
otics (food, drugs, environmental), or modified versions 
of any of these produced by putative bacterial and/or 
host enzymes.

Thus, given all this knowledge, the modulation of all 
these gut metabolite-target interactions appears as an 
interesting new drug modality that would tap from the 
new targets, pathways, and chemotypes appearing from 
the human microbiome research, as has been suggested 
[18–20]. This would create new opportunities for treat-
ing diseases like the ones mentioned above, plus others 
like intestinal infectious diseases [21, 22]. Moreover, the 
ability to modulate the bacterial sub-populations in the 
gut through new chemicals would pave the way for pre-
ventive interventions (instead of curative ones) through 
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novel nutraceutics. This would be an alternative approach 
to previously used ones based on pro- and pre-biotics to 
maintain a healthy microbiome. [23, 24]

This new modality could in addition benefit from much 
reduced distribution and safety issues, as long as the 
compound is designed to remain in the gut: the admin-
istration route would be oral, but with a much more effi-
cient access to the target (it would only require a minimal 
metabolic stability), and a reduced probability of off-
target effects as the compound would not be distributed 
through the whole body [25, 26]. Alternative approaches 
to this are based on drug delivery including time-, pH-, 
and microbiota-dependent delivery systems, and combi-
nations of them [25–27]. In our case we would seek for 
intrinsic properties of the molecule that make it prone to 
remain in the gut.

Taking all this background into account, in the pre-
sent work our objective is to identify the specific fea-
tures that gut metabolites have, in order to support the 
rational design of gut-targeted drugs and nutraceutics. 
These metabolites are the molecules whose interactions 
the new drugs would have to modulate. Therefore, the 
characterization done here provides patterns and fea-
tures that these drugs will require. This is analogous to 
the observation that systemic drugs have a greater resem-
blance to systemic metabolites than to random com-
pounds, which can be rationalized in terms of structural 
similarity that allows them to compete with endogenous 
metabolites for their interaction with their targets or with 
their transporters [28–32].

We analyzed a wide range of structural and physico-
chemical properties of gut metabolites in comparison 
with systemic metabolites and drugs, and found signifi-
cant differences that strongly depended on the chemical 
class. In addition, in order to predict gut permanence 
from molecular structures, we tested the use of reversed 
versions of oral permeability rules like Rule of 5 (Ro5) 
[33] or Veber’s [34], finding a low predictive power. Thus, 
we developed a Super Learner [35] model for reliable 
in silico prediction of gut permanence from molecular 
structure. This model is available in https://​github.​com/​
bbu-​imdea/​gutme​tabos.

Methods
Data analysis was performed with Python 3.9, and using 
RDKit [36] 2022.03.2 as cheminformatic toolkit. Metab-
olite structures and information were retrieved from 
the Human Metabolome Database (HMDB) [37]; both 
gut and serum metabolites were retrieved. Only com-
pounds with “detected and quantified” or “detected but 
not quantified” status were used. Drug structures and 
information were retrieved from the DrugBank [38], in 

particular, the subset of small molecules in approved, 
not-withdrawn, and non-illicit status, ensuring that 
they acted systemically and were administered orally. 
Molecular structures were processed and normalized 
with the ChEMBL Structure Pipeline [39] as described 
previously [40–42]. A few compounds shared between 
the DrugBank set and the metabolites sets were assigned 
to DrugBank. As a result of this retrieval and process-
ing, the compound sets comprised of 5008, 1619, and 
1419 molecules, respectively for gut-only metabolites, 
gut/serum metabolites, and DrugBank sets. A few analy-
ses also considered the set of serum-only metabolites 
(16,243 molecules).

Ionization class assignment (acid, basic, neutral, and 
zwitterion) was based on HMDB’ strongest-acidic and 
strongest-basic pKa’s. Each molecule was assumed 
to have at least one acidic group if it had a strongest-
acidic pKa < 7.4, and at least one basic group if it had 
a strongest-basic pKa > 7.4. Acid molecules were those 
with one or more acidic groups and no basic groups; 
basic molecules were those with one or more basic 
group and no acid group; neutral molecules were those 
with neither acidic nor basic groups, and the rest of the 
molecules were zwitterions. Alternative environment 
pH values were also analyzed to get an idea of the dis-
tribution of ionization classes across different parts of 
the gut.

The chemotypes of the molecules were analyzed in 
terms of ClassyFire chemical classes [43]. This is an algo-
rithm and computer program that maps each molecule 
into a hierarchical taxonomy based on unambiguous, 
computable structural rules. The taxonomy consists of 
up to 11 different levels (Kingdom, Superclass, Subclass, 
etc.) and > 4800 categories.

Tanimoto similarities were based on RDKit path-based 
fingerprints with default parameters: 2048 bits, 7 bonds 
as maximum path length.

Bemis-Murcko scaffolds [44, 45] were obtained from 
RDKit to perform the scaffold analysis. Non-generic scaf-
folds were used.

For the analysis in the “Other physicochemical prop-
erties” section, the following properties were calculated 
using RDKit (abbreviation within parenthesis): topologi-
cal polar surface area (tpsa), logarithm of octanol/water 
partition coefficient (logp), number of rotatable bonds 
(rb), number of hydrogen bond donors (hbd), number of 
hydrogen bond acceptors (hba), molecular weight (mw), 
number of rings (nring), number of aromatic rings (nar-
ing), quantitative estimation of drug-likeness [46] (qed), 
and fraction of sp3-hybridized carbons (fsp3).

Post-hoc analysis of contingency tables was based 
on adjusted residuals, and cell-specific p-values were 
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calculated with an exact Fisher method recently 
described [47]. Differences between continuously dis-
tributed properties in groups of molecules were tested 
through a non-parametric Kruskal–Wallis test, followed 
(when comparing more than 2 classes) by Conover post 
hoc analysis. The direction of the effect was estimated 
through the Common-Language Effect Size (CLES) [48] 
statistic, which estimates the probability than a random 
observation from one first group would be larger than a 
random observation from a second group; values > 0.5 
correspond to distributions of the first group shifted to 
larger values, while values < 0.5 correspond to distribu-
tions shifted to lower values.

The Super Learner [35] model was implemented in 
Python using several machine learning base models avail-
able in the scikit-learn library. Super Learner is an exam-
ple of model stacking where a set of base models are used 
in k-fold cross-validation to generate a matrix of n x m 
out-of-fold predictions, n being the number of instances 
and m the number of base models. Then, an additional 
“meta-model” is fitted to this matrix of data to predict 
the n actual outcomes. In parallel, the base models are 
re-fitted to the complete training data. Once presented 
with a new external data set, the fitted base models are 
used to generate the new predictor variables, which are 
then submitted to the meta-model for prediction. The 
Super Learner is guaranteed to asymptotically perform 
better or at least the same as any base model [35]. In 
our case, we used the following 9 base machine learning 
models: Logistic Regression, Decision Tree, Support Vec-
tor Machine, Gaussian Naïve Bayes, k-Near Neighbors, 
AdaBoost, Bagging, Random Forest classifier, and Extra 
Trees. For the final model, logistic regression was fitted. 
The data was randomly split into 8 folds, keeping the 
same proportion of chemical classes in each fold, and the 
first fold was used for external test. The remaining 7 folds 
were used in the sevenfold cross-validation. As predic-
tor variables, the following physicochemical descriptors 
were used: tpsa, logp, rb, hbd, hba, mw, nring, naring, 
qed, and fsp3. In addition, one-hot-encoded ionization 
class and chemical class were included. This gave a total 
of 31 predictor variables, that were standardized before 
use. An alternative deep learning model that used graph 
embeddings concatenated to the 31 predictor variables 
provided worse performance, so the Super Learner was 
finally preferred.

Since, as one reviewer suggested, the use of random 
splits could overestimate the prediction statistics, we 
repeated the estimation using non-overlapping, cluster-
based train / test splits. In this case, we used Butina clus-
tering [49] to get the clusters as implemented in RDKit, 
with a similarity threshold of 0.8.

The model and dataset are provided for public use in 
https://​github.​com/​bbu-​imdea/​gutme​tabos.

Results
In what follows, we describe an extensive analysis of 
gut metabolites, in terms of chemical classes, similarity, 
scaffolds, ionic classes, and a variety of physicochemical 
properties. For that we will use the set of detected (quan-
tified or not) gut compounds from the Human Metabo-
lome Database (HMDB) [37], corresponding to the feces 
biospecimen, further processed as described before [40–
42] (see also Materials and Methods), which comprises a 
total of 6627 molecules. In this set of molecules, there is a 
subset of molecules detected only in the gut (“Gut” set in 
what follows, 5008 molecules), plus another one of mol-
ecules detected in both the gut and serum (“Gut/Serum” 
set, 1619 molecules).

For comparison purposes, two additional compound 
sets are included in the analysis: the set of detected 
(quantified or not) serum metabolites from the HMDB as 
systemic metabolites (16,243 molecules only detected in 
serum, “Serum” set), and a set of orally distributed, sys-
temically acting drug molecules obtained from the subset 
of small molecules in approved, not withdrawn, and non-
illicit status of the DrugBank (“DrugBank” set, of 1419 
molecules); both additional sets were processed as before 
[40–42]. Figure 1 displays and schema for all these com-
pound sets, including their sizes and overlap. The idea is 
to identify physicochemical and structural patterns that 
are specific for gut metabolites, as compared to serum 
ones or oral, systemic drugs. We analyzed the distribu-
tions of chemical classes, Tanimoto similarity to “Drug-
Bank” set, Bemis-Murcko [44, 45] scaffolds, ionic classes, 
and physicochemical properties.

Finally, we analyze the problem of gut permanence 
of molecules, and find specific patterns for molecules 
remaining in the gut that could be used in the design of 
drugs acting only locally in the intestine; in addition, a 

Fig. 1  Schema of compound sets used in this work 
and the corresponding sizes

https://github.com/bbu-imdea/gutmetabos


Page 4 of 20Gil‑Pichardo et al. Journal of Cheminformatics           (2023) 15:96 

Super Learner model is provided to predict this property 
from molecular structure.

Chemical classes of gut metabolites
Figure  2 displays the distribution gut metabolites, for 
both gut-only molecules (“Gut” class), and those shared 
with serum (“Gut/Serum”), in 18 chemical classes based 
on the ClassyFire chemical taxonomy [43]. For compari-
son purposes, the distributions for serum-only metabo-
lites (“Serum”) and drug molecules (“DrugBank”) are also 
provided.

These classes are quite diverse from the structural point 
of view, and include some that are not present in the 
DrugBank set, like “Glycerolipids”, “Fatty acyls”, “Glycer-
ophospholipids”, “Hydrocarbons”, “Sphingolipids”, “Sac-
charolipids” (only in “Serum”), and “Endocannabinoids”.

A general inspection allows to see that the distribution 
of chemical classes in the “Gut” set (5008 molecules) is 
largely dominated by the over-represented “Glycerolip-
ids” class, that comprises ~ 77% of the molecules. On 
the other hand, the “Gut/Serum” set (1619 compounds) 
is dominated by “Glycerophospholipids” (~ 50% of the 
molecules). The distributions of these two compound 
sets thus differ considerably from that of “DrugBank” and 
“Serum” ones, which in turn display remarkable simi-
larities: both have as most populated chemical classes, 
in the same decreasing order, “Organoheterocyclic 
compounds” > “Benzenoids” > and “Organic acids and 

derivatives”; in addition, the six largest chemical classes 
are the same in both sets, including (besides the three 
just mentioned), “Organic oxygen compounds”, “Other”, 
and “Steroids and steroid derivatives”.

Both glycerolipids and glycerophospholipids, together 
with fatty acyls and sphingolipids, are known for being 
unable to cross the gut wall. They are hydrolyzed by 
lipases in the gut lumen in order to be absorbed by the 
intestine epithelium, where they are again resynthesized 
and released to the circulation in the form of chylomi-
crons. Thus, the presence of these compounds in the 
“Gut/Serum” set (and “Serum” as well) can be ascribed to 
de novo generation of these compounds and not to per-
meation through the gut wall. Therefore, in order to better 
understand the distribution of gut metabolites in chemi-
cal classes, we assume that the “Gut/Serum” set would 
basically correspond to molecules able to cross the gut 
wall, while “Gut” metabolites would not be able; then, 
the compounds in the “Glycerolipids”, “Glycerophospho-
lipids”, “Fatty acyls”, and “Sphingolipids” chemical classes 
within the former set would be reassigned to the later 
one, reducing the updated “Gut/Serum” down to 516 mol-
ecules, and enlarging the “Gut” one to 6111. In turn, we 
divide the “Gut” set into two subsets: the first one, “Gut-
FL”, would include all types of “fatty lipid” (FL) chemical 
classes, namely “Glycerolipids”, “Glycerophospholipids”, 
“Fatty acyls”, and “Sphingolipids” (5447 compounds); the 
second one, “Gut-noFL”, would include the rest of the 

Fig. 2  Distribution of chemical classes (based on the ClassyFire taxonomy) for gut-only metabolites (Gut), metabolites shared by gut and serum 
(Gut/Serum), serum-only metabolites (Serum), and DrugBank molecules (DrugBank)
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molecules (664 molecules). This later division would avoid 
all further analyses of the “Gut” set be obscured by the 
highly abundant FL molecules, which are quite different 
from the structural and physicochemical points of view, 
and show in comparison a much reduced diversity.

Figure 3 displays the distribution of compounds across 
the different chemical classes for these updated gut sets 
and “DrugBank”, together with the results of statistical 
tests of the adjusted residuals, in order to better under-
stand over-represented and under-represented chemical 
classes in the different compound sets.

We can see here a large similarity of the “Gut/Serum” 
set distribution with that of the “DrugBank” set, having 
similar over-represented chemical classes: e.g. “Organic 
acids and derivatives”, “Organoheterocyclic compounds”, 
“Organic oxygen compounds”, “Benzenoids”, etc. At the 
same time, the “Gut-noFL” set shows less similarity, with 
only “Organic acids and derivatives”, “Organic oxygen 
compounds”, and “Prenol lipids” over-represented as in 
“DrugBank”, together with “Organosulfur compounds” 
and “Hydrocarbons”, that are absent or not over-repre-
sented in the later set. This would be expected if both 
the “DrugBank” and “Gut/Serum” sets have chemotypes 
prone to be readily absorbed by the gut, whether by pas-
sive diffusion or through transporters; on the contrary, 
these chemotypes would be absent in both the “Gut-
noFL” and “Gut-FL” sets, that would remain in the gut 
lumen. As a matter of fact, it is possible to see a higher 
similarity of the”Gut/Serum” set with the “DrugBank” set 

in terms of the distributions of maximum Tanimoto simi-
larity to the “DrugBank” set, as can be seen in Fig. 4.

This was confirmed by a statistically significant 
Kruskal–Wallis test followed by Conover post-hoc anal-
ysis, where the pairwise comparisons between “Gut/
Serum” and both “Gut-noFL” and “Gut-FL” were statisti-
cally significant (p-val < 0.001); in addition, the common-
language effect (CLE) statistic was of 0.66 and 0.67 when 
comparing the “Gut/Serum” distribution vs the “Gut-
noFL” and “Gut-FL”, respectively, indicating a shifted dis-
tribution towards higher values. The peculiar multimodal 
density distribution observed for the “Gut-FL” reflects on 
one hand, the very large number of “Glycerolipids” with 
little structural variability (high density, low variance 
component with mode around 0.4), together with two 
additional modes of low density peaks that correspond to 
“Glycerophospholipids”, “Fatty acyls”, and “Sphingolipids”.

In the gut sets, the chemical class “Organic acids and 
derivatives” is basically composed of oligopeptides, 
short carboxylic acids and derivatives, amino acids 
and derivatives; “Organic oxygen compounds” com-
prise sugars, oligosaccharides, alcohols, and ketones; 
“Organoheterocyclic compounds” include indoles, pyr-
roles, lactones, etc., and their derivatives; “Benzenoids” 
comprise derivatives from benzene, benzoic acid, and 
phenol mainly; “Prenol lipids” include terpenoids, qui-
nones, hydroquinones, etc.; “Steroids and steroid deriva-
tives” collect bile acid derivatives, cholesterol derivatives, 
etc.; “organic nitrogen compounds” amines and nitriles; 

Fig. 3  Compound set vs chemical class distributions and enrichments. Adjusted residuals were calculated for the contingency table of compound 
sets vs chemical classes (cell numbers), followed by a Fisher exact post hoc analysis. Red cells correspond to statistically significant (p-value < 0.05 
after Bonferroni correction) under-representation of the compound set vs chemical class, while blue cells correspond to statistically significant 
over-representation. White cells correspond to not-significant residuals
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and “phenylpropanoids and polyketides” present mainly 
flavonoids.

The different distribution of chemical classes observed 
in the gut sets, especially in the “Gut-noFL” and “Gut-FL” 
ones, to the ones typical of oral drugs, does not preclude 
their use in drug discovery; instead, they would point 
towards alternative chemotypes to use for oral drugs 
when targeted to act locally in the gut in lieu of the typical 
systemic action. For example, inhibitors like Orlistat (see 
below), an anti-obesity drug with minimal absorption in 
the intestine, act in the gut lumen through the inhibi-
tion of triglyceride hydrolysis and therefore their intesti-
nal absorption. This drug and other lipase inhibitors act 
through irreversible competitive inhibition of the lipase 
catalytic center [50], as they are substrate analogs of glyc-
erolipids. In a similar vein is Acarbose, a substrate analog 
of the highly abundant oligosaccharides in the gut, that 
is used to inhibit α-glucosidases and α-amylases in the 
intestinal lumen, and has negligible bioavailability (see 
below). These are examples of alternative chemotypes not 
typical in systemic drugs (analogs of glycerolipids and 

oligosaccharides, respectively) that have been used to 
design successful gut-targeted drugs.

Scaffold analysis of gut metabolites
The structures present in the different compound sets 
were analyzed in terms of Bemis-Murcko (BM) scaffolds 
[44, 45], which comprise a summarized representation of 
a molecule as a set of rings connected by linkers. Table 1 
shows the main feature statistics of scaffold distributions 
in the different compound sets, and Fig.  5 displays the 
scaffold distributions and structure for the top-15 scaf-
folds in each compound set. The analysis did not include 
the “Gut-FL” set as their number of molecules with scaf-
fold was negligible (only 46 out of 5447 molecules).

From this analysis, it can be observed that “DrugBank” is 
the set with the largest diversity of scaffolds, both in abso-
lute numbers (874 unique scaffolds) and normalized by the 
set size (0.62 unique scaffold per molecule). Most of these 
molecules (92.9%) contain scaffolds. In turn, both “Gut/
Serum” and “Gut-noFL” have less number of scaffolds (95 
and 122, respectively), and of scaffolds per molecule (0.18 

Fig. 4  Distributions of maximum Tanimoto similarity of gut compound sets to the “DrugBank” set. For each compound in the gut sets, 
the maximum Tanimoto similarity observed to any compound in the “DrugBank” set is shown

Table 1  Statistics of features of BM scaffolds across different compound sets

For each compound set, the number of compounds (# mols), number of unique scaffolds (# scaff), number of unique scaffolds by molecule (scaff per mol), percentage 
of molecules with scaffold (% mols with scaff), average and standard deviation (SD) of the number of rings per unique scaffold {ring per scaff [avg (SD)]}, average 
and SD of the fraction of aromatic rings per unique scaffold {arings per scaff [avg (SD)]}, and average and SD of the fraction of heterocyclic rings per unique scaffold 
{hetrings per scaff [avg(SD)]}, are shown

Compound set # mols # scaffs Scaff per mol % mols with 
scaff

Rings per scaff 
[avg (SD)]

Arings per scaff 
[avg(SD)]

Hetrings 
per scaff 
[avg(SD)]

DrugBank 1419 874 0.62 92.9 3.54 (1.54) 0.59  (0.32) 0.50 (0.30)

Gut/Serum 516 95 0.18 65.12 2.42 (1.24) 0.41 (0.43) 0.62 (0.43)

Gut-noFL 664 122 0.18 52.41 2.4 (1.41) 0.32 (0.41) 0.55 (0.45)
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in both cases). In addition, their percentage of molecules 
with scaffold is lower, of 65.12% and 52.41% respectively. 
Another interesting observation is the larger size of “Drug-
Bank” scaffolds, with an average of 3.54 rings per scaffold, 
while the two gut sets show averages of about 2.4 rings 
per scaffold. Moreover, the aromatic content of the scaf-
folds decrease in the order “DrugBank” (average fraction 
of aromatic rings of 0.59 in the scaffolds) > “Gut/Serum” 
(0.41) > “Gut-noFL” (0.32). In turn, the fraction of hetero-
cyclic rings per scaffold is largest in “Gut/Serum” (0.62), 
but lower in “Gut-noFL” (0.55) and “DrugBank” (0.5).

All these features can be detected in Fig.  5, where the 
DrugBank scaffolds show larger sizes and more aromatic 
character, but intermediate heterocyclic content. In turn, 
the “Gut/Serum” set display smaller rings, with lower aro-
matic character but higher heterocyclic content. Finally, the 
“Gut-noFL” set shows smaller rings too, with even lower 
aromatic character and lower heterocyclic content as well.

Ionic class analysis
Another interesting aspect to analyze is the comparative 
ionization behavior of these molecules. Figure  6 shows 

the distribution of ionization classes (acid, basic, neutral, 
and zwitterion) in the four compound sets: “DrugBank”, 
“Gut/Serum”, “Gut-noFL”, and “Gut-FL”.

For this figure, an average pH of 7.4 has been used. 
Other pH values were also considered in Additional 
file  1: Figures  S1–S3, corresponding to local regions 
of the intestine: 6.0 (duodenum), 6.4 (caecum), 7.0 
(descending colon, jejunum), while 7.4 would mainly cor-
respond to the sigmoid, rectum, and descending colon, 
plus ileum [26]. We see only modest changes compared 
to Fig. 6. It is possible to see differences in the ionic class 
distributions when comparing the “DrugBank” set with 
the gut sets, and among the three gut sets. In the “Drug-
Bank” set the ionic classes decrease in the order Neu-
tral > Basic > Acid > Zwitterion. However, in the “Gut/
Serum” set the acid class is the most abundant one, fol-
lowed by the neutral class and the zwitterionic class, and 
the share of basic compounds is the lowest. In the case of 
the “Gut-noFL” set, there are almost no basic compounds, 
the neutral class is the most abundant, and in between 
there are (in decreasing order) zwitterions > acids. The 
“Gut-FL” set is mainly neutral (~ 77%), with a small share 

Fig. 5  Distributions Bemis-Murcko (BM) scaffols across the different compound sets; top-15 scaffolds for each set are shown. a DrugBank; b Gut/
Serum; c Gut-noFL. Gut-FL was not included as it contains a negligible number of scaffolds, in spite of its large size. The bars with no scaffolds 
correspond to the molecules with no rings, and therefore no BM scaffolds
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of acids (19%), a very small proportion of zwitterions, 
and no basic molecules at all.

Analyzing the data in terms of chemical classes provide 
further insights about the observed ionic class distribu-
tions. Figure  7 displays the compound set X ionization 
class vs chemical class contingency table, together with 
the statistical tests of the adjusted residuals to iden-
tify significant over-represented or under-represented 
combinations.

We see, as expected by design, a significant enrichment 
of “Glycerolipids” vs “Gut-FL_Neutral”, that is responsi-
ble for the large share of neutral compounds in “Gut-FL”. 
Over-represented cells are also “Glycerophospholipids” 
vs “Gut-FL_Acid” (major contribution to the acids in 
“Gut-FL”), “Glycerophospholipids” vs “Gut-FL_Zwitte-
rion” (mainly responsible for the zwitterions), and both 
“Fatty Acyls” and “Sphingolipids” vs “Gut-FL_Acid” 
(additional contributions to the acid group).

In the case of the “Gut/Serum” set, the enrichment 
in acids can be explained by an over-representation of 
acidic “Benzenoids”, “Organic acids and derivatives”, 
“Steroids and steroid derivatives”, and “Phenylpropanoids 
and polyketides” (instead, in “DrugBank”, these chemi-
cal classes are predominantly neutral or, in the case of 
“Organic acids and derivatives”, zwitterions are over-rep-
resented). The neutral ionic class is mainly the result of 
neutral over-represented compounds in chemical classes 
“Organoheterocyclic compounds”, “Organic oxygen 
compounds”, “Steroids and steroid derivatives”, “Nucleo-
sides, nucleotides, and analogs”, and “Prenol lipids”; this 
is largely shared with “DrugBank”, with the exception of 
“Organic oxygen compounds” and “Nucleosides, nucleo-
tides, and analogs”. Basic compounds result basically 
from “Organic nitrogen compounds”, and zwitterions 
from “Organic acids and derivatives”.

Finally, in “Gut-noFL” there are contrasts with both 
the “Gut/Serum” and “DrugBank” sets. For instance, 
the neutral compounds, the most populated in this 
set, are in this case due to an over-representation of 
“Organic oxygen compounds” and “Prenol lipids” too, 
but also of “Benzenoids”, “Organosulfur compounds”, 
“Hydrocarbons” and “Endocannabinoids”, while neutral 
“Organoheterocyclic compounds”, “Steroids and steroid 
derivatives”, and “Nucleosides, nucleotides, and analogs” 
are not over-represented. The acid molecules correspond 
to “Organic acids and derivatives” and “Steroids and ster-
oid derivatives”, as in “Gut/Serum”, but here acid “Organic 
oxygen compounds” are over-represented, in addition to 
the neutral ones. The basic and zwitterionic compounds 
share sources with “Gut/Serum”: basic molecules are 
mainly due to over-represented “Organic nitrogen com-
pounds”, and the zwitterions to a very large fraction of 
over-represented “Organic acids and derivatives”, which 
in this case more than duplicates that of “Gut/Serum”.

Other physicochemical properties
To get a more complete idea of additional physicochemi-
cal patterns present in gut metabolites, we analyzed a 
large set of frequently used physicochemical properties, 
namely: tpsa, logp, rb, hbd, hba, mw, nring, naring, qed, 
and fsp3 (see Methods for definitions of these abbrevia-
tions). Figure 8 displays the distributions of these proper-
ties across the different compound sets.

As expected by design, the “Gut-FL” set displays the 
largest logp, rb, mw, and fsp3 of all the sets, all statisti-
cally significant and with CLEs > 0.8 in most of the cases, 
due to the presence of long aliphatic chains in these mol-
ecules. This is accompanied by (almost) no rings, and 
hbd, and qed basically equaling zero. It is also the group 

Fig. 6  Distribution of ionization states across the four compound sets: DrugBank, and gut metabolites sets
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with the largest hba values, with statistically significant 
CLEs > 0.7 against all of them.

In comparison, the DrugBank set is characterized by 
lower logp, rb and molecular weight. In addition, it dis-
plays the highest qed of all sets (CLEs > 0.6 to the others), 
and the lowest fsp3 (CLEs < 0.4). All these, not surpris-
ingly, are typical features of molecules compliant with 
Lipinski rule-of-five, that describe oral, systemic-acting 
drugs. [51, 52]

In between there are the two other gut sets, “Gut/
Serum” and “Gut-noFL”. Compared to “DrugBank”, the 
most striking features are statistically significant lower 
logp, hba, mw, qed, nring, naring, and higher hbd, and 

fsp3. In the case of rb, “Gut-noFL” shows no significant 
differences with “DrugBank”, while “Gut/Serum” dis-
tribution is significantly shifted to lower values. On the 
other hand, tpsa in “Gut/Serum” shows no significant dif-
ferences with “DrugBank”, while “Gut-noFL” displays a 
distribution shifted towards lower values.

Molecular features associated to in vivo gut permanence
The development of gut-targeted drugs opens the possi-
bility of developing drugs that remains in the gut lumen. 
In this way, the apparition of side effects and distribution 
issues could be much reduced, as the body and tissues 

Fig. 7  Ionization state enrichment across compound set X ionization classes vs chemical classes. For all the combinations of compound set 
vs chemical class contingency table, adjusted residuals were calculated, followed by a Fisher exact post hoc analysis. Red cells correspond 
to significant (p-value < 0.05 after Bonferroni adjustment) under-representation, while blue cells correspond to over-representation. White cells 
correspond to non-significance
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exposure of the molecule would be constrained to the 
gut. In addition, lower doses would be required as there 
would be a much lower dilution of the compound in the 
gut compartment.

There are a few cases of drugs that act locally in the gut. 
A collection of them is shown in Table 2.

These molecules have different chemotypes and targets, 
but all of them have low or null systemic bioavailability. 
On one hand, we have several aminoglycoside antibiot-
ics that act through inhibition of the bacterial ribosome 
(Paromomycin, Kanamycin, and Neomycin). Other anti-
biotic targeting a bacterial target is Vancomycin, a glyco-
peptide, but in this case the bacterial transpeptidase used 
for the synthesis of peptidoglycan is inhibited. Several 
molecules, all of them with heterocyclic structures, have 
anthelminthic activity, like Mebendazole and Albenda-
zole, which target tubulin polymerization in the worm; 
Pyrantel, which targets its cholinesterase; and Niclosa-
mide, which uncouples the parasite oxidative phospho-
rylation. One aminoglycoside compound, Nystatin, is an 
antifungal agent that acts as a pore-forming ionophore. 
Finally, there are three drugs acting upon human targets: 
Acarbose, an oligosaccharide that inhibits pancreatic 
amylases and gut α-glucosidases; Ezetimibe, an hetero-
cyclic molecule, that inhibits gut NPC1L1 cholesterol 
transporter; and Orlistat, a triglyceride analog that inhib-
its gastric and pancreatic lipases. These are used in the 
treatment of type-2 diabetes, hypercholesterolemia, and 
obesity, respectively.

From these examples we see that the concept of drugs 
remaining in the gut lumen has already some exemplars 
that pave the way for more systematic and extensive drug 
design efforts, including those coming from novel metab-
olite-target interactions relevant to disease identified 
from gut microbiome research.

Intestinal absorption vs permanence is a complex prob-
lem, in that some molecules can penetrate the gut epi-
thelium by passive transcellular or paracellular diffusion, 
while others can through mediated or active transport, 
and in most cases a mixture of different proportions of 
these occurs. The molecular features required for dif-
fusion are different from those of mediated or active 
transport, and therefore a convoluted function of these 
features would be required to model the whole process 
for a particular molecule.

This problem can be seen as a reverse-label version of 
intestinal absorption, which has been thoroughly mod-
eled through the use of in vitro assay data, human or ani-
mal pharmacokinetic data, permeation data [34, 53–55], 
or by analysis of oral, systemic drugs [52, 56]. However, 
the present dataset can be used to analyze this issue by 
means of a different endpoint, namely in vivo gut perma-
nence, which is a more appropriate label for our aim, that 
includes the result of passive diffusion plus mediated or 
active transport. In addition, it is based on gut metabo-
lites, and therefore provides a better starting point for the 
design of compounds resembling in vivo relevant mole-
cules. As above stated, it is well known that molecules in 

Fig. 8  Distribution of multiple physicochemical properties for the different compound sets: DrugBank (DB); Gut/Serum (G/S); Gut-noFL [G(noFL)]; 
and Gut-FL [G(FL)]. Outliers are not displayed for clarity purposes
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Table 2  Set of gut-acting drugs

Name Chemical class Indication Mode of action Structure

Acarbose Organic oxygen compounds Type 2 diabetes α-glucosidase 
and α-amilase inhibitor

Nystatin Organic oxygen compounds Antifugal Channel-forming iono‑
phore

Ezetimibe Organoheterocyclic com‑
pounds

Hypercholesterolemia NPC1L1 cholesterol trans‑
porter inhibitor

Orlistat Organic acids and derivatives Obesity Lipase inhibitor

Paromomy‑
cin

Organic oxygen compounds Antibiotic, antiamoe‑
bic

Ribosome inhibitor

Kanamycin Organic oxygen compound Antibiotic Ribosome inhibitor

Neomycin Organic oxygen compounds Antibiotic Ribosome inhibition
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the “Gut-FL” set are not able to cross the gut wall [57–59]. 
In addition, the”Gut-noFL” set can be assumed to com-
prise molecules not able to cross the gut wall, as none of 
them has been detected in the serum compartment, and 
would be putatively excreted in feces unless modified to 
a permeable form. On the other hand, by definition our 
“DrugBank” set is made of molecules well absorbed, since 
all of them are orally administered and act systemically. 
Finally, the “Gut/Serum” can be approximated to a set of 
molecules able to cross the gut epithelium too, as they are 
detected in both gut and serum by definition. Thus, by 
merging on one side the “DrugBank” set with the “Gut/
Serum” set, we would obtain a “Gut-Traverser” set, while 
by merging the “Gut-noFL” and “Gut-FL” sets, we would 
achieve a “Gut Lingerer” set. These two sets will form the 
basis for our analysis.

Figure 9 compares the distribution of ionization species 
for the gut permanence sets. An increase of the share in 
acidic molecules in the “Gut Traverser”, when compared 

to “DrugBank” is observed, and now the decreasing order 
of ionization classes is Neutral > Acid > Basic > Zwitterion. 
On the other hand, the “Gut Lingerers” show an over-
whelming majority of neutral molecules (74%), followed 
by acid ones (18.9%), and zwitterionic ones (67%); basic 
molecules are almost absent (0.1%).

In Fig. 10 a further statistical analysis is displayed of the 
chemical classes vs the gut permanence sets (in this case, 
“Gut Traverser”, “Gut Lingerer noFL”, and “Gut Lingerer 
FL”; the latter two corresponding to “Gut-noFL” and 
“Gut-FL”, respectively, and kept separated here to facili-
tate the analysis of patterns).

As regarding the “Gut Lingerer” subset, combinations 
over-represented correspond to neutral “Benzenoids”, 
“Organic oxygen compounds”, “Prenol lipids”, “Organo-
sulfur compounds”, “Hydrocarbons”, and “Endocannabi-
noids”; acid “Organic acids and derivatives”, “Organic 
oxygen compounds”, “Steroids and steroid deriva-
tives”, and “Nucleosides, nucleotides and derivatives”; 

Table 2  (continued)

Name Chemical class Indication Mode of action Structure

Vancomycin Organic acids and derivatives Antibiotic Peptidoglycan synthesis 
inhibitor (transpeptidase)

Mebenda‑
zole

Benzenoids Antihelmintic Inhibition of tubulin 
polymerization

Albendazole Organoheterocyclic com‑
pounds

Antihelmintic Inhibition of tubulin 
polymerization

Pyrantel Organoheterocyclic com‑
pounds

Antihelmintic Cholinesterase inhibition

Niclosamide Benzenoids Antihelmintic Uncoupling of oxydative 
phosphorilation

Data derived from DrugBank. Drugs were selected if they had a low or null bioavailability, together with a well-defined human or bacterial target (protein or 
ribonucleoprotein) located in the intestine. Drugs acting through non-specific physicochemical mechanisms (osmotic laxatives, surfactants, ion exchange resins, etc.), 
or with high bioavailability, were discarded
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Fig. 9  Distribution of ionization states across the two gut permanence sets: Gut Traverser vs Gut Lingerer

Fig. 10  Distribution and statistical enrichment analysis for gut permeation set X ionization class vs chemical class. For all the combinations 
in the contingency table, adjusted residuals were calculated, followed by a Fisher exact post hoc analysis. Red cells correspond to significant 
(p-value < 0.05 after Bonferroni adjustment) under-representation, while blue cells correspond to over-representation. White cells correspond 
to non-significance
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zwitterionic “Organic acids and derivatives”; and basic 
“Organic nitrogen compounds”. In the case of the “Gut 
Lingerer FL” we see the same over-represented classes 
as “Gut-FL”. Finally, some new over-represented combi-
nations are observed when comparing “Gut Traverser” 
with “DrugBank”: acidic “Organic acids and derivatives”, 
“Phenylpropanoids and polyketides”, and “Nucleosides, 
nucleotides, and analogues”; neutral “Organic oxy-
gen compounds”, “Organic nitrogen compounds”, and 

“Nucleosides, nucleotides, and analogues”. In addition, 
zwitterionic “Benzenoids” stop being over-represented.

Focusing on the set of physicochemical properties 
above described the profiles for the “Gut-FL” subset have 
been clarified above: very high logp, rb, hba, mw, and 
fsp3; and very low hbd, qed, nring and naring. However, 
for the “Gut-noFL” part of the “Gut Lingerers” it is inter-
esting to further analyze the presence of differential pat-
terns for the remaining chemical classes. Figure 11 shows 
the statistical analysis of the distributions of the different 

Fig. 11  Statistical analysis for the association between different physicochemical properties with gut permeation at the different chemical 
classes. For all the physicochemical property vs chemical class combination, a non-parametric Mann–Whitney test comparing the distributions 
in the “Gut Ligerer noFL” set vs the “Gut Traverser” set was performed. Red cells correspond to significant (p-value < 0.05 after Benjamini–
Hochberg false discovery rate correction) with a CLES < 0.5, while blue cells correspond to significant test with CLES > 0.5. White cells correspond 
to non-significance. By reversing the colors we would obtain the significantly higher and lower combinations in “Gut Traversers”. Only shown 
chemical classes present in both gut permeation sets
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physicochemical properties in the multiple chemical 
classes when comparing the “Gut Lingerers” with the 
“Gut Traversers”.

A variety of statistically significant trends is observed 
for the different chemical classes. For example, in the 
case of “Organoheterocyclic compounds”, all the proper-
ties but fsp3 are lower in the “Gut Lingerers noFL”. The 
same pattern is observed for “Benzenoids”, although 
in this case no significant differences are observed for 
logp; and “Prenol lipids”, but here qed is significantly 
higher. “Organic oxygen compounds” have significantly 
lower tpsa, hbd, hba, mw, nring, and naring, but signifi-
cantly higher qed. However, “Organic acids and deriva-
tives” show significantly higher tpsa, rb, and hbd in the 
“Gut Lingerers noFL” set, while nring is significantly 
lower. The “Other” chemical class displays a mixed pat-
tern, with higher logp, rb, and fsp3, but lower hbd, qed, 
nring, and naring. “Steroids and steroid derivatives” have 
significantly higher fsp3, “Nucleosides, nucleotides and 
derivatives” significantly higher tpsa, while “Organosul-
fur compounds” have significantly lower tpsa, nring, and 
nraing.

In terms of properties, we can see that nring, naring, 
and hba are significantly lower or non-significant for all 
the chemical classes, while fsp3 is significantly higher in 
two classes but not significant in the others. The rest of 
properties show a mixture of trends (higher, lower, non-
significant) depending on the chemical classes.

Prediction of in vivo gut permanence from molecular 
structure
A machine learning model of Super Learner [35] type 
was developed to predict gut permanence using this 
dataset. The dataset was randomly divided into eight 
stratified folds with equal distribution of chemical 
classes, and 7 of them were used to perform cross-vali-
dation to generate the out-of-fold predictions from 9 
base models (Logistic Regression, Decision Tree, Support 
Vector Machine, Gaussian Naïve Bayes, k-Near Neigh-
bors, AdaBoost, Bagging, Random Forest classifier, and 

Extra Trees). These out-of-fold predictions were used to 
train a final “meta-model” (Logistic Regression here) to 
predict gut permanence in the aggregated 7 folds. Finally, 
the complete fitted Super Learner model was applied to 
the 8th fold to evaluate its external predictive power. For 
a full description of the model, see Materials and Meth-
ods. Table 3 collects the predictive statistics of the model: 
accuracy, precision, recall, F1, area under the receiver 
operating characteristic curve (AUROC), and area under 
the precision-recall curve (AUPRC).

Since a large fraction of the compounds belong to the 
“Gut Lingerer FL” subset, with clearly separated features 
from the rest of the molecules and large structural homo-
geneity, all of them in the “positive” class, the prediction 
of this abundant “easy” subset could obscure the predic-
tive power of the model on the rest of the molecules. 
Thus, in Table  3, in addition to the prediction statis-
tics for the whole external set, the ones for the “FL” and 
“noFL” subsets are provided, and “standardized” statistics 
are finally shown as the average of the two subsets, in 
order to adjust for subset imbalance.

We see that the fit in the case of the “FL” subset is per-
fect (all applicable statistics equal to one), and remark-
ably good for the no-FL molecules, with a F1 value of 
0.747, an AUROC of 0.921, and an AUPRC of 0.833. The 
whole model standardized accuracy, precision, recall, and 
F1 are 0.938, 0.899, 0.851, and 0.874, respectively, with an 
AUPRC of 0.916. An external prediction based on non-
overlapping, cluster-based train / test splits gave similar 
results (Additional file  1: Table  S1), indicating that the 
prediction statistics are not overestimated due to the use 
of random splits.

For comparison purposes, the same statistics are 
shown in Table 4 for both the Lipinski’s [52] and Veber’s 
[34] rules, reversed to predict gut permanence.

The reversed (gut permanence is positive class) Lipin-
ski’s rule is:

Two or more of these:

•	 mw > 500

Table 3  Prediction statistics of model for gut permanence prediction

The statistics accuracy (acc), precision (prec), recall (rec), and F1 (F1), area under the receiving operator characteristic curve (AUROC), and area under the precision-
recall curve (AUPRC) are provided for different predictions:, complete external test (ext test); external test for only the “FL” molecules (ext test (FL)); external test for 
the rest of the fold (ext test (noFL)); and standardized external test (averaging over the two above, ext test stand). Since the “FL” subset comprises only “Gut Lingerer” 
molecules, it was not possible to obtain an AUROC for it

Pred Acc Prec Rec F1 AUROC AUPRC

Ext test 0.96 0.98 0.967 0.974 0.991 0.997

Ext test FL 1 1 1 1 NA 1

Ext test noFL 0.877 0.797 0.702 0.747 0.921 0.833

Ext test stand 0.938 0.899 0.851 0.874 NA 0.916
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•	 logp > 5
•	 hba > 10
•	 hbd > 5

In turn, the reversed Veber’s rule is:

•	 tpsa > 140, or
•	 rb > 10

In this case, while the predictions for the “FL” subset 
are close to perfect (although with a small proportion 
of false negatives), the prediction for the “noFL” subset 
is quite poor, with F1 values of 0.089 and 0.217, respec-
tively for Lipinski’s and Veber’s. This indicates that the 
use of simple rule-based predictions for this problem is 
not appropriate, especially for the “noFL” part of the gut 
metabolites. While the “FL” compounds complain per-
fectly with Lipinski’s large mw, logp, and hba for a com-
pound remaining in the gut, and Veber’s very large rb, 
the “noFL” subset contains small, low-logp and low-hba 
compounds that remain in the gut, in contradiction with 
Linpinski’s rule, as well as moderate tpsa and rb similar 
to systemic oral drugs, in opposition to Veber’s. Thus, the 
model here presented appears a more appropriate tool 
to predict in vivo gut permanence when designing drugs 
targeted to the gut. We openly share the Python code and 
dataset in https://​github.​com/​bbu-​imdea/​gutme​tabos.

Discussion
Gut-targeted drugs and nutraceutics appear as a new 
drug modality that could exploit the new knowledge 
coming from the human gut microbiome research. The 
metabolite-target interactions identified through this 
research could be modulated by these new drugs and 
nutraceutics [60], in order to provide novel curative and 
preventive approaches for health, in multiple areas such 
as inflammatory bowel disease [9], colon cancer [6, 61], 
metabolic diseases [5, 62], cardiovascular diseases [11], 
infectious diseases [21, 22], etc. In addition, the option of 

directing the design of these compounds to remain in the 
gut could reduce the distribution, safety, and toxicology 
problems typical of systemic drugs, the main causes of 
the high attrition rate in this modality [63].

There are some few examples of drugs acting in the gut 
and with minimal or null bioavailability. Some of them 
act over host targets, in the metabolic diseases area; oth-
ers over bacterial targets, being used as antibiotics; one 
antifungal, acting as a membrane-pore forming iono-
phore; and the rest of the molecules, acting on parasitic 
worm targets, as anthelmintic compounds. In terms of 
gut microbiome research, so far no commercial drug has 
been developed based on it, but the use of this research 
in drug discovery has already been pointed out [18–20, 
60], and in fact some initial successful proof-of-concepts 
have allowed to find inhibitors of the pregnane X recep-
tor based on gut metabolite mimics [64]. This has been 
followed by the development of inhibitors of  the aryl 
hydrocarbon receptor, based on metabolite mimics too 
[65, 66]. In addition, in other work a combined bioinfor-
matic/cheminformatic analysis based on data from the 
Human Microbiome Project has allowed to suggest sev-
eral target-metabolite interactions that could be useful in 
drug discovery for inflammatory bowel disease [67].

Given all this background, the current work provides 
useful analyses that will help in the rational design of 
gut-targeted drugs based on (host or microbial) gut 
metabolites. This work has identified two subsets of gut 
metabolites: those present only in the gut (“Gut” subset), 
and those also present in serum (“Gut/Serum” subset). 
In turn, the former can be split in two additional sub-
sets, a very large one with “FL” type of molecules, that 
is, molecules in the “Glycerolipids”, “Glycerophospholip-
ids”, “Sphingolipids”, and “Fatty acyls” chemical classes 
(“Gut-FL” subset), and another one including  the mol-
ecules with alternative chemical classes (“Gut-noFL”). 
From this analysis it has been possible to identify gen-
eral physicochemical and structural patterns in the gut 
sets that differentiate them to the set of oral, systemic 
drugs; moreover, it has been possible to see statistically 

Table 4  Prediction statistics of reversed Lipinski’s and Veber’s models to predict gut permanence

The same predictive statistics as in Table 3 are shown. No AUROC and AUPRC are provided, as these models do not provide a probability but just a class prediction

Pred Acc Prec Rec F1 AUROC AUPRC

Lip ext test 0.862 0.966 0.849 0.903 NA NA

Lip ext test FL 0.946 1 0.946 0.972 NA NA

Lip ext test noFL 0.685 0.179 0.06 0.089 NA NA

Lip ext test stand 0.816 0.59 0.503 0.53 NA NA

Veb ext test 0.877 0.946 0.889 0.917 NA NA

Veb ext test FL 0.977 1 0.977 0.988 NA NA

Veb ext test noFL 0.667 0.278 0.179 0.217 NA NA

Veb ext test stand 0.822 0.639 0.578 0.602 NA NA

https://github.com/bbu-imdea/gutmetabos
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significant differences between the “Gut” and “Gut/
Serum” subsets too. We describe these general patterns 
in what follow, splitting the “Gut” set into its two very dif-
ferent subsets, “Gut-FL” and “Gut-noFL”.

The “Gut-FL” subset of “Gut” is clearly different from 
both drugs and “Gut/Serum” (and “Gut-noFL”) com-
pounds: they are big, lipophilic, and flexible molecules, 
essentially devoid of scaffolds and with high hba, with 
very high structural homogeneity, and mostly neu-
tral with a reduced share of acid molecules. They are, 
as expected by Lipinski’s and Veber’s rules, molecules 
unable to cross the gut wall.

As regarding shared properties between “Gut-noFL” 
and “Gut/Serum” that differentiate them from the “Drug-
Bank” set, we can say that both gut metabolites subsets 
are characterized by larger proportions of “Organic acids 
and derivatives” and “Organic oxygen compounds”; less 
scaffolded (more linear) molecules; smaller and less aro-
matic scaffolds; almost no basic molecules, and with an 
increased proportion of zwitterions; and with signifi-
cantly reduced logp, mw, hba, qed, nring, and naring, and 
higher hbd and fsp3.

In turn, the patterns that differentiate the “Gut/Serum” 
set from the “Gut-noFL” one are distribution of chemi-
cal classes and Tanimoto similarity closer to “DrugBank”; 
more aromatic and heterocyclic scaffolds; acid is the 
most frequent ionization class (neutral is in “Gut-noFL”); 
and with significantly lower rb, fps3, and higher hdb, hba, 
nring, naring.

Some of these differential patterns are reflected at the 
level of chemical classes: acidic “Benzenoids” are signifi-
cantly enriched in “Gut/Serum”, while neutral ones are 
in “Gut-noFL”; acid and zwitterionic “Organic acids and 
derivatives” are enriched in “Gut-noFL”, while only zwit-
terions are in “Gut/Serum”; neutral “Steroids and steroid 
derivatives” are enriched in “Gut/Serum”, while in “Gut-
noFL” the enriched ionization class is the acid one; etc.

In addition to these patterns, we have developed a 
novel Super Learner model to predict gut permanence. 
Super Learners [35] are a recent approach for stacking 
multiple Machine Learning models, that asymptotically 
improves or at least performs as well as any of the base 
models without overfitting, since the predictive variables 
of the meta-model are out-of-fold predictions of the base 
models. In this way, they automatically build an optimal 
weighted combination of candidate or base learners that 
minimize the generalization error rate [35, 68]. Although 
the use of Machine Learning in modeling quantitative 
structure–activity relationships (QSAR) is an area with 
decades of experience [69–74], due to the typical non-lin-
earity and complexity of the associations with countless 
predictive variables, the use of SuperLearners or other 
approaches for model stacking is relatively scarce in the 

field, with just a few examples in the literature [75, 76]. 
This could be due to the relative newness of the Super-
Learner method [35, 68], coupled with the recent spate 
of Deep Learning methods that have absorbed most of 
the efforts in this field [69, 77–79]. In our case, the use of 
graph Deep Learning models, alone or concatenated with 
fully connected networks, worsened external prediction 
compared to the SuperLearner, which could probably be 
due to the reduced size of the dataset, as Deep Learning 
models are more appropriate for “Big Data” sets.

The model for gut permanence here described clearly 
outperforms typical rule-based predictive approaches for 
oral absorption, like Lipinksi’s or Veber’s, mainly because 
of their inability to predict the “Gut-noFL” subset of “Gut 
Lingerers”. This new tool can aid in the development 
of drugs based on gut metabolites in order to predict 
gut permanence for new molecules. It can also be used 
in metabolome research, to predict the compartments 
where putative new metabolites could be found. The 
model can be downloaded at https://​github.​com/​bbu-​
imdea/​gutme​tabos.

On the other hand, the approach for gut-targeted drug 
design assumed in this analysis and model is based on 
the molecular structure of the drug, which is alternative 
and could be complementary of other approaches based 
on drug delivery [25–27]. In our case, the permanence or 
not of the molecule in the gut would be due to the intrin-
sic capacity of the molecule to engage into a particular 
combination of paracellular or transcellular diffusion, as 
well as active or passive mediated transport, instead of 
specialized drug delivery systems. Our dataset is phe-
nomenological in nature and does not allow us to ascer-
tain the mechanism underlying gut permanence, but the 
patterns observed and the SuperLearner model allow the 
prediction of gut permanence from molecular structure. 
In this way, this approach is similar to Lipinsky or Veber’s 
rules, that is, based on medicinal chemistry, although 
with a different endpoint.

We acknowledge some possible imperfections in our 
dataset, as the collection of gut metabolites is based on 
multiple samples that can be obtained with different 
depths and with different backgrounds, and it is pos-
sible that for example, some compound of low but not 
null bioavailability, that in principle would be with more 
probability in the gut set, has by chance been detected 
in both the gut and the serum set, or even only in the 
later. Alternatively, it is possible that some highly bio-
available compound has only been detected in the gut 
set. Moreover, in some cases, detecting a compound in 
serum could be due to de novo synthesis in that compart-
ment, and not to gut wall crossing. We think, however, 
that these chance compartment swaps or misassignments 
would correspond, if present, to a minimal proportion of 

https://github.com/bbu-imdea/gutmetabos
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compounds that otherwise would not change the qualita-
tive and quantitative conclusions of this work, given the 
large number of compounds of the sets.

The thorough analyses of patterns and predictive 
model for gut metabolites here described can illuminate 
the rational design of gut targeted drugs taping from 
the microbiome research. However, the actual genera-
tion of such a drug is a complicated process that must 
address additional issues: target engagement (especially 
for intracellular targets), solubility, chemical stability, etc. 
In the case of drugs remaining in the gut, in principle 
there would be reduced toxicity and distribution issues, 
but additional complications can appear. For example, a 
metabolite locally produced in the gut, if administered 
orally could potentially be absorbed in the upper diges-
tive tract, or be degraded in the stomach, and this previ-
ously unknown fact could affect molecules derived from 
it too, thus precluding oral administration. All in all, we 
expect that the current work will speed up the generation 
of the first successful examples of this exciting new drug 
modality.

Supplementary Information
The online version contains supplementary material available at https://​doi.​
org/​10.​1186/​s13321-​023-​00768-y.

Additional file 1: Table S1. Prediction statistics for gut permanence 
prediction SuperLearner using cluster-based train/test splits. Figure S1. 
Distribution of ionization states across the four compound sets: DrugBank, 
and gut metabolites sets at pH = 6.0. Figure S2. Distribution of ionization 
states across the four compound sets: DrugBank, and gut metabolites sets 
at pH = 6.4. Figure S3. Distribution of ionization states across the four 
compound sets: DrugBank, and gut metabolites sets at pH = 7.0

Acknowledgements
Cristina González-Guevara, M.D., is thanked for her help in generating Table 2.

Author contributions
AGP performed the initial analyses; ASR conducted additional analyses; GC 
ideated the work, developed the Super Learner, and wrote the manuscript 
with the final versions of all the figures. All authors read and agreed with the 
contents of the manuscript.

Funding
Grant PID2021-127318OB-I00 funded by MCIN/AEI/10.13039/501100011033 and 
by “ERDF A way of making Europe”. AS-R acknowledges the Consejería de 
Ciencia, Universidades e Innovación de la Comunidad de Madrid, Spain (Ref. PEJ-
2020-AI/BIO-17904), for a research assistant contract, and a predoctoral Grant 
(PIPF-2022/SAL-GL-26278).

Availability of data and materials
The dataset used and the Super Learner with instructions for training and 
executing are freely available in https://​github.​com/​bbu-​imdea/​gutme​tabos.

Declarations

Ethical approval and consent to participate.
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Received: 17 August 2023   Accepted: 6 October 2023

References
	1.	 Turnbaugh PJ, Ley RE, Hamady M, Fraser-Liggett CM, Knight R, Gordon 

JI (2007) The human microbiome project. Nature 449(7164):804–810. 
https://​doi.​org/​10.​1038/​natur​e06244

	2.	 Almeida A, Mitchell AL, Boland M, Forster SC, Gloor GB, Tarkowska A, 
Lawley TD, Finn RD (2019) A new genomic blueprint of the human 
gut microbiota. Nature 568(7753):499–504. https://​doi.​org/​10.​1038/​
s41586-​019-​0965-1

	3.	 Proctor LM, Creasy HH, Fettweis JM, Lloyd-Price J, Mahurkar A, Zhou W, 
Buck GA, Snyder MP, Strauss JF, Weinstock GM, White O, Huttenhower C 
(2019) The integrative HMP (iHMP) research network consortium. Inte‑
grative Human Microbiome Project Nature 569(7758):641–648. https://​
doi.​org/​10.​1038/​s41586-​019-​1238-8

	4.	 Gilbert JA, Blaser MJ, Caporaso JG, Jansson JK, Lynch SV, Knight R 
(2018) Current understanding of the human microbiome. Nat Med 
24(4):392–400. https://​doi.​org/​10.​1038/​nm.​4517

	5.	 Fan Y, Pedersen O (2021) Gut microbiota in human metabolic health 
and disease. Nat Rev Microbiol 19(1):55–71. https://​doi.​org/​10.​1038/​
s41579-​020-​0433-9

	6.	 Feng Q, Liang S, Jia H, Stadlmayr A, Tang L, Lan Z, Zhang D, Xia H, Xu X, 
Jie Z, Su L, Li X, Li X, Li J, Xiao L, Huber-Schönauer U, Niederseer D, Xu 
X, Al-Aama JY, Yang H, Wang J, Kristiansen K, Arumugam M, Tilg H, Datz 
C, Wang J (2015) Gut microbiome development along the colorectal 
adenoma-carcinoma sequence. Nature Commun. https://​doi.​org/​10.​
1038/​ncomm​s7528

	7.	 Javdan B, Lopez JG, Chankhamjon P, Lee Y-CJ, Hull R, Wu Q, Wang X, 
Chatterjee S, Donia MS (2020) Personalized mapping of drug metabo‑
lism by the human gut microbiome. Cell 181(7):1661-1679.e22. https://​
doi.​org/​10.​1016/j.​cell.​2020.​05.​001

	8.	 Jeganathan NA, Davenport ER, Yochum GS, Koltun WA (2021) The 
microbiome of diverticulitis. Curr Opin Physio 22:100452. https://​doi.​
org/​10.​1016/j.​cophys.​2021.​06.​006

	9.	 Lavelle A, Sokol H (2020) Gut microbiota-derived metabolites as key 
actors in inflammatory bowel disease. Nat Rev Gastroenterol Hepatol 
17(4):223–237. https://​doi.​org/​10.​1038/​s41575-​019-​0258-z

	10.	 Lee W-J, Hase K (2014) Gut microbiota-generated metabolites in ani‑
mal health and disease. Nat Chem Biol 10(6):416–424. https://​doi.​org/​
10.​1038/​nchem​bio.​1535

	11.	 Olson CA, Vuong HE, Yano JM, Liang QY, Nusbaum DJ, Hsiao EY (2018) 
The gut microbiota mediates the anti-seizure effects of the ketogenic 
diet. Cell 173(7):1728-1741.e13. https://​doi.​org/​10.​1016/j.​cell.​2018.​04.​
027

	12.	 Funabashi M, Grove TL, Wang M, Varma Y, McFadden ME, Brown LC, 
Guo C, Higginbottom S, Almo SC, Fischbach MA (2020) A metabolic 
pathway for bile acid dehydroxylation by the gut microbiome. Nature 
582(7813):566–570. https://​doi.​org/​10.​1038/​s41586-​020-​2396-4

	13.	 Donia MS, Fischbach MA (2015) Small molecules from the human 
microbiota. Science. https://​doi.​org/​10.​1126/​scien​ce.​12547​66

	14.	 Henke MT, Clardy J (2019) Molecular messages in human microbiota. 
Science 366(6471):1309–1310. https://​doi.​org/​10.​1126/​scien​ce.​aaz41​64

	15.	 Quinn RA, Melnik AV, Vrbanac A, Fu T, Patras KA, Christy MP, Bodai Z, 
Belda-Ferre P, Tripathi A, Chung LK, Downes M, Welch RD, Quinn M, 
Humphrey G, Panitchpakdi M, Weldon KC, Aksenov A, da Silva R, Avila-
Pacheco J, Clish C, Bae S, Mallick H, Franzosa EA, Lloyd-Price J, Bussell R, 
Thron T, Nelson AT, Wang M, Leszczynski E, Vargas F, Gauglitz JM, Mee‑
han MJ, Gentry E, Arthur TD, Komor AC, Poulsen O, Boland BS, Chang 
JT, Sandborn WJ, Lim M, Garg N, Lumeng JC, Xavier RJ, Kazmierczak BI, 
Jain R, Egan M, Rhee KE, Ferguson D, Raffatellu M, Vlamakis H, Haddad 
GG, Siegel D, Huttenhower C, Mazmanian SK, Evans RM, Nizet V, Knight 

https://doi.org/10.1186/s13321-023-00768-y
https://doi.org/10.1186/s13321-023-00768-y
https://github.com/bbu-imdea/gutmetabos
https://doi.org/10.1038/nature06244
https://doi.org/10.1038/s41586-019-0965-1
https://doi.org/10.1038/s41586-019-0965-1
https://doi.org/10.1038/s41586-019-1238-8
https://doi.org/10.1038/s41586-019-1238-8
https://doi.org/10.1038/nm.4517
https://doi.org/10.1038/s41579-020-0433-9
https://doi.org/10.1038/s41579-020-0433-9
https://doi.org/10.1038/ncomms7528
https://doi.org/10.1038/ncomms7528
https://doi.org/10.1016/j.cell.2020.05.001
https://doi.org/10.1016/j.cell.2020.05.001
https://doi.org/10.1016/j.cophys.2021.06.006
https://doi.org/10.1016/j.cophys.2021.06.006
https://doi.org/10.1038/s41575-019-0258-z
https://doi.org/10.1038/nchembio.1535
https://doi.org/10.1038/nchembio.1535
https://doi.org/10.1016/j.cell.2018.04.027
https://doi.org/10.1016/j.cell.2018.04.027
https://doi.org/10.1038/s41586-020-2396-4
https://doi.org/10.1126/science.1254766
https://doi.org/10.1126/science.aaz4164


Page 19 of 20Gil‑Pichardo et al. Journal of Cheminformatics           (2023) 15:96 	

R, Dorrestein PC (2020) Global chemical effects of the microbiome 
include new bile-acid conjugations. Nature 579(7797):123–129. https://​
doi.​org/​10.​1038/​s41586-​020-​2047-9

	16.	 Lavelle A, Sokol H (2020) Gut Microbiota-derived metabolites as key 
actors in inflammatory bowel disease. Nat Rev Gastroenterol Hepatol 
17(4):223–237. https://​doi.​org/​10.​1038/​s41575-​019-​0258-z

	17.	 Silpe JE, Balskus EP (2021) Deciphering human microbiota-host chemi‑
cal interactions. ACS Cent Sci 7(1):20–29. https://​doi.​org/​10.​1021/​acsce​
ntsci.​0c010​30

	18.	 Saha S, Rajpal DK, Brown JR (2016) human microbial metabolites as a 
source of new drugs. Drug Discovery Today 21(4):692–698. https://​doi.​
org/​10.​1016/j.​drudis.​2016.​02.​009

	19.	 Chavira A, Belda-Ferre P, Kosciolek T, Ali F, Dorrestein PC, Knight R 
(2019) The microbiome and its potential for pharmacology. In: Barrett 
JE, Page CP, Michel MC (eds) Concepts and principles of pharmacology: 
100 years of the handbook of experimental pharmacology handbook 
of experimental pharmacology. Springer International Publishing, 
Cham

	20.	 Nuzzo A, Brown JR (2020) Microbiome metabolite mimics accelerate 
drug discovery. Trends Mol Med 26(5):435–437. https://​doi.​org/​10.​1016/j.​
molmed.​2020.​03.​006

	21.	 Harris VC, Haak BW, Boele Van Hensbroek M, Wiersinga WJ (2017) The 
intestinal microbiome in infectious diseases the clinical relevance of a 
rapidly emerging field. Open Forum Infect Dis 4(3):144. https://​doi.​org/​10.​
1093/​ofid/​ofx144

	22.	 Maciel-Fiuza MF, Muller GC, Campos DMS (2023) Role of gut microbiota 
in infectious and inflammatory diseases. Front Microbiol 14:1098386. 
https://​doi.​org/​10.​3389/​fmicb.​2023.​10983​86

	23.	 Delzenne NM, Neyrinck AM, Bäckhed F, Cani PD (2011) Targeting gut 
microbiota in obesity: effects of prebiotics and probiotics. Nat Rev Endo‑
crinol 7(11):639–646. https://​doi.​org/​10.​1038/​nrendo.​2011.​126

	24.	 Hou K, Wu Z-X, Chen X-Y, Wang J-Q, Zhang D, Xiao C, Zhu D, Koya JB, Wei 
L, Li J, Chen Z-S (2022) Microbiota in health and diseases. Sig Transduct 
Target Ther 7(1):1–28. https://​doi.​org/​10.​1038/​s41392-​022-​00974-4

	25.	 Awad A, Madla CM, McCoubrey LE, Ferraro F, Gavins FKH, Buanz A, Gais‑
ford S, Orlu M, Siepmann F, Siepmann J, Basit AW (2022) Clinical transla‑
tion of advanced colonic drug delivery technologies. Adv Drug Deliv Rev 
181:114076. https://​doi.​org/​10.​1016/j.​addr.​2021.​114076

	26.	 McCoubrey LE, Favaron A, Awad A, Orlu M, Gaisford S, Basit AW (2023) 
Colonic drug delivery: formulating the next generation of colon-targeted 
therapeutics. J Control Release 353:1107–1126. https://​doi.​org/​10.​1016/j.​
jconr​el.​2022.​12.​029

	27.	 Hua S (2020) Advances in oral drug delivery for regional targeting in the 
gastrointestinal tract influence of physiological pathophysiological and 
pharmaceutical factors. Frontiers Pharmacol. https://​doi.​org/​10.​3389/​
fphar.​2020.​00524

	28.	 Dobson PD, Patel Y, Kell DB (2009) ‘Metabolite-likeness’ as a criterion in 
the design and selection of pharmaceutical drug libraries. Drug Discovery 
Today 14(1–2):31–40. https://​doi.​org/​10.​1016/j.​drudis.​2008.​10.​011

	29.	 O′Hagan S, Swainston N, Handl J, Kell DB (2015) Rule of 05’ for the metab‑
olite-likeness of approved pharmaceutical. Drugs Metab 11(2):323–339. 
https://​doi.​org/​10.​1007/​s11306-​014-​0733-z

	30.	 O’Hagan S, Kell DB (2017) Analysis of drug-endogenous human metabo‑
lite similarities in terms of their maximum common substructures. J 
Cheminform 9(1):18. https://​doi.​org/​10.​1186/​s13321-​017-​0198-y

	31.	 Bofill A, Jalencas X, Oprea TI, Mestres J (2019) The Human endogenous 
metabolome as a pharmacology baseline for drug discovery. Drug 
Discovery Today 24(9):1806–1820. https://​doi.​org/​10.​1016/j.​drudis.​2019.​
06.​007

	32.	 Dobson PD, Kell DB (2008) Carrier-mediated cellular uptake of pharma‑
ceutical drugs: an exception or the rule? Nat Rev Drug Discov 7(3):205–
220. https://​doi.​org/​10.​1038/​nrd24​38

	33.	 Lipinski CA, Lombardo F, Dominy BW, Feeney PJ (1997) Experimental 
and computational approaches to estimate solubility and permeabil‑
ity in drug discovery and development settings1PII of original article 
S0169-409X(96)00423-1: the article was originally published in. Adv Drug 
Delivery Rev 23:3–25

	34.	 Veber DF, Johnson SR, Cheng H-Y, Smith BR, Ward KW, Kopple KD (2002) 
Molecular properties that influence the oral bioavailability of drug can‑
didates. J Med Chem 45(12):2615–2623. https://​doi.​org/​10.​1021/​jm020​
017n

	35.	 van Laan MJ, Polley EC, Hubbard AE (2007) Super learner. Stat Appl Genet 
Mol Biol. https://​doi.​org/​10.​2202/​1544-​6115.​1309

	36.	 RDKit: Open-source cheminformatics. https://​www.​rdkit.​org/ (Accessed 
09 Mar 2021).

	37.	 Wishart DS, Guo A, Oler E, Wang F, Anjum A, Peters H, Dizon R, Sayeeda Z, 
Tian S, Lee BL, Berjanskii M, Mah R, Yamamoto M, Jovel J, Torres-Calzada 
C, Hiebert-Giesbrecht M, Lui VW, Varshavi D, Varshavi D, Allen D, Arndt D, 
Khetarpal N, Sivakumaran A, Harford K, Sanford S, Yee K, Cao X, Budinski Z, 
Liigand J, Zhang L, Zheng J, Mandal R, Karu N, Dambrova M, Schiöth HB, 
Greiner R, Gautam V (2022) HMDB 5.0: the human metabolome database 
for 2022. Nucl Acids Res 50(D1):D622–D631. https://​doi.​org/​10.​1093/​nar/​
gkab1​062

	38.	 Wishart DS, Feunang YD, Guo AC, Lo EJ, Marcu A, Grant JR, Sajed T, 
Johnson D, Li C, Sayeeda Z, Assempour N, Iynkkaran I, Liu Y, Maciejewski 
A, Gale N, Wilson A, Chin L, Cummings R, Le D, Pon A, Knox C, Wilson M 
(2018) DrugBank 5.0: a major update to the drugbank database for 2018. 
Nucleic Acids Res 46(D1):D1074–D1082. https://​doi.​org/​10.​1093/​nar/​
gkx10​37

	39.	 Bento AP, Hersey A, Félix E, Landrum G, Gaulton A, Atkinson F, Bellis LJ, 
De Veij M, Leach AR (2020) An open source chemical structure curation 
pipeline using RDKit. J Cheminform 12(1):51. https://​doi.​org/​10.​1186/​
s13321-​020-​00456-1

	40.	 Kaya I, Colmenarejo G (2020) Analysis of nuisance substructures and 
aggregators in a comprehensive database of food chemical compounds. 
J Agric Food Chem 68(33):8812–8824. https://​doi.​org/​10.​1021/​acs.​jafc.​
0c025​21

	41.	 Sánchez-Ruiz A, Colmenarejo G (2021) Updated prediction of aggrega‑
tors and assay-interfering substructures in food compounds. J Agric Food 
Chem 69(50):15184–15194. https://​doi.​org/​10.​1021/​acs.​jafc.​1c059​18

	42.	 Sánchez-Ruiz A, Colmenarejo G (2022) Systematic analysis and prediction 
of the target space of bioactive food compounds: filling the chemobio‑
logical gaps. J Chem Inf Model 62(16):3734–3751. https://​doi.​org/​10.​
1021/​acs.​jcim.​2c008​88

	43.	 Djoumbou Feunang Y, Eisner R, Knox C, Chepelev L, Hastings J, Owen G, 
Fahy E, Steinbeck C, Subramanian S, Bolton E, Greiner R, Wishart DS (2016) 
classyfire: automated chemical classification with a comprehensive, 
computable taxonomy. J Cheminform 8(1):61. https://​doi.​org/​10.​1186/​
s13321-​016-​0174-y

	44.	 Bemis GW, Murcko MA (1996) The properties of known drugs 1 molecular 
frameworks. J. Med. Chem. 39(15):2887–2893. https://​doi.​org/​10.​1021/​
jm960​2928

	45.	 Bemis GW, Murcko MA (1999) Properties of known drugs 2 side chains. J 
Med Chem 42(25):5095–5099. https://​doi.​org/​10.​1021/​jm990​3996

	46.	 Bickerton GR, Paolini GV, Besnard J, Muresan S, Hopkins AL (2012) Quanti‑
fying the chemical beauty of drugs. Nature Chem 4(2):90–98. https://​doi.​
org/​10.​1038/​nchem.​1243

	47.	 Shan G, Gerstenberger S (2017) Fisher’s exact approach for post hoc 
analysis of a Chi-Squared test. PLoS ONE 12(12):e0188709. https://​doi.​org/​
10.​1371/​journ​al.​pone.​01887​09

	48.	 McGraw KO, Wong SP (1992) A common language effect size statistic. 
Psychol Bull 111:361–365. https://​doi.​org/​10.​1037/​0033-​2909.​111.2.​361

	49.	 Butina D (1999) unsupervised data base clustering based on daylight’s 
fingerprint and tanimoto similarity: a fast and automated way to cluster 
small and large data sets. J Chem Inf Comput Sci 39(4):747–750. https://​
doi.​org/​10.​1021/​ci980​3381

	50.	 The lipase inhibitor tetrahydrolipstatin binds covalently to the putative 
active site serine of pancreatic lipase. Elsevier Enhanced Reader. https://​
doi.​org/​10.​1016/​S0021-​9258(18)​52203-1.

	51.	 Lipinski CA (2004) Lead—and drug-like compounds: the rule-of-five 
revolution. Drug Discov Today Technol 1(4):337–341. https://​doi.​org/​10.​
1016/j.​ddtec.​2004.​11.​007

	52.	 Lipinski CA, Lombardo F, Dominy BW, Feeney PJ (1997) experimental 
and computational approaches to estimate solubility and permeabil‑
ity in drug discovery and development settings. Adv Drug Deliv Rev 
23(1):3–25. https://​doi.​org/​10.​1016/​S0169-​409X(96)​00423-1

	53.	 Alqahtani S (2017) In silico ADME-tox modeling: progress and prospects. 
Expert Opin Drug Metab Toxicol 13(11):1147–1158. https://​doi.​org/​10.​
1080/​17425​255.​2017.​13898​97

	54.	 Colmenarejo G (2005) In silico ADME prediction: data sets and models. 
CAD 1(4):365–376. https://​doi.​org/​10.​2174/​15734​09057​74330​318

https://doi.org/10.1038/s41586-020-2047-9
https://doi.org/10.1038/s41586-020-2047-9
https://doi.org/10.1038/s41575-019-0258-z
https://doi.org/10.1021/acscentsci.0c01030
https://doi.org/10.1021/acscentsci.0c01030
https://doi.org/10.1016/j.drudis.2016.02.009
https://doi.org/10.1016/j.drudis.2016.02.009
https://doi.org/10.1016/j.molmed.2020.03.006
https://doi.org/10.1016/j.molmed.2020.03.006
https://doi.org/10.1093/ofid/ofx144
https://doi.org/10.1093/ofid/ofx144
https://doi.org/10.3389/fmicb.2023.1098386
https://doi.org/10.1038/nrendo.2011.126
https://doi.org/10.1038/s41392-022-00974-4
https://doi.org/10.1016/j.addr.2021.114076
https://doi.org/10.1016/j.jconrel.2022.12.029
https://doi.org/10.1016/j.jconrel.2022.12.029
https://doi.org/10.3389/fphar.2020.00524
https://doi.org/10.3389/fphar.2020.00524
https://doi.org/10.1016/j.drudis.2008.10.011
https://doi.org/10.1007/s11306-014-0733-z
https://doi.org/10.1186/s13321-017-0198-y
https://doi.org/10.1016/j.drudis.2019.06.007
https://doi.org/10.1016/j.drudis.2019.06.007
https://doi.org/10.1038/nrd2438
https://doi.org/10.1021/jm020017n
https://doi.org/10.1021/jm020017n
https://doi.org/10.2202/1544-6115.1309
https://www.rdkit.org/
https://doi.org/10.1093/nar/gkab1062
https://doi.org/10.1093/nar/gkab1062
https://doi.org/10.1093/nar/gkx1037
https://doi.org/10.1093/nar/gkx1037
https://doi.org/10.1186/s13321-020-00456-1
https://doi.org/10.1186/s13321-020-00456-1
https://doi.org/10.1021/acs.jafc.0c02521
https://doi.org/10.1021/acs.jafc.0c02521
https://doi.org/10.1021/acs.jafc.1c05918
https://doi.org/10.1021/acs.jcim.2c00888
https://doi.org/10.1021/acs.jcim.2c00888
https://doi.org/10.1186/s13321-016-0174-y
https://doi.org/10.1186/s13321-016-0174-y
https://doi.org/10.1021/jm9602928
https://doi.org/10.1021/jm9602928
https://doi.org/10.1021/jm9903996
https://doi.org/10.1038/nchem.1243
https://doi.org/10.1038/nchem.1243
https://doi.org/10.1371/journal.pone.0188709
https://doi.org/10.1371/journal.pone.0188709
https://doi.org/10.1037/0033-2909.111.2.361
https://doi.org/10.1021/ci9803381
https://doi.org/10.1021/ci9803381
https://doi.org/10.1016/S0021-9258(18)52203-1
https://doi.org/10.1016/S0021-9258(18)52203-1
https://doi.org/10.1016/j.ddtec.2004.11.007
https://doi.org/10.1016/j.ddtec.2004.11.007
https://doi.org/10.1016/S0169-409X(96)00423-1
https://doi.org/10.1080/17425255.2017.1389897
https://doi.org/10.1080/17425255.2017.1389897
https://doi.org/10.2174/157340905774330318


Page 20 of 20Gil‑Pichardo et al. Journal of Cheminformatics           (2023) 15:96 

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

	55.	 Kar S, Leszczynski J (2020) Open access in silico tools to predict 
the ADMET profiling of drug candidates. Expert Opin Drug Discov 
15(12):1473–1487. https://​doi.​org/​10.​1080/​17460​441.​2020.​17989​26

	56.	 Ghose AK, Viswanadhan VN, Wendoloski JJA (1999) Knowledge-based 
approach in designing combinatorial or medicinal chemistry libraries for 
drug discovery 1 a qualitative and quantitative characterization of known 
drug databases. J. Comb. Chem. 1(1):55–68. https://​doi.​org/​10.​1021/​
cc980​0071

	57.	 Murota K (2020) Digestion and absorption of dietary glycerophospholip‑
ids in the small intestine: their significance as carrier molecules of choline 
and n-3 polyunsaturated fatty acids. Biocatal Agric Biotechnol 26:101633. 
https://​doi.​org/​10.​1016/j.​bcab.​2020.​101633

	58.	 Schmelz E-M, Crall KJ, Larocque R, Dillehay DL, Merrill AH (1994) Uptake 
and metabolism of sphingolipids in isolated intestinal loops of mice 1,2,3. 
J Nutr 124(5):702–712. https://​doi.​org/​10.​1093/​jn/​124.5.​702

	59.	 Di L, Kerns EH (2016) Drug-like properties: concepts, structure design 
and methods: from ADME to toxicity optimization, 2nd edn. Elsevier/AP, 
Amsterdam Boston

	60.	 Zheng X, Cai X, Hao H (2022) Emerging targetome and signalome land‑
scape of gut microbial metabolites. Cell Metab 34(1):35–58. https://​doi.​
org/​10.​1016/j.​cmet.​2021.​12.​011

	61.	 Song X, An Y, Chen D, Zhang W, Wu X, Li C, Wang S, Dong W, Wang B, Liu 
T, Zhong W, Sun T, Cao H (2022) Microbial metabolite deoxycholic acid 
promotes vasculogenic mimicry formation in intestinal carcinogenesis. 
Cancer Sci 113(2):459–477. https://​doi.​org/​10.​1111/​cas.​15208

	62.	 Agus A, Clément K, Sokol H (2021) Gut microbiota-derived metabolites 
as central regulators in metabolic disorders. Gut 70(6):1174–1182. https://​
doi.​org/​10.​1136/​gutjnl-​2020-​323071

	63.	 Waring MJ, Arrowsmith J, Leach AR, Leeson PD, Mandrell S, Owen RM, 
Pairaudeau G, Pennie WD, Pickett SD, Wang J, Wallace O, Weir A (2015) An 
analysis of the attrition of drug candidates from four major pharmaceuti‑
cal companies. Nat Rev Drug Discov 14(7):475–486. https://​doi.​org/​10.​
1038/​nrd46​09

	64.	 Dvořák Z, Kopp F, Costello CM, Kemp JS, Li H, Vrzalová A, Štěpánková 
M, Bartoňková I, Jiskrová E, Poulíková K, Vyhlídalová B, Nordstroem LU, 
Karunaratne CV, Ranhotra HS, Mun KS, Naren AP, Murray IA, Perdew 
GH, Brtko J, Toporova L, Schön A, Wallace BD, Walton WG, Redinbo MR, 
Sun K, Beck A, Kortagere S, Neary MC, Chandran A, Vishveshwara S, 
Cavalluzzi MM, Lentini G, Cui JY, Gu H, March JC, Chatterjee S, Matson A, 
Wright D, Flannigan KL, Hirota SA, Sartor RB, Mani S (2020) Targeting the 
pregnane x receptor using microbial metabolite mimicry. EMBO Mol Med 
12(4):e11621. https://​doi.​org/​10.​15252/​emmm.​20191​1621

	65.	 Grycová A, Joo H, Maier V, Illés P, Vyhlídalová B, Poulíková K, Sládeková L, 
Nádvorník P, Vrzal R, Zemánková L, Pečinková P, Poruba M, Zapletalová I, 
Večeřa R, Anzenbacher P, Ehrmann J, Ondra P, Jung J-W, Mani S, Dvořák Z 
(2022) Targeting the aryl hydrocarbon receptor with microbial metabolite 
mimics alleviates experimental colitis in mice. J Med Chem 65(9):6859–
6868. https://​doi.​org/​10.​1021/​acs.​jmedc​hem.​2c002​08

	66.	 Dvořák Z, Li H, Mani S (2023) Microbial metabolites as ligands to xenobi‑
otic receptors: chemical mimicry as potential drugs of the future. Drug 
Metab Dispos 51(2):219–227. https://​doi.​org/​10.​1124/​dmd.​122.​000860

	67.	 Nuzzo A, Saha S, Berg E, Jayawickreme C, Tocker J, Brown JR (2021) 
Expanding the drug discovery space with predicted metabolite-
target interactions. Commun Biol 4(1):1–11. https://​doi.​org/​10.​1038/​
s42003-​021-​01822-x

	68.	 Wolpert DH (1992) Stacked generalization. Neural Netw 5(2):241–259. 
https://​doi.​org/​10.​1016/​S0893-​6080(05)​80023-1

	69.	 Butler KT, Davies DW, Cartwright H, Isayev O, Walsh A (2018) Machine 
learning for molecular and materials science. Nature 559(7715):547–555. 
https://​doi.​org/​10.​1038/​s41586-​018-​0337-2

	70.	 Gómez-Bombarelli R, Aspuru-Guzik A (2018) Machine learning and big-
data in computational chemistry. In: Yip SW (ed) Handbook of materials 
modeling methods theory and modeling Andreoni. Springer Interna‑
tional Publishing, Cham

	71.	 Mayr A, Klambauer G, Unterthiner T, Steijaert M, Wegner JK, Ceulemans 
H, Clevert D-A, Hochreiter S (2018) Large-scale comparison of machine 
learning methods for drug target prediction on ChEMBL. Chem Sci 
9(24):5441–5451. https://​doi.​org/​10.​1039/​C8SC0​0148K

	72.	 Niazi SK, Mariam Z (2023) Recent advances in machine-learning-based 
chemoinformatics: a comprehensive review. Int J Mol Sci 24(14):11488. 
https://​doi.​org/​10.​3390/​ijms2​41411​488

	73.	 Heikamp K, Bajorath J (2014) Support vector machines for drug discovery. 
Expert Opin Drug Discov 9(1):93–104. https://​doi.​org/​10.​1517/​17460​441.​
2014.​866943

	74.	 Zernov VV, Balakin KV, Ivaschenko AA, Savchuk NP, Pletnev IV, Drug 
Discovery Using Support Vector Machines (2003) The case studies of 
drug-likeness, agrochemical-likeness, and enzyme inhibition predictions. 
J Chem Inf Comput Sci 43(6):2048–2056. https://​doi.​org/​10.​1021/​ci034​
0916

	75.	 Lévêque L, Tahiri N, Goldsmith M-R, Verner M-A (2022) Quantitative 
structure-activity relationship (QSAR) modeling to predict the transfer of 
environmental chemicals across the placenta. Comput Toxicol 21:100211. 
https://​doi.​org/​10.​1016/j.​comtox.​2021.​100211

	76.	 Kumar N, Acharya V (2022) Machine intelligence-driven framework for 
optimized hit selection in virtual screening. J Cheminform 14(1):48. 
https://​doi.​org/​10.​1186/​s13321-​022-​00630-7

	77.	 Cova TFGG, Pais AACC (2019) Deep learning for deep chemistry: optimiz‑
ing the prediction of chemical patterns. Front Chem. https://​doi.​org/​10.​
3389/​fchem.​2019.​00809

	78.	 Sinha K, Ghosh N, Sil PC (2023) A review on the recent applications of 
deep learning in predictive drug toxicological studies. Chem Res Toxicol 
36(8):1174–1205. https://​doi.​org/​10.​1021/​acs.​chemr​estox.​2c003​75

	79.	 Li Z, Jiang M, Wang S, Zhang S (2022) Deep learning methods for 
molecular representation and property prediction. Drug Discovery Today 
27(12):103373. https://​doi.​org/​10.​1016/j.​drudis.​2022.​103373

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub‑
lished maps and institutional affiliations.

https://doi.org/10.1080/17460441.2020.1798926
https://doi.org/10.1021/cc9800071
https://doi.org/10.1021/cc9800071
https://doi.org/10.1016/j.bcab.2020.101633
https://doi.org/10.1093/jn/124.5.702
https://doi.org/10.1016/j.cmet.2021.12.011
https://doi.org/10.1016/j.cmet.2021.12.011
https://doi.org/10.1111/cas.15208
https://doi.org/10.1136/gutjnl-2020-323071
https://doi.org/10.1136/gutjnl-2020-323071
https://doi.org/10.1038/nrd4609
https://doi.org/10.1038/nrd4609
https://doi.org/10.15252/emmm.201911621
https://doi.org/10.1021/acs.jmedchem.2c00208
https://doi.org/10.1124/dmd.122.000860
https://doi.org/10.1038/s42003-021-01822-x
https://doi.org/10.1038/s42003-021-01822-x
https://doi.org/10.1016/S0893-6080(05)80023-1
https://doi.org/10.1038/s41586-018-0337-2
https://doi.org/10.1039/C8SC00148K
https://doi.org/10.3390/ijms241411488
https://doi.org/10.1517/17460441.2014.866943
https://doi.org/10.1517/17460441.2014.866943
https://doi.org/10.1021/ci0340916
https://doi.org/10.1021/ci0340916
https://doi.org/10.1016/j.comtox.2021.100211
https://doi.org/10.1186/s13321-022-00630-7
https://doi.org/10.3389/fchem.2019.00809
https://doi.org/10.3389/fchem.2019.00809
https://doi.org/10.1021/acs.chemrestox.2c00375
https://doi.org/10.1016/j.drudis.2022.103373

	Analysis of metabolites in human gut: illuminating the design of gut-targeted drugs
	Abstract 
	Introduction
	Methods
	Results
	Chemical classes of gut metabolites
	Scaffold analysis of gut metabolites
	Ionic class analysis
	Other physicochemical properties
	Molecular features associated to in vivo gut permanence
	Prediction of in vivo gut permanence from molecular structure

	Discussion
	Anchor 13
	Acknowledgements
	References


