
UC San Diego
UC San Diego Previously Published Works

Title
Regulation of Human Endogenous Metabolites by Drug Transporters and Drug 
Metabolizing Enzymes: An Analysis of Targeted SNP-Metabolite Associations

Permalink
https://escholarship.org/uc/item/6z72c9n6

Journal
Metabolites, 13(2)

ISSN
2218-1989

Authors
Granados, Jeffry C
Watrous, Jeramie D
Long, Tao
et al.

Publication Date
2023

DOI
10.3390/metabo13020171

Copyright Information
This work is made available under the terms of a Creative Commons Attribution 
License, available at https://creativecommons.org/licenses/by/4.0/
 
Peer reviewed

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/6z72c9n6
https://escholarship.org/uc/item/6z72c9n6#author
https://creativecommons.org/licenses/by/4.0/
https://escholarship.org
http://www.cdlib.org/


Citation: Granados, J.C.; Watrous,

J.D.; Long, T.; Rosenthal, S.B.; Cheng,

S.; Jain, M.; Nigam, S.K. Regulation of

Human Endogenous Metabolites by

Drug Transporters and Drug

Metabolizing Enzymes: An Analysis

of Targeted SNP-Metabolite

Associations. Metabolites 2023, 13, 171.

https://doi.org/10.3390/

metabo13020171

Academic Editor: Grover Paul

Miller

Received: 29 November 2022

Revised: 13 January 2023

Accepted: 17 January 2023

Published: 24 January 2023

Copyright: © 2023 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

metabolites

H

OH

OH

Article

Regulation of Human Endogenous Metabolites by Drug
Transporters and Drug Metabolizing Enzymes: An Analysis of
Targeted SNP-Metabolite Associations
Jeffry C. Granados 1 , Jeramie D. Watrous 2,3, Tao Long 2,3 , Sara Brin Rosenthal 4, Susan Cheng 5, Mohit Jain 2,3

and Sanjay K. Nigam 2,6,*

1 Department of Bioengineering, University of California San Diego, La Jolla, CA 92093, USA
2 Department of Medicine, University of California San Diego, La Jolla, CA 92093, USA
3 Department of Pharmacology, University of California San Diego, La Jolla, CA 92093, USA
4 Center for Computational Biology and Bioinformatics, University of California San Diego,

La Jolla, CA 92093, USA
5 Cedars-Sinai Medical Center, Los Angeles, CA 90048, USA
6 Department of Pediatrics, University of California San Diego, La Jolla, CA 92093, USA
* Correspondence: snigam@health.ucsd.edu

Abstract: Drug transporters and drug-metabolizing enzymes are primarily known for their role in
the absorption, distribution, metabolism, and excretion (ADME) of small molecule drugs, but they
also play a key role in handling endogenous metabolites. Recent cross-tissue co-expression network
analyses have revealed a “Remote Sensing and Signaling Network” of multispecific, oligo-specific,
and monospecific transporters and enzymes involved in endogenous metabolism. This includes
many proteins from families involved in ADME (e.g., SLC22, SLCO, ABCC, CYP, UGT). Focusing
on the gut−liver−kidney axis, we identified the endogenous metabolites potentially regulated by
this network of ~1000 proteins by associating SNPs in these genes with the circulating levels of
thousands of small, polar, bioactive metabolites, including free fatty acids, eicosanoids, bile acids,
and other signaling metabolites that act in part via G-protein coupled receptors (GPCRs), nuclear
receptors, and kinases. We identified 77 genomic loci associated with 7236 unique metabolites.
This included metabolites that were associated with multiple, distinct loci, indicating coordinated
regulation between multiple genes (including drug transporters and drug-metabolizing enzymes)
of specific metabolites. We analyzed existing pharmacogenomic data and noted SNPs implicated
in endogenous metabolite handling (e.g., rs4149056 in SLCO1B1) also affecting drug ADME. The
overall results support the existence of close relationships, via interactions with signaling metabolites,
between drug transporters and drug-metabolizing enzymes that are part of the Remote Sensing and
Signaling Network, and with GPCRs and nuclear receptors. These analyses highlight the potential
for drug−metabolite interactions at the interfaces of the Remote Sensing and Signaling Network and
the ADME protein network.

Keywords: transporters; enzymes; ADME; metabolomics; SNPs; pharmacogenomics; fatty acids;
eicosanoids; homeostasis; OAT; OATP; MRP

1. Introduction

Genome-wide association studies (GWAS) have been used to identify single nucleotide
polymorphisms (SNPs) that are linked to phenotypes [1]. The phenotypic traits examined
include disease states, drug efficacy, and many others, indicating that GWAS can be used
to gain further insight into the genetic causes of many conditions [2–5]. With the increased
generation of large omics datasets, GWAS have also been used to link SNPs to multiple
intermediate phenotypes with metabolomics and proteomics [6,7].

While much of the research in this area has focused on identifying differences caused
by disease states or other lifestyle factors, GWAS on healthy patients can elucidate the
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endogenous role of genes by associating specific SNPs to levels of endogenous metabo-
lites. Recent studies have combined GWAS and metabolomics on the plasma and urine
of participants to identify potential interactions between proteins and metabolites [8–10].
Here, we focused on SNPs in genes of multi-, oligo-, and monospecific transporters and
“drug” metabolizing enzymes (DMEs), many of which are best known for their handling of
pharmaceutical products, and their associations with circulating endogenous metabolites.
The choice of genes was partly influenced by recent data indicating that these multi-, oligo-,
and monospecific transporters and enzymes are found in or near hubs in co-expression net-
works, especially along the gut−liver−kidney axis, suggesting an important endogenous
role [11].

Drug transporters and DMEs are among the most studied proteins in pharmacology
because of their roles in the ADME (absorption, distribution, metabolism, excretion) of
pharmaceutical products [12]. Many of the multispecific drug transporters and DMEs have
the capacity to handle structurally diverse drugs, while their more oligo- and (relatively)
monospecific counterparts may transport or modify as few as one or two substrates [13–15].
GWAS have linked SNPs in these genes to changes in drug toxicity, efficacy, and distribu-
tion [16,17].

However, the multispecific nature of these proteins is not limited to pharmaceutical
products [18]. Mainly in model organisms but also in humans, endogenous metabolites,
including those with well-defined signaling roles, have also been identified as likely in vivo
substrates of these proteins (e.g., OAT1, OAT3), often supported by in vitro studies [19]. In
GWAS, other results have demonstrated that SNPs in transporter and enzyme genes are
associated with endogenous metabolites participating in biochemical pathways, like amino
acid catabolism, glycolysis, ketone body metabolism, and others [9,10,20–22].

Understanding the full range of endogenous substrates of drug transporters and DMEs
can help uncover the physiological metabolic processes that are perturbed when a patient
takes drugs. In drug−metabolite interactions (DMI), a drug competes with a metabolite for
access to a transporter or enzyme, and thus shifts metabolism by impacting the intracellular
and extracellular concentration of the endogenous substrate [23]. Pharmacogenomic studies
have focused on the implications of polymorphisms in these genes with respect to drug
handling, but the “natural” function of these genes and its potential impact on drug-induced
diseases or drug side effects has received comparatively little attention.

The Remote Sensing and Signaling Theory proposes that the primary function of drug
transporters and DMEs, together with closely related genes, is to help optimize levels of
endogenous metabolites in bodily fluids and tissues by mediating inter-organ and inter-
organismal (e.g., gut−microbe−host) communication through small molecule metabolites
and signaling molecules [11]. This mechanism, while now experimentally supported in
model organisms [24–28], is also supported in humans [29]. Many endogenous metabolites
have signaling capabilities that contribute to the regulation of the expression and/or
function of other membrane transporters and enzymes by activating nuclear receptors,
creating feedback loops [30].

Furthermore, many of these proteins share substrates with one another and are ex-
pressed in multiple epithelial tissues, suggesting the possibility of remote communication
via these proteins, thereby mediating organ crosstalk [31]. Transporters are regulators of
entry (uptake) and exit (efflux) of compounds into the epithelial tissues and body fluids
they separate. For example, solute carrier organic (SLCO), solute carrier 22 (SLC22), and
ATP-binding cassette subfamily C (ABCC) transporters are expressed in many of the same
barrier epithelia tissues, like the proximal tubule (blood−urine), hepatocyte (blood−bile),
and choroid plexus (blood−cerebrospinal fluid), and share many common pharmaceutical
and endogenous substrates, suggesting that they may be jointly involved in the regulation
of these substrates across multiple organs [32]. Indeed, SLC22 and ABCC proteins are
among the many “drug transporter” families that were identified as hubs in the aforemen-
tioned co-expression gut−liver−kidney network of ~600 proteins—largely consisting of
multi-, oligo-, and monospecific transporters, enzymes, and nuclear receptors (including
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many ADME proteins)—and presented as a preliminary “Remote Sensing and Signaling
Network” [11].

The focus of this study is to identify the metabolites and metabolic pathways regulated
by these and related proteins in this Remote Sensing and Signaling Network. An additional
focus is to determine if evidence for drug−metabolite interactions (DMIs) can be found—
given the overlap in proteins of the Remote Sensing and Signaling Network (mediating
endogenous small molecule homeostasis) and the ADME protein network (mediating the
metabolism and elimination of drugs). The scale of potential DMIs at the level of the
major human drug transporters, like organic anion transporter 1(OAT1) and organic anion
transporter 3 (OAT3), has recently become evident as well [23].

While a limited number of in vitro cell-based assays and in vivo rodent experiments
have been performed to uncover the role of drug-handling proteins in metabolic processes,
these experiments can be technically challenging, time-consuming, and labor-intensive—
and each has limitations in their application to humans. Virtual screening can aid in
this process, but for many proteins, particularly membrane-bound human transporters,
determining substrate−transporter interactions has proven to be challenging in part due
to the lack of crystal structures [33]. Though lacking in specific mechanisms of action,
by using SNP associations with metabolomics data, it is possible to prioritize potential
protein−metabolite interactions in humans to evaluate further the possible physiological
role of hundreds of genes.

Here, we combined genomic data targeting SNPs in drug transporter, DMEs, and
related genes with non-targeted plasma metabolomics of over 2500 patients from the
Framingham Offspring Cohort Exam 8 to link SNPs in these genes to the levels of circulating
endogenous metabolites. Because the majority of circulating molecules are unknowns,
we performed directed, non-targeted LC-MS approaches to specifically capture and assay
small, polar, bioactive metabolites, including free fatty acids, eicosanoids and oxylipins,
bile acids, fatty acid esters of hydroxy fatty acids, and other related metabolites of known
and unknown chemistries. These types of metabolites have been shown to signal via cell
surface G-protein coupled receptors (GPCRs) and nuclear receptors and be critical for a
host of physiologic processes [34,35].

This work represents a step forward in understanding the individual and combined
roles of ADME and other genes in endogenous metabolic processes. Of the several in-
teractions reported here, some have been confirmed by independent in vivo or in vitro
experiments, indicating that many novel SNP-metabolite associations likely have a func-
tional protein-ligand relationship. We found metabolites that were linked to multiple
SNPs on distinct genomic loci containing genes expressed in different cells and tissues,
which raises the possibility of transporter- and/or DME-mediated remote communication
via small molecule metabolites. We also analyzed the existing pharmaceutical GWAS to
determine DMIs that may occur in patients with genes harboring certain SNPs involved in
metabolism. The results indicate that a wide range of DMIs can result at the interfaces of
the Remote Sensing and Signaling (protein) network and the ADME (protein) network.

2. Materials and Methods
2.1. Sample Population

Genotyping was performed on the Framingham Heart Study (FHS) Offspring Cohort
Exam 8 (Table 1) [36].
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Table 1. Summary statistics of surveyed participants. Participants are from the Framingham Offspring
Cohort Exam 8.

Category Value

Participants 2886
Men 1315
Women 1571 (54.4%)
Age 66 ± 9 years
Body Mass Index (BMI) 28.3 ± 5.4 kg/m2

2.2. Gene List

The initial gene list for targeted SNP-metabolite associations was constructed based on
the Remote Sensing and Signaling Network reported previously based on a co-expression
analysis [11]. This network included solute carrier (SLC), ATP-binding cassette (ABC), and
several DME families. Among the DME families were subfamilies such as cytochrome
P450s (CYPs), uridine 5’-diphospho-glucuronosyltransferases (UGTs), and sulfotransferases
(SULTs). This list of multi-, oligo-, and monospecific proteins overlaps considerably with
genes known to be involved in the absorption, distribution, metabolism, and excretion
(ADME) of drugs. The list was enlarged by considering other transporters and DMEs
involved in ADME, as well as related transporters and enzymes based on their roles in
ADME, handling of endogenous small molecules, or sequence homologies. In total, this
resulted in the consideration of 1131 genes (Supplementary Table S1).

2.3. SNP Identification

SNPs were included in the analysis if they were mapped to genes from Supplementary
Table S1 using SnpEff [37]. Each SNP was associated with a reference SNP cluster ID (rsID)
or a position on a chromosome. Those SNPs with an rsID were present in dbSNP version
151. All SNPs are in hg19 allele reference format.

2.4. Imputation

Several genotyping arrays (Affymetrix) were used to identify SNPs for the popu-
lation. SNPs were imputed using Minimac3. SNPs associated with genes within an
initial list of 1131 genes containing drug transporters and drug metabolizing enzymes
(Supplementary Table S1) were queried.

2.5. Metabolomics Analysis

Metabolomic studies were performed using directed, non-targeted liquid chromatogra-
phy-mass spectrometry (LC-MS) approaches to specifically capture and assay small polar
“bioactive” metabolites. These were deemed to have a higher likelihood of interacting with
cell surface receptors involved in signaling. These include free fatty acids, eicosanoids
and oxylipins, bile acids, and fatty acid esters of hydroxy fatty acids, among hundreds of
unidentified related metabolites [34,35]. Metabolite levels are used as continuous traits with
a mean of 0 and standard deviation of 1. Identified metabolites were confirmed through
internal standards.

2.6. Statistical Analysis

SNP−metabolite p-values were determined using linear mixed models (LMM) with
an additive genetics model, where 0, 1, and 2 indicate the number of effect alleles for each
SNP in the targeted set. The BOLT-LMM algorithm was used to account for age, gender,
and other factors [38]. Each metabolite-SNP association had a p-value, and only statisti-
cally significant associations are reported here. Overall, 673,141 statistically significant
SNP-metabolite associations were detected. The p-value cutoff for significance was set at
4.9 × 10−12.
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2.7. Genomic Loci

Genomic loci were defined by grouping SNPs that were located within 250,000 base
pair windows. SNPs on the same chromosome more than 250,000 base pairs apart were
considered to be on different genomic loci. Genes were then mapped to genomic loci if any
portion of the gene was within 10,000 base pairs of the genomic locus. For loci without
any genes within 10,000 base pairs, the nearest gene was associated with the locus. The
GRCh37 build was used for all mapping. Genomic plots were generated using FUMA [39].
Manhattan plots were generated using Assocplots [40].

2.8. Tissue-Specific Enrichment

Tissue-specific enrichment for genes within genomic loci was calculated using the
TissueEnrich web-based tool (https://tissueenrich.gdcb.iastate.edu, accessed on 3 May
2021) [41]. Supplementary Table S1 was used as the background gene list, and the 178 genes
within the genomic loci were used as the input gene list. Tissue expression was determined
using the Human Protein Atlas.

2.9. Disease and Pharmaceutical Variant Associations

The “Variant and Clinical Annotations”, “Variant, Gene, and Drug Relationship Data”,
and “Clinical Variant Data” files were downloaded from the PharmGKB database (https:
//www.pharmgkb.org/downloads, accessed on 23 August 2022) [42].

3. Results
3.1. 77 Genomic Loci Are Linked to Circulating Levels of Small, Polar Bioactive Molecules

Plasma and DNA from each participant in the Framingham Offspring Exam 8 Cohort
were analyzed to identify relationships between specific genes and endogenous metabolites
(Figure 1). We focused on bioactive small, polar molecules, aiming to capture endogenous
small molecules that bind receptors involved in signaling. These include eicosanoids, fatty
acids, and sex steroids that are known to interact with G-protein coupled receptors (GPCRs)
and nuclear receptors (NRs) [43,44].

We analyzed the plasma levels of thousands of unique metabolites and their asso-
ciations with SNPs contained within a set of 1131 genes. Many of these genes were
taken from a previously constructed co-expression network that is believed to reflect
their roles mediating endogenous small molecule inter-organ communication, as de-
scribed in the Remote Sensing and Signaling Theory (RSST). The original list of genes
consisted of solute carrier (SLC) transporters, ATP binding cassette (ABC) transporters,
DMEs, including CYPs, SULTs, and UGTs, and other drug-related genes that have multi-,
oligo-, and monospecific substrate specificity and are expressed in the gut, liver, kid-
ney, and other tissues (Supplementary Table S1). Their known substrates include a wide
range of metabolites, signaling molecules, antioxidants, vitamins and cofactors, and gut
microbe-derived metabolites.

https://tissueenrich.gdcb.iastate.edu
https://www.pharmgkb.org/downloads
https://www.pharmgkb.org/downloads
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Plasma collected from 
each member of cohort

Plasma analyzed for small, 
polar, bioactive molecules  

with metabolomics

DNA collected from 
each member of cohort

SNPs detected with 
microarray

SNP-metabolite associations 
between endogenous metabolites 

and drug-handling and related genes 
in a putative Remote Sensing and 

Signaling Network

2886
participants

Figure 1. Schematic for data acquisition and subsequent analysis. Plasma was collected from each
patient and analyzed by liquid chromatography/mass spectrometry, which sought to capture small,
polar, bioactive molecules presumed most likely to be involved in signaling via cell surface and other
receptors. DNA was collected from participants and SNPs within a subset of genes were associated
with the levels of plasma metabolites.

In total, 673,141 statistically significant SNP-metabolite associations were reported,
covering 8634 unique SNPs and 7326 unique metabolites (Figure 2A). The surveyed metabo-
lites ranged from mass to charge ratios (M/Z) of 225.110 to 649.3938, and retention time
(RT) values ranged from 0.6690834 to 6.988375 s. Each SNP was mapped to a genomic
locus based on its position in the GRCh37 build of the human genome, as described in
the Methods. We identified 77 distinct genomic loci, which covered 284 unique genes
(Supplementary Table S2). Each genomic locus was associated with a different set of genes,
SNPs, and metabolites (Figure 2B–G). Genomic locus 15, containing the UGT1A genes,
and genomic locus 54, containing regions relating to SLCO1B1, SLCO1B3, SLCO1B7, and
SLCO1A2, were associated with 42% and 33% of the total interactions, respectively. This
is consistent with the functions of these genes, as they are known, largely from in vitro
work, to be among the most multispecific transporters and enzymes of xenobiotics and
metabolites, with dozens of unique substrates. The significant associations are reported in
Supplementary Table S3.
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A

B C

D E

F G

Figure 2. The targeted SNP association study linked SNPs in drug-related genes, like enzymes and
transporters, to the circulating levels of small, polar, bioactive molecules. (A) Manhattan plot showing
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the targeted SNP-metabolite associations on the genome. The chromosome and relative genomic
location are marked on the x-axis, and the log-scaled p-value is marked on the y-axis. Each point
in the plot represents an association between the SNP and a measured metabolite. (B) Schematic
showing the unique genes associated with genomic locus 70, where an edge represents a gene located
within or near the genomic locus, as described in the Methods. (C) The 77 distinct loci were associated
with 284 unique genes, including pseudogenes. Loci were associated with different numbers of
unique genes ranging from 19 to 1. (D) Schematic showing the unique SNPs associated with genomic
locus 9, where an edge represents an SNP located within the genomic locus. (E) With respect to SNPs,
8634 unique SNPs were detected, with nearly each loci containing unique SNPs. Some genomic loci,
such as genomic loci 47 and 54, were associated with over 1000 distinct SNPs. The number of unique
SNPs for each locus ranged from 1149 to 1. (F) Schematic showing the unique metabolites associated
with genomic locus 5, where an edge represents a statistically significant association. (G) 7326 unique,
small, polar, bioactive metabolites were measured in the plasma of the participants. Genomic loci 15
and 54 were associated with the highest number of unique metabolites (2059 and 3014, respectively).
Unique metabolites associated with each locus ranged from 3014 to 1

3.2. Tissue-Specific Enrichment of Genes with SNPs Shows Overrepresentation of Liver Genes

Of the ~1000 surveyed genes, 178 contained SNPs that were present in our study and
significantly associated with at least one endogenous metabolite. Tissue-specific enrichment
revealed that the liver, breast, kidney, gallbladder, duodenum, and small intestine were over-
represented within these genes (Figure 3A), using the 1131 genes from Supplementary Table
S1 as the background set. The liver was the most highly enriched organ (adjusted negative
log-scaled p-value = 17.1) with 61 tissue-specific genes (Figure 3B). In the pharmaceutical
literature, the tissues enriched with these genes are traditionally associated with ADME,
with some exceptions. While not traditionally associated with drug ADME, the breast
plays a role in the regulation of small molecule metabolites as it contains epithelial tissue
that separates the blood and milk and expresses important DMEs of the glutathione S-
transferase (GST) and UGT2B families. The next most enriched tissue was the kidney,
followed by the gall bladder and intestinal tissues. The 178 metabolite-associated genes
were largely enriched in the gut, liver, and kidney, consistent with previously identified
roles in remote sensing and signaling of small, polar, bioactive metabolites and signaling
molecules across the gut−liver−kidney axis [11] (Figure 3C,D).
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A B

C

D

Figure 3. Tissue-specific enrichment reveals over-representation of organs active in ADME (A) The
genes with significant associations with metabolites were compared to the reference genes listed in
Supplementary Table S1. The liver, breast, kidney, gallbladder, duodenum, small intestine, urinary
bladder, bone marrow, and seminal vesicle all had significant enrichment. (B) Genes enriched in the
liver. (C) Genes enriched in the kidney. (D) Genes enriched in the small intestine.

3.3. Unidentified Metabolites Are Potentially Regulated by Distinct Genomic Loci

Considering that most of the metabolites surveyed were unidentified (chemical iden-
tity unknown, but unique mass/charge ratio (MZ) and retention time (RT) combination),
we aimed to understand which genomic loci worked collaboratively to regulate or modulate
the levels of metabolites rather than focus on the metabolic role of the compound. Depend-
ing on the tissue expression and cellular localization of the implicated genes, these could be
useful examples in determining potential cases of inter and/or intra-organ communication
and lead to a more mechanistic view. We identified five metabolites that were associated
with four distinct genomic loci (Table 2). Metabolite 1116529 was the only metabolite not as-
sociated with both genomic loci 28 or 29 and was uniquely associated with genomic loci 15,
19, 48, and 54 (Figure 4). Thus, we presented the genomic-regional plots with the implicated
SNPs associated with metabolite 1116529 as an example (Figure 5). Metabolite 1116529
was associated with loci containing regions related to the UGT1A, UGT2B7, ABCC2, and
SLCO1B1 genes, which are all multispecific hepatic proteins known to handle metabolites
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and drugs. Genomic locus 15 includes several genes (UGT1A6/7/8/9/10), so it is difficult
to associate any single gene with the resulting changes. Nonetheless, the UGT1A genes
are primarily expressed in the kidney and liver. Two other implicated genes, UGT2B7 and
ABCC2, are also mainly expressed in the kidney and liver, whereas SLCO1B1 is expressed
only in the liver.

Table 2. Five of 7326 unidentified metabolites are associated with four unique combinations of
genomic loci. These metabolites are associated with four unique combinations of genomic loci. The
mass-to-charge ratio (MZ) and the retention time (RT) of each of the five metabolites are listed and
indicate that metabolites 1272586 and 1291919 are likely to be very similar compounds. Genomic loci
28 (ACSL6), 29 (SLC22A4/5), 46 (SLC16A9), and 54 (SLCO1B1/3/7, SLCO1A2) are associated with more
than one metabolite, and genomic loci 4 (SLC44A5), 15 (UGT1A6/7/8/9/10), 19 (UGT2B), and 31 (ECI2)
appear only once. The full list of genes associated with each locus is presented in Supplementary
Table S2.

Genomic
Locus 1

Genomic
Locus 2

Genomic
Locus 3

Genomic
Locus 4 mtb MZ RT

4 28 29 54 1,380,594 284.2233 4.248833
15 19 48 54 1,116,529 607.3553 3.428667
28 29 46 54 1,272,586 282.2076 3.878833
28 29 31 46 1,291,919 282.2085 3.959
28 29 46 54 1,592,026 310.2399 5.155334
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the UGT2B7 gene, genomic locus 48 contains regions relating to the ABCC2 gene, and genomic locus
54 contain regions relating to the SLCO genes.
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Figure 5. Genomic regions associated with metabolite 1116529, which is associated with four distinct
loci. (A) Genomic locus 15. (B) Genomic locus 19. (C) Genomic locus 48. (D) Genomic locus 54. In
all panels of the figure, the SNPs associated with the levels of circulating metabolite 1116529 are
represented by points, where purple points refer to the top lead SNP, and other SNPs are represented
by points colored by their r2 value. The r2 value, which represents phenotypic variation, is high in
these regions and reference SNPs that have previously been analyzed. The nearest mapped genes are
shown below each plot.

Even if unidentified, it is still possible to glean some hints of a metabolite’s potential
physiological role(s). The function of these proteins (uptake transporter, efflux transporter,
and glucuronidation enzymes) and their different sites of expression within the liver (apical
plasma membrane, basolateral plasma membrane, and cytosol) and kidney (apical plasma
membrane, cytosol) support the view that these proteins work together to regulate the
levels of metabolite 1116529 along the liver−kidney axis. We also investigated phenotypes
related to the SNPs in these genomic loci from dbSNP and the GWAS catalog and found
that the SNPs associated with this metabolite were linked to disorders of bilirubin excretion,
serum 25-hydroxyvitamin-D levels, and testosterone levels [45,46]. In addition to this
metabolite, there are several other examples of unidentified metabolites associated with
multiple genomic loci. With respect to these, 79 metabolites were linked to three distinct
loci, including 25 unique combinations; 606 metabolites were linked to two distinct loci; and
6636 metabolites were associated with only 1 genomic locus (Supplementary Figure S1).

3.4. Circulating Eicosanoids, Fatty Acids, and Bile Acids Are Impacted by SNPs in 18
Genomic Loci

While all 7326 measured metabolites had a unique metabolite ID, most had not had
their chemical identity confirmed. However, 98 metabolites were identified by name,
including eicosanoids, fatty acids, and several other signaling molecules. Even in this
subset, some metabolites have not been unambiguously identified, but their general class is
known. For example, EIC_45 represents a putative eicosanoid [35]. By limiting our analysis
to the associations involving these identified metabolites, 762 SNP-metabolite associations
were analyzed (Supplementary Table S4). These associations spanned 18 genomic loci, with
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genomic locus 54 being associated with 62 identified metabolites, the most of any genomic
loci surveyed here (Figure 6).
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Figure 6. A total of 762 SNP-metabolite associations with identified metabolites were reported, with
18 unique genomic loci and 98 identified metabolites. Values in the heatmap represent the log of the
p-value of each SNP-metabolite association, with a lower value indicating a stronger relationship
between the genomic locus and the metabolite. For improved visualization, the identity of the
metabolites in the x-axis has been shortened to include only the first 50 characters. The colorbar
showing log-scaled p-values has been adjusted to improve visualization, and the highest values go
beyond -100. The full names for each identified metabolite are present in Supplementary Table S4.

3.5. A Putative Eicosanoid Is Independently Associated with SNPs in Phase I and II Drug
Metabolism and Transporter Genes

As mentioned in previous sections, we were interested in those metabolites that were
associated with multiple genomic loci, as they may be examples of genes involved in
inter-organ or intra-organ communication contributing to the systemic levels of particular
metabolites. The eicosanoid EIC_311 was the only identified metabolite associated with
three unique genomic loci (Genomic loci 41, 54, 72) (Figure 7). These loci contained SNPs
in the CYP3A5, SLCO1B1/SLCO1A2, and SULT2A1 genetic regions, respectively. These
proteins are primarily expressed in the liver and serve critical roles in drug metabolism.
CYP3A5 is a Phase I drug-metabolizing enzyme, SULT2A1 is a Phase II drug-metabolizing
enzyme, and SLCO1B1/SLCO1A2 are drug transporters (Phase III drug handling), suggest-
ing that these genes may have a combined role in regulating this eicosanoid. Some of these
genomic regions have also been linked to blood metabolite levels, urine metabolite levels in
chronic kidney disease, and cholelithiasis/cholecystitis [22,47,48]. In addition to EIC_311,
eight identified metabolites were also associated with two distinct genomic loci (Table 3).
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Figure 7. Several identified metabolites were associated with multiple distinct loci. Genomic loci are
indicated by blue nodes. All green and purple nodes are identified metabolites. For improved
visualization, only those associated with multiple distinct loci are shown in purple and have
their identities shown in the figure. The identities for all the green metabolite nodes are listed
in Supplementary Table S4. Notably, the eicosanoid EIC_311 is associated with 3 distinct genomic
loci, consisting of genomic locus 41 (containing regions relating to the CYP3A genes), genomic locus
54 (containing regions relating to the SLCO genes), and genomic locus 72 (containing regions relating
to the SULT2A1 gene).

Table 3. Eight identified metabolites are associated with two distinct genomic loci. Only one
identified metabolite, an eicosanoid identified as EIC_311, was associated with three distinct loci, but
eight others were associated with two, suggesting a more specific regulation. Some metabolites are
presented twice because their identities are expected to be the same despite minor differences in their
MZ or RT values.

Identity Genomic
Locus 1

Genomic
Locus 2 MZ RT

Eicosanoid_13,14-dihydro-15-keto-tetranor-PGE2
[M-H] 3 32 297.1744 1.816083

Eicosanoid_12-HHTrE [M-H+Acetate] 47 54 339.2178 3.669167
Eicosanoid_12-HHTrE [M-H+Acetate] 47 54 339.2197 3.766292
Putative_N-Oleoyl-L-serine 2 54 368.2847 6.353979
Putative_N-Oleoyl-L-serine 2 54 368.286 6.253
Endocannabinoid_Oleoyl Ethanolamide
[M-H+Acetate] 2 70 384.3096 6.401
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Table 3. Cont.

Identity Genomic
Locus 1

Genomic
Locus 2 MZ RT

Endocannabinoid_Oleoyl Ethanolamide
[M-H+Acetate] 2 70 384.3174 6.479625

Putative_Androstan-3-ol-17-one 3-glucuronide 41 53 465.2491 2.152167
Putative_Androstan-3-ol-17-one 3-glucuronide 41 53 465.2492 2.0535
Putative_Androstan-3-ol-17-one 3-glucuronide 41 53 465.2498 2.2015
Putative_5a-Androstan-3a,17b-diol-17b-
glucuronide 19 53 467.2574 2.035

Putative_5a-Androstan-3a,17b-diol-17b-
glucuronide 19 53 467.2634 1.89625

Putative_Chenodeoxycholic acid
24-acyl-b-D-glucuronide 19 54 567.3177 2.890625

Putative_Chenodeoxycholic acid
24-acyl-b-D-glucuronide 19 54 567.3182 2.76575

Putative_1,3,5(10)-Estratrien-3,17b-diol
diglucosiduronate 41 54 623.3406 2.713333

Putative_1,3,5(10)-Estratrien-3,17b-diol
diglucosiduronate 41 54 623.342 2.58075

Putative_1,3,5(10)-Estratrien-3,17b-diol
diglucosiduronate 41 54 623.3441 2.540667

3.6. Conjugated Sex Steroids Are Strongly Associated with SLC22 Genes

While our main focus was on the potential shared function of genomic loci in regulat-
ing circulating metabolites, the associations between genomic loci and identified metabo-
lites represented potential physiological roles for the implicated genes. The strongest asso-
ciations in our study were between genomic locus 53 and conjugated sex steroids (Figure 8).
This genomic locus contains a cluster of genes in the SLC22 family that are best known for
their role in organic anion transport [49]. Recent functional studies have shown that five
conjugated sex steroids directly interact with SLC22A24 in vitro, as well as in GWAS [50].
Here, we report that four similar metabolites (Putative_5a-Androstan-17b-ol-3-one glu-
cosiduronate, Putative_Androstan-3-ol-17-one 3-glucuronide, Putative_Androstan-3-ol-17-
one 3-glucuronide, and Putative_4-Androsten-17b-ol-3-one glucosiduronate) are associ-
ated with the genomic locus containing regions relating to SLC22A6, SLC22A8, SLC22A9,
SLC22A10, SLC22A24, and SLC22A25. The strongest associations involve Putative_5a-
Androstan-17b-ol-3-one glucosiduronate. The SNPs rs78176967, rs142131421, rs113939203,
and rs113497640, which had log-scaled p-values between −225 and −280, suggesting a
strong functional relationship between one or many of the genes expressed on this locus
and this metabolite.
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Within our subset of surveyed genes were several that are known to be functionally 
related to multiple classes of drugs. For example, CYP3A4 is among the most promiscuous 
of the DMEs with hundreds of drug substrates and dozens of endogenous substrates [51]. 
Among endogenous molecules detected by our metabolomics approach, we found that 
genomic locus 41, which contained CYP3A4, CYP3A5, and others in the CYP3A family, 
was associated with multiple identified metabolites, including bile acids, sex steroids, 
eicosanoids, and prostaglandins. Furthermore, the multispecific SLCO drug transporters 
in genomic locus 54 were associated with 62 metabolites, mainly eicosanoids and fatty 
acids. Genomic locus 70 harbored 16 genes, mainly in the CYP4F family, and was associ-
ated with 15 metabolites, mostly eicosanoids and fatty acids. Although multiple types of 
genes are included in locus 70, such as GPCRs, we expect these associations to be due to 
functional changes in the CYP4F family. The CYP4F family is heavily involved in the me-
tabolism of fatty acids and their derivatives [52]. The fact that many of the associations in 

Figure 8. Genomic locus 53, containing SLC22 genes, is associated with conjugated sex steroid
hormones. (A) The SLC22 genes, SLC22A6, SLC22A8, SLC22A9, SLC22A10, SLC22A24, and SLC22A25
are highly associated with circulating levels of 5a-Androstan-17b-ol-3-one glucosiduronate, 4a-
Androstan-17b-ol-3-one glucosiduronate, Androstan-3-ol-17-one 3-glucuronide, and 5a-Androstan-
3a,17b-diol-17b-glucuronide. The specific associations between SNPs and identified metabolites
are listed in Supplementary Table S4. (B) The chemical structure of 5a-Androstan-17b-ol-3-one
glucosiduronate is shown as a representative example of the metabolites potentially regulated by
these transporter genes. (C) The SNPs shown are associated with the levels of any implicated
metabolites, where purple points refer to the top lead SNP, and other SNPs are represented by points
colored by their r2 value. The r2 value, which represents phenotypic variation, is high in these regions
and reference SNPs that have previously been analyzed. The nearest mapped genes are shown below
each plot. SNPs, which are not in linkage disequilibrium of any significant independent lead SNPs in
the selected region, are colored grey.

3.7. SNPs in Drug Transporter and DME Genes Are Pleiotropic and Linked to Multiple
Identified Metabolites

Within our subset of surveyed genes were several that are known to be functionally
related to multiple classes of drugs. For example, CYP3A4 is among the most promiscuous
of the DMEs with hundreds of drug substrates and dozens of endogenous substrates [51].
Among endogenous molecules detected by our metabolomics approach, we found that
genomic locus 41, which contained CYP3A4, CYP3A5, and others in the CYP3A family,
was associated with multiple identified metabolites, including bile acids, sex steroids,
eicosanoids, and prostaglandins. Furthermore, the multispecific SLCO drug transporters in
genomic locus 54 were associated with 62 metabolites, mainly eicosanoids and fatty acids.
Genomic locus 70 harbored 16 genes, mainly in the CYP4F family, and was associated with
15 metabolites, mostly eicosanoids and fatty acids. Although multiple types of genes are
included in locus 70, such as GPCRs, we expect these associations to be due to functional
changes in the CYP4F family. The CYP4F family is heavily involved in the metabolism of
fatty acids and their derivatives [52]. The fact that many of the associations in this work
have been validated in other studies suggests that the novel associations will prove useful
in determining potential metabolic roles for the implicated genes.
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3.8. Implicated SNPs in Endogenous Metabolism Have Been Reported to Impact Drug Handling

As mentioned, many of the SNPs linked to the metabolites in our study have been
previously associated with the efficacy or toxicity of different drugs. This begets the
question of potential drug−metabolite interactions (DMI). This might also be expected
because many of the aforementioned genes are at the interfaces of the Remote Sensing and
Signaling (protein) Network and the overlapping ADME protein network. Variant−drug
relationships were downloaded from the PharmGKB database and compared to our data
to predict potential DMIs. Ten SNPs were present in both our study and the PharmGKB
database and were associated with at least one drug (Figure 9). The most common SNP
was rs4149056, which is present within the SLCO1B1 region. In addition to being linked
to 50 unique identified metabolites (Supplementary Table S4), this SNP is also associated
with affecting 21 unique drugs, including simvastatin, lopinavir, and doxorubicin. Most
of the SNP-drug pairs associated with SNPs in our study were present in genomic locus
54, which is consistent with its role in the regulation of endogenous metabolites. Indeed,
SLCO1B1/SLCO1A2 are well-known as multispecific drug transporters with a wide array of
both xenobiotic and endogenous substrates [53]. In addition to genomic locus 54, genomic
locus 70 (containing CYP4F genes) had the second most associations, with 14 unique
metabolites and 6 unique drugs. As we discuss below, the use of SNPs linked with both
drug handling and endogenous metabolism is likely to be useful for predicting clinically
relevant drug−metabolite interactions.
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Figure 9. Some SNPs in ADME genes are involved in the regulation of both drugs and endogenous
metabolites. (A) Certain SNPs are associated with levels of multiple identified metabolites in our
study and with several drugs from other independent studies. Rs4149056, an SNP that impacts the
function of SLCO1B1, is the most frequent SNP with respect to metabolites and drugs. (B) rs887829
(UGT1A1) is an example of an SNP that is associated with three different drugs and identified
metabolites that are all related to bilirubin (Supplementary Table S4). The SNP is shown as a pink
node, the drugs are blue nodes, and the identified metabolite IDs are shown as orange nodes.
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4. Discussion

The Remote Sensing and Signaling Theory emphasizes the role of multi-, oligo-, and
monospecific transporters, enzymes, and regulatory proteins in the homeostasis of endoge-
nous metabolites, signaling molecules, antioxidants, and other small molecules with “high
informational content” in bodily fluids and tissues by mediating inter-organ and inter-
organismal (gut microbe-host) communication [11]. These transporters and enzymes lead
to the availability of these metabolites and signaling molecules in specific tissues and body
fluids, often “setting up” the classical signaling events by GPCRs, nuclear receptors, and ki-
nases. Since many of the molecules involved in signaling via cell surface and nuclear recep-
tors are small, polar, bioactive metabolites (e.g., free fatty acids, eicosanoids, bile acids, fatty
acid esters of hydroxy fatty acids), we utilized non-targeted LC-MS methods that specifi-
cally capture these and other physiologically important molecules [34,35]. This approach
also allowed us to explore both known and unknown chemistries of circulating molecules.

Many aspects of Remote Sensing and Signaling Theory are supported in model or-
ganisms, including mice and flies [24,25,27,28,54–56], and are beginning to be supported
in human studies [23,29]. Key to the theory is the development of as comprehensive a
parts list as possible—consisting, for instance, of interacting transporters and enzymes
with their metabolite substrates. One approach to identifying the Remote Sensing and
Signaling (protein) Network has been through the creation and analysis of cross-tissue
co-expression networks of multi-, oligo- and monospecific transporters, enzymes, and
nuclear receptors [11]. This led to a preliminary gut−liver−kidney Remote Sensing and
Signaling (protein) Network involved in endogenous metabolism that included, as hubs,
many well-known SLC and ABC “drug” transporters and DMEs among its ~600 nodes.
Thus, it was not surprising that there was similarity and overlap with a smaller network
that specifically integrated ADME proteins [11]. However, it is important to keep in mind
that the apparent physiological objective of the Remote Sensing and Signaling Network is
the mediation of endogenous small molecule homeostasis, while a large part of what the
ADME network is presumed to mediate is the metabolism and elimination of drugs.

That said, a major goal here was to define the metabolites and signaling molecules
regulated or modulated by multi-, oligo- and monospecific transporters and enzymes
in this Remote Sensing and Signaling Network. However, because of the considerable
overlap in proteins of the Remote Sensing and Signaling Network and the ADME protein
network, it was possible to consider whether drug−metabolite interactions might occur at
the interfaces of the two networks [23].

Determining substrates of transporters or enzymes is typically done with in vitro as-
says or in vivo animal experiments [57]. In silico methods using experimental or predicted
protein structures have also been used to predict potential substrates, most notably for
enzymes [58–60]. Unfortunately, for membrane-bound transporters, there are compara-
tively few crystal structures available, so protein-based predictions are more difficult to
generate [33,61]. GWAS or targeted SNP-association studies in tandem with metabolomics
represent another method for determining potential small molecules that may interact with
proteins in a direct or indirect way and can suggest a physiological role for these proteins
in the modulation of plasma metabolite levels (Figure 1) [62]. Although in vitro or in vivo
experiments are required to confirm the interactions, these results can, as described in this
study, help broaden the list of potential in vivo interactions of endogenous metabolites with
human transporters and drug-metabolizing enzymes. Treating metabolite levels themselves
as phenotypes can provide insight into the endogenous metabolic roles of genes and the
intermediate processes they may participate in [7,9,10,20].

By uncovering the molecular mechanisms of these proteins in physiological processes,
we can improve our understanding of the roles of the hundreds of genes conventionally
associated with drug ADME (absorption, distribution, metabolism, elimination), as well as
others involved in broader aspects of small molecule homeostasis. We argue their role in
endogenous small molecule homeostasis is their major role in humans and other organ-
isms [49,55], but because of the tremendous pharmaceutical and toxicological relevance
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of these genes, their role in endogenous physiology has largely been neglected. Here, we
identified 77 genomic loci containing 284 unique genes (Figure 2) that were associated
with the circulating levels of at least one endogenous, polar, bioactive molecule of the kind
known to bind signaling receptors on the cell surface and in the nucleus.

Many of the surveyed genes are known to play a major role in drug metabolism and
work together along the gut−liver−kidney axis (Figure 3) [56,63,64]. Typically, drugs
are absorbed and enter the bloodstream via intestinal transporters. They then enter the
liver through hepatic transporters, where the majority of enzymatic drug metabolism
occurs. The modified compounds are then cleared or re-introduced to the bloodstream by
efflux transporters. If the modified compounds re-enter the bloodstream, they are taken
up, metabolized by DMEs in the kidney, and ultimately cleared into the urine by renal
transporters or re-introduced into the bloodstream. The same occurs for many small polar
metabolites, signaling molecules, antioxidants, nutrients, natural products, gut microbe-
derived metabolites, and vitamins. Thus, the remote communication between proteins
expressed across these and other organs via small molecules is crucial to the regulation of
endogenous metabolism and crosstalk along organ axes or organ systems, as is evident in
bile acid and urate homeostasis [15,65]. Defective inter-organ communication involving
metabolite transporters, as in the case of OCTN2, also considered a drug transporter, can
lead to potentially lethal diseases such as Systemic Carnitine Deficiency [66].

While mainly studied for their roles in the ADME of drugs, here we show a number
of examples of many of the same ADME proteins jointly contributing to the regulation of
a single endogenous metabolite or multiple metabolites. As we have shown, this could
involve as many as four transporters and/or enzymes (Figures 4 and 5, Table 1) of the Re-
mote Sensing and Signaling Network potentially overlapping with drug-handling proteins
in the ADME network regulating a single metabolite. For example, among unidentified,
unique metabolites, five metabolites were associated with four distinct loci. In addition,
there were 79 metabolites associated with 3 distinct loci, including 25 distinct combina-
tions of loci. Although most of these metabolites have yet to be fully defined in terms of
chemical identity, the loci that influence their circulating levels include multi-, oligo-, and
monospecific transporters and enzymes, including well-known drug-handling proteins.
For instance, among the identified metabolites, the eicosanoid EIC_311 was associated with
SNPs in or relating to the SLCO1B1, CYP3A5, and SULT2A1 genes, which are, respectively,
a Food and Drug Administration (FDA) highlighted transporter, a Phase I DME and a
Phase II DME, all on separate chromosomes (Figure 7). These genes are heavily involved in
ADME and implicated in remote sensing and signaling via co-expression analysis and/or
in vitro interactions with drugs and metabolites [11]. Understanding the full extent of the
role of these genes can also help better understand drug−metabolite interactions (DMIs).
DMIs are often ignored in reference to drug side effects and adverse drug reactions, which
can potentially be mitigated through better dosing of drugs, so as to not overly perturb the
Remote Sensing and Signaling Network involved in small molecule homeostasis across
cells, tissues, organs, and organ systems.

While most of the SNP-metabolite associations involved unidentified metabolites, the
98 identified metabolites and their associations with specific SNPs include well-known
physiological protein−metabolite interactions (Figure 6). For example, the UGT1A locus,
which encodes multispecific enzymes involved in Phase II drug metabolism, is also known
to modify bilirubin and mutated in human Gilbert’s Syndrome, and that interaction is
reflected in our results [67]. Likewise, SLC22A9/10/24/25, which appears to be relatively
monospecific or oligospecific in one of the SLC22 transporter subgroups [49], was associated
with conjugated sex steroids (Figure 8). The role of SLC22A24 in human steroid metabolism
and disease has been previously reported [50]. The CYP3A, CYP4F, and CYP2C genes,
including multispecific and oligospecific enzymes, are known to generate and degrade
signaling eicosanoids and fatty acids, which is reflected in our results here [68–71]. The
multispecific hepatic “drug” transporter OATP1B1 (SLCO1B1), associated with statin
myopathy [72], also had several associations with a wide array of small molecules, including
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eicosanoids, bile acid conjugates, and fatty acids, which is consistent with its known
function [73]. FAAH, an enzyme that might be considered oligospecific, is known to
modulate the levels of endocannabinoids in tissues, and in this study, we show it also
influences the levels of endocannabinoids in plasma [74].

These existing relationships suggest that many unexplored associations between
SNPs and identified metabolites may be of great physiological and clinical importance.
Among the unexplored relationships with no existing literature to date are those be-
tween steroid 5-alpha reductase 2 (SRD5A2) and xanthine dehydrogenase (XDH) with
Allo_Tetrayhydrocortisol in genomic locus 11, the SLC17 family (transporters of phosphate
and other organic anions) with acetyltryptophan in genomic locus 32, and several others.
Although we are able to associate a gene family with a class of metabolites, more in-depth
studies would be required to confirm the mechanistic relationship between these proteins
and metabolites, as well as their joint role in regulating certain metabolic pathways. The
identification of the very large number of unnamed metabolites will also allow the design
of more functional assays to better define the metabolic role of drug transporters and DMEs
and their potential role in DMIs.

The SNPs in genes that are not known to be functionally related to the ADME of drugs
or the handling of endogenous metabolites indicate that certain SNPs can indirectly impact
the levels of plasma metabolites independent of transport and enzymatic activity. Of the
three genomic loci (8, 49, and 56) that do not contain any transporters or enzymes, each
has a different potential mechanism for regulating the levels of circulating compounds.
The polycystic kidney disease 2-like 1 (PKD2L1) gene in genomic locus 49 was linked to 91
metabolites, including 3 named eicosanoids. This gene codes for a calcium channel that
is involved in signaling, development, and taste, yet, its direct association with any polar
bioactive molecules has yet to be reported [75]. It is expressed in numerous tissues, and the
relatively large number of unique metabolites it is associated with suggests that general
calcium signaling can have important consequences on the plasma metabolome. Genomic
locus 56 contained HNF1A (hepatocyte nuclear factor 1 alpha), a nuclear receptor activated
by signaling ligands, HNF1A-AS1, and C12orf43. The open reading frame gene is understud-
ied, but HNF1A and HNF1A-AS1 play roles in transcriptional regulation. Indeed, HNF1A
regulates many ADME-related genes in metabolically active organs and thus can impact
circulating metabolite levels (amino acids, bicarbonate, sugars) [76,77]. Genomic locus 8
contains NOS1AP, a gene that binds to NOS1 for signaling purposes [78]. We examined
SNPs in the NOS1 gene but found no significant metabolite associations. This suggests that
NOS1AP, perhaps through the regulation of NOS1-mediated signaling, can modulate more
complex interactions that ultimately lead to altered levels of plasma metabolites.

The field of pharmacogenomics is expected to play a major role in personalized
medicine in the future, as drug administration and dosage can be more appropriately
determined with knowledge of a patient’s genome [79,80]. Many drugs are taken up into
the liver by drug transporters (e.g., SLCO family) and then metabolized by Phase I and
Phase II DMEs before being eliminated through drug transporter-mediated mechanisms,
such as members of the SLC22 family in the kidney. It is important, however, to understand
the potential metabolic dysregulations that can stem from existing drugs and entities in the
drug development pipeline.

Drug targets differ depending on the intended function, but the proteins involved in
the ADME processes overlap greatly with those regulating key processes in endogenous
physiology (e.g., bilirubin metabolism, eicosanoids, bioenergetics). Indeed, the Remote
Sensing and Signaling Theory argues that drugs often “hijack” endogenous pathways
involved in remote organ communication and gut microbe-host communication. Thus,
common adverse drug reactions, drug side effects, and drug-induced metabolic diseases
may be caused by the competition between drugs and metabolites at the level of so-called
drug transporters and drug metabolizing enzymes involved in key biochemical pathways.
By comparing the previously determined role of SNPs via the PharmGKB database, we
related our analysis to potential drug-metabolite interactions. For example, the rs4149056
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SNP in the SLCO1B1 gene affects drug response, as well as several bioactive molecules.
If a patient has this SNP, treatment with a drug impacted by this SNP may exacerbate
the metabolic consequences. Within our dataset, we identified 10 SNPs with evidence of
potential drug−metabolite interactions (Figure 9). As knowledge of the role of ADME
genes in endogenous metabolic processes increases, more will likely be identified.

It is worth emphasizing again that the untargeted metabolomics approach used here
focused on small, polar, bioactive metabolites, both identified and unidentified, likely to
interact with GPCRs, nuclear receptors, and other signaling proteins—and that they were
significantly associated with SNPs in multiple distinct genomic loci. We have also presented
Remote Sensing and Signaling Theory as a framework for understanding communication
between organs through the regulated expression and function of multispecific, oligospe-
cific, and (relatively) monospecific proteins, such as drug transporters, drug-metabolizing
enzymes, and their relatives [11,81,82]. The broad substrate specificity of “drug” trans-
porters and “drug” metabolizing enzymes mainly refers to pharmaceutical products—often
with very different structures and mechanisms of action, but this multi-specificity likely also
applies to endogenous metabolites, as is clear with the organic anion transporters (OATs),
SLC22A6 and SLC22A8 [19]. It is useful to note here that oligospecific and monospecific
close relatives of the well-known drug transporters (OATs and organic cation transporters
(OCTs)) are strongly implicated in the handling of metabolites like urate (SLC22A12) and
carnitine (SLC22A5, SLC22A15/16). This fact emphasizes a main concept in the Remote
Sensing and Signaling Theory—that multi-, oligo-, and monospecific transporters and
enzymes work within and between organs to optimize endogenous metabolism in cells,
tissues, organs, and multi-organ systems [18,19,83].

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/metabo13020171/s1, Supplementary Figure S1: Five unique
metabolites were associated with 4 unique loci, 79 unique metabolites were associated with 3 unique
loci, 606 unique metabolites were associated with 2 unique loci, and 6636 metabolites were asso-
ciated with one locus. Supplementary Table S1: Original list of genes selected for targeted SNP
associations. These genes include transporters, enzymes, and related proteins that are known to
handle small molecules or related to proteins that do. Supplementary Table S2: Genomic locus and
gene assignments that the detected SNPs associated with circulating metabolites map to. Genes
are listed by their HUGO gene nomenclature committee (hgnc) symbols. ENSEMBL gene IDs are
also listed in a separate column. The start and end position of each gene on the chromosome is
listed. All positions come from the GRCh37 build. Supplementary Table S3: All unique statistically
significant SNP-metabolite associations detected are listed. Snp: Single nucleotide polymorphism.
Snp_cpra: Single nucleotide polymorphism with chromosome position and reference and alternate
alleles. mtb: Metabolite id. MZ: Mass to charge ratio. RT: Retention time. chr: Chromosome. pos:
Position. ref: Reference allele. alt: Alternative allele. pvalue: p-value indicating statistical strength of
association between SNP and metabolite. beta: Beta coefficient for fit. se: Standard error. alt_freq:
Alternative frequency. Supplementary Table S4: All unique statistically significant SNP-metabolite
associations involving identified metabolites. Identity: Putative endogenous metabolite with the
unique combination of MZ and RT. Genomic Locus: Assigned genomic locus listed in Supplementary
Table S2. Snp: Single nucleotide polymorphism. Snp_cpra: Single nucleotide polymorphism with
chromosome position and reference and alternate alleles. mtb: Metabolite id. MZ: Mass to charge
ratio. RT: Retention time. chr: Chromosome. pos: Position. ref: Reference allele. alt: Alternative allele.
pvalue: p-value indicating statistical strength of association between SNP and metabolite. LogP:
Logarithmic value of p-value. beta: Beta coefficient for fit. se: Standard error. alt_freq: Alternative
frequency. Mass_error: Error bars for accuracy of mass to charge ratio. RT_error: Error bars for
accuracy of retention time. SMILES (if available): For each entry in identity, the isomeric SMILES
sequence is listed. For metabolites with unknown identity (e.g., EIC_311), NA is listed.

Author Contributions: Conceptualization, S.K.N.; Data curation, J.D.W. and T.L.; Formal analysis,
J.C.G.; Funding acquisition, S.K.N.; Methodology, J.D.W., T.L. and S.C.; Project administration, S.C.
and M.J.; Resources, M.J. and S.K.N.; Supervision, M.J. and S.K.N.; Visualization, J.C.G.; Writing—

https://www.mdpi.com/article/10.3390/metabo13020171/s1
https://www.mdpi.com/article/10.3390/metabo13020171/s1


Metabolites 2023, 13, 171 21 of 24

original draft, J.C.G.; Writing—review & editing, J.C.G., S.B.R., M.J. and S.K.N. All authors have read
and agreed to the published version of the manuscript.

Funding: This research was funded by the National Institutes of General Medical Sciences of the
National Institutes of Health, grant number R01GM132938 awarded to S.K.N. and J.C.G, and the
National Institute of Diabetes, Digestive, and Kidney Diseases of the National Institutes of Health,
grant number R01DK109392 awarded to S.K.N.

Institutional Review Board Statement: The study was conducted according to the guidelines of the
Declaration of Helsinki and approved by the Institutional Review of boards at Boston University
Medical Center and the University of California San Diego (Protocol 2015P001069).

Informed Consent Statement: Participants gave informed consent to participate in the study before
taking part.

Data Availability Statement: The data presented in this study are available in Supplementary
Materials.

Acknowledgments: The authors would like to thank Sapient. Some figures were generated using
Biorender.

Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in the design
of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript; or
in the decision to publish the results.

References
1. Visscher, P.M.; Wray, N.R.; Zhang, Q.; Sklar, P.; McCarthy, M.I.; Brown, M.A.; Yang, J. 10 Years of GWAS Discovery: Biology,

Function, and Translation. Am. J. Hum. Genet. 2017, 101, 5–22. [CrossRef] [PubMed]
2. Kooperberg, C.; LeBlanc, M.; Obenchain, V. Risk Prediction Using Genome-Wide Association Studies. Genet. Epidemiol. 2010, 34,

643–652. [CrossRef] [PubMed]
3. Tam, V.; Patel, N.; Turcotte, M.; Bosse, Y.; Pare, G.; Meyre, D. Benefits and limitations of genome-wide association studies. Nat.

Rev. Genet. 2019, 20, 467–484. [CrossRef]
4. Breen, G.; Li, Q.; Roth, B.L.; O’Donnell, P.; Didriksen, M.; Dolmetsch, R.; O’Reilly, P.F.; Gaspar, H.A.; Manji, H.; Huebel, C.; et al.

Translating genome-wide association findings into new therapeutics for psychiatry. Nat. Neurosci. 2016, 19, 1392–1396. [CrossRef]
5. van der Sijde, M.R.; Ng, A.; Fu, J.Y. Systems genetics: From GWAS to disease pathways. Bba-Mol. Basis. Dis. 2014, 1842, 1903–1909.

[CrossRef] [PubMed]
6. Rhee, E.P.; Ho, J.E.; Chen, M.H.; Shen, D.X.; Cheng, S.; Larson, M.G.; Ghorbani, A.; Shi, X.; Helenius, I.T.; O’Donnell, C.J.; et al.

A Genome-wide Association Study of the Human Metabolome in a Community-Based Cohort. Cell Metab. 2013, 18, 130–143.
[CrossRef]

7. Suhre, K.; Arnold, M.; Bhagwat, A.M.; Cotton, R.J.; Engelke, R.; Raffler, J.; Sarwath, H.; Thareja, G.; Wahl, A.; DeLisle, R.K.;
et al. Connecting genetic risk to disease end points through the human blood plasma proteome. Nat. Commun. 2017, 8, 14357.
[CrossRef]

8. Raffler, J.; Friedrich, N.; Arnold, M.; Kacprowski, T.; Rueedi, R.; Altmaier, E.; Bergmann, S.; Budde, K.; Gieger, C.; Homuth, G.;
et al. Genome-Wide Association Study with Targeted and Non-targeted NMR Metabolomics Identifies 15 Novel Loci of Urinary
Human Metabolic Individuality. PLoS Genet. 2015, 11, e1005487. [CrossRef]

9. Shin, S.Y.; Fauman, E.B.; Petersen, A.K.; Krumsiek, J.; Santos, R.; Huang, J.; Arnold, M.; Erte, I.; Forgetta, V.; Yang, T.P.; et al. An
atlas of genetic influences on human blood metabolites. Nat. Genet. 2014, 46, 543–550. [CrossRef]

10. Suhre, K.; Shin, S.Y.; Petersen, A.K.; Mohney, R.P.; Meredith, D.; Wagele, B.; Altmaier, E.; Deloukas, P.; Erdmann, J.; Grundberg, E.;
et al. Human metabolic individuality in biomedical and pharmaceutical research. Nature 2011, 477, 54-U60. [CrossRef]

11. Rosenthal, S.B.; Bush, K.T.; Nigam, S.K. A Network of SLC and ABC Transporter and DME Genes Involved in Remote Sensing
and Signaling in the Gut-Liver-Kidney Axis. Sci. Rep. 2019, 9, 11879. [CrossRef] [PubMed]

12. Shi, S.J.; Li, Y.Q. Interplay of Drug-Metabolizing Enzymes and Transporters in Drug Absorption and Disposition. Curr. Drug
Metab. 2014, 15, 915–941. [CrossRef] [PubMed]

13. Nigam, S.K.; Bush, K.T.; Martovetsky, G.; Ahn, S.Y.; Liu, H.C.; Richard, E.; Bhatnagar, V.; Wu, W. The organic anion transporter
(OAT) family: A systems biology perspective. Physiol. Rev. 2015, 95, 83–123. [CrossRef] [PubMed]

14. Yee, S.W.; Giacomini, K.M. Emerging Roles of the Human Solute Carrier 22 Family. Drug Metab. Dispos. 2021, 50, 1193–1210.
[CrossRef] [PubMed]

15. Nigam, S.K.; Granados, J.C. OAT, OATP, and MRP Drug Transporters and the Remote Sensing and Signaling Theory. Annu. Rev.
Pharmacol. Toxicol. 2022, 63. [CrossRef]

16. Li, J.; Bluth, M.H. Pharmacogenomics of drug metabolizing enzymes and transporters: Implications for cancer therapy. Pharmaco-
gen. Pers. Med. 2011, 4, 11–33. [CrossRef]

http://doi.org/10.1016/j.ajhg.2017.06.005
http://www.ncbi.nlm.nih.gov/pubmed/28686856
http://doi.org/10.1002/gepi.20509
http://www.ncbi.nlm.nih.gov/pubmed/20842684
http://doi.org/10.1038/s41576-019-0127-1
http://doi.org/10.1038/nn.4411
http://doi.org/10.1016/j.bbadis.2014.04.025
http://www.ncbi.nlm.nih.gov/pubmed/24798234
http://doi.org/10.1016/j.cmet.2013.06.013
http://doi.org/10.1038/ncomms14357
http://doi.org/10.1371/journal.pgen.1005487
http://doi.org/10.1038/ng.2982
http://doi.org/10.1038/nature10354
http://doi.org/10.1038/s41598-019-47798-x
http://www.ncbi.nlm.nih.gov/pubmed/31417100
http://doi.org/10.2174/1389200216666150401110610
http://www.ncbi.nlm.nih.gov/pubmed/25828591
http://doi.org/10.1152/physrev.00025.2013
http://www.ncbi.nlm.nih.gov/pubmed/25540139
http://doi.org/10.1124/dmd.121.000702
http://www.ncbi.nlm.nih.gov/pubmed/34921098
http://doi.org/10.1146/annurev-pharmtox-030322-084058
http://doi.org/10.2147/Pgpm.S18861


Metabolites 2023, 13, 171 22 of 24

17. Ahmed, S.; Zhou, Z.; Zhou, J.; Chen, S.Q. Pharmacogenomics of Drug Metabolizing Enzymes and Transporters: Relevance to
Precision Medicine. Genom. Proteom. Bioinform. 2016, 14, 298–313. [CrossRef]

18. Nigam, S.K.; Granados, J.C. A Biological Basis for Pharmacokinetics: The Remote Sensing and Signaling Theory. Clin. Pharmacol.
Ther. 2022, 112, 456–460. [CrossRef]

19. Nigam, S.K. What do drug transporters really do? Nat. Rev. Drug Discov. 2015, 14, 29–44. [CrossRef]
20. Smith, C.J.; Sinnott-Armstrong, N.; Cichonska, A.; Julkunen, H.; Fauman, E.B.; Wurtz, P.; Pritchard, J.K. Integrative analysis of

metabolite GWAS illuminates the molecular basis of pleiotropy and genetic correlation. Elife 2022, 11, e79348. [CrossRef]
21. Yin, X.; Chan, L.S.; Bose, D.; Jackson, A.U.; VandeHaar, P.; Locke, A.E.; Fuchsberger, C.; Stringham, H.M.; Welch, R.; Yu, K.; et al.

Genome-wide association studies of metabolites in Finnish men identify disease-relevant loci. Nat. Commun. 2022, 13, 1644.
[CrossRef] [PubMed]

22. Schlosser, P.; Li, Y.; Sekula, P.; Raffler, J.; Grundner-Culemann, F.; Pietzner, M.; Cheng, Y.; Wuttke, M.; Steinbrenner, I.; Schultheiss,
U.T.; et al. Genetic studies of urinary metabolites illuminate mechanisms of detoxification and excretion in humans. Nat. Genet.
2020, 52, 167–176. [CrossRef] [PubMed]

23. Granados, J.C.; Bhatnagar, V.; Nigam, S.K. Blockade of organic anion transport in humans after treatment with the drug probenecid
leads to major metabolic alterations in plasma and urine. Clin. Pharmacol. Ther. 2022, 112, 653–664. [CrossRef] [PubMed]

24. Granados, J.C.; Nigam, A.K.; Bush, K.T.; Jamshidi, N.; Nigam, S.K. A key role for the transporter OAT1 in systemic lipid
metabolism. J. Biol. Chem. 2021, 100603. [CrossRef]

25. Granados, J.C.; Richelle, A.; Gutierrez, J.M.; Zhang, P.; Zhang, X.; Bhatnagar, V.; Lewis, N.E.; Nigam, S.K. Coordinate regulation of
systemic and kidney tryptophan metabolism by the drug transporters OAT1 and OAT3. J. Biol. Chem. 2021, 100575. [CrossRef]

26. Liu, H.C.; Jamshidi, N.; Chen, Y.C.; Eraly, S.A.; Cho, S.Y.; Bhatnagar, V.; Wu, W.; Bush, K.T.; Abagyan, R.; Palsson, B.O.; et al. An
Organic Anion Transporter 1 (OAT1)-centered Metabolic Network. J. Biol. Chem. 2016, 291, 19474–19486. [CrossRef]

27. Ahn, S.Y.; Jamshidi, N.; Mo, M.L.; Wu, W.; Eraly, S.A.; Dnyanmote, A.; Bush, K.T.; Gallegos, T.F.; Sweet, D.H.; Palsson, B.O.; et al.
Linkage of Organic Anion Transporter-1 to Metabolic Pathways through Integrated “Omics”-driven Network and Functional
Analysis. J. Biol. Chem. 2011, 286, 31522–31531. [CrossRef]

28. Jansen, J.; Jansen, K.; Neven, E.; Poesen, R.; Othman, A.; van Mil, A.; Sluijter, J.; Sastre Torano, J.; Zaal, E.A.; Berkers, C.R.; et al.
Remote sensing and signaling in kidney proximal tubules stimulates gut microbiome-derived organic anion secretion. Proc. Natl.
Acad. Sci. USA 2019, 116, 16105–16110. [CrossRef]

29. Bhatnagar, V.; Richard, E.L.; Wu, W.; Nievergelt, C.M.; Lipkowitz, M.S.; Jeff, J.; Maihofer, A.X.; Nigam, S.K. Analysis of ABCG2
and other urate transporters in uric acid homeostasis in chronic kidney disease: Potential role of remote sensing and signaling.
Clin. Kidney J. 2016, 9, 444–453. [CrossRef]

30. Sever, R.; Glass, C.K. Signaling by Nuclear Receptors. Csh. Perspect. Biol. 2013, 5, a016709. [CrossRef]
31. Lowenstein, J.; Nigam, S.K. Uremic Toxins in Organ Crosstalk. Front. Med. 2021, 8, 592602. [CrossRef] [PubMed]
32. Nigam, S.K.; Bush, K.T.; Bhatnagar, V.; Poloyac, S.M.; Momper, J.D. The Systems Biology of Drug Metabolizing Enzymes and

Transporters: Relevance to Quantitative Systems Pharmacology. Clin. Pharmacol. Ther. 2020, 108, 40–53. [CrossRef] [PubMed]
33. Schlessinger, A.; Welch, M.A.; van Vlijmen, H.; Korzekwa, K.; Swaan, P.W.; Matsson, P. Molecular Modeling of Drug-Transporter

Interactions-An International Transporter Consortium Perspective. Clin. Pharmacol. Ther. 2018, 104, 818–835. [CrossRef]
34. Lagerborg, K.A.; Watrous, J.D.; Cheng, S.; Jain, M. High-Throughput Measure of Bioactive Lipids Using Non-targeted Mass

Spectrometry. Methods Mol. Biol. 2019, 1862, 17–35. [CrossRef] [PubMed]
35. Watrous, J.D.; Niiranen, T.J.; Lagerborg, K.A.; Henglin, M.; Xu, Y.J.; Rong, J.; Sharma, S.; Vasan, R.S.; Larson, M.G.; Armando, A.;

et al. Directed Non-targeted Mass Spectrometry and Chemical Networking for Discovery of Eicosanoids and Related Oxylipins.
Cell Chem. Biol. 2019, 26, 433–442.e434. [CrossRef]

36. Tsao, C.W.; Vasan, R.S. Cohort Profile: The Framingham Heart Study (FHS): Overview of milestones in cardiovascular epidemiol-
ogy. Int. J. Epidemiol. 2015, 44, 1800–1813. [CrossRef]

37. Cingolani, P.; Platts, A.; Wang le, L.; Coon, M.; Nguyen, T.; Wang, L.; Land, S.J.; Lu, X.; Ruden, D.M. A program for annotating
and predicting the effects of single nucleotide polymorphisms, SnpEff: SNPs in the genome of Drosophila melanogaster strain
w1118; iso-2; iso-3. Fly 2012, 6, 80–92. [CrossRef]

38. Loh, P.R.; Tucker, G.; Bulik-Sullivan, B.K.; Vilhjalmsson, B.J.; Finucane, H.K.; Salem, R.M.; Chasman, D.I.; Ridker, P.M.; Neale,
B.M.; Berger, B.; et al. Efficient Bayesian mixed-model analysis increases association power in large cohorts. Nat. Genet. 2015, 47,
284–290. [CrossRef]

39. Watanabe, K.; Taskesen, E.; van Bochoven, A.; Posthuma, D. Fuma: Functional Mapping and Annotation of Genetic Associations.
European Neuropsychopharmacol. 2019, 29, S789–S790. [CrossRef]

40. Khramtsova, E.A.; Stranger, B.E. Assocplots: A Python package for static and interactive visualization of multiple-group GWAS
results. Bioinformatics 2017, 33, 432–434. [CrossRef]

41. Jain, A.; Tuteja, G. TissueEnrich: Tissue-specific gene enrichment analysis. Bioinformatics 2019, 35, 1966–1967. [CrossRef] [PubMed]
42. Whirl-Carrillo, M.; McDonagh, E.M.; Hebert, J.M.; Gong, L.; Sangkuhl, K.; Thorn, C.F.; Altman, R.B.; Klein, T.E. Pharmacogenomics

Knowledge for Personalized Medicine. Clin. Pharmacol. Ther. 2012, 92, 414–417. [CrossRef]
43. Sladek, F.M. What are nuclear receptor ligands? Mol. Cell Endocrinol. 2011, 334, 3–13. [CrossRef]
44. Wacker, D.; Stevens, R.C.; Roth, B.L. How Ligands Illuminate GPCR Molecular Pharmacology. Cell 2017, 170, 414–427. [CrossRef]

[PubMed]

http://doi.org/10.1016/j.gpb.2016.03.008
http://doi.org/10.1002/cpt.2634
http://doi.org/10.1038/nrd4461
http://doi.org/10.7554/eLife.79348
http://doi.org/10.1038/s41467-022-29143-5
http://www.ncbi.nlm.nih.gov/pubmed/35347128
http://doi.org/10.1038/s41588-019-0567-8
http://www.ncbi.nlm.nih.gov/pubmed/31959995
http://doi.org/10.1002/cpt.2630
http://www.ncbi.nlm.nih.gov/pubmed/35490380
http://doi.org/10.1016/j.jbc.2021.100603
http://doi.org/10.1016/j.jbc.2021.100575
http://doi.org/10.1074/jbc.M116.745216
http://doi.org/10.1074/jbc.M111.272534
http://doi.org/10.1073/pnas.1821809116
http://doi.org/10.1093/ckj/sfw010
http://doi.org/10.1101/cshperspect.a016709
http://doi.org/10.3389/fmed.2021.592602
http://www.ncbi.nlm.nih.gov/pubmed/33937275
http://doi.org/10.1002/cpt.1818
http://www.ncbi.nlm.nih.gov/pubmed/32119114
http://doi.org/10.1002/cpt.1174
http://doi.org/10.1007/978-1-4939-8769-6_2
http://www.ncbi.nlm.nih.gov/pubmed/30315457
http://doi.org/10.1016/j.chembiol.2018.11.015
http://doi.org/10.1093/ije/dyv337
http://doi.org/10.4161/fly.19695
http://doi.org/10.1038/ng.3190
http://doi.org/10.1016/j.euroneuro.2017.08.018
http://doi.org/10.1093/bioinformatics/btw641
http://doi.org/10.1093/bioinformatics/bty890
http://www.ncbi.nlm.nih.gov/pubmed/30346488
http://doi.org/10.1038/clpt.2012.96
http://doi.org/10.1016/j.mce.2010.06.018
http://doi.org/10.1016/j.cell.2017.07.009
http://www.ncbi.nlm.nih.gov/pubmed/28753422


Metabolites 2023, 13, 171 23 of 24

45. Buniello, A.; MacArthur, J.A.L.; Cerezo, M.; Harris, L.W.; Hayhurst, J.; Malangone, C.; McMahon, A.; Morales, J.; Mountjoy, E.;
Sollis, E.; et al. The NHGRI-EBI GWAS Catalog of published genome-wide association studies, targeted arrays and summary
statistics 2019. Nucleic Acids Res. 2019, 47, D1005–D1012. [CrossRef] [PubMed]

46. Sherry, S.T.; Ward, M.H.; Kholodov, M.; Baker, J.; Phan, L.; Smigielski, E.M.; Sirotkin, K. dbSNP: The NCBI database of genetic
variation. Nucleic Acids Res. 2001, 29, 308–311. [CrossRef]

47. Joshi, A.D.; Andersson, C.; Buch, S.; Stender, S.; Noordam, R.; Weng, L.C.; Weeke, P.E.; Auer, P.L.; Boehm, B.; Chen, C.; et al. Four
Susceptibility Loci for Gallstone Disease Identified in a Meta-analysis of Genome-Wide Association Studies. Gastroenterology 2016,
151, 351–363.e328. [CrossRef]

48. Yee, S.W.; Giacomini, M.M.; Hsueh, C.H.; Weitz, D.; Liang, X.; Goswami, S.; Kinchen, J.M.; Coelho, A.; Zur, A.A.; Mertsch, K.; et al.
Metabolomic and Genome-wide Association Studies Reveal Potential Endogenous Biomarkers for OATP1B1. Clin. Pharmacol.
Ther. 2016, 100, 524–536. [CrossRef]

49. Engelhart, D.C.; Granados, J.C.; Shi, D.; Saier Jr, M.H., Jr.; Baker, M.E.; Abagyan, R.; Nigam, S.K. Systems Biology Analysis
Reveals Eight SLC22 Transporter Subgroups, Including OATs, OCTs, and OCTNs. Int. J. Mol. Sci. 2020, 21, 1791. [CrossRef]

50. Yee, S.; Stecula, A.; Chien, H.; Zou, L.; Feofanova, E.; van Borselen, M.; Artegoitia, V.; Newman, J.; Cheung, K.; Yousri, N.; et al.
Unraveling the Functional Role of Orphan Transporter Slc22a24 as an Anion Transporter Selective for Steroid Conjugates. Clin.
Pharmacol. Ther. 2020, 107, S118.

51. Galetin, A.; Ito, K.; Hallifax, D.; Houston, J.B. CYP3A4 substrate selection and substitution in the prediction of potential drug-drug
interactions. J. Pharmacol. Exp. Ther. 2005, 314, 180–190. [CrossRef] [PubMed]

52. Kalsotra, A.; Strobel, H.W. Cytochrome P4504F subfamily: At the crossroads of eicosanoid and drug metabolism. Pharmacol.
Therapeut. 2006, 112, 589–611. [CrossRef]

53. Roth, M.; Obaidat, A.; Hagenbuch, B. OATPs, OATs and OCTs: The organic anion and cation transporters of the SLCO and
SLC22A gene superfamilies. Br. J. Pharmacol. 2012, 165, 1260–1287. [CrossRef] [PubMed]

54. Zhang, P.; Azad, P.; Engelhart, D.C.; Haddad, G.G.; Nigam, S.K. SLC22 Transporters in the Fly Renal System Regulate Response
to Oxidative Stress In Vivo. Int. J. Mol. Sci. 2021, 22, 13407. [CrossRef] [PubMed]

55. Engelhart, D.C.; Azad, P.; Ali, S.; Granados, J.C.; Haddad, G.G.; Nigam, S.K. Drosophila SLC22 Orthologs Related to OATs, OCTs,
and OCTNs Regulate Development and Responsiveness to Oxidative Stress. Int. J. Mol. Sci. 2020, 21, 2002. [CrossRef]

56. Bush, K.T.; Wu, W.; Lun, C.; Nigam, S.K. The drug transporter OAT3 (SLC22A8) and endogenous metabolite communication via
the gut-liver-kidney axis. J. Biol. Chem. 2017, 292, 15789–15803. [CrossRef]

57. Volpe, D.A.; Balimane, P.V. Application of in vitro CYP and transporter assays to predict clinical drug-drug interactions. Bioanalysis
2018, 10, 619–623. [CrossRef]

58. Demel, M.A.; Schwaha, R.; Kramer, O.; Ettmayer, P.; Haaksma, E.E.; Ecker, G.F. In silico prediction of substrate properties for
ABC-multidrug transporters. Expert Opin. Drug Metab. Toxicol. 2008, 4, 1167–1180. [CrossRef]

59. Hohne, M.; Schatzle, S.; Jochens, H.; Robins, K.; Bornscheuer, U.T. Rational assignment of key motifs for function guides in silico
enzyme identification. Nat. Chem. Biol. 2010, 6, 807–813. [CrossRef]

60. Yu, M.S.; Lee, H.M.; Park, A.; Park, C.; Ceong, H.; Rhee, K.H.; Na, D. In silico prediction of potential chemical reactions mediated
by human enzymes. BMC Bioinform. 2018, 19, 207. [CrossRef]

61. Guo, Y.Z. Be Cautious with Crystal Structures of Membrane Proteins or Complexes Prepared in Detergents. Crystals 2020, 10, 86.
[CrossRef] [PubMed]

62. Cano-Gamez, E.; Trynka, G. From GWAS to Function: Using Functional Genomics to Identify the Mechanisms Underlying
Complex Diseases. Front. Genet. 2020, 11, 424. [CrossRef] [PubMed]

63. Raj, D.; Tomar, B.; Lahiri, A.; Mulay, S.R. The gut-liver-kidney axis: Novel regulator of fatty liver associated chronic kidney
disease. Pharmacol. Res. 2020, 152, 104617. [CrossRef] [PubMed]

64. Schwenk, M. Drug transport in intestine, liver and kidney. Arch. Toxicol. 1987, 60, 37–42. [CrossRef]
65. Nigam, S.K.; Bhatnagar, V. The systems biology of uric acid transporters: The role of remote sensing and signaling. Curr. Opin.

Neph. Hypertens 2018, 27, 305–313. [CrossRef]
66. Pochini, L.; Galluccio, M.; Scalise, M.; Console, L.; Indiveri, C. OCTN: A Small Transporter Subfamily with Great Relevance to

Human Pathophysiology, Drug Discovery, and Diagnostics. SLAS Discov. 2019, 24, 89–110. [CrossRef]
67. Bosma, P.J.; Seppen, J.; Goldhoorn, B.; Bakker, C.; Elferink, R.P.J.O.; Chowdhury, J.R.; Chowdhury, N.R.; Jansen, P.L.M. Bilirubin

Udp-Glucuronosyltransferase-1 Is the Only Relevant Bilirubin Glucuronidating Isoform in Man. J. Biol. Chem. 1994, 269,
17960–17964. [CrossRef]

68. Theken, K.N.; Deng, Y.M.; Kannon, M.A.; Miller, T.M.; Poloyac, S.M.; Lee, C.R. Activation of the Acute Inflammatory Response
Alters Cytochrome P450 Expression and Eicosanoid Metabolism. Drug Metab. Dispos. 2011, 39, 22–29. [CrossRef]

69. Sehgal, N.; Agarwal, V.; Valli, R.K.; Joshi, S.D.; Antonovic, L.; Strobel, H.W.; Ravindranath, V. Cytochrome P4504f, a potential
therapeutic target limiting neuroinflammation. Biochem. Pharmacol. 2011, 82, 53–64. [CrossRef]

70. Edson, K.Z.; Rettie, A.E. CYP4 Enzymes As Potential Drug Targets: Focus on Enzyme Multiplicity, Inducers and Inhibitors, and
Therapeutic Modulation of 20-Hydroxyeicosatetraenoic Acid (20-HETE) Synthase and Fatty Acid omega-Hydroxylase Activities.
Curr. Top. Med. Chem. 2013, 13, 1429–1440. [CrossRef]

71. Hardwick, J.P.; Eckman, K.; Lee, Y.K.; Abdelmegeed, M.A.; Esterle, A.; Chilian, W.M.; Chiang, J.Y.; Song, B.J. Eicosanoids in
Metabolic Syndrome. Adv. Pharmacol. 2013, 66, 157–266. [CrossRef] [PubMed]

http://doi.org/10.1093/nar/gky1120
http://www.ncbi.nlm.nih.gov/pubmed/30445434
http://doi.org/10.1093/nar/29.1.308
http://doi.org/10.1053/j.gastro.2016.04.007
http://doi.org/10.1002/cpt.434
http://doi.org/10.3390/ijms21051791
http://doi.org/10.1124/jpet.104.082826
http://www.ncbi.nlm.nih.gov/pubmed/15784650
http://doi.org/10.1016/j.pharmthera.2006.03.008
http://doi.org/10.1111/j.1476-5381.2011.01724.x
http://www.ncbi.nlm.nih.gov/pubmed/22013971
http://doi.org/10.3390/ijms222413407
http://www.ncbi.nlm.nih.gov/pubmed/34948211
http://doi.org/10.3390/ijms21062002
http://doi.org/10.1074/jbc.M117.796516
http://doi.org/10.4155/bio-2017-0266
http://doi.org/10.1517/17425255.4.9.1167
http://doi.org/10.1038/nchembio.447
http://doi.org/10.1186/s12859-018-2194-2
http://doi.org/10.3390/cryst10020086
http://www.ncbi.nlm.nih.gov/pubmed/32494365
http://doi.org/10.3389/fgene.2020.00424
http://www.ncbi.nlm.nih.gov/pubmed/32477401
http://doi.org/10.1016/j.phrs.2019.104617
http://www.ncbi.nlm.nih.gov/pubmed/31881272
http://doi.org/10.1007/BF00296944
http://doi.org/10.1097/MNH.0000000000000427
http://doi.org/10.1177/2472555218812821
http://doi.org/10.1016/S0021-9258(17)32403-1
http://doi.org/10.1124/dmd.110.035287
http://doi.org/10.1016/j.bcp.2011.03.025
http://doi.org/10.2174/15680266113139990110
http://doi.org/10.1016/B978-0-12-404717-4.00005-6
http://www.ncbi.nlm.nih.gov/pubmed/23433458


Metabolites 2023, 13, 171 24 of 24

72. Stewart, A. SLCO1B1 Polymorphisms and Statin-Induced Myopathy. PLoS Curr. 2013, 5. [CrossRef] [PubMed]
73. Oshiro, C.; Mangravite, L.; Klein, T.; Altman, R. PharmGKB very important pharmacogene: SLCO1B1. Pharmacogenet. Genom.

2010, 20, 211–216. [CrossRef]
74. Dainese, E.; Oddi, S.; Simonetti, M.; Sabatucci, A.; Angelucci, C.B.; Ballone, A.; Dufrusine, B.; Fezza, F.; De Fabritiis, G.;

Maccarrone, M. The endocannabinoid hydrolase FAAH is an allosteric enzyme. Sci. Rep. 2020, 10, 2292. [CrossRef]
75. Zheng, W.; Hussein, S.; Yang, J.; Huang, J.; Zhang, F.; Hernandez-Anzaldo, S.; Fernandez-Patron, C.; Cao, Y.; Zeng, H.B.; Tang, J.F.;

et al. A novel PKD2L1 C-terminal domain critical for trimerization and channel function. Sci. Rep. 2015, 5, 9460. [CrossRef]
76. Lau, H.H.; Ng, N.H.J.; Loo, L.S.W.; Jasmen, J.B.; Teo, A.K.K. The molecular functions of hepatocyte nuclear factors - In and beyond

the liver. J. Hepatol. 2018, 68, 1033–1048. [CrossRef] [PubMed]
77. Martovetsky, G.; Tee, J.B.; Nigam, S.K. Hepatocyte nuclear factors 4alpha and 1alpha regulate kidney developmental expression

of drug-metabolizing enzymes and drug transporters. Mol. Pharmacol. 2013, 84, 808–823. [CrossRef] [PubMed]
78. Jaffrey, S.R.; Snowman, A.M.; Eliasson, M.J.L.; Cohen, N.A.; Snyder, S.H. CAPON: A protein associated with neuronal nitric oxide

synthase that regulates its interactions with PSD95. Neuron 1998, 20, 115–124. [CrossRef]
79. Daly, A.K. Pharmacogenetics: A general review on progress to date. Brit. Med. Bull. 2017, 124, 65–79. [CrossRef]
80. Pirmohamed, M. Pharmacogenomics: Relevance to Personalized Medicine. Drug Metab. Pharmacok. 2017, 32, S10. [CrossRef]
81. Wu, W.; Dnyanmote, A.V.; Nigam, S.K. Remote Communication through Solute Carriers and ATP Binding Cassette Drug

Transporter Pathways: An Update on the Remote Sensing and Signaling Hypothesis. Mol. Pharmacol. 2011, 79, 795–805.
[CrossRef] [PubMed]

82. Ahn, S.Y.; Nigam, S.K. Toward a Systems Level Understanding of Organic Anion and Other Multispecific Drug Transporters: A
Remote Sensing and Signaling Hypothesis. Mol. Pharmacol. 2009, 76, 481–490. [CrossRef] [PubMed]

83. Nigam, S.K.; Wu, W.; Bush, K.T.; Hoenig, M.P.; Blantz, R.C.; Bhatnagar, V. Handling of Drugs, Metabolites, and Uremic Toxins by
Kidney Proximal Tubule Drug Transporters. Clin. J. Am. Soc. Nephrol. 2015, 10, 2039–2049. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://doi.org/10.1371/currents.eogt.d21e7f0c58463571bb0d9d3a19b82203
http://www.ncbi.nlm.nih.gov/pubmed/24459608
http://doi.org/10.1097/FPC.0b013e328333b99c
http://doi.org/10.1038/s41598-020-59120-1
http://doi.org/10.1038/srep09460
http://doi.org/10.1016/j.jhep.2017.11.026
http://www.ncbi.nlm.nih.gov/pubmed/29175243
http://doi.org/10.1124/mol.113.088229
http://www.ncbi.nlm.nih.gov/pubmed/24038112
http://doi.org/10.1016/S0896-6273(00)80439-0
http://doi.org/10.1093/bmb/ldx035
http://doi.org/10.1016/j.dmpk.2016.10.049
http://doi.org/10.1124/mol.110.070607
http://www.ncbi.nlm.nih.gov/pubmed/21325265
http://doi.org/10.1124/mol.109.056564
http://www.ncbi.nlm.nih.gov/pubmed/19515966
http://doi.org/10.2215/CJN.02440314
http://www.ncbi.nlm.nih.gov/pubmed/26490509

	Introduction 
	Materials and Methods 
	Sample Population 
	Gene List 
	SNP Identification 
	Imputation 
	Metabolomics Analysis 
	Statistical Analysis 
	Genomic Loci 
	Tissue-Specific Enrichment 
	Disease and Pharmaceutical Variant Associations 

	Results 
	77 Genomic Loci Are Linked to Circulating Levels of Small, Polar Bioactive Molecules 
	Tissue-Specific Enrichment of Genes with SNPs Shows Overrepresentation of Liver Genes 
	Unidentified Metabolites Are Potentially Regulated by Distinct Genomic Loci 
	Circulating Eicosanoids, Fatty Acids, and Bile Acids Are Impacted by SNPs in 18 Genomic Loci 
	A Putative Eicosanoid Is Independently Associated with SNPs in Phase I and II Drug Metabolism and Transporter Genes 
	Conjugated Sex Steroids Are Strongly Associated with SLC22 Genes 
	SNPs in Drug Transporter and DME Genes Are Pleiotropic and Linked to Multiple Identified Metabolites 
	Implicated SNPs in Endogenous Metabolism Have Been Reported to Impact Drug Handling 

	Discussion 
	References



