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Background: The aim of the present study was to identify the metabolomic
signature of responders and non-responders to an omega-3 fatty acid
(n-3 FA) supplementation, and to test the ability of a multi-omics classifier
combining genomic, lipidomic, and metabolomic features to discriminate
plasma triglyceride (TG) response phenotypes.

Methods: A total of 208 participants of the Fatty Acid Sensor (FAS). Study took
59 per day of fish oil, providing 1.9-2.2 g eicosapentaenoic acid (EPA) and 1.1g
docosahexaenoic (DHA) daily over a 6-week period, and were further divided
into two subgroups: responders and non-responders, according to the change
in plasma TG levels after the supplementation. Changes in plasma levels of 6
short-chain fatty acids (SCFA) and 25 bile acids (BA) during the intervention
were compared between subgroups using a linear mixed model, and the impact
of SCFAs and BAs on the TG response was tested in a mediation analysis.
Genotyping was conducted using the Illumina Human Omni-5 Quad BeadChip.
Mass spectrometry was used to quantify plasma TG and cholesterol esters
levels, as well as plasma SCFA and BA levels. A classifier was developed and
tested within the DIABLO framework, which implements a partial least squares-
discriminant analysis to multi-omics analysis. Different classifiers were developed
by combining data from genomics, lipidomics, and metabolomics.

Results: Plasma levels of none of the SCFAs or BAs measured before and after
the n-3 FA supplementation were significantly different between responders and
non-responders. SCFAs but not BAs were marginally relevant in the classification
of plasma TG responses. A classifier built by adding plasma SCFAs and lipidomic
layers to genomic data was able to even the accuracy of 85% shown by the
genomic predictor alone.

Conclusion: These results inform on the marginal relevance of SCFA and BA
plasma levels as surrogate measures of gut microbiome in the assessment of
the interindividual variability observed in the plasma TG response to an n-3 FA
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supplementation. Genomic data still represent the best predictor of plasma TG
response, and the inclusion of metabolomic data added little to the ability to
discriminate the plasma TG response phenotypes.

KEYWORDS

short-chain fatty acids, bile acids, gut microbiota, metabolic health, metabolomics,

precision nutrition

1 Introduction

The beneficial effects of marine omega-3 fatty acids (n-
3 FA) on reducing plasma triglyceride (TG) levels are widely
recognized (1), but subject to a large interindividual variability
(2). Accordingly, their potential effects in reducing the incidence
of cardiovascular disease are still under debate (3, 4). Current
recommendations for marine n-3 FA supplementation may
therefore be limited by being too general and not addressing the
specific needs of certain population subgroups (5). Thus, not all
individuals seem to benefit equally from n-3 FA supplementation,
with some individuals being relatively insensitive, while others
being quite responsive, as extensively reported in the past (2).
Indeed, although a reduction of the risk of cardiovascular
events by decreasing plasma TG levels has been associated
with the consumption of n-3 FA (6), a large heterogeneity
in the response to n-3 FA supplementation has also been
reported (2). In the Fatty Acid Sensor (FAS) Study, we
previously reported that about 30% of individuals do not
decrease their plasma TG levels in response to a 6-week n-3 FA
supplementation (7).

There is evidence that this interindividual variability is,
at least in part, determined by genetic factors, as previously
shown in the FAS Study, where a number of single-nucleotide
polymorphisms (SNPs) were associated with the plasma TG
response in a genome-wide association study (GWAS) (8). After
fine mapping and densification of genetic markers by imputation,
a genetic risk score (GRS) composed of 31 SNPs was built,
explaining more than 49% of the variance of plasma TG levels
during the supplementation (9). Finally, lipidomic features in
the form of plasma TG species were added to the GRS in
a classification tool that was able to correctly identify TG
response phenotypes with the accuracy of 75% in a subset of
the FAS population (10). Although the combination of genetic
information and lipidomic data allowed to predict the plasma
TG response to an n-3 FA supplementation with high accuracy,
a non-negligible portion of this response remained unexplained.
Given the mounting evidence linking gut microbiota to the
heterogeneity in the response to nutrients, and specifically, to
n-3 FA consumption (11), we hypothesized that part of this
unexplained variance may be due to a distinct impact of n-
3 FA on the gut microbiota composition of responders vs.
non-responders. Since we lacked direct metagenomic data in
the FAS Study, we were interested in analyzing the ability
of short-chain fatty acids (SCFA) and bile acids (BA) plasma
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profiles, two well-known gut microbiota-derived metabolites, to
aid in the prediction of the plasma TG response to the n-
3 FA supplementation. On one hand, significant shifts in the
composition of the gut microbiome with a specific increase
in SCFA-producing bacteria have been found following an n-3
supplementation (12) and, in the other hand, BAs are further
metabolized by the gut microbiota (11), and partly dependent on
n-3 FA consumption (13). Recent evidence linking gut microbiota
and microbiota-related metabolites with the development of
hyperlipidemia (14) and the advances in metabolomic technologies
triggered the exploration of the relationship between circulating
metabolites, such as SCFA and BA, and cardiometabolic disease
risk factors (15). SCFAs appear to be promising metabolites in
the modulation of cardiometabolic diseases, as they can improve
different risk factors associated to plasma lipids, insulin resistance,
hyperglycemia and inflammation (15). Furthermore, SCFA may
have a beneficial impact on plasma TG levels through the
modulation of key enzymes involved in lipid metabolism, leading
to reduced TG levels (16). Concretely, it has been shown that
dietary supplementation of acetate, propionate, butyrate or their
admixture may modulate the expression of fatty acid receptors
FFAR2 and FFAR3, which ultimately may stimulate the hydrolysis
of TG and enhance free fatty acid oxidization in adipose tissue
(17). BAs, for their part, are involved in the regulation of multiple
metabolic processes (18). Through the activation of various
signaling pathways, BAs regulate not only their own synthesis and
enterohepatic circulation, but also TG, cholesterol, glucose, and
energy homeostasis (19). More concretely, BAs play a significant
role in the digestion and absorption of fats, and may aid in the
emulsification of dietary fats and fat-soluble vitamins, enhancing
their absorption and regulating lipid metabolism, including
TG levels.

The aim of the present study was to identify the

metabolomic signature of responders and non-responders
to n-3 FA supplementation, to test the potential effect and
extent to which SCFAs and BAs may mediate changes in
TG levels, and finally to test the ability of a multi-omic
classifier combining genomics, lipidomics, and metabolomics
to discriminate TG response phenotypes. We hypothesize
that the metabolomic signature is likely to discriminate
responders and non-responders to n-3 FA supplementation.
These signatures may improve the predictive performance by
applying a multi-omics classifier analysis combining genomic,
lipidomic, and metabolomic features compared with exclusively

genetic data.
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2 Materials and methods

2.1 FAS study population

Between 2009 and 2011, a total of 254 healthy subjects living
in the Quebec City metropolitan area were recruited to take part
in the FAS Study. To be eligible, subjects must have not taken
any n-3 FA supplements 6 months prior to the intervention, be
non-smokers and have no thyroid or metabolic disorders requiring
pharmacological treatment. Participants must have a body mass
index (BMI) between 25 and 40 kg/m? and be aged between
18 and 50. A total of 210 people completed the intervention
protocol. Two participants were excluded from further analyses
due to missing values prior to supplementation. Of the remaining
208 participants, those whose plasma TG levels decreased after
the n-3 FA supplementation (ATG levels < 0) were defined as
responders, while non-responders were participants for whom the
TG concentrations remained stable or increased after the n-3 FA
supplementation (ATG levels > 0), as previously described (8).
This study was approved by the ethics committees of Center de
recherche du CHU de Québec and Université Laval and registered
as NCTO01343342 at ClinicalTrials.gov. All participants provided
written informed consent prior to participation in accordance with
the Declaration of Helsinki.

2.2 Study design

The study design and diets have been fully described previously
(8). Briefly, after a 2-week stabilization period, the participants
were asked to complete the intervention protocol, which consisted
of consuming five capsules per day containing one gram of fish
oil for a 6-week period. This supplementation provided 1.9-2.2 g
of eicosapentaenoic acid (EPA) and 1.1 g of docohexaenoic acid
(DHA) daily. Blood samples were taken immediately before and
after n-3 FA supplementation, and plasma lipids were measured by
enzymatic assays, as previously described (8).

2.3 Genomic, lipidomic, and metabolomic
analyses

White blood cell samples were used for genomic analyses,
while plasma was used for lipidomic and metabolomic analyses.
First, the 141 participants who showed the most extreme plasma
TG response to an n-3 FA supplementation were included in a
previous GWAS (8) and its subsequent refinements (9). Briefly,
the GenElute Gel Extraction Kit (Sigma-Aldrich Co.) was used to
extract genomic DNA from the blood samples. Genotyping was
conducted using the Illumina Human Omni-5 Quad BeadChip
(Ilumina, San Diego, CA), according to the manufacturer’s
instructions (8). After the exclusion of participants lacking plasma
baseline samples, lipidomic analysis was performed on a total of
193 participants. As previously described in Picklo et al. (10),
quantification of TG and CE species has been done using infusion
mass spectrometry. Plasma levels of BA and SCFA were measured
in 208 and 202 participants, respectively. Metabolomic analyses
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of SCFAs were carried out on the NUTRISS-INAF platform.
Gas chromatography flame ionization detection (GC-FID) was
used to profile plasma SCFA levels as previously described (20).
Acetic, propionic and butyric acids were measured considering
that they are the most abundant SCFAs, as well as isovaleric and
isobutyric acids as the most abundant branched-chain fatty acids
(BCFAs) (21). MS analyses were performed using electrospray
ionization in the positive and negative ionization. Raw data were
processed with Skyline (www.skyline.ms), Compound Discoverer
2.0 (Thermo Scientific, Waltham, MA, USA) and Progenesis QI
QI v.2.1 (Non-linear Dynamics, Newcastle, UK). A calibration
curve prepared with a mixture of standard SCFA and BCFA
(acetic acid, propionic acid, isovaleric acid, butyric acid, isobutyric
acid, and valeric acid) was used to measure these metabolites.
An initial metabolite analysis was performed using the local
reference standards database containing over 800 compounds
(IROA technologies). The remaining chromatographic peaks
were putatively identified using multiple spectral and molecular
databases such as mzCloud and the Human Metabolome Database
(HMDB), in addition to comparing retention time indices based
on literature (22). Plasma levels of an exhaustive list of 25 primary
and secondary BAs (23), as well as their glycine, taurine, sulfate,
and glucuronide conjugates were measured. Concretely, plasma
levels of chenodeoxycholic acid (CDCA), taurochenodeoxycholic
acid (tauro-CDCA), glycochenodeoxycholic acid (glyco-CDCA),
cholic acid (CA), taurocholic acid (tauro-CA), glycocholic acid
(glyco-CA), ursodeoxycholic acid (UDCA), tauroursodeoxycholic
acid (tauro-UDCA), lithocholic acid (LCA), taurolithocholic acid
(tauro-LCA), glycolithocholic acid (glyco-LCA), deoxycholic acid
(DCA), taurodeoxycholic acid (tauro-DCA), glycodeoxycholic
acid (glyco-DCA), hyodeoxycholic acid (HDCA), hyocholic
acid (HCA), LCA-3-sulfate, CDCA-3-glucuronide, CDCA-24-
glucuronide, LCA-3-glucuronide, LCA-24-glucuronide, DCA-3-
glucuronide, DCA-24-glucuronide, HDCA-6-glucuronide, and
HCA-6-glucuronide were measured at the functional bileacidomic
plateform by liquid chromatography/tandem mass spectrometry
(LC-MS/MS), as previously described (24). The chromatographic
system consisted of an Alliance 2690 HPLC instrument (Waters,
Milford, MA), and the tandem mass spectrometry system (MS/MS)
was an APT4000 mass spectrometer (Applied Biosystems, Concord,
Canada). A CDCA-3G standard curve was used to quantify HCA-
6G, while all the other BA species were quantified with the
appropriate standard curve (25).

2.4 Statistical analysis

A two-tailed unpaired ¢-test was used to compare baseline
clinical characteristics and plasma metabolite levels between
responders and non-responders. Linear mixed models,
implemented in the lme (v3.1-162) and emmeans (v1.5.7) R
packages, were used to test whether the changes in clinical
outcomes and metabolomic markers during the intervention were
significantly different between responders and non-responders.
When a significant interaction at p<0.05 was found for any of the
clinical parameters analyzed, contrasts analyses were performed

to test its association with baseline levels of SCFA and BA in both
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responders and non-responders using emtrends (v1.8.4-1) and
Imer (v1.1-31) R packages with adjustments for age, sex, batch and
BMI, and age, sex, and BMI, respectively. A mediation analysis was
conducted in the 141 participants with known genotypes, of which
66 were at high risk (GRS > median) and 75 at low risk (GRS <
median) of non-response to the supplementation. This analysis
was carried out to examine the role of metabolomic markers as
mediators in the relationship between baseline plasma TG levels
and the change in plasma TG levels, depending on the levels of
GRS values over the course of the intervention. The mediation
analysis, which is comprised of three regression analyses, adjusted
for age, sex, and BMI was performed with the mediation R package
(v4.5.0). A mediation was considered significant at an Average
Causal Mediation Effect (ACME) p-value < 0.05. Statistical
analyses were performed with R [v4.1.2; (26)].

2.5 Predictive analysis

Different classifiers aiming at accurately identifying responders
and non-responders to the n-3 FA supplementation, and
combining genomic, lipidomic, and metabolomic features were
developed. The classification tools were built and tested within
the DIABLO (Data Integration Analysis for Biomarker Discovery
Using Latent Components) framework, which implements a
partial least squares-discriminant analysis (PLS-DA) to multi-
omics analysis (27) in the mixOmics R package (v6.20.0) (28). The
classifiers were first tuned in the entire sample independently for
each predictor and its performance was evaluated with the area
under the ROC curve (AUC-ROC) and the balanced accuracy
metrics. The sample was then randomly divided into two data
sets, one for training and the other for testing, maintaining the
same proportions of responders and non-responders. To reach
the highest prediction value, different classifiers were developed
by combining data from genomics (31 SNPs), lipidomics (13
cholesterol esters and 57 TG species) and metabolomics (6 SCFA
and 25 BA species). Each classifier was then trained and a 10-fold
cross-validation was performed using the R caret package (v6.0-
94) (29). The predictive performance of cross-validated models
obtained in the train dataset was further assessed in the test
dataset. Predictive performance comparison between classifiers was
finally evaluated in the test dataset using the balanced accuracy
metric, which stands for the proportion of true responders and
non-responders out of the total number of subjects.

3 Results
3.1 Characteristics of the study participants

Clinical characteristics of study participants in pre- and post-
supplementation have been previously reported in Rudkowska
et al. (8) and are briefly summarized herein. Participants were
overweight, with a mean BMI of 27.8 4+ 0.3 kg/m? for the
responders and 27.8 % 0.5 kg/m? for the non-responders. Although
body weight increased in both responders and non-responders
following the intervention, it was significantly higher in responders
(Pgroupsvisit = 0.05), also reflected in BMI (pgroupsvisit = 0.04).
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Following the intervention, responders showed a mean decrease
in insulin levels of 9.8%, while non-responders showed an increase
of 11.6% (Pgroupsvisit = 0.06, Table 1). Responders had significantly
higher plasma TG levels before the supplementation than non-
responders (1.28 £ 0.05 vs. 1.03 £ 0.08 mmol/L; p < 0.01), and
a significant group-by-visit interaction effect was found for plasma
TG levels (pgroupsvisit < 0.01; Table 1).

3.2 Metabolomic analysis

No significant differences were observed in baseline levels for
any of the 6 SCFA and 25 BA analyzed between responders and
non-responders (Table 2). No significant group-by-visit interaction
effects were found for acetic acid, propionic acid, isobutyric acid,
butyric acid, isovaleric acid, or valeric acid (Table 2). No significant
group-by-visit interaction effects were observed for any of the
BAs analyzed either (Table 2). Contrast analyses were performed
between baseline plasma SCFA levels and clinical parameters
with significant group-by-visit interaction effects during the
intervention (Table 1). Pre- and post-supplementation levels of
the two clinical parameters having a significant contrast effect
with SCFA, HDL-C (pgroupsvisit = 0.01, Figure 1A) and vitamin
B-12 (pgroupsvisit = 0.01, Figure 1B) are shown. A significant
association was found between HDL-C and isovaleric acid (p =
0.04; Figure 1C), with a positive association between HDL-C and
isovaleric acid in responders, and a negative association in non-
responders (Figure 1C). A significant association was also found
between vitamin B-12 and isobutyric acid (p = 0.003; Figure 1D).
Along the same lines, contrast analyses performed between baseline
plasma BA levels and the change in clinical parameters during
the intervention showed a significant association between HDL-
C and tauro-CA (p = 0.009). A negative association between
plasma HDL-C and tauro-CA levels in responders was found,
while the opposite was observed for non-responders, i.e., a positive
association between the increase in HDL-C and in tauro-CA level
was found. Significant associations between total-C and the sum of
tauro-conjugated bile acids (p = 0.04), tauro-CA (p = 0.006), and
glyco-CA (p = 0.02) were also found.

3.3 Mediation analysis

Previously, baseline plasma TG levels and GRS were identified
as the main factors leading to the heterogeneity of plasma TG
response to an n-3 FA supplementation (9). The role of SCFAs
as mediators in the different TG response to n-3 FA between
responders and non-responders was examined through a mediation
analysis. The significant association found between baseline plasma
TG levels and the change in plasma TG levels during the
supplementation was found to be partially mediated by baseline
plasma levels of isovaleric acid in participants having a high genetic
risk (GRS > median) of non-response (ACME p-value = 0.04). This
significant association vanished when tested in participants with a
low genetic risk (GRS < median) of non-response (ACME p-value
= 0.8). The role of BAs as mediators in this relationship was also
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TABLE 1 Clinical parameters of responders and non-responders during the n-3 fatty acid supplementation.

Responders (n = 148)

Non-responders (n = 60)

Variables Pre Post Pre Post Group

Sex (men/women) 66/82 30/30 0.58 - -
Age (years) 30.7 £8.6 31.1£9.0 0.77 - -
Weight (kg) 80.8 + 1.1 810+ 1.1 82.6+ 1.8 832+ 1.8 0.23 0.05 0.15
BMI (kg/m?) 27.8 403 279403 27.8+0.5 280405 1.00 <0.01 0.04
Glucose (mmol/L) 4.96 £ 0.04 506+0.04 | 4.94+0.06 5.04 + 0.06 0.58 <0.01 0.96
Insulin (pmol/L) 90.0 +5.9 812433 80.2+9.3 89.5+ 5.3 0.13 0.32 0.06
Total-C (mmol/L) 474 £0.07 466008 | 477012 4.87 £0.12 047 0.41 0.02
TG (mmol/L) 1.28 +0.05 095004 | 1.03£0.08 1.20 £ 0.07 <0.01 <0.01 <0.01
HDL-C (mmol/L) 1.41 £0.03 147 £0.03 | 1.50+£0.05 1.48 £ 0.05 0.03 <0.01 0.01
LDL-C (mmol/L) 2.75£0.07 276+£0.07 | 279+0.11 2.84 £0.11 0.75 047 0.67
Total-C/HDL-C (mmol/L) 3.55 +0.09 340+0.09 | 333+0.13 3.48+0.14 0.11 0.01 <0.01
ApoB (g/L) 0.84 +0.02 0.86+0.02 | 0.83+0.03 0.89 %+ 0.03 0.85 <0.01 0.08
CRP (mg/L) 247 £0.32 250£036 | 2.89£0.51 3.06 % 0.56 0.22 0.85 0.87
Folic acid (nmol/L) 355+ 0.6 34.9£0.5 34.7 £ 0.9 31.6£0.9 0.02 <0.01 0.01
B12 vitamin (mcg) 328.6 £ 10.3 341.8£10.7 | 344.0 £ 16.2 3353+ 16.8 0.74 0.06 0.01
Total bilirubin (pg/L) 9.67 £ 0.46 9.78+£0.56 | 11.29+0.71 10.88 £ 0.87 0.07 0.96 0.43
Direct bilirubin (pg/L) 2.32+0.09 238+009 | 2.69+0.14 245+ 0.14 0.15 0.75 0.03
Indirect bilirubin (pg/L) 7.35 +0.38 739+049 | 8.60 +0.59 8.43 +£0.75 0.10 0.99 0.75

Data are unadjusted means = standard deviation. A linear mixed model adjusted for age, sex, and body mass index (BMI) was used to compare clinical parameters between responders and

non-responders to the n-3 fatty acid supplementation. A linear mixed model adjusted for age and sex was used to compare BMI.
Total-C, total cholesterol; HDL-C, HDL-cholesterol; LDL-C, LDL-cholesterol; ApoB, apolipoprotein B; CRP, C-reactive protein; Pre, pre-supplementation values; Post, post-supplementation
values. Int, group-by-time interaction term. Bold values represent significant associations p < 0.05.

examined and no significant mediation effect was found in any of
the high or low genetic risk subgroups.

3.4 Predictive analysis

A classifier was built independently for each feature to
separately assess the ability of genomic, lipidomic, and
metabolomic data to accurately predict response to the n-3
FA supplementation. The classifier containing only baseline
plasma SCFAs achieved the lowest predictive performance,
with an AUC-ROC of 0.5 and an accuracy of 44% (Figure 2),
whereas the one created exclusively with baseline plasma BAs
only reached an AUC-ROC of 0.66 and a balanced accuracy
of 50% (Figure 2). The classification tool built using uniquely
lipidomic features slightly increased the AUC-ROC to 0.74 and the
accuracy to 57% (Figure 2), while the use of genomic data alone
made it possible to create the best independent classifier, with
a predictive performance reaching an AUC-ROC of 0.97 and a
balanced accuracy of 85% (Figure 2). After testing for each feature
individually, genomic, lipidomic and metabolomic data layers were
combined to increase the predictive performance of the response
to an n-3 FA supplementation. In the test dataset, we observed
that none of the combined classifiers was able to substantially
increase the predictive performance showed by genomic data
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alone (Figure 3). Only a classifier built by adding plasma SCFAs
and lipidomic data to the 31 SNPs was able to achieve the same
accuracy of 85% shown by the genomic predictor (Figure 3).
Interestingly, the classifier built by combining plasma SCFAs and
genomic data slightly increased the predictive performance to a
balanced accuracy of 86% (Figure 3). The predictive capacity of the
complete four-layer-model, including the 31 SNPs and lipidomic
data (13 cholesterol esters and 57 TG species), as well as 6 SCFA
and 25 BA species, reached an overall balanced accuracy of 75%
(Figure 3). Then, the predictive performance was refined by further
selecting the most important features on each layer. After a tuning
process involving a 10-fold-cross validation and based on the
centroids distance, we finally kept a reduced model including 28
SNPs as well as 10 TG, 2 SCFA and 5 BA species. However, the
accuracy of the refined classification tool only reached 76%.

4 Discussion

The present study examined the role of SCFAs and BAs in the
heterogeneity of the TG response to an n-3 FA supplementation. A
continually emerging body of evidence supports the role of SCFAs
and BAs as key molecular links between diet, the microbiome and
health (30). Thus, in the absence of data on the gut microbiota,
it is possible to indirectly analyze the impact of gut microbiota
composition on the heterogeneity observed in the metabolic
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TABLE 2 Metabolomic analysis of short-chain fatty acid and bile acid levels of responders and non-responders during the n-3 fatty acid
supplementation.

Responders Non-responders P-values

Short-chain fatty acids

Acetic acid 49.69 + 1.53 50.39 & 1.53 50.96 & 2.38 48.82 + 2.38 0.72 0.99 0.38
Propionic acid 1.06 = 0.04 1.07 £ 0.04 1.06 = 0.06 1.12 £ 0.06 0.68 0.30 0.83
Isobutyric acid 0.26 +0.02 0.27 +0.02 0.25 +0.03 0.25 +0.03 0.81 0.46 0.79
Butyric acid 0.49 £ 0.02 0.50 % 0.02 0.53 +0.03 0.57 £ 0.03 0.26 0.28 0.95
Isovaleric acid 0.63 £ 0.02 0.66 % 0.02 0.64 + 0.03 0.63 +0.03 0.86 0.65 021
Valeric acid 0.10 + <0.01 0.10 + <0.01 0.10 + <0.01 0.10 + <0.01 0.54 0.95 0.38
Bile acids

CDCA 3.61 £+ 0.89 639 +0.92 2714+ 148 3.56 + 1.34 0.46 0.26 0.33
Tauro-CDCA 3.74 +0.85 4.73£0.88 2.01 +1.30 442+ 1.19 0.19 0.34 0.84
Glyco-CDCA 3.26 +0.50 2254051 1.60 £ 0.73 2.77 £ 0.68 0.88 0.17 0.73
CA 9.32 4+ 1.88 9.49 +1.95 6.87 +3.08 7.82£2.80 0.66 0.85 0.80
Tauro-CA 424 +2.48 8.40 + 2.54 4.26 +3.47 4.74+3.22 0.20 0.05 0.90
Glyco-CA 4.16 £0.79 325+ 0.81 1.70 + 1.14 3.62 +1.06 0.30 0.73 0.82
UDCA 3.05 + 1.08 575+ 1.12 1.99 + 1.76 2.68 + 1.61 0.80 0.29 0.67
Tauro-UDCA 8.97 +2.78 10.73 +2.91 6.48 +4.77 6.81 +4.28 0.41 0.08 0.70
ICA 1.45+0.14 1.59 £0.14 141 £0.21 1.45+£0.19 0.99 0.15 0.12
Tauro-LCA 329 +0.71 3.11+0.74 3.01+1.20 3.70 £ 1.09 0.67 0.37 0.49
Glyco-LCA 4.07 £0.84 259 +0.85 2.87 +1.03 3.54 +0.98 0.08 091 071
LCA sulfate 5.01 + 1.46 3.62+ 147 822+ 245 8.72+225 0.06 0.61 0.93
DCA 1.59 +0.19 1.85 + 0.20 1.61 +0.31 1.23+0.28 0.61 0.62 0.14
Tauro-DCA 4.56 £ 1.17 557 +£1.21 3.09 + 1.83 3.73 £ 1.66 0.27 0.64 0.26
Glyco-DCA 3.77 £0.72 3.16 £0.73 1.89 £ 0.93 3224087 0.65 0.97 0.90
HDCA 1.68 +0.14 1.47 £0.14 1.71+0.22 141 +0.20 031 0.98 0.43
HCA 2.13+031 2314032 1,95+ 0.51 2.11 + 046 0.67 0.23 1.00
CDCA-3-G 2.00 +£0.25 1.94 £0.25 1.98 £ 0.35 2.05+0.32 0.62 0.75 0.73
CDCA-24-G 4.05+0.76 4.78 £0.79 3.06 + 1.33 514+ 1.18 0.79 0.69 0.99
LCA-3-G 2.56 +0.24 2.03 +0.25 2.56 + 0.38 2.13+0.34 0.61 0.02 0.18
LCA-24-G 1.5+ 0.43 3.06 + 0.45 1.48 £ 0.70 3.41 +0.63 0.09 <0.01 071
DCA-3-G 1.95 £ 0.20 1.83 £0.20 2.66 % 0.30 1.58 £0.27 0.99 0.03 0.24
DCA-24-G 1.39+0.14 1.64 +0.14 1.65 £ 0.21 1.32£0.19 0.96 037 0.26
HDCA-6-G 1.53 +£0.14 1.32£0.15 144 +0.23 1.48 £0.21 0.33 0.03 0.94
HCA-6-G 227 +0.28 1.77 £0.28 2.16 +0.42 2.47 +0.39 0.39 0.80 0.89

Data are unadjusted means =+ standard deviation. A linear mixed model adjusted for batch, age, sex and BMI was used to compare plasma SCFA levels between responders and non-responders
to the n-3 fatty acid supplementation. A linear mixed model adjusted for batch, age, sex, and BMI was used to compare plasma SCFA levels.

CDCA, chenodeoxycholic acid; Tauro-CDCA, taurochenodeoxycholic acid; Glyco-CDCA, glycochenodeoxycholic acid; CA, Cholic acid; Tauro-CA, taurocholic acid; Glyco-CA, glycocholic
acid; UDCA, Ursodeoxycholic acid; Tauro-UDCA, tauroursodeoxycholic acid; LCA, lithocholic acid; Tauro-LCA, taurolithocholic acid; Glyco-LCA, glycolithocholic acid; DCA, deoxycholic
acid; Tauro-DCA, taurodeoxycholic acid; Glyco-DCA, glycodeoxycholic acid; HDCA, hyodeoxycholic acid; HCA, hyocholic acid; —3, —6 and 24G, 3, 6 and 24-glucuronide; Pre,
pre-supplementation values; Post, post-supplementation values. Int, group-by-time interaction term.

N for short-chain fatty acids = 202 and N for bile acids = 208.
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HDL-C, High-density lipoprotein cholesterol.

Contrast analysis between short-chain fatty acid levels and clinical parameters. (A, B) show levels of HDL-C and vitamin B-12, respectively, for
responders and non-responders before and after the intervention. (C) shows the change in HDL-C levels related to the change in isovaleric acid
levels for responders and non-responders. (D) shows the change of vitamin B-12 linked to the change in isobutyric acid levels for both groups.
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response to n-3 FA supplementation through the metabolites it
produces. The present study did not reveal that plasma levels of
SCFA and BA play a relevant role in the clinical and metabolic
changes observed following an n-3 FA supplementation, and they
lack of predictive power to accurately classify responders and non-
responders to the supplementation. Indeed, results showed that
SCFAs but not BAs were marginally relevant in the classification
of plasma TG responses. In this regard, genomic data still
represent the best predictor of plasma TG response to an n-3
FA supplementation (9), and the inclusion of other omic data
layers does not substantially increase the ability to discriminate the
plasma TG response phenotypes.

As previously stated, the consumption of specific nutritional
components can modify the abundance, diversity, and activity
of the gut microbiota, and consequently the composition in
SCFAs and BAs (31). Although this may have been observed in
the present study, no significant differences between responders
and non-responders were found in plasma levels during the n-
3 FA supplementation for any of the SCFAs and BAs analyzed.
However, the previously reported significant association between
baseline plasma TG levels and change in plasma TG levels

Frontiersin Nutrition

in response to n-3 FA supplementation (9) was here partially
mediated by plasma isovaleric acid levels at baseline. Both baseline
plasma TG levels and GRS have been previously identified as the
main factors leading to the plasma TG response heterogeneity
to an n-3 FA supplementation (9). In the present study, the
mediating effect of isovaleric acid was reported between baseline
TG levels and response to n-3 FA supplementation in the group of
participants at high genetic risk of non-response. In other words,
the relationship between basal TG levels and response to n-3 FA
supplementation appears to be partially mediated by isovaleric
acid when GRS is high. A significant association was also found
between baseline plasma isovaleric acid levels and the change in
HDL-C levels during the intervention. Concretely, plasma HDL-
C levels increased together with isovaleric acid levels in the group
of responders, whereas in non-responders this relationship was
inverse. High plasma HDL-C levels act to reduce cardiovascular
risk by multiple pathways (32). Therefore, in non-responders, an
increase in isovaleric acid levels would have a negative effect on
cardiovascular risk, as plasma HDL-C levels decrease. Consistently,
a previous study found a positive correlation between isovaleric
acid and HDL-C, as well as positive correlations between isovaleric
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FIGURE 2
Predictive performance of metabolomic, lipidomic, and genomic features. The predictive performance of each feature is represented by the area
under the ROC-curve (AUC) and the balance accuracy (ACC) metrics. AUC, area under the curve; ACC, accuracy; BA, bile acids; SCFA, short-chain
fatty acids; TG + CE, triglycerides and cholesterol esters; SNP, single nucleotide polymorphism.

acid and LDL-C and total-C in pregnant women (33). The
significant association between isovaleric acid and the change
in plasma HDL-C levels found in the present study is also in
agreement with recent findings showing a positive correlation
between isovaleric acid and LDL-C levels, as well as between
valeric acid and TG levels, and between isobutyric acid and
HDL-C and LDL-C levels (34). An increase in BCFA levels has
been also observed in individuals with hypercholesterolemia, as
compared to those with normocholesterolemia (35), suggesting
a potential association between BCFAs and lipid metabolism.
In vitro experiments have also shown that BCFAs are able
to inhibit both cAMP-mediated lipolysis and insulin-stimulated
lipogenesis in adipocytes (36). Moreover, isovaleric acid-containing
porpoise oil has shown to exert beneficial effects on fatty liver
in a murine model of type 2 diabetes, by increasing serum

Frontiersin Nutrition

levels of adiponectin and enhancing lipoprotein synthesis and
secretion (37).

The synergistic role of n-3 FA and vitamin B-12 in lipid
homeostasis and other host metabolic processes has been
extensively studied in rats. Concretely, a series of studies showed
that n-3 FA are linked with vitamin B-12 in the one-carbon
metabolic cycle (38). A previous study also reported that maternal
vitamin B-12 deficiency in pregnant Wistar rats resulted in
elevated homocysteine levels, a vitamin B-12 substrate, while the
supplementation with n-3 FA reduced homocysteine levels (39).
As these animals were deliberately induced into a vitamin B-12
deficient state, these studies did not find an increase in vitamin B-
12 after the n-3 FA supplementation, but have already highlighted a
common metabolic pathway that may explain why responders to n-
3 FA supplementation also showed increased vitamin B-12 levels in
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the present study. Furthermore, by modulating the gut microbiota
composition, n-3 FA may indirectly affect vitamin B-12 absorption
or production differently in responders and non-responders. Most
dietary vitamin B-12 in humans comes from animal-derived foods,
and is absorbed in the small intestine. However, the presence of
vitamin B12-producing bacteria in the colon may contribute to the
B-12 supply (40). The role of gut microbiota in contributing to
vitamin B-12 status remains an area of ongoing research, exploring
the impact of different bacterial strains on host vitamin B-12
metabolism. In this regard, the significant association observed
between vitamin B-12 and isobutyric acid may potentially be
explained by the protein composition of the diet. Indeed, high
protein diets have been related with higher BCFAs levels (41, 42)
and as widely recognized, vitamin B-12 is bound to protein in food
(43). We can also speculate that n-3 FA may act as a prebiotic
and indirectly affect the production of vitamin B-12 and isobutyric
acid differently among responders and non-responders, through a
distinct modulation of gut microbiota composition. In this regard, a
previous study has shown an increase in the production of vitamin
B-12, along with SCFA and BCFA, including isobutyric acid, during
the in vitro digestion and fermentation of probiotic chocolate (44),
which may be attributed to shared Lactobacillus species.

Another significant association was found between the change
in plasma HDL-C levels during the intervention and tauro-CA
levels. Specifically, a negative association was found between
plasma HDL-C levels and tauro-CA levels in the group of
responders, whereas a positive association was seen for non-
responders. The significant association found between HDL-C and
tauro-CA is in line with the negative relationship between plasma
levels of HDL-C and biliary saturation previously reported in
healthy females (45). This observation can be explained by the fact
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that HDL-C has been proposed to serve as preferential precursor
for BA biosynthesis (45). McMillin and al. found that the three
ratios of taurine-conjugated BAs (primary or secondary) and the
levels of tauro-UDCA and tauro-HDCA were elevated following a
fish oil supplementation. These results indicate that n-3 FAs may
promote taurine conjugation with BAs or inhibit the deconjugation
of taurine-conjugated BAs (46). All associations observed in the
present study between SCFAs and BAs with cholesterol levels thus
suggest a potential role of gut microbiota in lipid homeostasis.
Current research is gradually enabling us to understand how the gut
microbiota influences cholesterol metabolism in order to eventually
target it for therapeutic benefit (47).

Gut microbiota speciation has proven to have a regulatory
role in host lipid metabolism (48), and specifically in plasma TG
and cholesterol levels, as reviewed in Schoeler and Caesar (49).
Hence, it has been proposed that gut microbiota may be key to
the development of hyperlipidemia and related chronic diseases,
such as cardiovascular disease (14). In this regard, previous studies
with conventionally raised and germ-free mice have elucidated
that the gut microbiota prompts hepatic fatty acid synthesis
(50). Similarly, it has been shown that the interaction between
gut microbiota with dietary components may impact host lipid
metabolism and composition. Concretely, results from mice fed
diets rich in saturated lipids supplemented with BA revealed that
the gut microbiota was involved in the observed increase of
hepatic TG levels, highlighting the influence of colonization status
on hepatic lipid profiles (51). Additionally, research involving
probiotic treatments in mice and rats further underscores the role
of the gut microbiota in regulating lipid homeostasis. For instance,
in mice fed a high-fat high-cholesterol diet, Lactobacillus curvatus
alone or in combination with Lactobacillus plantarum significantly
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reduced cholesterol levels in plasma and liver, while exhibiting a
synergistic effect on hepatic TG levels (52). Similarly, rats on a high-
fat diet experienced decreased circulating TG and LDL levels, along
with increased HDL levels, when administered Bifidobacterium
spp. (53). Moreover, clinical studies connecting the gut microbiota
to lipid metabolism have revealed that reduced microbial gene
richness in individuals with obesity correlated with higher plasma
total-cholesterol and TG levels (54). An energy-restricted diet
has also been shown to increase gene richness and reduce lipid
levels. Individuals with fewer microbial had higher TG levels and
lower HDL-cholesterol levels (55). Additionally, variability in gut
microbiota composition have been associated with about 6% of
plasma TG levels and 4% of HDL-cholesterol levels in the general
population (56).

Although genetic and lipidomic factors have been reported
to cover a significant portion of the variance in the plasma TG
response to an n-3 FA supplementation, a substantial fraction
of this response remains unexplained. This still unexplained
variability may be influenced by several other factors, such as
dietary habits, including fat and carbohydrate intake, as well as
specific nutrients that may interact with or modify the effects of
n-3 FA. A role of individual metabolism and absorption of n-3
FA due to differences in microbial and host enzymatic activity is
another potential factor leading to this heterogeneity, as well as the
changes in gut microbiota composition investigated in this study.
Nevertheless, the present results did not support the use of baseline
SCFA and BA levels as a proxy of gut microbiota composition
in the prediction of the interindividual variability in the plasma
TG response to n-3 FA supplementation. In this sense, it is worth
highlighting that, even in the absence of direct measurements of
gut microbiota, this study still has some strengths. Multiple clinical
and metabolomic measurements were carried out, which adds
to the power of the study, as well as the thoughtful assessment
of the compliance of participants to the intervention protocol.
However, the fact that this study was conducted on a mostly
Caucasian population living in the Quebec City metropolitan area
limits the generalization of the results obtained, as well as the
relatively small sample size. Moreover, it has been observed that
the higher the baseline levels of TG, the more effective the n-3 FA
supplementation is in reducing TG levels (9). However, since one
of the exclusion criteria is having a metabolic disorder, participants
who had higher baseline TG levels were not included in the study.
On the one hand, this may have influenced the results, but on
the other hand, it makes it possible to generalize the results to a
healthy population.

In the FAS Study, participants were classified as responders and
non-responders based on changes in plasma TG levels subsequent
to an n-3 FA supplementation. This categorization approach,
although providing a simplified interpretation of outcomes,
presented several limitations warranting discussion. First, the
binary classification into responders and non-responders may
have overlooked the inherent variability within these groups.
Quantitative phenotypes may have offered a more nuanced
understanding, capturing the spectrum of individual responses
to the supplementation. Second, by adopting a categorical
approach, we acknowledge the potential oversimplification of
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complex physiological responses, potentially masking variations
in treatment effects within these broad categories. However, we
have previously shown that the classification of participants into
responders and non-responders constituted a major strength of
the FAS Study, allowing a growing reliability in the identification
of actual responders by refining the predictive models (8-10, 57,
58). In terms of clinical relevance, we recently reported that a
prognostic model with such a high predictive performance may be
a suitable decision aid tool to identify individuals likely to benefit
from n-3 FA supplementation in reducing plasma TG levels (57).
Nevertheless, such a predictive tool would need to be validated
first in a larger and heterogeneous cohort to be able to guide
treatment choices, and should emphasize sensitivity (identifying
actual responders) over specificity (accurately classifying non-
responders) to maximize the number of patients benefiting from
n-3 FA treatment. In any case, integrating quantitative phenotypes
may yield a more comprehensive insight into the magnitude and
patterns of response, facilitating a more precise interpretation of
the supplementation efficacy and aiding in targeted interventions.
Thus, future studies should explore the continuum of responses
to provide a deeper understanding of individual variations in the
context of n-3 FA supplementation and plasma TG modulation.

Both the host phenotype and genotype, as well as other
geographical and environmental factors, may influence the
microbial composition in taxa type and abundance (59). More
precisely, it was found that as much as 20% of the microbiota
variability was associated with diet, medication and body
composition (60). In any case, an in-depth study of the gut
microbiota is limited by the absence of fecal samples. Thus, future
studies are still needed to determine its role on the metabolic
heterogeneity observed in response to food consumption, as well
as the impact of diet on its composition, diversity and activity.
Finally, the complex interaction between genetics, environment,
lifestyle, and individual health characteristics also contribute to
the heterogeneity in the response to a nutritional intervention.
Exploring these factors through further research may help elucidate
the unrevealed variability in the plasma TG response to an n-3
FA supplementation.

5 Conclusion

In conclusion, identifying the underlying factors of the
interindividual variability observed in the metabolic response
to n-3 FA will make it possible to develop precision tools to
better prevent chronic societal diseases by modifying lifestyle
habits, including diet. In this study, metabolomic changes
resulted from n-3 FA supplementation showed a limited
impact on the metabolic response derived from it, as well
as on the predictive ability of this response. However, the
integration of multi-omics data still represents a promising
approach to cardiovascular disease prevention, and further efforts
including more comprehensive data, for example intestinal
metagenomics, may help to elucidate the yet unexplained inter-
individual variability observed in the metabolic response to n-3
FA supplementation.

frontiersin.org


https://doi.org/10.3389/fnut.2024.1327863
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org

Morin-Bernier et al.

Data availability statement

The raw data supporting the conclusions of this article will be
made available by the authors, without undue reservation.

Ethics statement

The studies involving humans were approved by Center de
recherche du Centre hospitalier universitaire de Québec and
Université Laval. The studies were conducted in accordance
with the local legislation and institutional requirements. The
participants provided their written informed consent to participate
in this study.

Author contributions

JM-B: Data curation, Formal analysis, Methodology, Writing
- original draft, Writing - review & editing. JT-M: Data curation,
Formal analysis, Methodology, Writing — review & editing. VB:
Data curation, Formal analysis, Methodology, Writing - review
& editing. RS-C: Data curation, Formal analysis, Methodology,
Writing - review & editing. SL: Writing - review & editing. IR:
Writing — review & editing. PC: Writing - review & editing. OB:
Writing - review & editing. M-CV: Supervision, Writing — review
& editing.

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. This study

References

1. Innes JK, Calder PC. Marine omega-3 (N-3) fatty acids for cardiovascular health:
an update for 2020. Int ] Mol Sci. (2020) 21:1362. doi: 10.3390/ijms21041362

2. Caslake MJ, Miles EA, Kofler BM, Lietz G, Curtis P, Armah CK, et al. Effect of sex
and genotype on cardiovascular biomarker response to fish oils: the FINGEN study.
Am ] Clin Nutr. (2008) 88:618-29. doi: 10.1093/ajcn/88.3.618

3. Zheng J, Huang T, Yu Y, Hu X, Yang B, Li D. Fish consumption
and CHD mortality: an updated meta-analysis of seventeen cohort
studies. Public Health Nutr. (2012) 15:725-37. doi: 10.1017/S136898001100
2254

4. Wang C, Harris WS, Chung M, Lichtenstein AH, Balk EM, Kupelnick B, et al.
N-—3 Fatty acids from fish or fish-oil supplements, but not a-linolenic acid, benefit
cardiovascular disease outcomes in primary- and secondary-prevention studies: a
systematic review. Am J Clin Nutr. (2006) 84:5-17. doi: 10.1093/ajcn/84.1.5

5. Riedl A, Gieger C, Hauner H, Daniel H, Linseisen ]. Metabotyping and
its application in targeted nutrition: an overview. Br J Nutr. (2017) 117:1631-
44. doi: 10.1017/S0007114517001611

6. Talayero BG, Sacks FM. The role of triglycerides in atherosclerosis. Curr Cardiol
Rep. (2011) 13:544-52. doi: 10.1007/s11886-011-0220-3

7. Cormier H, Rudkowska I, Paradis AM, Thifault E, Garneau V, Lemieux S, et al.
Association between polymorphisms in the fatty acid desaturase gene cluster and the
plasma triacylglycerol response to an N-3 PUFA supplementation. Nutrients. (2012)
4:1026. doi: 10.3390/nu4081026

8. Rudkowska I, Guénard F, Julien P, Couture P, Lemieux S, Barbier O, et al. Genome-
wide association study of the plasma triglyceride response to an n-3 polyunsaturated
fatty acid supplementation. J Lipid Res. (2014) 55:1245-53. doi: 10.1194/j1r.M045898

Frontiersin Nutrition

11

10.3389/fnut.2024.1327863

was funded by the Canadian Institutes of Health Research (CIHR)
Project Grant (201909P]JT-427057-NUT-CFBA-40819).

Acknowledgments

We thank all study participants and the team members who
helped conduct the FAS Study and ensured its success. We also
thank Catherine Raymond for a laboratory work, Jocelyn Trottier
for measurements of plasma BA levels as well as Pier-Luc Plante,
Roxanne Nolet, and the staff of the INAF metabolic platform for
their contribution to the measurements of SCFAs. JM-B received
a scholarship from the Chair of nutrition of Université Laval, a
supplement from INAF and a supplement from the Jean-Paul-
Houle funds. M-CV is Tier 1 Canada Research in Genomics
Applied to Nutrition and Metabolic Health.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

9. Marcotte BV, Guénard F, Lemieux S, Couture P, Rudkowska I, Calder PC, et al.
Fine mapping of genome-wide association study signals to identify genetic markers of
the plasma triglyceride response to an omega-3 fatty acid supplementation. Am J Clin
Nutr. (2019) 109:176-85. doi: 10.1093/ajcn/nqy298

10. Picklo M, Marcotte BV, Bukowski M, De Toro-Martin ], Rust BM, Guenard F,
et al. Identification of phenotypic lipidomic signatures in response to long chain n-
3 polyunsaturated fatty acid supplementation in humans. ] Am Heart Assoc. (2021)
10:1-33. doi: 10.1161/JAHA.120.018126

11. Wahlstrém A, Sayin SI, Marschall HU, Backhed F. Intestinal crosstalk between
bile acids and microbiota and its impact on host metabolism. Cell Metab. (2016)
24:41-50. doi: 10.1016/j.cmet.2016.05.005

12. Vijay A, Astbury S, Le Roy C, Spector TD, Valdes AM. The prebiotic effects of
omega-3 fatty acid supplementation: a six-week randomised intervention trial. Gut
Microbes. (2021) 13:1-11. doi: 10.1080/19490976.2020.1863133

13. Tung TH, Chen YC, Lin YT, Huang SY. N-3 PUFA ameliorates the gut
microbiota, bile acid profiles, and neuropsychiatric behaviours in a rat model of
geriatric depression. Biomedicines. (2022) 10:1594. doi: 10.3390/biomedicines10071594

14. Jia X, Xu W, Zhang L, Li X, Wang R, Wu S. Impact of gut microbiota and
microbiota-related metabolites on hyperlipidemia. Front Cell Infect Microbiol. (2021)
11:634780. doi: 10.3389/fcimb.2021.634780

15. Nogal A, Valdes AM, Menni C. The role of short-chain fatty acids in the interplay
between gut microbiota and diet in cardio-metabolic health. Curr Nutr Rep. (2021)
13:1-24. doi: 10.1080/19490976.2021.1897212

16. Rekha K, Venkidasamy B, Samynathan R, Nagella P, Rebezov M,
Khayrullin M, et al. Short-chain fatty acid: an updated review on signaling,

frontiersin.org


https://doi.org/10.3389/fnut.2024.1327863
https://doi.org/10.3390/ijms21041362
https://doi.org/10.1093/ajcn/88.3.618
https://doi.org/10.1017/S1368980011002254
https://doi.org/10.1093/ajcn/84.1.5
https://doi.org/10.1017/S0007114517001611
https://doi.org/10.1007/s11886-011-0220-3
https://doi.org/10.3390/nu4081026
https://doi.org/10.1194/jlr.M045898
https://doi.org/10.1093/ajcn/nqy298
https://doi.org/10.1161/JAHA.120.018126
https://doi.org/10.1016/j.cmet.2016.05.005
https://doi.org/10.1080/19490976.2020.1863133
https://doi.org/10.3390/biomedicines10071594
https://doi.org/10.3389/fcimb.2021.634780
https://doi.org/10.1080/19490976.2021.1897212
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org

Morin-Bernier et al.

metabolism, and therapeutic effects. Crit Rev Food Sci Nutr. (2022)

2022:2124231. doi: 10.1080/10408398.2022.2124231

17. Lu Y, Fan C, Li P, Lu Y, Chang X, Qi K. Short chain fatty acids prevent high-
fat-diet-induced obesity in mice by regulating G protein-coupled receptors and gut
microbiota. Sci Rep. (2016) 6:37589. doi: 10.1038/srep37589

18. Houten SM, Watanabe M, Auwerx J. Endocrine functions of bile acids. EMBO J.
(2006) 25:1419. doi: 10.1038/sj.emboj.7601049

19. Lefebvre P, Cariou B, Lien F, Kuipers F Staels B. Role of bile acids
and bile acid receptors in metabolic regulation. Physiol Rev. (2009) 89:147-
91. doi: 10.1152/physrev.00010.2008

20. Forteza F, Bourdeau-Julien I, Nguyen GQ, Guevara Agudelo FA, Rochefort
G, Parent L, et al. Influence of diet on acute endocannabinoidome mediator levels
post exercise in active women, a crossover randomized study. Sci Rep. (2022)
12:8568. doi: 10.1038/s41598-022-10757-0

21. Cummings JH, Pomare EW, Branch HWJ, Naylor CPE, MacFarlane GT. Short
chain fatty acids in human large intestine, portal, hepatic and venous blood. Gut. (1987)
28:1221. doi: 10.1136/gut.28.10.1221

22. Liu LH, Qiu WX, Zhang YH, Li B, Zhang C, Gao F et al. A charge
reversible self-delivery chimeric peptide with cell membrane-targeting properties
for enhanced photodynamic therapy. Adv Funct Mater. (2017) 27:1700220.
doi: 10.1002/adfm.201700220

23. Zhao A, Zhang L, Zhang X, Edirisinghe I, Burton-Freeman BM, Sandhu AK.
Comprehensive characterization of bile acids in human biological samples and effect
of 4-week strawberry intake on bile acid composition in human plasma. Metabolites.
(2021) 11:1-24. doi: 10.3390/metabo11020099

24. Daniel N, Le Barz M, Mitchell PL, Varin T V., Julien IB, Farabos D, et al.
Comparing transgenic production to supplementation of w-3 PUFA reveals distinct
but overlapping mechanisms underlying protection against metabolic and hepatic
disorders. Function. (2022) 4:2qac069. doi: 10.1093/function/zqac069

25. Trottier ], Perreault M, Rudkowska I, Levy C, Dallaire-Theroux A, Verreault
M, et al. Profiling serum bile acid glucuronides in humans: gender divergences,
genetic determinants and response to fenofibrate. Clin Pharmacol Ther. (2013)
94:533. doi: 10.1038/clpt.2013.122

26. R Core Team. R: A Language and Environment for Statistical Computing. Vienna:
R Foundation for Statistical Computing (2022). Available online at:

27. Singh A, Shannon CP, Gautier B, Rohart E, Vacher M, Tebbutt SJ, et al. DIABLO:
an integrative approach for identifying key molecular drivers from multi-omics assays.
Bioinformatics. (2019) 35:3055-62. doi: 10.1093/bioinformatics/bty1054

28. Rohart F Gautier B, Singh A, Lé¢ Cao KA. mixOmics: an R package for
‘omics feature selection and multiple data integration. PLoS Comput Biol. (2017)
13:1005752. doi: 10.1371/journal.pcbi. 1005752

29. Kuhn M. Building predictive models in R using the caret package. J Stat Softw.
(2008) 28:1-26. doi: 10.18637/jss.v028.i05

30. Morrison DJ, Preston T. Formation of short chain fatty acids by the gut
microbiota and their impact on human metabolism. Gut Microbes. (2016) 7:189-
200. doi: 10.1080/19490976.2015.1134082

31. Noriega BS, Sanchez-Gonzalez MA, Salyakina D, Coffman J. Understanding
the impact of omega-3 rich diet on the gut microbiota. Case Rep Med. (2016)
2016:3089303. doi: 10.1155/2016/3089303

32. Brewer HB, Santamarina-Fojo S. Clinical significance of high-density
lipoproteins and the development of atherosclerosis: focus on the role of the
adenosine triphosphate-binding cassette protein Al transporter. Am J Cardiol. (2003)
92:10-6. doi: 10.1016/50002-9149(03)00769-0

33. Zietek M, Celewicz Z, Kikut J, Szczuko M. Implications of SCFAs on the
parameters of the lipid and hepatic profile in pregnant women. Nutrients. (2021)
13:1749. doi: 10.3390/nul13061749

34. Gao Y, Chen H, LiJ], Ren S, Yang Z, Zhou Y, et al. Alterations of gut microbiota-
derived metabolites in gestational diabetes mellitus and clinical significance. J Clin Lab
Anal. (2022) 36:¢24333. doi: 10.1002/jcla.24333

35. Granado-Serrano AB, Martin-Gari M, Sanchez V, Riart Solans M, Berdun
R, Ludwig IA, et al. Faecal bacterial and short-chain fatty acids signature in
hypercholesterolemia. Sci Rep. (2019) 9:1-13. doi: 10.1038/s41598-019-38874-3

36. Heimann E, Nyman M, Palbrink AK, Lindkvist-Petersson K, Degerman
E. Branched short-chain fatty acids modulate glucose and lipid metabolism
in primary adipocytes. Adipocyte. (2016) 5:359. doi: 10.1080/21623945.2016.12
52011

37. Shirouchi B, Nagao K, Furuya K, Nagai T, Ichioka K, Tokairin S, et al.
Physiological functions of iso-type short-chain fatty acid and omega 3 polyunsaturated
fatty acids containing oil in obese OLETF rats. J Oleo Sci. (2010) 59:299-
305. doi: 10.5650/j0s.59.299

Frontiersin

12

10.3389/fnut.2024.1327863

38. Khaire A, Rathod R, Kale A, Joshi S. Vitamin B12 and omega-3 fatty acids
together regulate lipid metabolism in Wistar rats. Prostaglandins Leukot Essent Fatty
Acids. (2015) 99:7-17. doi: 10.1016/j.plefa.2015.04.006

39. Yessoufou A, Nekoua MP, Gbankoto A, Mashalla Y, Moutairou K.
Beneficial effects of omega-3 polyunsaturated fatty acids in gestational diabetes:
consequences in macrosomia and adulthood obesity. J Diabetes Res. (2015)
2015:731434. doi: 10.1155/2015/731434

40. Sun WL, Hua S, Li XY, Shen L, Wu H, Ji HF. Microbially produced vitamin
B12 contributes to the lipid-lowering effect of silymarin. Nat Commun. (2023) 14:1-
13. doi: 10.1038/541467-023-36079-x

41. Aguirre M, Eck A, Koenen ME, Savelkoul PHM, Budding AE, Venema K.
Diet drives quick changes in the metabolic activity and composition of human
gut microbiota in a validated in vitro gut model. Res Microbiol. (2016) 167:114-
25. doi: 10.1016/j.resmic.2015.09.006

42. Pieper R, Ger SK, Richter JE, Wang J, Martin L, Bindelle J, et al. Fermentable
fiber ameliorates fermentable protein-induced changes in microbial ecology, but
not the mucosal response, in the colon of piglets. J Nutr. (2012) 142:661-
7. doi: 10.3945/jn.111.156190

43. Marriott BP, Birt DE, Stallings VA, Yates AA. Present Knowledge in Nutrition.
Volume 1, Basic Nutrition and Metabolism.

44. Hossain MN, Senaka Ranadheera C, Fang Z, Ajlouni S. Production of short chain
fatty acids and vitamin B12 during the in-vitro digestion and fermentation of probiotic
chocolate. Food Biosci. (2022) 47:101682. doi: 10.1016/j.tbio.2022.101682

45. Angelib B, Carlson LA. Bile acids and plasma high density lipoproteins:
biliary lipid metabolism in fish eye disease. Eur J Clin Invest. (1986) 16:157-
62. doi: 10.1111/j.1365-2362.1986.tb01323.x

46. McMillin M, Frampton G, Quinn M, Ashfaq S, De Los Santos M, Grant S, et al.
Bile acid signaling is involved in the neurological decline in a murine model of acute
liver failure. Am J Pathol. (2016) 186:312-23. doi: 10.1016/j.ajpath.2015.10.005

47. Nakaya K, Tkewaki K. Microbiota and HDL metabolism. Curr Opin Lipidol.
(2018) 29:18-23. doi: 10.1097/MOL.0000000000000472

48. He K, Hu Y, Ma H, Zou Z, Xiao Y, Yang Y, et al. Rhizoma
Coptidis alkaloids alleviate hyperlipidemia in B6 mice by modulating
gut microbiota and bile acid pathways. Biochim Biophys Acta. (2016)

1862:1696-709. doi: 10.1016/j.bbadis.2016.06.006

49. Schoeler M, Caesar R. Dietary lipids, gut microbiota and lipid metabolism. Rev
Endocr Metab Disord. (2019) 20:461-72. doi: 10.1007/s11154-019-09512-0

50. Kindt A, Liebisch G, Clavel T, Haller D, Hérmannsperger G, Yoon H, et al. The
gut microbiota promotes hepatic fatty acid desaturation and elongation in mice. Nat
Commun. (2018) 9:4. doi: 10.1038/s41467-018-05767-4

51. Just S, Mondot S, Ecker J, Wegner K, Rath E, Gau L, et al. The gut microbiota
drives the impact of bile acids and fat source in diet on mouse metabolism. Microbiome.
(2018) 6:1-18. doi: 10.1186/s40168-018-0510-8

52. Yoo SR, Kim Y], Park DY, Jung UJ, Jeon SM, Ahn YT, et al. Probiotics L.
plantarum and L. curvatus in combination alter hepatic lipid metabolism and suppress
diet-induced obesity. Obesity. (2013) 25:71-8. doi: 10.1002/0by.20428

53. An HM, Park SY, Lee DK, Kim JR, Cha MK, Lee SW, et al. Antiobesity and
lipid-lowering effects of Bifidobacterium spp. in high fat diet-induced obese rats. Lipids
Health Dis. (2011) 10:116. doi: 10.1186/1476-511X-10-116

54. Cotillard A, Kennedy SP, Kong LC, Prifti E, Pons N, Le Chatelier E, et al.
Dietary intervention impact on gut microbial gene richness. Nature. (2013) 500:585-
8. doi: 10.1038/nature12480

55. Le Chatelier E, Nielsen T, Qin J, Prifti E, Hildebrand F, Falony G, et al. Richness
of human gut microbiome correlates with metabolic markers. Nature. (2013) 500:541-
6. doi: 10.1038/nature12506

56. Fu J, Bonder MJ, Cenit MC, Tigchelaar EF, Maatman A, Dekens JAM, et al. The
gut microbiome contributes to a substantial proportion of the variation in blood lipids.
Circ Res. (2015) 117:817-24. doi: 10.1161/CIRCRESAHA.115.306807

57. Gauthier E, de Toro-Martin J, Vallée-Marcotte B, Lemieux S, Rudkowska I,
Couture P, et al. Update of a genetic risk score predictive of the plasma triglyceride
response to an omega-3 fatty acid supplementation in the FAS study. Nutrients. (2023)
15:1156. doi: 10.3390/nu15051156

58. Vallée Marcotte B, Allaire J, Guénard F, De Toro-Martin J, Couture P, Couture
P, et al. Genetic risk prediction of the plasma triglyceride response to independent
supplementations with eicosapentaenoic and docosahexaenoic acids: the ComparED
study. Genes Nutr. (2020) 15:1-8. doi: 10.1186/512263-020-00669-x

59. Costantini L, Molinari R, Farinon B, Merendino N. Impact of omega-3 fatty acids
on the gut microbiota. Int ] Mol Sci. (2017) 18:2645. doi: 10.3390/ijms18122645

60. Rothschild D, Weissbrod O, Barkan E, Kurilshikov A, Korem T, Zeevi D, et al.
Environment dominates over host genetics in shaping human gut microbiota. Nature.
(2018) 555:210-5. doi: 10.1038/nature25973


https://doi.org/10.3389/fnut.2024.1327863
https://doi.org/10.1080/10408398.2022.2124231
https://doi.org/10.1038/srep37589
https://doi.org/10.1038/sj.emboj.7601049
https://doi.org/10.1152/physrev.00010.2008
https://doi.org/10.1038/s41598-022-10757-0
https://doi.org/10.1136/gut.28.10.1221
https://doi.org/10.1002/adfm.201700220
https://doi.org/10.3390/metabo11020099
https://doi.org/10.1093/function/zqac069
https://doi.org/10.1038/clpt.2013.122
https://www.R-project.org/
https://www.R-project.org/
https://doi.org/10.1093/bioinformatics/bty1054
https://doi.org/10.1371/journal.pcbi.1005752
https://doi.org/10.18637/jss.v028.i05
https://doi.org/10.1080/19490976.2015.1134082
https://doi.org/10.1155/2016/3089303
https://doi.org/10.1016/S0002-9149(03)00769-0
https://doi.org/10.3390/nu13061749
https://doi.org/10.1002/jcla.24333
https://doi.org/10.1038/s41598-019-38874-3
https://doi.org/10.1080/21623945.2016.1252011
https://doi.org/10.5650/jos.59.299
https://doi.org/10.1016/j.plefa.2015.04.006
https://doi.org/10.1155/2015/731434
https://doi.org/10.1038/s41467-023-36079-x
https://doi.org/10.1016/j.resmic.2015.09.006
https://doi.org/10.3945/jn.111.156190
https://doi.org/10.1016/j.fbio.2022.101682
https://doi.org/10.1111/j.1365-2362.1986.tb01323.x
https://doi.org/10.1016/j.ajpath.2015.10.005
https://doi.org/10.1097/MOL.0000000000000472
https://doi.org/10.1016/j.bbadis.2016.06.006
https://doi.org/10.1007/s11154-019-09512-0
https://doi.org/10.1038/s41467-018-05767-4
https://doi.org/10.1186/s40168-018-0510-8
https://doi.org/10.1002/oby.20428
https://doi.org/10.1186/1476-511X-10-116
https://doi.org/10.1038/nature12480
https://doi.org/10.1038/nature12506
https://doi.org/10.1161/CIRCRESAHA.115.306807
https://doi.org/10.3390/nu15051156
https://doi.org/10.1186/s12263-020-00669-x
https://doi.org/10.3390/ijms18122645
https://doi.org/10.1038/nature25973
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org

	Revisiting multi-omics-based predictors of the plasma triglyceride response to an omega-3 fatty acid supplementation
	1 Introduction
	2 Materials and methods
	2.1 FAS study population
	2.2 Study design
	2.3 Genomic, lipidomic, and metabolomic analyses
	2.4 Statistical analysis
	2.5 Predictive analysis

	3 Results
	3.1 Characteristics of the study participants
	3.2 Metabolomic analysis
	3.3 Mediation analysis
	3.4 Predictive analysis

	4 Discussion
	5 Conclusion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher's note
	References


