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1 ABSTRACT
Background & Aims

Non-alcoholic fatty liver disease (NAFLD) is characterized by the pathological accumulation of
triglycerides in hepatocytes and is associated with insulin resistance, atherogenic dyslipidemia,
and cardiometabolic diseases. Thus far, the extent of metabolic dysregulation associated with
hepatic triglyceride accumulation has not been fully addressed. In this study we aimed to identify
metabolites associated hepatic triglyceride content (HTGC) and map these associations using
network analysis.

Methods

To gain insight in the spectrum of metabolites associated with hepatic triglyceride accumulation,
we performed a comprehensive plasma metabolomics screening of 1,363 metabolites in appar-
ently healthy middle aged (age 45-65) individuals (N=496) in whom HTGC was measured by
proton magnetic resonance spectroscopy. An atlas of metabolite-HTGC associations, based on
univariate results, was created using correlation-based Gaussian graphical model (GGM) and
genome scale metabolic model (GSMM) network analyses.

Results

Our analyses revealed that 118 metabolites were univariately associated with HTGC (P-value
< 6.59x10°), including 106 endogenous, 1 xenobiotic, and 11 partially characterized/uncharac-
terized metabolites. These associations were mapped to several biological pathways including
branched amino acids (BCAA), diglycerols, sphingomyelin, glucosyl- and lactosyl- ceramides.
We also identified novel a possible HTGC related pathway connecting glutamate, metabolonic
lactone sulfate, and X-15245 using the GGM network. The full interactive metabolite-HTGC atlas
is provided online: https://tofaquih.github.io/AtlasLiver/.

Conclusions

The combined network and pathway analyses indicated extensive associations between BCAA
and the lipids pathways with HTGC. Moreover, we report a novel pathway glutamate-metab-
olonic lactone sulfate-X-15245 with a potential strong association with HTGC. These findings
can aid elucidating HTGC metabolomic profiles and provide insight in novel drug targets for
treatment or monitoring of NAFLD.
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2 INTRODUCTION

Nonalcoholic fatty liver disease (NAFLD) is a highly prevalent liver condition and a common
cause of liver disease. It is estimated that NAFLD has a global prevalence of approximately 25%
(95% Cl: 22 — 28) (1, 2). NAFLD is considered a metabolic disease and is strongly associated with
cardiovascular disease, insulin resistance (IR), type 2 diabetes (T2D), obesity, dyslipidemia, and
hypertension. NAFLD is diagnosed when the accumulation of triglycerides in the liver exceeds
5%, in people without excessive alcohol intake and alternative causes for liver disease, such as
hepatitis infection (1). Assessment of triglyceride content in the liver is commonly measured by
ultrasonography, due to its low coast and wide availability, but quantitative assessment is mostly
performed using proton magnetic resonance spectroscopy (*H-MRS) (3). The term NAFLD covers
a wide range of liver damage levels, including minor steatosis to major cirrhosis. Triglyceride
deposition occurs depending on, amongst other factors, diet and fasting status (4). Pathological
hepatic triglyceride accumulation is the consequence of an imbalance between hepatic uptake
of endogenous triglycerides and fatty acids, hepatic triglyceride secretion, de-novo lipogenesis
and fatty acid oxidation. Disturbances in these processes are strongly associated with insulin
resistance and may also cause further progression of metabolic diseases such as T2D and NAFLD
(4). The development of NAFLD as well as the progression to steatosis and cirrhosis varies greatly
between individuals. This is due to the complex and multifactorial pathogenesis of fatty liver
diseases (5). In addition to environmental acquired factors (6, 7), genetic factors also play an
important role (8).

Several studies have been performed to gain insight into the complex etiology of NAFLD by
applying metabolomics (9). Changes in circulating metabolites are thought to reflect the
composite of both environmental, acquired, and genetic factors of an individual. Metabolomics
can thus provide holistic insight to capture the complexity of multi-factorial diseases such as
NAFLD (10, 11). Current high-throughput untargeted metabolomic platforms are capable of
measuring and mapping over 1000 metabolites from an array of biological pathways from a
single biological sample (e.g., blood, urine, or saliva). In addition to well-annotated endogenous
metabolites, both xenobiotic metabolites derived from the diet and medications as well as
uncharacterized metabolites are reported (12). Although metabolomic analysis has been previ-
ously performed in patients with NAFLD (13) most studies had limited sample sizes or focused on
a specific subset of metabolites using targeted metabolomics methods (9).

Here we aimed to elucidate the HTGC metabolomic profile as assessed by proton magnetic
resonance spectroscopy (*H-MRS), in a middle-aged population (N=496) using an untar-
geted metabolomics platform (1,363 metabolites). We further created a comprehensive atlas
of HTGC-associated metabolites and pathways from our results using two pathway analysis
approaches that allows flexible and interactive examination of our results.
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3 METHODS

3.1 Study Population

For our present study we included 599 participants from the Netherlands Epidemiology of
Obesity (NEO) with available metabolomics data from the general Leiderdorp subpopulation.
The Leiderdorp subpopulation was included based on postcode and age (45-65 years) only. We
excluded 103 participants who did not undergo direct assessment of the hepatic triglyceride
content (HTGC) by *H-MRS. Therefore, final number of participants included in the present study
was 496. The characteristics of the included participants are presented in Table 1. Metabolites
were measured using the Metabolon™ Discovery HD4 platform (Metabolon Inc., Durham, North
Carolina, USA). In total, 1,363 serum metabolites were measured of which 840 metabolites were
from various endogenous pathways (56% lipids, 31% amino acids, 13% other), 227 xenobiotic
metabolites, and 296 metabolites that were uncharacterized (unknown chemical structure and
biological properties). Further details regarding the study design, HTGC assessment procedure,
and metabolite measurements are described in detail in previous works (14, 15) and in the
Supplementary Materials.

The NEO study was approved by the Medical Ethics committee of the Leiden University Medical
Centre under protocol P08.109. The study is also registered at clinicaltrials.gov under number
NL21981.058.08 / P08.109. All participants gave written informed consent (14).

3.2 Statistical Analysis

For the analysis we used multiple linear regressions to test the associations between the metab-
olites from the untargeted platform with the outcome HTGC. We further adjusted for potential
confounding by including sex, age, total body fat, alcohol intake, and lipid lowering medication
in the models.

Natural log-transformation was applied to the outcome variable, HTGC, as it was heavily
skewed. One individual had a measurement of 0 units of HTGC and was imputed to half the
minimum (0.1) before the log-transformation. Missing values in the measured metabolites were
imputed using multiple imputation by chained equations as described in our previous work (12).
Details regarding the analysis, imputation and scaling of the metabolites are described in the
Supplementary Methods.

Additionally, to examine the known sex differences in metabolites, we performed the analysis
separately for men and women. We further stratified the women subgroup by menopausal
status to examine the metabolomic profile after menopause. Menopausal status was defined
as a binary variable based on a questionnaire (Supplementary Material) wherein postmeno-
pausal women were coded as 1 and premenopausal and perimenopausal women were coded
as 2. Finally, as sensitivity analysis, we adjusted for HOMA-IR to investigate if the associations of
metabolites with HTGC were dependent on IR, particularly for those known to be associated with
IR i.e., amino acids and carbohydrates.

3.3 Pathway Analysis

Significant metabolites from the main analysis and the sex stratified analysis were subsequently
analyzed with two pathway/network analysis methods: Gaussian Graphical Model (GGM) and
Genome Scale Metabolic Model (SMM). GGM has been used and described in previous studies
as a viable approach for the visualization and reconstruction of biological pathways from corre-
lation data. This method is particularly useful for our study and other studies with large metabo-
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lomic datasets from untargeted platforms (16). In contrast, GSMM methods are based on a priori
defined and curated pathways and have also been used in metabolomic and non-metabolomic
studies (17). In addition, we used an inhouse developed GSMM tool to construct the networks.
Both methods are thus complementary in their basis, i.e., without and with prior pathway
knowledge. Full details regarding the methodology used to create both networks are available in
the Supplementary Methods. These interactive networks can be accessed on https://tofaquih.
github.io/AtlasLiver/.

4 RESULTS

4.1 Association Analyses of Metabolites and HTGC

Univariate linear regression analyses were performed to examine the associations between
the 1,365 metabolites and the outcome HTGC, adjusting for sex, age, total body fat, alcohol
intake, and lipid-lowering medication. In total, and after considering multiple testing correction
(P-value < 6.59x107%), 118 metabolites were associated with HTGC, of which 101 were associated
with higher levels of HTGC. From these metabolites, many were from the lipids and amino acid
classes, as well as a few from the vitamin, nucleotide, carbohydrate classes, uncharacterized
metabolites, 1 partially characterized metabolite, and 1 xenobiotic (Supp Table 1). Excluding
individuals with lipid lowering medications did not alter the results.

Additional analyses after stratification for sex and menopausal status were performed, which
showed complete overlap in the directions of the effects between men and women, between
men above and below the age of 60, and women before and after menopause. In general, a
higher number of associations present and the effect estimates were larger in women (particu-
larly post-menopause) compared to men, with 82 and 35 metabolites associated with HTGC
respectively (Figure 1). As the direction of the effects was identical between men and women for
all metabolites (Figure 2), all subsequent descriptions and analyses were performed in the full
set of 118 associated metabolites.

4.2 Amino acid and Carbohydrate Metabolism

In total, 37 out of the 264 measured amino acids and peptides were associated with HTGC, of
which 34 were associated with higher HTGC levels—particularly BCAA and their keto forms. The
amino acids and derivatives with the strongest association were glutamate [B: 2.41 (95% Cl 1.93;
2.9)], 3-methyl-2-oxovalerate [B: 2.36 (95% Cl 1.75; 2.97)], isoleucine [B: 2.28 (95% CI 1.75; 2.82)],
tyrosine [B: 2.03 (95% Cl 1.5; 2.55)], and lactoylvaline [B: 1.97 (95% CI 1.5; 2.44)] in addition to
the carbohydrates, glucose [B: 1.84 (95% CI 1.21; 2.47)] and pyruvate [B: 1.44 (95% Cl 0.93;
1.95)]. Sensitivity analyses adjusting for HOMA- IR were also performed for the insulin resistance
related subgroup of amino acid and carbohydrate metabolites (n=264). Accordingly, 33 metab-
olites were associated with HTGC in this model, of which 32 overlapped with the findings in the
main model, with the exception of lysine. Moreover, 10 metabolites, including pyruvate and
glucose, were not associated with HTGC in the sensitivity analysis. For the overlapping associa-
tions between the two models, the effect of the metabolites on HTGC was weaker after adjusting
for HOMA-IR. The findings indicated that the associations of the amino acids and carbohydrates
metabolites with the levels of HTGC were overall largely independent from IR. These results are
detailed and discussed in the Supplementary Materials and Supplementary Figure 1.
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4.3 Lipids

Out of the 475 measured lipid-related metabolites, 62 lipid metabolites belonging to 19 lipid
subclasses were associated with HTGC, including phosphatidylcholines (PCs), phosphatidyleth-
anolamines (PEs), phosphatidylinositols (Pls), sphingomyelins, glycerolipids, corticosteroids,
ceramides, and dihydroceramides.

Among these lipid metabolites. 52 were associated with higher HTGC levels. Some of these
strongly associated lipids were: palmitoyl-oleoyl-glycerol (16:0/18:1) [B: 2.23 (95% CI 1.72;
2.73)], 1-palmitoyl-2-palmitoleoyl-glycerophosphorylcholine (16:0/16:1) [B: 2.16 (95% CI 1.63;
2.69)], myristoyl linoleoyl glycerol (14:0/18:2) [B: 2.12 (95% ClI 1.61; 2.63)], and two isomers
of diacylglycerol (14:0/18:1, 16:0/16:1) [B: 2.09 (95% CI 1.57; 2.6) and [B: 1.94 (95% CI 1.46;
2.42)]. All dihydrosphingomyelin species had positive associations with HTGC of which three
metabolites had a P-value above the significance threshold, with the most salient being sphingo-
myelin (d18:0/18:0, d19:0/17:0) [B: 2.15 (95% Cl 1.63; 2.66)].

Ten lipid metabolites were associated with lower levels of HTGC, amongst which were several
ether-PC species and glycosylceramide (HCER) and lactosylceramide (LCER) species. Among those
metabolites were two sphingomyelins with long fatty acyl chains—sphingomyelin (d18:2/24:1,
d18:1/24:2) [B:-1.29 (95% CI-1.79; -0.78)] and sphingomyelin (d18:2/24:2) [B: -1.68 (95% CI -2.27;
-1.09)]. For the HCER and LCER metabolites, the HCER glycosylceramide (d18:2/24:1, d18:1/24:2)
[B: -1.31 (95% CI -1.87; -0.74)] and two LCER metabolites lactosyl-N-nervonoyl-sphingosine
(d18:1/24:1) [B: -1.57 (95% Cl -2.06; -1.08)] and lactosyl-N-palmitoyl-sphingosine (d18:1/16:0)
[B: -1.17 (95% CI -1.68; -0.65)] reduced HTGC levels. Finally, glycerophosphorylcholine (GPC), a
derivate of choline and a breakdown product of PCs, reduced HTGC levels as well [B: -1.13 (95%
Cl-1.68; -0.59)].

4.4 Other Metabolites

Metabolonic lactone sulfate, a partially characterized metabolite, was found to be strongly
associated with higher HTGC levels [B: 2.18 (95% Cl 1.73; 2.63)]. Only one xenobiotic metabolite,
4-ethylcatechol, was associated with HTGC and it was strongly associated with the reduction
of HTGC levels [B: -1.63 (95% Cl -2.43; -0.84]. Ten uncharacterized metabolites were associated
with higher HTGC. Other metabolites included two nucleotides: xanthine and guanine. Xanthine
was associated with the higher HTGC levels [B: 1.25 (95% CI 0.76; 1.75] while guanine had the
opposite effect [B: -1.09 (95% Cl -1.55; -0.63]. Finally, tocopherol metabolites including alpha-to-
copherol [B: 1.27 (95% Cl 0.77; 1.78] and gamma-tocopherol/beta-tocopherol [B: 1.18 (95%
Cl-0.62; 1.73] also associated with higher HTGC levels.

4.5 Correlation Based Network Analysis Using GGM

GGM networks were generated including all significantly (P-value < 6.59x10°) associated
metabolites (N=118). This method identified two major clusters: amino acids and lipids
(Figure 3).

The amino acids and related metabolites can be organized into 3 groups: 1) Primary amino acids
e.g., glutamate; 2) Derivates of amino acids with either a carbon group (lactoylvaline), oxo- and
methyl groups (e.g., 3-methyl-2-oxovalerate) or an acetyl group (e.g., N-acetyltryptophan); 3)
Ketoacids, products of incomplete breakdown of amino acids (e.g., 4-methyl-2-oxopentanoate).

Overall, the network pattern shows the primary BCAA connecting to each other via the amino
acids derivates and ketoacids. The common endpoint of these connections led to glutamate,
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pyruvate, and glucose. Moreover, all uncharacterized metabolites related to BCAAs were inter-
mediates for glucose, pyruvate, and alpha ketoglutarate (AKG). Some amino acids were correlated
with metabolites in the lipid cluster such as the connection between leucine and N-palmitoyl-
sphinganine (d18:0/16:0).

Regarding the lipids cluster, the GGM network showed strong interconnectivity between
diacylglycerols, monoacylglycerols, as well as links to Pls, PCs, and PEs (https://tofaquih.github.
io/AtlasLiver/Networks/LiverFatNetworks/Model2/SexAdj/network/). Moreover, all 10 of
the negatively associated lipids—which included sphingomyelins, ether PC, and glucosyl- and
lactosylceramide species—were connected to each other and formed a subcluster within the
lipids. The partially characterized metabolite metabolonic lactone sulfate showed a positive
correlation with glutamate only in the stratified analyses in men and post-menopausal women
(data not shown). Alpha-tocopherol and gamma-tocopherol/beta-tocopherol were correlated
and connected in the GMM network and, interestingly, alpha-tocopherol was also connected to
cholesterol.

4.6 GSMM Pathway-based Analyses

To assess how and whether HTGC associated metabolites were linked biochemically to one
another through metabolic pathways, a network analysis based on the genome scale metabolic
model HRM2 was performed (Figure 4). The network showed several amino acids subclusters
that were associated with higher HTGC, amongst which the BCAAs and their keto and 2-hydroxy
form, the clusters of aromatic amino acids and intermediates, and glutamate and alpha-ketoglu-
tarate. The lipid cluster showed the relation between the positively and negatively correlated
lipids, providing insight into the enzymatic conversions which are potentially affected by HTGC.
The pathway mapping of the 10 lipid metabolites that were associated with lower level HTGC
reported in GGM network were also confirmed in the GSMM. Biochemical reactions were found
to connect sphingomyelin species to the glucosylceramide and lactosylceramide species (labeled
as LacCer in the GSMM network) via the ceramides. An additional connection not shown in the
GSMM network included the reactions connecting glucosylceramide to glucose via its breakdown
to ceramide and glucose.

To improve the interpretability of the network, only the main lipid classes were shown as nodes.
The full network of associated metabolites is available as an interactive, single page website:
https://tofaquih.github.io/AtlasLiver/Networks/LiverFatNetworks/.

5 DISCUSSION

In the present work, we establish a comprehensive atlas of metabolites associated with HTGC in
a Dutch population composed of middle-aged men and women. We used an untargeted metab-
olomics approach to measure 1361 metabolites and *H-MRS measurement of HTGC. In total,
118 metabolites were associated with HTGC after correction for sex and other confounders, of
which 101 associated with higher levels of HTGC. Stratification by sex and menopause in women
revealed that a larger number of associations was significant in the women strata and the
estimates of the effect sizes were higher in women, particularly post-menopause. However, the
directions of the effects for the overlapping metabolite-HTGC associations were uniform in all
strata. This difference was observed despite a higher average level of HTGC in men. Apparently,
metabolites have strong correlations even with smaller HTGC ranges. Pathway analyses revealed
2 clusters of interrelated metabolites, one primarily involving amino acid related metabolism and
the other lipid metabolism.
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5.1 91.Branched Chain Amino Acids and Branched Chain Keto Acids

Our analysis showed that amino acids levels were overall associated with higher levels of HTGC.
Moreover, these amino acids had clear clustering in both the GGM- and the GSMM-based
pathway network analyses. These results coincided with previous literature findings that
elevated levels of BCAAs associated with HTGC and NAFLD (9, 18, 19). The primary metabo-
lites from the amino acids associated with higher HTGC were glutamate, leucine, isoleucine,
and valine. In addition, untargeted metabolomics enabled us to screen metabolite deriva-
tives and subclasses, several of which we also found to be strongly associated with the higher
levels of HTGC. These derivatives form during normal or abnormal breakdown of BCAAs and
include BCAAs with acetyl, lactoyl or methyl groups, as well as metabolites categorized as
branched chain keto acids (BCKA), their 2-hydroxy form, and gamma-glutamyl alpha-amino
acids. Furthermore, these metabolites were shown in the GGM and GSMM at the intersection
of the BCAAs, glutamate, and pyruvate. The derivatives, particularly BCKAs, are an indication
of an association between BCAA catabolism with HTGC levels (20, 21). It is interesting that
the BCAAs and derivates, known to be associated with body fat and insulin resistance (20),
remained associated with HTCG despite the adjustment for total body fat and after further
adjustment for HOMA-IR in the sensitivity analysis. These results indicate that these associ-
ations were overall independent from body fat and IR. A few amino acids that were previ-
ously found to be associated with HTGC and NAFLD using ultrasonography assessment did
not replicate in our study. For example, serine and glycine were not associated with HTGC
in our analysis contrary to the results of previous studies (9, 22). Moreover, the proposed
glutamate-serine-glycine index in those studies was also not observed in our analysis despite
our larger sample size (N= 496 versus N=64 [N=20 controls]). This discrepancy could possibly
be due to our study included participants from the general population with an HTGC range
around 5.6% and did not focus on NAFLD or NASH patients specifically in a case-control study
design. Therefore, it is possible that serine and glycine are better markers for advanced stages
of HTGC, as observed in NAFLD/NASH patients, due to the stronger effect of metabolic dysreg-
ulation, but are not strong markers for general levels of HTGC.

5.2 92.Lipid Metabolites

Lipids have the largest effect estimates in the GGM and GSMM networks and reflect a
strong association of lipid metabolism with HTGC. This cluster contained lipids from various
subclasses of which di- and mono-glycerides were predominant. These associations with
HTGC, particularly from di- and mono-glycerides, are supported by previous studies (23). The
GGM network showed strong correlations between diglycerols, PCs, PEs, Pls, and other lipid
subclasses, consistent with our GSMM based network and the established biological pathways
(24). Overall, most of the lipids (N=52 of 62) were associated with higher HTGC levels. Notable
exceptions were the group of 10 lipids comprising of ether-PC species, sphingomyelin, HCER,
and LCER species, which the highest reduction effect on HTGC levels in our results. In addition,
these lipids were highly connected in the GMM network and shared the same biological
pathways in the GSMM network. Interestingly, the aforementioned sphingomyelins with long
fatty acyl chains reduced HTGC levels, in contrast to dihydrosphingomyelins which associated
with higher HTGC. Other interesting metabolite groups were the beforementioned HCER and
LCER. Unlike the ceramide and dihydroceramide metabolites, which associated with higher
HTGC level, both HCER and LCER had the opposite effect. In this case, the breakdown of these
metabolites seems to contribute to the upregulation of ceramides and dihydroceramides, as
well as glucose, specifically via HCER (25).
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The associations of the ceramides and dihydroceramides with higher HTCG are analogous to
previous studies on NAFLD (26-28). However, the associations of sphingomyelins and dihydros-
phingomyelins with HTGC and NAFLD in humans are less studied and understood compared to
the associations of ceramides (29). Since dihydroceramides are precursors for the synthesis of
dihydrosphingomyelins (28, 30), it could explain their association with higher HTGC. However, a
small study by Lovric et al. (N=75) (31) reported contrary pattern using the same metabolomic
platform used in our study, in which higher sphingomyelins but lower dihydrosphingomyelins
were associated with NAFLD. In mice, dietary sphingomyelins were associated with a decrease
of HTGC in the liver (32). Regarding HCER and LCER, as stated earlier, HCER is involved in the
synthesis of LCER, ceramide, and glucose (25). In addition, both LCER and HCER are involved in
glycosphingolipid metabolism (33). One small study (n=28) reported a positive association HCER
and LCER with NASH (29). Finally, a recent a study reported similar results of higher dihydros-
phingolipid classes being associated with increased fibrosis in animal models and NAFLD patients
(34).

Overall, our study presents a deeper look into these metabolite subclasses in a larger sample
size in a general population. Further studies focusing on the contrasting associations of sphingo-
myelins versus dihydrosphingomyelins and ceramide versus HCER could elucidate their specific
function and relationship to HTGC and NAFLD in humans.

5.3 Other Metabolites Strongly Associated with HTGC

In addition to the amino acids and lipids results, our analysis and the GGM network included
uncharacterized and xenobiotic metabolites, not previously reported in HTGC or NAFLD studies.
A particularly interesting finding was the relatively novel metabolite metabolonic lactone sulfate
(formerly assigned the ID X-12063). Metabolonic lactone sulfate had a large effect estimate in
the adjusted and the stratified models and was associated with higher HTGC levels. Previous
studies have found this metabolite to be a biomarker and a predictor for T2D (35-37) and acute-
on-chronic liver failure (38). Moreover, metabolonic lactone sulfate was associated with cardio-
metabolic disease (39) and was positively correlated with BMI, waist hip ratio, and HOMA-IR (40).
Metabolonic lactone sulfate was also reported to be associated with the CYP3A5/ZSCAN25 locus
via the rs10242455 (41) and rs7808022 (42) single nucleotide polymorphisms (SNPs), respec-
tively. This genes in this region are highly expressed in the liver and share the same regulatory
promoters (43). The gene CYP3A is particularly expressed in the liver and encodes for the CYP3A
protein, a key drug-metabolizing liver enzyme (39, 43). Although the specific functionality
and underlying biological pathways of metabolonic lactone sulfate remains unelucidated, the
available evidence suggests a link with the liver function, cardiometabolic diseases. This supports
our findings regarding the association of metabolonic lactone sulfate with higher HTGC levels
and possibly NAFLD.

4-Ethylcatechol is a xenobiotic metabolite that is primarily acquired from the ingestion of coffee
beverages and products (44, 45). In our analysis, 4-Ethylcatechol was associated with lower HTGC
levels and was not connected to any metabolites in the GGM or GSMM networks. Protective
properties of coffee and caffeine intake against liver fibrosis have been suggested before due
to its anti-fibrotic and antioxidant effects (46, 47). Several studies examining the association
of coffee consumption with liver fat found similarly reduced HTGC (46, 48, 49). For instance,
a recent large systematic review and meta-analysis study found that coffee consumption was
negatively associated with liver fibrosis and suggested protection from severe liver fibrosis and
cirrhosis (46). Results for patients with NAFLD were less conclusive with some showing that
increased coffee consumption was associated with reduction of NAFLD (49).
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Uncharacterized metabolites, such as X-15245, X-24295, X-19438, and X-25343, are associated
with HTGC with strong connections to pyruvate, glucose, and AKG. Further analysis into the
structure of these metabolites is needed to determine their identities and their biological
relationships to HTGC and the other metabolites in the network.

Our analysis also shows associations with vitamin E metabolites. Briefly, vitamin E metabolites
(alpha-tocopherol and gamma-tocopherol/beta-tocopherol) are positively associated with HTGC,
and alpha-tocopherol was directly correlated with cholesterol in the GGM network. This finding
is supported by one study that found a positive correlation between vitamin E and NAFLD (50).
Moreover, vitamin E is known to bind to lipoproteins in the blood which promoted the usage of
cholesterol-adjusted vitamin E in several studies as a superior measurement of vitamin E (51).
However, the mechanism linking vitamin E with HTGC remains unclear and clinical trials present
mixed results regarding the relationships. Some studies have shown a negative or no relation
while others suggested possibly therapeutic benefits of vitamin E supplementation for NAFLD
and NASH patients via the suppression of HTGC (52, 53).

5.4 Pathway Analysis

Pathway analysis was performed using two approaches. The first approach—GMM—is
data-driven and calculates the partial correlations between the HTGC associated metabolites to
create a network. The second approach maps metabolites to a GSMM, which consists of known
functionally annotated biochemical conversions that can occur in humans. An advantage of the
GGM is that all measured and associated metabolites in the study are included in the network,
even the uncharacterized and xenobiotic metabolites ones. However, a GGM is data driven and
does not necessarily reflect actual biological pathways, and only shows metabolites measured
by the platform. That is, metabolites can be directly linked in the GGM even though they are
distant in terms of intermediate biochemical reactions (16). The GSMM based network analysis,
on the other hand, includes measured associated metabolites as well as relevant intermediate
metabolites regardless of whether they were measured or associated with HTGC. In addition,
the created network shows the directionality of the biological reactions for the biosynthesis and
degradation of the metabolites and provides relevant details regarding the enzymes involved in
each reaction.

Although both types of pathway analysis are complementary in their approach, we found that
the network resulting from GGM had a good alighment with the metabolic reaction paths that
resulted from the GSMM approach. This is in concordance with previous work (16), which
showed that strongly associated metabolites generally corresponded to the same pathways.

5.5 Key Findings and Potential Targets for Genetic and Drug Research

In summary, our analyses and atlas showed interesting pathway associations for HTGC which
may be relevant for fatty liver disease research. The pathways connecting glutamate, BCAAs, and
derivatives of BCAAs during normal/abnormal metabolism were particularly associated with the
higher HTGC levels. Among the wide variety of lipid metabolites, higher metabolite concentra-
tionsin the pathways connecting diglycerols, PCs, PEs, and Pls had a strong association with higher
HTGC levels. Notably, the pathways connecting the ceramide species and their relationship with
sphingomyelin species, as shown in the GMM and GSMM networks, were particularly interesting
due to the contrasting associations of HTGC. Thus, it appears that the metabolomic flux between
these metabolite species is associated with an overall higher HTGC levels. These metabolites and
pathways are of interest to explore in future HTGC and liver fibrosis studies.
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The most interesting finding was the in our study was the strong association of glutamate and
the novel metabolites correlated with it. Glutamate itself is a well-known biomarker for liver
fat and NAFLD (9, 22). However, our pathway analyses revealed 2 metabolites to be strongly
correlated with glutamate and were also shown to be associated with HTGC. These were metab-
olonic lactone sulfate and the uncharacterized metabolite X-15245. These metabolites were
associated with HTGC in all models and specifically interconnected with glutamate in the GGM
networks for men and postmenopausal women, hence indicating that these metabolites share
common biochemical pathways. As discussed earlier, metabolonic lactone sulfate has been
found to be associated with several cardiometabolic related outcomes in other studies. For
example, the uncharacterized metabolite X-15245 is associated with rs1260326 SNP in the GCKR
gene (42). This particular SNP was reported to be strongly associated with NAFLD (8). Based
on these findings, glutamate, metabolonic lactone sulfate and X-15245 and their potentially
shared pathway are important candidates for further etiological studies on HTGC and NAFLD.
Furthermore, the genetic SNPs associated with these metabolites can be used as possible new
genetic marker for HTGC/NAFLD. This can be achieved similar to the approach used by Mancina
et al. (54), in which SNPs associated with triglycerides were tested for their association with
liver fat and subsequently used to identify a protective link between PSD3 and HTGC. Moreover,
future studies should aim to identify the uncharacterized metabolite X-15245 and elucidate the
biological properties for it and metabolonic lactone sulfate.

Exploration of the aforementioned metabolites and the various other metabolites and pathways
we have discussed here, in combination with metabolomic and genetic studies, can be key to
identifying causal associations and possible drug targets for liver fibrosis in the future.

5.6 Strengths and Limitations

Previous literature on metabolite-HTGC associations focused mainly on a small number of
well-established metabolites or metabolites involved in specific pathways. A strength of our
study is the use of an untargeted metabolomics platform with over a thousand measured
metabolites from 10 metabolite pathway classes in a relatively large population of middle-aged
individuals in the Netherlands. Our study population was a random selection of volunteers
from the Leiderdorp area and was not selected on NAFLD or NASH diagnosis. Moreover, HTCG
measurements in this cohort were assessed by H-MRS, which provides high accuracy and
sensitivity in measuring HTGC even at low levels (55). Furthermore, we expanded our analysis
by combining linear regression with correlation and biochemical pathway analysis methods to
construct a comprehensive atlas of metabolomic profiles of HTGC and an atlas for men and
women separately. A limitation of our study was the selection of only individuals of white
ethnicity from a high social economic status area, which limits generalizability to other ethnic-
ities and social status. Another limitation of our study is the lack of biological validation. Future
studies with liver biopsy samples will aid in validating our findings. However, studies on NAFLD
are extensive but usually focused on specific metabolites such as amino acids or lipids. Our
study itself can be considered as a validation of the various results from the previous literature
by taking advantage of the wide range of the metabolites from various biochemical pathway
classes. The GSMM network provided useful insight into the biochemical relation between
the metabolites associated with HTGC and their intermediates. The directionality of the edges
in the network, however, is based on knowledge regarding the thermodynamic reversibility
of the corresponding reactions and makes no assertion about causality or potential associ-
ation with HTGC. Although the GSMM network provides some information regarding known
gene-pathway associations, genetic analysis for some HTGC or metabolite related SNPs would
have benefited our study. Finally, further investigation for sex differences in the number of
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metabolite associations with HTGC levels, particularly for postmenopausal women, requires a
larger longitudinal study for validation.

6 CONCLUSION

In this study, we conducted a cross sectional analysis in 496 middle aged men and women to gain
insight the metabolomic profile associated with hepatic triglyceride accumulation as assessed
by H-MRS. We used a hypothesis-free approach to study a myriad of metabolites associated
with HTGC using an untargeted platform that measured 1,363 metabolites. Using this platform,
associations were found between 118 well-known, lesser-known, and novel metabolites with
HTGC levels. These findings were combined by pathway analyses using a correlation driven
network (GGM) and a biologically driven network (GSMM) to create an atlas of metabolites
associated with HTGC. Analysis of these networks indicated strong associations between the
BCAAs, diglycerols, ceramides, and sphingomyelins pathways with HTGC levels. These pathways
were additionally found to reject the null hypothesis of the closed global test when using the
FIB-4 index as the outcome. In addition, our atlas of networks, enriched with pathway knowledge,
provided interesting insights regarding pathways associated with HTGC. These included the
pathways connecting BCAA and BCAA derivates, the flux between the ceramide species (i.e.,
HCER and LCER), sphingomyelins and their dihydro forms, and the potential novel pathway
linking glutamate with the novel metabolites metabolonic lactone sulfate and X-15245. Thus,
our atlas is potentially essential for understanding metabolomic profiles associated with liver
fat accumulation. In turn facilitating further studies to find causal links between the metabolites
reported here with liver fibrosis.

106



CHAPTER 5 Analyses of metabolites and biochemical pathways associated with hepatic triglyceride content indicate extensive metabolite dysregulation

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

REFERENCES

Younossi ZM, Koenig AB, Abdelatif D, Fazel Y, Henry L, Wymer M. Global epidemiology of nonalcoholic
fatty liver disease-Meta-analytic assessment of prevalence, incidence, and outcomes. Hepatology
2016;64:73-84.

Angulo P. Nonalcoholic Fatty Liver Disease. 2002;346:1221-1231.

Stern C, Castera L. Non-invasive diagnosis of hepatic steatosis. Hepatology International 2017;11:70-78.
Kawano Y, Cohen DE. Mechanisms of hepatic triglyceride accumulation in non-alcoholic fatty liver
disease. Journal of Gastroenterology 2013;48:434-441.

Byrne CD, Targher G. NAFLD: A multisystem disease. Journal of Hepatology 2015;62:547-564.

Zou B, Yeo YH, Nguyen VH, Cheung R, Ingelsson E, Nguyen MH. Prevalence, characteristics and mortality
outcomes of obese, nonobese and lean NAFLD in the United States, 1999-2016. 2020;288:139-151.
Ballestri S, Nascimbeni F, Baldelli E, Marrazzo A, Romagnoli D, Lonardo A. NAFLD as a Sexual Dimorphic
Disease: Role of Gender and Reproductive Status in the Development and Progression of Nonalcoholic
Fatty Liver Disease and Inherent Cardiovascular Risk. Advances in therapy 2017;34:1291-1326.
Speliotes EK, Yerges-Armstrong LM, Wu J, Hernaez R, Kim LJ, Palmer CD, Gudnason V, et al. Genome-wide
association analysis identifies variants associated with nonalcoholic fatty liver disease that have distinct
effects on metabolic traits. PLoS Genet 2011;7:e1001324.

Gaggini M, Carli F, Rosso C, Buzzigoli E, Marietti M, Della Latta V, Ciociaro D, et al. Altered amino acid
concentrations in NAFLD: Impact of obesity and insulin resistance. Hepatology 2018;67:145-158.
Fearnley LG, Inouye M. Metabolomics in epidemiology: from metabolite concentrations to integrative
reaction networks. International Journal of Epidemiology 2016;45:1319-1328.

Alonso A, Marsal S, Julia A. Analytical methods in untargeted metabolomics: state of the art in 2015.
Front Bioeng Biotechnol 2015;3:23.

Faquih T, van Smeden M, Luo J, le Cessie S, Kastenmiiller G, Krumsiek J, Noordam R, et al. A Workflow
for Missing Values Imputation of Untargeted Metabolomics Data. Metabolites 2020;10.

Perakakis N, Stefanakis K, Mantzoros CS. The role of omics in the pathophysiology, diagnosis and
treatment of non-alcoholic fatty liver disease. Metabolism 2020;111:154320.

De Mutsert R, Den Heijer M, Rabelink TJ, Smit JWA, Romijn JA, Jukema JW, De Roos A, et al. The
Netherlands Epidemiology of Obesity (NEO) study: study design and data collection. European Journal
of Epidemiology 2013;28:513-523.

Boone S, Mook-Kanamori D, Rosendaal F, Den Heijer M, Lamb H, De Roos A, Le Cessie S, et al.
Metabolomics: a search for biomarkers of visceral fat and liver fat content. Metabolomics 2019;15.
Krumsiek J, Suhre K, lllig T, Adamski J, Theis FJ. Gaussian graphical modeling reconstructs pathway
reactions from high-throughput metabolomics data. BMC Systems Biology 2011;5:21.

Gu C, Kim GB, Kim WIJ, Kim HU, Lee SY. Current status and applications of genome-scale metabolic
models. Genome Biology 2019;20:121.

Kalhan SC, Guo L, Edmison J, Dasarathy S, McCullough AJ, Hanson RW, Milburn M. Plasma metabolomic
profile in nonalcoholic fatty liver disease. Metabolism: clinical and experimental 2011;60:404-413.
Sookoian S, Castafio GO, Scian R, Fernandez Gianotti T, Dopazo H, Rohr C, Gaj G, et al. Serum aminotrans-
ferases in nonalcoholic fatty liver disease are a signature of liver metabolic perturbations at the amino
acid and Krebs cycle level. Am J Clin Nutr 2016;103:422-434.

Lynch CJ, Adams SH. Branched-chain amino acids in metabolic signalling and insulin resistance. Nature
Reviews Endocrinology 2014;10:723-736.

Shimomura Y, Honda T, Shiraki M, Murakami T, Sato J, Kobayashi H, Mawatari K, et al. Branched-chain
amino acid catabolism in exercise and liver disease. J Nutr 2006;136:250s-253s.

Leonetti S, Herzog RI, Caprio S, Santoro N, Trico D. Glutamate-Serine-Glycine Index: A Novel Potential
Biomarker in Pediatric Non-Alcoholic Fatty Liver Disease. Children (Basel) 2020;7.

107



PART Il Epidemiological Research and Advanced Data Analysis

23.

24.
25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

Puri P, Baillie RA, Wiest MM, Mirshahi F, Choudhury J, Cheung O, Sargeant C, et al. A lipidomic analysis
of nonalcoholic fatty liver disease. Hepatology 2007;46:1081-1090.

Berg J, Tymoczko J, Stryer L. Biochemistry. New York: W H Freeman, 2002.

Ichikawa S, Hirabayashi Y. Glucosylceramide synthase and glycosphingolipid synthesis. Trends in Cell
Biology 1998;8:198-202.

Régnier M, Polizzi A, Guillou H, Loiseau N. Sphingolipid metabolism in non-alcoholic fatty liver diseases.
Biochimie 2019;159:9-22.

Carlier A, Phan F, Szpigel A, Hajduch E, Salem J-E, Gautheron J, Le Goff W, et al. Dihydroceramides
in Triglyceride-Enriched VLDL Are Associated with Nonalcoholic Fatty Liver Disease Severity in Type 2
Diabetes. Cell Reports Medicine 2020;1:100154.

Magaye RR, Savira F, Hua Y, Kelly DJ, Reid C, Flynn B, Liew D, et al. The role of dihydrosphingolipids in
disease. Cellular and Molecular Life Sciences 2019;76:1107-1134.

Apostolopoulou M, Gordillo R, Koliaki C, Gancheva S, Jelenik T, De Filippo E, Herder C, et al. Specific
Hepatic Sphingolipids Relate to Insulin Resistance, Oxidative Stress, and Inflammation in Nonalcoholic
Steatohepatitis. Diabetes Care 2018;41:1235-1243.

Lachkar F, Ferré P, Foufelle F, Papaioannou A. Dihydroceramides: their emerging physiological roles and
functions in cancer and metabolic diseases. 2021;320:E122-E130.

Lovric A, Granér M, Bjornson E, Arif M, Benfeitas R, Nyman K, Stahlman M, et al. Characterization of
different fat depots in NAFLD using inflammation-associated proteome, lipidome and metabolome.
Scientific reports 2018;8:14200-14200.

Chung RWS, Kamili A, Tandy S, Weir JM, Gaire R, Wong G, Meikle PJ, et al. Dietary Sphingomyelin Lowers
Hepatic Lipid Levels and Inhibits Intestinal Cholesterol Absorption in High-Fat-Fed Mice. PLoS ONE
2013;8:55949.

Mullen Thomas D, Hannun Yusuf A, Obeid Lina M. Ceramide synthases at the centre of sphingolipid
metabolism and biology. Biochemical Journal 2012;441:789-802.

Babiy B, Ramos-Molina B, Ocaiia L, Sacristdn S, Burgos-Santamaria D, Martinez-Botas J, Villa-Turégano G,
et al. Accumulation of dihydrosphingolipids and neutral lipids is related to steatosis and fibrosis damage
in human and animal models of non-alcoholic fatty liver disease. 2022:2022.2003.2010.22271048.
Diboun I, Al-Mansoori L, Al-Jaber H, Albagha O, Elrayess MA. Metabolomics of Lean/Overweight Insulin-
Resistant Females Reveals Alterations in Steroids and Fatty Acids. The Journal of Clinical Endocrinology
& Metabolism 2020;106:e638-e649.

Peddinti G, Cobb J, Yengo L, Froguel P, Kravi¢ J, Balkau B, Tuomi T, et al. Early metabolic markers identify
potential targets for the prevention of type 2 diabetes. Diabetologia 2017;60:1740-1750.

di Giuseppe R, Koch M, N6thlings U, Kastenmiiller G, Artati A, Adamski J, Jacobs G, et al. Metabolomics
signature associated with circulating serum selenoprotein P levels. Endocrine 2019;64:486-495.

Bajaj JS, Reddy KR, O’Leary JG, Vargas HE, Lai JC, Kamath PS, Tandon P, et al. Serum Levels of Metabolites
Produced by Intestinal Microbes and Lipid Moieties Independently Associated With Acute-on-Chronic
Liver Failure and Death in Patients With Cirrhosis. Gastroenterology 2020;159:1715-1730.e1712.

Das SK, Ainsworth HC, Dimitrov L, Okut H, Comeau ME, Sharma N, Ng MCY, et al. Metabolomic archi-
tecture of obesity implicates metabolonic lactone sulfate in cardiometabolic disease. Mol Metab
2021;54:101342.

Darst BF, Lu Q, Johnson SC, Engelman CD. Integrated analysis of genomics, longitudinal metabolomics,
and Alzheimer’s risk factors among 1,111 cohort participants. Genetic Epidemiology 2019;43:657-674.
Yin X, Chan LS, Bose D, Jackson AU, VandeHaar P, Locke AE, Fuchsberger C, et al. Genome-wide associ-
ation studies of metabolites in Finnish men identify disease-relevant loci. Nature Communications
2022;13:1644.

Shin SY, Fauman EB, Petersen AK, Krumsiek J, Santos R, Huang J, Arnold M, et al. An atlas of genetic
influences on human blood metabolites. Nat Genet 2014;46:543-550.

108



CHAPTER 5 Analyses of metabolites and biochemical pathways associated with hepatic triglyceride content indicate extensive metabolite dysregulation

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.
53.

54.

55.

Collins JM, Wang D. Cis-acting regulatory elements regulating CYP3A4 transcription in human liver.
Pharmacogenet Genomics 2020;30:107-116.

Miranda AM, Steluti J, Fisberg RM, Marchioni DM. Dietary intake and food contributors of polyphenols
in adults and elderly adults of Sao Paulo: a population-based study. British Journal of Nutrition
2016;115:1061-1070.

Lang R, Mueller C, Hofmann T. Development of a Stable Isotope Dilution Analysis with Liquid
Chromatography-Tandem Mass Spectrometry Detection for the Quantitative Analysis of Di- and
Trihydroxybenzenes in Foods and Model Systems. Journal of Agricultural and Food Chemistry
2006;54:5755-5762.

Ebadi M, Ip S, Bhanji RA, Montano-Loza AJ. Effect of Coffee Consumption on Non-Alcoholic Fatty
Liver Disease Incidence, Prevalence and Risk of Significant Liver Fibrosis: Systematic Review with
Meta-Analysis of Observational Studies. Nutrients 2021;13:3042.

Dranoff JA. Coffee Consumption and Prevention of Cirrhosis: In Support of the Caffeine Hypothesis.
Gene Expression 2018;18:1-3.

Kennedy 0J, Fallowfield JA, Poole R, Hayes PC, Parkes J, Roderick PJ. All coffee types decrease the risk of
adverse clinical outcomes in chronic liver disease: a UK Biobank study. BMC Public Health 2021;21:970.
Chung HK, Nam JS, Lee MY, Kim YB, Won YS, Song WJ, Kim YH, et al. The increased amount of coffee
consumption lowers the incidence of fatty liver disease in Korean men. Nutr Metab Cardiovasc Dis
2020;30:1653-1661.

Jeon D, Son M, Shim J. Dynamics of Serum Retinol and Alpha-Tocopherol Levels According to
Non-Alcoholic Fatty Liver Disease Status. 2021;13:1720.

Thurnham DI, Davies JA, Crump BJ, Situnayake RD, Davis M. The use of different lipids to express serum
tocopherol: lipid ratios for the measurement of vitamin E status. Ann Clin Biochem 1986;23 ( Pt 5):514-
520.

Nagashimada M, Ota T. Role of vitamin E in nonalcoholic fatty liver disease. 2019;71:516-522.
Amanullah I, Khan YH, Anwar |, Gulzar A, Mallhi TH, Raja AA. Effect of vitamin E in non-alcoholic fatty
liver disease: a systematic review and meta-analysis of randomised controlled trials. Postgrad Med J
2019;95:601-611.

Mancina RM, Sasidharan K, Lindblom A, Wei Y, Ciociola E, Jamialahmadi O, Pingitore P, et al. PSD3
downregulation confers protection against fatty liver disease. Nature Metabolism 2022;4:60-75.
Springer F. Liver fat content determined by magnetic resonance imaging and spectroscopy. World
Journal of Gastroenterology 2010;16:1560.

109



PART Il Epidemiological Research and Advanced Data Analysis

Table 1: Characteristics of the participants from Leiderdorp with metabolomics and HTGC measurement.
Continuous variables are represented by mean (SD) unless stated otherwise; dichotomous variables are
represented by percentage (%). Abbreviations: HTGC, hepatic triglyceride content; IQR, interquartile range; CVD,
cardiovascular disease; HOMA1-IR, homeostatic model assessment index for insulin resistance.

Total Men Women Women Women
All All Postmenopausal Premenopausal
n 496 233 263 159 104
Age (years) 55.8 (6) 55.9 (6.2) 55.6 (5.8) 59.4 (3.8) 49.9 (2.7)
HTGC (mean; median [IQR]) 6.1;2.74 [1.36, 7.5;4.18 [2.18, 4.8;1.79 [1.08, 5.5;2.09 3.8;1.36
6.75] 9.74] 4.27) [1.23,5.90] [0.89, 3.17]

HTGC >= 5.56 (%) 153 (30.8) 96 (41.2) 57 (21.7) 43 (27.0) 14 (13.5)
BMI (kg/m?2) 25.9 (4.1) 26.6 (3.4) 25.3 (4.5) 25.5 (4.4) 25.0 (4.7)
Total Body Fat 30.6 (8.3) 24.5 (5.1) 36.1(6.5) 35.2 (6.7) 36.6 (6.4)
Aspartate Transaminase (IU/L) 24.4 (6.6) 25.6 (6.2) 23.2 (6.6) 24.0(5.9) 22.0(7.5)
Alanine Aminotransferase (1U/L) 25.3(51.4) 28.9 (11.8) 22.2(9.2) 22.8(7.7) 21.2(11.0)
Platelet Count (10°/L) 236.2 (11.0) 219.1 (47.2) 252.3 (50.2) 251.1 (492) 254.1 (51.8)
Alcohol Consumption (g/day) 14.2 (15.9) 19.5(19.3) 9.4 (10) 9.7 (9.8) 8.9 (10.3)
Smoking (%)

Never 202 (40.7) 89 (38.2) 113 (43.0) 59 (37.1) 54 (51.9)

Former 237 (47.8) 117 (50.2) 120 (45.6) 81(50.9) 39(37.5)

Current 57 (11.5) 27 (11.6) 30 (11.4) 19 (11.9) 11 (10.6)
HOMA1-IR 2.6 (2.4) 2.92(2.9) 2.2(1.7) 2.4(1.7) 2.02 (1.8)
Hypertension (%) 183 (36.9) 96 (41.2) 87(33.1) 59 (37.1) 28 (26.9)
CVD (%) 21 (4.3) 11 (4.7) 10 (3.8) 8(5.1) 2(1.9)
Fasting plasma glucose (mmol/L) 5.5(1.0) 5.63 (1.2) 5.3(0.9) 5.5(0.9) 5.09 (0.5)
Serum triglycerides (mmol/L) 1.2(0.8) 1.5(0.9) 1.0 (0.6) 1.1(0.7) 0.9 (0.5)
LDL (mmol/L) 3.6 (1.0) 3.6 (0.9) 3.6 (1.0) 3.4(0.8) 3.4(0.7)
HDL (mmol/L) 1.6 (0.5) 1.3(0.3) 1.8 (0.4) 1.8 (0.4) 1.8 (0.4)
Cholesterol (mmol/L) 5.7(1.1) 5.6 (1.0) 5.8(1.1) 5.3(0.8) 5.6 (0.8)
Hypertension Medication (%) 95 (19.2) 43 (18.5) 52 (19.8) 39 (24.5) 13(12.5)
Lipid Lowering Medication (%) 41 (8.3) 26 (11.2) 15(5.7) 15 (9.4) 0(0.0)
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Figure 1: Comparison of the point estimates and confidence intervals for the 118 metabolites associated with
HTGC in the primary analysis and the sex stratified analysis. The first ring shows the effect estimates in the sex
combined analysis. The second ring shows analysis in women; and the final ring is for the men stratified analysis.
Hollow circles are estimates that are not significant (p-value < 6.5E*). Metabolites are grouped by super pathway
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Figure 2 Beta-Beta plot comparing the effect estimates of 118 metabolites associated with HTGC. Overall, effect

estimates of the metabolites were stronger in women than men.

Metabolite Betas in Women

0 3 6
Metabolite Betas in Men
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Figure 4: Genome scale metabolic model-based network showing how metabolites (nodes) that are significantly
associated to HTGC are related to each other via biochemical reaction paths (edges). Metabolites are color
coded according to their b value, where red indicates a positive b and blue a negative b. The network also
contains metabolites that are not associated with HGTC but that lie in the conversion path between significant
metabolites. Intermediate metabolites that have not been measured are colored white. To facilitate the
interpretation of the network visualization, all intermediates of the traditional pathways of glycolysis, BCAA
degradation and the Krebs cycle have been added, irrespective of whether they have been measured or not.
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CHAPTER 5 Analyses of metabolites and biochemical pathways associated with hepatic triglyceride content indicate extensive metabolite dysregulation

8 SUPPLEMENTARY MATERIALS:

8.1 Study Design

The Netherlands Epidemiology of Obesity (NEO) study is a prospective, population-based
cohort study aimed at investigating the pathways leading to obesity-related conditions (1)y(yy.
During the period between 2008 and 2012 a total of 6671 participants aged 45—-65 years, with
an oversampling of overweight persons, from the Leiden greater area were included. Persons
aged between 45 and 65 years with a self-reported body mass index (BMI) of > 27 kg/m? were
invited to participate through letters from their general practitioner and municipalities, as well
as through local advertisements. Additionally, all inhabitants aged 45—65 years from one munic-
ipality, Leiderdorp, were invited irrespective of their BMI.

Approximately 35% (n = 2580) of the NEO participants without potential magnetic resonance
imaging contra-indications were randomly selected to undergo direct assessment of the hepatic
triglyceride content (HTGC) by proton magnetic resonance spectroscopy (*H-MRS), which was
described in detail in our previous work(1, 2).

Participants were invited for a baseline visit at the NEO study center of the Leiden University
Medical Centre (LUMC) after an overnight fast. Prior to this study visit, participants completed
a general questionnaire at home to report demographic, lifestyle, and clinical information. Data
regarding alcohol intake (g/day) and menopausal status for women was recorded from the
participants response in the questionnaire. Participants were asked to bring all medication they
were using in the month preceding the baseline study visit and research nurses recorded names
(e.g., lipid-lowering medication) and dosages of all medication. Participants came to the research
site in the morning and completed a screening form, asking about anything that might create
a health risk or interfere with MRI (most notably metallic devices, claustrophobia, or a body
circumference of more than 1.70 m). All participants underwent an extensive physical exami-
nation, including anthropometry and blood sampling. The percent body fat of the participants
was estimated by the Tanita bio impedance balance (TBF-310, Tanita International Division, UK)
without shoes and one kilogram was subtracted to correct for the weight of clothing.

8.2 Untargeted Metabolomics Measurements

Fasting state serum samples of the Leiderdorp general subpopulation which had a normal
BMI distribution (N=599 in total) from the NEO study were sent for untargeted metabolomics
measurements at Metabolon Inc. (Durham, North Carolina, USA) using Metabolon™ Discovery
HD4 platform. In brief, this process involves four independent ultra-high-performance liquid
chromatography mass spectrometry (UHPLC-MS/MS) platforms (3, 4). Two platforms use
positive ionization reverse phase chromatography, one uses negative ionization reverse phase
chromatography, and one uses hydrophilic interaction liquid chromatography (HILIC) negative
ionization (4). Known metabolites were annotated at Metabolon Inc. with their chemical names,
super pathways, sub pathways, compound identifiers from various metabolite databases, and
information regarding their biochemical properties.
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8.3 Methods

8.3.1 Imputation and Scaling of Metabolite Relative Concentrations

In brief, for the endogenous and unannotated metabolites we applied the multiple imputation
method and used the outcome variable, HTGC, along with a select number of correlated metabo-
lites as auxiliary variables to generate 5 imputed datasets. Xenobiotic metabolites were imputed
to zero to account for true missingness. All metabolites were natural log-transformed and scaled
on their means during the imputation process (5). Following the imputation, metabolite levels
were range scaled (also known as min-max scaling) by using the differences of the biological
range between the maximum and minimum values for each metabolite and setting the range of
all measured metabolites between -1 and 1. This method of scaling was shown to perform well
for metabolomic data, particularly untargeted metabolomics data with large units of relative
measurement and wide variance between the metabolites. In turn, range scaling provides equal
importance to the metabolites in a more biologically relevant manner (6).

For each imputed dataset we performed the regression to assess the association between
HTGC and each measured metabolite independently. Each metabolite was used as the exposure
variable with the HTGC as the outcome in univariate linear regression analyses. Furthermore, we
adjusted for sex, age, total body fat, alcohol intake, and lipid lowering medication. The results
of the regression analyses in the imputed datasets were subsequently combined using Rubin’s
rules (7). All estimates represent the effect on the natural log of HTGC levels per one scaled unit
of the metabolite concentration.

To adjust for multiple testing, we applied Bonferroni correction and adopted the method VeffLi
estimate described by Ji and Li (8)to account for the number of independent components under-
lying all 1,363 metabolite measures. This method considers the strong correlations between
metabolites from mutual pathways and the inclusion of multiple isomers of the same metabo-
lites to calculate the effective number of independent variables. Accordingly, 758 independent
variables were identified, and the calculated Bonferroni correction threshold was set to 0.05/758=
6.59x10°. The analysis and forest plots were all conducted using R version 3.6.1 (9) and Python
3.7.6 (10). The circular plot was made using the EpiViz R package (11, 12).

8.3.2 Gaussian Graphical Model (GGM)

Significant metabolites from the main analysis and the sex stratified analysis were used to develop
the GGM networks separately. To create the network, we used the full measurements of the
metabolites from our imputed dataset. Since we used multiple imputation, we could only select
one imputed dataset. The correlations between the metabolites were calculated using sparse
Gaussian Graphical Models with graphical LASSO using the glasso function in R (ggraph R package
version 1.6.9) (13) coupled with the Extended Bayesian Information Criterium (EBIC) to tune the
LASSO shrinkage factor (14). EBIC has been reported in simulation studies to perform better than
the standard BIC, particularly for controlling false positivity rates. Here, we set the EBIC tuning
parameter to the default value of 0.5 (wherein a value of 0 uses standard BIC) for a balanced tuning
(15). Based on the correlation coefficients, edges were drawn between the correlated metabolite
nodes with the width corresponding to the coefficient strength. The size of the nodes was deter-
mined by the absolute value of the effect estimate from the multivariable linear regression analysis.
The metabolite nodes were colored based on their biochemical super and sub pathway classes and
organized in ascending order based on their p-values. Visualization and layout of the networks
were created in Gephi and exported as an interactive HTML5 using the sigmaExporter plugin (16).
All GMM networks can be accessed online on https://tofaquih.github.io/AtlasLiver/.
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8.3.3 Genome Scale Metabolic Model-based (GSMM) pathway analyses

We mapped the metabolite names onto a curated version of the Human Metabolic Reactions
database (HMR 2) genome-scale metabolic model (GSMM) (17) and calculated which metabolite
pairs were < 2 reaction steps apart in the model. The GSMM-HMR2 was used to determine the
biochemical interconversions between the metabolites that were measured on the Metabolon
platform. All computations described in this section were performed in MATLAB R2019b.
To facilitate the mapping of metabolomics data to the GSMM, we enriched the model with
compound synonyms and external identifiers from the Chemical Entities of Biological Interest
(ChEBI) database (18), where ChEBI identifiers and synonyms of conjugate acids and bases were
also included. Of the 1067 metabolites with known identity that were quantified, 400 mapped
properly to the GSMM. All reactions and compounds in HMR2 were checked for mass and redox
balance and were adjusted when necessary.

Biochemical interactions between metabolites were determined by converting the GSMM into
a weighted directed graph where nodes represent metabolites and edges represent reactions.
Subsequently all reaction paths between the measured metabolites that involved one or two
reaction steps were determined using a generic path finding algorithm that was developed in
house. To ensure that the reaction paths represented relevant biochemical conversions, each
path was checked for stoichiometric and thermodynamic consistency. In addition, only substrate-
product mappings were considered that involved the transfer of carbon-based moieties, except
for CO2. Therefore, half-reactions involving the transfer of electrons, amino or phosphate groups
were decoupled from the main reaction in the path finding procedure. For example, in the
reaction NADH + pyruvate <=> NAD" + lactate, only NADH and NAD* are linked in the graph
and pyruvate and lactate are linked. Likewise, in the reaction glutamate + pyruvate <=> AKG +
alanine, only glutamate and AKG are linked, and pyruvate and alanine are linked. In this way we
prevented the creation of crowded, highly connected networks in which most metabolites are
connected to a few hub metabolites such as H+, H20, ATP and NADH.

The weight of the edges in the GSMM-based network was set to 1 for all reactions, except
for transporter reactions that transferred compounds over the cellular membranes and (half)
reactions that involved uniquely produced metabolites; both these types of reactions were
assigned a weight of zero. A consequence of the second exception is that linear reaction chains
in which the intermediates were not produced by other reactions were counted as a single
reaction step during the path search. Finally, we added a list of intermediates from the glycolysis,
Krebs cycle and BCAA degradation pathways that could not be quantified on the metabolomics
platform, to prevent gaps in the traditional pathways.

This resulted in a network of connected metabolites that we integrated with biochemical reaction
and pathway knowledge into an interactive HTML/JavaScript document, which can be accessed on
https://tofaquih.github.io/AtlasLiver/. The results from the network analysis include measured
associated metabolites as well as relevant intermediate metabolites regardless of whether they
were measured in the dataset. In addition, the network shows the directionality of the biological
reaction paths for the biosynthesis and degradation of the metabolites and includes details
regarding the involved genes and intermediate reaction steps. Furthermore, for all metabolites
and genes, also those not included in the network, hyperlinks to external databases and gene
expression profiles are provided. Reaction information was enriched by importing tissue-spe-
cific gene expression from the Human Protein Atlas (HPA)(19) and Genotype-Tissue Expression
(GTEX) project(20).
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8.4 Supplementary Results
Amino Acids Associated with HTGC Independently after Adjustment for Insulin Resistance

Insulin resistance (IR) and HTGC have a complex bi-directional relationship and share overlapping
metabolomic pathways, particularly the amino acid metabolism (21). Both of these disease
are associated with an elevation and dysregulation of amino acids (22)y. However, it remains
uncertain if IR causes HTGC or vice versa (23). To inspect the strong and complex link between
IR, HTGC, and amino acids, we performed a post hoc multivariable linear regression analysis and
adjusted for IR in addition to sex, age, total body fat, alcohol intake, and lipid lowering. In this
analysis we examined 43 metabolites, including amino acids, carbohydrates, metabolonic lactone
sulfate, and vitamin E metabolites. Only 10 metabolites lost their association with HTGC, notably
pyruvate, while a small reduction of the effect estimates occurred for the remaining metabolites.
Overall, the association of the amino acid metabolites with HTGC in our main analysis remained
after adjustment for IR (Supplementary Figure 1).

8.4.1 HTGC Associations with Men, Women, and Post-Menopausal Women

NAFLD has been previously shown to be a sexually dimorphic disease in mice and humans (7).
Moreover, men have a higher risk of NAFLD than premenopausal women and a similar risk as
postmenopausal women, indicating an increased risk of NAFLD after menopause(24-26). However,
it has been shown that postmenopausal women have a higher prevalence of severe forms of
fibrosis than men and premenopausal women(26). This increased risk was found to be associated
with early menarche and estrogen deficiency(25-27). Sex-stratified analysis was performed to
observe the general differences of metabolomic associations with HTGC in men vs women and
premenopausal vs postmenopausal women (Supplementary Figure 1 and Supplementary Figure
2). We performed secondary analyses using multivariable linear regression in women stratified
by menopause and adjusted for age, total body fat, alcohol intake, and lipid lowering medication
(Supplementary Figure 2 and Supplementary Figure 3). We found that the number of associations
and effect sizes effects were even higher in post-menopausal women while only few metabolites
were even associated with outcomes HTGC in the premenopausal women. These findings are in
line with previous findings of increased amino acids, such as glutamate and tyrosine, and increased
lipids, such as triglycerides and phosphatidylcholines, in postmenopausal women (25, 28).

In addition to the general differences between the sex-specific metabolic profiles, several
associated metabolites were not shared between men and women (Supplementary Table 1).
Two metabolites of interest in men were etiocholanolone, and pregnanediol 3-O-glucuronide.
Etiocholanolone glucuronide, a testosterone metabolite(29), and pregnanediol 3-O-glucuronide
were negatively associated with HTGC. However, previous studies on this association show
inconsistent results(26, 30-32).

Overall, directions of all associations are identical in men, pre- and postmenopausal women. The
larger effect sizes in women resulted in a larger number of metabolites associated with HTGC
than in men. However, in our analysis the small sample size in the sex-stratified analyses resulted
in a loss of power. Thus, we did not perform any specific analysis between men and women and
only describe the general observations between the two profiles and provide them as part of the
GMM and GSMM networks. Our data indicate that similar pathways are associated with HTGC in
men and women before and after menopause. The fact that we do not find obvious sex differ-
ences beyond effect size may be due to the homogenous and relatively healthy cohort. Further
insight into the metabolite-HTGC differences between men and women, and pre and postmeno-
pausal woman would require analysis in a larger study.
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Supplementary Table 1: Metabolites associated only in men or women univariate analysis

Sex Metabolites P Value Estimate (95% Cl) Pathway Sub Pathway

Men pregnanediol-3-glucuronide  6.48e-05 -2.98 (-4.42 —-4.42) Lipid Progestin Steroids

Men etiocholanolone glucuronide 3.99e-05 -1.44(-2.11--2.11) Lipid Androgenic Steroids

Women 3-aminoisobutyrate 5.98e-05 -1.23(-1.83--1.83) Nucleotide Pyrimidine Metabolism,
Thymine containing

Women N-acetylleucine 2.20e-05 1.63(0.89-0.89) Amino Acid Leucine, Isoleucine and
Valine Metabolism

Women 2-hydroxyarachidate* 6.47e-06 1.78 (1.02-1.02) Lipid Fatty Acid, Monohydroxy
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Supplementary Figure 1: Forest plot comparing the effect estimates of amino acids and carbohydrates on HTGC
with and without the adjustment for insulin resistance (IR).

Unadjusted for IR Adjusted for IR

glutamate Amino Acid
3-methyl-2-oxovalerate Amino Acid
isoleucine Amino Acid
metabolonic lactone sulfate Partially Characterized Molecules
tyrosine Amino Acid
1-carboxyethylvaline Amino Acid
alanine Amina Acid
leucine Amino Acid
gamma-glutamyltyrosine Peptide
glucose Garbohydrate
formiminoglutamate Amino Acid
1-carboxyethylphenylalanine Amino Acid
4-methyl-2-oxopentanoate Amino Acid
3-methyl-2-oxocbutyrate Amino Acid
1-carboxyethylleucine Amino Acid
homoarginine Amino Acid
tryptophan Amino Acid
gamma-glutamylisoleucine* Peptide
N-acetyltryptophan Amino Acid
2-hydroxy-3-methylvalerate Amino Acid
1-carboxyethylisoleucine Amino Acid
gamma-glutamylleucine Peptide
gamma-glutamylvaline Peptide
2-aminoadipate Amino Acid
pyruvate Carbohydrate
phenylalanine Amino Acid
valing Amino Acid
gamma-glutamylglutamate Peptide
alpha-hydroxyisocaproate Amino Acid
alpha-ketobutyrate Amino Acid
3-(4-hydroxyphenyl)lactate (HPLA) Amino Acid
4-hydroxyglutamate Amino Acid
alpha-tocopherol Gofactors and Vitamins
fructosyllysine Amino Acid
N-acetylphenylalanine Amino Acid
N-acetylcarnosine Amino Acid
gamma-tocopherol/beta-tocopherol Cofactors and Vitamins
gamma-glutamylalanine Peptide
N-acetyltyrosine Amino Acid
N-acetylglycine Amino Acid
guanidinosuccinate Amino Acid
cysteine-glutathione disulfide Amino Acid
lysine Amino Acid

120



CHAPTER 5 Analyses of metabolites and biochemical pathways associated with hepatic triglyceride content indicate extensive metabolite dysregulation

10.
11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

REFERENCES

De Mutsert R, Den Heijer M, Rabelink TJ, Smit JWA, Romijn JA, Jukema JW, De Roos A, et al. The
Netherlands Epidemiology of Obesity (NEO) study: study design and data collection. European Journal
of Epidemiology 2013;28:513-523.

Boone S, Mook-Kanamori D, Rosendaal F, Den Heijer M, Lamb H, De Roos A, Le Cessie S, et al.
Metabolomics: a search for biomarkers of visceral fat and liver fat content. Metabolomics 2019;15.
Evans A, Bridgewater B, Liu Q, Mitchell M, Robinson R, Dai H, Stewart S, et al. High resolution
mass spectrometry improves data quantity and quality as compared to unit mass resolution mass
spectrometry in high-throughput profiling metabolomics. 2014;4:1.

Rhee EP, Waikar SS, Rebholz CM, Zheng Z, Perichon R, Clish CB, Evans AM, et al. Variability of Two
Metabolomic Platforms in CKD. Clinical Journal of the American Society of Nephrology 2019;14:40.
Faquih T, van Smeden M, Luo J, le Cessie S, Kastenmiiller G, Krumsiek J, Noordam R, et al. A Workflow
for Missing Values Imputation of Untargeted Metabolomics Data. Metabolites 2020;10.

van den Berg RA, Hoefsloot HC, Westerhuis JA, Smilde AK, van der Werf MJ. Centering, scaling, and
transformations: improving the biological information content of metabolomics data. BMC Genomics
2006;7:142.

Rubin DB. Multiple Imputation for Nonresponse in Surveys. New York: John Wiley & Sons, Inc., 1987.

Li J, Ji L. Adjusting multiple testing in multilocus analyses using the eigenvalues of a correlation matrix.
Heredity (Edinb) 2005;95:221-227.

R Core Team. R: A language and environment for statistical computing. In. Vienna, Austria. URL https://
www.R-project.org/. R Foundation for Statistical Computing; 2019.

Van Rossum G, Drake F. Python 3 Reference Manual. In. Scotts Valley, CA: CreateSpace; 2009; 2009.
Lee M. A MO, Hughes D, Wade K. H, Corbin L. J, McGuinness L. J, Timpson N. J. Epiviz: an implementation
of Circos plots for epidemiologists. In; 2020.

Gu Z, Gu L, Eils R, Schlesner M, Brors B. circlize Implements and enhances circular visualization in R.
Bioinformatics 2014;30:2811-2812.

Friedman J, Hastie T, Tibshirani R. glasso: Graphical lasso-estimation of Gaussian graphical models. R
package version 1.7. In; 2011.

Foygel R, Drton M. Extended Bayesian Information Criteria for Gaussian Graphical Models. Advances in
Neural Information Processing Systems 2010.

Chen J, Chen Z. Extended Bayesian information critera for model selection with large model spaces.
Biometrika 2008;95:759-771.

Bastian M, Heymann S, Jacomy M. Gephi: An Open Source Software for Exploring and Manipulating
Networks. Proceedings of the International AAAI Conference on Web and Social Media 2009;3:361-362.
Mardinoglu A, Agren R, Kampf C, Asplund A, Uhlen M, Nielsen J. Genome-scale metabolic modelling
of hepatocytes reveals serine deficiency in patients with non-alcoholic fatty liver disease. Nature
Communications 2014;5:3083.

Hastings J, Owen G, Dekker A, Ennis M, Kale N, Muthukrishnan V, Turner S, et al. ChEBI in 2016: Improved
services and an expanding collection of metabolites. Nucleic Acids Res 2016;44:D1214-1219.

Uhlén M, Fagerberg L, Hallstrom BM, Lindskog C, Oksvold P, Mardinoglu A, Sivertsson A, et al. Tissue-
based map of the human proteome. 2015;347:1260419.

Lonsdale J, Thomas J, Salvatore M, Phillips R, Lo E, Shad S, Hasz R, et al. The Genotype-Tissue Expression
(GTEXx) project. Nature Genetics 2013;45:580-585.

Saponaro C, Gaggini M, Gastaldelli A. Nonalcoholic Fatty Liver Disease and Type 2 Diabetes: Common
Pathophysiologic Mechanisms. Current Diabetes Reports 2015;15.

Hasegawa T, lino C, Endo T, Mikami K, Kimura M, Sawada N, Nakaji S, et al. Changed Amino Acids in
NAFLD and Liver Fibrosis: A Large Cross-Sectional Study without Influence of Insulin Resistance.
Nutrients 2020;12:1450.

121



PART Il Epidemiological Research and Advanced Data Analysis

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

Valenti L, Bugianesi E, Pajvani U, Targher G. Nonalcoholic fatty liver disease: cause or consequence of
type 2 diabetes? Liver International 2016;36:1563-1579.

Yang JD, Abdelmalek MF, Pang H, Guy CD, Smith AD, Diehl AM, Suzuki A. Gender and menopause impact
severity of fibrosis among patients with nonalcoholic steatohepatitis. Hepatology 2014;59:1406-1414.
Ballestri S, Nascimbeni F, Baldelli E, Marrazzo A, Romagnoli D, Lonardo A. NAFLD as a Sexual Dimorphic
Disease: Role of Gender and Reproductive Status in the Development and Progression of Nonalcoholic
Fatty Liver Disease and Inherent Cardiovascular Risk. Advances in therapy 2017;34:1291-1326.
DiStefano JK. NAFLD and NASH in Postmenopausal Women: Implications for Diagnosis and Treatment.
Endocrinology 2020;161.

Klair JS, Yang JD, Abdelmalek MF, Guy CD, Gill RM, Yates K, Unalp-Arida A, et al. A longer duration of
estrogen deficiency increases fibrosis risk among postmenopausal women with nonalcoholic fatty liver
disease. Hepatology 2016;64:85-91.

Auro K, Joensuu A, Fischer K, Kettunen J, Salo P, Mattsson H, Niironen M, et al. A metabolic view on
menopause and ageing. Nat Commun 2014;5:4708.

Basit A, Amory JK, Prasad B. Effect of Dose and 5a-Reductase Inhibition on the Circulating Testosterone
Metabolite Profile of Men Administered Oral Testosterone. Clinical and translational science
2018;11:513-522.

Mody A, White D, Kanwal F, Garcia JM. Relevance of low testosterone to non-alcoholic fatty liver disease.
Cardiovasc Endocrinol 2015;4:83-89.

Yim JY, Kim J, Kim D, Ahmed A. Serum testosterone and non-alcoholic fatty liver disease in men and
women in the US. 2018;38:2051-2059.

Hardwick RN, Ferreira DW, More VR, Lake AD, Lu Z, Manautou JE, Slitt AL, et al. Altered
UDP-glucuronosyltransferase and sulfotransferase expression and function during progressive stages of
human nonalcoholic fatty liver disease. Drug Metab Dispos 2013;41:554-561.

122



CHAPTER 5 Analyses of metabolites and biochemical pathways associated with hepatic triglyceride content indicate extensive metabolite dysregulation

123



124



