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Abstract

This multi-omics cross-sectional study investigated differences in metabolomics, proteomics, and epigenomics
profiles between two groups of adults matched for age but differing in lifestyle factors such as body composition,
diet, and physical activity patterns. Data from prior studies were utilized for a comprehensive integrative analysis.

The study included 52 participants in the lifestyle group (LIFE) (28 males, 24 females) and 52 in the control group
(CON) (27 males, 25 females). Using multi-omics integration software (OmicsNet and Pathview), 96 significantly
(p<0.05) enriched pathways were identified that differentiated the LIFE and CON groups. Top pathways significantly
(p<2.63%107°) influenced by group status included fatty acid degradation, fatty acid elongation, glutathione metab-
olism, Parkinson disease, and central carbon metabolism in cancer. This study identified a distinct metabolic signature
comprised of metabolites, proteins, and gene methylation sites associated with a healthy lifestyle. These findings
provide unique, but complementary, results to previous single-omics analyses using metabolomics and proteomics
procedures which showed that the LIFE group exhibited lower plasma bile acid levels, higher levels of beneficial fatty
acids, reduced innate immune activation, enhanced lipoprotein metabolism, and increased HDL remodeling. The cur-
rent multi-omics analysis builds on these previous results by providing a more holistic view of how metabolites, pro-
teins, and methylation sites associated with a healthy lifestyle, providing a larger, more comprehensive list of altered
pathways. Additionally, the integrated analysis revealed connections between lifestyle factors and conditions such

as cancer and insulin resistance beyond what identified in the single-omics approaches, highlighting the broader
metabolic impact of lifestyle on health. Overall, the signatures identified by this multi-omics approach provide a basis
for developing more translational biomarkers, such as those that defined the cancer and insulin resistance pathways
that can be used to assess one’s state of health and provide guidance on behavior modifications that should be taken
to lower disease risk.
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Introduction

Advances in multi-omics technologies, including those
that combine proteomics, metabolomics, and epig-
enomics, have enabled detailed explorations into the
biological underpinnings of health and disease, includ-
ing how lifestyle behaviors influence physiology and
contribute to disease risk or disease severity. Proteom-
ics is the study of structure and function of proteins,
which have been used for biomarker discovery and
drug development [1]. Metabolomics is the profiling
of metabolites, which are the substrates, co-factors,
and products of metabolism that drive essential cellu-
lar functions [2]. Epigenomics is the study of changes
in gene activity which occur without altering DNA
sequences [3]. All three fields interact closely with each
other. Epigenetic modifications like DNA methylation
can directly influence the expression of genes involved
in biochemical processes, thereby altering the produc-
tion of metabolites [4]. Together, these disciplines con-
tribute to understanding the molecular mechanisms
underlying health and disease.

Epidemiological studies show that healthy lifestyle
behaviors—broadly defined as having a balanced diet,
performing regular physical activity, avoidance of
tobacco use, moderation of alcohol, and maintenance of
a healthy weight—are linked to increased life expectancy
and reduced chronic disease risk. Indeed, these behav-
iors have been linked with significant risk reductions
for many chronic diseases including cardiovascular dis-
ease, type 2 diabetes, cancer, and other obesity-related
conditions [5-10]. Li et al. showed that for 50-year-
old individuals, adherence to 5 healthy lifestyle factors
could increase life expectancy by 14 and 12.2 years for
females and males respectively compared to individuals
who adopted zero healthy lifestyle factors [8]. Rassy et al.
observed that for individuals aged 40—73 years old, those
who did not smoke, regularly exercised, had no/moder-
ate alcohol use, and had a healthy diet had lower risk of
hypertension, ischemic heart disease, arrythmias, heart
failure, arteriosclerosis, kidney failure, gout, sleep disor-
ders, and mood disorders [6]. Observations such as these
indicate that these healthy lifestyle behaviors can have a
significant impact on risk of many different chronic dis-
eases. However, the biological pathways mediated by
these beneficial lifestyle practices, individually or in com-
bination, remain unclear, which has limited our ability to
understand the biochemical mechanisms of these protec-
tive effects. Prior studies have identified unique molecu-
lar signatures linked to cardiorespiratory fitness [11-15],
healthy diet [16-21], aging [22], and obesity [25-29].
However, most studies focus on individual omics and use
varied designs that hinder comparability between stud-
ies. Multi-omics technologies can help identify more
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comprehensive molecular signatures associated with
healthy lifestyle adherence and disease risk.

We have previously performed single-omics studies to
better understand the molecular signatures of healthy
lifestyle patterns. One of these studies was a metabo-
lomics investigation to compare plasma metabolomes
between individuals which adhered to a healthy lifestyle
(LIFE) and a control group (CON) which did not adhere
to a healthy lifestyle [30]. That study identified 486 sig-
nificant metabolites with a Variable Importance in the
Projection (VIP; a score given to each variable in a super-
vised multivariate analysis to assess the importance of
a variable in separating groups such as LIFE and CON
individuals) score>1 and 16 significant pathways (p
value <0.05). Positive lifestyle habits were linked to lower
plasma levels of bile acids, an amino acid profile charac-
terized by higher histidine and lower glutamic acid, glu-
tamine, B-alanine, phenylalanine, tyrosine, and proline,
elevated vitamin D status, higher levels of beneficial fatty
acids, and reduced levels of N-glycan degradation metab-
olites [30]. Another previous single-omics investigation
performed by our group involved a proteomics approach
to analyze dried blood spots from the same individuals.
This study demonstrated distinct differences between the
LIFE and CON groups for 39 of 725 proteins assayed [31].
Among them, 18 proteins were downregulated in the
LIFE group, indicating a lower innate immune activation
signature, while 21 proteins were upregulated, reflecting
greater lipoprotein metabolism and HDL remodeling.
These findings suggested that only a relatively small num-
ber of proteins were associated with positive lifestyle
habits [31].

The study presented herein also collected DNA meth-
ylation data on these same individuals and integrated
this data with existing metabolomics and proteom-
ics data from previous studies. The goal of this analysis
was to identify molecular signatures of healthy versus
unhealthy lifestyles and their links to disease. Findings
from multi-omics approaches may provide clarification
of how lifestyle factors influence biological mechanisms
and disease outcomes to guide targeted interventions and
personalized health strategies. Furthermore, the objec-
tive of this study was to identify key genes, proteins, and
metabolites that, when measured, can effectively define
an individual’s health status. The validation of such find-
ings has the potential to improve clinical practice by
providing biomarker signatures for health that surpass
the small number of measures that are taken in routine
medical examinations. Furthermore, current clinical
measures and medical examinations focus on the detec-
tion of disease. This is disparate from the World Health
Organization’s (WHO) definition of health, ‘a state of
complete physical, mental, and social well-being and not
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merely the absence of disease or infirmity [32] This study
takes steps towards developing biomarkers that will be
critical for further aligning healthcare practices with the
WHO'’s definition of health as multi-omic approaches
can provide a more holistic view of one’s state of health
by measuring factors that are responsive to physical,
mental, and social state in contrast to more traditional
clinical measures which may not reflect all of these ele-
ments. The importance of all of these factors together is
also why DNA methylation was chosen to represent the
epigenome since DNA methylation has been linked with
changes in physical, mental, and social environments
[33]. Given the current limitations of clinical assays and
the impracticality of measuring the expression levels of
hundreds or thousands of genes, proteins, and metabo-
lites, this study aimed to identify a select group of genes,
proteins, and metabolites that define health. These
biomarkers, when measured alongside those already
included in clinical assays, could provide a more compre-
hensive definition of health.

Methods

Study design and methods

This investigation used existing metabolomics and pro-
teomics data and newly collected DNA methylation
data from a cross-sectional study design to compare
metabolic, proteomic, or epigenomic profiles in adults
adhering (LIFE, n=52) or not adhering (CON, n=52)
to healthy lifestyle recommendations [30, 31]. Study
participants were recruited into LIFE and CON groups
using a stringent set of inclusion and exclusion criteria as
described below.

The procedures were approved by the Appalachian
State University Human Subjects Institutional Review
Board (IRB), with Federal Wide Assurance (FWA) num-
ber: FWA00027456. The IRB granted review approval
(#21-0054) on 10/16/2020 [31]. The human subject
research was conducted in compliance with relevant
guidelines and regulations, and informed consent was
obtained from all participants [31]. Blood samples were
collected in an overnight fasted state, body composition
was assessed using anthropometric and 8-point bioelec-
trical impedance methods (seca, Hamburg, Germany),
and questionnaires collected information on participants’
lifestyle habits, physical activity patterns, mood states,
estimated VO, ., nutrient intake, and medical his-
tory [31]. The proteomics and metabolomics data, along
with details regarding the study participants and meth-
ods from this cross-sectional study, have been published
in separate papers [30, 31]. For full details, the reader is
referred to those papers, with a brief overview provided
herein.
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Study population

Participants were recruited into LIFE and CON groups
based on predefined lifestyle and health criteria. The LIFE
group consisted of 28 males and 24 females, all of whom
were healthy, with no current or prior history of chronic
or infectious diseases. They maintained a body mass
index (BMI) of less than 25 kg/m? engaged in high levels
of physical activity (>300 min per week of vigorous exer-
cise), and adhered to a healthy dietary pattern character-
ized by recommended intakes of fruits, vegetables, whole
grains, low-fat dairy products, healthy protein foods, and
a low intake of salt, sugar, fats, and alcohol. Additionally,
participants had been non-smokers for at least the previ-
ous three years [31]. The control group (CON) consisted
of 27 males and 25 females, all of whom were healthy
with no current or prior history of chronic or infectious
diseases but were classified as obese (BMI>30 kg/m?).
This group exhibited a sedentary or low physical activity
level (< 150 min per week) and followed an unhealthy die-
tary pattern [31]. The age range for all participants was
between 25 and 75 years. Individuals were excluded from
the study if they had been treated for heart disease, can-
cer (excluding skin cancer), or any medically complicated
conditions [31]. Additional details of study participants
can be found in our previous publication [30].

Omics data acquisition

Metabolomics and proteomics data had been previously
collected and processed. For metabolomics data acqui-
sition and data preprocessing, plasma blood samples
were subjected to untargeted ultra-high-performance
liquid chromatography-high-resolution mass spectrom-
etry (UHPLC-HRMS) for metabolic profiling using a
data dependent acquisition method [30]. For proteom-
ics data acquisition and data preprocessing, dried blood
spot samples were processed using data-independent
acquisition mass spectrometry (DIA-MS). Protein iden-
tifications were performed against a customized spectral
library [31]. For epigenomics data acquisition and data
preprocessing, epigenetic modifications were assessed
using DNA extracted from blood samples. Bisulfite
sequencing data was generated using BSBolt to analyze
DNA methylation patterns. The reader can refer to this
paper for more details [34]. Data preprocessing that con-
verts methylation site to gene symbols were performed
using UCSC Genome Browser [35].

Targeted bisulfite sequencing (TBS-seq)

DNA was extracted starting from 500 pl following the
protocol supplied by the manufacturer. Purified gDNA
was measured by fluorometric quantification with the
Qubit dsDNA BR assay (Thermo Fisher Scientific).
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Between 250 and 500 ng of purified gDNA for each
sample were fragmented to an average size of 250—
300 bp by sonication with a BioruptorPico device
(Diagenode) using the following conditions: 15 cycles,
30 s-on and 90 s-off. The size of the sheared gDNA was
assessed by automated electrophoresis by running an
aliquot of each sample on the 4200 Agilent TapeSta-
tion. DNA libraries were prepared using the NEBNext
Ultrall library prep kit (New England Biolabs) and
custom, pre-methylated Dual-Unique-Index adapters
from Integrated DNA Technologies (IDT) were used
for adapter ligation. Groups of 16 libraries, each car-
rying a different adapter, were pooled together, con-
centrated by drying with a SpeedVac system and used
for targeted enrichment with custom made 5’-bioti-
nylated oligos (IDT). A description of the xGen Custom
Hybridization probes panel can be found in a previous
publication [36]. Targeted enrichments were performed
using the xGen Hybridization capture of DNA librar-
ies kit from IDT according to the instructions pro-
vided by the manufacturer. Hybridization was carried
out overnight at 65 °C. Bisulfite conversion of captured
DNA was performed prior to PCR amplification using
the EZ-Methylation Gold kit (Zymo Research). KAPA
HiFi Uracil + (Roche) was used for final PCR amplifica-
tion with the following conditions: 2 min at 98 °C; 16
cycles of (98 °C for 20 s; 60 °C for 30 s; 72 °C for 30 s);
72 °C for 5 min; hold at 4 °C. PCR products were SPRI
beads purified and library QC was performed using
the High-Sensitivity D1000 Assay on the 4200 Agilent
TapeStation. The pool of 96 libraries was sequenced
on a NovaSeq6000 (Sp lane) as paired-end 150 bases.
The probes used in the capture were designed based on
public EWAS loci associated with aging, cell types, and
metabolic disorders.

DNA methylation data processing

The processing of bisulfite sequencing data was car-
ried out using BSBolt (v1.5.0). Demultiplexed FASTQ
files were subjected to adapter removal using cutadapt
(v4.1) and aligned to the GRCh38 reference genome
using the BSBolt Align function. PCR duplicates were
removed using the samtools markdup function (v1.15)
before calling methylation with BSBolt CallMethylation
function. The outputs of the CallMethylation function
(CGmap files) were combined to create methylation
matrices with minimum read count coverage floors
across 100% of samples. The read count floor used for a
particular analysis are indicated in the relevant figures
and tables for epigenomic results.
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Data analysis

This investigation used freely available software tools
(OmicsAnalyst, OmicsNet, and Pathview) to conduct
multi-omics data analysis using existing data.

OmicsAnalyst

OmicsAnalyst is a web-based platform designed to
allow users to perform a variety of well-established data-
driven approaches for multi-omics integration [37]. This
includes correlation networks, clustering heatmaps, and
dimensionality reduction techniques to explore features
within and across omics layers and their relationship to
study metadata [37, 38]. There are three major steps in
multi-omics analysis using OmicsAnalyst: 1) individual
data processing, 2) method selection, and 3) visual ana-
lytics [38]. OmicsAnalyst contains built-in annotations
for transcriptomics, proteomics, and metabolomics [37,
38]. Steps involving quality and parameter control were
inserted between the main steps [37, 38]. In this study,
OmicsAnalyst was used for generating multivariate plots
to determine whether LIFE and CON shared similar or
distinct coordinated patterns of change across omics lay-
ers. Preprocessed metabolomics, proteomics, and epig-
enomics data were input into the software, and all data
were autoscaled. Multivariate analyses of the omics data
included unsupervised Principal Component Analy-
sis (PCA) for individual omics analysis, and supervised
Data Integration Analysis for Biomarker Discovery using
Latent Variable Approaches for Omics Studies (DIABLO)
for multi-omics analysis. DIABLO is a multi-block PLS-
DA supervised technique that integrates multiple omics
datasets and identifies omics variables that discriminate
phenotypic groups. Due to the large number of epig-
enomics data that exceeded the software’s capacity, only
methylation sites with more than 40 reads were included
in data analysis.

OmicsNet

OmicsNet is a web-based tool that specializes in explor-
ing multi-omics data within the context of molecular
interaction knowledgebases by allowing users to build,
visualize, and analyze molecular networks [39]. In this
study, OmicsNet was used to create and visualize 2D and
3D multi-omics networks from lists of identified mol-
ecules of interest from the different omics datasets. This
analysis aimed to identify significantly different pathways
between LIFE and CON by building multi-omics net-
works using metabolites, proteins, and genes that sig-
nificantly differentiated the two groups. The input data
consisted of significant metabolites (p<0.05), proteins
(»<0.05), and gene symbols associated with significant
methylation sites (p <0.01) identified by Students’ t-test.
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The output included significant pathways with a thresh-
old of p<0.05. Multi-omics networks were built using the
KEGG database [40].

Pathview

Pathview is a tool that maps, integrates, and visual-
izes biological data on molecular and genetic pathways
[41]. In this study, Pathview was employed for pathway
visualization to determine which pathway components
were affected including their direction of change. Input
data included significant (p<0.05) metabolites (input
as KEGG IDs), and proteins (input as gene symbols),
to visualize pathways selected by OmicsNet. The out-
put consisted of pathway visualizations, allowing for the
interpretation of biological relevance in the observed
omics data.

Results

Subject characteristics

This study used a cross-sectional design to compare 52
participants in the LIFE group with 52 in the CON group.
There were no significant differences in age, education
level, or height between the LIFE and CON groups. The
sex distribution was also similar between the two groups,
with a chi-square value of 0.039 and a p value of 0.844.
However, several body composition measures, includ-
ing body mass index (BMI), fat mass index (FMI), body
fat percentage, and sagittal abdominal diameter, showed
significant differences (p<0.001) between the LIFE and
CON groups. Physical fitness and activity levels dif-
fered significantly (p<0.001) between LIFE and CON
groups, including estimated aerobic capacity (VOy.,)
and total physical activity calculated as MET-min/week.

Epigenomics_40reads only.csv

Metabolomics v2.csv
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In LIFE, the fruit and vegetable intake was significantly
higher (p<0.001) and red meat intake significantly lower
(p<0.001) compared to CON. In LIFE, alcohol intake
(grams/day) was higher, on average, than CON group
(10.2+£14.1 vs 11.0£20.0), though not significantly. The
total mood disturbance was significantly (p value <0.001)
lower in the LIFE group (90.4+7.1) than in the CON
group (94.8 £8.1). None of the subjects in LIFE and only
two in CON were current cigarette smokers, but 12% and
27% of LIFE and CON, respectively, reported smoking
at least 100 cigarettes in their entire lifetimes (X2=3.96,
p=0.047) [30, 31].

Multivariate and univariate statistics

The unsupervised PCA for metabolomics, proteom-
ics, and epigenomics data showed a noticeable overlap
between the LIFE and CON groups (Fig. 1). Compara-
tively, metabolomics and proteomics data were more sep-
arated between LIFE and CON groups than epigenomics
data, indicating more similarities in epigenomic profiles
than metabolic and proteomic profiles. Supervised DIA-
BLO, which is a multi-block PLS-DA, generated a factor
scores plot (Fig. 2A), variability plot (Fig. 2B), and the
3D visualization (Fig. 2C). The factor scores plot indi-
cated that component 1 created the greatest difference
between LIFE and CON groups. The variability plot indi-
cated that the difference created by component 1 was
largely driven by metabolomics and proteomics data.
The 3D DIABLO plot showed clear separation between
LIFE (red) and CON (green) groups with this super-
vised analysis, primarily separated based on component
1. Overall, these data show that the two groups overlap
in each omics layer in an unsupervised analysis (PCA,

Proteomics v2.csv

PC2

Conditions
Control
Lifestyle

PC1

Fig. 1 PCA of metabolomics, proteomics, epigenomics data of LIFE and CON groups
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Fig. 2 Supervised DIABLO analysis, a multi-block PLS-DA technique, evaluating the difference between LIFE and CON based on multi-omics
profiles. A The factor scores plot. Blue=CON, orange=LIFE B Plot of the variability in each omics layer that is explained by the integrated factor
scores. € 3D multi-block PLS-DA plot of metabolomics, proteomics, epigenomics data of LIFE (red dots) and CON (green dots) groups. Ellipsoids

represent the confidence region

Fig. 1), but an integrated, supervised analysis (DIABLO,
Fig. 2) produced clear separation between the LIFE and
CON groups, indicating that supervised approaches may
be necessary for identifying lifestyle-related differences.

Significant pathways analysis

Two tailed, two sample equal variance students’ t-test
was performed to obtain significant metabolites, pro-
teins, and methylation sites. There were 2,453 metabolite

features and 105 proteins with p<0.05, and 561 meth-
ylation sites with p<0.01. Figure 3 shows the 2D multi-
omics network between those significant metabolites,
proteins, and genes of the corresponding methylation
sites. There was a total of 96 pathways calculated to be
significantly (p<0.05) different between LIFE and CON
groups by OmicsNet. The top 15 significant pathways
are shown in Table 1, and the complete list of significant
pathways are shown in the Online Appendix Table 1 for
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the comparison of LIFE and CON groups. Out of the 96
significant pathways, 23 were disease/disorder pathways
from the KEGG DISEASE database, a collection of path-
ways that are focused on molecular networks that are
known to be perturbed in human diseases [42].

Discussion

This cross-sectional study focused on the multi-omics
profile associated with a healthy lifestyle, using metabo-
lomics, proteomics, and epigenomics data [30, 31]. The
LIFE and CON groups were similar in sex distribu-
tion, education, and age, but differed in lifestyle fac-
tors, including physical activity, dietary patterns, and
body composition. It is well-recognized that behavioral
effects related to healthy lifestyles can influence molec-
ular profiles through a variety of cellular and molecular
mechanisms, and these profiles can provide insight into

the risk of developing various chronic diseases [43]. The
metabolomics data set previously published from this
cross-sectional study showed that individuals in the LIFE
group had lowered plasma levels of numerous bile acids,
elevated vitamin D status, higher levels of beneficial fatty
acids, reduced levels of N-glycan degradation metabo-
lites, and an amino acid profile consistent with a reduced
risk for chronic disease [30]. The proteomics dataset pre-
viously published from this study showed that individuals
in the LIFE group had a lower innate immune activa-
tion signature and greater lipoprotein metabolism and
HDL remodeling [31]. In this analysis, the integration of
metabolomics, proteomics, and epigenomics (previously
unpublished) data revealed distinct signatures between
the LIFE and CON groups. Supervised, multivariate
analysis of the multi-omics dataset (DIABLO) confirmed
that group status (LIFE vs. CON) was strongly predicted
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Table 1 The top 15 significant pathways (p < 0.05) analyzed and
ranked by OmicsNet

Pathway integP value
Fatty acid degradation 2.29E-15
Glutathione metabolism 1.21E-09
Fatty acid elongation 1.36E-09
Purine metabolism 7.50E-08
Oxidative phosphorylation 2.70E-07
Pyrimidine metabolism 9.16E-07
Thermogenesis 1.3E-06
Parkinson disease 4.53E-06
Aldosterone synthesis and secretion 4.57E-06
Glyoxylate and dicarboxylate metabolism 1.06E-05
GABAergic synapse 1.38E-05
Cortisol synthesis and secretion 1.64E-05
Alcoholism 245E-05
Central carbon metabolism in cancer 2.63E-05
Vitamin B6 metabolism 2.87E-05
Glucagon signaling pathway 0.000798

by the combined multi-omics signature. An enriched
pathways analysis using OmicsNet revealed 96 pathways
that were significantly different between LIFE and CON
groups and twenty-three were disease-related pathways.
Some of the non-disease pathways included fatty acid
degradation and elongation, glutathione metabolism, and
purine metabolism. Some of the disease-related pathways
included Parkinson’s disease, alcoholism, and central car-
bon in metabolism in cancer. Visualization of these path-
ways was generated by Pathview (Figs. 4, 5, 7, and 8). The
green to red spectrum represented genes, and the blue
to yellow spectrum represented metabolites [41]. Genes
highlighted in red were more significantly expressed
(p<0.05) in LIFE group than in CON group. Metabo-
lites highlighted in yellow had a significantly higher level
(p<0.05) in the LIFE group than in the CON group. This
investigation was conducted as a differential profiling
study, and not a quantitative assessment of metabolites,
proteins, and gene expression. This study did not include
the use of quantitative historical data for healthy baseline
values of gene expression, proteins, or metabolites.

The most significant pathway differentiation (p
value=2.29E-15) between LIFE and CON groups was
fatty acid degradation (Fig. 4, Table 1). Fatty acid deg-
radation, the breaking down of fat into acetyl-CoA for
energy while sparing muscle from catabolism, occurs
in the mitochondria throughout the body during high
energy demand states, such as trauma and exercise [44,
45]. Disrupted fatty acid degradation leads to an accumu-
lation of elevated concentrations of metabolic intermedi-
ates in blood and organs that result in the development
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of chronic diseases, especially those related to meta-
bolic dysfunction like obesity, insulin resistance, type 2
diabetes, and cardiovascular disease [46—48]. The type
and amount of fat consumed directly impact the rate
at which the body breaks down fatty acids for energy
[49-51], with high-fat diets leading to increased fatty
acid oxidation. Mitochondrial carnitine palmitoyltrans-
ferase 1 (CPT1. Figure 4, Table 1) is located in the outer
membrane of mitochondria and converts acyl-CoAs into
acylcarnitines, enabling transport of long-chain fatty
acids into mitochondria for f-oxidation [52]. CPT1 is the
rate-limiting step of this process and major regulatory
mechanism of B-oxidation is inhibition by malonyl-CoA
which is formed by acyl-CoA carboxylase [46, 53, 54], an
enzyme that is upregulated and activated during exercise
[55]. Direct CPT1 overexpression in animals and skel-
etal muscle cells was found to protect muscle from fatty
acid induced insulin resistance and apoptosis [56—58].
Other regulators of fatty acid degradation are hormones
such as insulin, glucagon, and cortisol [59-61] which are
influenced by diet, exercise, and obesity [62-69]. Fatty
acid elongation was the third most significant pathway
that differed (p value=1.36E-09, Fig. 5, Table 1) between
LIFE and CON groups, further supporting that fatty acid
metabolism is significant in defining the healthy signa-
ture. Fatty acid elongation, the process of adding carbon
units to lengthen fatty acids that occur in the endoplas-
mic reticulum, is used for cellular metabolism, mem-
brane structure, and cell signaling [70-72]. Fatty acid
elongation imbalances are linked to a variety of diseases,
including metabolic disorders, skin conditions, liver
disease, cancer, and central nervous system disorders
[73-78]. Our identification of fatty acid degradation and
elongation as significantly altered pathways aligns with
exposomics-based research, demonstrating that environ-
mental and lifestyle exposures systematically impact lipid
metabolic processes. Literature shows that lipid-related
pathways — including B-oxidation and elongation of fatty
acids — frequently emerge as central hubs of molecular
perturbation in multi-omics exposome analyses [79].
These changes may serve as early biomarkers of cardio-
metabolic stress linked to lifestyle behaviors.

CPT1 and acetyl-CoA C-acyltransferase were
expressed more in the LIFE group than in the CON group
(Fig. 4). Trans-Dodec-2-enoyl-CoA, (S)-3-Hydroxy-
dodecanoyl-CoA, 3-Oxo-dodecanoyl-CoA were higher
in LIFE group than in CON group. Higher expression
of CPT1 could improve fatty acid oxidation and reduce
fatty acid buildup, which may help to prevent obesity and
metabolic disorders like T2D and cardiovascular disease.
[80, 81]. The LIFE group had higher CPT1 expression
which implies that a healthy lifestyle decreases the risk of
obesity and metabolic disorders through these fatty acid
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metabolic mechanisms. Acetyl-CoA C-acyltransferase
acts on 3-oxoacyl-CoAs to produce acetyl-CoA and an
acyl-CoA shortened by two carbon atoms [82]. The differ-
ence in levels of intermediates before the final acetyl-CoA
production and the acetyl-CoA C-acyltransferase expres-
sion might be due to differences in alcohol consumption
between LIFE and CON groups. Alcohol significantly
impacts CoA metabolism by increasing the production
of acetyl-CoA, leading to a disruption in the normal
fatty acid oxidation pathway due to an altered NADH/
NAD +ratio, which contributes to the development of
fatty liver disease [83—85]. Disrupted CoA metabolism

can lead to a variety of issues including impaired energy
production, accumulation of toxic metabolites, cellular
dysfunction, and potentially contribute to the develop-
ment of diseases like neurodegenerative disorders, car-
diovascular diseases, and certain cancers. [86—88]

The second most significant pathway that was different
between LIFE and CON groups was glutathione metabo-
lism (p value=1.21E-09, Table 1). Glutathione (GSH), a
tripeptide made of cysteine, glutamate, and glycine, is
involved in detoxification, antioxidant defense, cell cycle
regulation, protein and DNA synthesis, signal transduc-
tion, and gene expression [89-95]. Depletion of GSH has
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been shown to be linked to multiple diseases like neu-
rodegenerative disorders, pulmonary disease, cardio-
vascular diseases, immune disease, chronic age-related
diseases, liver disease, and cancer [89, 96—100]. Studies
have also shown that direct administration and promo-
tion of GSH production have been used effectively in
treating diseases like Parkinson’s, peripheral obstruc-
tive arterial disease, cystic fibrosis, emphysema, COPD,
contrast-induced nephropathy, nonalcoholic fatty liver

| GLUTATHIONE METABOLISM |
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disease, exercise-induced fatigue, and more [89, 101-
107]. This study showed that the glutathione level was
higher in LIFE than CON group (Fig. 6). Reduced glu-
tathione was also one of the significant metabolites (VIP
=1.9, p value=3.66E-05, fold difference=2.3) found
in the previous paper published using metabolomics
data [30]. A diet high in saturated fat, processed sugars,
and refined carbohydrates can increase oxidative stress
by generating excessive amounts of free radicals [99,

asalilill
1 0 1

L-Amano ac

PepB || LAF3
v-Glutamyd
PepD | DUGI cyche -
L-Cystcinyl-
ghyime
— 4327
gl 341913
(G5 r o
1217 6323 113} —ah
1 I - e {12113} O Bis-y-ghtamykystine
1114211143 4 - = - Ooreenton
NADPH LLLI44JI118]  NApps 34112] LaP3 | DG
25118}—00—{2322 —y 23180100
[1za2]111113) R-S-Ghatathsone &Sy L Peph | PegB R-S-Cysteine Mercaptune acid
| EEE] [FTRT) (05T gfycine
1341 1844] 2813 35178 Q
18511 1541 ] 1843)[ 1847 s
6318 o
& iy
TS ']?mxw
Ty | TOPX )
Trypaedr Tryparedo
d.m un ny N
Pl . ToF .
ine 11741
Bas glutathaony 1)-
1 TR | :‘:)ﬁ'::,ﬁ!,‘,A vinpermine
Cadaveri 25116 B R @ {Tok } @ vy
Amanogropy - Tins  Ghaatsoayl- LI | Homotrypanothione
cadnvenne amunopropyl | S
cadavenne

Fig. 6 Visualization of glutathione metabolism generated by Pathview. There were higher levels of GSH and lower levels of glutamate
and oxoproline in LIFE group compared to CON group. Genes in red and green were higher and lower in the LIFE group, respectively. Metabolites

in yellow and blue were higher and lower in the LIFE group, respectively



Fu et al. Human Genomics (2025) 19:101

108-112]. Conversely, a diet rich in fruits, vegetables,
and whole grains with high antioxidant content can help
mitigate oxidative stress, which could explain the higher
glutathione level in LIFE group. In addition, obesity, alco-
hol, and tobacco usage also increase oxidative stress and
negatively affect levels of glutathione [112-116]. Thus, a
healthy lifestyle leads to a higher glutathione level, which
decreases the risk of those diseases mentioned above.

Glutamate is not only one of the amino acids involved
in glutathione synthesis—it is also an excitatory neuro-
transmitter in the nervous system [117] and is involved in
many functions like learning, memory, and pain signal-
ing [118]. Glutamate is necessary for the synthesis of key
molecules, like glutathione and GABA [119]. Glutamate
also plays a key role in the tricarboxylic acid cycle during
cellular metabolism to provide carbon source for synthe-
sis of other biological molecules [120]. Glutamate is natu-
rally found in protein-rich foods and activates umami
taste receptors [119]. Its concentration is tightly con-
trolled by many mechanisms to prevent negative effects
such as excess release which could lead to excitotoxicity
that has been linked to decreased neuronal regeneration
[117, 121, 122]. Glutamate signaling abnormalities have
also been found to be linked to neurological diseases
such as Alzheimer’s disease, Parkinson’s disease, and
schizophrenia [123]. It has also been shown that excess
glutamate level facilitates tumors growth [124—126]. Our
results revealed lower levels of glutamate in LIFE group
compared to CON group (Fig. 6). Glutamate was the
most significant metabolite (VIP=2.6, p value=1.30E-
09, fold difference=-2.5) differentiating the two groups
in the previous paper published using metabolomics data
only [30]. A healthy diet limits the intake of processed
foods that contain high glutamate level due to monoso-
dium glutamate (MSG) additive [127, 128]. The highest
levels of glutamate occurred in meat, fish, and eggs prod-
ucts [129, 130], and the LIFE group had lower red meat
intake than the CON group. Extensive exercise depletes
the amino acid pool, including the plasma level of glu-
tamate [131]. However, the whole blood glutamate con-
centration was found to have no significant change due
to glutamate being mainly confined in the red blood cell
[131, 132]. Tobacco uses also significantly increases the
glutamate levels in the brain through its active ingredi-
ent nicotine [133, 134], which may explain why the CON
group had a higher glutamate level. The lower levels of
glutamate in the LIFE group suggest that a healthy life-
style could lead to a lower chance of developing neuro-
logical diseases or cancer that are caused by abnormally
high levels of glutamate.

In addition to metabolic pathways, our analyses also
revelated that disease-centric pathways were significantly
enriched when differentiating LIFE and CON groups.
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was the most significant disease/disorder pathway (p
value=4.53E-06) that was different between LIFE and
CON groups (Table 1). Parkinson’s disease is a neuro-
degenerative disease characterized by motor and cogni-
tive problems with early death of dopaminergic neurons
that results in dopamine depletion [135]. Risk factors for
increased risk of Parkinson’s disease include being male,
age, pesticide exposures, family history, and rural living
[135, 136]. Interestingly, environmental factors that are
associated with a decreased risk of developing Parkin-
son’s disease include tobacco smoking and alcohol con-
sumption [136—138]. The association with smoking could
be due to the decreased responsiveness to nicotine dur-
ing the prodromal phase of this disease [139], rather than
suggesting that smoking itself is protective against Par-
kinson’s disease. The decreased risk of Parkinson’s disease
associated with alcohol consumption is not well under-
stood. One treatment for Parkinson’s disease is with
drugs that increase dopamine concentration or stimulate
dopamine receptors [140-142].
Metabolites:

+ Higher DOPA, DOPAL in LIFE
+ Lower Tyr, dopamine in LIFE

Proteins:
+ Less expression of CaMKII, Ubc6/7, 19S in LIFE

There were higher levels of 3,4-dihydroxyphenyla-
lanine (DOPA) and 3,4-dihydroxyphenylacetaldehyde
(DOPAL) and lower levels of tyrosine and dopamine in
the LIFE group (Fig. 7). Dopamine is a neurotransmitter
that plays a role in regulation of emotions, motor con-
trol, and cognitive function [143]. Exercise is found to
acutely and transiently increase dopamine production
in the brain due to increased serum calcium levels that
activate CaMKII which activates tyrosine hydroxylase
[144, 145]. However, there is little evidence that chronic
physical activity lowers or elevates plasma dopamine
levels when measured in the resting state. CaMKII was
expressed lower in LIFE group which had higher physical
activity level than the CON group, and dopamine levels
were lower in the LIFE group (Fig. 7). The higher dopa-
mine level in the CON group might be due to the higher
alcohol intake and tobacco use. Alcohol consumption ini-
tially increases dopamine levels in the brain, but chronic
alcohol use led to decrease in dopamine activity [146].
Nicotine in tobacco use has also been found to lead to an
increase in dopamine levels [147]. DOPA is the precur-
sor to dopamine and is synthesized in the brain from the
amino acid tyrosine [148]. Tyrosine is the dietary precur-
sor to dopamine and norepinephrine, and plays a role in
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Fig. 7 Visualization of Parkinson disease generated by Pathview. There were higher levels of 3,4-dihyfroxyphenylalanine (DOPA),
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were higher and lower in the LIFE group, respectively

behavior and cognitive function [149]. DOPAL is a highly
reactive, toxic metabolite of dopamine breakdown, and
may contribute to the development of Parkinson’s disease
due to its potential to damage neurons through oxida-
tive stress and protein aggregation [150-152]. However,
DOPAL was higher in the LIFE group than the CON
group (Fig. 7). The reason for this remains unclear. A
potential negative association between a healthy lifestyle
and Parkinson’s disease may be suggested, but further
research is required to validate this finding.

Central carbon metabolism in cancer was the
third most significant disease/disorder pathway (p
value=2.45E-05) that was different between the LIFE
and the CON groups (Table 1). Cancer is a disease that
is characterized by uncontrolled cellular proliferation
which often leads to metastasis if the disease is allowed
to progress [153]. Risk factors for cancer include aging,
tobacco use, environmental exposures, family history of
cancer, alcohol use, poor diet, lack of physical activity,
and obesity [154—158]. Studies have already found that a
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healthy lifestyle has a preventative effect on cancer devel-
opment [158-162]. The results of our study support that
this may be through metabolic mechanisms, particu-
larly through central carbon pathways. Cancer cells are
known to have an altered carbon metabolism, such as the
Warburg effect, where the cells take up large amounts of
glucose and produce high amounts of lactate even when
oxygen is present [163, 164]. Hyperglycemia can contrib-
ute to an imbalance of hormones and promote cell prolif-
eration, adhesion, migration, and invasion of cancer cells
[165-169]. Blocking glucose uptake into cells can induce
apoptosis in cancer cells [170, 171]. The release of lactate
from tumor cells acidifies the tumor microenvironment,
which can promote further tumor growth, metasta-
sis, and immunosuppression [172-176]. Lactate levels
are also found to predict a patient’s overall survival and
likelihood of metastasis [177, 178], and targeting lactate
production is a potential cancer treatment [179]. There
was lower glucose and lactate levels in the LIFE group
compared to the CON group (Fig. 8) which implied that

CENTRAL CARBON METABOLISM IN CANCER

Page 14 of 20

a healthy lifestyle decreases risks of cancer development
through preventing excess glucose and lactate levels,
which is supported by previous studies.

This study also found a lower RAS expression in LIFE
group (Fig. 8). RAS is an oncogene that’s part of the
MAPK signaling pathway in malignant cells [180]. RAS
plays a role in cell growth, proliferation, migration, sig-
nal transduction, cell cycle regulation, and wound heal-
ing and tissue repair [181-189]. This gene is found in
all types of cells but found most frequently mutated
oncogenes in human malignancy [190]. Mutations in
the RAS genes or upstream or downstream signaling
components are abnormal in most human tumors [187,
191, 192]. The lower RAS expression in the LIFE group
further suggest healthy lifestyle factors decrease risk of
cancer development by potentially reducing the activity
of signaling pathways involved in cellular proliferation
such as RAS. Additionally, there was higher expression
of L-type amino acid transporter 1 (LAT1) in the LIFE
group (Fig. 8). LAT1 facilitates the transport of essential
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amino acids like leucine and phenylalanine, and certain
drugs and hormones across the blood—brain barrier and
other cell membranes [193-198]. LAT1 is found to be
upregulated in various types of cancer, contributing to
the growth and proliferation of cancer cells, and higher
LAT1 is associated with poor prognosis of patients with
multiple tumors [199-204]. This transporter is a poten-
tial target for cancer diagnosis and treatment, because
inhibiting LAT1 can suppress the growth of tumor cells
by downregulating the mTORCI signaling pathway [205,
206]. The higher LAT1 expression in the LIFE group
might initially seem counterintuitive, as it could suggest
that healthy lifestyle factors are associated with a higher
risk of cancer due to elevated LAT1 expression. How-
ever, a potential explanation lies in the rigorous physi-
cal activity levels of the LIFE group. Resistant exercise
training has been shown to increase LAT1 expression
to enhance muscle protein synthesis and promote mus-
cle growth [207, 208] [23, 24]. Since the precise level of
LAT1 expression was not measured, it is unclear whether
the LAT1 expression in the LIFE group fell within the
healthy range. Therefore, the LIFE group should not
be considered to have a higher cancer risk based solely
on the higher LAT1 expression compared to the CON
group. Indeed, the roles of LAT1 in human physiology
are varied, with some effects linked to healthy states and
some effects linked to disease states. Because of this,
LAT1 levels should be considered in the context of other
molecular factors such as the other significant markers
that we identified in this study. This further highlights
the need to use multiple markers to assess one’s state of
health because the relationship of many molecules with
disease risk is often context dependent. Further research
is needed to investigate the relationship between lifestyle
factors, LAT1 expression, and the development of cancer
or other chronic diseases.

Conclusion

This study provided a multi-omics signature of health.
Ninety-six significant pathways (p <0.05) were identified,
with 23 of them being disease related. These findings offer
valuable insights into the molecular mechanisms that link
lifestyle behaviors with health and disease, emphasizing
the complex interaction between biological pathways and
lifestyle factors. This highlights potential targets for the
development of interventions to treat or prevent chronic
disease, as well as potential novel biomarkers to define
one’s state of health. In particular, the top pathways we
identified in this study (listed in Table 1) could be used
to guide potential interventions to reduce chronic disease
risk through nutritional, pharmacological, or behavio-
ral approaches. Because these pathways provide poten-
tial molecular mechanisms for lifestyle-related disease
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development, targeting these processes specifically may
provide more effective approaches than what is currently
used clinically.

Several pathways in the integrative analysis had not
been previously identified through the analysis of the
metabolomics or proteomics data alone [30, 31]. The
pathways that were significant in both the integrative
and metabolomics-only analyses were pyrimidine bio-
synthesis, histidine metabolism, beta-alanine metabo-
lism, tyrosine metabolism, and butanoate metabolism.
Bile acid synthesis from metabolomics and fatty acid
degradation and elongation from integrative analysis
demonstrated some overlap. When comparing integra-
tive analysis with proteomics-only, lipoprotein process-
ing was the only shared pathway. In the proteomics-only
analysis, numerous proteins are involved in immune
responses, which may be related to immune response
pathways and disease pathways identified in the integra-
tive analysis, such as central carbon metabolism in can-
cer, breast cancer, influenza A, necroptosis, and human
T-cell leukemia virus 1 infection. These comparisons
demonstrate the value of integrating multiple omics
types together to generate novel results that may not be
identified in single-omics analyses.

The limitations of the current study include a rela-
tively small sample size (n=>52 per group), unidentified
metabolomic and proteomic peaks, software limitations
such as Pathview, which only accepts the input of genes
and metabolites, and the fact that all the software focuses
solely on the curation of endogenous pathways. As soft-
ware tools become developed to handle additional meas-
urement types and incorporate pathways of exogenous
agents (which are detectable with metabolomics meth-
ods), these data can be further mined to give a more
comprehensive view of how internal and external fac-
tors are influenced by lifestyle habits. For future studies,
long-term follow-up with participants to assess whether
they develop diseases predicted in this study could pro-
vide valuable insights. Future studies should also aim to
increase the sample size and diversity of participants,
expanding the scope to include individuals from across
the United States or globally. Additionally, our study
used participants which span a large age range which
may have introduced additional variability into the omics
data due to this heterogeneity of the population. Future
studies with larger sample sizes should also stratify by
different age ranges to determine if different age groups
have shared or unique lifestyle-linked molecular profiles.
This information would potentially uncover novel aspects
of precision health approaches and also potentially
determine optimal times in one’s lifespan to implement
healthy lifestyle modifications. Ultimately, this study
aims to enhance clinical practice by providing healthcare
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professionals with a more comprehensive understanding
of health signatures, and incorporating the measurement
of genes, proteins, and metabolites such as glutathione,
glutamate, RAS, and CPT1, alongside the standard bio-
markers typically assessed during a routine medical visit
to evaluate a patient’s health status.
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