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Preface

This Reprint, titled Interactions between Exercise Physiology and Metabolism, brings
together one editorial and eight original research articles published in Metabolites. It represents a
comprehensive effort to advance our understanding of how physical activity modulates systemic
metabolism at the molecular, cellular, and whole-organism levels.

The subject of this Reprint lies at the intersection of exercise physiology and metabolic
regulation. Its scope spans from large-scale clinical cohort analyses and exercise calorimetry
studies to mechanistic investigations using multi-omic approaches, including metabolomics,
microbiomics, epigenomics, and sportomics. The research covers diverse populations—from elite
athletes and collegiate sprinters to elderly urban residents and animal models of neurodevelopmental
disorders—highlighting the broad translational potential of exercise science.

The aim of this Reprint is to provide a systems-level perspective on how exercise influences host
metabolism, gut microbiome composition, epigenetic regulation, and inter-organ communication.
A central purpose is to move beyond traditional physiological markers and embrace cutting-edge
analytical platforms that capture the dynamic complexity of exercise-induced metabolic adaptations.
By integrating findings from studies on hypertension management, metabolic syndrome, athletic
performance, autism spectrum disorder, and lifestyle intervention epigenetics, this collection seeks
to establish a scientific foundation for precision exercise medicine.

The motivation for compiling this work stems from the urgent global need to counteract the
epidemic of chronic metabolic diseases driven by sedentary lifestyles and nutritional imbalances. As
a non-pharmacological, cost-effective, and accessible intervention, exercise holds immense promise
for preventing and managing conditions such as obesity, type 2 diabetes, cardiovascular disease, and
even neurodevelopmental disorders. However, realizing this promise requires a deep mechanistic
understanding of how different exercise modalities, intensities, and durations affect metabolic
pathways in diverse individuals. The research presented here addresses this gap by employing
state-of-the-art technologies to decode the molecular signatures of exercise.

This Reprint is addressed to a broad audience, including exercise physiologists, metabolomics
researchers, sports scientists, clinical nutritionists, endocrinologists, and public health professionals.
It will also serve as a valuable resource for graduate students and postdoctoral fellows seeking to
apply multi-omics approaches to exercise and metabolism research. We hope that this collection
inspires further investigation into the molecular mechanisms of exercise and facilitates the translation
of these insights into personalized, evidence-based exercise prescriptions for improving human
health.

Lijing Gong and Enming Zhang
Guest Editors
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Interactions Between Exercise Physiology and Metabolism
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Physical inactivity and excess nutritional intake have contributed to a global pandemic
of metabolic and non-communicable diseases, resulting in unhealthy fat accumulation,
metabolic dysregulation, and a high burden of chronic conditions such as type 2 diabetes,
cardiovascular disease, and obesity [1]. Exercise, as a potent, non-pharmacological, and
cost-effective intervention, orchestrates a complex network of physiological adaptations.
It stimulates the release of a plethora of signaling molecules, including exerkines, which
participate in inter-organ communication, regulate numerous key signaling pathways, and,
in turn, enhance whole physical health, help prevent the development of chronic diseases,
and actively help the body to recover [2]. The field of exercise metabolism seeks to capture
these complex processes, and with the support of advanced omics technologies, it has
revolutionized our ability to map the molecular landscape of exercise adaptations [3].

This Special Issue, entitled “Interactions between Exercise Physiology and Metabolism”,
presents a compelling collection of eight original research articles that explore the multi-
faceted relationships between physical activity and metabolic health. The contributions
cover a wide range of fields, ranging from large-scale epidemiological analyses in clinical
populations to mechanistic studies in animal models and elite athletes. By utilizing state-of-
the-art metabolomics, microbiomics, and epigenomics, these studies provide novel insights
into how exercise modulates host metabolism, gut microbiota, and epigenes, as well as
how these interactions influence health promotion and disease treatment.

New Paradigms in Exercise Metabolism Research: From Traditional Indicators to
Systems Biology

Several studies in this Special Issue highlight the powerful potential of systems biology
approaches in exercise metabolism research. Zhao et al. conducted a large-scale cohort
study of 3373 urban elderly residents, employing statistical methods such as piecewise
structural equation modeling (PiecewiseSEM) to systematically elucidate the mediating role
of serum lipids in the relationship between physical activity (PA) and blood pressure (BP).
Their findings revealed that the mediating effect of serum lipids was particularly significant
under low-PA conditions. This discovery addresses the limitations of traditional studies
that only focus on the direct association between PA and BP, offering a novel theoretical
perspective for hypertension management (Contribution 1).

On the other hand, Fei et al. utilized untargeted plasma metabolomics to find that
cardiorespiratory fitness (CRF) levels can mitigate the metabolic disturbances associated

Metabolites 2026, 16, 229 https://doi.org/10.3390/metabo16040229
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with metabolic syndrome (MetS) risk factors by modulating key metabolic pathways such
as the TCA cycle and arginine biosynthesis. The eight common differential metabolites
identified in this study (including branched-chain amino acids and 2-oxoglutarate) provide
potential biomarkers for stratifying CRF levels and MetS severity (Contribution 2).

Collectively, these studies illustrate how macroscopic epidemiological analysis or
microscopic metabolite profiling can yield new insight into the complex relationships
between exercise and metabolism.

Exercise Interventions and Metabolic Disease Management: From Mechanisms to Applications

The role of exercise as a non-pharmacological intervention in metabolic disease man-
agement is strongly emphasized in this Special Issue. Varlet et al. conducted a large-scale
calorimetry study of 6465 individuals, providing the first systematic characterization of
the linear relationship between carbohydrate oxidation and exercise intensity, termed the
“carbohydrate cost of the watt (CCW).” Their findings revealed that women, older individ-
uals, and those with higher adiposity exhibited higher CCW values, suggesting a greater
reliance on carbohydrates and relatively lower lipid oxidation capacity. This discovery
provides a physiological basis for individualized exercise prescription in patients with
obesity and metabolic diseases (Contribution 3).

Bathina et al. further investigated the mechanisms of lifestyle intervention (diet
combined with exercise) from an epigenetic perspective. In severely obese men with hypog-
onadism, a 12-month lifestyle intervention significantly reduced global DNA methylation
levels in peripheral blood mononuclear cells and downregulated the expression of key
DNA methyltransferases (DNMT1, DNMT3A, DNMT3B) as well as adipogenic genes
(PPARy, CEBP«, FTO). This study provides novel evidence that lifestyle interventions
can improve metabolic status through epigenetic reprogramming, offering a molecular
explanation for the long-term benefits of exercise (Contribution 4).

Training Modalities and Athletic Performance: Metabolic Adaptations and
Individual Difference

Studies involving athletic populations provide unique insights into the metabolic
adaptation mechanisms of different training modalities. Kong et al. compared the effects
of a threshold training model (72%:24%:4% intensity distribution) and a polarized train-
ing model (78%:8%:14%) on adolescent male rowers. Although both training modalities
significantly improved 2 km rowing performance, the metabolic profiles they induced dif-
fered: the threshold group specifically enriched the pyruvate metabolism pathway, while
the polarized group enriched the aminoacyl-tRNA biosynthesis pathway. This finding
suggests that while both modalities are equally effective in enhancing aerobic endurance,
they modulate through different molecular mechanisms, providing a metabolic rationale
for scientific training (Contribution 5).

Fu et al. adopted a “sportomics” strategy to systematically monitor the multi-
dimensional physiological status of collegiate sprinters during the pre-competition strength-
ening and tapering periods. Despite reduced training volume during tapering, athletes
exhibited gut microbiome imbalance, elevated inflammatory factors (IL-6, IL-13), and
activation of immune-related metabolic pathways. These subtle physiological changes, not
fully captured by traditional biochemical markers, were closely associated with athletic
performance limitations, underscoring the unique value of multi-omics monitoring in elite
sports (Contribution 6).

Li et al. further revealed the impact of sex differences on exercise-induced metabolic
responses. Through serum metabolic profiling of freestyle wrestlers at different training
stages, they observed that male athletes mainly exhibited increases in branched-chain
amino acids and lactate during peak training, whereas female athletes showed decreased

https://doi.org/10.3390/metabo16040229
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valine and increased pyruvate levels. This finding suggest that sex-specific metabolic
responses should be fully considered in training monitoring (Contribution 7).

The Exercise-Gut-Multi-Organ Axis: From Peripheral Metabolism to the Central
Nervous System

The gut microbiome has recently emerged as a critical mediator connecting exercise
and systemic metabolism. The studies included in this Special Issue extend this perspective
to the field of neural development. Meng et al. utilized a Shank3 knockout rat model of
autism spectrum disorder (ASD) and provided the first evidence that early-life swimming
intervention can reverse striatal metabolic abnormalities. Shank3-knockout resulted in
significant reductions in neurotransmitters and neurodevelopment-related metabolites such
as glutamate, glutamine, and taurine, whereas early swimming intervention restored these
metabolite levels and improved glutamatergic and GABAergic synaptic pathways. This
study offers a mechanics insight into the beneficial effects of exercise on ASD symptoms
and supports the regulatory role of the exercise-gut-brain axis (Contribution 8).

Consistent with this perspective, Fu et al. also demonstrated that during the tapering
period, athletes exhibited a decreased gut microbiome health index (GMHI), an increased
microbial dysbiosis index (MDI), and alterations in inflammation- and immune-related
metabolic pathways. These findings further support the gut microbiome as a sensitive
indicator of physiological responses to exercise (Contribution 6).

Conclusions and Future Perspectives

The studies presented in this Special Issue collectively provide a multifaceted and
comprehensive view of the interactions between exercise and metabolism. Encompassing
large-scale population cohorts, clinical metabolic diseases, elite athletes” performance, and
neurodevelopmental disorders, and integrating approaches from traditional biochemical
assessments to advanced multi-omics analyses, these contributions significantly deepen
our understanding of exercise metabolism mechanisms.

Future research should prioritize the integration of multi-dimensional data, includ-
ing metabolomics, metagenomics, and epigenomics, combined with advanced analytical
techniques such as artificial intelligence, to develop predictive models for individualized
exercise prescriptions. Such efforts will facilitate the transformation of exercise interven-
tions from a “one-size-fits-all” approach toward precision and personalization. Moreover,
enhancing the translation of basic research findings into clinical practice and validating
the utility of exercise-related metabolic biomarkers in disease prevention and management
will be essential for addressing the growing global challenge of metabolic diseases.

Author Contributions: L.G. wrote the original draft of manuscript; C.X. and E.Z. reviewed and
edited the manuscript. All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by the China Fundamental Research Funds for the Central
Universities (Beijing Sport University File No. 2024TZJK001, 2025KYPTO05).
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Abstract: Background/Objectives: Investigating the importance and potential causal effects of serum
lipid biomarkers in the management of hypertension is vital, as these factors positively impact the
prevention and control of cardiovascular disease (CVD). Methods: We surveyed 3373 urban residents
using longitudinal data from the CHARLS database, collected between 2015 and 2020. Pearson corre-
lation methods were employed to explore the relationships among the numerical variables. A logistic
regression model was utilized to identify the risk factors for hypertension. The dose-effect relation-
ship between serum lipids and BP was assessed using restricted cubic splines (RCS). Additionally,
piecewise structural equation modeling (PiecewiseSEM) was conducted to further elucidate the direct
and indirect pathways involving individual body indices, serum lipids, and PA on BP responses at
different levels of physical activity (PA). Results: The four serum lipids showed significant differences
between hypertensive and non-hypertensive residents (p < 0.05). All lipids, except for HDL choles-
terol, demonstrated extremely significant positive correlations with both systolic blood pressure (SBP)
and diastolic blood pressure (DBP) (p < 0.001). All serum lipid variables were significantly associated
with the incidence of hypertension. Specifically, triglycerides (bl_tg), HDL (bl_hdl), and low-density
lipoprotein LDL cholesterol were identified as significant risk factors, with odds ratios (ORs) of 1.56
(95% CI: 1.33-1.85, p < 0.001), 1.16 (95% CI: 1.02-1.33, p < 0.05), and 1.62 (95% CI: 1.23-2.15, p < 0.001),
respectively. Conversely, cholesterol (bl_cho) was a protective factor for hypertension, with an OR of
0.60 (95% CI: 0.42-0.82, p < 0.01). PA showed weak relationships with blood pressure (BP); however,
PA levels had significant effects, particularly at low PA levels. The four serum lipids had the most
mediating effect on BP, especially under low PA level conditions, while PA exhibited a partly weak
mediating effect on BP, particularly under high PA level conditions. Conclusions: Serum lipids
have significant nonlinear relationships with BP and PA levels exert different influences on BP. The
significant mediating effects of serum lipids and the weak mediating effects of PA on individual
body indices related to SBP and DBP demonstrate significant differences across varying levels of PA,
highlighting the importance of low PA levels in hypertension management. This study could provide
valuable recommendations and guidance in these areas.

Keywords: serum lipids; physical activity; SEM; hypertension management; urban elderly residents;
China

1. Introduction

As society has evolved, the lifestyles of urban residents have shifted significantly,
leading to a high prevalence of chronic diseases [1]. Hypertension, defined as a systolic
blood pressure (SBP) of 140 mmHg or higher and/or a diastolic blood pressure (DBP)
of 90 mmHg or higher, is a prevalent condition that affects a significant portion of the
population and is a major risk factor for cardiovascular disease [2]. The prevalence of hy-
pertension in China has increased from 5.1% to 23.2% over the past three decades [3,4], and
the number rose to 56.8% in northeast China in the 2020s [5]. The number of hypertensive
patients aged 30 to 79 years has doubled from 1990 to 2019 [6] and is projected to reach

Metabolites 2024, 14, 707. https:/ /doi.org/10.3390 / metabo14120707 5 https:/ /www.mdpi.com/journal /metabolites



Metabolites 2024, 14, 707

1.56 billion by 2025 [7]. Meanwhile, the number of fatalities caused by hypertension among
Chinese residents was 2.54 million in 2017, with cardiovascular disease deaths accounting
for 95.7% [8]. Hypertension has become a significant public health concern worldwide.
Studies have shown that it is the leading risk factor contributing to the global burden of
disease [9]. In China, hypertension sharply increases with age and is a significant risk factor
for ischemic heart disease, stroke, chronic kidney disease, and dementia [4]. It imposes a
heavy burden on families and society.

Due to common risk factors or disease pathogenesis, hypertension often coexists with
other chronic diseases, such as dyslipidemia [10]. The results of a 2018 national survey in-
dicated that the prevalence of dyslipidemia among adults over 18 years old was 35.6% [11].
Hypertension and dyslipidemia are the most common risk factors for cardiovascular dis-
ease (CVD) [12]. The coexistence of hypertension and dyslipidemia significantly increases
the harmful effects on the cardiovascular system [13]. The result of this interaction is an
exponential increase in CVD. Moreover, controlling BP and serum lipids has become a
priority for the prevention and management of CVD. Hypertension, dyslipidemia, and
obesity are independent risk factors for CVD, and they often co-exist [12]. These conditions
represent a serious medical issue that significantly increases the risk of heart, brain, and
other diseases. In China, 23.2% of adults aged 18 and above have hypertension [3]. Dys-
lipidemia is recognized as an independent risk factor for atherosclerosis, coronary heart
disease, and stroke. During three national cross-sectional surveys conducted from 2002 to
2015, serum lipid levels increased sequentially among Chinese adults [4].

Physical activity (PA) has proven to be an effective tool for the primary and sec-
ondary prevention of several chronic diseases [14]. The intensity of PA also plays a role, as
moderate- to high-intensity activities have been shown to significantly reduce BP in hy-
pertensive patients and lower the risk of CVD [15-17]. A study of 1311 African Americans
found that exercise-related PA had the potential to lower the risk of developing high BP,
while other types of activity were not associated with this risk [18]. Another investigation
involving 125,402 adults found that longer commuting times and high-intensity leisure
activities were significantly associated with a lower risk of hypertension, especially among
older individuals [19]. Most previous studies have examined the effects of PA on BP. How-
ever, current global estimates indicate that one in four adults and 81% of adolescents do
not engage in the recommended levels of PA as suggested by the WHO [20]. In China, PA
was observed to be in sharp decline while urbanization was increasing dramatically [21].
Additionally, some studies have examined the impact of age, gender, waist circumference,
and BMI on the development of hypertension, revealing a positive correlation between
these factors and BP [22]. The study by Wang et al. [23] revealed the significant impact of
body shape control on managing hypertension. All these variables were incorporated into
the statistical modeling to explore their impact on BP. While PA has beneficial effects on
the chronic diseases mentioned above, the mechanism by which PA influences BP through
serum lipid metabolites remains unclear. Furthermore, the sequence of effects between
PA and serum lipids in managing hypertension has not been reported. Investigating the
significance of serum lipid biomarkers in the context of PA for hypertension management
is essential for lifestyle interventions aimed at preventing cardiovascular disease (CVD)
and improving overall health. Additionally, understanding the pathways through which
PA and blood lipids influence CVD risk factors can enhance prevention and disease control
strategies. Mediation analysis is commonly used to explore the mechanisms of interven-
tions, and epidemiologists have increasingly employed it to analyze mechanisms focused
on path analysis in recent years. However, studies examining the mechanisms by which
PA and serum lipids affect BP are limited, particularly concerning the internal pathway
effects among different constructs. The objective of the study is (1) to clarify the relationship
between BP and PA, serum lipids, and other relevant variables; (2) to quantify the effects of
PA and serum lipids on BP; and (3) to assess the underlying mechanisms among PA, serum
lipids, and BP. This study aims to provide theoretical support for research on hypertension
in elderly urban residents and offer valuable insights into hypertension management.
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2. Materials and Methods

In this study, we selected residents from the China Health and Retirement Longitudi-
nal Study (CHARLS) databases from 2015 to 2020. It is a longitudinal database that began
in 2008, with individuals followed up every two years. All data will be made public one
year after the completion of data collection. In our study, the updated database extends to
2020, and recently, new data delayed by COVID-19 have been published. The information
collected by CHARLS includes highly scientific and standardized health and medical mea-
surements and provides valuable data on social and economic environments. These data
have demonstrated significant contributions to research. Detailed information regarding
the study design and sampling strategy can be found in the cohort information [24]. In
the data extraction process, we first extracted variables including height, weight, age,
gender, smoking and drinking habits, urban/rural residency, waist circumference, sleep
duration, PA, and four serum lipids. We then filtered the data to include only individ-
uals with systolic blood pressure (S5BP) > 140 mmHg, and/or diastolic blood pressure
(DBP) > 90 mmHg, and/or those using blood pressure medication, as well as individuals
aged over 60. Finally, we removed any missing values for these variables, resulting in a
final sample of 3373 elderly residents aged 60 years and older. All participants provided
informed consent, and CHARLS was approved by the Institutional Review Board of Peking
University (Code: IRB00001052-11015).

The serum lipid data included triglycerides (bl-tg), high-density lipoprotein cholesterol
(bl-hdl), low-density lipoprotein cholesterol (bl-1dl), and total cholesterol (bl-tc). The final
sample comprised 1649 individuals with hypertension and 1724 without hypertension.
Among these respondents, there were 2663 females and 710 males.

Metabolic equivalent (MET) was used to calculate PA intensity.

PA =) (MET; x F;x T)) 1)

where F; is the weekly frequency of activity of the PA level (day/week); T; is the activity
time of day on the PA level (minutes/day); MET; is the constant related to the PA level.
The PA levels are divided into three types: vigorous PA (VPA), moderate PA (MPA), and
light PA (LPA). According to the Chinese Guidelines of the International Physical Activity
Questionnaire (IPAQ) [25], the MET for VPA, MPA, and LPA were assigned 8.0, 4.0, and
3.3, respectively. The PA duration is categorized as follows: “1 = (<0.5h),2 =(0.5h ~2h),
3=(2h~4h), 4= (>4h)”[26]. In this study, PA intensity was ultimately categorized
into three levels according to the recommendation from the World Health Organization
(WHO) [27,28]: Low (<10 MET-h/week), Moderate (10 ~ 50 MET-h/week), and High
(>50 MET-h/week) levels.

The demographic data of participants are given in Table 1. Continuous numeric variables
are presented as the mean =+ standard deviation, while categorical variables are presented
as frequency and percentage. Spearman correlation analysis was used to determine the
relationship between BP and all other numeric variables. A logistic regression model was
employed to identify protective and risk factors for hypertension. The dose-response
effects of serum lipids and BP were evaluated using restricted cubic splines (RCS) for non-
linear correlations and piecewise linear regression to identify inflection points, considering
significance (p < 0.05). We used the piecewiseSEM R package for structural equation
modeling (SEM) to further assess the associations among serum lipids (bl_tg, bl_hdl, bl_Idl,
and bl_cho), PA, and individual body indices (height, weight, and waist) affecting SBP and
DBP, respectively, after accounting for multiple key factors such as age and sleep time. In
SEM, we used path analysis to explore potential causal relationships between variables.
These relationships are represented by line segments, where an arrow pointing to a variable
indicates that another variable influences it, and the number on the line represents the
path coefficient. All measured variables included in this model were first standardized
and then included in the SEM. To confirm the robustness of the relationships between
serum lipids and PA, we used piecewiseSEM to account for random effects related to
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hypertension, providing the “marginal” and “conditional” contributions of serum lipids

and PA predictors in driving model stability.

Table 1. Statistical tables of the baseline characteristics of the population.

Characteristic ) Hypertension? p-Value 2
[#/N(%) | Mean (SD)] 1 Unit not, N = 1724 yes, N = 1649

Gender 0.606
Male — 369/1724 (21%) 341/1649 (21%)
Female — 1355/1724 (79%) 1308/1649 (79%)

PA_level 0.015
Low — 1248/1724 (72%) 1157/1649 (70%)
Moderate — 274/1724 (16%) 322/1649 (20%)
High — 202/1724 (12%) 170/1649 (10%)

Smoke 0.764
Yes — 126/1724 (7.3%) 125/1649 (7.6%)
Not — 1598/1724 (93%) 1524/1649 (92%)

Drink — 0.206
Yes — 382/1724 (22%) 336/1649 (20%)
Not — 1342 /1724 (78%) 1313/1649 (80%)

Urban <0.001
Yes — 648/1724 (38%) 724 /1649 (44%)
Not — 1076/1724 (62%) 925/1649 (56%)

Age years 66.74 (5.93) 68.42 (6.40) <0.001

Height cm 154.00 (22.27) 153.81 (22.93) 0.465

Weight kg 55.24 (25.01) 59.43 (12.22) <0.001

Waist cm 83.30 (25.85) 88.54 (13.51) <0.001

PA MET-h/w 15.62 (29.92) 16.20 (28.95) 0.223

Sleep_time h 6.19 (2.09) 6.08 (2.14) 0.116

Systole mmHg 119.35 (11.92) 146.42 (18.85) <0.001

Diastole mmHg 69.27 (8.09) 80.29 (11.21) <0.001

bl_tg pg/mL 131.88 (80.28) 155.38 (90.09) <0.001

bl_hdl pg/mL 53.11 (11.37) 51.17 (11.10) <0.001

bl_1d1 pg/mL 105.63 (27.86) 107.78 (29.44) 0.023

bl_cho pg/mL 188.72 (36.11) 192.14 (36.38) 0.004

Notes: ! Mean (SD) for numeric variables; n/N (%) for categorical variables; 2 Pearson’s Chi-squared test for
categorical variables; Kruskal-Wallis rank sum test for numeric variables.

All statistical analyses and diagrams were conducted using R (version 4.2.1, https:
/ /cran.r-project.org, accessed on 1 July 2022). In the data cleaning process, the timestamp
was handled using the “janitor” and “lubridate” packages in R. The “tidymodels” package
was used for data cleaning and preprocessing of all predictors. Descriptive analysis was
performed using the “tbl_summary” package, while Pearson’s correlation analysis utilized
the “corr” package. Logistic regression was carried out using the “log” package. The RCS
analysis was conducted using the “ggrcs” package. The SEM analyses were performed
using the “piecewiseSEM,” “nlme,” and “Ime4” packages. We used Fisher’s C test (when
0.05 < p < 1.00) to confirm the goodness of fit of the modeling results. We then modified
our models based on significance (p < 0.05) and the overall goodness of fit. All plots were
generated using the “ggplot2” package.

3. Results
3.1. Descriptive Statistics

Residents with hypertension exhibited significant differences from non-hypertensive
residents in individual categorical variables and most continuous variables (Table 1).
Among the continuous variables, four serum lipid levels showed significant differences
between hypertensive and non-hypertensive residents (p < 0.05). Except for bl-hdl, higher
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values were observed in hypertensive residents. PA showed relatively higher in hyper-
tensive residents, though differences in total PA absolute values were not statistically
significant compared to non-hypertensive residents. However, significant differences were
found across different PA levels (p < 0.05). In terms of continuous variables, the waist
circumference of hypertensive patients was measured at 88.54 &= 13.51 cm, significantly
higher than that of non-hypertensive patients, which was 83.30 & 25.85 cm (p < 0.001).
Additionally, other variables such as weight (59.43 + 12.22 kg for hypertensive patients
compared to 55.24 & 25.01 kg for non-hypertensive patients) and age (68.42 & 6.40 years for
hypertensive patients compared to 66.74 & 5.93 years for non-hypertensive patients) were
also higher in hypertensive patients. Both height and sleep duration showed no significant
differences between the two groups (p > 0.05). Furthermore, among the categorical vari-
ables, only the residency status (urban vs. rural) exhibited significant differences (p < 0.001)
between hypertensive and non-hypertensive residents.

3.2. Pearson Correlation Analysis

The Pearson correlation analysis was used to determine the relationships among PA,
four serum lipids variables, SBP, DBP, and various numerical variables (Figure 1). As
shown in Figure 1, age, waist circumference, weight, and four serum lipids—except for
high-density lipoprotein cholesterol (bl-hdl)—demonstrated extremely significant positive
correlations with both SBP and DBP (p < 0.001). The serum lipid of bl-hdl showed a
significant negative correlation with SBP (p < 0.05). Additionally, bl-hdl, triglycerides
(bl-tg), and age exhibited more significant correlations with other numerical variables.
Sleep time only showed significant correlations with two serum lipids: bl-hdl and total
cholesterol (bl-cho).

age 002 [F=oiie 0.01 002 002 o.1e~  [IEoos=aISG07N 005 0.01 0.04*
height = ooe™ | o5t | 002 0.03 000 003 008 | -005™ | 005" | -0.07"
weight | [ [ e 0.02 0057 | 006 | 0.0 | oq0~ (NSOMSEE 0.02 0.00
waist a |:| ] 0.00 0.00 010 | oo | o14m (GRS 0.02 001
PA| = = = . 0.01 -0.01 -0.02 002 -0.08 0.02 0.01 r
sleep_time = = [ = 002 000 -00s | 007 001 -0.04° 0.6
' 03
systole = (] a = 064 010 -003 007 007
T 0.0
diastole| [ = [ (] =] s |:| 009" 0.00 0097 010"
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Figure 1. Spearman correlation analysis of four serum lipids variables, PA, SBP, DBP, and various nu-
merical variables: The numbers represent correlation coefficients, and markers represent significance
levels as * p < 0.05, ** p < 0.01, and ** p < 0.001.

3.3. Logistic Regression Analysis

Residents, both with and without hypertension, were included as a binary dependent
variable in the study. Binary logistic regression analysis was conducted to identify potential
risk factors for hypertension. Figure 2 illustrates the significant influencing factors on
hypertension based on the logistic regression model.
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Variable N Odds ratio P
gender female 2663 ﬁ Reference

male 710 '—E—E—' 0.87 (0.69, 1.10) 0.244
PA_level high 372 ; Reference

low 2405 . 1.32(0.72,2.40) 0.367

middle 596 é i 1.53 (1.02, 2.30) 0.042
smoke not 3122 + Reference

yes 251 f—;—.—! 1.12(0.83, 1.51) 0.465
drink not 2655 + Reference

yes 718 '—.—v—' 0.95 (0.79, 1.15) 0.621

E

urban not 2001 — Reference

yes 1372 »—v—l—« 1.10(0.95,1.28) 0.185
age 3373 —— 1.43 (1.32, 1.54) <0.001
height 3373 '—.—'é 0.83 (0.71,0.99) 0.034
weight 3373 g —— 1.71 (1.43, 1.90) <0.001
waist 3373 E —— 1.26 (1.12, 1.43) <0.001
PA 3373 '—é—.—' 1.06 (0.87, 1.29) 0.571
sleep_time 3373 P—.—i—! 0.95 (0.89, 1.02) 0.169
bl_tg 3373 — 1.56 (1.33, 1.85) <0.001
bi_hdl 3373 é = 1.16 (1.02, 1.33) 0.022
bi_IdI 3373 g — 1.62 (1.23, 2.15) <0.001
bl_cho 3373 " 0.60 (0.42,0.82) 0.002

0’5 1 15 P

Figure 2. Factors affecting hypertension based on logical regression model.

The results indicated that three serum lipids—bl_ldl (OR = 1.62, 95% CI: 1.23-2.15,
p <0.001), bl_tg (OR = 1.56, 95% CI: 1.33-1.85, p < 0.001), and bl_hdl (OR = 1.16, 95% CI:
1.02-1.33, p < 0.05)—were potential risk factors for hypertension. Additionally, one serum
lipid, bl_cho (OR = 0.60, 95% CI: 0.42-0.82, p < 0.01), was identified as a potential protective
factor. Moreover, numeric variables such as age, waist circumference, and weight were also
significant risk factors for hypertension.

In terms of categorical variables, having a moderate PA level compared to a high
PA level was identified as a risk factor for hypertension (OR = 1.53, 95% CI: 1.02-2.30,
p < 0.05), while other categorical variables were not identified by the logistic regression
model. The result indicates that, compared to residents with high PA levels, those with
moderate PA levels faced a 53% increased risk of developing hypertension. Conversely, the
numerical variable of height was found to be a slight protective factor against hypertension
(OR =0.83, 95% CI: 0.71-0.99, p < 0.05).

3.4. Dose—Effects of Serum Lipids with BP

Our analysis initially indicated a potential non-linear relationship between serum
lipids and both SBP and DBP. Utilizing RCS analysis, we identified a non-linear relationship
between serum lipids and BP (Figure 3a for SBP and Figure 3b for DBP). The breakpoint
that defines the natural spline was 4. In the RCS model, we adjusted the covariables
including age, waist circumference, height, weight, sleep time, and PA. Age showed a
highly significant positive effect on both SBP and DBP (p < 0.001). However, sleep time
showed a significant negative effect on SBP (p < 0.05). The baseline body indices of
height, weight, and waist circumference also demonstrated highly significant positive

10



Metabolites 2024, 14, 707

effects on both SBP and DBP (p < 0.001). In addition, the effects of serum lipids showed
similar trends for both SBP and DBP, with the highest effects observed for baseline high-
density lipoprotein (bl_hdl), followed by baseline low-density lipoprotein (bl_Idl), baseline
cholesterol (bl_cho), and baseline triglycerides (bl_tg). This suggests that the relationship
between serum lipids and both SBP and DBP is not simply linear but exhibits an inverted
U-shaped relationship.

150
P for overall<0.001
P for nonlinear<0.001
o0 14
:%D 0 group
=) bltg
g/ bl_hdl
2 bl_ldl
% bl_cho
% 130
0 200 400 600
Serum lipids concentration(ug/mL)
(@

85

80
= o
=) bl_tg
\E/ 75 bl_hdl
-2 bI_Idl
% bl_cho
IS
R0

P for overall<0.001
P for nonlinear<0.001
65
0 200 400 600
Serum lipids concentration(ug/mL)
(b)

Figure 3. Dose—effects of serum lipids on systole (a) and diastole (b).

3.5. Mediating Effects of PA and Serum Lipids on BP

Piecewise SEM was performed to uncover the direct and indirect pathways through
which individual baseline characteristics, serum lipids, PA, age, and sleep duration have
effects on blood pressure (BP) responses at different PA levels. The direct and indirect
pathways by which these regulatory factors impact variations in SBP and DBP are illustrated
in Figure 4. The combined influence of individual baseline characteristics, serum lipids, PA,
age, and sleep duration accounted for a significant proportion of SBP variations at low PA
levels (58%), moderate PA levels (57%), and high PA levels (65%), considering the random
effects of “Hypertension?” (blue sections of Figure 4). Similarly, these variables explained a
substantial proportion of DBP variations at low PA levels (41%), moderate PA levels (42%),
and high PA levels (42%), again considering the random effects of “Hypertension?” (red
sections of Figure 4).

11
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Figure 4. Piecewise SEM accounts for the direct and indirect effects of individual base, serum lipids,
physical activity (PA), age, and sleep time on SBP (blue color) and DBP (red color) under low PA
levels (a), moderate PA levels (b), and high PA levels (c), respectively. The individual base and
serum lipids were combined into composite variables. Numbers adjacent to the measured variables
represent their coefficients with the composite variables after the data were standardized. Numbers
next to the arrows indicate path coefficients, which reflect the directly standardized effect size of the
relationships. The thickness of the arrows represents the strength of these relationships. The total
standardized effects of composite variables on blood pressure (BP) are shown in the marginal and
conditional R?, representing the proportion of variance explained by all predictors without (R>m)
and with (R%c) accounting for random effects of “Hypertension?”. Relationships between residual
variables of measured predictors are not shown. Significance levels for each predictor are indicated
as *p < 0.05, ** p < 0.01, and *** p < 0.001.
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Aside from age, individual baseline variables—including height, weight, and waist
circumference—consistently played a significant role in reflecting the regulations on both
SBP and DBP, both directly and indirectly, by exerting influences on serum lipids and PA.
Among these baseline variables, height and waist circumference were the most important
factors affecting SBP (blue sections in Figure 4a,c) and DBP (red sections in Figure 4a,b)
in response to changes in serum lipids. Weight significantly had impacts on serum lipids
related to SBP, with HDL cholesterol (bl_hdl) being the most influential, particularly by
reducing the effects at moderate PA levels (blue section in Figure 4b). Conversely, waist
circumference had a strong impact on four serum lipids related to DBP by enhancing the
effects at low PA levels (red section in Figure 4a). Furthermore, in both low and high PA
level conditions, the mediating effects of serum lipids were particularly important for SBP
(blue sections in Figure 4a,c), especially concerning triglycerides (bl_tg). Similarly, in low
PA conditions, the mediating effects of serum lipids were also significant for DBP (red
section in Figure 4a). Additionally, PA demonstrated only a weak mediating effect on DBP,
particularly under low PA conditions (red section in Figure 4a). Moreover, we observed
direct effects of serum lipids and PA on both SBP and DBP, which may also lead to indirect
impacts from individual baseline variables across different PA levels (Figure 4).

4. Discussion

A lack of sufficient PA can negatively impact health in daily life, contributing to many
chronic diseases, especially in the prevention of chronic diseases [17]. Our research revealed
that PA levels could lead to significant differences in hypertension, based on ANOVA
and logistic regression models. One previous meta-analysis found that individuals who
engaged in moderate-intensity PA experienced an 18% reduction in the risk of developing
hypertension [29]. A randomized clinical trial demonstrated that participants in the exercise
group, who followed a 12-week aerobic program, experienced significant reductions in their
24 h ambulatory SBP and DBP [30]. These studies support our findings. There is already
ample evidence confirming the effectiveness of sensible exercise in controlling hypertension.
It is clear that appropriate forms of exercise and exercise intensity can contribute to the
management and control of BP. Moreover, our findings suggest that achieving certain levels
of PA intensity may be particularly important for hypertension management.

Serum lipids have been recognized as independent risk factors for atherosclerosis,
coronary heart disease, and stroke. Our findings demonstrated that the four serum lipids
are highly correlated with SBP and DBP, as well as with individual baseline variables.
Among the continuous variables related to the risk of developing hypertension, we found
that weight, age, and serum lipid-related variables were significantly associated with hy-
pertension development (p < 0.05). Each unit increase in age and weight was associated
with 1.43 times (OR = 1.43, 95% CI: 1.32-1.54, p < 0.001) and 1.84 times (OR = 1.84, 95%
CI: 1.43-1.90, p < 0.001) increase in the risk of hypertension, respectively. These results
are consistent with previous studies. The research by He et al. revealed that higher bl_tg
and lower bl_hdl increased the risk of new-onset hypertension [31]. As age increases,
blood vessels undergo degenerative changes, such as a decline in wall elasticity [32] and a
deterioration in permeability [33], which prevents vessels from expanding and contracting
efficiently, leading to increased BP. Previous research also indicated that several anthro-
pometric indices show a significant correlation with hypertension. These indices can be
included in an individual’s medical history and used as tools for cardiovascular health
screening, potentially yielding better results for public health [34]. These physiological pro-
cesses related to aging are generally irreversible. Although age is an immutable risk factor
for hypertension, adopting a healthy lifestyle may help minimize the risk of developing
the condition. Our study also identified weight management as a key factor in preventing
and controlling hypertension. A survey of Korean adolescents indicated that overweight
and obese individuals had 1.52 and 1.89 times the risk of hypertension and exhibited a
high clustering of cardiometabolic risks [35]. A study involving a Chinese population of
middle-aged and elderly individuals revealed that all 14 indicators of obesity and adiposity

13



Metabolites 2024, 14, 707

were risk factors for hypertension [36]. Increased visceral lipids worsen lipid profiles and
promote abdominal fat deposition, leading to inflammation and oxidative stress associated
with obesity, atherosclerosis, and hypertension. These factors disrupt insulin metabolism
and renal sodium retention, further affecting BP [36,37]. Our results revealed that all serum
lipid variables were significantly associated with the incidence of hypertension. Specifi-
cally, triglycerides, high-density lipoprotein, and low-density lipoprotein were significant
risk factors. In contrast, cholesterol was identified as a protective factor for hypertension.
The mean cholesterol levels in both hypertensive and non-hypertensive elderly residents
were within the recommended safe range (<200 mg/dL) in this study, which may explain
the reason.

In addition, the impact of waist circumference on BP cannot be ignored. Evidence
suggests that increased waist circumference elevates the risk of hypertension in older
individuals [22]. Wang et al. analyzed data from a survey involving 5742 men and
5972 women, finding that waist circumference could potentially raise BP levels [23]. These
studies highlight the significant influence of factors such as weight and waist circumference
on BP. Our descriptive statistics demonstrate that hypertensive patients generally have
higher values for all body morphology variables compared to non-hypertensive individuals,
further underscoring the strong association between obesity and hypertension. The link
between sleep and BP should also not be overlooked [27].

The underlying mechanisms of the relationship between obesity and hypertension are
not fully understood. According to our SEM results, serum lipids exert the most significant
mediating effect on BP, particularly under low PA conditions, while PA has a weaker
mediating effect on BP, especially under high PA conditions. Additionally, height and waist
circumference or weight are the most important variables influencing BP in response to
increased serum lipids. Notably, high-density lipoprotein showed the most significant
mediating effect in reducing the impact of weight on SBP under moderate PA conditions.
It is well-known that high-density lipoprotein serves as the main apolipoprotein in the
human body, promoting the synthesis of free cholesterol accumulated in peripheral tissues
and lipoproteins in the bloodstream. It transports cholesterol to the liver for metabolism,
maintaining lipid balance. As adipose tissue increases, HDL consumption rises, leading
to the accumulation of unmetabolized neutral fats and lipid substances, which increases
blood viscosity and contributes to dyslipidemia, thereby elevating blood pressure [13]. The
relationship between high-density lipoprotein and BP is complex and varies under different
conditions, indicating that more mechanistic studies at the cellular and molecular levels
are needed to clarify this connection. Under both low and high PA conditions, triglycerides
showed significant mediating effects on SBP. These findings suggest that serum lipids
influence BP both directly and indirectly, while also highlighting the role of PA levels.
Moreover, these proofs elucidate the associations among serum lipids, PA, and the primary
CVD risk factors in elderly adults. They also focus on the internal relationships when PA
and serum lipids do not show direct correlations and explore possible reasons through
mediation effect analysis. Previous studies have indicated a positive association between
weight and serum triglycerides [11], which is consistent with our findings, notably in
relation to DBP under low PA conditions.

Our results suggest that increased lipid release from the body into the bloodstream
under low PA conditions regulates metabolic pathways and influences BP. Although
our findings did not show significant mediating effects of PA, some research indicates
that serum lipids may act as moderators of PA [38]. The main reason for this could
be the confounders adjusted in the model. We adjusted for all potential variables and
random factors that may have contributed to the weak mediating effects of PA. Our results
indicate that reducing adipose tissue is an important strategy for preventing and controlling
hypertension at low PA levels. Additionally, increasing PA levels may affect blood lipid
levels, and elevated fat could lead to hyperinsulinemia, disorders of the renin—angiotensin—
aldosterone system, and ultimately vasoconstriction [39]. Previous studies have noted
that dyslipidemia is closely related to hypertension [13]. This relationship is primarily
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reflected in excessive dietary intake of saturated fatty acids and a lack of PA, leading to
increased blood viscosity, thickening of blood vessel walls, heightened mobility of vascular,
and ultimately vascular lumen stenosis, reduced blood flow speed, and increased vascular
pressure [23,39].

Based on mechanisms identified in previous studies, it is suggested that PA can
influence BP. Furthermore, the impact of PA on the hypertension health of urban residents
should not be ignored. Selecting appropriate intensity and types of PA can significantly
affect BP levels. Although the results were verified through statistical analysis, this study
has its limitations. The analysis of mediation variables may be insufficient. We adjusted
for as many confounders as possible, and the estimated values were reasonable and
strictly controlled. As more confounders are controlled, the stability of the relationships
among independent variables, dependent variables, and mediating variables becomes
contingent on sample size and data structure, necessitating the application of a multilevel
mediation effect model. The anthropometric methods used to measure PA were not the
most precise available, and a significant proportion of participants were excluded from
our analysis. Therefore, generalizing our results to the entire survey population should be
performed with caution. Furthermore, the current study has several limitations. The PA
data came from self-reported questionnaires, and there may be some bias. The attrition of
participants and the replenishment of queues are inevitable and may affect the results of
the analysis. In future studies, we could consider additional variables and construct more
reasonable frameworks using a multiple-level moderated mediation effect model to reveal
more robust associations. Meanwhile, other microsystem indicators, such as metabolism-
related indicators, hypertension-related genes or expressed proteins, and other molecular
indicators, may effectively address the management and prevention of hypertension at
various exercise intensities.

5. Conclusions

(1)  Serum lipids have significant nonlinear relationships with BP, and PA levels have
varying effects on BP. Meanwhile, the BP health of urban residents is influenced by
factors such as age, weight, and waist measurements.

(2) There are significant mediating effects of serum lipids and weak mediating effects
of PA on the relationship between individual body variables and SBP/DBP. These
effects differ among PA levels, highlighting the importance of low PA levels in elderly
hypertension management.
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Abstract: To investigate the metabolomic mechanisms by which changes in cardiorespiratory fitness
(CREF) levels affect metabolic syndrome (MetS) risk factors and to provide a theoretical basis for the
improvement of body metabolism via CRF in people with MetS risk factors, a comparative blood
metabolomics study of individuals with varying levels of CRF and varying degrees of risk factors for
MetS was conducted. Methods: Ninety subjects between the ages of 40 and 45 were enrolled, and
they were categorized into low-MetS (LM < two items) and high MetS (HM > three items) groups, as
well as low- and high-CRF (LC, HC) and LCLM, LCLM, LCHM, and HCHM groups. Plasma was
taken from the early morning abdominal venous blood. LC-MS was conducted using untargeted
metabolomics technology, and the data were statistically and graphically evaluated using SP5526.0
and R language. Results: (1) There were eight common differential metabolites in the HC vs. LC
group as follows: methionine (), y-aminobutyric acid (1), 2-oxoglutatic acid (), arginine (1), serine
(1), cis-aconitic acid (1), glutamine (), and valine ({); the HM vs. LM group are contrast. (2) In
the HCHM vs. LCLM group, trends were observed in 2-oxoglutatic acid (), arginine (), serine
(1), cis-aconitic acid (1), glutamine ({), and valine (). (3) CRF and MetS risk factors jointly affect
biological metabolic pathways such as arginine biosynthesis, TCA cycle, cysteine and methionine
metabolism, glycine, serine, and threonine metabolism, arginine and proline metabolism, and alanine,
aspartate, and glutamate metabolism. Conclusion: The eight common differential metabolites can
serve as potential biomarkers for distinguishing individuals with different CRF levels and varying
degrees of MetS risk factors. Increasing CRF levels may potentially mitigate MetS risk factors, as
higher CRF levels are associated with reduced MetS risk.

Keywords: blood metabolomics; cardiorespiratory fitness; metabolic syndrome risk factors; metabolic
pathways

1. Introduction

Metabolic syndrome (MetS) is characterized by a cluster of metabolic disorders, includ-
ing hypertension, central obesity, dyslipidemia, and impaired glucose tolerance. Numerous
studies have demonstrated that low cardiorespiratory fitness (CRF) is associated with an
increased risk and mortality of MetS [1]. Both human and animal studies indicate that
obesity, elevated fasting plasma glucose (FPG), and elevated insulin levels are common
risk factors for MetS, particularly prevalent among individuals with low levels of CRF [2,3].
Further research is needed to elucidate the specific biochemical pathways influenced by
high levels of CRF and their impact on MetS risk factors.

In recent years, there has been a growing emphasis among scholars on studying
metabolic changes in the human body during exercise using metabolomics [4]. Methods
such as nuclear magnetic resonance spectroscopy (NMR) and mass spectrometry (MS)
enable the simultaneous measurement of a wide range of metabolites, revealing the biolog-
ical remechanisms through which exercise improves health from a metabolic perspective,
including its impact on MetS. Research over the past decade has primarily focused on
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comparing groups with significant disparities in CRF, such as those with the highest (>85%)
and lowest (<15%) CRF levels or individuals with maximal oxygen consumption (VO2max)
ranging from 38 to 48 mL~'kg~'min and above 60 mL~! kg~!min [5,6]. This approach
highlights that noticeable metabolic alterations are more evident when there are substantial
differences in CRF levels. Current research has confirmed a link between CRF and several
potential biomarkers related to MetS risk factors [7]. For instance, circulating levels of
branched-chain amino acids (BCAAs) are significantly elevated in individuals affected by
obesity, type 2 diabetes (T2D), and MetS compared to healthy controls [8]. For instance,
there is evidence suggesting that circulating BCAA levels tend to decrease with increasing
CREF levels or with improvements in health [9,10]. In a 16-week study, Sardeli et al. [11]
combined aerobic and resistance exercise training for elderly women with MetS. Endurance
training increased subjects” CRF levels by 131%, while resistance training enhanced the
leg press resistance load from 48% to 160%. Notably, the reevaluation of MetS risk fac-
tors post-exercise showed no significant changes, while metabolomic analysis revealed a
significant increase in substrates involved in the tricarboxylic acid (TCA) cycle, including
2-ketobutyric acid, ketone, and acetoacetate. This metabolic response may account for the
improvement in fatty acid oxidation due to exercise. Exercise therapies have the potential
to considerably improve CRF levels in MetS patients, which, in turn, can improve their
metabolic status. Consequently, assessing a person’s health only using their MetS risk
factors may not be a reliable indicator of their general health.

This study employed High Performance Chemical Isotope Labeling (HP-CIL LC-MS)
technology to conduct blood metabolomics analysis on populations with varying levels
of CRF and MetS risk factors. The study aims to investigate the mechanisms through
which CRF levels influence MetS risk factors by analyzing differences in blood metabolites
among individuals with different CRF levels and degrees of MetS risk factors. Additionally,
it seeks to provide insights into how enhancing CRF can potentially improve metabolic
conditions in individuals with MetS risk factors, contributing to strategies for promoting
health through exercise.

2. Materials and Methods
2.1. Study Subjects

A total of 100 participants aged 40-65 were recruited from Xiamen City Fujian Province,
China. Inclusion in the study was based on meeting at least one of the following diagnostic
criteria for MetS-related risk factors: (1)central obesity was defined as a waist circum-
ference > 90 cm for men and >85 cm for women; (2) fasting triglyceride (TG) level >
1.7 mmol/L or under treatment; (3) high-density lipoprotein cholesterol (HDL-cholesterol)
level < 1.04 mmol/L or under treatment; (4) hypertension, defined as a systolic blood
pressure (SBP) > 130 mmHg or a diastolic blood pressure (DBP) < 85 mmHg, or previously
diagnosed and treated for hypertension; (5) hyperglycemia, defined as a fasting plasma
glucose (FPG) level > 6.1 mmol/L and/or 2-h postprandial glucose level <7.8 mmol/L, or
previously diagnosed and treated for T2D. Subjects who did not complete the full trial or
used vasoactive drugs (e.g., antihypertensive drugs, statins) or dietary supplements during
the trial were excluded. The height, weight, waist circumference, and blood pressure of
the subjects were measured (recorded to two decimal places). Fasting blood samples were
collected after a 12-h fast for the measurement of FPG, TG, total cholesterol (TC), HDL-
cholesterol, LDL-cholesterol, and homocysteine (Hcy). Measurements were performed
using a Beckman Coulter automated biochemical analyzer (AU680, Beckman Coulter, Brea,
CA, USA).

2.2. Cardiorespiratory Fitness Testing and Grouping

CRF was estimated using an indirect test to calculate the subjects VOyp,x. The step
test method involved a 3-min exercise duration, during which subjects stepped up and
down to a metronome set at 120 beats/min. Each subject wore a heart rate monitor to
continuously record their heart rate throughout the experiment. The formula to estimate
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VOomax is as follows: Step index = 100 x exercise time(s)/(2 x sum of heart rates in the
2nd, 3rd, and 4th 30-s intervals after stopping exercise).

For men: VOyax(mL kg’1 min~1) = 0.2588 x step index + 24.170.

For women: VOpay(mL kg’lmin’l) =0.1912 x step index + 17.264.

MetS grouping: Subjects with <2 MetS risk factors were assigned to the low-risk
group (LM) and those with >3 MetS risk factors were assigned to the high-risk group (HM),
based on the severity of MetS risk factors. There were 41 subjects in the LM group and 49
in the HM group.

CRF grouping: Of the subjects who took the CRF test, 11 were unable to finish it or
participate and 79 participants provided valid data for the collection. Using tertiles, CRF
was split into three levels as follows: low (LC); medium (MC); and high (HC). The LC
group consisted of 26 individuals; the MC group of 26; and the HC group of 27.

CRF + MetS grouping: Based on CRF levels and MetS risk factors, subjects were
divided into four groups as follows: low CRF and low MetS risk (LCLM), low CRF and
high MetS risk (LCHM), high CRF and low MetS risk (HCLM), and high CRF and high
MetS risk (HCHM). There were 18 subjects in the LCLM group, 8 in the LCHM group, 12
in the HCLM group, and 15 in the HCHM group.(see Figure 1)

{ aged 45-60 years sbuject:N=100

v Failure to meet Mets risk factors

N=10
.
Meeting any one of the diagnostic criteria for risk
factors related to MetS:N=90

Failure to finish CRF test

Takeing the CRF sports testN=81 }

. Y
7

( low(LM)=41 high(HM)=49

low (LC)=26 medium(MC)=26
high(HC)=27

J

Y

LCLM=18 LCHM=8 HCLM=12 HCHM=15 ]

Figure 1. Flowchart of different metabolic syndrome MetS and cardiorespiratory fitness CRF group-
ings. Participants were categorized into the low-risk group and the high-risk group (HM) if they had
>3 MetS-related risk factors; CRF was categorized into low CRF level (LC), medium CRF level (MC),
and high CRF level (HC) using the 3-quartile method; participants were classified into four groups
based on the CRF level and the number of MetS-related risk factors: low CRF and low MS risk factor
group (LCLM), low CRF and high MS risk factor group (LCHM), high CRF and low MS risk factor
group (HCLM), and high CRF and high MS risk factor group (HCHM).

2.3. Blood Sample Collection

Subjects fasted for 12 h and rested for 5 min to induce calmness. With their elbows
elevated, 2 mL of venous blood were drawn into purple-top tubes containing anticoagulant.
The tubes were gently inverted five to eight times, incubated at room temperature (20 to
25 °C) for 25-30 min, and then centrifuged at 3000 rpm for 10 min. The top layer of plasma
was separated and stored in EP tubes pre-cooled to —80 °C for testing.
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2.4. Metabolite Extraction

Plasma was divided into aliquots based on the requirements of the analysis. After
thawing and vortexing, 30 uL of plasma from each sample was transferred into respective
1.5 mL centrifuge tubes. Each sample was divided into three parts as follows: one for
single-channel analysis (30 pL per channel), one as a backup, and one for preparing mixed
samples. For the mixed sample, 35 uL of plasma from each sample was pooled, carefully
vortex-mixed to ensure uniformity, and labeled as a reference sample.

2.5. Protein Precipitation

To precipitate proteins, 90 puL of pre-cooled methanol (mass spectrometry-grade) was
added to each centrifuge tube containing 30 uL of plasma. After thorough vortexing and
centrifugation at low speed, the samples were placed in a —20 °C freezer for 1 h and
subsequently centrifuged at high speed at 4 °C (12,000 rpm, 10 min). Ninety microliters of
supernatant were transferred to new centrifuge tubes and dried under nitrogen.

2.6. Sample Labeling

For the secondary metabolomics analysis of amines and phenols, aliquoted samples
were reconstituted by adding 25 uL. of mass spectrometry-grade water. To each sample,
12.5 pL of buffer reagent A and 37.5 pL of 12¢ labeling reagent B (for single and mixed
sample labeling) or 13C labeling reagent B (for mixed sample labeling only) were added.
After vortex mixing, the samples were incubated at 40 °C for 45 min. To quench excess
labeling reagent, 7.5 uL of reagent C was added post-incubation, followed by 30 uL of pH
regulator D.

2.7. Sample Mixture

Following standard operating protocols, the labeled amine/phenolic secondary metabolome
was analyzed using LC-UV. An aliquot of the *C-labeled mixed sample was combined with the
12C-Jabeled individual sample for liquid-quality analysis, guided by the quantification results.
The QC samples were prepared simultaneously with the liquid-quality analysis; specifically,
equal volumes of mixed samples labeled with '3C and '?C were thoroughly mixed and used as
QC samples. Each sample was prepared for analysis using liquid-quality analysis.

2.8. Analysis Condition and Data Quality Control and Metabolite Identification Results

LC-MS analysis was performed according to standardized operating procedures.
Quality control and retention time calibration samples were analyzed every 15 injections to
monitor instrument stability (see Table 1).

Table 1. UHPLC-Q-TOF/MS condition.

Name Conditions of Association

Agilent 1290 Ultra High Performance Liquid Chromatography—6546

chromatograph Quadrupole-Time of Flight Mass Spectrometer
Agilent eclipse plus reversed-phase C18 column (150 mm x 2.1 mm,
column . .
1.8 um particle size)
mobile phase A 0.1% (v/v) Formic acid—water
mobile phase B 0.1% (v/v) Formic acid—acetonitrile

t = 0 min, 25% MPB; t = 10 min, 99% MPB; t = 13 min,99% MPB

Gradient elution t = 15 min, 99% MPB; t = 15.1 min, 25% MPB; t = 18 min, 25% MPB

Flow rate 400 pL/min
column temperature 40°C
Scan range m/z 220—1000 Da

Quality Accuracy Check: As depicted in Figure 2a,b, in the amine/phenol channel
analysis, the chromatographic peak with a mass-to-charge ratio (/z) of 251.0849 was
chosen as the reference peak for assessing the quality accuracy of data from 97 samples.
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Across all samples analyzed, the total signal intensity remained stable, and all scanned
mass-to-charge ratios fell within the expected range, demonstrating the robust stability and
accuracy of the collected data.

a C

SR e s 6 i
::giNHH“H“HHHMHMHHMH‘H'HHH‘MHigmimmmﬂﬂ

b Logip (Summed Intensity of All Peaks) per File
12 Distribution of Metabolite Identification Results
10
2 Unidentified (9.3%), Tier 1 (7.9%)
2
28 Tier 2 (11.6%)
x Tier 3 two-
8 eaction (17.0%)
a6
B
k]
E Tier 3 zero-
g reaction (18.7%)
2
0 . . v v - y T - . v Tier 3 one-
9 19 29 38 48 58 67 77 87 97 reaction (35.5%)

Figure 2. (a) Total signal intensity in the amine/phenol-based channel sub-sample analysis; (b) Back-
ground peak mass distribution in the amine/phenol-based channel sub-sample analysis; (c) Retention
time assay results; (d) Distribution of identified metabolites in different tiers of the database.

Retention Time Check: As depicted in Figure 2c, data from 7 retention time cali-
bration standards were utilized to verify the retention times. All standard peaks were
well-resolved, and the retention times of the standards across all calibration data were
consistent, indicating the robust stability of the collected data’s retention times.

Metabolite Identification Results: Out of the detected metabolite peaks comprising
1851 features, 1679 peaks (90.7%) were accurately identified or inferred. As shown in
Figure 2d, the three-tiered metabolite identification approach was applied as follows: Level
1, based on accurate molecular weight and retention time, identified 146 metabolites in the
standard database (CIL Library); Level 2, utilizing the associated metabolite database (LI
Library), identified an additional 214 metabolites; Level 3, where the remaining metabo-
lites were matched in the MyCompoundID (MCID) database, resulting in matches for
347 metabolites in the 0-level reaction database, 657 metabolites in the 1-level reaction
database, and 315 metabolites in the 2-level reaction database.

2.9. Statistical Analysis

The basic information of the subjects was statistically analyzed using SPSS 26.0 and
GraphPad Prism 9.5 software. Results were expressed as mean £ SD, with statistically
significant differences denoted by p < 0.05. The normality of the data was assessed using
the Shapiro—-Wilk test. The two independent samples t-test was applied when the data
between two groups were normally distributed, and the non-parametric Mann-Whitney
U-test was used for non-normal distribution. For comparisons involving three or more
groups, one-way ANOVA was employed under the assumption of normal distribution
and homogeneity of variances. Post hoc analysis was conducted using the LSD method
for multiple comparisons, while the Kruskal-Wallis H-test was used for non-normally
distributed data or when variances were not uniform.

Blood samples were analyzed using LC-MS metabolomics technology, and the data
were processed and analyzed with Iso MS Pro 1.2.16 software. A three-tiered metabolite
identification approach was used to structurally identify compounds and complete the
initial metabolite data. The normalized data matrix was imported into SIMCA-p 14.1
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software for multivariate data analysis, using partial least squares discriminant analysis
(PLSA-DA) and orthogonal partial least squares-discrimination analysis (OPLS-DA) to
compare differences in plasma metabolome. Regarding the variable importance projection
(VIP) > 1.0 and nonparametric tests p < 0.05 as standard, choose differential metabolites.
To prevent the overfitting of the OPLS-DA model, response ordering tests (200 random
permutations) and cross-validation are used to evaluate the model’s quality.

Following data processing, the fold change (FC) values for each group were deter-
mined using the sample mean ratio. (p-values from t-tests, g-values from FDR-adjusted
p-values.) Differential metabolites between groups were selected based on FC values,
p-values, and g-values obtained by volcano plot analysis, Venn diagram analysis, and VIP
values. Metabolic pathway analysis was performed on the MetaboAnalyst 5.0 metabolomics
analysis platform (https://www.metaboanalyst.ca/, accessed on 7 August 2022), and
metabolic pathways were identified using the Kyoto Encyclopedia of Genes and
Genomes (KEGG).

3. Results
3.1. Subjects

Subjects were classified by VOoax into LC (28.90 + 1.37, n = 26), MC (35.78 &+ 3.41,
n =26), and HC (43.18 4= 1.46, n = 27) (p < 0.05). Compared to the LC group, the MC group
had a significantly lower age (p < 0.05), while the HC group had significant differences
in height, weight, WC, and HDL-cholesterol (p < 0.05). Compared to the MC group,
HDL-cholesterol was significantly lower in the HC group (p < 0.05).

Subjects were divided into LM and HM groups based on the degree of MetS risk
factors. Compared to the LM group, significant differences were observed in VOjpax,
height, weight, BMI, WC, FPG, TG, TC, HDL-C, and Hcy in the HM group (p < 0.05) (see
Table 2).

Table 2. Basic information of subjects in CRF and MetS groups.

CRF Group MS Group
Variables LC (1 = 26) MC (1 = 26) HC (1 = 27) LM (1 = 49) HM (1 = 41)
Age (year) 5419 + 6.01 5338 + 6.33 * 52.85 + 6.66 53.63 + 5.98 5217 + 6.55
Height (cm) 160.94 + 6.53 167 + 8.09 168.63 + 6.52 * 163.12 + 6.71 168.63 + 7.59 &
Weight (kg) 61.42 + 9.01 67.91 + 15.63 76.58 + 24.03 * 61.26 + 8.40 77.98 + 20.88 &
BMI (kg/m2) 23.63 + 2.38 2411 + 3.89 26.85 + 8.33 2296 + 2.15 2730 + 6.82 &
WC (cm) 80.30 + 6.93 85.98 + 13.05 88.56 + 8.96 * 80.07 + 7.00 90.08 + 11.28 &
SBP (mmHg) 121.81 + 17.90 126.69 + 17.85 130.67 + 17.70 122.45 + 17.83 129.51 + 15.87
DBP (mmHg) 79.42 + 12.27 78.42 + 12.81 82.85 + 12.61 77.88 + 12.75 82.34 + 10.83
FPG (mmol/L) 5.39 + 0.85 5.59 + 1.43 5.26 + 0.58 5.17 + 0.73 567 +114%
TG (mmol/L) 1.68 + 1.07 1.65 + 1.26 231 +2.00 1.30 + 0.73 261 +178¢&
TC (mmol/L) 5.33 + 1.00 511 + 1.49 5.01 + 1.41 522+ 125 499 +127&
HDL-C (mmol/L) 121 + 043 117 + 0.33 0.92 +2.07 * 127 + 037 0.88 + 0.13 &
LDL-C (mmol/L) 357 + 0.85 3334127 3.41+128 350+ 1.15 3.29 + 1.04
Hey (immol /L) 11.46 + 435 13.41 + 4.77 13.18 + 2.33 11.90 + 3.80 13.66 + 4.10 &
VOomax 28.90 + 1.37 35.78 + 3.41 * 4318 + 1.46 ** 3454 + 6.21 38.04 + 592 &

In the CRF group, “*” for p < 0.05 compared with the LC group, and “#” for p < 0.05 compared with the MC group.
In the MS group, “&” for p < 0.05 compared with the LM group.

A total of 53 subjects were included based on the CRF level and degree of MetS risk
factors. Compared to the LCLM group, significant differences were observed in weight,
BMI, WC, and HDL-cholesterol in the LCHM group (p < 0.05), in VOsax, height, weight,
and WC in the HCLM group (p < 0.05), and in VOymay, height, weight, BMI, WC, SBP, TG,
HDL-cholesterol, and Hcy in the HCHM group (p < 0.05). Compared to the LCHM group,
significant differences were observed in VOypy,x and TG in the HCLM group (p < 0.05) and
in VOymax and HDL-cholesterol in the HCHM group (p < 0.05). Compared to the HCLM

23



Metabolites 2024, 14, 415

group, significant differences were observed in WC, SBP, FPG, TC, and HDL-cholesterol in
the HCHM group (see Table 3).

Table 3. Basic information of subjects in CRF + MetS groups.

CRF + MS Group
Variables LCLM (1 = 18) LCHM (1 = 8) HCLM (1 = 12) HCHM (1 = 15)
Age(year) 53.39 + 6.01 56.00 =+ 6.00 5417 4+ 6.71 51.80 =+ 6.65
Height(cm) 158.78 + 4.20 165.81 + 8.38 168.26 £ 5.15 * 168.93 £ 7.61*
Weight(kg) 57.98 + 6.65 69.16 +9.16 * 67.72 +8.16* 83.66 & 29.98 *
BMI(kg/m?) 22.97 +2.07 2513 4 2.47 * 23.84 & 1.82 29.25 4 10.61 *
WC(cm) 78.54 + 5.66 84.25 + 824 * 84.68 +7.28 * 91.66 4 9.18 *&
SBP(mmHg) 119.06 + 18.59 128.00 + 15.55 121.75 + 17.92 137.80 + 14.39 *&
DBP(mmHg) 79.17 +12.32 80.00 = 13.00 77.67 +12.28 87.00 + 11.63
FPG(mmol/L) 5.44 + 0.99 5.28 =+ 0.43 4.99 4+ 0.30 5.47 4+ 0.66 &
TG(mmol /L) 1.44 +1.03 221 4+ 1.02 1.25 +0.36 * 3.15 £ 237 *&
TC(mmol/L) 5.56 4 0.91 4.81 +1.06 495+ 1.73 5.05 4+ 1.16
HDL-C(mmol/L) 1.33 +0.46 0.93 + 0.08 * 1.07 4 0.23 0.82 + 0.94 ##&
LDL-C(mmol/L) 3.74 + 0.74 3.20 +1.01 3.50 +1.77 3.34 +0.77
Hcy(ummol /L) 10.74 4 3.59 13.09 + 5.67 13.03 4+ 3.26 13.30 +1.31*
VOomax 28.90 + 1.38 28.90 + 1.24 4330 £1.71 % 43.08 £1.29 **

In the CRF + MS group, p < 0.05 compared with the LCLM group is “*”; p < 0.05 compared with the LCHM group

o,

is “#7; and p < 0.05 compared with the HCLM group is “%”.

3.2. PLS-DA

Figure 3a shows the PLS-DA score plot of plasma metabolites for subjects with different
CREF levels. Studies show that there is overlap between the plasma samples from the MC
and HC groups, as well as between the LC and MC groups, making it impossible to identify
between the three subject groups’ plasma samples.
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Figure 3. PLS-DA Score Plot: (a) LC vs. MC vs. HC group; (b) LM vs. HM group (c) LCLM vs.
HCLM; (d) LCHM vs. HCHM; (e) LCLM vs. LCHM; (f) HCLM vs. HCHM; (g) LCLM vs. HCHM;
(h) LCHM vs. HCLM.

The PLS-DA score plot of plasma metabolites for subjects with varying degrees of
MetS risk factors is displayed in Figure 3b. The findings suggest that although there is
a trend of separation, the plasma samples from the LM and HM groups cannot be fully
differentiated from one another.

The PLS-DA score plots for the comparisons of the LCLM vs. HCLM, LCHM vs.
HCHM, LCLM vs. HCHM, and LCHM vs. HCLM groups are shown in Figure 3c—e and
Figure 3g,h, respectively. The findings demonstrate the total plasma sample separation,
with no overlap, among these five comparison groups. The comparison between the HCLM
and HCHM groups is depicted in Figure 3f, where the PLS-DA score plot indicates an
imperfect separation of plasma samples between these groups with overlap.
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The cross-validation results for each group are as follows: as shown in Table 4, the
models of LC vs.MC vs. HC groups have relatively small values of R2X, R%Y, and Q?,
indicating that this model lacks reliability and predictability. Q% < 0.5 (HCLM vs. HCHM
and LCHM vs. HCLM), indicating that the model is valid but lacks predictability. Models
of LM vs. HM, LCLM vs. HCLM, LCHM vs. HCHM, LCLM vs. LCHM, and LCLM vs.
HCHM groups demonstrate reliability and predictability.

Table 4. PLS-DA cross-validation parameters.

Group R%X R%Y Q?

LC vs. MC vs. HC 0.144 0.481 —0.063

LM vs. HM 0.322 0.967 0.520
LCLM vs. HCLM 0.249 0.981 0.557
LCHM vs. HCHM 0.377 0.992 0.625
LCLM vs. LCHM 0.365 0.992 0.715
HCLM vs. HCHM 0.290 0.946 0.195
LCLM vs. HCHM 0.368 0.997 0.813
LCHM vs. HCLM 0.333 0.998 0.296

R?X denotes the explanatory rate of the model to the X matrix; R*Y denotes the
explanatory rate of the model to the Y matrix; and Q? denotes the predictive power of the
model. The closer the three models are to 1, the better, and Q% > 0.5 is accepted.

3.3. OPLS-DA

Filtering out the irrelevant orthogonal signals by OPLS-DA analysis made the differ-
ences between groups more obvious and the differential metabolites obtained more reliable.
OPLS-DA was used to analyze each differential comparison group of the CRF, MS, and
CRF + MS groups and to verify whether the model was overfitted with cross-validation
and response ranking

The metabolic status of the subjects in both groups was determined by the complete
separation of sample points in the LC vs. HC group (see Figure 4A a); the results show that
the model is valid and there is no overfitting (R>X = 0.259, R?Y = 0.974, Q? = 0.607). The
separation trend in plasma sample points was less distinct in both the MC vs. HC and LC
vs. MC groups when compared to the LC vs. HC group(see Figure 4B,C,b,c). This suggests
a less pronounced metabolic status in these groups (R?X = 0.162, RZY = 0.930, Q* = 0.310;
R2X = 0.139, R%Y = 0.810, Q? = —0.152); the models were not overfitted, as demonstrated by
the response order tests, but the cross-validation results revealed that Q2 < 0.5 for the two
comparison groups, indicating that the models’ predictability was lacking. The MS group’s
plasma isolation sample points in the LM vs. HM group were completely separated, and
the model (R?X = 0.415, R%Y = 0.998, Q? = 0.520) was observable (see Figure 4D,d). The
model’s validity and predictability are all demonstrated by the cross-validation results, and
these qualities are further demonstrated by the outcomes of the matching ranking test.

The OPLS-DA scores for each group in the CRF + MS group were as follows(see
Table 5): (1) The sample points of the four groups—LCLM vs. HCLM, LCHM vs. HCHM,
LCLM vs. HCHM, and LCLM vs. HCHM—were completely segregated, indicating
significant differences in the participants” metabolic states (see Figure 4E—G,le-g,i). The
results of the 200-response sequencing test confirmed the validity and predictability of
the models in all four groups, and the cross-validation results showed their reliability
(RZX = 0.296, R%Y = 0.994, Q? = 0.548; R?X = 0.262, RZY = 0.979, Q? = 0.520; R2X = 0.282,
R2Y = 0.966, Q% = 0.613; R2X = 0.342, R?Y = 0.997, Q% = 0.651). (2) The HCLM vs. HCHM
group and the LCHM vs. LCHM group have completely separated sample points, and the
metabolic differences between the subjects are obvious(see Figure 4H,J,h,j), which makes
the model valid and reliable, but less predictive (R2X = 0.321, R?Y = 0.989, Q? = 0.028;
R2X =0.192, RZY = 0.958, Q% = 0.459).
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Figure 4. The OPLS-DA score plots (A-J) depict the scores for each group, while the response ranking
test plots (a—j) display the results of the response ranking test. In the ranking test, the horizontal
axis represents the correlation between the Y values of the random grouping and the Y values of the
original grouping, while the vertical axis represents the R? and Q? scores.

Table 5. OPLS-DA cross-validation parameters.

Group R%X R%Y Q?

LCvs. HC 0.259 0.974 0.607
LC vs. MC 0.162 0.930 0.310
MC vs. HC 0.139 0.810 —0.152
LM vs. HM 0.415 0.998 0.520
LCLM vs. HCLM 0.296 0.994 0.548
LCHM vs. HCHM 0.262 0.979 0.520
LCLM vs. LCHM 0.287 0.966 0.613
HCLM vs. HCHM 0.321 0.989 0.028
LCLM vs. HCHM 0.342 0.997 0.651
LCHM vs. HCLM 0.192 0.958 0.459

The metabolism analysis demonstrated that each group’s samples were well-clustered,
while there was a significant separation between the groups. R?Y and Q? values were
computed in the OPLS-DA modeling study to demonstrate the model’s validity. Q? values
were also used to demonstrate the model’s validity. A 200 random permutation test
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was conducted to demonstrate that the model did not overfit (Q% < 0) and to validate
its reliability.

3.4. Volcano Plot Analysis

Given the results of the OPLS-DA analysis, volcano plot analyses were performed
for the LC group vs. the HC group, the LM group vs. the HM group, the LCLM group
vs. the HCLM group, the LCHM group vs. the HCHM group, the LCLM group vs. the
LCHM group, and the LCLM group vs. the HCHM group. As can be seen in Figure 5a,
83 metabolites were upregulated and 16 metabolites were downregulated in the HC vs.
LC group comparison; in Figure 5b, 84 metabolites were upregulated and 78 metabolites
were downregulated in the HM vs. LM group comparison; in Figure 5c, 40 metabolites
were upregulated and 11 metabolites were downregulated in the HCLM vs. LCLM group
comparison; in Figure 5d, 121 metabolites were upregulated and 106 metabolites were
downregulated in the HCHM vs. LCHM group comparison; in Figure 5e, 112 metabolites
were upregulated and 99 metabolites were downregulated in the LCHM vs. LCLM group
comparison; and in Figure 5f, 140 metabolites were upregulated and 61 metabolites were
downregulated in the HCHM vs. LCLM group comparison.
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Figure 5. Differential metabolite volcano plot (a) HC vs. LC, (b) HM vs. LM, (¢) HCLM vs. LCLM,
(d) HCHM vs. LCHM, (e) LCHM vs. LCLM, (f) HCHM vs. LCLM. The horizontal axis represents
the fold change in metabolite expression across different subgroups [log2(FoldChange)], while the
vertical axis indicates the significance level of differences [-log10 (p-value)]. Each point on the
plot represents a metabolite, with red indicating a significant increase, blue indicating a significant
decrease, and black indicating no significant difference. Plasma metabolites were visualized on a
volcano plot based on their fold change (FC) values, p-values, and g-values. VIP value indicates the
contribution of each variable to the PLS-DA model. Differential metabolites were identified based on
VIP values > 1, fold change (FC) > 1.2 or <0.83, p < 0.05, and g < 0.25.

3.5. Venn Diagram Analysis

Eight common differentially expressed metabolites were identified after excluding
metabolites that could not be matched or identified. These eight frequently occurring
differentially expressed metabolites may serve as biomarkers for distinguishing different
levels of MetS risk factors and CRF levels. Methionine, y-aminobutyric acid, 2-oxoglutaric
acid, arginine, serine, cis-aconitic acid, glutamine, and valine showed significant differences
in both comparison groups.

In the comparisons, 2-oxoglutaric acid and cis-aconitic acid were screened in the
HCLM vs. LCLM group; methionine, serine, 2-oxoglutaric acid, arginine, and glutamine in
the HCHM vs. LCHM group; and glutamine, methionine, and arginine in the LCHM vs.
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LCLM group. Additionally, 2-oxoglutaric acid, arginine, serine, cis-aconitic acid, glutamine,
and valine were screened in the HCHM vs. LCLM group (see Figure 6).

HCHMvsLCHM LCHMvsLCLM

HCLMvsLCLM £ d HCHMysLCLM

Figure 6. Venn diagram analysis of potential biomarkers in different groups.

The trends in the common differential metabolites in the comparison groups were
different, as shown in Figure 6 and Table 6: (1) methionine: HC vs. LC and HCHM vs.
LCHM ({), HM vs. LM and LCHM vs. LCHM (1); (2) y-aminobutyric acid: HC vs. LC (1),
HM vs. LM ({); (3) 2-oxoglutaric acid: HC vs. LC (1), HM vs. LM (}); HCLM vs. LCLM,
HCHM vs. LCHM, and HCHM vs. LCLM (1) (4) arginine: HC vs. LC (1), HM vs. LM ({),
HCHM vs. LCHM, HCHM vs. LCHM (1), LCHM vs. LCLM () (5) serine: HC vs. LC (1),
HM vs. LM (), HCHM vs. LCLM (1), LCHM vs. LCHM ({); (6) cis-aconitic acid: HC vs.
LC (1), HM vs. LM (), HCLM vs. LCLM and HCHM vs. LCLM (1); (7) glutamine: HC vs.
LC (), HM vs. LM (1), HCHM VS.LCHM and HCHM vs. LCLM ({); (8) Valine: HC vs. LC
({), HM vs. LM (1); HCHM vs. LCHM and HCHM vs. LCLM ().

Table 6. Common differential metabolite FC values for each differential comparison group.

CRF Group MS Group CRF + MS Group
Compounds
HCvs. LC HMvs.IM  HCLMvs. LCLM HCHM vs. LCHM LCHMvs. LCLM  HCHM vs. LCLM
L-Methionine 0.772* 1.446 ** - 0.457* 2.214* -
Y-Aminobutyric acid 1.284 % 0.701 % - - - -
2-Oxoglutaric acid 2.204 ** 0.824* 2.872** 1.481* - 1.784*
L-Arginine 1.343 % 0.787 * - 1.251 0.746 ** 1.429 **
L-Serine 1.268 * 0.725 ** - - 0.703 ** 1.404 **
cis-Aconitic acid 1.681 ** 0.809 ** 2.026 ** - - 1.289 *
L-Glutamine 0.581 * 1.227* - 0.783 * - 0.824 *
L-Valine 0.804 * 1.419 ** - 0.787* - 0.759 *

FC values are the multiplicity of differences, “*” indicating differential metabolite FC > 1.2 or <0.83, p < 0.05, and
g < 0.25; “**” indicating differential metabolite FC > 1.2 or <0.83, p < 0.01, and g < 0.10.

Six common differentially expressed metabolites were identified across three compari-
son groups as follows: HM vs. LM, HC vs. LC, and HCHM vs. LCLM. As illustrated in
Figure 7a—d, the following were found to be upregulated in the HC vs. LC and HCHM
vs. LCLM group: 2-oxoglutaric acid, arginine, serine, and cis-aconitic acid; however,
these same variables were found to be downregulated in the HM vs. LM group; similarly,
Figure 7e,f revealed that valine and glutamine were both downregulated in the HCHM
vs. the LCLM group and the HC vs. the LC group, but upregulated in the HM vs. the
LCLM group.
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Figure 7. Histogram of trends in common differential metabolites by group. “*” indicating differential
metabolite FC > 1.2 or <0.83, p < 0.05, and g < 0.25; “**” indicating differential metabolite FC > 1.2
or <0.83, p < 0.01, and g < 0.10; black column: HCHM group vs. LCLM group; grey column: HC
group vs. LC group; white column: HM group vs. LM group. (a) 2-oxoglutaric acid; (b) L-arginine;
(c) L-serine; (d) cis-aconitic acid; (e) L-glutamine; (f) L-valine.

3.6. Metabolite Pathway Analysis

For the purpose of determining the primary metabolic pathways impacting each
group’s metabolic status, Metaboanalyst 5.0 was also used for the topological analysis and
enrichment of metabolic pathways of differential metabolites in each comparison group.

As illustrated in Figure 8a,b, the metabolic pathways of arginine biosynthesis, the
TCA cycle, cysteine and methionine metabolism, glycine, serine, and threonine metabolism,
arginine and proline metabolism, and alanine, aspartate, and glutamate metabolism were
the metabolic pathways that were jointly affected by the HC vs. LC group and the HM vs.
LM group.

The metabolic pathways of arginine biosynthesis, arginine and proline metabolism, as
well as alanine, aspartate, and glutamate metabolism were jointly affected by the HC vs.
LCLM group, the HCHM vs. LCHM group, the LCHM vs. LCLM group, and the HCHM
vs. LCLM group, as shown in Figure 8c—f.
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Figure 8. Bubble diagram of metabolic pathways of differential metabolites in each group.
(a—f) represent the metabolic pathway bubble diagrams for each group, (a) HC vs. LC group;
(b) HM vs. LM group; (c) HCLM vs. LCLM group; (d) HCHM vs. LCHM group; (e) LCHM
group vs. LCLM group (f) HCHM vs. LCLM group (1): arginine biosynthesis; (2): tricarboxylic
acid cycle(TCA); (3): cysteine and methionine metabolism; (4): glycine, serine, and threonine
metabolism; (5): arginine and proline metabolism; (6): alanine, aspartic acid, and glutamate
metabolism; (7): aminotransferase-tRNA biosynthesis; (8): Butyric acid metabolism; (9): glyoxy-
late and dicarboxylic acid metabolism; (10): purine metabolism; (11): glutathione metabolism;
(12): glycerophospholipid metabolism; (13): D-glutamine and D-glutamate metabolism; (14): pyru-
vate metabolism; (15): glycolysis/glycohydrogenation; (16): taurine and hypotaurine metabolism.
The graph’s X-axis represents the pathway influence factor, and the Y-axis shows the enrichment
analysis’s p-value. The bigger the circle, the more influential it is; the darker the circle’s color, the
lower the p-value and the more significant the enrichment.

4. Discussion

This study aimed to investigate how variations in CRF levels impact MetS risk factors
by conducting a metabolomics analysis on individuals with varying degrees of MetS. The
study’s primary conclusions were as follows: (1) By comparing intergroup differences
between the HM vs. LM and the LC vs. HC, we identified eight common differential
metabolites that serve as potential biomarkers for distinguishing between different CRF
levels and degrees of MetS risk factors as follows: methionine, y-aminobutyric acid, 2-
oxoglutaric acid, arginine, serine, cis-aconitic acid, glutamine, and valine. (2) Six common
differential metabolites, (methionine, y-aminobutyric acid, 2-oxoglutaric acid, arginine,
serine, cis-aconitic acid, glutamine, and valine) were found after the additional compara-
tive analyses of the results of differential metabolites screened in the HCHM vs. LCLM,
HC vs. LC, and HM vs. LM. These metabolites primarily affect arginine biosynthesis,
the tricarboxylic acid (TCA) cycle, cysteine and methionine metabolism, glycine, serine
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and threonine metabolism, arginine and proline metabolism, and alanine, aspartate, and
glutamate metabolism, among other biometabolic pathways.

The study identified how CRF levels influence metabolic status across varying degrees
of MetS through metabolomic analysis, shedding light on CRF’s impact on MetS risk via
specific metabolic pathways. Changes in these metabolites may correlate with diverse CRF
levels and MetS risk, offering novel perspectives for clinical diagnosis and intervention.
The findings indicate that higher CRF levels can alleviate the detrimental effects of MetS
risk factors, suggesting that enhancing fitness could effectively prevent or treat MetS.
Moreover, the identification of six common differential metabolites impacting multiple vital
biometabolic pathways enhances our comprehension of metabolic network complexity and
proposes potential targets for intervention.

4.1. Differences in Plasma Metabolites between CRF Levels and Different Degrees of Mets
Risk Factors

There are eight common differentially expressed metabolites in the HC vs. LC and
HM vs. LM groups, namely methionine, y-aminobutyric acid, 2-oxoglutaric acid, arginine,
serine, aconitic acid, glutamine, and valine. They are potential biomarkers for distinguish-
ing different CRF levels and degrees of MetS risk factors. Methionine is one of the essential
amino acids in the human body and serves as an important cellular antioxidant [12]. It also
participates in the regulation of insulin sensitivity. The present study observed a tendency
for methionine downregulation in individuals with high CRF levels when compared to
those with low CRF levels. Conversely, there was a tendency for methionine upregulation
in subjects with high MetS risk factors compared to those with low MetS risk factors.
Because exercise-induced oxidative stress inhibits methionine, both long-term endurance
exercise can result in a substantial drop in plasma methionine levels [13]. Oxidative stress
(OS) results from an imbalance between reactive oxygen species (ROS) production and
antioxidant mechanisms. Regular moderate-intensity exercise has been demonstrated
to enhance antioxidant defense mechanisms, thereby reducing mitochondrial oxidative
damage [14,15]. However, the specific mechanism underlying the relationship between
methionine depletion and its impact on oxidative stress induced by endurance exercise
remains unclear. Past studies have demonstrated a positive association between blood
levels of branched-chain and aromatic amino acids and MetS risk. However, the association
of other essential amino acids such as methionine, threonine, and lysine with MetS remains
poorly understood [16]. Azab et al. [17] discovered a favorable correlation between the
prevalence of MetS and plasma levels of Met, Threonine, and Lysine. y-aminobutyric acid
(GABA) is generated from glutamate through the catalysis of glutamate decarboxylase. In
this study, we observed significantly higher plasma levels of GABA in subjects with high
CREF levels compared to those with low CRF levels. Conversely, plasma levels of GABA
were significantly lower in subjects with high MetS risk factors compared to those with
low MS risk factors. Yan et al. [18] found that, among male college students aged 18 to 29,
serum GABA levels were significantly higher in groups with regular endurance exercise
and strength exercise habits compared to those without such habits. Additionally, the
GABA content of the endurance exercise habit group was significantly higher than that of
the strength exercise habit group. These findings imply that prolonged endurance training
will raise the level of GABA in the blood. Moreover, GABA modulated high-fat-induced
obesity, glucose intolerance, and insulin resistance (IR). Oral GABA administration was
shown to prevent weight gain, significantly lower FPG levels, improve glucose tolerance,
and subsequently increase insulin sensitivity in high-fat-induced mice. Additionally, GABA
significantly increased the number of regulatory T cells, which can control the develop-
ment of obesity-induced IR and T2D [19]. Therefore, increasing CRF levels bringing about
the upregulation of GABA content may be very favorable for intervening obesity and
T2D occurrence.

Both Met and GABA can serve as potential biomarkers to distinguish CRF levels
and the degree of MetS risk factors. Whether they can explain the mechanism by which
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high CRF levels improve the metabolism of individuals with MetS risk factors still needs
further investigation.

4.2. Higher CRF Levels Reduce the Risk of MetS Risk Factors

In order to investigate the metabolomics mechanisms by which high levels of CRF
affect high MetS risk factors, the interaction between CRF and MS revealed that high CRF
levels, acting as a protective factor against high MetS risk, correlated with six metabolites.
Four metabolites exhibited a downregulation trend in HM and an upregulation trend in
HCHM. Conversely, two metabolites showed an upregulation in the HM and a downreg-
ulation in HCHM. The above metabolite trends indicate that the metabolite levels in the
high MetS risk factor group were reversed due to the effect of high levels of CRF, which
suggests that high levels of CRF can mitigate the detrimental effects of high MetS risk
factors and contribute to improved metabolic status compared to individuals with low
MetS risk factors.

a-Ketoglutaric acid is another name for ketoglutaric acid (Akg), an intermediary of
the TCA cycle that is essential to several metabolic activities. We found a trend towards
the upregulation of 2-oxoglutarate in the plasma of subjects with high levels of CRF
compared to subjects with low levels of CRF, and a trend towards the downregulation
of 2-oxoglutarate in subjects with high MS risk factors compared to subjects with low
MS risk factors. Yuan et al. [20] examined peripheral blood samples from mice that were
either inactive control mice or mice that had undergone acute resistance exercise (40 min of
ladder climbing with a 10% body weight load). It was discovered that Akg concentrations
were negatively correlated with HbAlc and several metabolic risk factors, including BMI,
WC, adiposity, and body weight [21,22]. This helps to explain why patients with diabetes
mellitus (DM) had significantly lower levels of Akg than healthy controls. But, when
the HCHM and LCLM groups were compared, the trend in Akg increased rather than
decreased, even though the HCHM group had a much higher weight, BMI, and WC than
the LCLM group. The reason for this phenomenon could be that those in the HCHM
group who have high CRF levels have already somewhat changed the metabolic status
of people who have high MetS risk factors. Leibowitz et al. [23] found that exercise
caused a significant increase in the amount of Akg in the blood, and that 2-oxoglutarate
is produced from glutamine and glutamate through deamidation, ultimately entering
the TCA cycle. Exercise also reduces levels of glutamate and leucine, whose breakdown
can further elevate 2-oxoglutarate levels. Furthermore, elevated levels of glutamate are
observed in populations with MetS when compared to those without. This supports the
idea that exercise boosts CRF, promotes the synthesis of 2-oxoglutarate in the TCA cycle,
and helps alleviate the adverse effects of MetS risk factors.

Arginine (Arg) is an amino acid involved in various metabolic pathways. It serves as
a substrate for the NOS enzyme family, which produces nitric oxide (NO), a key molecule
involved in normal endothelial function, insulin sensitivity, and metabolic profile. Research
has demonstrated that during cardiopulmonary exercise testing, the concentration of
arginine rises noticeably in heart failure patients, and, in those with greater exercise
capacity, the concentration of arginine is positively connected to exercise capacity [24]. This
is consistent with the views expressed in this essay. Additionally, Holz et al. [25] showed
that 30 min of exercise at a 75% VOrmax intensity resulted in differential levels of glutamate
and arginine. This suggests that exercise training positively affects endothelial function
by significantly enhancing the endothelium-dependent dilatation of the musculoskeletal
system, leading to notable changes in arginine levels, which are linked to NO production.
Arg supplementation has been shown to considerably improve endothelial [26,27], 3-
cell [28], and oxidative stress function [29] in patients with T2D, according to current
studies. Consistent with Palmnas’ findings, this study concluded that the level of arginine
in the HCHM group was significantly higher compared to that in the LCLM group [30]. In
conclusion, there is evidence supporting the idea that physical activity can enhance health
by increasing arginine levels in the body and, to a lesser extent, reducing the severity of
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illnesses. Exercise could potentially serve as an alternative to arginine supplementation
therapy; however, additional research is necessary to confirm this hypothesis.

Serine (Ser) is a neuronal nutrition factor and a precursor of numerous important
molecules, including D-serine, phosphatidylserine, sphingomyelin, and glycine. Low levels
of Ser have been associated with risk factors such as metabolic syndrome, DM, obesity, and
IR. In this study, Ser levels were observed to be higher in subjects with high CRF levels and
lower in subjects with high MetS risk factors. Studies have shown that low levels of Ser,
glycine, and threonine can differentiate between individuals with poor metabolic profiles
(>2 MetS risk factors) and those with good metabolic profiles (<2 MetS risk factors) [31]. In
order to measure energy expenditure and physical activity levels, Lee et al. [13] compared
the highest (50%) and lowest (50%) participants in both groups using the doubly labeled
water. Ser levels were significantly higher in subjects with HCHM when compared to
LCLM. This change may be related to the potential mechanism of the negative correlation
between sphingolipid metabolism and Ser. Dube et al. [32] found that both diet-induced
weight loss and exercise training can improve IR, but only exercise can reduce the levels
of ceramide. Ser may be utilized in obese conditions as a precursor of sphingolipids,
potentially leading to ceramide accumulation in insulin-sensitive organs (such as the liver
and muscle), thereby accelerating the onset of IR [33]. High levels of exercise with high
CRF may downregulate Serine Palmitoyl Transferase (SPT), the enzyme catalyzing the
initial step of de novo sphingolipid synthesis by utilizing Ser and palmitoyl coenzyme A
to generate 3-ketosphinganine. The lipid-mediated suppression of insulin signaling, and
ceramide buildup are both prevented by the inhibition of SPT. Thus, it makes sense to
speculate that SPT at high CRF levels would be crucial for ceramide metabolism and IR
in individuals.

Cis-aconitic acid, along with its derivatives, is involved in the metabolism of the
tricarboxylic acid (TCA) cycle, acetic acid, and dicarboxylic acids. In the TCA cycle, cis-
aconitic acid catalyzes the conversion of citrate to isocitrate, thereby playing a crucial
role in the completion of the entire TCA cycle process. In this study, we observed that the
concentration of cis-aconitic acid was significantly higher in the high-level CRF group when
compared to the low-level CRF group. Shi et al. [34] took blood samples from 20 marathon
runners both before and after the race. They discovered that the levels of cis-aconitic acid,
pyruvic acid, malic acid, glyceric acid, and galacturonic acid were much higher after the
race than they were before. This suggests that cis-aconitic acid levels in the body can be
considerably raised by aerobic endurance activity. The HM group exhibited significantly
lower levels of cis-aconitic acid compared to the LM group. Additionally, Zou et al. [35]
observed that women with T2D and severe obesity had lower concentrations of TCA
cycle intermediates, including citric acid, cis-aconitic acid, and y -ketoglutaric acid. These
findings suggest that severe obesity and T2D may be associated with an impaired TCA
cycle. In this study, the HCHM group exhibited significantly higher levels of cis-aconitic
acid compared to the LCLM group. This may be attributed to the fact that the HCHM
group engaged in long-term aerobic endurance exercise, where energy is predominantly
derived from the aerobic metabolism of fats and carbohydrates. This enhances the activity
of the body’s TCA cycle and leads to the accumulation of various TCA cycle intermediates,
resulting in significant increases in metabolites associated with the metabolism pathways
of acetaldehyde and dicarboxylic acid. To explain this phenomenon, individuals with high
CREF levels exhibited a greater capacity for the TCA cycle when compared to those with
low CREF levels and low MetS risk factors, despite individuals with high MetS risk factors
showing lower levels of cis-aconitic acid.

Glutamine constitutes 20% of the total pool of free amino acids in the human body,
making it the most abundant amino acid [36]. The liver, lungs, and adipose tissue are the
primary sources of glutamine in the human blood as they are capable of synthesizing and
releasing it. According to this study, the HC group’s glutamine level was substantially lower
than the LC group. Several research works have demonstrated that prolonged endurance
training or high-intensity training causes blood glutamine levels to drop [37].Although the
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mechanisms underlying this phenomenon are unknown, they could be due to an increase in
glutamine absorption by other tissues, a decrease in muscle-released glutamine, or a decrease
in muscle-synthesized glutamine [38]. However, glutamine levels were significantly higher
in the HM group than in the LM group, where D-glutamine and D-glutamate metabolic
pathways were significantly affected. Alsoud et al. [39] found that the glutamine level in
the pre-DM MetS group was 4.8 times higher than that of the control group, and in the
normoglycemic MetS group, it was 3.5 times higher. Notably, glutamine can be converted to
glutamate, which synthesizes glutathione along with cysteine and glycine, so dysregulated
glutathione synthesis may exacerbate the pathogenesis of DM [40]. Glutamate levels in the
HCHM group were lower than in the LCLM group. Additionally, Lee et al. [13] observed that
after a 12-week intervention combining strength and endurance exercises, concentrations
of several metabolites involved in glutathione biosynthesis—including glutamate, total
cysteine, total glutathione, creatinine, and taurine—were reduced. This suggests that
chronic exercise may decrease glutathione biosynthesis. This effect could be attributed to
enhanced insulin sensitivity and improved mitochondrial function, particularly at high
levels of CRF.

Valine is one of the BCAAs, which is mostly metabolized in skeletal muscle. Plasma
levels of valine were lower in the HC group compared to in the LC group; plasma levels
of valine were higher in the HM group compared to in the LM group. Based on recent
research, BCAA may be a biomarker for obesity, IR, and T2D. People with greater valine
levels had a 36% higher chance of developing T2D compared to those with lower levels [41].
Wientzek et al. [18] found that increasing high-intensity physical activity (>~6MET/h) by 1
h per day could reduce BCAA levels by 185% of the standard deviation, possibly due to
its association with the TCA cycle. Valine undergoes oxidation and decomposition within
the mitochondria of skeletal muscles, generating succinyl coenzyme A to enter the TCA
cycle. Given the close relationship between CRF, mitochondrial density, and oxidative
enzyme activity in skeletal muscles, it can be inferred that the active TCA cycle promotes
the breakdown of valine, thereby reducing its concentration in the blood. This study also
found that, when compared to the LCLM group, valine levels decreased in the HCHM
group. Studies have demonstrated that aerobic exercise reduces inflammation, enhances
BCAA aminotransferase activity, and upregulates the expression of genes related to the
TCA cycle [42,43]. These alterations in enzyme activity encourage BCAA breakdown,
which lowers plasma levels of the amino acid.

In summary, 2-oxoglutaric acid, arginine, serine, cis-aconitic acid, glutamine, and
valineine are not only potential biomarkers reflecting different levels of CRF and different
degrees of MetS risk factors, but also demonstrate that high CRF levels are protective
factors influencing changes in the metabolic status of MetS risk factors.

4.3. Limitation

The metabolomic analysis of blood from MetS risk factor populations with varying
CREF levels was conducted using LC-MS technology to compare metabolic profiles across
varying CRF levels and to assess the impact of CRF on different stages of MetS risk factors,
elucidating the metabolic mechanisms underlying how changes in CRF levels influence
MetS risk factors, challenging existing paradigms regarding the impact of CRF on MetS
risk factors. Nevertheless, further investigation is warranted to address the following unre-
solved issues. The blood metabolic profiles of populations at risk for MetS with varying
levels of CRF were comprehensively analyzed using untargeted metabolomics technology
to elucidate the impact of CRF on factors related to MetS; future studies could include
quantitative analyses using targeted metabolomics technology to further investigate the
diagnostic relevance of identified biomarkers. This study exclusively utilized metabolomics
techniques due to experimental constraints. Exercise metabolomics research aims to inte-
grate various omics approaches (e.g., genomics, proteomics) to comprehensively elucidate
the biological implications of exercise. Therefore, the integration of other omics techniques
to provide a comprehensive understanding of the biological effects of exercise.
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5. Conclusions

Untargeted metabolomics technology was used to determine the plasma metabolic
profiles of MetS risk factor populations with different CRF levels. Based on the compre-
hensive screening and validation procedures, eight metabolites were identified as markers
distinguishing MetS risk factor populations based on CRF levels, namely a-ketoglutarate,
cis-aconitic acid, arginine, y-aminobutyric acid, serine, valine, methionine, and glutamine,
indicating significant metabolic profile differences between MetS risk factor populations
with high and low CRF levels. Arginine biosynthesis, the TCA cycle, and cysteine and
methionine metabolism were markedly influenced by high CRF levels, implying a po-
tential role of high CRF levels in metabolic improvements among individuals with MetS
risk factors.
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Abstract

Background/Objectives: Exercise calorimetry provides a means to quantify the relative
contributions of lipid and carbohydrate (CHO) oxidation across a range of exercise intensi-
ties. Although lipid oxidation capacity has been widely studied—particularly in relation to
exercise prescription for individuals with obesity—the factors governing CHO oxidation
during exercise are less clearly defined. This study therefore aimed to investigate, within a
large single-center cohort, not only the established determinants of maximal lipid oxidation
(LIPOXmax) but also those influencing CHO oxidation. Methods: Exercise calorimetry
was performed in a cohort of 6465 individuals (4561 women and 1904 men; mean age
46.5 years; mean BMI 33.6 kg/m?). Two principal physiological indices were derived:
LIPOXmax, defined as the exercise intensity eliciting maximal rates of fat oxidation, and
the carbohydrate cost of the watt (CCW), defined as the slope characterizing the relation-
ship between CHO oxidation and power output. Results: LIPOXmax showed positive
associations with lean and muscle mass, and negative associations with fat mass and age,
supporting the notion that greater muscle mass enhances the capacity for fat oxidation.
Although men demonstrated higher absolute maximal fat oxidation rates, adjustment for
body composition revealed that women exhibited relatively higher lipid oxidation (+30%,
p < 0.001), occurring at a greater percentage of VOZmaX (+9.2%, p < 0.001). Furthermore,
the carbohydrate cost of the watt was significantly elevated in women (+17.8% compared
with men). CCW was positively correlated with BMI, fat mass, and age, and negatively
correlated with muscle mass, LIPOXmax, and the crossover point—that is, the exercise
intensity at which CHO becomes the predominant substrate. Discussion and Conclu-
sions: Individuals with higher adiposity exhibited a greater reliance on carbohydrate
oxidation, whereas leaner individuals preferentially oxidized lipids at comparable exer-
cise intensities. These observations reinforce the reciprocal interplay between lipid and
carbohydrate metabolism during exercise and highlight the substantial influence of body
composition, age, and sex. Notably, this study provides the first comprehensive character-
ization of the determinants of CHO oxidation during exercise, identifying sex, age, and
adiposity as major contributing factors. This underexplored facet of metabolic flexibil-
ity may hold practical relevance in clinical contexts such as obesity or susceptibility to
exercise-induced hypoglycemia.
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1. Introduction

The metabolic activity of exercising skeletal muscle can be evaluated indirectly and
non-invasively through exercise calorimetry. This method, which relies on the measure-
ment of respiratory gas exchange, enables the quantification of carbohydrate and lipid
oxidation rates during physical exertion [1-5]. Exercise calorimetry has contributed to the
development of targeted strategies for prescribing physical activity in obesity and metabolic
disorders by identifying the exercise intensity that elicits maximal lipid oxidation [6-9].
Endurance training performed at this intensity has been implemented with encouraging
outcomes in the context of obesity management [6-9].

Accumulating evidence indicates that lipid oxidation rises progressively with in-
creasing exercise intensity, reaches a peak—commonly termed LIPOXmax or FATmax—at
approximately 40-50% of maximal aerobic capacity, and subsequently declines, becom-
ing nearly extinguished at higher intensities referred to as LIPOXzero [8] or FATmin [5],
typically above 60% of maximal aerobic capacity. In contrast, carbohydrate oxidation
continues to increase beyond this threshold. This asymmetric, bell-shaped lipid oxida-
tion profile exhibits substantial interindividual and interpopulation variability and is
modulated by numerous factors, including training status, sex, adiposity, dietary pat-
terns, diabetes, hormonal milieu, and pharmacological treatments, as extensively reviewed
elsewhere [10].

Exercise calorimetry also enables the quantification of carbohydrate (CHO) oxidation,
although this dimension has received considerably less attention. CHO oxidation increases
progressively with rising exercise intensity. At low-to-moderate intensities, this increase
is approximately linear and can be characterized by the slope of the relationship between
CHO oxidation rate and mechanical power output, termed the carbohydrate cost of the
watt (CCW) [11,12]. At maximal and supramaximal intensities, the relationship steepens
and adopts an exponential profile [13].

Because exercise calorimetry remains insufficiently implemented in routine practice,
most published studies are based on relatively small sample sizes [6-10]. At our center,
exercise calorimetry has been systematically performed since 2004 to guide individualized
exercise prescription in obese and diabetic patients, as well as in athletes and in specific
clinical contexts such as anorexia nervosa. This long-standing clinical and research activity
has led to the accumulation of an extensive database spanning more than two decades.

The availability of this dataset offered a unique opportunity to delineate the statistical
determinants of lipid and carbohydrate oxidation during exercise. Particular emphasis was
placed on carbohydrate oxidation, a dimension that remains comparatively underexplored
in the existing literature. Accordingly, the primary objective of this study was to identify
the determinants of LIPOXmax and the carbohydrate cost of the watt within a large and
heterogeneous population. Secondary objectives included comparing these parameters
between men and women and assessing their variation across the age spectrum.

https://doi.org/10.3390 /metabo16020121
39



Metabolites 2026, 16, 121

2. Material and Methods
2.1. Subjects

Exercise calorimetry, following the protocol developed in our center and published in
2001, has been routinely implemented since 1997 [3,6] to guide low-intensity endurance
training across a range of clinical and athletic contexts, including obesity, diabetes, and
various sports disciplines. Beginning in 2004, all tests successfully completed were system-
atically entered into an Excel database, while tests terminated prematurely were excluded.

As of 2025, the database comprises 6465 individuals (mean age 46.45 + 0.58 years;
range 8-92.4 years), including 4561 women and 1904 men, with broadly comparable age
distributions (women: 45.68 & 0.68 years; men: 48.29 + 1.11 years) and similar BMI values
(women: 33.77 £ 0.50 kg/m?; men: 33.11 =+ 0.76 kg/m?).

Key exclusion criteria included acute illness, uncontrolled cardiovascular disease,
inability to complete the test, and body weight exceeding 150 kg, corresponding to the
upper limit of our cycle ergometer.

Overall, this database encompasses individuals with diverse clinical profiles—
including type 2 diabetes, metabolic syndrome, and athletic populations—and thus repre-
sents a heterogeneous clinical cohort.

Characteristics of patients are presented on Table 1.

Table 1. Anthropometric characteristics of the subjects included in the study (values =+ SD). Anthro-
pometry is highly significantly different between males and females in this large sample of unselected
subjects but the overall difference in age and BMI is actually very small.

All Subjects Females Males Comparison
(n = 6465) (n = 4561) (n =1904) t-Test

Age (years) 46.45 + 0.58 45.68 + 0.68 4829 +1.11 p <0.001
Height (cm) 166.35 £ 2.07 162.73 +2.41 175.02 £+ 4.01 p <0.001
Weight (kg) 9293 £1.16 89.36 £ 1.32 101.47 +2.32 p <0.001
BMI (kg/m?) 2 33.58 £ 0.42 33.70 £ 0.50 33.11+£0.76 p <0.001
Fat free mass (kg) 54.36 £ 0.71 49.62 £ 0.77 66.18 £+ 1.62 p <0.001
Muscle mass (kg) 24.30 £ 0.33 21.35+0.34 31.96 £+ 0.83 p <0.001
% fat 41.12 £ 0.54 43.91 £ 0.68 34.14 £ 0.83 p <0.001
Waist circumference (cm) 103.29 £ 1.35 100.63 £+ 1.56 109.93 £ 2.69 p <0.001
Hip circumference (cm) 113.68 £+ 1.49 11491 £ 1.78 110.59 £2.71 p <0.001
VOszpmax ACSM® 25.43 £ 0.32 23.98 + 0.36 28.91 + 0.66 p < 0.001

(mL~t.min~tkg™!)

2 BMI: Body Mass Index. b VOZmaX ACSM: predicted VOZmaX by ACSM method.

In the sample, BMI values ranged from 15.1 to 61.5 kg/m2. The distribution by
category was as follows:

Underweight (BMI < 18.5): 0.1% of women and 0.2% of men.
Normal weight (BMI 18.5-25): 7.9% of women and 7% of men.
Overweight (BMI 25-30): 21.7% of women and 25% of men.
Obesity class I (BMI 30-35): 30.2% of women and 33.7% of men.
Obesity class II (BMI 35-40): 23.9% of women and 20.9% of men.
Obesity class III (BMI > 40): 16.1% of women and 13.2% of men.

Overall, 70.2% of women and 67.8% of men fell within the obesity range, while only
7.9% of women and 7% of men had a BMI in the normal range.
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Accordingly, this sample represents a wide range of BMIs but includes a large number
of patients suffering from overweight and obesity.

2.2. Body Composition

Body composition was evaluated using a BIACORPUS RX 4000 bioelectrical impedance
analyzer (MEDI CAL HealthCare GmbH, Greschbachstr. 6a, 76229 Karlsruhe, Germany),
which operates with an alternave 50 kHz current [14,15]. The collected impedance data
were processed using BodyComp 8.4 software, which estimates segmental fat and fat-free
mass through equations developed from the manufacturer’s reference population. Skele-
tal muscle mass was calculated using the Janssen prediction equation, which relies on
hand-to-foot resistance measured at 50 kHz [16]. This equation is as follows:

Muscle mass (kg) = H?/Rsp x 0.401 + gender [M =1/F =0] x 3.825 + age (years) x (—0.0731) + 5.102

where H is body height and Rsj is hand-to-foot resistance measured at 50 kHz.

2.3. Exercise Test

Participants performed the exercise assessment in the morning following a 12 h overnight
fast. The protocol consisted of five steady-state stages of six minutes each, initially targeted
at 20, 30, 40, 50, and 60% of predicted maximal power (Pmax).

Theoretical predicted Pmax values used to target workloads in each subject were
calculated according to the very classical empirical formulae of Wasserman [17] that are
implemented in our home-made software for calculation of the balance of substrates. First,
predicted weight (PW) is calculated from height using sex- and obesity-specific formulas:
for men PW =0.79 x height (cm) — 60.7, for women PW = 0.79 x height (cm) — 68.2, and
for obese subjects PW = 0.65 x height (cm) — 42.8, with the actual weight (BW) compared
to PW to determine whether an obesity correction must be applied. PW is then used to
estimate maximal oxygen uptake (VOymax), according to the formula: VOppax (mL/min) =
[50.72 x PW (kg) — 20.40 x age (years) + 5.61] x (1 if male/0.85 if female).

Finally, VOZmaX is converted to Pmax using a standard mechanical efficiency factor
(10 mL O, ~ 1 watt at maximal effort).

These workloads could be adjusted during the procedure depending on the evolution
of the respiratory exchange ratio (RER = VCO,/VO,) to ensure that values were recorded
both below and above 0.9, the threshold corresponding to the Crossover Point defined later.
Tests were conducted on an electromagnetically braked cycle ergometer (Ergoline Bosch
500, Ergoline GmbH, 72475 Bitz, Germany). A standard 12-lead ECG continuously tracked
heart rate and cardiac activity throughout the protocol. Ventilatory and metabolic variables
were obtained using a computerized breath-by-breath analysis system (COSMED Quark
CPET, COSMED 6Srl, Pomezia, Italy).

Predicted VVOZmaX (ACSM Method)

Because a precise measurement of VVO, peak is not essential for exercise calorimetry,
maximal oxygen uptake was estimated after exercise was completed, by extrapolating the
individual VVO,-heart-rate relationship to the theoretical age-predicted maximal heart
rate, following ACSM recommendations (VVOZmaX_ACSM) [18].

2.4. Exercise Calorimetry

During each workload, VO, and VCO, (mL/min) were recorded to compute the
non-protein RER. Rates of lipid oxidation (Lipox) and carbohydrate oxidation (Glucox)
were obtained from gas-exchange data using the classical non-protein respiratory quotient
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method previously described [7,8]. This approach provides substrate-utilization values
at each exercise intensity. After curve smoothing, two indices describing the shift from
lipid toward carbohydrate metabolism were extracted: the maximal lipid-oxidation point
(LIPOXmax) and the Crossover Point (COP).

The crossover point has been defined by the team of George Brooks [13] as the point
where CHO represents more than 70% of energy used for muscle activity. It can be easily
calculated from the equations of calorimetry presented below that this corresponds to a
RER value of ~0.9.

LIPOXmax corresponds to the workload at which lipid oxidation reaches its peak
before declining as carbohydrate use continues to rise.

Following earlier work on long-duration steady-state calorimetry [19,20], Perez-Martin
et al. proposed a protocol [21] comprising five submaximal stages of 6 min each—the
duration required to obtain stable gas-exchange values. The test is carried out on a cycle
ergometer with continuous VO,/VCO, monitoring and ECG surveillance. Workloads
are initially set to ~30, 40, 50, and 60% of predicted maximal power but can be adapted
according to the RER in order to obtain values below and above 0.9 (the level crossover
point), and at least one stage above RER = 1, where fat oxidation essentially drops to zero
(LIPOXzero or “FATmin”). Gas-exchange measurements from minutes 5-6 of each stage,
assumed to reflect steady state, are used to compute substrate oxidation through standard
indirect-calorimetry equations [22-24]:

Carbohydrate oxidation (mg/min) = 4.585 VCO, — 3.2255 VO, 1)

Lipid oxidation (mg/min) = —1.7012 VCO, + 1.6946 VO, )

The rationale for using 6 min steps and performing calculations on the values of the
5-6th min is based on a study by McRae and coworkers [22] which indicates that, at this
time, the CO, production from bicarbonate buffers becomes negligible. There has been
controversy about the best duration of the steps, and many authors prefer to use shorter
steps [23].

Nevertheless, these various protocols provide quite the same information. They show
that the increase in lipid oxidation displays an asymmetrical dome-shaped curve. This
curve culminates at the level of MFO at an intensity which is termed in this protocol the
LIPOXmax, and then lipid oxidation decreases at higher power intensities. The power
intensity where it becomes equal to zero is the point where RER is equal to 1 and is termed
the LIPOXzero (or FATmin).

The empirical formula (Equation (2)) that gives the lipid oxidation rate is, as re-
minded above:

Lipid oxidation (mg/min) = —1.7 VCO, + 1.7 VO, ©)

It is easy to deduce from this formula that the relation between power (P) and oxidation
of lipids (Lox) displays an asymmetrical dome-shaped curve of the form:

Lox = A.P (1 — RER) (4)

Derivation of this curve enables us to calculate the power intensity at which lipid
oxidation becomes maximal, which is the point where the derivative becomes equal to
zero. Therefore, the LIPOXmax calculation is only an application of the equation of lipid
oxidation used in calorimetry and is model-independent [8].

The reproducibility of the LIPOXmax has been investigated in several studies and it
was found to range between 5.02% and 11.4%, and on average 8.7% [8].
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2.5. Measuring the Kinetics of Carbohydrate Oxidation During Exercise

Although the increase in carbohydrate oxidation above resting levels follows an
exponential pattern [13], within the range of intensities typically used during graded
exercise calorimetry, it behaves, in practice, as an approximately linear function of power
output (see Figure 1). The slope of this relationship—representing the carbohydrate cost
required to generate one watt of mechanical power—is referred to as the carbohydrate
cost of the watt (CCW) [11,12]. As detailed in Aloulou et al. [11], comparative analyses of
various mathematical models demonstrate that a linear function provides an adequate and
robust description of the rise in CHO oxidation with increasing power output. Alternative
curvilinear models do not yield higher correlation coefficients on average, and variance
comparisons reveal no significant improvement in data dispersion; indeed, the linear model
exhibits the lowest variance among those tested. Although curvilinear models may also
produce high correlation coefficients, the linear formulation remains the simplest and most
consistently reliable representation of the relationship between CHO oxidation and power
output during exercise. In that study, the mean carbohydrate cost per watt (:SEM) was
reported as 0.22 £ 0.001 mg min~1 kg*1 W1 with the upper boundary of the first quintile
at 0.16 and the lower boundary of the fifth quintile at 0.29 mg min~! kg~* W~ [11].

FAT and CHO oxidation

10,  as a function of % VO,max
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Figure 1. (left) Average curve of fat and CHO oxidation as function of exercise intensity in the whole
sample of 6465 individuals. It can be seen that over the range of intensities applied during the test
CHO oxidation can be approximately modelized as a straight line (carbohydrate cost of the watt)
whose slope is on the average 0.24 mg/min/kg/watt. (right) Reconstruction from the data of this
study of the classical Brook’s picture of the “crossover concept” [13].

Intraindividual variability of this parameter was investigated in that previous study.
Previous work has shown that the carbohydrate cost of the watt is reproducible with a
mean difference of 9.2 + 28.4% and a coefficient of variation for paired values of 15.9% [11].

2.6. Statistical Analysis

Data are reported as means £ SD in order to show the distribution of the values,
since SEMs are close to 10~7. Statistical analysis was with the Sigmastat package (Version
3.0, Jandel Scientific, Erkrath, Germany). Given the exploratory nature and the very
large sample size, p-values were interpreted descriptively, with emphasis on effect sizes
rather than formal multiplicity correction. Comparisons were performed with two-ways
analysis of variance (ANOVA) or Student t-test (after the normality of distribution was
assessed) when two samples were compared. We validated the assumptions of normality
and homogeneity of variances before performing the ANOVA test and calculating the
adjusted p-values for multiple comparisons using a Tukey test. To account for multiple
testing, p-values were adjusted for multiple comparisons using Bonferroni’s correction.
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Correlations were calculated on Microsoft EXCEL. Differences were considered significant
atp <0.05.

3. Results

This large dataset confirms that, although men exhibit higher absolute maximal fat
oxidation rates and reach this peak at higher power outputs, women display slightly higher
maximal lipid oxidation rates when values are expressed relative to body weight. Moreover,
in women, this peak occurs at a marginally higher exercise intensity (Figure 2).

Crude values as a function of power 4 . Values corrected for body weight and
350 expressed as a function of % VO2max
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Figure 2. Comparison of men and women for the parameters of lipid oxidation. Error bars represent
SD. (A) Comparison of fat oxidation expressed as crude values plotted against crude power intensity
in men compared to women (ANOVA time effect and group effect p < 0.001); (B) comparison of fat
oxidation corrected for body weight and plotted against % of maximal aerobic capacity (ANOVA
time effect and group effect p < 0.001); (C) comparison of maximal fat oxidation rate expressed as
crude values in men compared with women (p < 0.001); (D) comparison of maximal fat oxidation
rate corrected for muscle mass in women compared to men (p < 0.001).

More precisely, when lipid oxidation is corrected for anthropometry, women exhibit a
higher (+30%) maximal ability to oxidize lipids during exercise, expressed by muscle mass
(10.10 £ 0.16 vs. 7.78 £ 0.20 p < 0.001) (Table 2), and fat oxidation peaks at a slightly higher
(+9.2%) percentage of VOZmaX ACSM (45.62% =+ 0.01 vs. 41.73% = 0.01 p < 0.001) (Table 3).

Table 2. Intensity levels of the various flow rates of substrate oxidation during exercise (values +
SD). Anthropometry is highly significantly different between males and females in this large sample
of unselected subjects but the overall difference in age and BMI is very small, with average values of
the various parameters of balance of substrates during exercise.

All Subjects Females Males Comparison
(n = 6465) (n = 4561) (n =1904) t-Test

MFO ? (mg.min~!) 218.66 £2.72 210.35 £3.11 238.54 £ 5.46 p <0.001

MFO @ corrected for muscle mass

1,1 9.46 £ 0.13 10.10 £ 0.16 7.78 £0.20 p <0.001
(mg.min~ kg™ ")

MEFO 2 corrected for fat free mass
(mg.min_l.kg_l)

Crude CCW P (mg.min~l.watt™1) 21.27 £ 0.26 21.48 £ 0.32 20.75 £ 0.48 p <0.001

4189 £ 1.62 3.63 + 0.09 4.30 £ 0.07 p <0.001
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Table 2. Cont.

All Subjects Females Males Comparison
(n = 6465) (n = 4561) (n =1904) t-Test
b .
CCW ™ corrected for body weight 4 54 4 g 904 0.25 4 0.001 0.21 + 0.005 p <0.001
(mg.min~".kg™".watt™")
b _
CCW? corrected for fat-free mass 0.41 + 0.01 0.44 + 0.01 0.32 + 0.01 p <0.001
(mg.min~" kg™ .watt™")
b
CCW? corrected for muscle mass 0.94 + 0.01 1.04 + 0.02 0.67 + 0.02 p <0.001

(mg.min~!'.kg~'.watt~1)

2 MFO: maximal rate of fat oxidation. ® CCW: Carbohydrate cost of the watt.

Table 3. Average values of the various parameters of balance of substrates during exercise (values =+ SD).

All Subjects Females Males Comparison
(n = 6465) (n = 4561) (n =1904) t-Test

LIPOX ? (watt) 44.51 £ 0.55 40.56 + 0.60 53.94 £1.23 p <0.001
LIPOX VO, 990.18 £+ 12.31 930.66 + 13.78 1132.53 + 25.93 p <0.001
LIPOXmax% VOomax 0.44 +0.01 45.62 £ 0.01 41.73 £0.01 p <0.001
PCX P (watt) 44.50 £+ 0.55 40.55 £+ 0.60 53.94 +1.23 p <0.001
PCX b VO, 1038.80 £ 12.91 976.72 £+ 14.46 1187.30 + 27.18 p <0.001
LIPOXzero VO, 989.48 £+ 12.30 930.54 £ 13.77 1132.55 + 25.93 p <0.001
LIPOXzero (wat) 87.97 £1.09 80.06 £ 1.19 106.91 + 2.45 p <0.001
LIPOXzero% VOomax 0.67 £ 0.01 0.68 £ 0.01 0.65 £ 0.01 p <0.001

@ LIPOX: lipid-oxidation point. b PCX: crossover point.

The principal correlations between LIPOXmax and other physiological parameters are
presented in Figure 3. The power output at which maximal lipid oxidation occurs (LIPOX-
max) is positively associated with lean body mass (r = 0.325, p < 0.001), a relationship
largely driven by its muscular component (r = 0.371, p < 0.001). LIPOXmax is also positively
correlated with the skeletal muscle index (r = 0.264, p < 0.001) and with lean mass expressed
as a percentage of total body weight (r = 0.197, p < 0.001), indicating that it scales with over-
all muscularity. Conversely, LIPOXmax is negatively associated with fat mass percentage
(r=—0.223, p < 0.001) and with age (r = —0.266, p < 0.001). A strong negative correlation
is also observed with the carbohydrate cost per watt (r = —0.544, p < 0.001), reflecting
the reciprocal balance between carbohydrate and lipid utilization. Finally, maximal fat
oxidation (MFO) and LIPOXmax are themselves positively correlated (r = 0.211, p < 0.001).

Carbohydrate oxidation increases progressively with rising power output in both
sexes, and within the range of intensities examined, this relationship is approximately
linear (Figure 4, upper panel). In women, the rate of increase is 21.48 4- 0.32 mg min~! W~!
compared with 20.75 + 0.48 mg min~! W1 in men (Table 2), resulting in a 17.8% higher
carbohydrate cost of the watt in women (0.24 = 0.004 vs. 0.21 = 0.005 mg min ! kg~ ! W1,
p <0.001) (Table 2; Figure 4, lower panel, left). The carbohydrate cost of the watt is also
positively associated with age (r = 0.343, p < 0.001) (Figure 4, lower panel, right).
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Figure 3. Correlations between parameters quantifying fat oxidation during exercise, age and fatness.
Upper panel: correlations between the maximal fat oxidation rate at exercise and muscle mass (left)
and between % fat mass (right). Lower panel: correlation between LIPOXmax and skeletal muscle
index (left) and age (right).
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Figure 4. Comparison of men and women for the parameters of Carbohydrate (CHO) oxidation.
(Lower panel, right): carbohydrate cost of the watt is positively correlated with age. (values & SD).

The carbohydrate cost of the watt expressed as carbohydrate oxidation rate per
unit of power (mL/min/watt) is positively correlated with body mass index (r = 0.271
p <0.001) and body fat percentage (r = 0.211 p < 0.001), and negatively to the crossover point
(r=—0.568 p < 0.001) and the LIPOXzero expressed in crude power intensity (r = —0.590
p <0.001) (Figure 5).

When this carbohydrate cost per watt is expressed as carbohydrate oxidation rate
per watt and per unit of body weight (mL.min~!.kg~!.watt™!), it is negatively correlated
with lean body mass (r = —0.506 p < 0.001), muscle mass (r = —0.397 p < 0.001), MFO
(r=—0.264 p < 0.001), the crossover point expressed in crude power (r = —0.546 p < 0.001),
and LIPOXzero (r = —0.563 p < 0.001). The most significant of these correlations are shown
in Figure 5.
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Figure 5. Correlations between parameters quantifying carbohydrate oxidation during exercise,
age and fatness. (Upper panel, left): correlation between the carbohydrate cost of the watt and
the percentage of fat mass (r = 0.211 p < 0.001); (Upper panel, right): negative correlation between
the carbohydrate cost of the watt and the LIPOX zero, i.e., the intensity level of exercise where
CHO becomes the exclusive fuel used for oxidation (r = —0.590 p < 0.001). (Lower panel, left):
negative correlation between the carbohydrate cost of the watt and the crossover point expressed as a
crude power intensity (r = —0.568 p < 0.001). (Lower panel, right): negative correlation between the
carbohydrate cost of the watt corrected for weight and the LIPOXmax expressed as power intensity
(r=—-0.559 p <0.001).

Stepwise multiple regression analyses were performed to identify the determinants of
the substrate-balance parameters described above. Table 4 presents the model for LIPOX-
max expressed in absolute power (watts). The model accounted for 15.4% of the variance
in the dependent variable (adjusted R? = 0.154, p < 0.0001). All predictors retained in
the final model were statistically significant (p < 0.05), with age exerting the strongest
influence (B = —0.260), followed by BMI; both variables were negatively associated
with LIPOXmax.

Table 4. Final stepwise multiple regression model for dependent variable LIPOXmax expressed in
crude power (watts).

Variable Coefficient (B) Standard Error B F-to-Remove p
Constant 38.905 2.0995
Age —0.265 0.0162 —0.260 267.0 <0.0001
BMI —0.563 0.0910 —0.253 38.2 <0.0001
FFM 0.330 0.0495 0.159 444 <0.0001
Muscle mass 0.486 0.0877 0.125 30.7 <0.0001
Fat mass 0.159 0.0429 0.147 13.7 0.0002

Table 5 presents the regression model for LIPOXmax expressed as a percentage of
VOZmaX. The model accounted for 5.5% of the variance in the dependent variable (adjusted
R? =0.055, p < 0.0001). All predictors retained in the final model were statistically significant
(p < 0.05), with BMI exerting the strongest influence (3 = 0.332).
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Table 5. Final stepwise multiple regression model for dependent variable LIPOXmax expressed

as % VOomax-
Variable Coefficient (B) Standard Error B F-to-Remove p
Constant 37.9923 2.4169
Age 0.0688 0.0144 0.0765 22.79 <0.0001
BMI 0.6516 0.0773 0.3323 71.06 <0.0001
FFM —0.2440 0.0440 —0.1330 30.79 <0.0001
% fat —0.1413 0.0604 —0.0786 547 0.0194

For LIPOXmax expressed either in absolute power or as a percentage of VO2max,
Tables 4 and 5 indicate that the regression models satisfied the assumption of normality but
violated homoscedasticity, a limitation that should be taken into account when interpreting
the findings. The relatively low adjusted R? values suggest that the variables included in
the models are, overall, modest predictors of LIPOXmax, and that additional determinants
not assessed in this study may also contribute to its variability.

Table 6 presents the regression model for maximal fat oxidation (MFO). The model
accounted for 10.8% of the variance in the dependent variable (adjusted R?> = 0.1077,
p < 0.0001). All predictors retained in the final model were statistically significant
(p < 0.0001). Muscle mass exerted the strongest influence (f = 0.4809), followed by the
skeletal muscle index (SMI; 3 = —0.3287) and, to a lesser extent, BMI (3 = 0.2599).

Table 6. Final stepwise multiple regression model for dependent variable MFO expressed as % VOpmax.-

Variable Coefficient (B) Standard Error B F-to-Remove %
Constant 105.99 11.37
Age —0.204 0.0861 —0.0386 5.59 <0.0181
BMI 2.986 0.2630 0.2599 128.94 <0.0001
FFM —-0.711 0.3495 —0.0661 4.14 0.0420
Muscle mass 9.706 1.1295 0.4809 73.84 <0.0001
SMI —19.563 2.706 —0.3287 52.26 <0.0001

The model satisfied the assumption of normality but violated homoscedasticity, a
limitation that should be taken into account when interpreting these results.

Table 7 presents the regression model for the carbohydrate cost of the watt (CCW).
The model accounted for 36.4% of the variance in the dependent variable (adjusted
R? = 0.364, p < 0.0001). All predictors retained in the final model were statistically signifi-
cant (p < 0.0001). LIPOXmax expressed in watts exerted the strongest influence (3 = 0.592),
followed by fat-free mass (3 = —0.415).

Table 7. Final stepwise multiple regression model for dependent variable “Carbohydrate cost of the

watt” (CCW).
Variable Coefficient (B) Standard Error B F-to-Remove p
Constant 4.0488 0.19066
Age 0.0117 0.00149 0.1096 61.6 <0.0001
FFM —0.0901 0.00359 —0.4151 631.1 <0.0001
FM 0.0274 0.00169 0.2423 261.1 <0.0001
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Table 7. Cont.

Variable Coefficient (B) Standard Error B F-to-Remove p
SMI 0.0724 0.01834 0.0603 15.6 <0.0001
LIPOXmax 0.0618 0.00146 0.5916 1783.1 <0.0001

Table 8 shows the regression model for LIPOXzero. This model explained 62.2% of
the variance in the dependent variable (adjusted R? = 0.622, p < 0.0001). All predictors
included were statistically significant (p < 0.05). LIPOXmax expressed as a percentage of
VOZmax had the strongest effect (3 = 0.798), followed by fat mass (kg) (3 = —0.166).

Table 8. Final stepwise multiple regression model for dependent variable “LIPOXzero”.

Variable Coefficient (B) Standard Error B F-to-Remove p
Constant 0.355075 0.014682
Age —0.000373 0.000118 —0.0322  10.05 0.0015
FFM —0.000886 0.000274 —0.0374 1048 0.0012
Fat mass —0.002051 0.000144 —0.1663  203.96 <0.0001
LH;%;:;XO/ °  0.010308 0.000132 0.7984 6089.46 <0.0001

For both CCW and LIPOXzero, Tables 7 and 8 indicate that the models satisfied the
assumption of normality but violated homoscedasticity, a limitation that should be taken
into account when interpreting these findings.

4. Discussion

This large dataset offers a unique opportunity to examine the determinants of sub-
strate utilization during exercise across a broad spectrum of ages and body composition
profiles. Our findings first confirm the previously reported influence of sex on lipid oxi-
dation. Although men exhibit higher absolute maximal fat oxidation (MFO) values and
reach this peak at higher power outputs, anthropometric adjustment reveals that women
possess a greater relative capacity to oxidize lipids during exercise. In women, maximal
lipid oxidation also occurs at a significantly higher percentage of maximal aerobic capacity
(+9.2%). Moreover, the exercise intensity eliciting maximal lipid oxidation is positively
associated with fat-free mass—particularly muscle mass—and negatively associated with
adiposity. The two principal indices of lipid metabolism, MFO and LIPOXmax, are strongly
correlated with each other and both display inverse associations with indices of carbohy-
drate (CHO) oxidation. Multivariate analyses further indicate that LIPOXmax is negatively
related to age and BMI, whereas MFO is primarily determined by muscle mass and, to a
lesser extent, BMI. For CCW, the model identifies LIPOXmax as the strongest predictor,
followed by fat-free mass, while for LIPOXzero, LIPOXmax is the dominant determinant,
followed by fat mass.

Overall, fat oxidation exhibits modest sex-related differences and shows negative
associations with age, fat mass, and adiposity. Its magnitude (MFO) is positively correlated
with muscle mass. However, these determinants collectively account for only a limited
proportion of the variance in fat oxidation.

A particularly notable finding of our study is the central role of the reciprocal bal-
ance between lipid and carbohydrate (CHO) utilization during exercise. Indices of CHO
oxidation and those of fat oxidation are strongly and inversely correlated, in line with
previous work demonstrating a metabolic interaction between these pathways. This pattern
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also reinforces the concept that individuals differ in their preferential substrate use: some
predominantly oxidize lipids, whereas others—often described as “glucodependent”—rely
more heavily on CHO at a given power output [7,8]. Such profiles are observed not only in
sedentary, obese, or diabetic individuals [7,8,21], but also in athletes specializing in short,
high-intensity efforts [8].

Overall, the observed correlations do not support the existence of a strict proportional
relationship between lipid oxidation and any single determinant. Multivariate analyses
produce models that account for only a modest proportion of the variance in LIPOXmax
and MFO. Consequently, although statistical prediction models may offer approximate
estimates [24], exercise calorimetry remains the most reliable approach for determining
individualized training intensities for targeted exercise prescription [6,9].

One of the most distinctive contributions of this study lies in the detailed examination
of carbohydrate (CHO) oxidation during exercise, a domain that has received comparatively
limited attention in the literature. CHO oxidation increases progressively with rising power
output in both sexes, as reflected by the carbohydrate cost of the watt (CCW). This increase
is 17.8% higher in women than in men and is positively associated with both age and
fat mass. The mean CCW values observed in this cohort closely match those previously
reported by Aloulou et al. [11], thereby reinforcing earlier findings. CCW is negatively
correlated with LIPOXzero—the exercise intensity at which CHO becomes the exclusive
substrate—as well as with the crossover point and LIPOXmax. Overall, CHO oxidation
tends to rise with advancing age and increasing adiposity, while decreasing with greater
fat-free and muscle mass.

Although maximal lipid oxidation was proposed more than 25 years ago as a tool
for exercise prescription in obesity and metabolic diseases, it remains insufficiently im-
plemented in practice. Low-intensity exercise designed to maximize lipid oxidation was
long perceived as counterintuitive compared with the higher intensities traditionally asso-
ciated with athletic training. Yet this intensity domain is readily attainable for sedentary or
deconditioned individuals, who often tolerate vigorous exercise poorly. Notably, LIPOX-
max closely matches the spontaneous walking pace that can be sustained for prolonged
periods without dyspnea [25], a form of locomotion that characterized human activity
patterns until the 20th century. Prescribing exercise at LIPOXmax therefore represents a
return to a physiologically natural mode of movement that has diminished with modern
lifestyles. In contrast, low-volume, high-intensity exercise that primarily stimulates CHO
oxidation—such as brief running bouts—has frequently been shown to increase appetite
and energy intake. While this effect is offset by the substantial energy expenditure of
athletes engaging in high training volumes, individuals performing limited amounts of
submaximal high-intensity activity may therefore experience paradoxical and unexpected
weight gain [26].

Targeted physical activity performed at LIPOXmax has been extensively evaluated
and consistently shown to reduce fat mass while preserving lean and muscle mass and
improving aerobic fitness, as highlighted in recent meta-analyses [27,28]. Beyond its
excellent tolerability and ease of implementation, this training approach demonstrates
notable long-term efficacy, supporting sustained weight stabilization for up to eight years
following weight loss [29] and enhancing both the magnitude and durability of the weight-
reducing effects of bariatric surgery over a five-year period [30,31].

Consistent with previous reports [32-34], our findings confirm a sex-related difference
in lipid oxidation during exercise. This difference is modest and becomes evident only in
large cohorts and after adjustment for anthropometric variables and aerobic capacity [35].
Women exhibit a LIPOXmax occurring at an exercise intensity approximately 9% higher
than that observed in men. Although the underlying mechanisms remain incompletely
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understood, hormonal influences appear to contribute. Studies by Boisseau and colleagues
indicate that estradiol enhances lipid oxidation during exercise, whereas progesterone
exerts an opposing effect [36,37]. Additional experimental work further supports the role of
estrogens in promoting lipolysis and lipid oxidation in both humans and cultured muscle
cells [38-40].

A central objective of this study was to characterize carbohydrate (CHO) oxidation
during exercise. We previously proposed quantifying this parameter using the slope of the
relationship between CHO oxidation rate and power output (CCW) [11]. Two additional
indices complement this approach: the Brooks and Mercier crossover point [13], which is in-
versely related to CCW and reflects early CHO predominance (“glucodependence”) [3], and
LIPOXzero, which is negatively correlated with both the crossover point and LIPOXmax.
Together, these indices support the concept of a tightly regulated balance between lipid and
CHO oxidation, consistent with the crossover model. At the molecular level, this balance is
explained by mechanisms described by Sahlin [41], whereby increased intramuscular CHO
oxidation inhibits fatty acid entry into mitochondria through CPT-1 inhibition mediated by
malonyl-CoA and lactate. Accordingly, the rate of CHO oxidation is one of the key factors
governing substrate selection during exercise.

CCW was 17.8% higher in women than in men and increased with both age and
fat mass, indicating a greater reliance on CHO oxidation in older and obese individu-
als. In contrast, higher muscle mass was associated with lower CHO oxidation. In our
predominantly sedentary and overweight cohort, this pattern likely reflects concurrent
declines in muscle mass and metabolic conditioning. Different profiles might be observed
in endurance-trained athletes, who were underrepresented in this sample.

We previously demonstrated that CCW typically remains within narrow limits, be-
having almost as a biological constant, although it can be markedly elevated in seden-
tary individuals or in athletes experiencing exercise-induced hypoglycemia [10-12]. The
present study provides robust reference values, confirming those reported earlier in smaller
cohorts [11].

Exercise calorimetry has also been proposed as a tool for assessing metabolic
flexibility—the capacity of mitochondria to shift between lipid and carbohydrate (CHO)
oxidation [10]. Impaired metabolic flexibility is associated with insulin resistance and
type 2 diabetes [42] and can be improved through lifestyle interventions [43—45]. The
strong inverse relationship observed here between lipid and CHO oxidation supports this
concept. In certain situations, however, both lipid oxidation at low intensity and CHO
oxidation at high intensity may be simultaneously elevated, as reported in women and in
hypothyroid patients treated with L-thyroxine [46]. These observations have contributed to
the development of the concept of an optimal fat/CHO oxidation ratio (OLORFOX), which
aims to minimize excessive CHO utilization during exercise and has been linked to effects
on appetite and weight regulation [47].

Methodologically, substrate balance was assessed using a protocol based on 6 min
steady-state exercise stages, originally developed by Perez-Martin et al. [3]. This approach
is likely to yield more accurate estimates of substrate oxidation than shorter 3 min stages,
which tend to overestimate lipid oxidation and underestimate CHO oxidation in sedentary
individuals [48]. Standardization of the test focused on ensuring that measurements cap-
tured workloads both above and below a respiratory quotient of 0.9, rather than imposing
fixed power outputs, in order to more precisely characterize the substrate crossover zone
occurring at this threshold.

This study presents several strengths, most notably its large sample size and the
wide range of ages and BMI values represented. However, certain limitations should be
acknowledged, including its retrospective, cross-sectional design, the predominance of
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obese participants, and the lack of information on diet, medication use, and training status.
Systematic data on diabetes and dyslipidemia were not available for the entire cohort
and therefore could not be incorporated as covariates. Nevertheless, the broad BMI range
(15.1-61.5 kg/m?) enhances the generalizability and relevance of the findings.

In this study, confidence intervals around correlation coefficients were not reported.
Given the very large sample size, these intervals would be extremely narrow, and emphasis
was therefore placed on effect sizes instead. Another methodological consideration con-
cerns the well-documented sex differences in substrate oxidation. Our findings confirm
that women and men exhibit slightly different metabolic responses during exercise. The
absence of stratified or sex-adjusted analyses may somewhat limit the interpretability of
these results. However, our data indicate that these sex-related differences are modest
and unlikely to substantially affect the overall conclusions. Nonetheless, a more detailed
analysis incorporating sex stratification could provide additional insights and may be
worthwhile to pursue.

5. Conclusions

This large-scale study confirms that lipid oxidation during exercise is influenced
by sex, age, and adiposity, and provides the first comprehensive characterization of the
determinants of CHO oxidation. It underscores the reciprocal balance between the two
principal energy substrates, with a shift toward greater “glucodependence” in older and
overweight individuals. These findings support the use of exercise calorimetry to assess
metabolic flexibility and to refine exercise prescriptions in the contexts of obesity, insulin
resistance, and exercise-related hypoglycemia. Preliminary data from this cohort have
already contributed to the development of exercise guidelines aimed at optimizing fat
oxidation [28], and the present analysis further reinforces their physiological foundation.
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Abstract

Background/Objectives: Previous studies have suggested that lifestyle intervention (LSI)
therapies involving diet and exercise can modulate DNA methylation; however, whether
this occurs in severely obese hypogonadal men undergoing weight loss from diet and
exercise remains unclear. Methods: In this study, we investigated the effects of weight loss
from diet and exercise on global DNA methylation as well as on the mRNA expression of
specific demethylation enzymes, DNMT1, DNMT3A, and DNMT3B—in peripheral blood
mononuclear cells (PBMCs) and DNA methylation markers in DNA of severely obese
hypogonadal men. This is a secondary analysis of samples of severely obese (body mass
index of >35 kg/m?) hypogonadal men undergoing weight loss from diet and exercise
in addition to an aromatase inhibitor (anastrozole) or placebo for a total of 12 months.
Results: LSI therapy significantly reduced global DNA methylation and 5-methylcytosine
(5-mC) levels, decreased DNMT1, DNMT3A, and DNMT3B (p < 0.05) mRNA levels and
markedly decreased CEBP«, FTO, and PPARy mRNA expression. The reduction in global
methylation was independent of aromatase inhibitor use. Conclusions: In summary,
our findings suggest that LSI induces epigenetic modifications in leukocytes, possibly
through the regulation of DNMT gene expression. Future studies are warranted to clarify
the mechanistic pathways linking lifestyle-induced epigenetic alterations to metabolic
health outcomes.

Keywords: obesity; hypogonadism; lifestyle intervention; DNA methylation

1. Introduction

Obesity has become a global epidemic, contributing to a wide spectrum of metabolic
and endocrine disorders including type 2 diabetes mellitus, cardiovascular disease, and
male hypogonadism [1-3]. The recent literature suggests that obesity and related metabolic
dysfunctions are accompanied by alterations in epigenetic regulation, particularly DNA
methylation [4], which may mediate the interaction between environmental and genetic
factors [5,6].

DNA methylation, the covalent addition of a methyl group to cytosine residues
within CpG dinucleotides, is one of the most studied epigenetic modifications regulating
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gene expression [7]. This process is catalyzed by DNA methyltransferases (DNMT5),
including DNMT1, DNMT3A, and DNMT3B, which play distinct roles in maintaining and
establishing methylation patterns [8]. Aberrant DNA methylation has been implicated
in several obesity-related pathologies, influencing genes involved in lipid metabolism,
adipogenesis, and insulin sensitivity [9]. Specifically, the peroxisome proliferator-activated
receptor gamma (PPARy) and CCAAT/enhancer-binding protein alpha (CEBP«) are critical
transcription factors governing adipocyte differentiation and glucose homeostasis, and their
epigenetic regulation has been associated with obesity and metabolic dysfunction [10,11].
Our group showed that combined diet and exercise resulted in greater improvement in
physical function [12] and improvement in metabolic profile [13] than diet or exercise
alone. Beyond improving body composition and metabolic health, Keller et al.’s studies on
120 adults (BMI: ~30 kg/m?) in an 18-month diet +/ — physical activity lifestyle randomized
trial found that successful weight loss was associated with specific genome-wide DNA
methylation changes in blood [14]. Aerobic exercise has been reported to modify DNA
methylation in skeletal muscle, adipose tissue, and leukocytes, leading to altered expression
of metabolic and inflammatory genes [15]. Dietary factors such as caloric restriction and
nutrient composition can also influence methylation status by modulating one-carbon
metabolism and methyl donor availability [16]. Despite these insights, the combined effects
of diet and exercise on DNA methylation in severely obese hypogonadal men remain
largely unexplored.

A prior study in obese individuals found that increased global DNA methylation and
elevated DNMT1 expression have been associated with systemic inflammation and insulin
resistance [17]. Conversely, in a rat study, lifestyle modification has been linked to reduced
Dnmt activity and demethylation of genes regulating metabolism and inflammation [18].
However, most of these findings are derived from pre-clinical and general obese patients,
but specific epigenetic mechanisms through which lifestyle interventions (LSIs) influence
metabolic outcomes in severely hypogonadal men have not been clearly elucidated. Given
these gaps in knowledge, the present study aimed to investigate the effects of LSIs by
diet and exercise to promote weight loss on global DNA methylation in peripheral blood
mononuclear cells (PBMCs) of obese hypogonadal men. We focused on the methylation and
expression of PPARy and CEBPu as representative metabolic regulators, and the expression
of DNMT1, DNMT3A, and DNMT3B as key enzymes of DNA methylation machinery.
By integrating molecular and physiological data, this study seeks to provide mechanistic
insights into how LSIs modulate epigenetic pathways which may ultimately contribute to
improved metabolic and endocrine function in obese hypogonadal men.

2. Materials and Methods
2.1. Study Design and Patient Population

This was a secondary analysis of DNA and RNA samples obtained from participants
of the study, titled “Aromatase inhibitors and weight loss in severely obese men with
hypogonadism” (NCT03490513). This study was a randomized double-blind placebo-
controlled trial on the effect of weight loss from LSI in combination with an aromatase
inhibitor (LSI + Al), anastrozole 1 mg daily, versus placebo (LSI + PBO) over 1 year on
hormonal profile and symptoms of hypogonadism in men with severe obesity and hy-
pogonadism. Inclusion/exclusion criteria were as previously published [19], but briefly,
the study recruited severely obese men (BMI of >35kg/ m?), 35-65 years old, with an
average fasting total T done twice between 8 a.m. and 10 a.m. on 2 separate days within
1 month of <300 ng/dL, with luteinizing hormone (LH) of <9.0mIU/L and estradiol (E2)
of >14pg/mL, and with symptoms consistent with hypogonadism. The exclusion crite-
ria included the following: (1) clinical/biochemical evidence of hypothalamic/pituitary
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disease; (2) drugs affecting gonadal hormone levels, production and action, or bone
metabolism (bisphosphonates, teriparatide, denosumab, glucocorticoids, and phenytoin);
(3) diseases affecting bone metabolism (e.g., hyperparathyroidism, untreated hyperthy-
roidism, osteomalacia, chronic liver disease, significant renal failure, hypercortisolism,
malabsorption, immobilization, and Paget’s dis.); (4) prostate carcinoma or elevated serum
PSA >4 ng/mL; (5) hematocrit (HCT) more than 50%; (6) untreated severe obstructive sleep
apnea; (7) cardiopulmonary disease (e.g., myocardial infarction within 6 months, unstable
angina, and stroke) or unstable disease (e.g.,, NYHA Class III or IV congestive heart failure,
severe pulmonary disease requiring steroid pills or the use of supplemental oxygen that
would contraindicate exercise or dietary restriction); (8) unstable weight (i.e., £2kg) in the
last 3 months; (9) BMD T-score of less than —2.0 at the spine, femoral neck, or total femur;
(10) T2DM with fasting blood glucose of >160 mg/dL or A1C of >9.5%.

This study was conducted at Michael E. DeBakey VA Medical Center and the protocol
was approved by the Institutional Review Board of Baylor College of Medicine. All
participants provided written informed consent in accordance with the guidelines in the
Declaration of Helsinki for the ethical treatment of human subjects. This study started in
May 2018 and ended in June 2025.

This specific study focused on the methylation changes over time on a subset of
subjects with DNA and RNA taken at least at 2 timepoints during the intervention (please
see Figure 1 below).

Parent Study (NCT3490513)

Randomised male participants (N=121)

LSI+AI LSI+PBO

With baseline and follow-up

samples prepared for genetic

studies

N=17 N=18

Figure 1. Flow diagram of participants included in the study. LSI + Al—lifestyle intervention + aro-
matase inhibitor; LSI + PBO—lifestyle intervention+ placebo.

2.2. Diet and Exercise Intervention

Dietary intervention was managed with the aid of a dietitian. Participants were
instructed to consume a balanced diet to provide a deficit of 500-750 kcal/day from daily
energy requirement. Follow-up visits with dietitian were weekly for the first 3 months and
then every 2 weeks thereafter.

Exercise training was supervised by an exercise physiologist and consisted of aerobic
training for ~45 min in duration and involved walking on a treadmill and stationary cycling.
The resistance training involved nine upper-extremity and lower-extremity exercises with
the use of weight-lifting machines. Initially, participants exercised in-person at our facility
twice a week. The participants were also instructed to perform home-based exercises
involving ground walking, treadmill walking, or stationary biking if available as well as

https://doi.org/10.3390/metabo16030198
57



Metabolites 2026, 16, 198

resistance exercise using body weight (e.g., abdominal crunches), resistance bands, and
ankle weights. However, because of COVID-19 pandemic restrictions, patients were later
allowed to perform exercises in a gym of their choice paid for the study or just do home
exercises using as much as possible the same routine.

2.3. Body Mass Index (BMI)

Body weight and height were measured by a standard weighing scale and stadiometer,
respectively. BMI (kg/m?) was calculated by dividing the weight (in kilograms) by height
(in meters) squared.

2.4. Gene Expression Studies

Blood samples were collected early in the morning after an overnight fast and pro-
cessed, and then, the samples were stored at —80 °C until analysis. PBMCs were isolated
from whole blood using Ficoll density gradient centrifugation. The PBMC fraction con-
tained lymphocytes (T cells, B cells, and NK cells) and monocytes but excluded granulocytes
such as neutrophils. Gene expression of PPARy, CEBPa, FTO, DNMT1, DNMT3A, and
DNMT3B in PBMCs was performed by real-time quantitative polymerase chain reaction at
baseline (BL) and at 12 months (12 M).

2.4.1. RNA Extraction and qPCR Studies

RNA was extracted from PBMCs using RiboPure Blood (Invitrogen, Carlsbad, CA,
USA #AM1928). A total of 200 ng of RNA was used for retro transcription into cDNA
and performed using Superscript VILO Master Mix (Invitrogen, Carlsbad, CA, USA)
in triplicates following protocol instructions. FAM-labeled TagMan gene expression as-
says (Applied Biosystem, College Station, TX, USA) were used for PPARy (Assay ID:),
CEBP« (Hs00269972_s1:), FTO (Hs01057145_m1), DNMT1 (Hs00945875_m1), DNMT3A
(Hs01027162_m1), and DNMT3B (Hs00171876_m1), and a VIC-labeled TagMan gene ex-
pression assay for housekeeping 18S (assay ID: Hs03928990_g1). TagMan Universal Master
Mix was used following the manufacturer’s protocol. Please see the supplementary details
of kits and chemicals used in this study.

Relative quantification: Relative quantification of gene expression of our samples
was compared with that of human control total RNA, analyzed by TagMan-based real-
time PCR analysis (Applied Biosystems, #4307281, Carlsbad, CA, USA) was calculated
using the DDCT method and adjusted for housekeeping gene expression. Data analysis
was performed using a real-time PCR system QuantStudio5 and Quant Studio Design &
Analysis Software 1.3.1.

2.4.2. DNA Extraction and Methylation Studies

Genomic DNA was isolated from peripheral leukocytes [20] according to the manu-
facturer’s instructions. DNA quality and quantity were assessed by spectrophotometry
(NanoDrop) Bioanalyzer 2100 (Agilent Technologies, Santa Clara, CA, USA). and sam-
ples were normalized to 200 ng/pL for methylation analysis. Global DNA methylation
(5-methylcytosine, 5-mC) was quantified using the Global DNA Methylation Assay Kit
(5-Methyl Cytosine, Colorimetric; Abcam, Cambridge, UK; Cat. No. ab233486) following
the manufacturer’s instructions.

Global DNA methylation was expressed as the percentage of 5-methylcytosine
(5-mC%) relative to total cytosine content and calculated according to the manufacturer’s
instructions. Values are expressed as the fraction of total methylated cytosine. Because the
primary objective of this secondary analysis was to evaluate sustained epigenetic changes
following long-term lifestyle intervention, we analyzed specimens collected at baseline
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(BL), 6 months, and 12 months (12 M), representing the full duration of the intervention for
global methylation studies.

2.4.3. Statistical Analysis

Overall longitudinal analysis of 5 mC% or global DNA methylation (GM) were per-
formed by repeated measures ANOVA with visit (baseline, 6 months, and 12 months) as
the repeated factor adjusted for the baseline outcome value and treatment group (lifestyle
with Al or placebo); change in testosterone, estradiol, or weight; or metformin use as
covariates. Comparisons of 6- and 12-month values with baseline values for the different
methylation parameters were performed by Student’s t-test. Data were presented as the
means + SD in tables and text, and the means + SE in the figures. Data in graphs were
analyzed using Prism 9.0 (GraphPad, San Diego, CA, USA) and tables were managed
using Excel 2013 (Microsoft, Redmond, WA, USA), analyzed by Statgraphics Centurion
XVI X64 (Statgraphics Technologies, Inc., The Plains, VA, USA) and confirmed using
SAS version 9.3 (SAS Institute, Inc., Cary, NC, USA) A p-value of < 0.05 was considered
statistically significant.

3. Results

Thirty-five participants with RNA and DNA samples taken at least at 2 timepoints
were included in this study (Figure 1). The average baseline weight of these subjects was
135.9 + 20.5 kg, and the baseline BMI was 43.8 + 5.3 kg/m?. Table 1 below shows the
baseline characteristics of the participants included in the study. There were no significant
differences in clinical characteristics between those randomized to LSI + Al compared
to the LSI + PBO at baseline. In addition, there were no significant differences in base-
line characteristics of the entire population and the subjects included in this study (see
Supplementary Table S2).

Table 1. Baseline characteristics of the subjects.

Body Parameter Anastrozole (n =17) Placebo (n = 18) p-Value
Age 541452 49.8 +8.0 0.07
BMI 423 +59 444+ 45 0.26
Weight 131.0 £ 224 140.8 £ 16.0 0.15
Racial background

White 7 10 0.30
Blacks 10 7

Type 2 diabetes 11 7 0.17
Metformin 7 7 0.85
Hemoglobin Alc 69+1.1 6.8+14 0.92
Testosterone 221.5+47.8 235.1 +£47.5 0.41
Estradiol 263 +17.9 21.4+5.0 0.29

Values are means + SD, BMI-body mass index.

3.1. Body Composition

At the end of the study, the subjects lost an average of —3.7 £3.6% (—6.7 + 7.1 kg).
Testosterone significantly increased in the LSI + Al group compared to the LSI + PBO group
(+174.6+/—134.3 ng/dL vs. +43.8+/—103.5 ng/dL; respectively, p = 0.01), and estradiol signifi-
cantly decreased in the LSI + Al group compared to LSI + PBO group (—13.9+/—19.0 pg/mL
vs. +1.5+/—7.7 pg/mL; respectively, p = 0.01) at the end of 12 months. Table 2 below shows the
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changes in body composition of the participants compared to baseline at 6 and 12 months.
Body fat, visceral adipose tissue, and lean mass (total and appendicular) decreased from
baseline. However, these changes were not statistically significant.

Table 2. Changes (%) in body composition.

Body Parameter 6 Months 12 Months
Total body fat % —-224+49 -17+72
Total body fat (g) —514+7.8 —494+11.0
Visceral adipose tissue —8.0 £ 255 —3.8+327
Total lean mass —-12+£33 —-17+£38
Appendicular lean mass —-1.1+£8.0 —4.8£6.0

The above table illustrates % changes in body composition. Data are presented as mean + SD. Measurements
were obtained at baseline and follow-up visits (6 and 12 months). p-values are not significant compared to baseline
by Student’s t-test.

3.2. DNMTs Expression Is Downregulated Following Diet and Exercise Intervention

Lifestyle with or without aromatase inhibitors (LSI £ Al) significantly modulated the
expression of DNA methylation-related genes (Figure 2). Reduction in mRNA expression
was observed at 12 months compared to baseline for DNMT1 (BL: 3.29 £ 1.1 vs. 12 M:
0.78 £ 0.16, p = 0.038), DNMT3A (BL: 1.28 £ 0.18 vs. 12 M: 0.81 £ 0.09, p = 0.028), and
DNMT3B (BL: 0.97 £ 0.15 vs. 12 M: 0.64 £ 0.07, p = 0.05) following the intervention
(Figure 2a—c). Collectively, these findings demonstrate a consistent downregulation of key
components of DNA methylation machinery after the 12-month lifestyle program.
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Figure 2. Lifestyle - aromatase inhibitors downregulate DNA methyltransferase (DNMT) gene
expression in PBMCs. mRNA expression significantly decreased after 12 months of lifestyle inter-
vention compared with baseline for DNMT1 (p = 0.038) (a), DNMT3A (p = 0.028) (b), and DNMT3B
(p < 0.05) (c). Data are presented as mean fold change + SEM.
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3.3. Lifestyle Modification Reduces Global and 5-mC% DNA Methylation

To validate whether the transcriptional changes were accompanied by epigenetic
alterations at the DNA level, global DNA methylation markers were assessed in the PBMC
samples collected at baseline (BL), 6 months (6 M), and 12 months (12 M). LSI + Al
significantly reduced the percentage of 5-mC%, with levels decreasing from BL (0.18 & 0.03)
to 6 M (0.103 £ 0.005; p = 0.052) and 12 M (0.081 £ 0.004; p = 0.013) (Figure 3a). Similarly,
global DNA methylation showed a downward trajectory, declining from BL (0.85 & 0.18) to
6 M (0.49 £ 0.03; p = 0.053) and 12 M (0.39 + 0.014; p = 0.015) (Figure 3b). Collectively, these
data indicate that LSI £ Al promotes gradual genomic DNA demethylation in PBMCs over
the 12-month intervention period.
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Figure 3. Lifestyle intervention with or without an aromatase inhibitor (LSI &= AI) reduces global
DNA methylation and 5-methylcytosine % (5-mC%) levels in DNA of buffy coat samples. There
was a decrease from baseline in 5-mC% levels at both follow-up timepoints but significant only at
12 months (p = 0.013) (a) and global DNA methylation percentage in PBMCs across the same time-
points which was significant only at 12 M (p = 0.015) with intervention (b). Bars represent the
mean + SEM.

To examine the influence of Al, as half of the subjects on this study were on it and
hormone studies showed significant differences in testosterone and estradiol levels be-
tween those who were and were not on Al, we compared the change in 5-mC% and global
methylation at 6 and 12 months between the two groups. We found significant differences
over time (6 months and 12 months; p = 0.002 for 5-mC% and p < 0.001 for global methyla-
tion by repeated measures ANOVA) but no differences due to treatment with Al or PBO
(p = 0.12 for 5-mC% and p = 0.06 for global methylation), testosterone (p = 0.62 for 5-mC%
and p = 0.21 for global methylation), or estradiol (p = 0.35 for 5-mC% and p = 0.92 for
global methylation); and an independent difference due to weight (p = 0.02 for 5-mC% and
p = 0.03 for global methylation). Since some of our patients were on metformin which has
been known to affect methylation, we adjusted for the intake of the drug which did not
show any difference between those on LSI + Al and LSI + PBO (Table 3).

Table 3. Changes in methylation with lifestyle intervention + aromatase inhibitors.

LSI + Al LSI + PBO p *p **p
Weight change (kg)
6 months —58+6.8 —3.8+69 0.44
12 months —71+£78 —62£63 0.72
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Table 3. Cont.

LSI + AI LSI + PBO P *p **p
5-mC%
6 months —0.32 £ 0.39 —0.29 £ 0.55 0.86 0.71
12 months —0.17 £ 0.43 —0.08 £ 0.59 0.62 0.47 0.002
%Global methylation
6 months —0.05 £ 0.08 —0.01 £0.22 0.67 0.79
12 months —0.17 £ 0.16 —0.04 £0.21 0.12 0.12 <0.001

p adj—* p adjusted for the intake of metformin and ** p adjusted by repeated measures ANOVA across visits (6 and
12 months). Note: there was no difference due to treatment with an aromatase inhibitor or placebo (p = 0.12 for
5-mC% and p = 0.06 for global methylation), testosterone (p = 0.62 for 5-MC% and p = 0.21 for global methylation),
or estradiol (p = 0.35 for 5-mC% and p = 0.92 for global methylation), and an independent difference due to weight
(p = 0.02 for 5-mC% and p = 0.03 for global methylation). LSI + Al—lifestyle intervention + aromatase inhibitor;
LSI + PBO—lifestyle intervention + placebo.

3.4. Lifestyle Intervention Alters Expression of Adipogenic and Metabolic Genes

LSI £ Al significantly modulated the expression of genes associated with adipogenesis
and metabolism in PBMCs in men with severe obesity and hypogonadism. LSI £+ Al also
decreased mRINA levels of adipogenic markers (Figure 4), PPARy (BL: 1.53 & 0.37 vs.
12 M: 0.83 £ 0.18; p = 0.08), and CEBPw« (BL: 1.59 4 0.32 vs. 12 M: 0.76 £ 0.18; p = 0.045).
Similarly, FTO mRNA expression was significantly decreased after 12 months of LSI & Al
(BL: 1.47 £ 0.27 vs. 12 M: 0.86 % 0.09; p = 0.028) (Figure 4). Notably, the direction of change
was consistent across participants, and the coordinated downregulation of PPARy, CEBPx,
and FTO suggests a broad transcriptional response to the LSI + AL
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Figure 4. Lifestyle intervention with or with aromatase inhibitors (LSI &+ AI) alters expression of
adipogenic and metabolic genes. mRNA expression levels of PPARy, CEBPx, and FTO were measured
in PBMCs before (BL/baseline) and after the lifestyle intervention (12 M). Bars represent the mean
fold change + SEM. Expression of all three genes significantly decreased following the intervention,
indicating reduced adipogenic and metabolic activity associated with LSI & AL

4. Discussion

This study provides novel evidence that combined diet and exercise elicit signifi-
cant epigenetic and transcriptional adaptations in severely obese hypogonadal men. We
observed reductions in global DNA methylation, decreased expression of DNA methyl-
transferases (DNMT1, DNMT3A, and DNMT3B), and downregulation of key metabolic
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genes (PPARvy, CEBPa, and FTO) following 12 months of LSI == Al Our analysis also
indicated that treatment with Al or PBO showed no influence on the changes in methyla-
tion. Thus, our findings suggest that the combination of diet and exercise reprograms the
leukocyte methylome, which likely accompanies the metabolic improvement associated
with LSI.

DNA methylation, catalyzed by DNMTs, regulates gene expression, genomic stabil-
ity, and imprinting [7]. Hyperactivation of DNMTs has been linked to obesity, insulin
resistance, and chronic inflammation [17]. The human genome encodes five DNMTs—
DNMT1, DNMT2, DNMT3A, DNMT3B, and DNMT3L. Among these, DNMT1, DNMT3A,
and DNMT3B are canonical cytosine-5 methyltransferases which contain an N-terminal reg-
ulatory region and a C-terminal catalytic domain that uses S-adenosylmethionine (SAM) as
a methyl donor and a base-flipping mechanism to generate 5-methylcytosine [21], represent-
ing global methylation. DNMTT1 preferentially methylates hemi-methylated DNA and is
therefore considered the principal maintenance methyltransferase [22], whereas DNMT3A
and DNMT3B primarily act on unmethylated DNA to establish de novo methylation;
dysregulation of these enzymes affects adipose biology [23].

A prior study by Yang et al. suggested adipocyte differentiation involves large epige-
nomic changes (histone modifications, DNA methylation) in precursor cells (e.g., 3T3-L1)
entering adipogenesis in lean murine adipocytes [24]. While other studies showed elevated
DNMT3A expression in adipose tissue of transgenic mice [23]; these findings underscore
the close association between DNMT activity and adipose tissue biology. Although not
significantly different from baseline, our subjects experienced a reduction in body fat
(total and visceral) with weight loss. The observed reduction in DNMT1, DNMT3A, and
DNMT3B expression (Figure 2) after weight loss from diet and exercise suggests that LSI can
downregulate methylation machinery, promoting a more transcriptionally permissive chro-
matin state. These findings are consistent with earlier studies showing exercise-induced
hypomethylation [25] and decreased DNMT expression which may also involve other
tissues and cells such as skeletal muscle and leukocytes [15].

Although human intervention studies have not yet directly demonstrated suppression
of DNMT1, DNMT3A, or DNMT3B in metabolic tissues following lifestyle or exercise
interventions, mechanistic evidence from animal and cellular models shows that reduced
DNMTT1 can drive passive demethylation [26], while decreased DNMT3A /3B limits de
novo methylation [27]. Exercise-regulated DNMT dynamics in muscle and metabolic
tissues have been observed in preclinical models [28], supporting our findings. Such
changes can activate transcription of genes involved in mitochondrial biogenesis, oxida-
tive metabolism, and anti-inflammatory responses—pathways central to the metabolic
improvements associated with sustained physical activity [29].

Despite the emergence of effective weight loss drugs, exercise and dietary modifi-
cations remain important components in the management of obesity [30]. LSI not only
improves body composition and glucose homeostasis but also remodels the epigenome [31].
Our data indicate that both global 5-mC and total DNA methylation levels were signif-
icantly reduced after LSI over 12 months, which was demonstrated only in the PBMCs
in our study as we have no other tissues available. These changes occurred independent
of Al use. Our observations agree with the results from the studies of Ronn et al., who
analyzed subcutaneous adipose tissue biopsies from 23 previously sedentary, healthy
men before and after 6 months of endurance exercise training. In this study, the authors
observed widespread genome-wide methylation changes, with 17,975 CpG sites (across
7663 genes) significantly altered after training. Moreover, several loci with methylation
changes also showed corresponding mRNA expression shifts, including key obesity and
type 2 diabetes-related genes TCF7L2 and KCNQ1, demonstrating coordinated epigenetic
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and transcriptional remodeling in metabolic tissues [5]. Nitert et al. also showed the impact
of an exercise intervention on genome-wide DNA methylation in human skeletal muscle of
patients with diabetes [32].

Based on our findings, we hypothesize that the observed suppression of DNMT1, the
primary maintenance methyltransferase, may promote passive loss of DNA methylation
during cell turnover and concurrent reductions in DNMT3A and DNMT3B activity, enzymes
responsible for de novo methylation, thus further limiting methylation as illustrated in
Figure 5. Results from the genome-wide methylation studies of Benton et al. in human
adipose tissue also showed differential methylation of obesity-associated genes including
DNMT3A in obese women before and after gastric bypass [33].

O DNA Methylationt
QO et

Oi;esvityl Promoter Target gene

Figure 5. Conceptual mechanism of LSI-induced epigenetic remodeling. The above figure illustrates
the proposed mechanism by which lifestyle intervention (LSI) with or without aromatase inhibitors
(+Als) modulates DNA methylation and adipogenic gene regulation. Increased DNA methylation
mediated by DNA methyltransferases (DNMT5) is shown at regulatory genomic regions, accompanied
by histone modifications such as methylation (Me) and acetylation (Ac), leading to altered chromatin
structure and transcriptional activity. LSI reduces DNMT activity; Al has no independent effect
on methylation in this study. This epigenetic remodeling is associated with reduced adipogenesis,
reflected by decreased adipocyte accumulation and downregulation of key adipogenic transcription
factors, ultimately contributing to reduced obesity.

Weight-loss interventions and reductions in inflammation were often accompanied by
partial “reversal” of methylation changes, suggesting a link between inflammation driven
by adiposity and epigenetic regulation [34]. In our study, we observed transcriptional
downregulation of PPARy, CEBP«, and FTO, highlighting the metabolic reprogramming
induced by LSI. PPARy and CEBP« are key adipogenic transcription factors that promote
lipid accumulation and adipocyte differentiation [35] This suppression following 12 months
of LSI indicates reduced adipogenic signaling which may enhance metabolic efficiency.
Similar findings have been reported in exercise interventions, where PPARy promoter
demethylation correlated with metabolic adaptations in skeletal muscle [25]. The decline
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in FTO mRNA suggests normalization of the obesity-linked RNA demethylase pathway.
FTO regulates energy expenditure and appetite through m6A RNA demethylation; its
overexpression is associated with obesity and insulin resistance [36]. Downregulation of
FTO following lifestyle modification may contribute to improved metabolic control and
energy balance.

5. Limitations

This study is limited to using PBMCs as a surrogate for systemic epigenetic profiling.
Although peripheral methylation patterns often reflect whole-body metabolic adaptations,
tissue-specific analysis (e.g., skeletal muscle or adipose tissue) would provide stronger
mechanistic evidence. However, these tissues are not easily obtainable in humans. This
is the reason why some epigenetic studies [37,38] have relied on easily accessible surro-
gate tissues such as PBMCs. Accordingly, cellular heterogeneity within PBMC samples
represents a limitation, and the observed methylation changes should be interpreted with
caution and considered primarily as signals warranting further investigation using ap-
proaches that control for immune cell composition (e.g., cell sorting), rather than definitive
conclusion. Nevertheless, our data provide supporting evidence for reduced methylation
activity, as we observed decreased expression of DNMTs. In addition, this study included
only severely obese hypogonadal men; therefore, our findings may not be generalizable to
women, eugonadal or less obese populations. Moreover, our cohort size was small and not
powered for subgroup analysis; thus, future studies should include larger populations to
confirm differential responses. In addition, a locus-specific methylation analysis would
have strengthened our data but was not performed in our study. Finally, half of our subjects
were on aromatase inhibitors. However, there was no difference in methylation between
those on aromatase inhibitors and those on placebo, suggesting that the changes in methy-
lation patterns in the epigenome of our subjects are primarily due to LSI with contribution
from the accompanying weight change.

6. Conclusions

In summary, weight loss from combined lifestyle therapy induces favorable epige-
netic reprogramming in obese hypogonadal men, characterized by reduced global DNA
methylation, downregulation of DNMTs, and suppression of adipogenic genes. Given the
small number of subjects in our study, a study with a larger sample size, a longitudinal
analysis beyond 12 months, and assessment of locus-specific methylation to assess the
stability of these methylation changes and their relationship to long-term clinical outcomes
is necessary to confirm our findings. Furthermore, future work integrating genome-wide
methylation, transcriptomic, and metabolomic analyses could unravel specific pathways
linking methylation to sustainable metabolic improvement.
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Abstract: Objective: This study aimed to explore the molecular response mechanisms of
differential blood metabolites before and after 8 weeks of threshold and polarized training
models using metabolomics technology combined with changes in athletic performance.
Methods: Twenty-four male rowers aged 14-16 were randomly divided into a THR group
and a POL group (12 participants each). The THR group followed a threshold training
model (72%, 24%, and 4% of training time in low-, moderate-, and high-intensity zones,
respectively), while the POL group followed a polarized training model (78%, 8%, and
14% training-intensity distribution). Both groups underwent an 8-week training program.
Aerobic endurance changes were assessed using a 2 km maximal rowing performance
test, and untargeted metabolome analysis was conducted to examine blood metabolomic
changes before and after the different training interventions. Aerobic endurance changes
were assessed through a 2 km maximal rowing test. Non-targeted metabolomics analysis
was employed to evaluate changes in blood metabolome profiles before and after the
different training interventions. Results: After 8 weeks of training, both the THR and
POL groups exhibited significant improvements in 2 km maximal rowing performance
(p < 0.05), with no significant differences between the groups. The THR and POL groups
had 46 shared differential metabolites before and after the intervention, primarily enriched
in sphingolipid metabolism, glutathione metabolism, and glycine, serine, and threonine
metabolism pathways. Nine unique differential metabolites were identified in the THR
group, mainly enriched in pyruvate metabolism, glycine, serine, and threonine metabolism,
glutathione metabolism, and sphingolipid metabolism. A total of 14 unique differential
metabolites were identified in the POL group, predominantly enriched in sphingolipid
metabolism, glycine, serine, and threonine metabolism, aminoacyl-tRNA biosynthesis,
and glutathione metabolism. Conclusions: The 8-week THR and POL training models
demonstrated similar effects on enhancing aerobic performance in adolescent male rowers,
indicating that both training modalities share similar blood metabolic mechanisms for
improving aerobic endurance. Furthermore, both the THR group and the POL group
exhibited numerous shared metabolites and some differential metabolites, suggesting that
the two endurance training models share common pathways but also have distinct aspects
in enhancing aerobic endurance.
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1. Introduction

Metabolomics, as an effective tool for the quantitative and qualitative analysis of
endogenous metabolites, operates downstream of gene regulatory and protein interaction
networks, providing terminal biological insights. This offers a new perspective for inves-
tigating the intrinsic mechanisms of physical exercise [1,2]. Metabolomics refers to the
systematic study of all metabolites within a biological sample using mass spectrometry
or nuclear magnetic resonance spectroscopy, with a focus on interactions among various
systems within the organism [3-5]. It allows for the screening of differential metabolites
between individuals and populations while also elucidating the biological mechanisms
underlying these differences. With these advantages, metabolomics has emerged as a
research hot spot for explaining metabolic changes induced by endurance training [6,7].

Endurance athletes often adopt different intensity distribution models for training,
with the threshold training model (THR) and polarized training model (POL) being classic
and commonly employed approaches in the field of endurance training. These models are
well-supported by theoretical research and have been widely recognized in practical train-
ing contexts [8,9]. The POL model’s training intensity distribution (TID) focuses primarily
on low-intensity (zone 1, Z1) and high-intensity (zone 3, Z3) sessions, whereas the THR
model’s TID emphasizes Z1 and moderate-intensity sessions (zone 2, Z2). Despite the high
proportion of Z1 training in both models, the distinct ratios of Z2 and Z3 lead to different
energy metabolism pathways and varying stress responses in the cardiovascular system
and skeletal muscles, which may result in differences in blood metabolic pathways [10].

Existing studies on training intensity distribution have largely focused on perfor-
mance outcomes such as time trials, peak power output, and average power in sports like
cross-country skiing [11] and cycling [12]. However, metabolomics studies evaluating and
monitoring endurance athletes” physiological states through energy metabolism stages,
material transport pathways, and signal transduction mechanisms remain limited [6]. Ad-
ditionally, factors such as athletic proficiency, training phases, and load measurement
standards introduce subjective and objective variations, leaving the effectiveness of these
two endurance training models a topic of ongoing debate within academia [13-16]. Given
this context, this study selected adolescent male rowers as experimental subjects and
applied metabolomics technology combined with changes in athletic performance to ex-
plore the molecular mechanisms underlying the development of aerobic endurance before
and after 8 weeks of THR and POL training. This aims to provide scientific evidence for
enhancing the efficiency and quality of endurance training in adolescent athletes.

2. Materials and Methods
2.1. Participants and Group

This study involved 24 adolescent male rowers from a sports school in Shandong
Province as experimental subjects, who were randomly divided into the THR group and the
POL group, with 12 participants in each group. During the study period, all participants
ate and lived at the sports school under consistent conditions, with strict restrictions on
the use of mobile phones and other electronic devices. The intake of protein supplements,
nutritional supplements, and sports drinks was also prohibited. Detailed information on
the participants is provided in Table 1.
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Table 1. Basic characteristics of the research subjects (n = 24).

Bone Age . . BMI Body Fat Training Years
Group n (Years) Height (cm)  Weight (kg) (kg/m?) Percentage (%) (Years)
THR 12 1538 £1.21 1.79 £0.06 7113 £11.76 2212+ 251 11.52 +4.17 1.36 + 0.61
POL 12 1568 £1.11 1.80£0.05 7223 +£7.42 22.39 £2.05 13.29 £+ 3.55 1.35+0.78

Note: Data are presented as mean =+ standard deviation. THR = threshold training model; POL = polarized
training model; BMI = Body Mass Index.

2.2. Study Design
2.2.1. Experimental Intervention

The THR and POL groups followed similar exercise formats, but their training intensity
distribution (TID) differed. Each group participated in 12 training sessions per week, with
details shown in Figure 1.

POL Group

(12 training sessions per week, including 4 morning sessions)

4 rowing sessions + 1 running Expected TID 4 rowing sessions + 1 running Expected TID

session + 3 sessions focusing on distribution (Z1: session + 3 sessions focusing on distribution (Z1:

strength (primarily functional strength (primarily functional

training), coordination, speed, within 55% - 65% : training), coordination, speed, controlled within

25% —45% : 0% — and agility + 4 morning 75% —85% : 0% —

1
1
1
1
i
\ Z2:Z3)is
1
:
1
and agility + 4 morning :
1
1

1
1
1
1
1
1
Z2: Z3) is controlled |
1
1
1
1
1
1
1
1

sessions sessions 10% : 15% — 25%.

Figure 1. 8-week experimental intervention plan.

2.2.2. Training Intensity Zones and Load Monitoring

Based on the research of Matzka [17], Sylta [18], and others, this study defined the
aerobic threshold (Zone 1, Z1) as blood lactate levels below 2.5 mmol /L, marked as the first
lactate threshold (LT;). Blood lactate levels between 2.5 and 4 mmol/L were designated
as the transition between aerobic and anaerobic zones (Zone 2, Z2), defined as LT, to LT5.
Blood lactate levels of >4 mmol/L were categorized as above the anaerobic threshold
(Zone 3, Z3), marked as the second lactate threshold (LT;) [13,19]. Heart rate values
corresponding to LT and LT, were calculated using the Lactate Analysis Plugin (LAP) [20].
Polar watches (Polar Pacer, Finland) and the Firstbeat Training and Recovery Monitoring
System (Firstbeat, Finland) were used to monitor TID continuously. The Time-in-Zone (T1Z)
method was employed to calculate TID, focusing solely on heart rate data from endurance
activities such as running and rowing on ergometers. Strength training, speed training,
coordination exercises, warm-ups, and recovery sessions were identical in both groups and
excluded from the TID calculations. To enhance comparability, the experimental design was
modeled on studies by Treff et al. [13] and Chiang et al. [21], ensuring relative equivalence
in average time spent, exercise distance, energy expenditure, and Training Impulse (TRIMP)
between the three intensity zones for both groups [22,23].

2.2.3. Training Load Calculation Standards

Considering that the Firstbeat Training and Recovery Monitoring System may experi-
ence data loss when monitoring heart rate during outdoor running sessions, potentially
leading to an underestimation of training intensity distribution, this study used Polar
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Pacer heart rate data as the primary reference for TID calculations. To provide a more
comprehensive and accurate reflection of athletes” physiological responses during each
training session, all heart rate data from the entirety of each session, including warm-ups
and cool-downs, were included in the statistics. If an athlete missed one or more com-
plete training sessions within a week, their data for that week were excluded from the
analysis [20].

2.3. Testing Protocol

Before and after the 8-week training period, participants underwent a 2 km maximal
rowing ergometer test. The detailed testing protocol was as follows: Prior to testing, athletes
performed a warm-up consisting of 4 laps of slow jogging (approximately 2 min and 30 s
per lap), followed by 5 min of joint mobilization and skeletal muscle activation exercises.
Next, they completed one 80% effort sprint over 40 m, two 90% effort sprints over 40 m, and
one 100% effort sprint over 10 m. After this, a 10 min sport-specific warm-up at a power
output of approximately 200 W was conducted to further mobilize the joints. Following
the warm-up, athletes rested for 10 min with access to appropriate hydration. Once ready,
the ergometer resistance was set to the appropriate level, and the test commenced upon a
unified signal from the coach, with participants giving their maximal effort to complete the
2 km rowing test.

2.4. Blood and Urine Indicators

To align with the research objectives, blood samples were collected twice, before and
after the 8-week training period. Prior to blood collection, all athletes were instructed to
avoid high-intensity physical activity for 48 h. Specifically, at 6:30 a.m., a dedicated nurse
from a tertiary hospital collected 5 ml of venous blood from each participant using standard
collection tubes. The samples were allowed to clot at room temperature for 1 h, followed by
centrifugation at 4 °C at 1500 x g for 10 min. Serum was then transferred to clean centrifuge
tubes, snap-frozen in liquid nitrogen for 30 s, and stored in a —80 °C freezer for subsequent
testing [24].

Additionally, to enhance the accuracy of the test results, the following precautions
were taken during sampling: Athletes were required to avoid staying up late and refrain
from eating or drinking after 10 p.m. the night before the test. To ensure the athletes were
in a fully rested state, all participants were instructed to sit or lie down quietly for at least
20 min before blood collection. For consistency, pre-test blood samples were stored at
—80 °C and analyzed alongside post-test samples using the same batch of reagents. This
study was approved by the Ethics Committee of the Beijing Sport University Exercise
Science Laboratory (Approval Number: 2023009H), and all testing and training procedures
adhered strictly to the guidelines of the World Medical Association Declaration of Helsinki.

2.5. Metabolomics Sequencing and Analysis

Polar metabolites were extracted from 50 pL of serum using 200 pL of ice-cold
methanol containing 8 nug of phenylhydrazine for x-keto acid derivatization. The samples
were vortexed and incubated at —20 °C for 1 h. Subsequently, samples were incubated
at 4 °C at 800x g for 15 min. After incubation, samples were centrifuged at 4 °C at
600x g for 10 min, and the clean supernatant was transferred to a new tube and dried
using a centrifugal evaporator in H,O mode. The dried extracts were then reconstituted in
120 pL of 5% acetonitrile aqueous solution, and the supernatant was collected for analysis.

2.5.1. Sample Detection Conditions and Quality Control (QC) Methods

Chromatography conditions: Metabolite separation was performed using an AC-
QUITY UPLC BEH Amide 1.7 um, 2.1 x 100 mm column (Waters, Dublin, Ireland) for
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normal-phase chromatography. An ACQUITY UPLC HSS T3 1.8 pm, 3.0 x 100 mm column
(Waters, Dublin, Ireland) was used for reverse-phase chromatography.

2.5.2. Mass Spectrometry Conditions

Analysis was conducted using a 5600 Triple TOF Plus high-resolution tandem mass
spectrometer (AB Sciex, Singapore) with an electrospray ionization (ESI) source in negative
ion mode at a voltage of —4.5 kV. The evaporator temperature was set to 500 °C, with
drying gas (nitrogen) and nebulizer gas (nitrogen) pressures both at 50 psi and a curtain gas
(nitrogen) pressure of 35 psi. The scan range was m/z 60-800. The data acquisition mode
for metabolites included TOF full-scan for primary mass spectrometry and Information-
Dependent Acquisition (IDA) for secondary mass spectrometry, with a collision energy
setting of (—)30 & 15 eV.

2.5.3. Quality Control (QC) Methods

QC samples were prepared by pooling equal volumes (10 pL) of all individual samples,
followed by even distribution into aliquots. QC samples were run before and after the
main sample queue and at intervals of every 10 samples. The ionization signal of internal
standards in QC samples was monitored to ensure stability (within a 20% variation limit)
and retention time consistency (within 0.05 min). An average correlation coefficient of
0.99 confirmed high data consistency and quality in LC-MS analyses.

2.6. Data Analysis

All data were analyzed using SPSS 20.0 and are presented as mean =+ standard devi-
ation (SD). A two-way repeated measures ANOVA was used to compare the changes in
the 2 km maximal rowing performance indicators before and after the intervention for the
THR and POL groups. A p-value of < 0.05 was considered statistically significant.

Data acquisition and processing were conducted using AnalystTF 1.7.1 software (AB
Sciex, Concord, ON, Canada). MarkerView 1.3 (AB Sciex, Concord, ON, Canada) was
employed to extract peak area, mass-to-charge ratio, and retention time from the primary
mass spectrometry data, generating a two-dimensional data matrix with isotope peaks
filtered. PeakView 2.2 (AB Sciex, Concord, ON, Canada) was utilized to extract MS/MS
data and annotate ion information through comparisons with the Metabolites database,
HMDBMETLIN, and reference standards, identifying metabolite IDs. The identified IDs
were matched to corresponding ions in the primary mass spectrometry matrix. Custom
R-based scripts were applied for statistical and pathway analysis. The peak areas of en-
dogenous metabolites were normalized to those of structurally similar isotope-labeled
standards for quantification. For endogenous metabolites without isotope-labeled coun-
terparts, the optimal internal standard was chosen using an automated algorithm based
on the normalized minimum coefficient of variation [25]. Differential metabolites were
screened using paired sample t-tests (p < 0.05), and those with fold change (FC) <1/1.5
or FC > 1.5 were considered significant [26]. Differential metabolites were subjected to
Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment and topology
analysis, with significant enrichment determined by p < 0.05. Perform a two-factor repeated
measures ANOVA to compare the changes in endurance performance indicators before
and after intervention between the THR group and the POL group.

3. Results
3.1. Training Intensity Distribution

Statistical results of training load during the experimental period (Table 2) indicated
that the THR group’s training intensity distribution (TID) was 72%:24%:4%, meeting the
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criteria for the threshold model. The POL group’s TID was 78%:8%:14%, with a polarization
index (PI) greater than 2, aligning with the standards of the polarized model [13]. No
statistically significant differences were observed between the two groups in terms of total
distance, total calorie expenditure, and training impulse (TRIMP), indicating relatively
equivalent training loads for both groups.

Table 2. Overview of training load statistics for THR and POL groups.

Z1 Training

Total Training Pt Z2 Training 73 Training : Total Distance Total Calories
Group  "pration (h) Dgzg‘;‘g‘m Duration (\)  Duration (h) ~ piftensity (km) (keal) TRIMP Pl
THR 10589 +7.25 76224752 25754249 3.91 +3.03 72%:24%:4% e R 6775.43 + 1168.77 —
POL 1037241125  80.78 + 11.05 890 + 1.95 14.05+£2.04  78%:8%:14% T 5052275 + 677466 6578.38 & 520.12 25

Note: All data were obtained from Polar Flow and represent average values over the 8-week training period.
TRIMP denotes training impulse, while PI (polarization index) represents the polarization index. “—” indicates
that data for this group is not available.

3.2. The 2 km Maximal Rowing Performance

Results from two-way repeated measures ANOVA indicated that after the 8-week
training intervention, there was no significant interaction effect between time and group
for the 2 km ergometer test (F = 1.620, p = 0.216). However, the main effect of time was
significant (F = 172.0, p < 0.0001), while the main effect of the group was not significant
(F =0.2055 p = 0.6548). Post-hoc paired comparisons revealed that both groups showed a
gradual and significant improvement in their 2 km maximal rowing performance after the
8-week training (p < 0.001), with post-test performance significantly better than pre-test
performance (p < 0.001), with details shown in Figure 2.
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Figure 2. Changes in 2 km maximal rowing performance. Compared to before the 8-week intervention,
***p < 0.0001.

3.3. Quality Control Results for Metabolomics

As shown in Figure 3A, the principal component (PC) score plot, including QC
samples, reveals a dense clustering of QC samples, indicating stable signals through-
out the detection process and high data quality. The data from six QC samples were
log10-transformed, and pairwise comparisons were conducted to produce a QC sample cor-
relation matrix. In Figure 3B, the tight linear distribution of all scatter points demonstrates
a high degree of consistency between the two QC samples, with corresponding correlation
coefficients exceeding 0.99, indicating strong data consistency and high quality. Figure 3C
shows that the relative standard deviations (RSD) of the internal standard metabolites were
all below 10%, indicating stable instrument signals and high data quality during testing.
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A. Principal Component Analysis of QC samples
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B. Correlation Matrix of QC Samples
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C. Instrument Variability Plot
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Figure 3. Quality control results of metabolomics experiment data. Note: THR1 denotes the pre-test
for the threshold training group, THR2 represents the post-test for the threshold training group,

POL1 denotes the pre-test for the polarized training group, and POL2 represents the post-test for the

polarized training group; this notation applies throughout (*** represents a high degree of consistency

between the data in the two QC samples, reflecting high data quality).

3.4. Principal Component Analysis

As shown in Figure 4A,B, the sample scatter plots for the THR and POL groups during
the pre- and post-8-week training intervention at rest exhibit a clear separation trend along

the first principal component (PC1) and second principal component (PC2). These results

indicate substantial biological metabolic differences in both groups before and after the

training intervention.
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Figure 4. PCA score plot of samples from the THR and POL groups before and after intervention.
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3.5. Differential Metabolite Analysis

The differential metabolite analysis results for the THR and POL groups are detailed
in Figure 5A,B. Metabolites were selected based on criteria of p < 0.05 and FC > 1.5, or p <
0.05 and FC < 1/1.5 [26]. Compared to pre-intervention levels, the THR group exhibited
a total of 35 significantly upregulated metabolites after the 8-week training intervention.
The top five upregulated metabolites were 125-HHT, citric acid, oxidized glutathione,
dihydromorphine-6-glucuronide, and daidzein, with respective fold changes of 93.62, 15.48,
6.38, 4.03, and 3.92. The POL group, after 8 weeks of training intervention, showed 38
significantly upregulated metabolites, with the top five being 125-HHT, citric acid, oxidized
glutathione, daidzein, and genistein, with fold changes of 150.23, 45.23, 9.26, 3.95, and
3.19, respectively. The THR group also demonstrated 20 significantly downregulated
metabolites after the 8-week intervention. The top five downregulated metabolites were
sucrose, arachidonic acid, 12-methyltridecanoic acid, histidylserine, and an isomer of
mimosine, with fold decreases of 5.51, 4.50, 2.86, 2.65, and 2.60, respectively. The POL group
exhibited 22 significantly downregulated metabolites, with the top 5 being arachidonic
acid, 12-methyltridecanoic acid, galactose, L-tryptophan, and L-serine, with respective fold
decreases of 5.10, 3.50, 3.10, 2.97, and 2.86.
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Figure 5. Volcano Plot of Differential metabolites for the THR and POL groups before and after
intervention.

3.6. Differential Metabolic Pathway Enrichment Analysis

The differential metabolic pathway analysis results for the THR and POL groups are
illustrated in Figure 6A,B. Pathway enrichment analysis of the THR group’s differential
metabolites after the 8-week training intervention revealed four significantly enriched
pathways: pyruvate metabolism, glycine, serine, and threonine metabolism, glutathione
metabolism, and sphingolipid metabolism. Similarly, analysis of the POL group’s differen-
tial metabolites identified four significantly enriched pathways: sphingolipid metabolism,
glycine, serine, and threonine metabolism, aminoacyl-tRNA biosynthesis, and glutathione
metabolism. Detailed results are provided in Table 3.
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A. Differential Metabolite Enrichment Bubble Chart of the THR

B. Differential Metabolite Enrichment Bubble Chart of the POL
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Figure 6. Bubble plot of metabolic pathway enrichment analysis of differential metabolites in the
THR and POL groups before and after intervention. Note: Each bubble in the bubble plot represents
a metabolic pathway. The size and position of the bubble along the horizontal axis indicate the
pathway’s impact factor in the topological analysis, with larger values representing greater impact.
The color and position of the bubble along the vertical axis represent the enrichment analysis p-value
(expressed as the negative natural logarithm, —log(p)). Darker bubble colors indicate smaller p-values,
signifying a higher degree of enrichment.

Table 3. Overview of key metabolic pathways and metabolites before and after 8 weeks of training in

the THR Group.
No. Pathway Name Metabolites p-Value Enr;c:lr‘;lent
Pyruvate Fumaric acid, L-Lactic acid,
1 Metabolism L-Malate, Pyruvic acid 0.0085 3.60
Glycine, Serine, Glycine, L-Serine,

2 and Threonine L-Threonine, Pyruvic acid, 0.025 2.50
Metabolism 2-Ketobutyric acid
Glutathione Glycine, L-Glutamic acid,

3 Metabolism Oxidized Glutathione 0.034 3.38
Sphingolipid L-Serine, Sphingosine

4 Metabolism 1-phosphate 0.034 3.38

Note: The table lists the metabolic pathways and metabolites that were significantly altered in the Threshold
Training (THR) group following eight weeks of training, along with their respective p-values and enrichment
fold changes.

3.7. Analysis of Shared Differential Metabolites

As shown in Figure 7A, after the 8-week training intervention, 46 differentially ex-
pressed metabolites were found to be shared between the THR and POL groups. Ad-
ditionally, the THR group exhibited nine uniquely expressed differential metabolites,
while the POL group had 14 uniquely expressed differential metabolites. As illustrated
in Figure 7B, the key metabolic pathways commonly enriched for both the THR and POL
groups before and after the 8-week intervention include sphingolipid metabolism, glu-
tathione metabolism, and glycine, serine, and threonine metabolism.
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A. Different Metabolites in THR and POL Group Based on Venn's Diagrams B. Bubble Chart of Key Metabolic Pathways for the THR and POL Groups
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Figure 7. Venn diagram of differential metabolic pathways and bubble plot of key metabolic pathways
for the THR and POL groups.

4. Discussion
4.1. Aerobic Endurance Performance

This study found no significant differences in pre-test 2 km maximal rowing per-
formance between the THR and POL groups, indicating comparable baseline levels of
sport-specific aerobic endurance. After an 8-week intervention, both the THR and POL
groups showed significant improvements in their 2 km ergometer rowing performance,
with no significant differences between the groups, suggesting that both training models
effectively enhance aerobic endurance performance in adolescent athletes, with comparable
effects on aerobic performance. These findings align with the results of Neal [12] and Treff
et al. [13]. Neal et al. observed similar outcomes in cycling, where 12 elite male cyclists
completed six weeks of either THR or POL training in a randomized crossover design with
a four-week washout period between protocols. Both training models effectively increased
average power output over a 40 km trial, with similar improvements between groups.
Treff et al. [13] examined 14 elite male rowers (aged 20 £ 2 years) over 11 weeks of THR
and POL training and found comparable improvements in 2 km rowing performance.

4.2. Shared Metabolites Enhancing Aerobic Capacity

Results demonstrated significant changes in blood metabolite profiles following
8 weeks of THR and POL training in adolescent male rowers. Endurance, or fatigue
resistance, improvements are often reflected in the ability to maintain specific loads or
movement quality for longer periods, with increased anti-fatigue capacity or reduced
recovery times serving as important indicators of enhanced endurance. Exercise requires
coordinated responses from the cardiovascular and respiratory systems to minimize stress
on metabolic organs and meet increased energy demands [5]. Improvements in aerobic
capacity represent a chronic adaptation involving cardiovascular, respiratory, skeletal mus-
cle, metabolism, and body composition changes. This adaptation encompasses energy
metabolism, fatigue and recovery, oxidative stress response, neurometabolism, amino
acid metabolism, cell damage and repair, and signaling pathways. Consequently, im-
provements in energy metabolism, fatigue resistance, recovery, antioxidation, nutritional
supplementation, anti-aging, and anti-inflammatory processes enhance aerobic endurance.

78



Metabolites 2025, 15,17

4.2.1. Regulating Energy Metabolism and Increasing Energy Reserves

The levels of citric acid in both the THR and POL groups increased by 15.48-fold and
45.23-fold, respectively, following 8 weeks of endurance training, indicating a positive
correlation with aerobic endurance. This suggests that both high-intensity and moderate-
to-low-intensity training stimulate citric acid metabolism, potentially marking it as an
indicator of improved aerobic endurance. The citric acid cycle plays a central role in the
oxidation of metabolic substrates and ATP production through oxidative phosphorylation.
In a normal physiological state, approximately 75% of cardiac ATP is derived from fatty
acids, with the remainder from glucose and lactate. Additionally, the heart can utilize
pyruvate, amino acids, and ketone bodies as metabolic substrates, primarily through mito-
chondrial 3-oxidation of fatty acids and glycolysis of glucose in the cytoplasm, followed by
mitochondrial pyruvate oxidation. These pathways converge to produce acetyl-CoA, which
enters the TCA cycle, generating reduced equivalents (NADH+, FADH+) and GTP, which
are converted to ATP through the electron transport chain [27]. As the initial compound in
the TCA cycle, citric acid converts carbohydrates, fats, and proteins into carbon dioxide,
releasing energy [7]. Increased resting levels of citric acid in athletes indicate enhanced
aerobic energy contribution and improved mitochondrial TCA cycle function, suggesting
enhanced aerobic metabolic activity [28,29].

L-glutamate, L-malic acid, and other amino acids showed significant upregulation,
while L-leucine, L-threonine, and L-alanine were significantly downregulated. These
metabolites, classified as glucogenic amino acids, can be converted to glucose via gluconeo-
genesis for energy production. Glycine, another glucogenic amino acid, can be converted to
pyruvate, entering the TCA cycle for aerobic oxidation. These changes indicate enhanced
glucose metabolism, a hallmark of improved aerobic capacity. This aligns with previous
studies, such as Gao Huan et al. [28], who examined metabolic responses in eight adoles-
cent rowers (age: 16.18 £ 1.34 years) following 4 weeks of THR training (TID: 74%:26%:0).
Glutamate, glycine, and alanine were identified as key markers of aerobic metabolism.
Additionally, increased levels of arachidonic acid, a precursor for endocannabinoid syn-
thesis, activate endocannabinoid signaling, modulating metabolism to accumulate energy
reserves, reduce glucose utilization in skeletal muscle, and promote hepatic fat synthesis,
thereby reflecting enhanced exercise capacity [30].

4.2.2. Reduce Oxidative Stress and Improve Metabolic Environment

Intense or prolonged exercise accelerates substance and energy metabolism, increasing
free radical levels. Elevated reactive oxygen species stimulate vagal afferent fibers in
the ventricles, reducing aerobic endurance. Glutathione and taurine effectively scavenge
intracellular free radicals, reducing oxidative stress and mitigating lipid peroxidation [31].
Taurine supplementation enhances myocardial superoxide dismutase activity, increasing
myocardial contractility and promoting post-exercise heart rate recovery [31]. Enhanced
free radical scavenging improves the body’s internal environment and, consequently,
aerobic capacity.

This study showed significant upregulation of 125-HHT in both the THR and
POL groups following 8 weeks of endurance training, with increases of 93.62-fold and
150.23-fold, respectively, potentially serving as a new target for evaluating aerobic en-
durance improvement. 125-HHT, an enzymatic product of prostaglandin H2, originates
from COX-mediated arachidonic acid metabolism and exhibits protective cellular effects, in-
cluding nitric oxide regulation, cellular morphology maintenance, and cell flow regulation,
enhancing immunity, anti-inflammatory, and antioxidant functions [32].

Daidzein and genistein also exhibit cardioprotective effects. Daidzein reduces arterial
sclerosis, mitigates hypoxia and arrhythmia, and modestly lowers blood pressure, benefit-
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ing cardiovascular health. Mechanisms by which daidzein improves aerobic capacity may
include coronary artery dilation, reduced cardiovascular resistance, and lower myocardial
oxygen consumption. Daidzein also reduces thromboxane A2 (TXA2) and prostaglandin-1-2
(PGI2), inhibiting platelet aggregation, reducing blood viscosity, and improving microcircu-
lation. Similarly, genistein, a flavonoid, mitigates arsenic trioxide-induced cardiac toxicity,
suppresses endothelial cell inflammation, modulates lipid metabolism, and prevents car-
diac fibrosis. Its protective mechanisms may involve inhibiting mitochondrial apoptosis
proteins, activating Akt (protein kinase B) and ERK1/2 (extracellular signal-regulated
kinases), and enhancing protein expression [33].

4.2.3. Promoting Erythropoiesis and Enhancing Fatigue Resistance

Erythrocytes, the most abundant blood cells, serve as crucial oxygen carriers. Their
number is an essential indicator of aerobic capacity. Taurine, oxidized glutathione, and
12S5-HHT may play key roles in promoting erythropoiesis. Under fatigue or overtraining,
erythrocyte morphology may be altered, while taurine enhances iron absorption in the gut,
stabilizes erythrocyte membranes, and improves cell structure [31]. Oxidized glutathione
regulates aerobic capacity by converting to reduced glutathione via glutathione reductase,
preventing hemoglobin oxidation and reducing erythrocyte oxidative damage. Addition-
ally, Okuno et al. [34] found that 12S5-HHT is associated with cytochrome P450 enzymes
regulating erythrocyte synthesis, and its upregulation promotes erythropoiesis, contribut-
ing to improved aerobic endurance. Quintas et al. [35] revealed significant changes in
Y-aminobutyric acid (GABA) levels in elite female soccer players over a season using urine
metabolomics. As the primary inhibitory neurotransmitter in the central nervous system,
GABA plays a crucial role in balancing neuronal excitation and inhibition, promoting sleep
and fatigue resistance.

4.3. Differential Metabolites Enhancing Aerobic Capacity

As described above, after the 8-week endurance training intervention, the THR group
uniquely expressed nine metabolites, including dihydromorphinone-6-glucuronide, 4-
vinylphenol sulfate, hydroxycaprylic acid, L-malic acid, 4-ethylphenyl sulfate, mimetic
acid, 7,8-dihydrobiopterin, heptadecanoic acid, and sucrose. Pathway analysis showed that
the THR group’s unique metabolites were mainly enriched in pyruvate metabolism, which
is closely related to the tricarboxylic acid (TCA) cycle. This suggests that the THR training
model improves aerobic capacity primarily through enhancing energy metabolism.

Similarly, the POL group uniquely expressed a total of 14 metabolites after the 8-
week endurance training intervention, including genistein, O-phosphoethanolamine, 3-
indolepropionic acid, unknown sulfated steroids, hydroquinone sulfate, L-aspartic acid,
C16 sphingosine-1-phosphate, 3-citryl-L-glutamate, butyric acid, allantoin, glutaric acid, 4-
(but-2-yl)cyclohexane-1-carboxylic acid, valproic acid, and 2-aminoheptanoic acid. Pathway
analysis revealed that the POL group’s unique metabolites were enriched in aminoacyl-
tRNA biosynthesis, a pathway associated with skeletal muscle protein synthesis. This
molecular response perspective further suggests that the POL model’s improvement of
aerobic capacity is more inclined towards peripheral mechanisms, which may be related to
the body’s differential activation of energy metabolism systems under varying intensity
stimuli [10].

In summary, both the THR group and the POL group have both shared and differential
metabolites, with the number of common metabolites significantly outnumbering the
differential ones. This suggests that the two endurance training models share common
pathways but also have their respective unique aspects in enhancing aerobic endurance.
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4.4. Limitations

Although this study identified potential metabolic targets for reflecting aerobic capac-
ity, further validation through larger sample sizes is needed. Future research should focus
on targeted metabolomics for key metabolic organs such as the heart and skeletal muscle
to enhance detection specificity and provide more scientifically robust evidence. Given
the predominance of aerobic endurance data in cardiovascular disease-related databases,
future studies should emphasize systematic integration and correlation analysis of similar
or functionally related metabolites to advance understanding in this domain.

5. Conclusions

After 8 weeks of training using the THR model (TID of 72%:24%:4%) and the POL
model (TID of 78%:8%:14%), the two groups exhibited a high number of commonly ex-
pressed metabolites and shared enriched pathways. This indicates that both training
models enhance aerobic endurance through similar physiological mechanisms, which may
be attributed to a comparable proportion of Z1 intensity, relatively equivalent training
loads, and a high overall training volume in both experimental groups. Furthermore, both
the THR group and the POL group exhibited numerous commonly expressed metabolites
and some differential metabolites, suggesting that the two endurance training models share
common pathways but also have distinct aspects in enhancing aerobic endurance.

The mechanisms by which the commonly expressed metabolites enhance aerobic
capacity primarily involve regulating energy metabolism, increasing energy reserves,
reducing oxidative stress, protecting myocardial cells, promoting erythropoiesis, and
improving fatigue resistance.

Our study, for the first time, identified metabolic biomarkers in adolescent rowing
athletes after lactate threshold training and polarized training, providing a new theoretical
foundation and experimental evidence for revealing the biological mechanisms underlying
the enhancement of aerobic capacity. Specifically, the study found that certain metabolites
in adolescent rowing athletes, which are associated with nutritional supplements, exhibited
significant physiological functions and possessed potential as nutritional supplements after
an 8-week endurance training program.
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Abstract: This study aimed to assess the impact of pre-competition training by comparing the
differences of collegiate sprinters in physiological state between strengthening and tapering training
period by sportomics and combining their sport performance. Fifteen collegiate sprinters were
investigated or tested on their body composition, dietary habits, energy expenditure, sleep efficiency,
heart rate and respiratory rate during training, blood (blood cells, biochemical and immune markers)
and urine (urinalysis), gut microbiome distribution, microbiome and blood metabolites, and their
functions during the strengthening (Group A) and tapering training period (Group B) prior to
competing in the national competitions. We found that 26.67% of sprinters achieved personal bests
(PB) after the competition. The limb skeletal muscle mass and lymphocyte ratio of male sprinters in
Group B were lower than those in Group A, and the serum creatine kinase (CK) level was higher
than Group A (p < 0.05). The levels of serum CK, interleukin-6 (IL-6), interleukin-1p (IL-1f3), and
urine-specific gravity (SG) of the two groups were higher than the upper limit of the reference value.
The detection rates of urine white blood cell (WBC) and protein in Group B were higher than those in
Group A. The gut microbiome health index (GMHI) of Group A was higher than that of Group B,
and the microbial dysbiosis index was lower than that of Group B. The ratio of Firmicutes/Bacteroidota
(F/B) in Group A was higher than that in Group B. There were 65 differential metabolites in the
A/B group, and the enriched pathway was mainly the NF-kappa B signaling pathway (up); B/T cell
receptor signaling pathway (up); Th1l and Th2 cell differentiation (up); phenylalanine metabolism
(up); and growth hormone synthesis, secretion, and action (up). There were significant differences
in blood metabolites between the A and B groups, with a total of 89 differential metabolites, and
the enriched pathway was mainly the NF-kappa B signaling pathway (up), T cell receptor signaling
pathway (up), Thl and Th2 cell differentiation (up), and glycerophospholipid metabolism (down). In
conclusion, the imbalance of the gut microbiome and inflammation and immune-related metabolites
of collegiate sprinters during the pre-competition tapering training period may be the cause of their
limited sports performance.

Keywords: sprinters; collegiate athletes; pre-competition status; sports performance; gut microbiomes

1. Introduction

The effectiveness of pre-competition training programs is directly impacted by their
scientificity and logic. Pre-competition training typically consists of strengthening and
tapering the training period. Sprinting is a kind of speed-strength sport, and therefore
training volume usually reaches peak three weeks prior to competition and then gradually
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drops [1]. Collegiate sprinters face pressure from both training and competition, as well
as from academics and work, which may significantly differ from professional athletes’
psychological and physiological pre-competition conditions [2]. However, there are not
many studies on this topic.

Monitoring athletes” pre-competition training plays an important role in develop-
ing reasonable training programs. It is known to all that a variety of physiological and
biochemical markers, such as body composition, heart rate, respiratory rate, and blood
and urine indicators, are frequently used for sports training monitoring. The changes of
these markers help coaches and athletes thoroughly understand the physical condition and
training effect of athletes by reflecting the nutrition and metabolic health, hydration balance,
muscle status, endurance performance, fatigue, and inflammation levels. Although these
biomarkers have been widely used, the analysis of their results still faces many challenges:
(1) the sensitivity of single biomarkers to detect overtraining is limited, (2) the reference
range for different training levels has not been clearly defined, and (3) interindividual
variance in absolute values and relative changes in biomarkers [3].

Therefore, systematically assessing the impacts of pre-competition training modi-
fications based on single metabolites and fewer pathways is frequently challenging in
traditional investigations. Metabolomics and other omics technologies are applied to
investigate the metabolic effects of physical exercise on individuals, which is known as
“sportomics”, having gained popularity in the field of exercise physiology [4,5]. We at-
tempted to apply “sportomics” to assess, as is rarely documented, the effects of various
pre-competition preparation phases on collegiate sprinters’ condition.

Collegiate athletes train at a lesser volume and intensity than professional athletes.
Conventional physiological and biochemical markers might not be accurate predictors of pre-
competition training conditions. Drawing on “sportomics”, metabolomics and microbiomics
were used in our study. Changes in metabolic levels can be detected by metabolomics in real
time, within hours, or even days [6], which have been used to identify metabolites at various
competition and preparation nodes in competitive sports [7,8]. “Providing fuel for microbes”
could develop into a key tactic for enhancing sports performance. This concept has made
the microbiome a research hotspot in competitive sports [9]. The microbiome has been
employed in some recent research to monitor athlete training, and studies show that this
is a highly significant tool for understanding possible inflammatory hazards and creating
individualized training regimens [10].

We hypothesized that gut microorganisms and their metabolites, as well as blood
metabolites during the pre-competition strengthening and tapering training period, are
different, which, combined with the variations in physiological and biochemical markers,
can help predict sports performance. This study aims to evaluate the rationality of the
pre-competition training program of collegiate sprinters by searching for more sensitive
pre-competition training monitoring markers and provide theoretical guidance for the
formulation of scientific and effective pre-competition preparation programs.

2. Materials and Methods
2.1. Participants and Groups

This study involved 15 collegiate sprinters, who were training at Northwestern Poly-
technical University, at the period of preparation for the 21st National Collegiate Track and
Field Championships of China in 2023. The sprinters were 21.20 4= 1.74 years old and had
been accepted into the professional training for 6.8 & 2.18 years. All were national second-
level or above (sports technology level of China) athletes, and 10 of them were male and 5
were female. The sprinters shared a lifestyle (lived and ate together) and pre-competition
training before the competition. Subjects were excluded if they (1) were unable to train
because of a recent injury; (2) used antibiotics and probiotic supplements in the previous
6 months; and (3) had gastrointestinal diseases, such as diarrhea and constipation.
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We monitored the physiological conditions of the sprinters during the strengthening
and the tapering training period and divided these two periods into Group A (n = 15) and
Group B (n = 15) (Figure 1).

intensive training period raining |

B | o~ [ -~ | -~ |

1 l Competition
Group A GroupB "
= =
Uring, blood, stool collection H ﬁ ﬁ ﬁ ﬁ ﬁ
() . W/
L

J
Blood indicators test }

Microbiome and metabolomics test

Figure 1. Conditions for collecting biological samples from sprinters.

The training plans for two periods are shown in Table 1. All sprinters completed
informed permission forms after fully understanding the research purpose and program
with the coaches’ assistance and cooperation.

Table 1. Two-period training plan.

Times Mon. Tues. Wed. Thur. Fri Sat.
Strengthening Training Period (Group A)
Warm.—up Warm-up and run for 10 min, cool-down for 10 min
exercise
Hurdle
100 m run x 1 set + Up per and 200 m run x Jumpins, Full speed
.. 300 m run X lower limb and hurdle running, special
Formal training 60 m run x 2 sets + 4 sets + 150 m . .
5 sets back strength hip and ankle athletics
30 m run x 2 sets .. run X 4 sets o ..
training mobility training
training

Cooling-down

Stretching for 15 min

exercise
Tapering training period (Group B)
Warm.—up Warm-up and run for 10 min, cool-down for 10 min
exercise

100 m run x 1 set + Uppe.zr and
.. 300 m run x lower limb and
Formal training 60 m run x 1 set + 2 sets back streneth - - -
30 m run x 1 set .. &
training

Cooling-down

exercise

Stretching for 15 min

2.2. Body Composition

The direct digital detectors (GE PRODIGY) were used to test the body composition of
sprinters in a fasting state.

2.3. Dietary Survey

The 24 h recall method (http:/ /www.ihatepsm.com/blog/24-hour-recall-questionnaire-
method, access date: 1 July 2023) was used to record the daily dietary intake (including
food types and estimated weights of three meals and snacks) by the BooHee Health
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mobile application (APP) (this APP can estimate the weight of food and calculate energy
expenditure) one week before the competition [11].

2.4. Energy Expenditure and Sleep Efficiency

The three-axis accelerometers (ActiGraph wGT3X-BT, ActiGraph, Pensacola, FL, USA)
were worn on the left wrist throughout the day to record daily physical activity energy
expenditure, average activity intensity, and sleep efficiency.

2.5. The Test of Heart Rate and Respiratory Rate

The Zephyr physiological status monitoring training system was worn on the chest
to record the heart rate and respiratory rate during strength training and special athlet-
ics training.

2.6. Blood and Urine Indicators

A total of 10 mL of fasting venous blood was drawn to test blood cells and biochemical
and immunological indicators; 15 mL of the first mid-morning urine was collected, and
routine urine tests were performed using a urine analyzer. The above tests were completed
in the University Hospital.

2.7. Gut Microbiome Sequencing and Analysis

The middle section of the first stool in the morning was collected in a 2 mL collection
tube and frozen with liquid nitrogen. The Illumina PE300/PE250 platform (Illumina, San
Diego, CA, USA) was used for the high-throughput sequencing of the 16S rRNA V3-V4
region in stool samples. Bioinformatic analysis of the gut microbiome was carried out using
the Majorbio Cloud platform (https://cloud.majorbio.com, access date: 1 September 2023).
Bacterial community characterization index and composition were analyzed.

2.8. Metabolomics Sequencing and Analysis

A total of 50 mg of stool and 100 pL of urine samples were weighed and extracted with
400 pL of extraction solution, respectively. The liquid chromatography-mass spectrometry
system (LC-MS/MS) analysis of samples was conducted on a Thermo UHPLC-Q Exactive
HEF-X system equipped with an ACQUITY HSS T3 column at Majorbio Bio-Pharm Technol-
ogy Co., Ltd. (Shanghai, China). The pretreatment of LC/MS raw data was performed by
Progenesis QI (Waters Corporation, Milford, CT, USA) software, and a three-dimensional
data matrix in CSV format was exported. The data matrix obtained by searching the
database was uploaded to the Majorbio cloud platform (https:/ /cloud.majorbio.com, ac-
cess date: 1 September 2023) for data analysis. The R package “ropls” (Version 1.6.2)
was used to perform principal component analysis (PCA) and orthogonal least partial
squares discriminant analysis (OPLS-DA). The metabolites with variable importance in the
projection (VIP) > 1, p < 0.05, were determined as significantly different metabolites based
on the VIP obtained by the OPLS-DA model and the p-value generated by Student’s ¢ test.
Differential metabolites among two groups were mapped into their biochemical pathways
through metabolic enrichment and pathway analysis based on the Kyoto Encyclopedia
of Genes and Genomes (KEGG) database (http://www.genome.jp/kegg/, access date:
1 October 2023).

2.9. Statistical Analysis

All the data were analyzed using SPSS20.0 and expressed as mean =+ standard de-
viation (SD). The paired t-test was used to determine the statistical difference of body
composition, energy metabolism, sleep efficiency, heart and respiratory rate, and blood
and urine markers between the two groups. The gut microbiome characterization index
between the two groups was analyzed using the Wilcoxon rank sum test (false discovery
rate (FDR) correction). p < 0.05 was considered statistically significant (Cohen’s d reflects
the effect size).
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PCA was converted to unit variance (UV) with a confidence level of 0.95. Student’s
t-test was used to compare the two groups in the differential metabolite analysis. The
screening conditions were p-value < 0.05, VIP-pred-OPLS-DA > 1, and the fold change
(FC) > 1. Seven-fold cross validation was used to ascertain the VIP using OPLS-DA /PLS-
DA as the supervised model. KEGG pathway enrichment analysis was performed by
relative-betweenness centrality and BH multiple test correction.

3. Results
3.1. Sports Performance and Body Composition

After the competition, four sprinters achieved their personal bests (PB), including
three male and one female sprinter. There were no significant differences in body mass
index (BMI), body fat percentage, and muscle mass between the two groups in male and
female sprinters. The body fat percentage and trunk skeletal muscle mass of male sprinters
in Group A increased compared with those in Group B, while the body fat percentage
of female sprinters in Group A decreased, and the trunk skeletal muscle mass increased
compared with those in Group B. The limb skeletal muscle mass of male sprinters in Group
B was significantly lower than Group A (p < 0.01, Cohen’s d = 0.54), and which in female
sprinters in Group B also decreased (Table 2).

Table 2. Body composition of the sprinters (mean + SD, n = 15).

Male (n = 10) Female (n = 5)
Indicators (Unit)
Group A Group B Group A Group B

Height (cm) 178.75 £ 3.19 169.10 +5.32
Body weight (kg) 68.52 +5.25 68.24 + 5.59 56.88 + 3.49 56.254+3.32
Body mass index 21.37 £1.18 21.31 +£1.25 19.92 +0.57 19.68 + 0.54
Body fat percentage (%) 10.29 £ 3.64 11.51 +£2.08 18.60 +2.17 17.22 432
Skeletal muscle mass (kg) 32.81 £2.61 31.50 +£2.22 24.18 + 1.58 24.32 +1.11
Trunk skeletal muscle mass (kg) 6.68 +0.79 6.96 + 1.05 6.40 + 0.48 6.90 + 0.78
Limb skeletal muscle mass (kg) 26.10 £2.10 25.04 £+ 1.80 ** 17.80 £ 1.11 17.42 + 0.67

Compared with Group A, ** p < 0.01.

3.2. Energy Metabolism and Sleep

There were no differences in the three major nutrient energy supplies and energy
intakes nor in sleep efficiency between the two groups. The energy expenditure of male
sprinters in Group B was significantly lower than Group A (p < 0.001, Cohen’s d = 2.18),
but there were no differences in females (Figure 2).

3.3. Heart Rate and Respiratory Rate during Training

The maximum heart rate (p < 0.05, Cohen’s d = 0.80) and mode of respiratory rate
(p < 0.01, Cohen’s d = 1.04) in Group B were lower than those of Group A in strength
training. The mode of heart rate in Group B was higher than that of Group A (p < 0.05,
Cohen’s d = 0.89), while the mode of respiratory rate was lower than that of Group A
(p < 0.01, Cohen’s d = 1.23) in special athletics training (Table 3).

Table 3. Heart rate and respiratory rate during training of the sprinters (mean + SD, n = 15).

Indicators (Times/min) Group A Group B
Maximum 182 £+ 29 164 +14*
Heart rate Average 117 £17 113 £13
Mode 115 +17 110 +13
Strength training
Maximum 423 £11 37+6
Respiratory rate Average 23+3 2142
Mode 24+5 20 £ 3%
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Table 3. Cont.

Indicators (Times/min) Group A Group B

Maximum 185 + 15 188 £ 20
Heart rate Average 120 £ 9 128 9

Specific athletics Mode 110 £ 19 124 +12*
training Maximum 43+5 46 +5
Respiratory rate Average 23+7 24+ 3

Mode 24 +5 20 £ 3 **

Compared with Group A, * p < 0.05, ** p < 0.05.
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Figure 2. The energy metabolism and sleep efficiency of the sprinters (1 = 15). (al) The three major
nutrient energy intake ratio; (a2) the average daily energy intake; (b) the average daily energy
expenditure; (c) the sleep efficiency. Compared with Group A-Male, *** p < 0.001.

3.4. Blood Markers

There was no significant difference in the levels of white blood cell (WBC), im-
munoglobulin A (IgA), red blood cell (RBC), ferritin, hemoglobin (HGB), mean corpuscular
hemoglobin concentration (MCHC), testosterone, cortisol, testosterone/cortisol, blood
urea nitrogen (BUN), lactate dehydrogenase (LDH), interleukin-6 (IL-6), or interleukin-13
(IL-1B) between the two groups. The lymphocyte ratio in Group B was lower than in Group
A (p <0.05, Cohen’s d = 0.99); the creatine kinase (CK) levels (M: p < 0.05, Cohen’s d = 1.44;
F: p <0.01, Cohen’s d = 2.71) in Group B were higher than in Group A. The levels of CK,
IL-6, and IL-13 were higher than the reference value (Table 4).

Table 4. Blood indicators of sprinters (mean =+ SD, n = 15).

Blood Indicators (Unit) Imolicati Group A Group B
mplication
(Reference Values) Male (1 = 10) Female (11 = 5) Male (1 = 10) Female (12 = 5)
WBC (10°/ L)
(3.69~9.16) 5.24 +0.89 5.35 £ 1.04
Lymphocyte ratio (%
ymp (242,48.4) fo (%) Immune status 46.43 + 6.85 39.20 £ 7.63 *
IgA (g/L)
(0.72~4.29) 2.24 4+ 0.70 2.26 +0.73
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Table 4. Cont.

Blood Indicators (Unit) Implicati Group A Group B
mplication
(Reference Values) Male (n = 10) Female (n = 5) Male (n = 10) Female (n = 5)
RBC (10'2/L) . .
(M: 4.3~5.8; F: 3.8~5.1) Aerobic capacity 5.11 +£0.39 4.52 +0.26 5.08 = 0.39 4.64 +£0.25
Ferritin (ng/mL) Aerobic capacit
(M: 21.81~274.66; F: o pacity 101.02 £ 29.04 25.33 + 12.68 123.30 + 22.43 33.27 £ 16.59
Nutritional status
4.63~204.00)
HGB (/L)
153.30 £ 8.29 129.20 £ 10.11 152.50 + 8.72 132.60 £ 9.96
(M: 130~175; F: 115~150) Aerobic capacity
Training loads
MCHC (g/1) 350.10 £+ 8.79 336.40 £+ 12.10 355.00 4+ 9.10 339.40 4+ 10.78
(310~370)
Testosterone (ng/mL)
(M: 2.49~8.36; 7.39 £1.32 0.48 £0.23 6.91 + 1.56 0.52 £ 0.15
F: 0.029~0.481) Training loads
Cortisol (ng/dL) Recovery ability
(4.26~24.85) 19.27 + 4.09 17.66 + 4.49 17.43 +£3.35 17.47 £ 2.79
T/C 0.40 £ 0.09 0.03 £ 0.02 0.40 £ 0.10 0.03 £0.01
CK (U/L) Training intensity
(M: 38~174; F: 26~140) Muscle injury and 191.76 + 68.26 217.19 + 53.62 286.65 + 63.59 370.32 £ 59.07
recovery
BUN (mmol/L) ..
(2.9~8.2) Training volume 5.45 4+ 1.08 5.11 4+ 0.94
LDH (U/L) Anaerobic
(109~245) capacity 163.23 + 19.29 167.45 + 25.49
IL-6 (pg/mL) (<7) Inflammatory 9.29 +5.29 12.87 £9.28
IL-1B (pg/mL) (<5) response 17.28 £9.24 20.62 £+ 13.20

Compared with Group A, * p <0.05, ** p < 0.01.

3.5. Urine Markers

No glucose (GLU), blood (BLD), nitrite (NIT), urobilinogen (UBG), bilirubin (BIL), or
ketone (KET) were detected in the urine of the two groups. The detection rates of urine
WBC (reflecting inflammatory status) and protein (PRO) (reflecting training intensity) in
Group B were higher than those in Group A. The pH values (reflecting dietary structure)
of both groups were slightly acidic. The specific gravity (SG) (reflecting hydration status)
levels were higher than the upper limit of the reference value (Table 5).

Table 5. Urine indicators of sprinters (mean + SD, n = 15).

Urine Indicators Group A Group B

WBC 13.33% 35.71%
GLU ) )
BLD () ©)
PRO 6.67% 35.71%
NIT The detection rates ) )
UBG () Q)

BIL Q) Q)
KET () )

pH (3~7.5) The test value 5.63 £ 0.74 5.62+0.74
SG (1.010~1.025) (Reference values) 1.028 + 0.003 1.027 + 0.003

(-) indicates not detected.
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3.6. Gut Microbiome Characterization Index and Composition Analysis

The gut microbiome health index (GMHI) of Group A was higher than that of Group B
(p <0.001, Cohen’s d = 2.04) (Figure 3(al)). The microbial dysbiosis index (MDI) in Group B
was higher than that in Group A (p < 0.001, Cohen’s d = 2.26) (Figure 3(a2)). At the phylum
level, the community composition of the two groups is shown in Figure 3(b1,b2), where the
Firmicutes /Bacteroidota (F/B) ratio in Group A was higher than in Group B.

al GMHI index a2 MDI index
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Figure 3. Bacterial community characterization index and composition analysis of sprinters (1 = 15).
(a1) The gut microbiome health index; (a2) the microbial dysbiosis index. Compared with Group A,
*** p < 0.001. The community distribution of Group A (b1) and Group B (b2). “p” represents phylu.

p__Firmicutes:70.19% p__Firmicutes:70.71%

3.7. Metabolomic Analysis of the Gut Microbiome

PCA analysis results showed that there was little difference in the metabolites of gut
microbiome between the two groups (Figure 4a). There were 65 differential metabolites in
Group A /B, of which 45 were upregulated and 20 were downregulated (Figure 4b). The top
30 differential metabolites with the highest VIP values are shown in Figure 4c, including
anserine (up), etc. (Figure 4c). The pathways enriched by metabolites revealed that the
inflammation and immunity related were NF-kappa B signaling pathway (up), B/T cell
receptor signaling pathway (up), and Th1l and Th2 cell differentiation(up); amino acid
metabolism was phenylalanine metabolism (up); endocrine system was growth hormone
synthesis, secretion, and action (up) (Figure 4d).
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Figure 4. Differential metabolites of the gut microbiome of sprinters and their enriched pathways
(n =15). (a) The principal component analysis (PCA); (b) the volcano plot of differential metabolites;
(c) the variable importance in the projection (VIP) analysis chart; (d) the differential abundance score
plot of the KEGG pathway. Compared with Group A, * p <0.05, ** p < 0.01, *** p < 0.001.
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3.8. Metabolomic Analysis of Blood

PCA analysis results showed that there was a significant difference in the metabolites
of blood between the two groups (Figure 5a). There were 89 differential metabolites in
Group A /B, of which 40 were upregulated and 49 were downregulated (Figure 5b). The top
30 differential metabolites with the highest VIP values are shown in Figure 5c, including
guanosine (down), guanine (down), etc. The pathways enriched by metabolites revealed
that the related inflammation and immunity were NF-kappa B (NF-kB) signaling pathway
(up), T cell receptor signaling pathway (up), Th1 and Th2 cell differentiation (up); the lipid
metabolism was the glycerophospholipid metabolism (down) (Figure 5d).
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p <0.001.

4. Discussions

This study investigated the energy metabolism, training load, body composition, and
blood and urine biochemical markers combined with the gut microbiome and metabolites of
collegiate sprinters during the pre-competition strengthening and tapering training period
to comprehensively analyze their pre-competition status and predict sports performance.

4.1. Diet, Training Load Adaptation, and Sports Performance

A healthy diet can help improve sports performance [12]. Sprints are characterized
by their short duration, rapid pace, and high intensity. It is a typical sport that relies on
anaerobic metabolism for energy supply and has high requirements on the speed and
strength of athletes. In order to ensure adequate glycogen reserves and muscle mass,
sprinters should increase their intake of carbohydrates and proteins before competitions.
Pre-competition “overfilling” muscle glycogen is a crucial nutritional strategy for sprinters
to enhance their sports performance [13]. A study of endurance runners showed that those
who followed a high-carbohydrate diet had better sports performance than those following
a high-protein diet [14,15]. Since energy expenditure and macronutrient composition are
markers of dietary recommendations for altering body composition [16], we included
these two variables to reflect the sprinters” diet in this study. The recommended daily
energy intake for males is 4080 kcal and for female is 3190 kcal, and the recommended
carbohydrate daily intake is 663 g for males and 518 g for females, based on the weight of
our sprinters [17]. We discovered that the sprinters” overall energy intake and carbohydrate
intake did not significantly increase between the two pre-competition periods, and the
levels were lower than the recommended values: the mean daily energy intakes of male
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sprinters in Groups A and B were 3466 and 3275 kcal, respectively, while those of female
sprinters were 1984 and 2120 kcal, respectively; the daily carbohydrate intakes of male
sprinters were 394 and 413 g, respectively, while those of female sprinters were 261 and
251 g, respectively. This could have been one of the reasons for poor sport performance.
We speculate that this may be related to the decreased appetite caused by sports fatigue, or
it may be related to the fact that collegiate athletes have a relative lack of knowledge about
sports nutrition and have not deliberately increased their energy and carbohydrate intake.

Furthermore, sprinters” urine was sub acidic during both periods, and their SG was
higher than the test value’s upper limit, suggesting that neither group consumed enough
water [18].

In our study, the training volume was decreased throughout the tapering training
period while the training load remained unchanged from the strengthening training period.
Sprinters were less adaptive to training in special athletics training, as evidenced by a
decrease in heart rate, which may be related to sports fatigue. This was also reflected
in their urine biochemical markers, such as the higher detection rate of urine WBC and
protein during the tapering training period. In contrast, sprinters were more adaptive
during strength training.

4.2. Gut Microbiome and Sports Performance

The hypothalamic—pituitary—adrenal (HPA) axis can be activated by athletes undergo-
ing high-intensity (over 60% of maximum oxygen consumption, VOymax) and long-duration
(above 90 min) training prior to competition, as well as by the tension and anxiety that
comes with it [19]. The gut-brain axis, which describes the reciprocal modulation between
the gut and brain, is significantly impacted by the activity of the HPA axis. Certain bacterial
populations may change as a result of this two-way communication, and the released
metabolites may then alter host behavior [20].

We found that sprinters in the tapering training period had an unbalanced gut mi-
crobiota, a lower F/B ratio, and somewhat lower sleep efficiency. Because it is positively
connected with the levels of short-chain fatty acids (SCFAs) [21] and VO, [22], the F/B
ratio is thought to be a sign of the dynamic balance of the microbiome and is higher in elite
athletes [23].

Sports fatigue could be attributed to microbiome imbalance of our sprinters. Combined
with the results of blood indicators in this study, it can be found that there was a decline in
the lymphocyte ratio of sprinters during the tapering training period. This is an important
indication of immunosuppression (EIS). Studies have found that long-term training lasting
over 90 min at a level of intensity higher than 65~75% VO;yax without enough recovery,
might quickly cause exercise-induced EIS, which raises the risk of bacterial and viral
infections of athletes [19,24]. Muscle microtrauma and gut microbiome changes caused by
high-intensity exercise are both important mechanisms leading to EIS. The serum CK levels
considerably increased during the tapering training period in our study, and it was found
to be higher than the reference value during both periods. Lack of oxygen and muscle
contraction during high-intensity exercise cause damage to the muscle cell membrane;
increased permeability; and CK infiltration from the cells into the blood, leading to an
increase in serum CK [25]. This leads us to the topic of the relationship between the
gut microbiota and skeletal muscle. Through its impact on the gut-muscle axis, the gut
microbiota eventually influences muscle function and facilitates the process of muscle
synthesis from protein intake [26]. Thus, according to our study, abnormal dietary nutrient
intake and microbiome imbalance may be linked to male sprinters” decreased limb muscle
mass during the tapering training period.

4.3. Metabolites and Sports Performance

Nowadays, sports science has made extensive use of metabolomics, a potent technique
for precisely assessing metabolic pathways at the system level, to investigate metabolic
responses that change depending on the type, intensity, and duration of exercise. While
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the majority of research has concerned individuals with metabolic disorders or those
participating in amateur sports, some recent studies have concentrated on the use of
metabolomics in professional athletes’ training monitoring [27]. It is commonly known that
serum or plasma samples make excellent candidate samples for the discovery of biomarkers
in metabolomics. In addition, a multitude of microbial metabolic processes found in feces
lead to the synthesis or alteration of a broad spectrum of molecules, including vitamins,
amino acids, and saturated fat fatty acids (SCFAs) as well as other bioactive molecules like
polyphenols and secondary bile acids, which are vital for the regulation of physiological
processes and are used to provide energy and necessary nutrients [28].

The pathways enriched by microorganisms and blood metabolites were primarily
immunological and inflammatory pathways in our study. It was more evidence that the
sprinters were fatigued, especially when the blood levels of IL-6 and IL-13 were higher than
the upper limit of the permissible amount [29]. A study has shown that the NF-«B signaling
pathway in skeletal muscle can be activated by the body’s hypoxic condition during intense
exercise, putting the body in an oxidative stress state [30]. Similarly, our study revealed that
the level of anserine in Group B of microbial metabolites was downregulated. It has been
discovered that anserine can reverse the oxidative damage caused by exercise. Anserine
supplements can increase the level of glutathione disulfide (GSSG) and the activity of su-
peroxide dismutase (SOD), preserving the body’s antioxidant capability [31]. Furthermore,
both microbial and blood metabolites were enriched in T cell immune regulation in this
study. One of the most significant biological parameters linked to the risk of viral infection
in highly physically active people appears to be the balance between T1 and T2 immune
cells. For athletes to experience immunological modulation following intense exercise, T
cells are essential. These include Th1 cells, which are gradually activated throughout the
recovery phase after intense exercise, and T2 cells, whose IL-6 levels continue to rise and
cause Th17 cells to differentiate, function as a pro-inflammatory factor, and eventually
contribute to tissue inflammation [32].

In our study, sprinters’ pre-competition training also affected the levels of other
metabolites, such as guanosine and guanine, which were upregulated in Group B. A study
has shown that maximal physical exertion is accompanied by increased degradation of
purine nucleotides in muscle, with the products of purine catabolism accumulating in
plasma [33]. Glycerophospholipid metabolism was also downregulated in our study. A
study found that the blood metabolite levels of multiple pathways related to glycerophos-
pholipids were altered after the competition in collegiate soccer players [34]. A study
has also shown that phospholipid-related metabolites such as phosphatidylcholine and
phosphatidylserine play an important role in alleviating exercise fatigue [35].

5. Conclusions

Some collegiate sprinters had an unsuitable diet throughout the pre-competition
tapering training period and were unable to adjust to the training load, which manifested
as gut microbiota imbalance and increased expression of inflammatory and immune-related
metabolites. We conclude that changes in microbial and metabolite levels may be a more
sensitive way to monitor collegiate athletes training, because their training volume and load
are lower than those of professional athletes and may not be sufficient to cause significant
changes in the levels of traditional physiological and biochemical indicators. Further
investigations into specific metabolic and microbiological indicators relevant to particular
sports may be undertaken in the future.
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Abstract

Objectives: This study aimed to analyze metabolites changes in elite freestyle wrestlers dur-
ing three specific training phases—pre-training, peak training, and recovery adjustment—
through serum metabolomics analyses and biochemical indicator testing, providing prelim-
inary insights for selecting effective functional assessment metrics. Methods: Five male
wrestlers (20.40 + 2.07 years) and five female wrestlers (19.60 % 0.55 years) were enrolled.
Morning fasting venous blood samples were collected before training, at peak training
intensity, and after training adjustment and recovery. Serum metabolomic analyses using
'H nuclear magnetic resonance ('H NMR) spectroscopy and assessment of biochemical
indicators were performed. Results: The metabolomic analysis identified six significantly
altered serum biomarkers in male wrestlers and three in females across different training
phases. These differential metabolites are primarily implicated in the regulation of energy
and amino acid metabolism pathways. Additionally, significant alterations in conventional
biochemical indices were observed. Conclusions: Metabolomic markers provide a more
accurate and comprehensive reflection of metabolic characteristics in freestyle wrestlers,
offering a promising complementary approach to traditional biochemical assessments for
monitoring physiological states.

Keywords: freestyle wrestlers; serum metabolomics; metabolites

1. Introduction

Freestyle wrestling, as a high-intensity and intermittent combat sport, is characterized
by 2 min rounds of intense competition in which athletes must execute various explo-
sive movements within extremely short bursts while maintaining physical combat [1].
Athletes are required to perform various explosive movements dominated by anaerobic
energy supply in a single match, while simultaneously maintaining sustained aerobic
loads (>30% VO, max for >5 min) [2,3]. The energetic demands of such activity involve
complex transitions between concentric and eccentric muscle actions, reminiscent of the
asymmetric energy expenditure observed between positive and negative mechanical work
in gradient locomotion [4]. Furthermore, periodic dehydration and dietary restriction
programs that are implemented under weight-class systems may increase the risk of muscle
catabolism, electrolyte imbalance, and metabolic homeostasis disruption [5], manifesting
as metabolic stress characterized by oxidative stress, lactic acidosis, and glycogen deple-
tion. Traditional training monitoring methods can only reflect localized changes in single

Metabolites 2025, 15, 737 https://doi.org/10.3390/metabo15110737
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metabolic pathways, and it is difficult to reveal the overall metabolic response mechanisms
involving multiple systems. Therefore, the introduction of systematic analysis methods
is urgently needed. Biochemical markers such as blood lactate, creatine kinase, cortisol,
and testosterone are commonly used to monitor athletes’ training status. However, these
indicators provide isolated snapshots rather than a comprehensive picture of physiological
state, making it difficult to reveal the overall metabolic response [6]. Therefore, there is an
urgent need to introduce systems-level analytical methods to comprehensively characterize
athletes” metabolic adaptation [7].

Metabolomics is an emerging systems biology research method that offers the technical
advantages of high sensitivity and high throughput [8]. With rigorously standardized
protocols, it enables the qualitative and quantitative analyses of low-molecular-weight
metabolites (<1000 Da) in organisms with good reproducibility, allowing a comprehensive
representation of changes in metabolic phenotypes during exercise [9]. In recent years,
significant progress has been made in the application of metabolomics technology in the
field of athletic training [10]. Belhaj et al. noted that this technology can map the molecular
landscape of exercise physiology, enabling precise predictions for training load, fatigue
recovery, and personalized nutritional interventions [11]. Heaney et al. found that non-
targeted metabolomics analyses can reveal dynamic changes in hundreds of metabolites in
serum, urine, or saliva, thereby illuminating real-time states of training intensity, fatigue
recovery, and energy metabolism [12]. Existing research has primarily focused on metabolic
responses in athletes engaged in endurance sports such as running and swimming [13,14],
but there remains a significant gap in metabolomics studies concerning high-intensity
intermittent combat sports like wrestling, coupled with a lack of dynamic monitoring data
across complete training cycles.

Therefore, this study took elite freestyle wrestlers from Shanxi Province as participants,
employing 'H NMR metabolomics technology to conduct longitudinal serum analyses
over a one-week training period. This comprehensive approach aimed to characterize
key metabolic shifts and potential pathway perturbations induced by freestyle wrestling
training loads. This not only addresses a gap in systems biology research for combat sports
but also provides molecular-level theoretical support for optimizing training cycle design
and developing targeted nutritional intervention strategies. It holds practical significance
for advancing scientific training in competitive sports.

2. Materials and Methods
2.1. Participants and Ethical Statement

The study included five female freestyle wrestlers and five male freestyle wrestlers,
all of whom held athletic titles of First-Level Athlete or higher, as defined by the Athlete
Technical Rank Standards issued by the General Administration of Sport of China. The
personal basic information of the participants is shown in Table 1. All participants were
in good health, had no history of chronic diseases, and were not undergoing any weight
loss or weight gain programs. During the experimental period, all participants resided at
the training center and were subject to a standardized schedule and dietary management,
refrained from taking any medications or sports supplements affecting metabolism, and
received no special interventions. The last training session prior to blood sampling was
conducted at least 12 h earlier to minimize acute exercise effects. All participants were
informed of the testing procedures and objectives and signed informed consent forms. This
experimental protocol was reviewed and approved by the Academic Ethics Committee of
Shanxi University, and the approved number was SXULL2024110.
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Table 1. Basic information of participants.

Sex Age (Years) Height (cm) Weight (kg)
Men 20.40 + 2.07 180.20 £ 3.83 88.60 + 15.66
Women 19.60 + 0.55 164.20 + 4.02 64.40 + 4.51

2.2. Sample Collection and Storage

Participants underwent fasting blood sampling at 7:00 AM via the antecubital vein
to collect 7 mL of blood at three distinct time points: pre-training (Day 0), peak training
(Day 6), and post-training (Day 8) (Figure 1). One tube (2 mL) was placed in an EDTA
anticoagulant tube for whole blood analyses. Another tube (5 mL) was placed in a vacuum
blood collection tube. After centrifugation at 3000 r/min for 30 min, the serum was collected
and aliquoted into two EP tubes. One tube was used for serum biochemical parameter
testing, and the other was stored at —80 °C for subsequent metabolomics analyses.

Day1 Day 6 Day 8

@ ‘ training ﬁ @ J
Figure 1. Flow chart of the experimental design.

2.3. Measurement of Biochemical Indicators

ABX automated hematology analyzer (Horiba ABX, Montpellier, France) was used
to measure white blood cell count (WBC), red blood cell count (RBC), hemoglobin (HB),
hematocrit (HCT), and mean corpuscular volume (MCYV). Kits (Biosino Bio-Technology
and Science Incorporation, Beijing, China) were employed to detect creatine kinase (CK),
blood urea nitrogen (BUN), and testosterone (T). Testing was performed according to the
methods specified in the instruction manual.

2.4. Metabolomics Analyses Methods
2.4.1. H-NMR Sample Preparation

After thawing serum samples at 4 °C, 500 uL of serum was aliquoted into a micro-
centrifuge tube. Then, 350 uL of D,O was added, followed by centrifugation at 4 °C and
18,000 x g for 20 min. A total of 600 uL of the supernatant was transferred to an NMR
tube for spectral acquisition using a Bruker 600 MHz spectrometer (Bruker BioSpin GmbH,
Rheinstetten, Germany) at 25 °C.

2.4.2. Spectral Data Processing and Analyses

The serum NMR spectra were processed using MestReNova 6.1.0 software. After
Fourier transformation, chemical shifts were calibrated to the trimethylsilylpropanoic acid
(TSP) peak (5 0.00). A standardized iterative protocol was applied for manual baseline
and phase correction to ensure flat baselines and symmetrical peaks, minimizing bias.
The spectra were segmented into bins of 0.04 ppm across the range of 0.5-10.0 ppm. To
avoid interference from the residual water signal, the region between 4.5 and 4.7 ppm was
excluded. To validate multivariate models, RZY, Q?, and permutation tests (200 permuta-
tions) were performed, confirming model robustness and minimal overfitting. Finally, the
areas of all integral values are normalized and exported to Excel, yielding a matrix of each
segment and its corresponding integral area value. Metabolite identification followed the
Metabolomics Standards Initiative (MSI) guidelines.
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2.5. Statistical Analyses

Data are expressed as mean + SD. Statistical analyses were performed using SPSS
18.0 (LLC, San Diego, CA, USA). Graphs were generated with GraphPad Prism 7.0 (IBM,
Chicago, IL, USA). Multivariate statistical analyses were conducted with SIMCA-P 14.1
(Umetrics, Malmo, Sweden). Principal component analysis (PCA) was first applied to
observe intrinsic clustering and outliers. Subsequently, partial least squares-discriminant
analyses (PLS-DA) and orthogonal partial least squares-discriminant analyses (OPLS-
DA) were employed to enhance group separation and identify differentially expressed
metabolites. Metabolites with variable importance in projection values (VIP) greater than 1
and with p-values less than 0.05 were considered statistically significant.

3. Results
3.1. Results of Biochemical Indicator Tests

Table 2 presents the biochemical indicator test results for athletes of different sexes
across various training phases. Male wrestlers showed significantly higher concentrations
of CK and BU during peak training periods compared to pre-training, with the concen-
trations of CK significantly decreasing post-training. Compared with pre-training, female
wrestlers showed significantly increased serum concentrations of CK (p < 0.05) and sig-
nificantly decreased concentrations of T (p < 0.05) during the peak training period. After
adequate rest, their CK concentrations significantly decreased following post-training.

Table 2. Blood biochemical parameters of athletes by sex.

Male Wrestlers Female Wrestlers
Parameter
Pre-Training Peak Training Post-Training Pre-Training Peak Training Post-Training
WBC (x109 g/L) 5.40 £ 0.88 4.70 £ 0.42 5.04 £0.72 592 £1.76 514 £1.19 4.96 £ 1.07
RBC (x1012 g/L) 476 £0.29 4.48 £0.40 4.83 +£0.37 4.09 £0.16 3.95+0.19 414 +£0.32
Hb (g/L) 155.80 £ 8.93 151.20 £9.15 160.20 £ 8.44 133.40 £ 6.35 126.80 £ 8.58 134.00 £ 11.77
Hct (%) 45.46 £1.40 43.02 £2.53 45.80 £ 2.08 38.46 £1.70 37.02 £1.77 38.96 + 3.06
MCV (Fl) 95.60 & 3.08 95.20 + 3.30 95.06 & 3.59 94.02 & 3.62 93.68 + 2.95 94.08 & 3.06
CK(U/L) 183.60 = 48.44  451.80 29570 * 228.00 =48.84#  80.80 &=14.51  230.00 +=29.80*  98.40 = 32.19 #
BU (mmol/L) 510 £0.43 6.25 £0.30 * 5.58 £ 0.83 4.87 £1.89 6.78 £ 1.66 5.27 £1.52
T (ng/dL) 666.60 &= 101.9  554.40 - 135.07  580.40 4= 146.26  50.35 £ 12.94 3417 +£12.27 % 36.26 + 15.35

*p <0.05 vs. Pre-training; # p < 0.05 vs. Peak Training.

3.2. Results of Serum Metabolomics Detection
Assignment and Analyses of 'H-NMR Spectra

The main compounds in the serum sample spectra of athletes were assigned by analyz-
ing data such as chemical shifts, coupling constants and peak patterns, combined with pub-
lic databases including the Human Metabolome Database (HMDB, http:/ /www.hmdb.ca/)
and the Biological Magnetic Resonance Data Bank (BMRB, https://bmrb.io), as well as
relevant literature reports. A total of 22 metabolites were identified (Figure 2, Table 3),
mainly including amino acids, carbohydrates, and nitrogen-containing compounds.

Table 3. Assignment results of serum metabolites in athletes via 'H-NMR spectra.

No. Compound Name Chemical Shift (8) Peak Shape
1 Lipids 0.89 m
2 Leucine 0.95 d
3 Isoleucine 0.99 d
4 Valine 1.04 d
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Table 3. Cont.

No. Compound Name Chemical Shift (5) Peak Shape
5 -Hydroxybutyrate 1.15 dd
6 Lactic Acid 1.32 d
7 Alanine 1.48 d
8 N-Acetylglycoproteins 2.04 s
9 Acetoacetic Acid 2.27 S
10 Pyruvic Acid 2.37 s
11 Citric Acid 2.65 d
12 Creatine 3.03 s
13 Creatinine 3.04 t
14 Choline 3.20 S
15 Trimethylamine N-Oxide 3.23 m
16 Taurine 3.26 t
17 Proline 3.41 d
18 o-Glucose 3.47 d
19 Glycerol 3.53 s

20 B-Glucose 3.71 d
21 Glutamic Acid 3.72 t
22 Hippurate 3.98 d

s: single peak, d: double peak, dd: two double peaks, t: triple peak, m: multiple peaks.

peak_trjw’MU\\wA)

post-training

vvvvvvv LI B B S SEaan B S L St B B B B S B B S S S T T T T
‘

4.0 3.6 32 28 24 2.0 1.6 1.2 0.8

Figure 2. 'H-NMR spectra of serum metabolites in athletes at different training stages.

3.3. Formatting of Mathematical Components
Results of Multivariate Statistical Analyses

Further model validation analyses using PLS-DA on serum samples from 10 freestyle
wrestlers at different training stages resulted in the score plot shown in Figure 3. It is evident
that the three groups of serum samples, namely pre-training, peak training, and post-
training, are clearly separated, while samples within the same group achieved clustering.

To further identify metabolite differences between male wrestlers and female wrestlers
across distinct training phases, athletes were categorized by sex. Metabolites were com-
paratively analyzed for male and female wrestlers before training, during peak training,
and after training, resulting in OPLS-DA score plots and loading plots. For compounds
with VIP > 1 in the loading plot, one-way ANOVA was performed on their corresponding
metabolite peak areas using SPSS software. This ultimately identified the significantly
different metabolites (p < 0.05).
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Figure 3. Score plot of PLS-DA analyses.

Compared to pre-training, a total of six differential metabolites were identified in
the serum of male wrestlers in the peak training (Figure 4) (Table 4). Among these, the
concentrations of leucine, isoleucine, valine, and lactate showed significant increases, while
the concentrations of 3-hydroxybutyrate and hippurate showed significant decreases. After
adequate rest, the concentrations of leucine, isoleucine, valine, and lactate in male wrestlers
decreased significantly compared to the peak training.
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Figure 4. Multivariate data analyses of male wrestlers. (A) OPLS-DA score plot from pre-training
and peak training; (B) load plot from pre-training and peak training; (C) OPLS-DA score plot from
peak training and post-training; (D) load plot from peak training and post-training. 2: Leucine,
3: Isoleucine, 4: Valine, 5: 3-hydroxybutyric acid, 6: Lactic acid, 22: Hippurate.
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Table 4. Results of differentially metabolites in serum of male wrestlers.

Peak-Training vs. Post-Training vs.

No. Metabolites Chemical Shift (8) Mean + SD Pre-Training Peak-Training
1 Leucine 0.95 (d) 0.0009 =+ 0.00054 0 +
2 Isoleucine 0.99 (d) 0.0009 + 0.00050 T +
3 Valine 1.05 (d) 0.0030 =4 0.00052 0 +
4 B-hydroxybutyric acid 1.17 (dd) 0.0698 + 0.00989 $ —
5 Lactic acid 1.32 (d) 0.0116 4 0.0278 0 3
6 Hippurate 3.98 (d) 0.0060 4 0.00112 1 —

d: double peaks, dd: two double peaks; 1: increase, |: decrease, —: no significant change.

Compared to pre-training, a total of three differential metabolites were identified in the
serum of female wrestlers during peak training (Figure 5) (Table 5). Among these, pyruvate
concentrations showed a significant increase, while valine concentrations exhibited a
significant decrease (p < 0.05). After adequate rest, the concentrations of pyruvate decreased
significantly, while those of creatine and valine increased significantly (p < 0.05) compared

to the peak training.
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Figure 5. Multivariate data analyses of female wrestlers. (A) OPLS-DA score plot from pre-training
and peak training; (B) load plot from pre-training and peak training; (C) OPLS-DA score plot from
peak training and post-training; (D) load plot from peak training and post-training. 4: Valine,
10: Pyruvate, 12: Creatine.
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Table 5. Results of differentially metabolites in serum of female wrestlers.

Peak- Training vs.  Post-Training vs.

No. Metabolites Chemical Shift (8) Mean + SD Pre-Training Peak Training
1 Valine 1.05 (d) 0.0082 £ 0.00123 4 0
2 Pyruvate 2.37 (s) 0.0016 =+ 0.00040 0 4
3 Creatine 3.03 (s) 0.0389 =+ 0.00326 — 4
d: double peaks, s: single-peak; 1: increase, |: decrease, —: no significant change.

To further identify the metabolic pathways affected by the potential serum biomarkers
in freestyle wrestlers, all screened potential biomarkers were imported into the online
analysis platform MetaboAnalyst 5.0 (http:/ /www.metaboanalyst.ca/), and a pathway
impact plot was generated (Figure 6). The key metabolic pathways involved were derived
from this plot. As shown in Table 6, freestyle wrestling training primarily affected four
metabolic pathways: pyruvate metabolism, glycolysis or gluconeogenesis, citrate cycle
(TCA cycle), and arginine and proline metabolism.
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Figure 6. Summary diagram of pathway analyses with Met-PA. (A) Pyruvate metabolism; (B) Glycol-
ysis or Gluconeogenesis; (C) Citrate cycle (TCA cycle); (D) Arginine and proline metabolism.

Table 6. Pathway enrichment analyses results from MetaboAnalyst 5.0.

Metabolic Pathway Total Hits p —log(p) Holm p FDR Impact
Pyruvate metabolism 23 2 0.004014 2.3964 0.31309 0.10248 0.19137
Glycolysis or 26 2 0.0051238 2.2904 0.39453 0.10248 0.09785
Gluconeogenesis
Citrate cycle (TCA cycle) 20 1 0.084848 1.0714 1.0 0.7542 0.04634
Arginine and proline 36 1 0.0097248 2.0121 0.72936 0.12966 0.02442

metabolism
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4. Discussion

This study analyzed serum samples collected from freestyle wrestlers during different
training phases of the intensive training cycle. By integrating conventional biochemical
indicators with metabolomics technology, it explored the metabolic response characteristics
and recovery status of athletes” bodies to training loads.

4.1. Training Load and Recovery Status Reflected by Conventional Biochemical Indicators

Conventional biochemical indicators serve as a critical window for evaluating exercise
load and bodily adaptability [15]. This study found that both male wrestlers and female
wrestlers showed a significant increase in the concentration of CK at the peak training
compared to pre-training. CK serves as a sensitive indicator reflecting the extent of muscle
damage and the intensity of exercise load [16]. The significant elevation of CK in athletes
indicates that the training during this stage exerted substantial mechanical stimulation
on their skeletal muscles, achieving the expected effect of targeted training intensity [17].
Notably, after an appropriate rest period, CK concentrations decreased significantly, sug-
gesting that the athletes possessed a favorable short-term recovery capacity.

The changes in the concentration of BU mainly reflect the state of protein catabolism
caused by exercise consumption and the body’s potential for recovery [18]. Normally,
the concentration of BU changes little during short-duration exercise (<30 min), with
significant increases primarily observed after prolonged or high-intensity exercise [19]. It
was found that an increase in the concentration of BU exceeding 3 mmol/L before and after
training indicates excessive training volume leading to fatigue accumulation. An increase
of approximately 2 mmol/L suggests a moderate training volume, while an increase of
about 1 mmol/L indicates relatively insufficient training volume [20]. In this study, the
concentration of BU in male wrestlers at peak training increased by only 1.15 mmol/L
compared to pre-training, indicating that the training volume was relatively low. It suggests
that the training load in the current phase is insufficient to effectively stimulate the bodies
of male wrestlers, failing to fully activate deep physiological adaptation mechanisms.

Furthermore, the T concentration of female wrestlers showed a significant decreasing
trend at the training peak. Testosterone is not only a key hormone reflecting anabolic status
and bodily recovery capacity, but also plays a crucial role in enhancing the excitability of
the central nervous system [21,22]. It can activate the protein synthesis enzyme system, and
stimulate muscle cell receptors to promote muscle repair and growth [23]. Some studies
showed that the serum concentration of T decreased by more than 25% after exercise
and failed to recover after training, suggesting that athletes were not adapting to the
training load and might be experiencing excessive fatigue, which required adjustments to
the training schedule [24]. This study found that female wrestlers showed a significant
decrease in the concentration of T during the peak training period compared to pre-training,
exceeding the warning threshold. This indicates that the training load during this phase
stimulated the athletes” bodies to a deeper degree, potentially approaching the upper
limit of their capacity. Notably, after adequate rest, there was a significant rebound in the
concentration of T among the female wrestlers. This suggests that although the load was
substantial, it remained within the athletes” controllable range, and their bodies possessed
a certain potential for recovery.

4.2. Sex-Specific Metabolic Response Patterns Revealed by Metabolomics

Metabolomics analyses further revealed the complex molecular-level responses of
athletes to training stress and demonstrated significant sex differences.
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4.2.1. Metabolic Response Characteristics of Male Wrestlers

A total of 6 serum metabolic biomarkers were identified to significantly change
across the different training phases in male wrestlers: leucine, isoleucine, valine, (3-
hydroxybutyrate, lactate, and hippuric acid. Compared to pre-exercise, the concentra-
tions of leucine, isoleucine, and valine (BCAAs) and lactate significantly increased at peak
training, while the concentrations of 3-hydroxybutyrate and hippuric acid significantly
decreased. Compared to the peak training period, the concentrations of leucine, isoleucine,
valine, and lactate decreased significantly post-exercise; there was no significant change in
the concentrations of 3-hydroxybutyrate and hippuric acid.

BCAAs, as essential amino acids, cannot be synthesized by the human body and must
be obtained through dietary intake. During prolonged or high-intensity exercise, they
undergo extensive catabolic metabolism in muscle tissue to provide energy [25]. Leucine
metabolism can generate ketone bodies, isoleucine generates ketone bodies and acyl-CoA,
while valine can ultimately generate glucose [26]. This study found that male wrestlers
exhibited elevated BCAA concentrations during peak-training, contrasting with the declin-
ing BCAA trend observed in endurance-based prolonged exercise [27]. This discrepancy
may be attributed to the intermittent, explosive nature of wrestling, which drives protein
breakdown rates beyond oxidative utilization [28]. This finding is also consistent with
the transient elevation of BCAA concentrations during anaerobic sprinting, suggesting
sport-specific metabolic characteristics across different athletic disciplines [29]. Notably,
the occurrence of exercise-induced fatigue is closely related to BCAA metabolism [30].
Prolonged high-load exercise can alter the plasma amino acid profile, increasing the ratio
of AAAs to BCAAs [31]. This imbalance is believed to accelerate the transport of amino
acids (particularly tryptophan) into the brain, promote serotonin synthesis, enhance cen-
tral inhibition, and thereby induce central fatigue [32]. Therefore, the elevated serum
BCAA concentrations observed at peak training in this study reflect their mobilization as
energy substrates.

Lactic acid is the end product of glycolysis [33]; its significant increase at the peak-
training directly confirms that anaerobic glycolysis is one of the primary energy supply
pathways for male wrestlers during wrestling training. Hippurate is synthesized in the
liver from benzoate, which is largely derived from gut microbiota metabolism [34,35]. In
this study, hippurate significantly decreased at the training peak and did not rebound
significantly during recovery. This decrease at the peak-training may be related to exercise-
induced alterations in gut microbial composition or activity [36]. The lack of significant
rebound during post-training may indicate the long-term effects of training load on this
gut-liver metabolic axis [37].

4.2.2. Metabolic Response Characteristics of Female Wrestlers

A total of three significantly different metabolic markers were identified in female
wrestlers across different training phases: valine, pyruvate, and creatine, with fewer mark-
ers identified compared to male wrestlers. Compared to pre-training, there was a significant
decrease in the concentration of valine and a significant increase in the concentration of
pyruvate at the peak training, while the concentration of creatine showed no significant
change. Compared to peak training, the concentration of valine and creatine significantly
increased post-training, while the concentration of pyruvate significantly decreased.

Valine is an important glucogenic amino acid, and its metabolism ultimately generates
glucose [38]. Unlike the increasing trend observed in male wrestlers, female wrestlers
showed a significant decrease in the concentration of valine in serum during peak training.
This reveals sex differences in energy metabolism. The decline in the valine concentrations
of female wrestlers indicates its rapid uptake and breakdown for energy to meet the
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demands of high-intensity training. This finding correlates with the significantly reduced
the concentration of T observed in female wrestlers in this study, suggesting the body
is in a more pronounced catabolic state during this phase [39]. Research indicates that
women often rely more heavily on fat oxidation during exercise [40]. However, during high-
intensity interval training (HIIT) with substantial glycogen depletion, they may instead
enhance amino acid gluconeogenesis, leading to increased consumption of valine [41].
This suggests the need to focus on the intake and supplementation of BCAAs for female
wrestlers to support training and delay fatigue. Pyruvic acid is a key intermediate product
of glucose metabolism [42]. The significantly increased concentration of pyruvate at peak
training reflects the overall activation of energy metabolism pathways to meet training
demands [43].

Unlike male wrestlers, this study did not observe a significant increase in the concen-
tration of lactate at peak training in female wrestlers. Since lactic acid is converted from
pyruvic acid under hypoxic conditions [44], this finding indicates that during the training
phase, female wrestlers show relatively lower activity in the glycolytic energy pathway
compared to male wrestlers, or in other words, a smaller proportion of pyruvate flows
into the lactate pathway. Combined with the significant decrease in the concentration of
valine, this further supports that catabolism plays a substantial role in energy supply for
female wrestlers during this phase. There was no significant change in the concentration
of creatine at peak training intensity, but it increased significantly after training. Creatine
participates in the phosphocreatine system and energy buffering [45]. Female wrestlers
showed significantly increased serum creatine concentrations post-training, potentially
due to active uptake and resynthesis of creatine by muscle cells to prepare for subsequent
energy demands. Alternatively, this may reflect an overall improvement in the anabolic
environment, promoting endogenous creatine synthesis [46].

4.2 3. Pathway Perturbations and Training Adaptation

The serum metabolomic profiles effectively capture the comprehensive physiological
demands of freestyle wrestling training across different phases. The significantly elevated
concentrations of lactate and pyruvate, particularly in male wrestlers, directly confirm
the activation of anaerobic glycolysis as a primary energy pathway during high-intensity
efforts [47,48].

The alterations in branched-chain amino acids (BCAAs) reveal distinct sex-specific
metabolic responses. The increased BCAA concentrations in male wrestlers suggest a
sport-specific pattern where the rate of protein catabolism and BCAA mobilization exceeds
their oxidative utilization [49]. In contrast, the decreased valine concentration in female
wrestlers indicates enhanced utilization of glucogenic amino acids for energy production,
highlighting fundamental differences in substrate utilization between sexes [50].

The observed changes in other metabolites provide additional insights into metabolic
adaptation. The decreased 3-hydroxybutyrate concentration during peak training sug-
gests a redirection of acetyl-CoA from ketogenesis toward the TCA cycle to meet energy
demands [51]. Meanwhile, the significantly increased creatine concentration in female
wrestlers during recovery indicates active replenishment of the phosphocreatine system,
reflecting an anabolic response following training stress [52].

4.3. Limitations of the Study

This study has several limitations that should be considered when interpreting the
results. First, the relatively small sample size and the exclusive inclusion of elite-level
wrestlers may limit the generalizability of the findings to athletes of different competitive
levels or training backgrounds. However, a post hoc power analysis was conducted based
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on the observed large effect sizes in biochemical markers (e.g., Creatine Kinase, Cohen’s
d > 3.0) and the clear separation in multivariate models. The analysis indicated that for
detecting changes of such magnitude, the sample size provided a statistical power (1-§3)
exceeding 0.99, which is well above the conventional threshold of 0.80. This suggests
that the study was sufficiently powered to identify the primary, large-effect metabolic and
physiological responses reported. Nevertheless, the small sample size remains a constraint
for detecting subtle effects, ensuring robust generalizability, and for conducting more
complex subgroup analyses.

Second, although 'H-NMR metabolomics provides high reproducibility and is suitable
for untargeted profiling, its comparatively lower sensitivity than mass spectrometry-based
approaches may have led to the under-detection of certain low-abundance metabolites that
could be relevant to exercise-induced metabolic adaptations.

Third, despite efforts to standardize the participants’ diet and living conditions, poten-
tial confounding factors—such as individual nutritional intake, hydration status, and, for
female athletes, menstrual cycle phase—were not strictly monitored or controlled. These
factors may have introduced additional variability into the metabolic data.

Finally, the metabolic profiling was performed over a single training microcycle.
Although this approach offers valuable insights into short-term dynamics, it does not
reflect long-term adaptive responses or potential metabolic periodization across a full
training macrocycle. Future longitudinal studies involving larger cohorts, integrated multi-
omics methodologies, and detailed workload monitoring are warranted to validate and
extend these preliminary findings.

5. Conclusions

Serum differential metabolites in freestyle wrestlers across different training phases
were primarily enriched in four metabolic pathways: pyruvate metabolism, glycolysis or
gluconeogenesis, citrate cycle (TCA cycle), and arginine and proline metabolism. These
pathways predominantly regulate energy metabolism and amino acid metabolism, sug-
gesting metabolic adaptations under exercise load. This indicates that relevant metabolic
biomarkers may serve as new targets for assessing athletes” metabolic status and the extent
of recovery.

This study combines traditional biochemical monitoring with metabolomics analyses
to provide a multiple-aspect perspective on the physiological functions and metabolic char-
acteristics of freestyle wrestlers. The information of small-molecule metabolites detected
by 'H NMR metabolomics reflects the training load and physiological status of athletes of
different sexes, providing a basis for training monitoring and scientific training. Future
studies may explore larger sample sizes and multimodal monitoring to further illuminate
the relationship between metabolites, exercise fatigue, and training load, thereby enabling
a more comprehensive assessment of wrestling’s metabolic characteristics.
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Abstract: Objectives: This study aimed to investigate the regulatory impact of early
swimming intervention on striatal metabolism in Shank3 gene knockout ASD model rats.
Methods: Shank3 gene knockout exon 11-21 male 8-day-old SD rats were used as experi-
mental subjects and randomly divided into the following three groups: a Shank3 knockout
control group (KC), a wild-type control group (WC) from the same litter, and a Shank3
knockout swimming group (KS). The rats in the exercise group received early swimming
intervention for 8 weeks starting at 8 days old. LC-MS metabolism was employed to detect
the changes in metabolites in the striatum. Results: There were 17 differential metabolites
(14 down-regulated) between the KC and WC groups, 19 differential metabolites (18 up-
regulated) between the KS and KC groups, and 22 differential metabolites (18 up-regulated)
between the KS and WC groups. Conclusions: The metabolism of striatum in Shank3
knockout ASD model rats is disrupted, involving metabolites related to synaptic morphol-
ogy, and the Glu and GABAergic synapses are abnormal. Early swimming intervention
regulated the striatal metabolome group of the ASD model rats, with differential metabo-
lites primarily related to nerve development, synaptic membrane structure, and synaptic
signal transduction.

Keywords: Shank3; early swimming; striatum; metabolism; neurotransmitter

1. Introduction

Autism spectrum disorder (ASD) is a complex neurodevelopmental condition marked
by social impairments, repetitive and stereotyped behaviors, and a spectrum of symptoms
encompassing cognitive deficits, motor dysfunction, intellectual disability, and attention
deficit hyperactivity disorder (ADHD) [1,2]. The global incidence of ASD has risen signifi-
cantly, posing a major public health challenge that affects children’s well-being. According
to a 2021 report by the Centers for Disease Control and Prevention (CDC), the prevalence
of ASD among 8-year-olds was 1 in 44, representing a staggering 240% increase from 1
in 150 in 2000 [3]. In China, nearly 1% of children suffer from varying degrees of ASD,
with the prevalence rate continuing to climb annually [4]. Given the high incidence and
lifelong disability associated with ASD, early diagnosis and intervention are pivotal in its
prevention and management [5].

The etiology of ASD is multifaceted, involving intricate interactions between genetic
and environmental factors. While the precise causes remain unknown for at least 60% of
ASD cases [6], extensive research has established that ASD originates in the early stages
of brain development and persists throughout life. The genetic underpinnings of ASD
are complex, characterized by widespread variations in genetic networks. Mutations or
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deletions in numerous genes, notably the Shank3 gene, have been implicated in the patho-
genesis of ASD [7,8]. The protein encoded by the Shank3 gene serves as a vital scaffolding
component in the postsynaptic density (PSD) of excitatory synapses, playing a crucial
role in synapse formation and stabilization and the regulation of synaptic transmission.
Disruptions in the Shank3 gene can impair normal synaptic function, leading to aberrant
neuronal connections and, subsequently, triggering ASD symptoms [9]. Consequently, the
genetic knockout of Shank3 has emerged as a valuable animal model for studying autism.

In recent years, research into the pathophysiology of ASD has intensified, leading
to a growing interest in exercise intervention as a non-pharmacological treatment option.
Swimming, a whole-body exercise that combines motor stimulation with multi-sensory
stimulation from a rich environment, is recognized as an effective means of promoting neu-
rodevelopment and neural plasticity [10]. Appropriate swimming exercise not only bolsters
cardiopulmonary function and enhances physical fitness but also exerts positive effects
on the central nervous system, improving neurotransmitter release and fostering synaptic
plasticity [11]. Studies on swimming interventions for ASD patients have documented
its beneficial impact on ASD symptoms. Fragala-Pinkham et al. reported that a 14-week
swimming program improved cardiopulmonary endurance and physical fitness in children
with disabilities, including those with ASD [12]. Pan’s research demonstrated that aquatic
therapy significantly enhanced muscle strength, endurance, and social interaction skills
in children with ASD [13]. Furthermore, Ennis et al. found that swimming interventions
improved social, emotional, and learning outcomes in children with ASD [14]. These
findings suggest that swimming exercise may ameliorate ASD symptoms by promoting
neural plasticity and enhancing synaptic function. However, despite promising initial
evidence, the specific mechanisms underlying the benefits of swimming intervention in
ASD treatments remain incompletely understood. Particularly in the context of the Shank3
gene knockout ASD animal model, further investigation is needed to determine whether
swimming interventions can modulate striatal synaptic function to alleviate ASD symp-
toms. The striatum, a key component of the central nervous system, plays a crucial role in
regulating various functions, including movement, cognition, and emotion. Structural and
functional abnormalities in the striatum have been widely documented in individuals with
ASD [15]. Therefore, exploring the effects of swimming interventions on striatal synaptic
function in Shank3 gene knockout rats with ASD is of paramount importance in elucidating
the mechanisms underlying the therapeutic benefits of swimming.

In a previous study, Shank3~/~ rats exhibited social impairments and stereotypic
behaviors. Notably, these behavioral abnormalities showed improvement when the rats
underwent early swimming exercise interventions [9]. A transcriptomic analysis of the
striatum revealed differential gene expression related to synaptic structure and function
between the Shank3~/~ and Shank3*/* rats, further highlighting the differences between
the Shank3~/~ control rats and those subjected to swimming interventions [10]. The altered
striatal transcriptome is likely to exert widespread influences on neurotransmitter release
within the striatum. Abnormalities in neurotransmission, including glutamate, GABA,
dopamine, serotonin, opioids, and oxytocin, have been reported in ASD patients [16,17].

Metabolites are small molecules produced as byproducts of enzymatic reactions and
may serve as final or intermediate products. The abundance and composition of metabolites
within a tissue directly reflect changes in the genome, transcriptome, and proteome [18].
Consequently, an emerging area of central nervous system (CNS) research has focused on
the study and characterization of the metabolome. Among the metabolites relevant to CNS
research are energy substrates, neurotransmitters, neurochemicals, and structural lipids. In
this study, we employed a metabolomic approach to further investigate the effects of Shank3
knockout and early swimming interventions on the metabolite profiles in rat striatum.
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2. Materials and Methods
2.1. Experimental Animals and Grouping

Male specific-pathogen-free (SPF) Sprague Dawley (SD) Shank3~/~ rats at the age of
8 days old were obtained from the Peking University School of Medicine. The germline
deletion of Shank3, specifically targeting exon 11-21, was generated using CRISPR-Cas9
technology [19]. The Shank3~/* rats, both male and female, were generated by backcrossing
Shank3~/~ rats with Shank3*/* SD rats. Subsequently, the Shank3~/* rats were bred to
obtain both SD Shank3*/* and Shank3~/~ rats for the experimental groups. The rats
were randomly allocated into the following three groups based on their genotypes and
treatments: the Shank3~/~ control group (KC; n = 3), Shank3*/* littermates (WC; n = 3),
and the Shank3~/~ swimming group (KS; n = 3).

The rats were housed in cages containing 3 animals each, with free access to food
and water, in a room maintained at a temperature of 20-25 °C, with 45-55% humidity
and a 12-h light/dark cycle. All animal procedures and care were conducted in strict
accordance with the ethical standards and protocols outlined by the National Institutes of
Health (US) [cite PMID 21595115] and were approved by the Biomedical Ethics Committee
of Peking University (ethics number LA2021552). After the experiment, all the animals
were euthanized by intraperitoneal injection of barbiturates.

2.2. Early Swimming Exercise Program

The swimming protocol employed in this study was adapted from a prior study by
Muniz [20] and was performed on the rats in the KS group as depicted in Figure 1. An
initial adaptation to swimming was implemented for the rats in the KS group, as illustrated
in Figure 1 [10,21]. The initial acclimation to swimming took place during the post-natal
days (PND) 8-10 in a cage measuring 485 x 350 x 200 mm that was filled with water
maintained at a temperature of 32 £ 1 °C. The duration of each session was 2 min on PND
8, 5 min on PND 9, and 10 min on PND 10. On PNDS, the water level was at the height
of the rats” legs. On PND9, the water level was at the height of the rats” stomachs. On
PND10, the water level was at the height of the rats” necks. Starting from PND 13, the
swimming intervention was conducted in a circular tank (150 cm in diameter and 100 cm
in height) filled with temperature-controlled water (32 + 1 °C) to a depth of 50 cm, a setup
that remained consistent for the remainder of the experiment. The duration of each session
was 15 min on PND 13, 20 min on PND 14, and 25 min on PND 15. Between PND16-26,
the rats engaged in 30 min of swimming per day, with 5 consecutive days of swimming
followed by 2 days of rest per week. The duration of the swimming sessions was extended
to 40 min per day from PND 27 to 60.

Rest for 2 days/week ~ Adaptation Training Finish
5 min 20 min 30 min

2 min 10 min 15 min 25 min 40 min

Figure 1. Early swimming intervention program [10]. The protocol included swimming from
postnatal day (P) 8 to 60 and always at the same time (17:00 to 18:00), with rest periods for two
consecutive rest days by week. The pups practiced swimming for 2, 5, and 10 min on P8, 9, and 10,
respectively, and rested on P11 and 12. On P13, the rats swam for 15 and 20 min on P14 and 25 min
on P15. From P16 to 26, the rats swam for 30 min/day, 5 times per week. From days 27 to 60, the rats
swam for 40 min/day, 5 times per week.
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2.3. Striatal Metabolite Analysis
2.3.1. Chemicals

This experiment utilized a variety of solutions and reagents. Liquid chromatography-
mass-spectrometry-grade methanol and acetonitrile were both purchased from Thermo
(Waltham, MA, USA). We sourced 2-chlorophenylalanine from Aladdin (Carlsbad, CA,
USA). High-performance liquid-chromatography-grade formic acid was obtained from
TCI (Tokyo, Japan). Liquid-chromatography-grade ammonium formate was purchased
from Sigma (Darmstadt, Germany). The experimental water was ultrapure water with a
resistivity of 18.2 M()/cm, and it was purified using a Millipore ultrapure water system
(Burlington, NJ, USA). Additionally, ACS-grade chloroform was sourced from Wokai
(Beijing, China). These solutions and reagents provided a solid guarantee for the accurate
conduct of the experiment.

2.3.2. Metabolite Extraction

The rats were euthanized using pentobarbital sodium at a dose of 150 mg/kg, followed
by the careful removal of their brains. To access the striatum, forceps were applied to
the medial cortex. Approximately 100 mg (£2%) of striatal tissue was then transferred
into a high-throughput tissue grinder (Meibi, Jiaxing, China) containing 1 mL of tissue
extraction buffer (composed of 75% methanol/chloroform 9:1 and 25% H,O) kept at
—20 °C. Three steel balls with diameters of 3 mm were added to facilitate the grinding
process. The tissue was ground at 50 Hz for 60 s, which was repeated twice, followed by
sonication at room temperature for 30 min. Subsequently, the samples were centrifuged
at 12,000 rpm for 10 min at 4 °C, and 850 pL of the resultant supernatant was carefully
extracted and concentrated under vacuum until it reached a dry state. For further analysis
by liquid chromatography-mass spectrometry (LC-MS), 200 pL of a solution consisting of
50% acetonitrile in 2-chloro phenylalanine (20 ppm) was added to 200 pL of 50% acetonitrile.
The resulting mixture was then filtered through a 0.22 pm membrane.

2.3.3. Chromatographic Conditions

The liquid chromatography (LC)-tandem mass spectrometry (MS/MS) system consists
of a Waters UPLC (Dublin, Ireland) separation module coupled to a Thermo LTQ (Waltham,
MA, USA) ion trap mass spectrometer. An ACQUITY UPLC® HSS T3 (2.1 x 150 mm,
1.8 um, Waters, Dublin, Ireland) column was used with a sample temperature of 8 °C at
room temperature and 40 °C at a flow rate of 0.25 mL/min. A gradient elution was per-
formed using a mobile phase consisting of 0.1% formic acid in water (A2) and 0.1% formic
acid in acetonitrile (B2). The gradient elution procedure consisted of the following steps:
@ 0-1 min, 2-50% B2; 2) 9.5-14 min, 50-98% B2; (3) 14-15 min, 98% B2; (4) 15-15.5 min,
98-2% B2; and (5) 15.5-17 min, 2% B2.

2.3.4. Mass Spectrometric Conditions

An electrospray ionization source (ESI) was employed using both the positive and
negative ionization modes. The positive ion spray voltage was set at 4.80 kV, while the
negative ion spray voltage was set at 4.50 kV. The sheath gas was maintained at 45 arb, and
an auxiliary gas was used at 15 arb. The capillary temperature was set at 325 °C. A full
scan was conducted at a resolution of 60,000, with a scan range of 89-1000 for positive ions
and 114-1000 for negative ions. High-energy collision-induced dissociation (HCD) was
applied for secondary cleavage, utilizing a collision voltage of 30 eV. Additionally, dynamic
exclusion was implemented to eliminate unnecessary MS/MS information.
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2.3.5. Data Analysis

Peak identification was performed using the XCMS package (version v3.8.2) of the
Proteowizard software (version v3.0.8789) and R (version v3.3.2). Additionally, dynamic
exclusion was implemented to eliminate unnecessary MS/MS information. This analy-
sis provided essential information, including the mass-to-nucleus ratio (1/z), retention
time (rt), and peak area (intensity), which was then normalized using sum peak area
normalization. The complete dataset can be accessed at MetaboLights (MTBLS8577).

Metabolite identification was conducted utilizing public spectral databases such as
HMDB, MassBank, LipidMaps, mzCloud, and KEGG, as well as the proprietary standard
compound library established by Nuomi Metabolomics. The parameter was set with a
mass deviation of less than 30 ppm to obtain qualitative metabolite results. The specific
principle involved determining the molecular weights of the metabolites based on the
m/z of the parent ions in the primary mass spectrum. Molecular formulas were predicted
using information on the mass deviation and adduct ions, and then they were matched
against the databases to achieve primary metabolite identification. Simultaneously, for
the metabolites with detected secondary mass spectra listed in the quantification results,
fragment ions and other relevant information were matched with each metabolite in the
databases to achieve secondary metabolite identification.

The supervised pattern recognition method was used, and a partial least squares-
discriminant analysis (PLS-DA) was performed on each group of data. The parameters
of R2X, R2Y, and Q2 were extracted. For data processing, the pheatmap package in R
was used for scaling and plotting, applying agglomerative hierarchical clustering with the
Euclidean distance as the distance metric. Hierarchical clustering was performed based
on the relative values of the metabolites under different experimental conditions, and the
results were presented in heat maps. A log10 transformation was applied to the raw data,
and clustering for both rows and columns was carried out using the Canberra algorithm.
The metabolites were considered significantly different at a p-value < 0.05 and a variable
importance in projection score (VIP) of >1. The MetPA database was used to analyze the
relevant metabolic pathways for each group of differential metabolites, the hypergeometric
test algorithm was used for the data analysis, and relative-betweenness centrality was used
for the pathway topology analysis.

3. Results
3.1. LC-MS Analysis of the Striatal Metabolome

In this study, LC-MS metabolomics was employed to analyze the metabolite com-
positions and contents in striatal tissue samples obtained from three distinct groups of
rats. These groups included Shank3~/~ rats that underwent early-life swimming exercise
intervention, as well as Shank3~/~ and Shank3*/* control rats that did not receive the
intervention.

The BPC trend was consistent for all QC samples, indicating perfect reproducibility
and reliable data (Figure 2). Remarkably, the retention times and intensity profiles of the
sample peaks exhibited excellent reproducibility, indicating both the high quality of the
samples and the reliability of our analytical methodology. In addition, a visual inspection
of the chromatograms revealed discernible differences among the various experimental
groups, warranting further in-depth analysis and investigation.
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Figure 2. Jon-mode base peak chromatogram. (A) A chromatogram of the positive ion mode base
peak, and (B) a chromatogram of the negative ion mode base peak.

3.2. PLS-DA

The effectiveness of the current PLS-DA model was assessed using permutation graphs
to determine the risk of overfitting. The results, as illustrated in Figure 3, indicated signifi-
cant differences in the combined positive and negative ions as well as the metabolite profiles
among the WC, KC, and KS groups. Specifically, the combined positive and negative ion
PLS-DA model exhibited R?Y (cum) = 1 and Q? (cum) = 0.66. These values indicated a
highly robust and reliable fit, with R*Y (cum) = 1 suggesting a perfect explanation of the
variance in the response variable by the model and Q? (cum) = 0.66 indicating a good
predictive power and model validity.

119



Metabolites 2025, 15, 134

KS3
A

Group
KC
A ks
we

PG2(14.6%)

)

A
KS2

WC2

0
PC1(24.7%)

Figure 3. Plots of the PLS-DA scores, loadings, and replacement tests for each comparison group in
the positive and negative ion modes.

3.3. Differential Metabolite Screening

Differential metabolite screening was conducted using stringent criteria, specifically,
a p-value < 0.05 and a VIP of >1. These criteria were applied to both the positive and
negative ion pattern metabolites in the following three rat striatal metabolism groups: WC,
KC, and KS. Subsequently, heat maps representing the differential metabolites of the ions
were generated (Figure 4). Following an annotation analysis of the ion pattern differential
compounds, a comprehensive list of the differential metabolites was compiled. In the KC
and WC groups, a total of 17 differential metabolites were identified, with 14 metabolites
showing down-regulation. In the KS and KC groups, 19 differential metabolites were
detected, with 18 metabolites exhibiting up-regulation. Similarly, in the KS and WC groups,
22 differential metabolites were found, with 18 metabolites displaying up-regulation. A
summary of these findings is presented in Table 1.

Table 1. Differential metabolite profiles of the striatal tissue samples in the WC, KC, and KS groups.

No. Metabolites mlz  RT(s) Formula KEGG Type e /WCFOII(iSC/}I?Cnge KS/WC
1 Taurine 124.01 89.03 C,H;NO5S C00245 [M—H]- 0.92* 1.23*% 1.13*
2 Pyroglutamic acid 128.04 177.84 CsH7NO;3 C01879 [M—H]— 0.88 1.57* 1.39 *
3 (E)-Glutaconate 129.02 103.77 Cs5HgOy4 C02214 [M—H]- 0.31* 453 * 1.43*
4 Creatine 130.06 99.11 C4HyN30, C00300 [M—H]- 0.88 * 1.29 * 1.14*
5 L-Malic acid 133.01 119.43 C4HgOs5 C00149 [M—H]- 0.84* 1.62* 1.36*
6 Threonic acid 135.03 97.76 C4HgOs5 C01620 [M—H]- 0.74* 2.15* 1.59 *
7 L-Glutamine 145.06 88.52 CsH19N»O3 C00064 [M—H]- 0.86 * 1.58 * 1.36 *
8 L-Glutamic acid 146.05 92.43 Cs5HygNOy C00025 [M—H]- 0.86 * 1.53* 1.32*
9 3-Hydroxymethylglutaric acid 161.05 239.48 CeH1005 C03761 [M—H]- 0.78 * 2.66 * 2.08 *
10 Myo-Inositol 161.05 556.35 CgH120¢ C00137  [M—H,O—H]— 0.61* 1.25 0.76 *
11 L-Phenylalanine 166.09 280.18 CyH11NO, C00079 [M+H]+ 1.06 216 * 229 *
12 (2R)-2-Hydroxy-3-propanoate 166.98 105.63 C3H;0O,P C00197 [M—H,O—H]— 1.05 2.04* 2.14*
13 N-Acetyl-L-aspartic acid 174.04 151.21 CgHygNOs C01042 [M—H]— 141* 1.95* 276 %
14 Alpha-D-Glucose 179.06 763.79 CeH1206 C00267 [M—H]- 0.46 * 1.31 0.61*
15 L-Iditol 181.07 665.47 CgH140¢ C01507 [M—H]— 0.76 * 1.21 0.92
16 (S)-beta-Tyrosine 181.07 808.76 CoH11NO;3 C21308 [M]— 0.29 * 1.20 0.35*
17 N-Acetylglutamic acid 188.06 200.43 C;H11NOs C00624 [M—H]- 0.84 2.28* 1.92%
18 Citric acid 191.02 167.31 CyHgOy C00158 [M—H]- 0.99 1.85* 1.82*
19 Sebacic acid 201.11 565.53 C10H1804 C08277 [M—H]- 0.96 7.66 * 7.32%
20 Pantothenic acid 218.10 29411 CoH17NOs5 C00864 [M—H]— 0.59 * 1.64 % 0.97
21 Gamma-Glutamylcysteine 248.96 81.79 CgH14N,O5S C00669 [M—H]- 0.84 * 1.18 0.98
22 N2-gamma-Glutamylglutamine 274.10 101.94 C190H17N304 C05283 [M—H]— 1.10 1.77 * 1.95*
23 Dehydroepiandrosterone 288.29 724.49 C19Hp50, C01227 [M]+ 1.89 % 0.51* 0.96
24 Oxidized glutathione 611.14 219.81 CpoH3N012S; C00127 [M—H]- 2.20* 2.05* 452*
25 Theophylline 179.06 643.65 C;HgN,O, C07130 [M—H]- 0.88 0.85 0.74*
26 Hypoxanthine 135.03 170.48 CsH4N,O C00262 [M—H]— 1.24 1.29 1.60 *

sy
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Figure 4. Heat map of the ionic pattern differences in the metabolites.

3.4. Metabolic Network Analysis of the Differential Metabolites

The metabolic pathway analysis of the differential metabolite enrichment is depicted

in Figure 5. In the KC and WC groups, the enrichment of the differential metabolites was
observed in several key pathways, including the glutamatergic synapse, the GABAergic
synapse, alanine, aspartate and glutamate metabolism, D-glutamine and D-glutamate

metabolism, ferroptosis, proximal tubule bicarbonate reclamation, taurine and hypo taurine

metabolism, nitrogen metabolism, arginine biosynthesis, and glutathione metabolism.

Comparatively, the KS vs. KC and KS vs. WC groups exhibited similar patterns of

metabolite enrichment pathways, as observed in the KC vs. WC group. However, the

KS vs. KC group displayed an additional increase in the central carbon metabolism in

cancer pathway, while the KS vs. WC group exhibited
pathway.
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Figure 5. Differential metabolite enrichment pathways in the striatum samples of each comparison
group. (A) A bubble diagram of the differential metabolite enrichment pathway in the KC vs. WC
groups; (B) a bubble diagram of the differential metabolite enrichment pathway in the KS vs. KC
groups; and (C) a bubble diagram of the differential metabolite enrichment pathway in the KS vs.
WC groups.

4. Discussion
4.1. Metabolomic Analysis of the Striatum in Shank3 Knockout Rats

ASD represents a complex set of neurodevelopmental disorders with etiological origins
rooted in a combination of genetic and environmental factors. Metabolic abnormalities have
been identified in several monogenic animal models of ASD, and changes in metabolite
levels are emerging as crucial indicators of altered pathway activity in the pathogenesis of
ASD. For instance, Rett syndrome, a monogenetic form of ASD resulting from inactivation
of the X-linked MECP2 gene encoding the transcription factor methyl cytosine phosphori-
bosyl guanine binding protein, has been studied extensively [22]. A metabolic analysis of
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brain extracts from Mecp2-deficient mice, conducted using 1H-NMR, has revealed signifi-
cant alterations in the D-glutamine and glutamate metabolism [23]. Fragile X syndrome
(FXS), the most common genetic cause of ASD, is associated with intellectual disability and
results from a recessive X-linked mutation in the fragile X messenger ribonucleoprotein
1 (FMR1) gene [24]. Comprehensive metabolomic studies on the Fmr1-KO mouse model
of FXS have demonstrated region-specific metabolic profiles, with the cerebellum and
cerebral cortex being particularly affected [25]. These studies have highlighted disruptions
in various neurotransmitters, including GABA, glutamate, taurine, and acetylcholine. A
metabolite set enrichment analysis (MSEA) revealed significant impacts on the metabolism
of D-glutamine, D-glutamate, arginine, and proline [26]. Elevated levels of lipid oxides
detected in the cortex of Fmr1-KO mice have indicated increased oxidative stress [26],
consistent with previous observations [27,28]. Notably, this metabolic profile exhibited a
striking overlap with the pattern detected in the Rett mouse model [23].

In this study, we conducted the first-ever metabolomic analysis of striatal brain re-
gions in a Shank3 knockout animal model. A comparison between the KC group and the
WC group revealed that absence of Shank3 led to alterations in 17 differential metabo-
lites. Among these, 14 metabolites exhibited down-regulation while 3 metabolites showed
up-regulation. Consistent with previous findings for the central differential metabolites
observed in animal models of Rett and FXS syndromes, the striatum of the Shank3 knock-
out rat model displayed disruptions in key metabolites, including glutamate, glutamine,
and oxidized glutathione. These alterations suggest disturbances in synaptic signaling
and an increase in oxidative stress. Furthermore, our analysis identified disruptions in
metabolites such as taurine, threonine, tyrosine, and glucose, indicating potential abnor-
malities in neurodevelopmental processes. A functional enrichment analysis of these
differential metabolites, combined with transcriptomics [10], revealed functional abnor-
malities associated with neurodevelopmental processes and oxidative stress. Notably, the
disruptions in the GABAergic and glutamatergic synaptic function hint at an imbalance in
excitatory-inhibitory (E-I) signaling, a factor closely linked to the pathogenesis of ASD [29].

Our analysis further revealed that several key metabolic pathways were enriched in the
striatum of the Shank3 knockout rats compared to the wild-type controls. These pathways,
namely, the glutamatergic synapse and ferroptosis, hold significant biological relevance to
the physiological conditions of ASD. The glutamatergic synapse pathway involves various
metabolites crucial for glutamate synthesis, storage, release, and uptake [30]. Disruptions
in glutamatergic signaling have been widely reported in ASD, leading to imbalances in
E-I balance and synaptic transmission [31]. Our finding that the glutamatergic synapse
pathway was enriched in the Shank3 knockout rats aligned with previous studies showing
alterations in glutamate-related metabolites in ASD models. SHANKS3 proteins are essential
for the formation and stabilization of synapses, particularly glutamatergic synapses [32].
Therefore, the absence of Shank3 likely disrupts glutamate signaling, contributing to the
ASD phenotype. The ferroptosis pathway, a form of cell death driven by iron-dependent
lipid peroxidation, involves multiple metabolites that regulate cellular redox balance and
lipid homeostasis [33]. Recent studies have implicated ferroptosis in the pathogenesis of
several neurodevelopmental disorders, including ASD [34]. Oxidative stress, a hallmark of
ASD, can trigger ferroptosis by overwhelming cellular antioxidant defenses [35]. Our results
indicate that the ferroptosis pathway is enriched in Shank3 knockout rats, suggesting that
oxidative stress-induced cell death may play a role in the striatal abnormalities observed
in this ASD model. The disruption of Shank3-mediated synaptic functions may lead to
increased oxidative stress, promoting ferroptosis and contributing to neuronal damage and
dysfunction.

123



Metabolites 2025, 15, 134

4.2. Metabolomic Changes in the Striatum of Rats After Early Swimming Interventions

Previous research has explored the potential therapeutic benefits of swimming inter-
ventions in animal models of neurological disorders. These studies have unveiled possible
mechanisms through which swimming can mitigate neurological disorders, including
up-regulation of neurotrophic factors within the central nervous system [36-38], alterations
in synaptic structural proteins [39], changes in synaptic receptor expression [37,40], modifi-
cations in neurotransmitter release [41], and adjustments in multiple pathways that affect
synaptic plasticity [39,42,43].

In our earlier work, our team conducted transcriptomic studies demonstrating that
early swimming interventions not only upregulated genes associated with neural devel-
opment, synaptic transmission, and synaptic morphology but also modulated various
signaling pathways [10]. To delve deeper into the changes in striatal neurotransmission
in Shank3 knockout rats following early swimming interventions and to understand the
mechanisms behind the positive behavioral effects observed in animal models of ASD,
we extended our previous findings by investigating alterations in striatal metabolomics
after swimming interventions in Shank3 knockout rats. After early swimming intervention,
19 metabolites were changed in the KS group compared with the KC group, of which
18 metabolites were up-regulated and only 1 metabolite was down-regulated. Crucial
metabolites related to neurodevelopment, such as taurine and threonine, as well as signal-
ing molecules like glutamate and glutamine, which were down-regulated in the striatum
samples due to the Shank3 knockout, were found to be restored following early swim-
ming interventions. This indicated that early swimming interventions could mitigate
aspects of abnormal neurodevelopment and synaptic signaling resulting from Shank3 gene
dysfunction. A subsequent pathway enrichment analysis of these differential metabolites re-
vealed up-regulation in the metabolites associated with taurine and subtaurine metabolism,
alanine and aspartate metabolism, arginine biosynthesis, D-glutamine and D-glutamate
metabolism, and glutathione metabolism, all of which are linked to neurodevelopment and
synaptic transmission, particularly in glutamatergic and GABAergic synapses. The modu-
latory effects of the early swimming interventions on neurodevelopment and E-I balance
were further corroborated. Additionally, a combined analysis of the metabolomics and
transcriptomics in the KS and KC groups unveiled functions related to energy metabolism,
including glycolysis/gluconeogenesis, and functions related to ASD disease development,
such as purine metabolism.

Furthermore, an analysis of the differential metabolites between the KS and WC groups
was conducted, revealing 22 differential metabolites, with 18 exhibiting up-regulation. Of
particular note, metabolites such as taurine, creatine, glutamine, and glutamate, which had
been down-regulated in the striatum samples from the Shank3 knockout rats, were found
to be restored following early swimming interventions. These findings strongly suggest
that abnormalities in related metabolites caused by Shank3 knockout can be effectively
reversed by early swimming interventions, potentially leading to improvements in neural
development and signaling processes.

The differences in the metabolic enrichment pathways observed between the KS
vs. KC and KS vs. WC groups provided deeper insights into the mechanisms by which
early swimming interventions may alleviate ASD-like symptoms in Shank3 knockout rats.
In the KS vs. KC group comparison, the primary enrichment pathways included those
related to synaptic function (e.g., glutamatergic synapse and GABAergic synapse), energy
metabolism (e.g., central carbon metabolism in cancer), and antioxidant pathways (e.g.,
glutathione metabolism). The up-regulation of metabolites involved in the glutamatergic
and GABAergic synapses suggests that early swimming interventions help restore the
balance of excitatory and inhibitory neurotransmission, which is vital for normal brain
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function [44]. Moreover, the enrichment in the central carbon metabolism in the cancer
pathway may have indicated enhanced energy metabolism in the striatum samples from the
rats undergoing swimming exercise, potentially supporting neuronal recovery and synaptic
plasticity [45]. The increase in the glutathione metabolism pathway could reflect a reduction
in oxidative stress, a recognized factor in ASD pathogenesis [46]. In the KS vs. WC group
comparison, a similar pattern of metabolic enrichment was observed, with additional
emphasis on pathways such as glucagon signaling. The restoration of metabolites related
to synaptic function and energy metabolism, as well as the reduction in oxidative stress,
aligned with the improvements seen in the KS vs. KC comparison. The enrichment in
the glucagon signaling pathway, which plays a role in glucose homeostasis and energy
metabolism, may indicate that early swimming interventions not only improve synaptic
function but also optimize overall metabolic health in the striatum [47]. These differences in
the metabolic enrichment pathways have profound implications for the study’s outcomes.
The restoration of synaptic function and energy metabolism pathways in the KS group,
relative to both the KC and WC groups, suggests that early swimming interventions exert
a therapeutic effect on the striatal metabolism of Shank3 knockout rats. The up-regulation
of antioxidants and the reduction in oxidative stress further support the neuroprotective
role of swimming exercise in this ASD model.

Collectively, these findings indicate that early swimming interventions can effectively
reverse some of the metabolic abnormalities caused by Shank3 knockout, potentially lead-
ing to improvements in synaptic function, neuronal health, and, ultimately, behavioral
outcomes in Shank3 knockout rats. This not only offers a mechanistic explanation for the
beneficial effects of swimming interventions in ASD but also identifies the key metabolic
pathways that may serve as targets for future therapeutic interventions. Furthermore,
the differences in metabolic enrichment between the KS vs. KC and KS vs. WC groups
underscore the importance of utilizing both knockout and wild-type control groups in
metabolomic studies. While comparisons with knockout controls are essential for isolating
the effects of an intervention, comparisons with wild-type controls provide additional
insights into the extent to which the intervention can restore normal metabolic function.
Overall, the comparative analysis of the metabolic enrichment pathways in this study
revealed that early swimming interventions have profound impacts on striatal metabolism
in Shank3 knockout rats, suggesting a potential therapeutic role for swimming exercise in
ASD.

5. Conclusions

In summary, the metabolomic findings indicate that Shank3 knockout results in ab-
normal striatal neurodevelopment and disrupted glutamatergic and GABAergic synaptic
function in rats. Additionally, concerning neurotransmitter release, there is a potential
disruption in the excitatory—inhibitory (E-I) balance of synaptic signaling. Early swimming
interventions effectively reversed the down-regulation of some essential metabolites associ-
ated with neurodevelopment and synaptic signaling, which had been negatively impacted
by Shank3 knockout. This reversal could be a key factor contributing to the improvement
in the behavior of Shank3 knockout rats following early swimming interventions.
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