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Introduction: Obesity and overweight are linked to metabolic disturbances,
which contribute to the onset of diseases like type 2 diabetes (T2D) and
cardiovascular disorders. Metabolic health is also closely linked to autonomic
function, as measured by heart rate variability (HRV), making HRV a potential
non-invasive indicator of metabolic status. While studies have examined
metabolic changes with body mass index (BMI), the link between HRV and
specific metabolic profiles in normal-weight (NW), overweight (OW), and obese
(OB) individuals is less understood. Additionally, whether HRV can reliably
predict key metabolites associated with metabolic dysregulation remains largely
unexplored.

Methods: This study uses targeted metabolomics to profile amino acids and
acylcarnitines in a group of academic employees across BMI categories (NW,
OW, and OB) and investigates correlations between HRV variables and these
metabolites. Finally, a machine learning approach was employed to predict
relevant metabolite levels based on HRV features, aiming to validate HRV as a
non-invasive predictor of metabolic health.

Results: NW, OW, and OB subjects showed different metabolic profiles, as
demonstrated by sparse partial least square discriminant analysis (sPLS-DA). The
main upregulated metabolites differentiating NW from OB were C6DC and C8:1,
while C6DC and C10:2 were higher in OW than NW. Time- and frequency-
domain HRV features show a good correlation with the regulated metabolites.
Finally, our machine learning approach allowed us to predict the most regulated
metabolites in OB and OW subjects using HRV metrics.

Conclusion: Our study advances our understanding of the metabolic and
autonomic changes associated with obesity and suggests that HRV could serve
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as a practical tool for non-invasively monitoring metabolic health, potentially
facilitating early intervention in individuals with elevated BMI.

obesity, metabolic disturbances, heart rate variability, amino acids, acylcarnitine

Introduction

Obesity and overweight have emerged as leading health
concerns, posing signifcant challenges to healthcare systems
worldwide (Hruby and Hu, 2015). T ese conditions are associated
with a substantial increase in the risk of developing numerous
chronic diseases, notably T2D and cardiovascular diseases (CVDs),
which collectively contribute to a high percentage of global
morbidity and mortality rates (Powell-Wiley et al., 2021).

At the molecular level, excess body fat is linked to profound
metabolic alterations that disrupt lipid, amino acid, and energy
metabolism. Tese alterations contribute to insulin resistance,
chronic low-grade infammation, dyslipidemia, and hypertension,
which are major features of metabolic syndrome (Ruze et al., 2023).
As the understanding of these metabolic disruptions has deepened,
the importance of profling specifc metabolic pathways has gained
prominence in the study of obesity.

Te metabolomics-based approach provides an opportunity
to analyze specifc classes of metabolites, facilitating an in-depth
assessment of biochemical variations (Danzi et al., 2023). Amino
acids have been shown to have robust associations with obesity and
insulin resistance, suggesting their critical role in metabolic health.

Among amino acids, both branched-chain amino acids
(BCAAs) and aromatic amino acids (AAAs) have shown robust
associations with obesity and insulin resistance, suggesting their
critical roles in metabolic health (Sun et al., 2020). Notably,
aromatic amino acids—including phenylalanine, tyrosine, and
tryptophan—have been increasingly recognized for their role in
metabolic dysregulation. Elevated levels of phenylalanine and
tyrosine have been strongly associated with impaired glucose
metabolism, systemic infammation, and cardiovascular risk
(Adams, 2011). Teir accumulation may refect dysfunction in the
catabolism of amino acids and altered signaling pathways, making
them highly relevant biomarkers for metabolic health assessment.
Elevated levels of BCAAs and other essential amino acids have
been identifed in individuals with higher body mass index (BMI),
ofen correlating with an increased risk of metabolic disorders
(Adams, 2011; Yoon, 2016). Tese amino acids are implicated in
insulin signaling pathways and are known to infuence energy
balance and lipid metabolism, potentially aggravating metabolic
dysregulation.

Acylcarnitines, which facilitate the transport of fatty acids
into mitochondria for beta-oxidation, are also increasingly
recognized for their role in obesity-related metabolic dysfunction
(Longo et al,, 2016). When lipid oxidation becomes impaired,
intermediate metabolites, including various acylcarnitine species,
accumulate, refecting mitochondrial stress and reduced metabolic
fexibility (Kankuri et al., 2023).

Targeted metabolomics using tandem mass spectrometry allows
the simultaneous determination of multiple metabolites. Notably,
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this analysis can be performed on capillary blood collected as
dried blood spot (DBS) samples using a non-invasive and simple
approach, which is suitable for large-scale studies.

T e autonomic nervous system (ANS) plays a fundamental role
in regulating metabolic processes, acting as a bridge between the
central nervous system and peripheral organs such as the heart,
pancreas, and adipose tissue (Imai and Katagiri, 2022). T rough its
sympathetic and parasympathetic branches, the ANS exerts rapid and
adaptable control over key physiological functions, including glucose
homeostasis, lipid mobilization, and thermogenesis (Ruud et al.,
2017). Inindividuals with obesity or metabolic syndrome, the balance
between sympathetic and parasympathetic activity is ofen disrupted,
leading to a phenomenon known as sympathetic overactivity, which
can further exacerbate metabolic dysfunction (IVialpas, 2010).

Heart rate variability (HRV) serves as a practical, non-invasive
marker for autonomic balance. By measuring the variations in the
intervals between heartbeats, HRV refects the dynamic interplay
between sympathetic and parasympathetic inputs to the heart (Shater
and Ginsberg, 2017; Di Credico et al., 2022; Di Credico et al., 2024a).
A higher HRV generally indicates healthy autonomic function with
a greater ability to adapt to physiological demands, while a lower
HRV is ofen observed in conditions associated with metabolic
dysfunction, such as obesity, diabetes, and CVD (Supriya et al., 2021;
Di Credico et al., 2024b). Research has highlighted that reduced HRV
is associated with insulin resistance, infammation, and increased
cardiovascular risk, underscoring the potential of HRV as an indicator
of metabolic health (Zeid et al., 2024).

Given its ease of measurement and established link with
autonomic regulation, HRV has gained attention as a potential
tool for assessing metabolic health non-invasively. Studies have
found signifcant correlations between HRV variables and specifc
metabolic markers, supporting the hypothesis that HRV could
refect underlying metabolic status (Azulay et al., 2022).

In this regard, targeted metabolomics using tandem mass
spectrometry allows the simultaneous determination of multiple
metabolites, including key aromatic amino acids and acylcarnitines,
providing critical insights into metabolic dysfunctions associated
with obesity. Notably, this analysis can be performed on capillary
blood collected as DBS samples using a non-invasive and simple
approach that is suitable for large-scale studies.

However, research exploring the relationship between HRV and
targeted metabolite profles across BMI categories remains limited.

Te present study seeks to bridge this gap by examining
the correlation between HRV variables and targeted metabolites
(specifcally amino acids and acylcarnitines, two classes of
metabolites critically involved in energy balance, lipid metabolism,
and cellular signaling pathways) in a sample of academic employees
grouping them by BMI into normal-weight (NW), overweight
(OW) and obese (OB) categories. Finally, we employ a machine
learning (ML) approach to explore whether HRV variables can
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predict relevant metabolites. Indeed, predictive modeling ofers the
potential to use HRV as a non-invasive tool for estimating metabolic
alterations, providing a cost-efective alternative for assessing
metabolic health. By doing so, this study aims to explore whether
HRV can serve as a surrogate marker for metabolic disturbances,
providing clinicians with an accessible method to assess metabolic
health in individuals at risk for metabolic disorders.

Materials and methods
Study design and ethical considerations

Twenty-eight subjects (14 men and 14 women) were included in
the present cross-sectional study. For study purposes, participants were
divided into three groups based on their BMI category: normal weight:
NW (n = 15), overweight: OW (n = 7), and obese: OB (n = 6). Afer
overnight fasting, capillary fnger blood was collected on flter paper
cards to obtain DBS samples. Briefy, afer warming and disinfecting,
the fnger prick was done with a nearly painless device. T e frstdrop of
blood was removed by a sterile gauze pad, and then two or three drops
of blood were soaked into the flter paper. Collection cards were lef to
dryhorizontallyforatleast3 h (Cicalinietal.,2022). Onthe same day, 5-
min HRV and bioimpedance datawere obtained at rest. Datacollection
took place in a controlled environment with no external noise, and the
ambient temperature was maintained between 20°C and 25°C during
all analyses to avoid environmental stressors that could afect cardiac
autonomic responses and bioimpedance measurements. T e study was
approved by the Research Ethics Board of the University of Chieti-
Pescara (approval number: 1479, date of approval: 03/05/2017), and it
followed the principles of the Declaration of Helsinki. Each participant
signed the informed consent, and participants could withdraw from
the experiment at any time.

Targeted metabolomics profiling and data
analysis

Targeted metabolic profling of DBS samples was performed by
fow injection analysis-tandem mass spectrometry (FIA-MS/MS).
DBS samples were punched out into 3.2-mm-diameter disks to
extract a panel of metabolites, including amino acids, free carnitine
and acylcarnitines, ketones, and nucleosides. Details of DBS
sample preparation using NeoBaseTM 2 Non-derivatized MSMS kit
(Revvity, Turku; Finland) have been already described. In particular,
the procedure involves the extraction of analytes from the punched
disks with a solution containing labeled internal standards and
analysis using an MS/MS system (Cicalini et al., 2021; Rossi et al.,
2020). Te FIA-MS/MS system consisted of a RenataDX Screening
System (Waters Corporation, Milford, MA, United States). Te
system operates in positive electrospray ionization mode by multiple
reaction monitoring (MRM) acquisition. A 10-uL aliquot of each
extracted sample was injected into the ion source, and the run
time was 1.1 min, injection-to-injection. Processing of the data was
carried out by MassLynxTM (1VD) Sofware V4.2 with lonLynxTM
Application Manager (Waters Corp., Wilmslow, United Kingdom).

Te metabolite concentration dataset was uploaded as a.csv
fle in MetaboAnalyst version 6.0. Metabolite concentration
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was normalized by the median before any further analysis. A
spare partial least square-discriminant analysis (SPLS-DA) was
implemented to classify the three groups based on the entire
metabolite set. A list of the metabolites used in the present study
is reported as Supplementary Material (Supplementary Table S1).
Volcano plot analysis for the two-group analysis (i.e., NW vs. OW
and NW vs. OB subjects) and the enrichment analysis and graphs
were obtained using MetaboAnalyst, version 6.0.

HRV measurement and analysis

Te RR intervals were acquired using a Bodyguard 2 (Firstbeat
Technologies Ltd., Jyvaskyld, Finland) wearable device that was
positioned according to the manufacturer’s instructions. Bodyguard
2 records the ECG signal with electrodes, processes the signal with
an integrated algorithm, and provides beat-to-beat RR intervals
as an output with a 1 ms resolution. Participants were instructed
to avoid stimulant foods and drinks, including cofee, as well
as strenuous physical exercise in the days leading up to the
data acquisition day to minimize potential confounding factors.
For female participants, HRV data collection was controlled for
the menstrual cycle. All assessments were performed during the
mid-follicular phase (between day +5 and +10, with the onset
of menses considered day +1) when progesterone levels are low
and stable, following established guidelines (Schmalenberger et al.,
2020). Te device end was attached to the right side of the body
under the collarbone, whereas the cable end was attached to the
lef side of the body on the rib cage. A continuous 5-min HRV
recording was used for analysis, following a standardized 10-
min rest period to ensure that participants reached a homeostatic
balance. T e HRV data were analyzed using Kubios HRV Standard
3.4.0 sofware. All the signals were visually inspected for artifacts,
and the threshold-based algorithm (low-threshold) available in
Kubios sofware was applied if needed. Tis approach has been
shown to have minimal impact on HRV data integrity, as low-level
corrections are sufcient to remove artifacts without signifcantly
altering the results (Cutrim et al., 2024). Regarding time-domain
analysis, mean RR intervals, standard deviation of NN intervals
(SDNN), root mean square of successive diferences (RMSSD), and
the stress index (i.e., the square root of Baevsky’s stress index) were
obtained. Regarding the frequency domain, low-frequency (LF) and
high-frequency (HF) data were obtained.

Whole-body bioimpedance assessment

Bioimpedance analysis was performed using BIA (BIA 101
Anniversary AKERN s.r.I., Florence, Italy) with an electric current
at a frequency of 50 kHz (+1%). T e device was calibrated before
assessment using the standard control circuit supplied by the
manufacturer with a known impedance (resistance [R] = 380 Q;
reactance [Xc] = 45Q). Te device’s accuracy was 0.1% for R
and 0.1% for Xc. For the bioelectrical impedance measurement,
each participant was positioned supine for a minimum of 2 min to
distribute the body fuid evenly. During this time, the legs were
positioned at 45° relative to the midline of the body, while the upper
limbs were positioned 30° away from the trunk. Afer cleaning the
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skin with alcohol, two electrodes (Biatrodes, AKERN s.r.l., Florence,
Italy) were placed on the back of the right hand and two electrodes
on the neck of the corresponding foot (Di Credico et al., 2021a). Fat
mass data were obtained using Bodygram sofware.

Machine learning procedures

A multivariate regression analysis was conducted to predict
the metabolite concentrations based on HRV parameters. While
various ML methodologies may be appropriate for this objective,
the restricted number of participants necessitated a simplifed
procedure; thus, a support vector regression (SVR) with a linear
kernel was used to mitigate the risk of overftting. Moreover,
to further mitigate the potential overftting resulting from an
excessive number of features relative to the sample size, a
feature selection technique (i.e., minimum-redundancy maximum-
relevance method, MRMR) was implemented inside the cross-
validation (CV) framework. T e frst six features were used for the
regression of the metabolite concentrations. T e study sample was
randomly split into a train set (23 participants) and a test set (fve
participants). T e performance of the model was tested to evaluate
the correlation between the estimated and measured metabolite
concentrations. T e analysis was performed using MATLAB R2023b
(MathWorks, Inc., Natick, MA, United States).

Statistical analysis

Metabolites were considered up- or downregulated when the
fold change between groups was >1.5and p < 0.05. T e Shapiro-Wilk
test was run to check for data normality. When the normality
was violated, a non-parametric test was selected. One-way analysis
of variance (ANOVA) or Kruskal-Wallis was used to check for
diferences between the three groups. When a diference was
found, Tukey’s post hoc test for multiple comparisons was used.
Independent t-tests or Mann—Whitney tests were performed to
check for diferences in the two-group comparisons. Pearson’s r
or Spearman rho was used to measure the correlation between
metabolites and HRV metrics, and partial correlation was computed
to check for the infuence of sex and age. Correlation analysis
was performed to evaluate the performance of the applied ML
model and the regression equation, and R? values were obtained.
Inferential statistics and related graphs were made using Prism
10.1.1 (GraphPad Sofware, LLC). All the results were considered
statistically signifcant when p < 0.05.

Results
Participants’ characteristics

Table 1summarizes the participant characteristics, grouping them
by BMI. Te study sample consisted of 28 participants (14 men,
mean age 50.231 + 6.784; 14 women, mean age 51.929 + 8.435),
further divided into 15 normal-weight, seven overweight, and six obese
subjects considering BMI and body composition. No diference was
foundinthe meanage, height,and restingminimum heart rate between
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the three groups. Conversely, weight, BMI, fat mass percentage, and
high frequency (HF peak) of HRV were signifcantly diferent. All
participants did not report any acute cardiovascular conditions, and
they were non-smokers in apparently stable health.

Dried blood spot metabolomic profile of
the three subgroups

When comparing the fasting plasma metabolome profles of
OB and OW with NW, a clear separation of the two groups from
NW was observed in the spare partial least square-discriminant
analysis (sPLS-DA), and this was especially evident between OB
(blue dots) and NW (red dots) subjects (Figure 1A). Components
1 and 2 together explained 26.9% of the variation (component 1
= 14.4%; component 2 = 12.5%) (Figure 1A). Te loading plots
show that the three metabolites most involved in the variance in
component 1 were adipylcarnitine (C6DC), phenylalanine (PHE),
and tyrosine (TYR) (Figure 1B). On the other hand, the frst
three metabolites most responsible for the group classifcation in
component 2 were adenosine (ADO), propionylcarnitine (C3), and
3-hydroxy-octadecenoylcarnitine (C18:10H) (Figure 1C).

Hierarchical clustering was performed to obtain a preliminary
view of how the metabolites were regulated in the three groups.
Considering the entire metabolite dataset, the hierarchical clustering
dendrogram for samples grouped NW and OW classes, while the OB
class was the most divergent (Figure 1D), thus confrming the visual
net separation demonstrated by the sPLS-DA. Indeed, the heatmap
showed that at least 33 of 46 metabolites were more abundant in the
OB group than in the NW group, while their concentration was more
similar between NW and OW (Figure 1D).

Te correlation pattern analysis of the 25 most correlated
compounds showed that the concentration of a major part
of metabolites was positively correlated with BMI. Specifcally,
C6DC, PHE, methylmalonylcarnitine/3-hydroxy-valerylcarnitine
(C4ADC/C50H), and TYR show a Pearson’s correlation coefcient of
0.5 and higher, while ADO showed an opposite trend, being slightly
negatively correlated with BMI (Figure 1E).

Considering the most correlated metabolites, inferential
statistics were performed to assess diferences between the
three subgroups. One-way ANOVA showed that C6DC, PHE,
CADC/C50H, and TYR metabolites were signifcantly diferent
between groups. Tukey’s post hoc test demonstrated that C6DC
was higher in OW and OB than NW. Diferently, PHE and
C4DC/C50H were only signifcantly higher in OB than in NW.
Finally, TYR showed higher values in OW subjects than the NW
counterpart (Figure 1F).

Differentially regulated metabolites in NW
versus OB, NW versus OW, and enrichment
analysis

For the two-group comparison analysis, volcano plots were
created to check for diferently regulated metabolites between
OB/NW and OW/NW groups (settings were FC >1.5 and p < 0.05).
Results showed that compared to NW, in the OB subgroup, C6DC
and octenoylcarnitine (C8:1) were signifcantly more abundant
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TABLE 1 Participant characteristics based on the BMI category.

10.3389/fmolb.2025.1561987

Variables NW ow (0]:] p
n 15 7 6

Age (years) 50.267 +9.067 53.143 + 6.986 52.500 + 4.461 0.684
Weight (kg) 61.180 * 6.446 78.886 +10.701 96.600 + 16.617 <0.001
Height (cm) 165.267 + 6.867 168.686 + 10.453 168.717 +10.710 0.588
BMI 22.351 £1.200 27.653 +1.493 34.002 +5.455 <0.001
Fat mass (%) 24.607 £ 6.017 33.650 + 3.829 35.650 +8.127 0.002
Minimum heart rate (bpm) 67.511 + 8.583 75.337 +£8.380 70.583 +11.675 0.209
Mean RR (ms) 806.242 + 95.028 740.167 + 76.159 788.610 + 113.513 0.338
RMSSD (ms) 36.805 + 15.205 26.663 = 3.026 26.390 + 3.746 0.059
SDNN (ms) 33.863 +£11.335 25.354 £5.904 28.062 +£7.733 0.132
Stress index 12.623 +3.031 16.472 + 4.796 15.721 + 4.038 0.069
HF peak (Hz) 0.293 +0.082 0.276 + 0.094 0.182 +0.023 0.046
LF peak (Hz) 0.083 +0.034 0.083 +0.036 0.208 +0.292 0.575

ANOVA or Kruskal-Wallis (for weight, BMI, RMSSD, SDNN, HF peak, and LF peak) were performed, and p-values were reported. Results are reported as mean + standard deviation, and they

were considered signifcant when p < 0.05. Signifcant p-values are highlighted in bold.
NW, normal weight; OW, overweight; OB, obese.

(Figures 2A,C).  Similarly, C6DC and decadienoylcarnitine
(C10:2) were also signifcantly more abundant in the OW than
in the NW subjects (Figures 2B,D). Interestingly, C6DC was
found to be upregulated in both the OB and OW subgroups
compared to NW (Figures 2A,B).

Aferward, an enrichment analysis was performed to
explore the profle of functionally relevant metabolites and
determine a link between changes in metabolite expression
and the biological meaning. Interestingly, for both enrichment
analyses (OB vs. NW and OW vs. NW), results showed the
highest enrichment of metabolites involved in “phenylalanine
metabolism,” “phenylalanine, tyrosine and tryptophan biosynthesis,”
“ubiquinone and other terpenoid-quinone biosynthesis,” and
“tyrosine metabolism,” suggesting alterations in these metabolic
processes (Figures 2E,F).

Te data collectively indicate signifcant metabolic diferences
between NW, OW, and OB individuals. Specifc metabolites, such
as C6DC and C8:1, showed signifcant diferences between these
groups. T e enrichment analyses suggest that pathways involved in
amino acid metabolism, quinone bhiosynthesis, and other metabolic
processes are altered in individuals with overweight and obesity.

Correlation between metabolites and HRV
features

To investigate the relationship between metabolic state and
autonomic state tuning, the upregulated metabolites found in
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the two-group comparison (C6DC, C8:1, and C10:2) were used
to compute correlation analysis with clinical-relevant time and
frequency-domain HRV metrics (mean RR intervals; RMSSD,
SDNN, stress index, HF peak, and LF peak). Correlations were also
adjusted for sex and age to check for their infuence. Considering
adjusted values, signifcant moderate negative correlations were
observed between C6DC and mean RR interval (r = -0.478, p =
0.016). RMSSD and SDNN were also negatively correlated (p =
—0.434, p = 0.030, p = —0.397, p = 0.049). Conversely, a positive
correlation was observed between C6DC and stress index (r = 0.474,
p =0.017) (Figure 3A).

Similarly, regarding the metabolite C8:1, a positive correlation
was found with the stress index (r = 0.497, p = 0.011). C8:1
was also positively correlated with the frequency-domain LF
peak (r = 0.527, p = 0.007) (Figure 3B). Finally, no signifcant
correlation was noted between C10:2 and the selected HRV
metrics, demonstrating that among the upregulated metabolites in
overweight and obese individuals, C10:2 is less related to autonomic
cardiac regulation (Figure 3C).

Prediction of relevant metabolites through
ML applied to HRV data

Te HRV features extracted were used to train an ML
model to predict the most regulated metabolites in our
OB and OW samples, namely, C6DC (Figures4AB), C8:1
(Figures 4C,D), and C10:2 (Figures 4E,F). Te ML validation was
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FIGURE 1

(A) Spare partial least square-discriminant analysis (SPLS-DA) of blood metabolites from the 15 normal-weight, seven overweight, and six obese
subjects involved in the study. The 2D plot reports the sample projection of the first and second components of the sPLS-DA. (B) Metabolite loadings of
principal component 1. (C) Metabolite loadings of principal component 2. (D) The hierarchical clustering graph reports the difference in metabolite
abundance in the three different groups analyzed and their clustering; the whole panel of 46 metabolites detected is included in the heatmap. Both
dendrogram (to show groups and metabolite clustering) and heatmap (to show metabolite abundance) are reported. (E) Correlation analysis was
performed in MetaboAnalyst using data from NW, OW, and OB as continuous (i.e., BMI); the top 25 correlated metabolites are reported. (F) Boxplots
show the concentration of the significantly different metabolites. The Kruskal-Wallis test was used for C6DC, while one-way analysis of variance
(ANOVA) was used for PHE, C4DC/C50H, and TYR. Single data points and adjusted p-values are shown.

performed on data from 23 individuals, and the data from fve Regarding the validation, ML showed a good performance in all
were used for the test. For both validation and test, the prediction  cases, and the highest was for the prediction of C8:1 (R? = 0.483, r
performance was evaluated using Pearson’s correlation coefcient  =0.695, p = 0.002). Similarly, the best prediction for the test set was
and calculating the R? as well. seen for C8:1 aswell (R?=0.569, r =0.754, p=0.141) (Figures 4C,D).
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FIGURE 2

(A) Volcano plot representing the comparison of the metabolic profiles between OB and NW. (B) Volcano plot representing the comparison of the
metabolic profiles between OW and NW. Metabolites highlighted in red were considered upregulated. (C) Histograms refer to independent t-tests for
the metabolites with different abundances between OB and NW. (D) Histograms refer to Mann—-Whitney tests for the metabolites with different
abundances between OW and NW. Adjusted p-values are shown. (E) Enrichment analysis for metabolic pathways using the KEGG database comparing
OB and NW subgroups. (F) Enrichment analysis for metabolic pathways using the KEGG database comparing OW and NW subgroups.

Discussion

Tis study provides novel insights into the metabolic and
autonomic alterations associated with diferent BMI categories,
highlighting signifcant changes in the metabolic profle of
overweight and obese. Using targeted metabolomics, we
identifed key metabolites—such as adipylcarnitine (C6DC) and
octenoylcarnitine (C8:1)—that were upregulated in individuals with
higher BMI, refecting metabolic infexibility and mitochondrial
stress. Correlation analysis revealed signifcant associations between

Frontiers in Molecular Biosciences

07

HRV features and these metabolite levels, underscoring the interplay
between autonomic regulation and metabolic health. Notably, we
employed an ML approach to predict metabolite concentrations
based on HRV metrics, demonstrating that HRV could serve as a
non-invasive biomarker for metabolic disturbances. T ese fndings
reinforce the potential role of HRV analysis in metabolic health
monitoring and support its application in early detection strategies
for individuals at risk of obesity-related metabolic dysfunction.
Our metabolomics fndings, notably the upregulation of
C6DC, PHE, TYR, and C8:1 in overweight and obese subjects,
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FIGURE 3

(A) Correlation graphs of C6DC and HRV metrics. (B) Correlation graphs of C8:1 and HRV metrics. (C) Correlation graphs of C10:2 and HRV metrics.
Scatter plots include Pearson's r or Spearman’s p and level of significance corrected for age and sex. Significant correlations are highlighted (bold). Blue
dotted lines represent 95% confidence intervals. Results were considered significant when p < 0.05.

Frontiers in Molecular Biosciences 08 frontiersin.org


https://doi.org/10.3389/fmolb.2025.1561987
https://www.frontiersin.org/journals/molecular-biosciences
https://www.frontiersin.org

Di Credico et al.

10.3389/fmolb.2025.1561987

FIGURE 4

Validation and test of the applied ML model for the prediction of most regulated metabolites in OW and OB groups using HRV features. (A,B) Prediction
of C6DC is shown by plots and tables containing the results of regression and correlation. (C,D) Prediction of C8:1 is shown by plots and tables
containing the results of regression and correlation. (E,F) Prediction of C10:2 is shown by plots and tables containing the results of regression and
correlation. Black dotted lines represent 95% confidence intervals. Results were considered significant when p < 0.05.

align with previous research identifying distinct amino acid
and acylcarnitine profles in obesity. Elevated amino acid levels,
including phenylalanine and tyrosine, have been consistently
associated with insulin resistance, infammatory states, and
increased cardiovascular risk. Increases in PHE and TYR levels in
individuals with obesity refect this, suggesting a shif toward amino
acid metabolism dysregulation that may contribute to obesity-
related pathologies (\White and Newgard, 2019). BCAAs and AAAs
are known to impair insulin signaling and mitochondrial function
when elevated, fostering an environment conducive to metabolic
syndrome and T2D (Lynch and Adams, 2014).

Te acylcarnitines, particularly the elevated C6DC and C8:1,
indicate impaired fatty acid oxidation, refecting mitochondrial
stress and reduced metabolic fexibility in the overweight and
obese groups (McCann et al., 2021). T'is corroborates prior work
showing that specifc acylcarnitines accumulate under conditions
of metabolic infexibility, a hallmark of obesity and associated
metabolic disorders (Mihalik et al., 2010). T ese patterns support
the view that obesity profoundly disrupts both amino acid and fatty
acid metabolism, with implications for the progression of insulin
resistance, dyslipidemia, and other metabolic diseases.

Te enrichment of phenylalanine and tyrosine metabolism
pathways underscores the established link between aromatic
amino acids and obesity-related metabolic dysfunction. Elevated
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levels of aromatic amino acids, including phenylalanine and
tyrosine, are commonly observed in individuals with higher BMI
and have been implicated in insulin resistance and systemic
infammation (Wirtz et al.,, 2013). T ese amino acids are known
to infuence insulin signaling and lipid metabolism, and their
dysregulation may contribute to metabolic disturbances that
characterize obesity and metabolic syndrome.

Teidentifed enrichment in tryptophan biosynthesis and tyrosine
metabolism is also notable as these pathways are precursors to key
neurotransmitters, such as serotonin and dopamine, which infuence
appetite regulation, energy balance, and mood. Altered tryptophan
and tyrosine pathways could contribute to changes in neurotransmitter
availability, potentially impacting the central mechanisms that regulate
energy intake and expenditure (Hildebrand et al., 2015). Additionally,
impaired neurotransmitter biosynthesis may afect mood and reward-
driven eating behaviors, which are known to be altered in individuals
with obesity (Labban et al., 2020). Tis link between neurotransmitter
biosynthesis and obesity suggests that metabolic alterations in
aromatic amino acids may extend beyond purely physiological efects,
infuencing behavioral and psychological factors associated with
weight gain and obesity.

Te enrichment in ubiquinone and other terpenoid—quinone
biosynthesis pathways highlights a potential link between obesity
and mitochondrial function. Ubiquinone plays a critical role in
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mitochondrial electron transport and oxidative phosphorylation,
processes essential for ATP production (Deshwal et al., 2023).
Disruptions in ubiquinone biosynthesis, which may lead to
reduced availability of coenzyme Q, could impair mitochondrial
efciency and contribute to the observed metabolic infexibility
in obesity (Wang and Hekimi, 2013). Tis impaired energy
production aligns with our fndings of elevated acylcarnitines,
which are markers of incomplete fatty acid oxidation and
mitochondrial stress (Bouchouirab et al., 2018). Taken together,
these observations support the hypothesis that obesity-related
mitochondrial dysfunction, in part due to altered ubiquinone
biosynthesis, contributes to the metabolic rigidity and energy
imbalance observed in individuals with elevated BMI.

Te observed pathway enrichments provide important insights
into the metabolic shifs associated with obesity and highlight
specifc biochemical pathways that may serve as therapeutic
targets. Addressing the disruptions in amino acid metabolism and
mitochondrial function could help alleviate some of the metabolic
challenges faced by individuals with obesity, potentially mitigating
the risk of developing metabolic syndrome, insulin resistance, and
related disorders. T ese enrichment fndings emphasize the need for
further research into interventions that target these pathways, aiming
to restore metabolic fexibility and improve overall metabolic health
in individuals at risk.

Our study further elucidates the relationship between HRV and
metabolic health by revealing moderate negative correlations between
HRV metrics (e.g., mean RR interval, SDNN, and RMSSD) and
certain metabolites, particularly C6DC. Reduced HRV metrics, such
as SDNN and mean RR interval, are associated with increased
sympathetic dominance, which is common in obesity and metabolic
syndrome (Ortiz-Guzmén et al., 2023; Di Credico et al., 2024c).
T e positive correlation between C6DC and stress index, as well as
C8:1 and LF peak, further highlights the potential of HRV as an
indicator of metabolic dysfunction. T ese fndings align with those
of research indicating that obesity-induced autonomic dysregulation
may contribute to metabolic alterations (Shibao et al., 2007), as
sympathetic overactivity in obesity infuences glucose and lipid
metabolism, increasing cardiovascular and metabolic risks (Kalil and
Haynes, 2012).

Despite the growing evidence for a potential surrogate for
metabolic health, our fndings suggest that only select metabolites
(such as C6DC and C8:1) showed signifcant correlations with HRV
metrics, underscoring that HRV might selectively refect aspects
of metabolic status, particularly those linked with sympathetic
dominance and mitochondrial function. Tis supports HRV as a
valuable, yet partial, marker for broader metabolic disturbances
associated with elevated BMI.

T e use of ML to predict metabolite levels from HRV variables
demonstrates an innovative approach for estimating metabolic
health in overweight and obese. Our model yielded good predictive
performance, particularly for C8:1, supporting the feasibility of
using HRV features to estimate metabolite concentrations. T is
approach aligns with previous studies demonstrating the utility
of machine learning in predicting valuable physiological metrics
(Di Credico et al., 2021b; Perpetuini et al., 2021; Perpetuini et al.,
2023) and indicates HRV as a potential predictive marker for early
metabolic dysregulation.
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Tis model’s predictive accuracy for metabolites as C8:1
may indicate that certain acylcarnitines, potentially those linked
with mitochondrial p-oxidation, have a closer association with
autonomic markers than amino acids. Te high predictive
performance for C8:1 suggests that HRV could be further optimized
to identify specifc metabolites of interest in obesity and related
metabolic conditions.

From a clinical standpoint, identifying early alterations in C8:1
levels could serve as a biomarker for subclinical metabolic dysfunction
before overt symptoms or disease manifest. Te ability to predict
such alterations through HRV may ofer a practical approach for
early metabolic screening in at-risk populations. Tis presents an
opportunity for HRV-based tools that could enable non-invasive
assessment of specifc metabolic alterations in clinical practice,
ofering a potential approach for early risk assessment and metabolic
monitoring in populations at risk for obesity-related disorders.

Study implications and future directions

Te fndings of this study have several implications. First, the
distinct metabolomic profles in overweight and obese subjects
reinforce the importance of metabolic monitoring as a means to
understand disease risk progression. Second, HRV correlations with
key metabolites and their predictive power via machine learning
suggest that HRV could serve as a useful, non-invasive marker
for metabolic health, potentially guiding early interventions. Of
note, HRV and the metabolic profle obtained by FIA-MS/MS on
DBS samples represent an approach suitable for larger-scale studies.
Future studies should consider expanding on these fndings by
including larger and more diverse cohorts to validate HRV as a
predictive marker for metabolomic alterations. Additionally, research
into the longitudinal relationship between HRV and metabolic
profles could shed light on the potential for HRV to serve as an
early indicator of metabolic dysregulation before the onset of overt
disease. Machine learning approaches could also be further refned
to enhance the predictive accuracy of HRV-derived estimates of
metabolite concentrations, potentially leading to practical applications
in healthcare settings where early, non-invasive screening methods for
metabolic dysfunction are needed (Romero-Saldana et al., 2018).

Limitations

Tis study has certain limitations. For this reason, it could be
considered a preliminary research work, and the results could be
expanded in future studies. T e relatively small sample size may
limit the generalizability of the fndings, and future studies with
larger and more diverse populations are needed to validate our
results. Additionally, while BMI was used to classify participants,
other clinical parameters related to obesity, such as lipid profles,
insulin resistance, and infammatory markers, were not available,
which might have provided further insights into the metabolic
state of the participants. Another limitation is the cross-sectional
design, which precludes establishing causal relationships between
autonomic regulation and metabolic alterations. Despite controlling
for key factors such as sex and age, residual confounding variables
cannot be entirely ruled out. Finally, while our ML approach
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demonstrated promising predictive capabilities, the limited sample
size may have constrained the complexity and robustness of
the model. Nevertheless, despite these limitations, this study
ofers valuable insights into the relationship between HRV and
metabolomic profles across BMI categories. Te integration
of targeted metabolomics, HRV analysis, and ML highlights
the potential for non-invasive tools to assess metabolic health,
paving the way for future research and clinical applications. Te
rigorous methodology, including strict cross-validation, enhances
the reliability of our fndings, and our work contributes to the
growing feld of metabolic research, emphasizing the importance of
autonomic regulation in metabolic health assessment.

Conclusion

In conclusion, this study contributes to our understanding of
the metabolic and autonomic changes associated with increased
BMI and highlights the potential of HRV as a surrogate marker
for metabolic health. Te integration of HRV analysis with
metabolomics and machine learning represents a promising avenue
for non-invasive assessment and personalized health monitoring
in obesity and related metabolic disorders. Future research should
aim to build on these fndings to develop clinically applicable tools
for early detection and intervention in metabolic dysregulation,
ultimately improving patient outcomes and reducing the healthcare
burden associated with obesity-related diseases.

Data availability statement

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

Ethics statement

Te studies involving humans were approved by the Research
Ethics Board of the University of Chieti-Pescara (approval number:
1479, date of approval: 03/05/2017). T e studies were conducted in
accordance with the local legislation and institutional requirements.
Te participants provided their written informed consent to
participate in this study.

Author contributions
ADC: Conceptualization, Data curation, Formal Analysis,
Investigation, Writing — original draf, Methodology. DP: Data

References

Adams, S. H. (2011). Emerging perspectives on essential amino acid
metabolism in obesity and the insulin-resistant state. Adv. Nutr. 2 (6), 445-456.
doi:10.3945/an.111.000737

Azulay, N., Olsen, R. B., Nielsen, C. S. Stubhaug, A. lJenssen, T. G,
Schirmer, H., et al. (2022). Reduced heart rate variability is related to the

Frontiers in Molecular Biosciences

11

10.3389/fmolb.2025.1561987

curation, Formal Analysis, Investigation, Writing — original draf. PI:
Data curation, Formal Analysis, Investigation, Writing — review and
editing. GG: Data curation, Formal Analysis, Investigation, Writing
— original draf. CR: Data curation, Formal Analysis, Writing —
original draf. AM: Formal Analysis, Validation, Visualization, Writing
—reviewandediting. BG: Fundingacquisition, Supervision, Validation,
Visualization, Writing — original draf, Writing — review and editing.
ADB: Funding acquisition, Project administration, Supervision,
Validation, Visualization, Writing—original draf, Writing—reviewand
editing. I1B: Supervision, Validation, Visualization, Writing — original
draf, Writing — review and editing.

Funding

T e author(s) declare that fnancial support was received for the
research and/or publication of this article. T is research was funded
by the European Union—NextGenerationEU under the Italian
Ministry of University and Research (MUR) National Innovation
Ecosystem, grant ECS00000041—VITALITY.

Conflict of interest

Te authors declare that the research was conducted in the
absence of any commercial or fnancial relationships that could be
construed as a potential conTict of interest.

Generative Al statement

Te author(s) declare that no Generative Al was used in the
creation of this manuscript.

Publisher’s note

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

Supplementary material

Te Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fmolb.2025.
1561987/full#supplementary-material

number of metabolic syndrome components and manifest diabetes in the
sixth Tromsg study 2007-2008. Sci. Rep. 12 (1), 11998. doi:10.1038/541598-022-
15824-0

Bouchouirab, F. Z., Fortin, M., Noll, C., Dubé, J., and Carpentier, A. C. (2018). Plasma
palmitoyl-carnitine (AC16:0) is a marker of increased postprandial nonesterifed

frontiersin.org


https://doi.org/10.3389/fmolb.2025.1561987
https://www.frontiersin.org/articles/10.3389/fmolb.2025.1561987/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fmolb.2025.1561987/full#supplementary-material
https://doi.org/10.3945/an.111.000737
https://doi.org/10.1038/s41598-022-15824-0
https://doi.org/10.1038/s41598-022-15824-0
https://www.frontiersin.org/journals/molecular-biosciences
https://www.frontiersin.org

Di Credico et al.

incomplete fatty acid oxidation rate in adults with type 2 diabetes. Can. J. Diabetes 42
(4), 382-388. doi:10.1016/j.jcjd.2017.09.002

Cicalini, I., Del Boccio, P, Zucchelli, M., Rossi, C., Natale, L., Demattia, G.,
et al. (2022). Validation of the GSP? /DELFIAY anti-SARS-CoV-2 19G kit using dried
blood samples for high-throughput serosurveillance and standardized quantitative
measurement of anti-spike S1 1gG antibody responses post-vaccination. Vaccines 10 (4),
514. doi:10.3390/vaccines10040514

Cicalini, 1., Valentinuzzi, S., Pieragostino, D., Consalvo, A., Zucchelli, M., Donzelli,
S., et al. (2021). Analytical evaluation of the ideal strategy for high-throughput
fow injection analysis by tandem mass spectrometry in routine newborn screening.
Metabolites 11 (8), 473. doi:10.3390/metabo11080473

Cutrim, R. C., Santos-de-Aradjo, A. D., Anselmo-e-Silva, C. I., Ferreira, E. C.
P, De Azevedo Silva, T. S., Dibai-Filho, A. V., et al. (2024). Impact of applying
diferent levels of threshold-based artifact correction on the processing of heart rate
variability data in individuals with temporomandibular disorder. Sci. Rep. 14 (1), 24569.
doi:10.1038/s41598-024-76287-z

Danzi, F, Pacchiana, R., Mafcini, A., Scupoli, M. T,, Scarpa, A., Donadelli, M., et al.
(2023). To metabolomics and beyond: a technological portfolio to investigate cancer
metabolism. Sig Transduct. Target Ter. 8 (1), 137. doi:10.1038/s41392-023-01380-0

Deshwal, S., Onishi, M., Tatsuta, T., Bartsch, T., Cors, E., Ried, K., et al. (2023).
Mitochondria regulate intracellular coenzyme Q transport and ferroptotic resistance
via STARDY. Nat. Cell Biol. 25, 246-257. d0i:10.1038/s41556-022-01071-y

Di Credico, A., Perpetuini, D., lzzicupo, P.,, Gaggi, G., Cardone, D., Filippini, C.,
et al. (2022). Estimation of heart rate variability parameters by machine learning
approaches applied to facial infrared thermal imaging. Front. Cardiovasc. Med. 9,
893374. doi:10.3389/fcvm.2022.893374

Di Credico, A., Gaggi, G., Vamvakis, A., Serafni, S., Ghinassi, B., Di Baldassarre,
A, etal. (2021a). Bioelectrical impedance vector analysis of young elite team handball
players. IJERPH 18 (24), 12972. doi:10.3390/ijerph182412972

Di Credico, A., Perpetuini, D., Chiacchiaretta, P., Cardone, D., Filippini, C., Gaggi, G.,
etal. (2021b). Te prediction of running velocity during the 30-15 intermittent ftness
test using accelerometry-derived metrics and physiological parameters: a machine
learning approach. IJERPH 18 (20), 10854. doi:10.3390/ijerph182010854

Di Credico, A., Perpetuini, D., Izzicupo, P., Gaggi, G., Mammarella, N., Di Domenico,
A., et al. (2024a). “Te prediction of sleep quality using heart rate variability
modulations during wakefulness,” in 9th European medical and biological engineering
conference. Editors T. Jarm, R. Smerc, and S. Mahni&-Kalamiza (Cham: Springer Nature
Switzerland), 316-325. Available online at: https://link.springer.com/10.1007/978-3-
031-61628-0_35.

Di Credico, A., Perpetuini, D., Izzicupo, P., Gaggi, G., Mammarella, N., Di Domenico,
A., et al. (2024b). Predicting sleep quality through biofeedback: a machine learning
approach using heart rate variability and skin temperature. Clocks and Sleep 6 (3),
322-337. doi:10.3390/clockssleep6030023

Di Credico, A, Petri, C., Cataldi, S., Greco, G., Suarez-Arrones, L., and Izzicupo,
P. (2024c). Heart rate variability, recovery and stress analysis of an elite rally driver
and co-driver during a competition period. Sci. Prog. 107 (1), 00368504231223034.
doi:10.1177/00368504231223034

Hildebrand, P., Kénigschulte, W,, Gaber, T. J., Bubenzer-Busch, S., Helmbold, K.,
Biskup, C. S., et al. (2015). Efects of dietary tryptophan and phenylalanine-tyrosine
depletion on phasic alertness in healthy adults — a pilot study. Food Nutr. Res. 59 (1),
26407. doi:10.3402/fnr.v59.26407

Hruby, A., and Hu, F. B. (2015). Te epidemiology of obesity: a big picture.
PharmacoEconomics 33 (7), 673-689. doi:10.1007/s40273-014-0243-x

Imai, J., and Katagiri, H. (2022). Regulation of systemic metabolism by the autonomic
nervous system consisting of aferent and eferent innervation. Int. Immunol. 34 (2),
67-79. doi:10.1093/intimm/dxab023

Kalil, G. Z., and Haynes, W. G. (2012). Sympathetic nervous system in obesity-
related hypertension: mechanisms and clinical implications. Hypertens. Res. 35 (1),
4-16. doi:10.1038/hr.2011.173

Kankuri, E., Finckenberg, P, Leinonen, J., Tarkia, M., Bjork, S., Purhonen, J., et al.
(2023). Altered acylcarnitine metabolism and infexible mitochondrial fuel utilization
characterize the loss of neonatal myocardial regeneration capacity. Exp. Mol. Med. 55
(4), 806-817. doi:10.1038/512276-023-00967-5

Labban, R. S. M., Alfawaz, H., Almnaizel, A. T., Hassan, W. M., Bhat, R. S,,
Moubayed, N. M., et al. (2020). High-fat diet-induced obesity and impairment of brain
neurotransmitter pool. Transl. Neurosci. 11 (1), 147-160. doi:10.1515/tnsci-2020-0099

Longo, N., Frigeni, M., and Pasquali, M. (2016). Carnitine transport and fatty acid
oxidation. Biochimica Biophysica Acta (BBA) - Mol. Cell Res. 1863 (10), 2422-2435.
doi:10.1016/j.bbamcr.2016.01.023

Lynch, C. J, and Adams, S. H. (2014). Branched-chain amino acids in
metabolic signalling and insulin resistance. Nat. Rev. Endocrinol. 10 (12), 723-736.
doi:10.1038/nrendo.2014.171

Frontiers in Molecular Biosciences

10.3389/fmolb.2025.1561987

Malpas, S. C. (2010). Sympathetic nervous system overactivity and its role
in the development of cardiovascular disease. Physiol. Rev. 90 (2), 513-557.
doi:10.1152/physrev.00007.2009

McCann, M. R., George De La Rosa, M. V., Rosania, G. R., and Stringer, K.
A. (2021). L-carnitine and acylcarnitines: mitochondrial biomarkers for precision
medicine. Metabolites 11 (1), 51. doi:10.3390/metabo11010051

Mihalik, S. J., Goodpaster, B. H., Kelley, D. E., Chace, D. H., Vockley, J., Toledo,
F. G. S., et al. (2010). Increased levels of plasma acylcarnitines in obesity and type 2
diabetes and identifcation of a marker of glucolipotoxicity. Obesity 18 (9), 1695-1700.
doi:10.1038/0by.2009.510

Ortiz-Guzman, J. E., Molla-Casanova, S., Serra-Afo, P, Arias-Mutis, O. I,
Calvo, C., Bizy, A., et al. (2023). Short-term heart rate variability in metabolic
syndrome: a systematic review and meta-analysis. JCM 12 (18), 6051. doi:10.3390/
jcm12186051

Perpetuini, D., Di Credico, A., Filippini, C., Izzicupo, P,, Cardone, D., Chiacchiaretta,
P, et al. (2021). “Is it possible to estimate average heart rate from facial thermal
imaging?” in Te 16th international workshop on advanced infrared technology
and applications (MDPI), 10. Available online at: https://www.mdpi.com/2673-
4591/8/1/10.

Perpetuini, D., Formenti, D., Cardone, D., Trecroci, A., Rossi, A., Di Credico, A.,
et al. (2023). Can data-driven supervised machine learning approaches applied to
infrared thermal imaging data estimate muscular activity and fatigue? Sensors 23 (2),
832. doi:10.3390/523020832

Powell-Wiley, T. M., Poirier, P, Burke, L. E., Després, J. P, Gordon-Larsen,
P, Lavie, C. J, et al. (2021). Obesity and cardiovascular disease: a scientifc
statement from the American heart association. Circulation 143 (21), e984—1010.
doi:10.1161/CIR.0000000000000973

Romero-Saldafia, M., Tauler, P, Vaquero-Abellan, M., Lépez-Gonzélez, A. A.,
Fuentes-Jiménez, F. J, Aguilo, A., et al. (2018). Validation of a non-invasive
method for the early detection of metabolic syndrome: a diagnostic accuracy test
in a working population. BMJ Open 8 (10), e020476. doi:10.1136/bmjopen-2017-
020476

Rossi, C., Cicalini, 1., Rizzo, C., Zucchelli, M., Consalvo, A., Valentinuzzi, S., et al.
(2020). A false-positive case of methylmalonic aciduria by tandem mass spectrometry
newborn screening dependent on maternal malnutrition in pregnancy. IJERPH 17 (10),
3601. doi:10.3390/ijerph17103601

Ruud, J., Steculorum, S. M., and Briining, J. C. (2017). Neuronal control of
peripheral insulin sensitivity and glucose metabolism. Nat. Commun. 8 (1), 15259.
doi:10.1038/ncomms15259

Ruze, R., Liu, T., Zou, X., Song, J,, Chen, Y., Xu, R,, et al. (2023). Obesity and type
2 diabetes mellitus: connections in epidemiology, pathogenesis, and treatments. Front.
Endocrinol. 14, 1161521. doi:10.3389/fend0.2023.1161521

Schmalenberger, K. M., Eisenlohr-Moul, T. A., Jarczok, M. N., Eckstein, M.,
Schneider, E., Brenner, I. G., et al. (2020). Menstrual cycle changes in vagally-mediated
heart rate variability are associated with progesterone: evidence from two within-person
studies. JCM 9 (3), 617. doi:10.3390/jcm9030617

Shafer, F, and Ginsberg, J. P. (2017). An overview of heart rate variability metrics
and norms. Front. Public Health 5, 258. doi:10.3389/fpubh.2017.00258

Shibao, C., Gamboa, A., Diedrich, A., Ertl, A. C., Chen, K. Y., Byrne, D. W,
et al. (2007). Autonomic contribution to blood pressure and metabolism in obesity.
Hypertension 49 (1), 27-33. doi:10.1161/01.HYP.0000251679.87348.05

Sun, Y., Gao,H. Y., Fan, Z. Y., He, Y., and Yan, Y. X. (2020). Metabolomics signatures in
type 2 diabetes: a systematic review and integrative analysis. J. Clin. Endocrinol. Metab.
105 (4), dgz240-8. doi:10.1210/clinem/dgz240

Supriya, R., Li, F. F, Yang, Y. D., Liang, W, and Baker, J. S. (2021). Association
between metabolic syndrome components and cardiac autonomic modulation among
children and adolescents: a systematic review and meta-analysis. Biology 10 (8), 699.
doi:10.3390/biology10080699

Wang, Y., and Hekimi, S. (2013). Mitochondrial respiration without ubiquinone
biosynthesis. Hum. Mol. Genet. 22 (23), 4768-4783. doi:10.1093/hmg/ddt330

White, P. J,, and Newgard, C. B. (2019). Branched-chain amino acids in disease.
Science 363 (6427), 582-583. doi:10.1126/science.aav0558

Wiirtz, P, Soininen, P, Kangas, A. J., Ronnemaa, T., Lehtiméki, T., K&honen, M., et al.
(2013). Branched-chain and aromatic amino acids are predictors of insulin resistance
in young adults. Diabetes Care 36 (3), 648-655. doi:10.2337/dc12-0895

Yoon, M. S. (2016). Te emerging role of branched-chain amino acids in insulin
resistance and metabolism. Nutrients 8 (7), 405. doi:10.3390/nu8070405

Zeid, S., Buch, G., Velmeden, D., S6hne, J., Schulz, A., Schuch, A, et al. (2024). Heart
rate variability: reference values and role for clinical profle and mortality in individuals
with heart failure. Clin. Res. Cardiol. 113 (9), 1317-1330. doi:10.1007/500392-023-
02248-7

frontiersin.org


https://doi.org/10.3389/fmolb.2025.1561987
https://doi.org/10.1016/j.jcjd.2017.09.002
https://doi.org/10.3390/vaccines10040514
https://doi.org/10.3390/metabo11080473
https://doi.org/10.1038/s41598-024-76287-z
https://doi.org/10.1038/s41392-023-01380-0
https://doi.org/10.1038/s41556-022-01071-y
https://doi.org/10.3389/fcvm.2022.893374
https://doi.org/10.3390/ijerph182412972
https://doi.org/10.3390/ijerph182010854
https://link.springer.com/10.1007/978-3-031-61628-0_35
https://link.springer.com/10.1007/978-3-031-61628-0_35
https://doi.org/10.3390/clockssleep6030023
https://doi.org/10.1177/00368504231223034
https://doi.org/10.3402/fnr.v59.26407
https://doi.org/10.1007/s40273-014-0243-x
https://doi.org/10.1093/intimm/dxab023
https://doi.org/10.1038/hr.2011.173
https://doi.org/10.1038/s12276-023-00967-5
https://doi.org/10.1515/tnsci-2020-0099
https://doi.org/10.1016/j.bbamcr.2016.01.023
https://doi.org/10.1038/nrendo.2014.171
https://doi.org/10.1152/physrev.00007.2009
https://doi.org/10.3390/metabo11010051
https://doi.org/10.1038/oby.2009.510
https://doi.org/10.3390/jcm12186051
https://doi.org/10.3390/jcm12186051
https://www.mdpi.com/2673-4591/8/1/10
https://www.mdpi.com/2673-4591/8/1/10
https://doi.org/10.3390/s23020832
https://doi.org/10.1161/CIR.0000000000000973
https://doi.org/10.1136/bmjopen-2017-020476
https://doi.org/10.1136/bmjopen-2017-020476
https://doi.org/10.3390/ijerph17103601
https://doi.org/10.1038/ncomms15259
https://doi.org/10.3389/fendo.2023.1161521
https://doi.org/10.3390/jcm9030617
https://doi.org/10.3389/fpubh.2017.00258
https://doi.org/10.1161/01.HYP.0000251679.87348.05
https://doi.org/10.1210/clinem/dgz240
https://doi.org/10.3390/biology10080699
https://doi.org/10.1093/hmg/ddt330
https://doi.org/10.1126/science.aav0558
https://doi.org/10.2337/dc12-0895
https://doi.org/10.3390/nu8070405
https://doi.org/10.1007/s00392-023-02248-7
https://doi.org/10.1007/s00392-023-02248-7
https://www.frontiersin.org/journals/molecular-biosciences
https://www.frontiersin.org

	Introduction
	Materials and methods
	Study design and ethical considerations
	Targeted metabolomics profiling and data analysis
	HRV measurement and analysis
	Whole-body bioimpedance assessment
	Machine learning procedures
	Statistical analysis

	Results
	Participants’ characteristics
	Dried blood spot metabolomic profile of the three subgroups
	Differentially regulated metabolites in NW versus OB, NW versus OW, and enrichment analysis
	Correlation between metabolites and HRV features
	Prediction of relevant metabolites through ML applied to HRV data

	Discussion
	Study implications and future directions
	Limitations

	Conclusion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Conflict of interest
	Generative AI statement
	Publisher’s note
	Supplementary material
	References

