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Abstract
Background: Low leukocyte mitochondrial DNA copy number (mtDNA-CN) 
has been associated with a high risk of atherosclerotic cardiovascular disease, 
but the mechanisms remain unclear. Changes in metabolomic profiles have 
frequently been observed during the transition from health to disease and are 
considered important intermediate phenotypes. Therefore, we aimed to inves-
tigate whether low mtDNA-CN is associated with worse metabolomic profiling 
using cross-sectional and genetic studies.
Methods: Among 61,186 unrelated European participants from the UK Biobank, 
we performed multivariable-adjusted linear regression analyses to examine the 
associations between mtDNA-CN and 168 NMR-based circulating metabolic 
biomarkers and 9 metabolic principal components (PCs) that collectively covered 
91.5% of the total variation of individual metabolic biomarkers. Subsequently, 
we conducted Mendelian randomization (MR) to estimate the causal effects of 
mtDNA-CN on individual biomarkers and the metabolic PCs. Genetic variants 
associated with mtDNA-CN, used as instrumental variables, were derived from 
a publicly available genome-wide association study of 465,809 individuals of 
White European ancestry, and genetic-biomarker associations were derived 
from the UK Biobank.
Results: After correction for multiple testing, low mtDNA-CN was associated with 
130 metabolic biomarkers, predominantly lower concentrations of some amino 
acids and higher concentrations of lipids, lipoproteins and fatty acids; more-
over, mtDNA-CN was associated with 7 out of the 9 metabolic PCs. Using MR, 
genetically-influenced low mtDNA-CN was associated with lower lactate, higher 
acetate, and a higher degree of unsaturation, and corresponding standardized 
betas (95% CIs) from the inverse variance weighted method were -0.17 (-0.26, 
-0.09), 0.15 (0.07, 0.23), and 0.14 (0.08, 0.20), respectively. In addition, per-SD 
decrease of mtDNA-CN was associated with lower metabolic PC2 (related to 
lower concentrations of lipids and fatty acids), and higher metabolic PC9 (related 
to lower concentrations of glycolysis-related metabolites).
Conclusion: Low mtDNA-CN was associated with metabolomic perturbations, 
particularly reflecting a pro-atherogenic metabolic profile. These findings support 
the potential of metabolomics to provide new insights into the mitochondrial 
induced changes preceding chronic diseases.
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Introduction
Mitochondria play a central role in the human body, as they are responsible 
for most of the cellular energy production through oxidative phosphorylation, 
biosynthetic processes of macromolecules such as heme and steroid hormone, 
and maintenance of calcium and redox homeostasis for signaling pathways1-3. 
Mitochondria have their own circular genome, the mitochondrial DNA (mtDNA), 
consisting of 37 genes, 13 of which encode proteins on the electron transport 
chain. The individual mitochondrion contains several copies of the mitochondrial 
genome, known as mtDNA copy number (mtDNA-CN), and therefore large vari-
ations of mtDNA-CN may exist between cells, tissues, and individuals. Altered 
mtDNA levels contribute to defects of mtDNA-coded proteins and RNAs, and 
disrupted cellular signals for apoptosis and autophagy, resulting in mitochondrial 
dysfunction4,5. Consequently, this will further aggravate oxidative stress and 
inflammation, both of which are key components in many pathophysiological 
processes, thus promoting chronic diseases and accelerating ageing6,7.

Mitochondrial dysfunction has been widely considered as a hallmark of the 
ageing process and compromised health6,7. Indeed, mtDNA-CN decreases with 
increasing age, especially among individuals older than 65 years8,9. In prospec-
tive cohort studies, low mtDNA-CN measured in the blood leukocyte has been 
linked to increased risk of several cardiovascular outcomes among the general 
population10-13 and mortality among patients with chronic kidney diseases14, as 
well as poor poststroke prognosis15. Similarly, in our previous studies, we observed 
associations between low mtDNA-CN and higher risks of coronary artery disease 
(CAD), heart failure, and stroke16,17, and for CAD we provided evidence favoring 
possible causality. However, the underlying mechanisms are not clear yet.

Importantly, all these diseases experience metabolic changes prior to and during 
their onset and progression. Metabolites are small molecules that result from 
biological processes, representing effective intermediate phenotypes to a given 
disease18. Metabolomics has offered the opportunity to comprehensively measure 
a broad range of metabolites in biological fluids, and thus to provide insight into 
disease mechanisms and to discover potential biomarkers. Therefore, we inves-
tigated the associations between mtDNA-CN in leukocytes and blood-derived 
metabolomic profiles with 168 metabolic biomarkers of predominantly lipids and 
lipoproteins (sub)particles measured using the Nightingale NMR-based platform 
in the UK Biobank (UKB). We triangulated our study by performing cross-sec-
tional multivariable-adjusted analyses, followed by Mendelian randomization 
(MR) studies that are free of most confounding factors and reverse causation.
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Methods
Cross-sectional study

Study population
The UKB is a prospective cohort with 502,628 participants between the age of 
40 and 69 years recruited from the general population at multiple assessment 
centers across the UK between 2006 and 2010. The UK biobank study was 
approved by the North-West Multi-center Research Ethics Committee (MREC). 
Access for information to invite participants was approved by the Patient Infor-
mation Advisory Group (PIAG) for England and Wales. All participants in the UK 
Biobank provided written informed consent. Invitation letters were sent to eligible 
adults registered to the National Health Services (NHS) and living within a 25 miles 
distance from one of the assessment centers. Participants provided information 
on their lifestyle and medical history through touch-screen questionnaires and 
physical measurements. Blood samples were collected for biochemical analy-
ses and genotyping. All participants provided electronically written informed 
consent for the study. Detailed information about the study design, investigation 
methods, as well as limitations has been reported previously19. Further details of 
the array design, genotyping, and imputation procedures have been described 
elsewhere20. All analyses were conducted under UKB application 56340.

mtDNA-CN
Full genotyped data were available from 488,377 individuals. MtDNA-CN was 
computed for unrelated European ancestry participants. A detailed step-wise 
exclusion of the study population was described elsewhere16. Somatic blood-de-
rived mtDNA-CN were assessed from the intensities of genotyping probes on the 
mitochondrial chromosome on the Affymetrix Array. The method for computing 
mtDNA-CN has been described in detail before (https://github.com/Grassman-
nLab/MT_UKB)8. Briefly, the relative amount of mtDNA hybridized to the array 
at each probe was log2 transformed ratio (L2R) of the observed genotyping 
probe intensity divided by the intensity at the same probe observed in a set 
of reference samples. The median L2R values across all 265 variants passing 
quality control on the MT chromosome were used as an initial raw measure of 
mtDNA-CN. To correct for the confounding induced by poorly performing probes, 
L2R values of each probe were multiplied by the weight of the probe that was 
generated from a multivariate linear regression model in which those intensities 
statistically significantly predicted normalized mitochondrial coverage from 
exome sequencing data. This resulted in a single mtDNA-CN estimate for each 
individual. To eliminate the plate effect, we subsequently standardized the CN 
to a mean of zero and standard deviation (SD) of one within each genotyping 
plate comprising 96 wells. An additional quality control step was performed by 
eliminating individuals with high standard deviation (SD) (two SD from the mean) 
of autosomal probes log2 ratio (L2R). Consequently, 293,245 individuals with 
eligible mtDNA-CN remained.
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Metabolomic profiling
A subset of ~120,000 UKB participants were randomly selected for plasma 
metabolomic profiling using a high throughput NMR-metabolomics platform 
(Nightingale Health, Helsinki, Finland). Details of the experimentation and applica-
tions of the platform have been described previously21, as well as representative 
coefficients of variations for the metabolic biomarkers.22 This platform provides 
simultaneous quantification of 168 metabolomic measures and 81 ratios from the 
plasma samples. We included only the direct measures in the current analyses 
and thus excluded the ratios, including lipoprotein subclasses (size-specific, 
n = 98), lipoprotein particle sizes (n = 7), cholesterol (n = 15), glycerides and 
phospholipids (n = 12), total lipids (n = 4), fatty acids (n= 9), amino acids (n= 10), 
glycolysis-related metabolites (n= 4), fluid balance (n= 2), inflammation (n= 1), 
ketone bodies (n= 4), apolipoproteins (n= 2). A full list of the measured metabolic 
biomarkers and their concentrations are presented in Table S1.

Statistical analyses
Individuals with any prevalent cardiovascular disease at baseline assessment 
were excluded. All metabolic biomarkers were log-transformed and subsequently 
scaled to standard deviation (SD) units for comparison before analyses.
Confounding factors were selected based on previous studies. Confounders 
included demographic parameters (age at recruitment, sex, deprivation index); 
the first ten genetic principal components to correct for possible remaining pop-
ulation stratification; genotyping batch; cell numbers (white blood cell counts 
and platelet counts); an anthropometric measure of body mass index (BMI) in 
kg/m2; self-reported lifestyle factors (smoking status [never, past and current], 
alcohol consumption frequency [twice or less per week/ more than three times 
per week], physical activity [MET hours per week for moderate-vigorous activ-
ity], sleep duration in hours and insomnia symptoms [yes/no]); lipid-lowering 
medication, blood pressure (mmHg, average of the two measurements taken a 
few moments apart when applicable).

Multivariable-adjusted linear regression models were performed to estimate the 
coefficient, representing changes in SD unit of individual metabolic biomarker 
corresponding to per one-SD lower mtDNA-CN, adjusted for confounding fac-
tors. Due to the high correlation of most metabolomic traits, particularly lipid 
subclasses, conventional correction for multiple testing is too stringent. There-
fore, we estimated the number of independent tests from the correlation matrix 
of the metabolomic measures using the “effective number” (Meff) procedure 
as described previously to correct for the significance level23, with an adjusted 
p-value of 0.05/37 (0.00134), where 37 represents the number of independent 
metabolomic measures.

Furthermore, given the intercorrelation of metabolic biomarkers, especially 
among lipid and lipoprotein (sub)particles, we subsequently performed principal 
component analysis (PCA), which aims at explaining the maximum variation 
in a multivariate dataset without a priori defined group, on all biomarkers to 
reduce the large number of correlated biomarkers to a much smaller number of 
uncorrelated metabolic principal components (PCs). PCs explained at least 1% 
variations and had an eigenvalue above 1 were selected for further analyses. 
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Consequently, 9 PCs met the criteria and were selected. The same analyses 
were performed for each PC as those for individual biomarkers.

We additionally conducted sensitivity analyses for individual biomarkers by 
excluding lipid-lowering medication users (N = 7770). Missing data in the covari-
ates (all less than 20%) were imputed using multiple imputations by chain 
equations (MICE)24, setting the number of imputed datasets to 10. The impu-
tation model included all covariates. A detailed description and comparisons 
between individuals with and without missing data in the UKB were available 
in our previous study16.

Mendelian randomization

Data source
133 independent (linkage disequilibrium < 0.05) nuclear single-nucleotide poly-
morphisms (SNPs) on autosomal chromosomes were used as genetic instruments 
that were previously identified in relation to mtDNA-CN at a genome-wide sig-
nificance threshold (p < 5e-08)25. This genome-wide association study (GWAS) 
was performed in 465,809 individuals of White European ancestry combining 
the Cohorts for Heart and Aging Research in Genomic Epidemiology (CHARGE) 
consortium and UKB. Genetic associations were adjusted for age, sex, and covari-
ates that were specific in each cohort, such as genetic PCs, blood collection 
sites, family structure, and cell composition. F statistics [(β/se)2] were computed 
to evaluate instrumental strength. Furthermore, we calculated the proportion of 
total variance in the exposure explained by each instrument (R2) separately26.

For gene-outcome associations, summary statistics (standardized regression 
coefficients for the SNP-metabolic biomarker association) for individual metabolic 
biomarkers were obtained from the MR-Base database by the MRC Integrative 
Epidemiology Unit at the University of Bristol (https://gwas.mrcieu.ac.uk/). In 
addition, we performed new GWAS on 9 identified metabolic PCs. We used the 
BOLT-LMM software with adjustment for age, sex, genetic principal components. 
Standardized regression coefficients for the SNP-metabolic PCs were used in 
the MR analyses.

Mendelian randomization analysis
The primary MR analysis was performed using the inverse-variance weighted 
(IVW) method to combine the SNP-specific Wald ratios for both individual met-
abolic biomarkers and metabolic PCs, assuming all instrumental variables are 
valid27. Results were expressed as changes in SD of each biomarker or metabolic 
PC per one-SD decrease in genetically-predicted mtDNA-CN. When the MR 
assumptions were met, this estimate approximated the causal effect. Sensitivity 
analyses accounting for pleiotropy were conducted, including Weighted-Median 
Estimator and MR-Egger regression28,29, both of which assume the instrumental 
variable assumptions are valis for at least half of the SNPs. The intercept from 
MR-Egger represents the average pleiotropic effect; when the intercept deviates 
from zero, estimates from IVW might be biased. MR-PRESSO (MR Pleiotropy 
RESidual Sum and Outlier) was applied to detect and correct for horizontal plei-



81

CHAPTER 4

4

Table 1 Baseline charactertistics of the study participants
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Chapter 4 Tbale 1 
 
VVaarriiaabblleess  NN  ==  6611,,118866    
Age (years) 56.5 (8.0) 
Sex (female) 33,417 (54.6%) 
White blood cell count (109/L) 6.9 (1.9) 
Platelet count (109/L) 253.9 (59.1) 
Deprivation index -1.7 (2.9) 
Body mass index (kg/m2) 27.2 (4.6) 
Diastolic blood pressure (mmHg) 82.4 (10.1) 
Systolic blood pressure (mmHg) 138.1 (18.6) 
Blood pressure-lowering medication  

Yes 10,664 (17.4) 
No 50,522 (82.6) 

Blood chemistry  
Total cholesterol (mmol/L) 5.8 (1.1) 
HDL (mmol/L) 1.5 (0.4) 
LDL (mmol/L) 3.6 (0.8) 
Triglycerides (mmol/L) 1.7 (1.0) 

Cholesterol lowering medication  
Yes 7,770 (12.7) 
No 53,416 (87.3) 

Physical activity (moderate-vigorous MET hours/week) 27.0 (34.2) 
Alcohol consumption frequency  

At least three times per week 28,246 (46.2) 
Twice or less per week 32,899 (53.8) 
Data missing 41 (0.1) 

Smoking status  
Current 5,928 (9.7) 
Previous 20,810 (34.0) 
Never 34,242 (56.0) 
Data missing 206 (0.3) 

Sleep duration (hours) 7.1 (1.2) 
Insomnia  

Usually 16,716 (27.3) 
Sometimes 29,575 (48.3) 
Never/rarely 14,855 (24.3) 
Data missing 40 (0.1) 

 

 
 

6 
 

 
Data are mean (SD) for continuous variables and frequency (percentage) for categorical 
variables. Some percentages do not add up to 100 because of rounding. BMI: Body mass 
index; HDL: high-density lipoprotein cholesterol; LDL: low-density lipoprotein cholesterol; 
CVD: cardiovascular disease. 
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otropy through removing outliers30. Moreover, we examined the heterogeneity 
using Cochran’s Q statistic among all SNPs within each outcome database.

All the analyses were performed using R (v4.0.2) statistical software (The R Foun-
dation for Statistical Computing, Vienna, Austria). Packages used in the analyses 
included “mice” for multiple imputations, “TwoSampleMR” for MR analyses. All 
results were reported as betas with accompanied 95% confidence intervals.

Results
Characteristics of the study population are presented in Table 1. In total, 61,186 
unrelated individuals with no history of cardiovascular diseases were included in 
the analyses with available mtDNA-CN and metabolomic measures. The mean 
(SD) age was 56.5 (8.0) years, and 54.6% (N= 33,417) were women.

Individual metabolic biomarker

Table 2 Cross-sectional associations of mtDNA-CN with the first 9 
metabolomic principal components (PCs)
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Chapter 4 Table 2 
 
PPCCss  MMaaiinn  llooaaddiinnggss  MMaaiinn  mmooddeell11  

1 
Positive associations with most lipids and lipoproteins 
(except for extra-large and large HDL particles) and 
fatty acids. 

0.262 (0.194, 0.330) 

2 
Negative associations with most lipids and lipoproteins 
(except for LDL subclass chylomicrons and 
triglycerides within each subparticle), and fatty acids. 

-0.194 (-0.235, -0.153) 

3 
Negatively associated with IDL, LDL, and HDL (but not 
extra-large HDL); -0.027 (-0.060, 0.006) 

4 Negative associations with HDL 0.022 (-0.001, 0.045) 

5 Positive associations with amino acids -0.049 (-0.066, -0.032) 

6 Negative associations with ketone bodies -0.02 (-0.035, -0.006) 

7 

Negative associations with ketone bodies (associations 
with lipids and lipoproteins are opposite to the 
associations of PC6 with lipids and lipoproteins, despite 
very weak) 

-0.031 (-0.043, -0.018) 

8 Positive associations with fatty acids -0.096 (-0.107, -0.085) 

9 
Negative associations with glycolysis-related 
metabolites -0.038 (-0.049, -0.027) 

 

1Betas (95%CI) were adjusted for age at recruitment, sex, deprivation index, the first ten 
genetic principal components, genotyping batch, white blood cell counts and platelet 
counts, body mass index, smoking status, alcohol consumption, physical activity, sleep 
duration and insomnia, lipid-lowering medication, blood pressure and hypertensive 
medication. 
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After adjustment for potential confounding factors, mtDNA-CN was significantly 
associated with 130 out of 168 metabolic biomarkers after correcting for mul-

Figure 1 Associations between low leukocytes mtDNA-CN and 168 NMR-
based circulating metabolic biomarkers
The inner circle represents the associations derived from multivariable linear regression models 
among 61,168 unrelated individuals from the UK Biobank, adjusted for age, sex, deprivation index, 
the first ten genetic principal components, genotyping batch, white blood cell counts and platelet 
counts, body mass index, smoking status, alcohol consumption, physical activity, sleep duration in 
hours and insomnia, lipid-lowering medication, blood pressure and hypertensive medication. The 
outer circle represents the estimates obtained from Mendelian randomization inverse-variance 
weighted method. All point estimates represent the standardized change in metabolic biomarker 
concentration per standard deviation change in mtDNA-CN. Hollow points indicate the associations 
were not statistically significant after correction for multiple testing (p > 0.05/37, where 37 represents 
independent metabolomic measures).
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tiple testing (p < 0.05/37), as shown in Figure 1 (inner circle). A one-SD lower 
mtDNA-CN was associated with higher concentrations of most lipoprotein (sub)
particles, except for chylomicrons, and the associations with triglycerides within 
each subclass were generally smaller than other (sub)particles. Similarly, low 
mtDNA-CN was related to higher concentrations of several biomarkers, including 
most fatty acids except for omega-3 fatty acids and docosahexaenoic acid, amino 
acids of alanine, glutamine, glycine, and valine, glycolysis related metabolites of 
citrate, lactate, and pyruvate, and two apolipoproteins. Results from sensitivity 
analyses after excluding individuals with lipid-lowering medication remained 
similar to those obtained from the main analyses (Table S2).
We included 112 genetic variants available in individual metabolic biomarker 
GWAS in the MR analyses. F-statistics for each SNP ranged from 15.6 to 634.4, 
and all the included genetic variants explained approximately 2.0% variation in 
mtDNA-CN. Detailed information on genetic variants is available in Table S3. 
Genetically-influenced mtDNA-CN were not associated with any lipid (sub)par-
ticles or amino acids upon correction for multiple testing (0.05/37) in the IVW 
analyses (Figure 1, outer circle). Notwithstanding, the associations of mtDNA-CN 
with lipids and lipoproteins in MR analyses generally showed similar trends 

Figure 2 Associations between leukocyte mtDNA-CN with 9 metabolic 
principal components (PCs) derived from 168 NMR-based metabolic bio-
markers in Mendelian randomization (MR)
X-axis represents the estimates derived from Mendelian randomization (MR) analyses and are 
expressed as changes in SD of each metabolic PC per one-SD decrease in genetically-predicted 
mtDNA-CN. Y-axis represent different MR methods. No outlier was detected for PC5, and therefore 
no estimate was available in MR-PRESSO for outlier correction.



85

CHAPTER 4

4

To the best of our knowledge, we provide the first evidence for potential causal 
associations of mtDNA-CN on metabolomic profiling in a large cohort. Previously, 
the association between mtDNA-CN with lipid dysregulation defined according 
to biochemically measured lipids levels is inconclusive. In a recent cross-sec-
tional study including 408,361 participants of multiple ancestries (including 
UKB), lower mtDNA-CN was associated with higher odds of hyperlipidemia as 
high total cholesterol or triglycerides or use of lipid-lowering medication9. Con-
versely, mtDNA-CN was not associated with any cardiometabolic phenotypes 
including lipids among two cohorts of UK young and old women31. Nevertheless, 
in case-control settings, mtDNA-CN was lower among individuals with either 
hyperlipidemia32 or metabolic syndrome33-35. In only one study with merely 310 
participants and 44 measured metabolites, it was observed that mtDNA-CN 
was associated with circulating metabolites indicative of perturbed lipid metab-
olism36. In the present study, we specifically identify the relationship between 
low mtDNA-CN with several lipids and lipoproteins reflecting a pro-atherogenic 
metabolic profile through cross-sectional analyses and MR analyses on metabolic 
PC2. Although MR results from individual metabolic biomarker did not yield any 
significant associations on lipids and lipoproteins, this might be due to insuffi-
cient statistical power and the trend of these associations were similar to those 
from multivariable-adjusted linear models. Collectively, altered mitochondrial 
respiration, reflected by low mtDNA-CN may contribute to lipid dysregulation 
that leads to further cardiovascular diseases.

Glycolysis is the most important pathway for glucose metabolism in cellular 
metabolism converting glucose to pyruvate for supplying energy via a series 
of intermediate metabolites. Pyruvate lies at the crossroads of glycolysis and 
mitochondrial oxidation, and lactate elevates when the flux through glycolysis 
overwhelms the utilization of pyruvate in the mitochondria. Often, patients with 
mitochondrial disease suffer from lactic acidosis, a condition in which lactic acids 
are increased in the body. In experimental studies, pyruvate has been shown 
to protect against stroke possibly by mitigating inflammation37,38. Nevertheless, 
most of the currently available epidemiological studies have shown positive 
associations between high levels of either lactate or pyruvate with a higher 
risk of several cardiovascular endpoints and poor prognosis39-42, whereas other 
studies failed to observe similar relationships42-45. In our cross-sectional study, 
we observed an association between low mtDNA-CN and high concentrations of 
both lactate and pyruvate. However, in MR analyses, genetically-determined low 
mtDNA-CN was associated with low lactate and high metabolic PC9 (inversely 
related to glycolysis-related metabolites). These discrepancies are likely owing 
to that either lactate or pyruvate solely is not a prominent biomarker of mito-
chondrial function. Interestingly, the lactate-to-pyruvate ratio in conjunction with 
high lactate has been considered as the most reliable biomarker to differentiate 
inherited mitochondrial disorders or disturbances in the tricarboxylic acid cycle46, 
whether it is also a stable biomarker for compromised mitochondrial function 
needs to be validated in future research.

There is no evidence favoring a causal link between mtDNA-CN with other 
metabolomic measures, including amino acids and fatty acids. For amino acids, 
results from both cross-sectional and MR consistently showed null associations. 
Although amino acids have been associated to several metabolic-related dis-
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eases from both observational and MR studies46,47, this may indicate that the 
effect of low mtDNA-CN on chronic diseases is independent of dysregulation of 
amino acids. For fatty acids, in spite of the solid associations in cross-sectional 
analyses, MR analyses that are free of reverse causation and most of the con-
founding factors from either individual biomarker or metabolic PC that are closely 
related to fatty acids (PC6) failed to validate these associations. Taken together, 
fatty acids are unlikely the causal intermediate phenotypes from mitochondrial 
function to chronic diseases.

The main strength of our study is that we used two different epidemiological 
methods that have different and largely unrelated sources of potential bias, and 
two different dimensions, i.e. individual metabolic biomarkers and metabolic PCs, 
to infer causality. Similar effects converged from different approaches largely 
strengthens the associations and favors potential causality between mtDNA-CN 
and metabolomic profiling. Our study had several limitations. First, mtDNA-CN 
were derived from the blood, which might not be representative for those in 
different tissues and organs. Tissues with higher energy demands harbor more 
mitochondria and consequently have a higher mtDNA-CN, such as the heart, brain, 
and skeletal muscles. However, mtDNA-CN measured in the blood and different 
tissues are not necessarily intercorrelated48, and therefore the interpretation of 
the findings should cautiously restrict to the quantitative mtDNA information 
specifically about the blood. In addition, the calculation of mtDNA-CN from chip 
arrays might have introduced noise due to the small number of variants. Con-
sequently, we exploited a validated weighted mtDNA-CN approximating what 
would be estimated from exome sequencing8. Furthermore, mtDNA mutations 
and deletions have been implicated in the pathogenesis of several diseases, 
particularly atherosclerosis. Nevertheless, due to the lack of data, we could not 
perform additional analyses and therefore further deep sequencing of the entire 
mitochondrial genome will facilitate the understanding of mitochondrial function 
in metabolomic changes.

Conclusion
Low mtDNA-CN was associated with metabolomic perturbations, particularly a 
more pro-atherogenic metabolic profile. These findings support the potential of 
metabolomics to provide new insights into the mitochondrial-induced changes 
preceding chronic diseases.
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