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People who visit high-altitude for research and development work, pilgrimage, recreational purposes 
and deployments are exposed to different environmental conditions such as low temperature and 
atmospheric pressure, leading to hypoxia, high radiation, dry air, and non-availability of fresh food 
and vegetables. These environmental stressors have significant physiological effects on the human 
body. Among these challenges, hypobaric hypoxia at high-altitude affects aerobic metabolism and 
thereby reduces the supply of metabolic energy. Metabolic alterations may further lead to extreme 
environment related maladaptation as evidenced by alterations in the levels of metabolites and 
metabolic pathways. To investigate the variation in the metabolite profile, urine samples were 
collected from 16 individuals at baseline (BL, 210 m) and high-altitude (HA, 4200 m). Untargeted 
urinary metabolic profiling was performed by liquid chromatography-mass spectrometry (LC–MS) 
in conjunction with statistical analysis. Univariate and multivariate statistical analyses revealed 
33 differentially abundant metabolites based on fold change, VIP score and p value. These distinct 
metabolites were primarily associated with pathways related to phenylalanine, tyrosine and 
tryptophan biosynthesis; metabolism of phenylalanine, biotin, tyrosine, cysteine and methionine 
along with alanine, aspartate and glutamate metabolism. Thes pathways are also linked with 
pentose and glucuronate interconversions, citrate cycle, vitamin B6 and porphyrin metabolism. 
Furthermore, receiver operating characteristic curve analysis detected five metabolites namely, 
2-Tetrahydrothiopheneacetic acid, 1-Benzyl-7,8-dimethoxy-3-phenyl-3H-pyrazolo [3,4-c] isoquinoline, 
Abietin, 4,4′-Thiobis-2-butanone, and Hydroxyisovaleroyl carnitine with high range of sensitivity and 
specificity. In summary, this longitudinal study demonstrated novel metabolic variations in humans 
exposed to high-altitude, utilising the potential of LC–MS based metabolomics. Thus, the present 
findings shed light on the impact of hypoxic exposure on metabolic adaptation and provide a better 
understanding about the pathophysiological mechanisms underlying high-altitude illnesses correlated 
to tissue hypoxia.
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The primary physiological challenges posed by high-altitude (HA) environment is the combination of low 
oxygen and pressure levels, leading to hypobaric hypoxia (HH), which adversely affects human health. Ascending 
to HA often results in symptoms such as headache, dizziness, fatigue, insomnia, cognitive impairment and 
gastrointestinal issues (loss of appetite, nausea and vomiting)1. The process of adaptation to hypoxia likely to 
induce variations in biochemical parameters across various biological fluids, leading to shift in metabolites 
and metabolic pathways. Multiple investigations have been conducted under varying hypoxic conditions 
to comprehend these metabolic changes. For instance, Gareth et al. documented the activation of pathways 
linked to lipid, protein, and purine nucleotide metabolism in response to exercise under hypoxic and normoxic 
conditions; though hypoxia per se did not induce a greater metabolic alterations when compared with normoxia2. 
Another group of researchers reported alterations in several metabolic pathways such as energy, inflammatory 
response, heme and bile-acid metabolism in healthy individuals in fourth day response of HA (5300 m)3. In 
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addition to above, a study scrutinized the metabolomic alterations in the plasma of healthy individuals both 
prior and during the ascend to Everest Base Camp (5300 m) towards escalating exposure to hypobaric hypoxia. 
Their findings indicated an increase in glycolytic rate, by virtue of decreased isoleucine and glucose4. Gandhi 
et al.5 reported that exposure to chronic environmental hypoxia at Siachen Camp (3700 m) led to alteraions 
in cis-aconitate, tyrosine, nicotinamide mononucleotide, choline and creatinine in urine samples using a 1H 
NMR metabolomic technique. Occurrence of acute mountain sickness (AMS) at HA is also very common. Zhu 
et al.6 found that hypoxanthine, cysteinylglycine, d-arabitol, l-allothreonine, 2-ketobutyric acid and succinate 
semialdehyde in the plasma of AMS patients were increased significantly. Reduced abundance of creatinine 
detected in human urine and variations in ATP production related pathways may contribute for susceptibility 
to AMS at HA (4300 m)7.

The balance of bio-fluid metabolites within cells and tissues is very intricate, and any disruptions in cellular 
processes can lead to alterations in the composition of bio-fluid metabolites8. Among all bio-fluids, urine stands 
out as an excellent medium for monitoring dynamic responses to various stimuli9,10. It is a versatile bio-fluid 
produced by the kidneys, contains a diverse array of compounds, including both endogenous and exogenous 
substances such as amino acids, fatty acids, lipids, carbohydrates, hormones, peptides, xenobiotics, and 
metabolic end products like glucuronides and sulfo-conjugates11. It offers several advantages for epidemiological 
studies as it is plentiful, sterile, and easy to collect biological fluid12. Urine provides insights into numerous 
vital functions of the body through the presence of metabolites originating from various primary biochemical 
processes, reflecting patho-physiological conditions, cardio-metabolic factors, gut microbial metabolism, and 
short-term dietary intake13–15.

Metabolomics is a powerful technique used for the quantitative differential analysis of metabolite levels in 
response to pathological, physical, or chemical stimulus including changes in oxygen availability16. Advancements 
in chromatography, mass spectrometry, and bioinformatics have enabled metabolomics to conduct “untargeted” 
screenings, characterizing both known and unknown smaller metabolites (molecular weight < 1500 Da) across 
various conditions17. The primary platforms utilized in metabolomics include gas chromatography-mass 
spectrometry (GC–MS), liquid chromatography-mass spectrometry (LC–MS), and proton nuclear magnetic 
resonance (1H NMR). Each platform presents distinct advantages and drawbacks18. In comparison to the limited 
sensitivity and extensive sample preparation required for 1H NMR, as well as the lower throughput of GC–MS 
due to factors like derivatization, LC–MS offers high sensitivity, increased throughput capacity, and simplified 
sample preparation. Additionally, the combination of separation techniques, such as chromatography, with MS 
significantly enhances its ability to analyze highly complex biological samples, positioning LC–MS as one of the 
most widely utilized platforms in metabolomic research in last decade19.

Currently, there is a scarcity of scientific literature on metabolic alterations at high-altitudes, and our study 
differs significantly from previous studies in this area. One notable difference is the ascending height of the 
participants which was 4200 m, which is greater than that reported in many other studies5,7. This study seeks to 
fill this gap by identifying alterations in the urine metabolites of human volunteers exposed to hypoxia at HA. 
To the best of our knowledge, no longitudinal study has been performed on human urinary metabolites at an 
altitude of 4200 m, and our study the first attempt to assess changes in urinary metabolite profiles in Indian male 
volunteers of the same ethnicity who are ascended to such extreme altitude. This research further investigated 
the modulation of metabolic pathways and potential biomarkers. To achieve these objectives, the present study 
employs an LC–MS based metabolomic approach to analyse the metabolic composition and variations among 
different study groups through multivariate and pathway analysis techniques.

Materials and methods
Subject recruitment and ethical consent
A total of 16 healthy, male participants aged between 22 and 35 years were recruited for the study. Although our 
study was designed to be gender-inclusive, no female participants volunteered to take part in the study. Prior 
to enrolment, individuals underwent comprehensive medical and psychological assessments to exclude any 
underlying diseases, ensuring the recruitment of a healthy population. None of the participants used any drug 
or antibiotic that could significantly affect the cellular and biochemical metabolism. All expedition participants 
understood the nature of the study and we have obtained informed consent from all the volunteers. The article 
does not contains any information or images that could lead to identification of the study participant and there 
were no patient or human names were mentioned in the manuscript. Ethical approval for the study was received 
from Institutional Research Ethics Committee. All other study procedures were carried out in compliance with 
the principles outlined in the Declaration of Helsinki.

Sample collection
First urine pass from the morning, was collected in sterile urine vials. The initial sample collection took place 
at the baseline, denoted as BL (210 m). After the BL collection, the participants travelled to different altitudes 
(3000–4500 m) for acclimatization and reached at HA, 4200 m and the final collection was performed after 
their stay for one month at HA. Within 1 h of collection, all the samples were immediately treated with sodium 
azide (2.5 mM), centrifuged for 10 min at 4000 rpm for removal of particles. The samples were immediately 
distributed in aliquots of 2 ml each and stored at − 40 °C. The sample were then transported to base level, stored 
at − 80 °C for further acquisition and analysis.

Sample preparation
200 μL urine sample was combined with 200 μL of acetonitrile, followed by vortexing the mixture for 30  s. 
Then, the mixture underwent centrifugation at 14,000×g for 10  min at 4  °C. Samples were re-suspended in 
MeOH:water (1:1, 0.2% formic acid) with 10 µL injection volume. Sample introduction was via UPLC (Dionex 
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UltiMate 3000). ESI ionization (positive/negative mode) was used with capillary voltage 3.5  kV, source 
temperature 320 °C, sheath gas 35 psi, and auxiliary gas 10 psi. The mass analyzer (Orbitrap, full scan mode, m/z 
100–1000, resolution 70,000 FWHM, accuracy < 2  ppm) ensured high precision. Calibration used LockMass 
(m/z 445.12003, flow rate 5 µL/min, frequency 30 s), ensuring adherence to Metabolomics Standards Initiative 
(MSI) guidelines.

Untargeted metabolomics using LC–MS
All LC–MS experiments were carried out using the Dionex UltiMate 3000 UHPLC (Thermo Fisher Scientific, 
MA, USA) system equipped with a binary solvent delivery manager and a sample manager, coupled with a 
Thermo Orbitrap Exploris mass spectrometer 240 (Thermo Fisher Scientific, CA, USA) with operating in 
positive (ESI+) and negative (ESI-) electrospray ionization mode, separately. Separation was achieved with 
solvent A [Water + 0.1% (v/v) formic acid] and solvent B [Acetonitrile + 0.1% (v/v) formic acid] with a flow rate 
of 0.35 mL/min. The total gradient time was set at 16 min with the following gradients: 0 min (2% B), 0–2 min 
(2% B), 2–5 min (2–20% B), 5–9 min (20–100% B), 9–13 min (100% B), 13–13.1 min (2% B) and 13.1–16 min 
(2% B). The mass spectrometric data were collected using a Thermo Orbitrap Exploris mass spectrometer.

Data processing and analysis
Pre-processing of the data was performed using Thermo Q Exactive Orbitrap raw files converted to mzML with 
ProteoWizard (version 3.0). Compound Discoverer (CD) 3.3 (Thermo Fisher Scientific, MA, USA) software was 
used for workflow-based analysis, including background subtraction, noise reduction, retention time alignment 
(max shift 0.2 min), and peak picking (min peak intensity 5 × 103, S/N ratio ≥ 3). Spectral deconvolution was 
applied to resolve overlapping peaks, and adduct detection (H+, Na+, K+, NH4+) was included for feature 
annotation. Compound grouping was performed across samples using m/z (mass tolerance 5  ppm) and RT 
similarity (0.2 min window). For compound consolidation, mass tolerance was set at 5 ppm and retention time 
(RT) to 0.2 min. Metabolite annotation at Level 2 (putative annotation) was performed through ChemSpider 
and mzCloud databases. ChemSpider database search was performed with KEGG and Human Metabolome 
Database20. The analysis results were exported with following filtration criteria: delta ppm range from − 5 
to + 5 ppm. Both positive and negative mode analysis was performed separately, which was combined at later 
stage and duplicates were removed.

Statistical analysis
MetaboAnalyst 6.0 (https://www.metaboanalyst.ca/home.xhtml), an online analysis software was used for 
statistical analysis, metabolite functional annotation and pathway analysis21. We conducted a data normalization 
process, followed by a principal component analysis (PCA). It was used to supervise holistic metabolomic 
alterations between BL and HA group participants and to inspect the stability of this study. Furthermore, an 
orthogonal partial least squares discriminant analysis (OPLS-DA) was employed to distinguish between both 
the groups and identify significant variables contributing to this classification, utilizing variable importance in 
projection (VIP) values/score. The t-test statistical analysis was utilized to identify the variance in metabolites 
between the groups with Benjamini–Hochberg false discovery rate (FDR) to adjust p-value for multiple 
hypothesis testing. Volcano plots were generated to screen important metabolites with fold change (FC > 2 
or < 0.5) between the groups. Then, for the determination of differential metabolites with VIP > 1, FC > 2 or < 0.5, 
and p-value < 0.05, were considered. Correlation analysis between differential metabolite was performed by 
pearson correlation analysis. Metabolic pathway analysis was also done to identify any significant modulation 
caused by pathophysiological mechanisms associated with acclimatization to hypobaric hypoxia in the HA 
group’s metabolic pathway. Lastly, a receiver operating characteristic (ROC) curve was constructed to assess the 
discriminatory capability of potential biomarkers in distinguishing between BL and HA group.

Results
Metabolite analysis using LC–MS of human urine samples
The present study demonstrates the untargeted metabolomics of total 32 urine samples of BL and HA conditions 
through LC–MS techniques. A total of 287 and 353 metabolites were detected in negative and positive modes, 
respectively. After metabolite annotations from both positive and negative, duplicates were deleted and a total of 
391 metabolites were left for analysis (Table S1). Typical total ion current chromatograms in positive ion mode 
and negative ion mode of LC–MS are shown for BL (Fig. 1a,b) and HA (Fig. 1c,d), where variations can be 
visually observed between the two urine sample chromatograms.

Metabolic profiling of human exposed to hypobaric hypoxia by LC–MS
At first, unsupervised PCA score plots were generated for the preliminary assessment of urine metabolite profiles 
which changed significantly as the subjects moved from BL to HA, reflecting the subjects’ response to altitude 
changes. Principal components 1 and 2 (i.e. PC1 and PC2), which accounted for 20.1% and 12.4%, respectively, 
provided the best group separation (Fig. 2a). To delve deeper into the discriminatory metabolites between the 
groups, a supervised OPLS-DA model was executed. The score plot revealed a distinct separation between the 
two groups (Fig. 2b). The OPLS-DA model was cross-validated via a permutation analysis (n = 20), and good 
discrimination was detected between the two groups revealing significant differences in the metabolic profiles 
of the BL and HA urine samples (Fig. 2c). The OPLS‐DA model was evaluated through cross‐validation and 
goodness-of-fit parameters were employed. R2X and R2Y estimate the goodness of fit and Q2 is the qualitative 
measure of the predictive ability of the OPLS-DA model (Fig. 2d).
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Selection of differential metabolites in human urine at HA
In the present study, we applied three types of criteria to identify the significantly altered metabolites between 
groups. First, VIP scores were extracted from the OPLS-DA model and the VIP plot was generated (Fig. 3a, Table 
S2). Second, for the identification of upregulated and downregulated metabolites, a volcano plot was constructed 
(FC > 2 and < 0.5). According to the volcano plot, there were 20 significantly upregulated metabolites (marked as 
red dots) and 13 downregulated metabolites (marked as blue dots) (Fig. 3b, Table S4). Third, univariate analysis 
(t-test) was used to compute the statistical significance as a p-value (Table S3), revealing a total of 33 metabolites 
highlighted as differentially abundant metabolites. The final results of the selected differentially abundant 
metabolites are presented in Table 1.

Cluster heat map and correlation analysis of differential metabolites in human urine
To identify a correlation between differential metabolites, because strongly correlated metabolites are closely 
associated with metabolic networks, participate in the same metabolic pathway, or are directly connected 
through some biochemical reactions. This analysis extends the utility of metabolite profiles to unravel the global 
regulatory phenomena underlying phenotypes via systems biology approaches. To elucidate this metabolite 
correlation, a heatmap (Fig. 4, Table S5) was generated with only differentially abundant metabolites (n = 33) on 
the basis of Pearson correlation (coefficient value, |r|> 0.8). A heatmap offers an intuitive depiction of the data, 

Fig. 1.  Representative total ion chromatograms of urine samples separated by LC–MS. (a) Base level, positive 
mode, (b) base level, negative mode, (c) high-altitude, positive mode, and (d) high-altitude, negative mode.
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with each colored cell representing the log-normalized concentration of the metabolites within the dataset. The 
Pearson correlation coefficient (r) served as an index to evaluate the correlation among biological replicates, 
where r values near 1 signify a robust correlation between the samples. A significance level of p < 0.05 was 
used to determine statistically significant correlations. The results revealed that N-Acetyl-S-2-hydroxyethyl-
l-cysteine was significantly (p < 0.0001) correlated negatively with 4,7-Dihydroxy-2,2-dimethyl-3,4-dihydro-
2H-chromen-5-yl hexopyranosiduronic acid (r = -0.71798, Dihydrocaffeic acid 3-sulfate (r = − 0.74918) 
and 2-Hydroxyacetaminophen sulfate (r = -0.73505). The analysis also showed significantly (p < 0.0001) 
positive correlation of 2-Tetrahydrothiopheneacetic acid with Dihomomethionine (r = 0.85551), Etilevodopa 
(r = 0.81039) and 4,4′-Thiobis-2-butanone (r = 0.8155) (Table 2).

Pathway analysis of differential abundant metabolites at high-altitude
Metabolic pathway analysis was carried out to gain more insight into these significantly modulated metabolites 
resulting from high-altitude hypoxia utilizing Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis 
was used to identify metabolic pathways influenced by high-altitude hypoxia. Each affected pathway was 
screened using the following conditions: pathway impact > 0.05 and p < 0.05, which were computed by pathway 
topology analysis. A total of 29 metabolic pathways were found on the basis of the pathway enrichment results 
(Table S6). Among them, there were 10 pathways whose impact values were > 0.05, shown in Fig. 5 and Table 
3. Two metabolic pathways namely Pentose & glucuronate interconversions and Vitamin B6 metabolism, were 
significantly enriched.

Moreover, we conducted a quantitative enrichment analysis utilizing the MetaboAnalyst 6.0 pathway 
enrichment module and its affiliated Small Molecule Pathway Database (SMPDB) to expand the scope of the 
metabolomic investigation. In the Fig. 6, Table 4 and table S7 showed two significantly altered pathways i,e., 

Fig. 2.  Metabolomic analysis of HA and BL urine samples was conducted, comprising (a) PCA score plot 
based on the LC–MS Spectra of urine samples from BL and HA, (b) An OPLS-DA model with logarithmic 
transformation and Pareto scaling for the metabolomics profiling of urine samples, and (c) OPLS-DA Model 
validation via a permutation test employing n = 20 permutations. (d) Goodness-of-fit parameters generated 
from the OPLS-DA model, with one predictive (p1) and two orthogonal (o1, and o2) components.
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tryptophan metabolism (p < 0.00437), catecholamine biosynthesis (p < 0.0343), arginine and proline metabolism 
(p < 0.0381) and carnitine synthesis (p < 0.044).

Potential biomarker analysis using MetaboAnalyst
To assess the discriminatory ability of the 33 aforementioned differentially expressed metabolites between BL 
and HA, we used biomarker analysis via the web server MetaboAnalyst 6.0. First, we performed univariate 
ROC curve analyses for calculation of the Area Under the Curve (AUC), which presented a numerical value 
description of the relationship between sensitivity and specificity for a given test (Table S8). As presented 
here, an AUC < 0.5 indicates that the test has no diagnostic value, an AUC of 0.8–0.9 indicates that the test has 
good accuracy, and an AUC > 0.9 indicates that the diagnostic test has high accuracy. Finally, we obtained five 
differential metabolites whose AUC values were significantly different between the BL and HA subjects. The 

Fig. 3.  Differentially abundant metabolite identification and selection. (a) Volcano plot obtained with 
univariate statistical tests and the magnitude of the change (FC > 2 and < 0.5) in metabolites. Red dots represent 
the metabolites with p-value < 0.05 and FC > 2. The blue dots represent the metabolites with p-value < 0.05 
and FC 0.5. The grey dots represent the metabolites with p-value > 0.05. (b) Top 25 significant features of the 
metabolite markers based on the VIP projection.
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sensitivity, specificity and area under the curve of the metabolites were as follows: 2-Tetrahydrothiopheneacetic 
acid (0.9, 0.9, 0.97), 1-Benzyl-7,8-dimethoxy-3-phenyl-3H-pyrazolo[3,4-c]isoquinoline (0.9, 0.9, 0.93), Abietin 
(0.8, 1, 0.924), 4,4′-Thiobis-2-butanone (0.9, 0.9, 0.922), and Hydroxyisovaleroyl carnitine (0.9, 0.9, 0.914) 
(Fig. 7).

Discussion
Hypoxia experienced at HA exerts a profound and extensive impact on metabolites, eliciting notable alterations 
in various metabolites and pivotal enzymes. Numerous studies have demonstrated that acute and prolonged 
exposure to HH results in the physiological responses which include alterations in neurological, cardiac, 
pulmonary, gastrointestinal, and hematological functions, with adaptations to hypoxia frequently mirrored 
in the regulatory pathways of associated metabolites3,4,22,23. The current study underscores the comparison 
of metabolic profiles in urine samples following exposure to physiological, environmental, and psychological 
stress at BL versus HA. We performed unsupervised, nontargeted LC–MS bases metabolomics to investigate 
the metabolic alterations, screen differentiated metabolites and metabolic pathways to understand metabolic 
responses under adaptation/maladaptation to HA stress. First, the PCA score plot illustrated a trend of group 
clustering allowing visualization of the differentiation of each data point, and representing the metabolic 
spectrum of every individual between the BL and HA groups (Fig. 2a). Additionally, VIP scores from the OPLS-
DA model (Fig.  2b), fold changes from the volcano plot (Fig.  3b), and univariate t-test analysis collectively 
selected 33 metabolites showing differential expression as shown in Table 1. Subsequent pathway and metabolite 
enrichment analyses revealed notable alterations in multiple pathways (Figs. 5, 6).

Exposure to HA hypoxia results in many serious neurological concerns, including sleep disturbance, mental 
and cognitive impairment24. Amino acid metabolism plays significant role in regulating neuronal activity 

S. No Metabolites p Value FC VIP

1 Dihydrocaffeic acid 3-sulfate 0.000325 2.067 2.241

2 2-[3,5-dihydroxy-4-(sulfooxy)phenyl]acetic acid 0.001291 2.918 1.386

3 2-Tetrahydrothiopheneacetic acid 5.98E-05 3.589 2.438

4 Promazine 5-sulfoxide 0.000469 2.832 2.194

5 (1S,2S,4R)-1,8-Epoxy-p-menthan-2-ol glucoside 0.000117 4.301 2.135

6 Abacavir 2.69E-05 2.460 1.960

7 Trihomomethionine 0.000332 2.708 2.205

8 Methylxanthine 0.002985 3.950 1.690

9 Abietin 2.21E-05 3.041 2.270

10 p-Coumaric acid sulphate 0.001976 2.269 1.360

11 4,4′-Thiobis-2-butanone 5.80E−05 3.093 2.413

12 2-Hydroxyacetaminophen sulphate 0.000319 3.357 2.297

13 Etilevodopa 6.21E−05 2.770 2.265

14 1-Methyluric acid 0.003521 4.060 1.574

15 Tixocortol 0.000151 3.122 2.167

16 Ecgonine methyl ester 0.004361 2.011 1.801

17 Lycopsamine 0.001622 2.053 1.528

18 4,7-Dihydroxy-2,2-dimethyl-3,4-dihydro-2H-chromen-5-yl hexopyranosiduronic acid 0.0021 2.101 2.234

19 1-Benzyl-7,8-dimethoxy-3-phenyl-3H-pyrazolo[3,4-c]isoquinoline 0.000381 3.390 2.353

20 Dihomomethionine 0.000127 2.863 2.151

21 Dopamine 4-sulfate 1.21E−05 0.494 1.650

22 Azelaic acid 0.002116 0.456 1.997

23 Octanoylcarnitine 0.000275 0.440 2.004

24 Octanoylglucuronide 0.001587 0.437 1.687

25 Desethylchloroquine 0.002584 0.433 1.777

26 2-Hexenoylcarnitine 0.000543 0.429 1.510

27 4-Vinylphenol sulfate 0.003494 0.425 1.663

28 N-Acetyltryptophan 0.00155 0.424 1.919

29 Tetradecanedioic acid 0.00112 0.319 1.673

30 Trans-2-Dodecenoylcarnitine 0.001194 0.311 1.951

31 N-Acetyl-S-2-hydroxyethyl-l-cysteine 0.003307 0.305 1.960

32 N2-Acetylornithine 0.001668 0.249 1.689

33 Hydroxyisovaleroyl carnitine 0.000272 0.148 2.228

Table 1.  Differentially abundant metabolites selected between the BL and HA urine samples. FC, fold change; 
VIP, variable importance in projection.
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through a variety of mechanisms, ranging from the biosynthesis of neurotransmitters (such as the precursor 
amino acids phenylalanine, tyrosine and tryptophan) to direct neurotransmission and neuromodulation (such as 
the excitatory neurotransmitter glutamate and the inhibitory neurotransmitter glycine)25,26. The phenylalanine, 
tyrosine and tryptophan biosynthesis signalling pathways are related to oxidative stress, the immune response 
and the regulation of inflammation, and can also be used as energy compensation in extreme environments 
such as hypoxia5. Phenylalanine can be converted into tyrosine, and tyrosine can further produce dopamine, 

S. no. Metabolites (r) p value

1 N-Acetyl-S-2 hydroxyethyl-l-cysteine

4,7-Dihydroxy-2,2-dimethyl-3,4-dihydro-2H-chromen-5-yl hexopyranosiduronic acid − 0.717 3.73E−06

Dihydrocaffeic acid 3-sulfate − 0.749 8.09E−07

2-Hydroxyacetaminophen sulfate − 0.735 1.66E−06

2 Azelaic acid
(1S,2S,4R)-1,8-Epoxy-p-menthan-2-ol glucoside − 0.722 3.03E−06

1-Benzyl-7,8-dimethoxy-3-phenyl-3H-pyrazolo[3,4-c]isoquinoline − 0.743 1.09E−06

3 (1S,2S,4R)-1,8-Epoxy-p menthan-2-ol glucoside Tixocortol 0.813 1.53E−08

4 Dihydrocaffeic acid 3-sulfate 2-Hydroxyacetamino 0.826 5.52E−09

5 2 Tetrahydrothiopheneacetic acid

Dihomomethionine 0.855 4.44E−10

Etilevodopa 0.810 1.90E−08

4,4′-Thiobis-2-butanone 0.815 1.31E−08

6 Etilevodopa
Trihomomethionine 0.876 5.13E−11

4,4′-Thiobis-2-butanone 0.885 1.60E−11

Table 2.  Pearson correlation matrix between differentially abundant metabolites. r: Correlation coefficient; p 
value: Statistically significant.

 

Fig. 4.  Heatmap of differential abundant urinary metabolites using pearson (r) correlation. Red boxes 
represents positive associations and blue boxes represent negative associations between the metabolites.
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norepinephrine and epinephrine. These excitatory neurotransmitters participate in the sleep–wake cycle are 
important neurotransmitters that cause insomnia and were altered in a recent study27. Several studies have also 
shown sleep disturbances and periodic breathing (also known as Cheyne-Stokes breathing) in climbers exposed 
to acute hypoxia at an altitude of 3000 m28. These alterations are increased at very high-altitudes and have been 
proven via simulated normobaric hypoxia, acute exposure to 4480 m which resulted in a relationship between 
poor sleep quality and altered mood and cognitive function29. Notably, dysmetabolism of aromatic amino acids 
leads to changes in the microbial production of phenylalanine and tyrosine derivatives (phenyl carboxylic acid, 
p-cresol) and tryptophan indole derivatives (indole carboxylic acid, indole) and contributes to pathogenesis in 
lBS30. These pathways are known for their crucial roles in adaptive and innate immunity31 and travelling to HA 
is associated with increased inflammation32, illness and infection33 which may be attributed to dysregulation of 
the immune system.

Biotin serves as a coenzyme for several key enzymes, that play crucial roles in numerous metabolic pathways, 
including energy metabolism, fatty acid synthesis, and amino acid catabolism. A reduction in biotin levels, as 
observed in the HA group could affect these metabolic processes, potentially weakening the function of biotin as 
a coenzyme. Similar results reported in a study in which human metabolites were analysed from plasma samples 
collected at an altitude of 3650 m6. A study provided experimental evidence that exposure to hypobaric hypoxia 

S. no. Pathways P value Holm p FDR Impact

1 Phenylalanine, tyrosine and tryptophan biosynthesis 0.074 1 0.215 1

2 Phenylalanine metabolism 0.074 1 0.215 0.35

3 Biotin metabolism 0.205 1 0.444 0.2

4 Cysteine and methionine metabolism 0.219 1 0.443 0.15

5 Tyrosine metabolism 0.118 1 0.285 0.13

6 Alanine, aspartate and glutamate metabolism 0.356 1 0.509 0.13

7 Pentose and glucuronate interconversions 0.002 0.07 0.019 0.10

8 Vitamin B6 metabolism 0.027 0.66 0.133 0.07

9 Citrate cycle (TCA cycle) 0.869 1 0.933 0.05

10 Porphyrin metabolism 0.975 1 0.975 0.05

Table 3.  Metabolic pathway analysis. Pathway analysis was performed using MetaboAnalyst 6.0. to identify 
pathways that were significantly altered after HA exposure. Here, p value: The original p value calculated from 
pathway analysis; Holm p: p values adjusted by the Holm–Bonferroni method; FDR, false discovery rate; 
Impact, represents a combination of the centrality and pathway enrichment result.

 

Fig. 5.  Bubble plot showing the topology of selected statistically significant metabolites. The horizontal 
coordinate indicates the pathway impact value, the vertical coordinate indicates the − log10(p) of the pathway, 
the bubble area corresponds to the impact of each pathway and the color of the bubble represents significance 
from red to white, from greatest to least.
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culminates in a marked decrease in the levels of cysteine in both rat brain and human blood samples. This 
cysteine deficit functionally regulated lowered levels of endogenous H2S as well as hypobaric hypoxia-induced 
neuropathological responses in an animal model34. Dysregulated cysteine metabolism is associated with several 
neurodegenerative disorders. The brain is predominantly vulnerable to high-altitude hypoxia (HAH), and is 
positively correlated with neurological dysfunction, including cognitive function decline, memory deterioration, 
paraequilibrium, and somnipathy, which are common symptoms in people who ascend to high-altitude35. A 
recent case report revealed fronto-temporal neurodegeneration in a 57 year old male who developed symptoms 
of acute mountain sickness after climbing Mount Everest to 3500 m in Nepal36.

Another important pathway that was altered in our study was the TCA cycle. The TCA cycle is an important 
source of cellular energy and is involved in numerous cellular metabolic pathways37. Exposure to hypoxia 
inhibits the TCA cycle pathway and converts the glycolytic pathway into the primary metabolic pathway that 
generates available energy38,39. Additionally, this cycle has been proven to play a role in erythrocyte metabolism 
under anoxic conditions40. Maimaitiyimin et al. analysed the differences between hypoxia model and normal 

S. No Metabolite set Total Hits Expect p value Holm P FDR

1 Tryptophan metabolism 59 7 2.18 0.004 0.429 0.429

2 Catecholamine biosynthesis 20 3 0.74 0.034 1 1

3 Arginine and proline metabolism 52 5 1.92 0.038 1 1

4 Carnitine synthesis 22 3 0.81 0.044 1 1

Table 4.  List of the most significant SMPDB pathways. SMPDB Pathway analysis was performed using 
MetaboAnalyst 6.0. to identify pathways that were significantly altered after HA exposure. Here, Total: Total 
number of compounds in the pathways; Hits: Number of compound matched from our data; p Value: The 
original p value calculated from pathway analysis; Holm p: p Values adjusted by the Holm–Bonferroni method; 
FDR, false discovery rate.

 

Fig. 6.  Quantitative enrichment analysis based on the SMPDB pathway enrichment analysis results for the top 
25 metabolic pathways selected via the KEGG database.
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rats and reported that endogenous substances related to energy metabolism were disturbed and that amino acid 
levels were significantly increased in the hypoxia group41. Alterations in energy metabolism pathways after HA 
exposure may contribute to AMS susceptibility at HA7. Glutamate, aspartate, L & D alanine, and amino acids are 
derived from intermediates of the TCA cycle. A previous study identified out alanine, aspartate and glutamate 
metabolism as potential target pathways for HAPE in patients who developed the disease after travelling from 
the lowlands to Golmud district (2780–4500 m) in Qinghai, China42. Similar observations were made in other 
studies in which metabolic pathway alterations were observed in microvascular endothelial cells in response to 
hypoxia43.

Vitamin B6, a component of coenzymes in human body, is involved in various metabolic reactions, especially 
the metabolism of amino acids such as heme metabolism and tryptophan metabolism44,45. It is a required cofactor 
for glycogen phosphorylase, which converts stored glycogen into glucose, and is essential for the conversion of 
various amino acids into oxaloacetate as well as the conversion of α-ketoglutarate, succinyl-CoA, and pyruvate 
into various amino acids46. Vitamin B6 deficiency can lead to increased homocysteine levels, a known risk factor 
for the development of atherosclerotic cardiovascular disease47. In addition to its role in glycogen and amino 
acid metabolism, two of the major forms of vitamin B6, pyridoxal 5′-phosphate (PLP) and pyridoxal (PL), 
appear to affect the erythrocyte hemoglobin oxygen binding affinity, with PLP reducing the binding affinity 
and PL increasing the affinity48. These effects, which have been observed only in-vitro and not yet confirmed 
in vivo, could have effect at high-altitudes, either lowering the ability of hemoglobin to bind sufficient oxygen 
in the lungs or of increasing the binding affinity to such an extent that the release of the bound oxygen in the 
peripheral capillary beds is diminished. Pentose and glucuronate interconversion pathway play important roles 
in many biosynthetic pathways such as gluconeogenesis, transamination, deamination and lipogenesis. This 
pathway also plays an important role in the removal of bilirubin from the body49. Therefore, any error in pentose 
and glucuronate interconversions will lead to an increase in the level of bilirubin in serum, and the obvious 
clinical manifestation is that the skin and mucosa are as yellow as orange50. There is a hematologic response 
to decreased oxygen availability at high-altitude, resulting in increased bilirubin production accompanied by 
delayed bilirubin clearance51. Excessive bilirubin can enter the brain via the blood–brain barrier to induce 
neurologic damage52.

To determine whether the differentially abundant metabolites that were selected could be used as biomarkers, 
we performed ROC curve analysis (Fig. 7). According to the ROC, the AUC values of the 5 metabolites in the 

Fig. 7.  ROC curve graph. The horizontal coordinates in the graph indicate the positive class rate, i.e. the 
false positive rate (1-specificity); the vertical coordinates indicate the true class rate, i.e. the true positive rate 
(sensitivity), and the AUC value, i.e., the area under the curve, the higher the AUC value, i.e., the larger the 
AUC is, the higher the prediction accuracy. The closer the curve is to the upper left corner (i.e., the smaller X 
and the larger Y is), the higher the prediction accuracy.
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two comparisons were relatively high (> 0.903). Using metabolomics, we can identify unbiased metabolic profiles 
of small molecules in urine, which may predict the risk of AMS and HAPE, common HA related illnesses7,36,53. 
Through the use of multivariate statistics and machine learning algorithms, our study offers novel insights into 
the domain of high-altitude medicine, shedding light on the associated health issues stemming from exposure 
to high-altitudes.

Conclusions and future directions
This longitudinal study examined alterations in human urine metabolites after hypobaric hypoxia exposure 
at HA. Analysis of the urinary metabolomics from the subjects ascending to the high-altitude (4200 m) was 
compared with their BL urinary metabolomic profiling for the first time. The study revealed significant shifts in 
metabolism due to high-altitude hypoxic exposure, with numerous metabolites showing differential expression. 
These differential metabolites hold promise as potential biomarkers for the early detection of high-altitude-
induced illnesses. Notably, five potential biomarkers demonstrated significant differences between the BL and 
HA group, suggesting a lasting effect of high-altitude hypoxia on cellular metabolism. Furthermore, future work 
should explore the relationship among altitude, urinary metabolites and altitude induces symptoms or diseases 
with follow-up after travelling or stay at HA with larger cohorts.

Merits and limitations
The strength of current study lies in its longitudinal design, albeit with a restricted number of participants, 
resulting in limited statistical power. Due to logistical constraints, the small sample size was unavoidable. Follow 
up studies using a larger sample sizes will be required to validate the biomarker potential. Additionally, the 
study exclusively involved only male participants. Follow-up analysis was hindered by the unavailability and 
reluctance of participants to provide urine samples upon returning to the base level (210 m).

Data availability
These data are available at the NIH Common Fund’s National Metabolomics Data Repository (NMDR) website, 
the Metabolomics Workbench (https://www.metabolomicsworkbench.org) where it has been assigned Project 
ID: PR002072. The data can be accessed directly via Project https://doi.org/10.21228/M8SF9X.
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