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Abstract
Background  Acute mountain sickness (AMS) is a self-limiting illness, involving a complex series of physiological responses 
to rapid ascent to high altitudes, where the body is exposed to lower oxygen levels (hypoxia) and changes in atmospheric 
pressure. AMS is the mildest and most common form of altitude sickness; however, without adequate preparation and adher-
ence to ascent guidelines, it can progress to life-threatening conditions.
Aims  Due to the multi-factorial predisposition of AMS among individuals, identifying AMS biomarkers before high alti-
tude exposure from multiple dimensions (e.g., clinical, metabolic, and proteomic markers) and integrating them to build an 
AMS predictive model enables early diagnosis and personalized interventions, which allows targeted allocation of medical 
resources, such as prophylactic medications (e.g., acetazolamide) and supplemental oxygen, to those who need them most 
and prevention of unnecessary complications. Consequently, predicting AMS utilizing biomarkers from multidimensional 
phenotypic data before high-altitude exposure is essential for the paradigm change in high-altitude medical research from 
currently applied reactive services to the cost-effective predictive, preventive, and personalized medicine (PPPM/3PM) in 
primary (reversible damage to health and targeted protection against health-to-disease transition) and secondary (personal-
ized protection against disease progression) care.
Methods  To this end, this study recruited 83 Han Chinese male volunteers and obtained clinical, proteomic, and metabo-
lomic profiles for analysis before they ascended to high altitudes. The Mann–Whitney U test was used to identify clinical 
features distinguishing AMS from non-AMS. The proteomic and metabolomic features were concatenated and clustered 
to find co-expression modules associated with AMS. A machine learning model, Mutual Information-radial kernel-based 
Support Vector Machine-Recursive Feature Elimination (MI-radialSVM-RFE) was employed for biomarkers selection and 
AMS prediction. A molecular docking technique was used to select molecular biomarkers that can bind with Traditional 
Chinese Medicine (TCM) ingredients.
Results  Among 83 participants, 66 were selected for detailed analysis after quality control steps. Six protein-metabolite 
co-expression modules were identified as significantly associated with AMS. The MI-radialSVM-RFE model selected 12 
biomarkers (two clinical features: systolic blood pressure (SBP) and peak expiratory flow (PEF); six proteins: Acyl-CoA 
synthetase long-chain family member 4 (ACSL4), immunoglobulin kappa variable 1D-16 (IGKV1D-16), coagulation factor 
XIII B subunit (F13B), prosaposin (PSAP), poliovirus receptor (PVR), and multimerin-2 (MMRN2); and four metabolites: 
2-Methyl-1,3-cyclohexadiene, calcitriol, 4-Acetamido-2-amino-6-nitrotoluene, and 20-Hydroxy-PGE2) for the AMS predic-
tion model. The model exhibited excellent predictive performance in both training (n = 66) and validating cohorts (n = 24) 

Wenhui Li, Meng Zhang, and Yangyi Hu contributed to the work 
equally and should be regarded as co-first authors.

All proteins are named by retrieving annotations from the UniProt 
website (https://​www.​unipr​ot.​org). All metabolites are named 
according to reference databases from the MetaboAnalyst website 
(https://​www.​metab​oanal​yst.​ca).

Extended author information available on the last page of the article

http://crossmark.crossref.org/dialog/?doi=10.1007/s13167-025-00404-9&domain=pdf
https://www.uniprot.org
https://www.metaboanalyst.ca


266	 EPMA Journal (2025) 16:265–284

with AUCs of 0.97 and 0.94, respectively. Additionally, molecular docking analysis suggested PSAP and ACSL4 proteins 
as potential molecular targets for AMS prevention.
Conclusion and expert recommendations  This study advances high-altitude medicine by developing a predictive model for 
AMS using clinical, proteomic, and metabolomic data. The identified biomarkers linked to energy metabolism, immune 
response, and vascular regulation offer insights into AMS mechanisms. High-altitude predictive approaches should focus on 
implementing biomarker-driven risk screening using clinical, proteomic, and metabolomic data to identify high-risk individu-
als before high-altitude exposure. Preventive measures should prioritize pre-acclimatization protocols, tailored nutritional 
strategies and interventions guided by biomarker profiles, and lifestyle adjustments, such as maintaining mitochondrial health 
through proper nutritional strategies.

Keywords  Predictive preventive personalized medicine (PPPM / 3PM) · Acute mountain sickness (AMS) · Proteomics · 
Metabolomics · Biomarker panel · Prediction model · Susceptibility · AMS predisposition · Machine learning · Artificial 
intelligence · Multi-omics · Multi-level diagnostics · Phenotyping · Support vector machine (SVM) · Traditional Chinese 
Medicine · Acclimatization protocols · Tailored nutritional strategies · Stratified intervention · Lifestyle adjustments · 
Mitochondrial health
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Introduction

Acute mountain sickness (AMS) is a self-limiting illness, 
involving a complex series of physiological responses to 
rapid ascent to high altitudes, where the body is exposed to 

lower oxygen levels (hypoxia) and changes in atmospheric 
pressure [1]. AMS is the mildest and most common form of 
altitude sickness; however, without adequate preparation and 
adherence to ascent guidelines, it can progress to high-altitude 
pulmonary edema (HAPE) [2] or high-altitude cerebral edema 
(HACE) [3], both of which are life-threatening. Depending on 
the altitude attained, individual susceptibility, rate of ascent, 
and degree of pre-acclimatization, the prevalence of AMS can 
be ~ 25–40% with a passive ascent to 3000–3500 m [4] and 
can increase to 40–90% among unacclimatized individuals 
ascending rapidly to altitudes of 4500–6000 m [5].

The popularity of high‑altitude activities highlights 
the impact of AMS

Driven by the increasing popularity of outdoor activities such 
as hiking, skiing, and mountaineering, mountain tourism has 
experienced significant growth. Although the COVID-19 
pandemic caused a temporary decline in tourism, the sec-
tor has rebounded post-pandemic [6]. For instance, Andorra 
reported over 9 million tourists and 12 million overnight stays 
in 2023, demonstrating a strong recovery to pre-pandemic lev-
els. Approximately 120 million tourists visit the mountainous 
regions of the Alps annually, and around 400 million skier-days 
(primarily downhill skiers and snowboarders) were recorded 
across 2000 ski areas in 80 countries worldwide in 2020 [7]. 
Notably, a significant proportion of these individuals are acutely 
exposed to altitudes above 2500 m, where the risk of develop-
ing mountain illnesses begins and increases progressively with 
higher elevations [8]. The growing popularity of high-altitude 
activities and the expansion of high-altitude economies high-
light the widespread impact of AMS. This condition not only 
affects individual health, sports performance, and work effi-
ciency but also has broader implications for community well-
being, economic stability, and healthcare resource allocation.

Physiological changes due to high altitude hypoxia 
cause AMS symptoms

The increasing level of hypoxemia due to the reduced inspired 
oxygen partial pressure with gain in altitude has long been 
recognized as the primary reason for developing AMS [7]. As 
altitude increases, atmospheric pressure decreases, leading 
to a lower partial pressure of oxygen (PaO2) and insufficient 
oxygen delivery to tissues [9]. The body initially responds by 
increasing the rate and depth of breathing (hyperventilation) 
to improve oxygen intake. However, hyperventilation reduces 
carbon dioxide (CO2) levels, potentially causing respiratory 
alkalosis [10]. To compensate, the kidneys excrete bicar-
bonate, gradually restoring pH balance [9]. Hypoxia also 
triggers vasodilation of cerebral blood vessels, increasing 
intracranial pressure [7], which is believed to contribute to 
headache, the hallmark symptom of AMS [11, 12]. In severe 
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cases, hypoxia can disrupt the blood–brain barrier, allow-
ing fluid to leak into the brain and causing cerebral edema, 
which manifests as dizziness, confusion, and nausea [13]. 
At high altitudes, low oxygen levels cause constriction of 
the pulmonary arteries (pulmonary vasoconstriction), which 
increases pulmonary artery pressure [14]. This can lead to 
pulmonary edema (fluid accumulation in the lungs), exacer-
bating hypoxia and causing shortness of breath, cough, and 
fatigue [15]. As the lungs respond to low oxygen, regions 
of the lung may not be adequately ventilated, leading to a 
mismatch between airflow and blood flow, further impairing 
gas exchange. As oxygen supply decreases, cells switch from 
aerobic to anaerobic metabolism, which produces lactic acid, 
leading to fatigue and muscle soreness [16].

On a molecular level, hypoxia may activate inflammatory 
responses to cope with altitude stress. Increased levels of 
inflammatory cytokines, such as IL-6 and TNF-α, have been 
observed in AMS sufferers, suggesting that inflammation 
plays a role in symptom manifestation [17]. Inflammation 
and hypoxia can lead to endothelial dysfunction, impairing 
vascular permeability and fluid balance, which may contrib-
ute to symptoms like edema in various tissues (e.g., face, 
hands, and lungs) [18]. Hypoxia-induced diuresis at high 
altitudes often results in fluid loss and dehydration [19], 
further worsening symptoms like headache and dizziness.

Multidimensional insights into AMS predisposition: 
genetic, physiological, known phenotypes, 
and personalized approaches for prediction 
and prevention

The incidence of AMS varies significantly due to physiologi-
cal, genetic, environmental, and behavioral factors. A faster 
ascent and higher altitude reduce the time available for accli-
matization and increase hypoxic stress, thus increasing the 
risk of AMS [20]. Genetic variations, particularly in hypoxia-
inducible factor (HIF) genes, influence the body’s ability to 
adapt to low oxygen levels [21, 22]. For instance, populations 
indigenous to high-altitude regions (e.g., Tibetans, Andeans) 
have genetic adaptations that confer protection against hypoxia 
[22]. Individuals with reduced ventilatory responses to hypoxia 
or less effective oxygen delivery mechanisms are more suscep-
tible to AMS. Variations in how cerebral blood vessels respond 
to low oxygen (e.g., excessive vasodilation leading to increased 
intracranial pressure) can also influence AMS risk [23]. Condi-
tions like insulin resistance or subclinical nutrient deficiencies 
(e.g., iron and vitamin D) may impair energy production and 
oxygen transport, increasing the risk of AMS [24]. Addition-
ally, abnormal body weight represents a shifted metabolism 
that may also increase the risk of AMS [25].

Suboptimal health, defined as an intermediate state 
between health and disease, amplifies AMS risk and sever-
ity in various ways [26]. Individuals with reduced lung 

capacity or mild, undiagnosed respiratory conditions (e.g., 
mild asthma or chronic bronchitis) may struggle to adapt 
to hypoxia, increasing their risk of AMS [27]. Suboptimal 
cardiovascular health (e.g., hypertension, reduced cardiac 
output) impairs oxygen delivery to tissues, exacerbating 
the effects of low oxygen levels at altitude [28]. Suboptimal 
mitochondrial function or impaired oxidative metabolism 
can reduce the efficiency of oxygen utilization, leading to 
greater susceptibility to AMS [29]. Furthermore, subopti-
mal health is often associated with systemic inflammation. 
At high altitudes, hypoxia can trigger an inflammatory 
response, exacerbating symptoms like headache, nausea, 
and fatigue that are characteristic of AMS [30].

Ischemic stroke (IS), a severely under-diagnosed disease, 
shares common physiological pathways influenced by high-
altitude exposure with AMS [31–33]. Hypoxia-induced 
changes, such as increased blood viscosity, a hypercoagula-
ble state, and inflammatory responses, play pivotal roles in 
both conditions [34]. Contextually, people who are vulner-
able to IS are also predisposed to AMS.

Flammer syndrome (FS), a phenotype of people with a 
predisposition for an altered blood vessel reaction to stimuli 
like coldness, emotional stress, or hypoxia, together with a 
group of signs and symptoms, has been known to be related 
to AMS [35]. As FS subjects are generally more sensitive, 
for example to high altitudes, symptoms of altitude sickness 
are more pronounced in them.

Stress overload, whether hormonal, psychological, 
or emotional, can lead to vasoconstriction and disrupted 
microcirculation [36]. This, in turn, contributes to systemic 
hypoxic-ischemic effects and prolonged oxidative stress. 
Individuals with impaired microcirculation often experience 
delayed adaptation to altitude changes, making them more 
prone to developing AMS.

Due to various AMS predispositions among individuals, 
identifying biomarkers from multiple dimensions (e.g., clini-
cal, metabolic, and proteomic markers) linked to AMS risk 
enables early diagnosis and personalized interventions which 
allow targeted allocation of medical resources, such as pro-
phylactic medications (e.g., acetazolamide) and supplemen-
tal oxygen, to those who need them most and prevention of 
unnecessary complications. Consequently, predicting AMS, 
utilizing biomarkers from multidimensional phenotypic data 
before high-altitude exposure, is essential for the paradigm 
change in high-altitude medical research from currently 
applied reactive services to the cost-effective predictive, pre-
ventive, and personalized medicine (PPPM/3PM) in primary 
(reversible damage to health and targeted protection against 
health-to-disease transition) and secondary (personalized 
protection against disease progression) care. To this end, an 
innovatively designed AMS biomarker selection approach 
and robust predictive model elaborated in this study play a 
crucial role in identifying AMS risk individuals (predictive), 
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implementing tailored prevention measures (preventive), and 
customizing interventions (personalized).

Predictive markers of AMS

Many efforts have been made to explore AMS indicators 
using different phenotypic data. Jia et  al. distinguished 
between AMS-susceptible and AMS-resistant individuals 
through the analysis of plasma cytokine profiles at low alti-
tude, pinpointing four key cytokines, i.e., IGFBP-6, SAA1, 
Dkk4, and IL-17RA, out of 75 differentially expressed ones 
as potential AMS susceptibility predictors [37]. Using a 
plasma metabolomic approach, Gao et al. identified signifi-
cant alterations in 44 metabolites and four enzymes in sub-
jects exposed to high altitudes for the first time, highlight-
ing five metabolites (sphingomyelin, lecithin, glutamic acid, 
glyceric acid, and 12,13-diHOME) with predictive capa-
bilities [38]. Additionally, proteomic approaches are also 
gaining traction in AMS research [39–42]. Guo et al., for 
instance, identified significant immunological and inflam-
matory differences between AMS-susceptible and AMS-
resistant groups through proteomic comparisons [39]. He 
et al. profiled AMS symptoms, clinical indexes, and plasma 
proteomes of AMS, found the pathogenic role of RET to 
AMS, and suggested ADAM15, PHGDH, and TRAF2 as 
protective, predictive, and diagnostic biomarkers, respec-
tively [40].

Despite these efforts, research on accurate models based 
on a holistic profile of individuals (including clinical, meta-
bolic, and proteomic data) within the 3PM framework for 
AMS prediction before high-altitude exposure remains lim-
ited, significantly hampering early detection and interven-
tion progress. To predict the likelihood of AMS before acute 
high-altitude exposure, we assessed the clinical, proteomic, 
and metabolomic profiles of a Chinese Han cohort (n = 83) 
before they ascended to the plateau and correlated them 
with AMS status after acute exposure. Co-expressed pro-
tein and metabolite modules were clustered and associated 
with AMS degrees and 26 clinical variables representing 
different phenotypes to elucidate the molecular mechanisms 
underlying AMS susceptibility. Next, employing a Mutual 
Information-radial kernel-based Support Vector Machine-
Recursive Feature Elimination (MI-radialSVM-RFE) 
method, we identified key protein and metabolite biomark-
ers linked to AMS status. By integrating these molecular 
biomarkers with clinical indicators that differentiate AMS 
from non-AMS subjects, we developed a predictive model 
for AMS, which signifies a significant shift towards a pro-
active approach in high-altitude medical research. Further-
more, we explored their biological functions and potential 
as drug targets, offering insights into potential targeted AMS 
prevention strategies.

The working hypothesis and aims

Considering the multi-factorial predisposition of AMS, 
we hypothesized by identifying and integrating multidi-
mensional biomarkers, including clinical, proteomic, and 
metabolomic data, that it is possible to predict individual 
AMS predisposition prior to high-altitude exposure. A pre-
dictive model based on these biomarkers can transform AMS 
management by enabling proactive prediction and personal-
ized interventions reducing the risk of severe altitude-related 
complications. Building on this concept, we developed the 
MI-radialSVM-RFE method to identify molecular features 
with high predictive power from multidimensional pheno-
typic data and construct an accurate AMS predictive model. 
This model is expected to facilitate rapid AMS screening 
before exposure to high-altitude environments.

Volunteer recruitment and methodology

Volunteer recruitment

We recruited Han Chinese male volunteers from Chengdu 
Medical College in Sichuan Province (Chengdu, China). The 
participants completed the questionnaire providing demo-
graphic information, including age, height, weight, and 
smoking habits, and accepted basic health examinations of 
blood pressure, heart rate, lung function, blood routine, and 
blood biochemistry. Peripheral venous blood samples were 
collected in ethylenediaminetetraacetic acid-coated collec-
tion vessels on an empty stomach before ascending to alti-
tude, and plasma was centrifuged and stored at − 80 °C for 
analysis. Individuals enrolled should refer to the following 
criteria:

–	 the age above 18 years;
–	 no history of migraine, headache, and seizure;
–	 no history of plateau travel in the last year;
–	 no history of alcohol drinking in the last week.

Furthermore, individuals with a prior medical history of 
cardiovascular and respiratory disorders, regular prescrip-
tion medication usage, and particularly acute infections were 
also excluded.

AMS status measurement

All subjects were transported to Lhasa (altitude of 3650 m) 
from Chengdu (altitude of 500 m; Fig. 1a indicates the 
locations of these two cities on the map) by train (the total 
journey lasted 34 h and 31 min). They were requested to 
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complete the Lake Louise AMS self-questionnaire, which 
includes an assessment of various symptoms (headache, 
gastrointestinal symptoms, fatigue and/or weakness, and 
dizziness/light-headedness), on the first night after arriving 
at high altitude. Based on the Lake Louise Scoring (LLS) 
system, the diagnosis can be categorized into no AMS, mild 
AMS, moderate AMS, and severe AMS. Those diagnosed 
with no AMS were defined as the non-AMS group, and those 
with mild, moderate, and severe responses were defined as 
the AMS group.

Preparation of samples for analysis

Proteomics

Prior to analysis, the samples undergo a series of pretreat-
ments. Two microliter plasma from each specimen was dena-
tured in 20 µL buffer containing 6 M urea in 100 mM ammo-
nium bicarbonate (ABC) at 32 °C for 30 min. The proteins 
were reduced with 5 mM dithiothreitol (DTT) for 30 min at 
32 °C, then alkylated for 45 min with 10 mM iodoacetamide 

Fig. 1   The clinical variables that distinguished AMS from non-AMS 
before high-altitude exposure. a The overall workflow of AMS pre-
diction using multidimensional phenotypic data before high-altitude 
exposure. All subjects left Chengdu at 9:10 PM by train and arrived 
in Lhasa after 34  h and 31  min. b Four clinical variables showed 
significant differences between the non-AMS and AMS individu-
als, as determined by the Mann–Whitney U test. Asterisks indicate 
significant differences with P-values (* ≤ 0.05 and ** ≤ 0.01). c The 

area under the receiver operating characteristic curve (ROC AUC) of 
an AMS predictive model based on univariate logistic regression for 
each of the four clinical variables and the best thresholds. The ROC 
AUC was calculated on the training set (n = 66). Abbreviation: AMS, 
acute mountain sickness; SBP, systolic blood pressure; FEV1, forced 
expiratory volume in one second; PEF, peak expiratory flow; FVC, 
forced vital capacity
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(IAM) in darkness at room temperature. The protein extracts 
were diluted with 100 µL 50 mM ABC, and digested by 
trypsin with an enzyme-to-substrate ratio of 1:20, at 37 °C 
for 14 h. The reaction was stopped by adding 15 µL 10% 
trifluoroacetic acid (TFA) in volume. Digested peptides were 
cleaned up with SOLAµ (Thermo Fisher Scientific, identi-
fier:62209–001) following the manufacturer’s instructions. 
Finally, 8 µg peptide mixtures were lyophilized and stored 
at − 80 °C for LC–MS/MS analysis. The lyophilized peptide 
sample was redissolved with buffer A (2% acetonitrile, 0.1% 
formic acid) for data-independent acquisition mass spec-
trometry (DIA-MS) analysis. Separation was performed on 
the Ultimate 3000 LC system (Thermo Fisher Scientific). 
The mobile phases consisted of phases A (2% acetoni-
trile/0.1% formic acid) and B (80% acetonitrile/0.1% formic 
acid). The peptide mixtures flowed through a homemade 
capillary column (150 µm inner diameter × 25 cm, 1.9 µm 
C18 particles, Dr. Maisch) at a steady rate of 600 nL/min 
and were separated with a 120 min nonlinear gradient. The 
peptides separated by the LC system were sprayed into the 
nanoESI source and then using an Orbitrap Fusion Lumos 
mass spectrometer (Thermo Fisher Scientific) for DIA analy-
sis. DIA MS parameters were set to (1) MS: 350–1500 scan 
range (m/z); 120,000 resolution; 4e6 AGC target; 50 ms 
MIT; (2) HCD-MS/MS: 45 sequential precursor isolation 
windows; 30,000 resolutions; 200–2000 scan range (m/z); 
4e6 AGC target; automatic MIT; Collision Energy (%): 32. 
DIA data was analyzed using Spectronaut. Then, based on 
the Target-decoy model applicable to DIA-MS, the FDR at 
PSM, peptide, and protein levels were controlled below 1%.

Metabolomics

One hundred microliter plasma mixed with 400 µL extrac-
tion solution (methanol:acetonitrile, 1:1(v/v)), the extraction 
solution contains deuterated internal standards. The suspen-
sion was vortexed for 30 s, sonicated for 10 min in a 4 °C 
water bath, and incubated for 1 h at − 40 °C to precipitate 
proteins. Then the samples were centrifuged at 12,000 rpm 
for 15 min at 4 °C, and the supernatant was transferred to a 
fresh glass vial for analysis. The quality control (QC) sample 
was prepared by mixing an equal aliquot of the supernatant 
of samples.

LC–MS/MS analyses were performed using an UHPLC 
system (Vanquish, Thermo Fisher Scientific) with a Phe-
nomenex Kinetex C18 (2.1 mm × 50 mm, 2.6 µm) cou-
pled to Orbitrap Exploris 120 mass spectrometer (Orbitrap 
MS, Thermo). The mobile phase A: 0.01% acetic acid in 
water; mobile phase B: isopropanol:acetonitrile (1:1(v/v)). 
The auto-sampler temperature was 4 °C, and the injection 
volume was 2 µL. The Orbitrap Exploris 120 mass spec-
trometer was used for its ability to acquire MS/MS spectra 
on information-dependent acquisition (IDA) mode in the 

control of the acquisition software (Xcalibur, Thermo). In 
this mode, the acquisition software continuously evaluates 
the full scan MS spectrum. The ESI source conditions were 
set as the following: sheath gas flow rate as 50 Arb, Aux gas 
flow rate as 15 Arb, capillary temperature 320 °C, full MS 
resolution as 60,000, MS/MS resolution as 15,000, collision 
energy: SNCE 20/30/40, spray voltage as 3.8 kV (positive) 
or − 3.4 kV (negative), respectively.

The raw data were converted to the mzXML format using 
ProteoWizard and processed with an in-house program, 
which was developed using R and based on XCMS, for peak 
detection, extraction, alignment, and integration. Then, an 
in-house MS2 database (BiotreeDB) was applied to metabo-
lite annotation. The cutoff for annotation was set at 0.3.

Preprocess of multi‑omics data

Proteomics

We performed several preprocessing steps to ensure the 
quality of the proteomic data (Supplementary Fig. S1). First, 
for each sample, we considered protein abundances that dif-
fered by more than five standard deviations (SDs) from the 
mean protein abundance in the sample as “missing”. Next, 
we excluded those samples for which the fraction of missing 
proteins exceeded 20% (n = 13). Finally, we removed sam-
ples for which the distribution of protein abundance devi-
ated from the overall protein abundance distribution with 
Kolmogorov–Smirnov (KS) distance > 0.08 (Q3 + 1.5IQR; 
Q3: the upper quartile and IQR: the interquartile range) 
(n = 2). Moreover, to ensure the reliability of the measured 
abundances for each protein, we also removed proteins 
with missing abundance in more than half (> 50%) of the 
remaining samples (n = 50). After filtering, 68 proteome 
profiles including 429 unique proteins were left and log2-
transformed for the following analyses. Although intense 
quality control steps were performed, some proteins can still 
have missing values in some samples. Thus, we imputed the 
missing values using the Predictive Mean Matching (PMM) 
method from the “mice” R-package (version 3.16.0). After 
this, cyclic loess normalization from the “limma” R-package 
(version 3.58.1) was applied to normalize each pair of sam-
ples to each other.

Metabolomics

Similar preprocessing steps were performed to ensure the 
quality of metabolomic data (Supplementary Fig. S2). First, 
for each sample, we replaced metabolite abundances that 
differed by more than five SDs from the mean metabolite 
abundance in the sample with “missing”. Next, we removed 
samples for which the distribution of metabolite abundance 
deviated from the overall protein abundance distribution 
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with KS-distance > 0.04 (Q3 + 1.5 IQR) (n = 2). No sam-
ples were excluded based on the criteria of the fraction of 
missing metabolites, as only limited missing values were 
observed in metabolomic profiles. Similarly, we removed 
metabolites with missing abundance in more than 10% of 
the remaining samples (n = 5). After filtering, 81 metabo-
lome profiles including 984 unique metabolites were left 
and log2-transformed for the following analyses. Lastly, the 
same methods were used to impute the missing values and 
normalize each pair of samples to each other.

Multi‑omics data integration and clustering

To identify the co-expressed proteins and metabolites that 
might be able to explain the susceptibility to AMS, we inte-
grated the proteomic and metabolomic data by concatenating 
the protein and metabolite abundances from samples that 
passed both proteomic and metabolomic data preprocess-
ing steps (n = 66). Based on the integrated multi-omics data, 
hierarchical clustering was used to identify multi-omics co-
expression modules. Specifically, the distance matrix was 
calculated using Spearman’s rank correlation coefficient and 
the clustering was performed by Ward’s method [43]. Next, 
the multi-omics modules were identified using dynamic 
tree cut (i.e., cutreeDynamic function in “cutreeDynamic” 
R-package, version 1.63–1) with minClusterSize = 45 to 
keep a relatively large module size. Moreover, the eigen-
expression of each module was calculated using the modu-
leEigengenes function from the “WGCNA” R-package (ver-
sion 1.72–1). To reduce the number of identified modules, 
we used mergeCloseModules function to merge similar 
modules with cutHeight = 0.4. Finally, the associations 
between modules and each clinical variable were calculated 
using the Pearson correlation coefficient, and the statistical 
significance was yielded with a P < 0.05 after multi-test cor-
rection using the “Benjamini & Hochberg” method.

Functional enrichment analysis

To characterize the biological function of each module, we 
performed Gene Ontology (GO) and Kyoto Encyclopedia 
of Genes and Genomes (KEGG) enrichment analyses for 
proteins and metabolites separately. GO enrichment analy-
sis of proteins was performed using the enrichGO function 
from the “clusterProfiler” R-package (version 4.10.0), and 
the statistical significance of the GO enrichment was tested 
using “Benjamini & Hochberg” with a cutoff P < 0.05. Fur-
thermore, the redundant GO terms were removed using 
REVIGO with the semantic similarity measure “SimRel” 
and a cutoff of 0.5. KEGG enrichment analysis of metabo-
lites was performed with MetaboAnalyst 6.0. All the KEGG 
analyses with P < 0.05 were enriched and shown.

Feature selection of AMS prediction model

The AMS prediction model integrates clinical and molecular 
features. Specifically, the clinical features were selected from 
clinic variables that exhibited significant changes in the sta-
tus of AMS, and the molecular features were selected from 
modules that showed significant associations with the degree 
of AMS. To maximize the predictive power of features, we 
employed a Mutual Information-radial kernel-based Sup-
port Vector Machine-Recursively Feature Elimination (MI-
radialSVM-RFE) method, which was an extension of the 
classical SVM-RFE method [44, 45]. MI-radialSVM-RFE 
is an iterative algorithm based on mutual information, which 
starts with an initial set of features and effectively identi-
fies the optimal hub of key proteins and metabolites lin-
early or nonlinearly associated with AMS by progressively 
eliminating feature vectors (see Supplementary Fig. S3 for 
details). The input data were from samples that have under-
gone both proteomic and metabolomic data preprocessing. 
This dataset contains 66 observations (individual subjects) 
and 619 features (proteins and metabolites). We set k = 3 
for the k-fold cross-validation (CV) and halve.above = 100 
to halve the feature set in each round until fewer than 100 
features remained. Feature ranking was performed using the 
lapply function, based on the average rank across the three 
folds, with error estimation performed using a radialSVM. 
The process of feature selection and generalization error 
estimation involved varying number of top features from 1 
to 30. Subsequently, the initially selected clinic, proteomic, 
and metabolomic features were tested using a univariate 
logistic regression. Only those features with significant pre-
dictive power (with a Bonferroni-corrected P < 0.05) were 
employed to build the final prediction model.

Molecular docking analysis

Protein–ligand blind docking was performed using CB-
Dock2 [46] with default parameters, which automatically 
calculates the curvature-based cavity detection to precisely 
narrow down the docking space as well as the optimized 
parameters for AutoDock Vina [47].

Statistical analyses

The median with interquartile range (IQR) was used to indicate 
the distribution of each clinical variable, and the Mann–Whit-
ney U test was applied to compare the differences between 
groups. The SHAP values (SHapley Additive exPlanations) 
[48] were calculated using kernelshap function from “kernels-
hap” R-package (version 0.4.1), and the bee swarm plot was 
made by shap.plot.summary function from “SHAPforxgboost” 
R-package (version 0.1.3). Decision curve analysis (DCA) 
[49] for the three single-type biomarker models (clinical, 
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protein, and metabolite models) and the full model using all 
biomarkers was performed using decision_curve function in 
“rmda” R-package (version 1.6). Other R-packages including 
“ggplot2” (version 3.4.4), “cowplot” (version 1.1.1), “GOp-
lot” (version 1.0.2), “amap” (version 0.8.19), “caret” (version 
6.0.94), “e1071” (version 1.7.13), “pROC” (version 1.18.5), 
“ROCR” (version 1.0.11), and “ropls” (version 1.34.0) were 
applied in this study. The P-values were corrected using the 
“Benjamini & Hochberg” or “Bonferroni” method for multiple 
comparisons. All statistical analyses were performed using R 
(version 4.3.2).

Results

Sample characteristics

A total of 83 individuals were recruited based on our cri-
teria, and their plasma samples were collected before they 
ascended to the plateau. All participants had their physiologi-
cal responses monitored for 3 days after arriving at high alti-
tude. AMS severities were assessed according to the Lake 
Louise Scoring (LLS) system 2018 on the first night. Among 
the 83 participants, 41 (49.40%) asymptomatic subjects were 
defined as the non-AMS group, while 37 (44.58%) subjects 
diagnosed with mild AMS, and 5 (6.02%) diagnosed with 
moderate AMS were defined as the AMS group. No severe 
AMS cases were observed in this study cohort. After perform-
ing quality control, 66 samples, consisting of 36 non-AMS 
individuals and 30 AMS individuals, were retained for the 
subsequent analyses; the clinical characteristics of these sam-
ples are shown in Table 1. Figure 1a summarizes the study 
setting and analysis process. To identify the clinical predictors 
of AMS, we performed the Mann–Whitney U test of all clini-
cal variables in the 66 samples. The results revealed that apart 
from systolic blood pressure (SBP, P = 0.02), forced expira-
tory volume in one second (FEV1, P = 0.01), peak expiratory 
flow (PEF, P = 0.002), and ratio of forced expiratory volume 
in one second to forced vital capacity (FEV1/FVC, P = 0.02), 
no other variables significantly differed between the non-AMS 
and AMS individuals (Fig. 1b). When predicted using the area 
under the receiver operating characteristic curve (ROC AUC), 
SBP (AUC = 0.75), FEV1 (AUC = 0.69), PEF (AUC = 0.74), 
and FEV1/FVC (AUC = 0.69) performed well in distinguish-
ing AMS from non-AMS (binary classifiers using logistic 
regression model, n = 66, Fig. 1c), suggesting blood pressure 
and lung function may be clinical phenotypic indicators of 
AMS susceptibility.

Multi‑omics data revealed biological functions 
related to AMS susceptibility

The complete and normalized proteomic (n = 429) and 
metabolomic (n = 984) abundances from each sample were 

concatenated to construct a multi-omics profile. Notably, 
integrated multi-omics data showed greater potential in dis-
tinguishing AMS from non-AMS using orthogonal partial 
least squares discriminant analysis (OPLS-DA) compared 
with single-omics data (Fig. 2a and Supplementary Fig. S4). 
Hierarchical clustering using Spearman’s correlation coef-
ficient with Ward’s method identified 17 protein-metabo-
lite co-expression modules (M1 ~ M17) with sizes ranging 
from 164 molecules (module M16) to 46 molecules (module 
M7) (Fig. 2b and Supplementary Data). Among the identi-
fied modules, six were significantly associated with AMS 
(namely AMS-modules), shown by correlating the eigen-
expression of each module with AMS degree (Fig. 2c). Gene 
function enrichment analyses were performed separately for 
proteins and metabolites to explore the mechanistic associa-
tion between clinical phenotypes and AMS susceptibility 
(Fig. 2d, e, and Supplementary Fig. S5). Significant correla-
tions with lung function represented by FVC, FEV1, PEF, 
and FEV1/FVC were observed in five out of the six AMS-
modules, suggesting lung function impairment could exacer-
bate AMS susceptibility by altering proteins or metabolites 
related to endothelial cells-, cell adhesion-, coagulation-, 
immune-, vesicle transport-, and energy metabolism-related 
biological processes (BPs) or pathways. Smoking and high 
SBP levels also appeared to influence AMS susceptibility by 
disturbing molecules involved in immune-related BPs (mod-
ule M1 and M3), insulin-like growth factor (IGF) receptor-
related BPs (module M1), and energy-related metabolism 
(module M1) [50, 51]. The same modules were observed to 
correlate with smoking and SBP levels indicating an asso-
ciation between SBP and smoking [52]. Additionally, higher 
levels of creatinine representing kidney function and blood 
glucose seem to contribute to AMS susceptibility through 
endothelial cells-, IGF receptor-, and transforming growth 
factor (TGF) beta-related BPs, and pantothenate and CoA 
biosynthesis and valine, leucine, and isoleucine biosynthe-
sis related pathways (module M17). These results indicate 
that, while smoking, creatinine and blood glucose were not 
directly associated with AMS status, pre-dysregulated pro-
teins in their shared biological functions may build a bridge.

Establishment of the AMS prediction model

To identify molecular biomarkers of AMS, we employed a 
novel machine learning model, MI-radialSVM-RFE, which 
wrapped around a feature selection metric as assessed by 
MI and a classification algorithm of radialSVM, iteratively 
removed the least important features from the high-dimen-
sional feature set and obtained the optimum feature subset 
from various candidate subsets generated (Supplementary 
Fig. S3). The distinct advantage of employing MI in the 
MI-radialSVM-RFE model lies in its capability to capture 
and quantify the nonlinear correlations between molecular 
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Table 1   Demographics and 
clinical characteristics of 
subjects

Variables AMS Non-AMS Overall Wilcoxon rank 
sum test / Fisher’s 
exact test a

(N = 30) (N = 36) (N = 66) W P

Age (years) N = 30 N = 36 N = 66
Median [Q3–Q1] 23.0 [25.8–21.0] 22.5 [24.0–21.0] 23.0 [24.0–21.0] 599.0 0.45
BMI (kg/m2) N = 29 N = 36 N = 65
Median [Q3–Q1] 22.0 [23.0–21.0] 21.0 [24.0–21.0] 22.0 [24.0–21.0] 560.5 0.61
Smoke (%) a N = 24 N = 23 N = 47
No 12 (40.0%) 14 (38.9%) 26 (39.4%) / 0.56
Yes 12 (40.0%) 9 (25.0%) 21 (31.8%)
SBP (mmHg) N = 23 N = 25 N = 48
Median [Q3–Q1] 120 [125–120] 116[120–109] 120 [125–112] 399.5 0.02*

DBP (mmHg) N = 23 N = 25 N = 48
Median [Q3–Q1] 75.0 [80.0–70.5] 76.0 [86.0–70.0] 76.0 [83.5–70.0] 242.0 0.35
HR (bpm) N = 26 N = 31 N = 57
Median [Q3–Q1] 73.0 [84.0–65.5] 80.0 [85.0–69.0] 76.0 [85.0–67.0] 357.5 0.47
SpO2 (%) N = 26 N = 31 N = 57
Median [Q3–Q1] 99.0 [99.0–98.0] 99.0 [99.0–97.5] 99.0 [99.0–98.0] 404.5 0.99
FVC (L) N = 24 N = 30 N = 54
Median [Q3–Q1] 3.63 [4.74–2.70] 3.29 [4.17–2.77] 3.46 [4.31–2.71] 382.0 0.71
FEV1 (L) N = 24 N = 30 N = 54
Median [Q3–Q1] 2.34 [3.21–1.86] 3.29 [4.09–2.67] 3.10 [3.79–2.13] 210.5 0.01**

PEF (L/s) N = 24 N = 30 N = 54
Median [Q3–Q1] 366 [484–212] 509 [553–423] 472 [530–320] 179.5 0.002**

FEV1/FVC N = 24 N = 30 N = 54
Median [Q3–Q1] 0.93 [1.00–0.57] 1.00 [1.00–0.93] 1.00 [1.00–0.83] 237.0 0.02*

WBC (E9/L) N = 30 N = 36 N = 66
Median [Q3–Q1] 5.70 [6.19–5.07] 6.07 [6.52–5.42] 5.97 [6.43–5.19] 437.0 0.19
NE (E9/L) N = 30 N = 36 N = 66
Median [Q3–Q1] 2.65 [3.35–2.28] 2.93 [3.44–2.40] 2.80 [3.42–2.33] 482.5 0.46
LY (E9/L) N = 30 N = 36 N = 66
Median [Q3–Q1] 2.23 [2.44–1.94] 2.40 [2.76–2.16] 2.32 [2.75–1.99] 450.5 0.25
RBC (E12/L) N = 30 N = 36 N = 66
Median [Q3–Q1] 5.31 [5.49–5.06] 5.28 [5.46–5.10] 5.30 [5.47–5.08] 513.0 0.73
HGB (g/L) N = 30 N = 36 N = 66
Median [Q3–Q1] 154 [161–148] 158 [162–152] 157 [162–150] 445.0 0.22
PLT (E9/L) N = 30 N = 36 N = 66
Median [Q3–Q1] 224 [254–198] 233 [250–209] 228 [251–200] 530.5 0.91
ALT (µkat/L) N = 30 N = 36 N = 66
Median [Q3–Q1] 0.27 [0.32–0.23] 0.27 [0.36–0.22] 0.27 [0.36–0.23] 536.0 0.96
AST (µkat/L) N = 30 N = 36 N = 66
Median [Q3–Q1] 0.31 [0.39–0.28] 0.33 [0.39–0.27] 0.33 [0.39–0.27] 563.5 0.77
TBIL (µmol/L) N = 30 N = 36 N = 66
Median [Q3–Q1] 14.6 [23.9–12.7] 16.9 [21.4–12.7] 15.5 [22.7–12.7] 523.0 0.83
UA (µmol/L) N = 30 N = 36 N = 66
Median [Q3–Q1] 366 [413–347] 384 [414–339] 374 [413–344] 496.0 0.58
UREA (mmol/L) N = 30 N = 36 N = 66
Median [Q3–Q1] 5.51 [6.37–4.62] 5.57 [6.27–4.73] 5.57 [6.35–4.68] 524.0 0.84
CREA (µmol/L) N = 30 N = 36 N = 66
Median [Q3–Q1] 77.2 [82.3–69.0] 76.3 [81.5–67.6] 76.5 [82.1–68.0] 572.5 0.68
CK-MB (µkat/L) N = 30 N = 36 N = 66
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biomarkers and AMS, thereby enhancing the predictive 
power and accuracy of the radialSVM classifier in potential 
adverse medical conditions. The initial molecular feature 
set (n = 619) was from the six AMS-modules, and the low-
est error rate was determined by the entire feature selection 
and error estimation process (three-fold cross-validation). 
After applying MI-radialSVM-RFE, we selected the top 
19 ranked molecular features with the lowest classification 
error rate (Fig. 3a), combining them with the four clinical 
features that distinguished AMS from non-AMS (i.e., SBP, 
FEV1, PEF, and FEV1/FVC) to form a multidimensional 
phenotypic feature set. Twelve (12) (including 2 clinical, 
6 proteomic, and 4 metabolomic features) of the 23 phe-
notypic features with significant predictive power (n = 66, 
univariate logistic regression test, P < 0.05 after family-wise 
error rate (FWER) correction) (Table S1) were selected as 
biomarkers to build the predictive model. The final AMS 
prediction model was trained using radialSVM on all 66 
subjects (training cohort). To evaluate the performance of 
this model, an additional validating cohort (n = 35) traveling 
from Chengdu to Lhasa by train was recruited based on the 
same criteria as used for the training cohort, and their AMS 
status was evaluated using the LLS system as well. Moreo-
ver, the same QC steps were performed on the multi-omics 
data from the validating cohort, resulting in a final sample 
size of 24. The clinic characteristics of these 24 samples 
are shown in Table S2. In the training cohort (n = 66), the 
model achieved excellent performance for AMS prediction 
as analyzed using ROC (AUC = 0.97), accuracy (0.91), and 
calibration curve (Fig. 3b). When tested using ROC and 
accuracy in the validating cohort, this model was indicated 
with satisfactory predictive performance (AUC = 0.94 and 
accuracy = 0.88, Fig. 3c).

The importance of selected biomarkers on the prediction 
of the model was evaluated using SHAP values (SHapley 
Additive exPlanations) as shown in Fig. 3d. To evaluate the 
prediction ability of different phenotypic types (clinical, pro-
tein, and metabolite phenotypes), we trained and tested the 
radialSVM model using each phenotypic type separately. 
In the training cohort, a relatively good performance was 
achieved for each type (clinic phenotype: AUC = 0.82 and 
accuracy = 0.76; protein phenotype: AUC = 0.92 and accu-
racy = 0.83; and metabolite phenotype: AUC = 0.91 and 
accuracy = 0.83, Fig. 3e), but an apparent drop of perfor-
mance was observed for the validating cohort (clinic pheno-
type: AUC = 0.74 and accuracy = 0.79; protein phenotype: 
AUC = 0.79 and accuracy = 0.62; and metabolite phenotype: 
AUC = 0.88 and accuracy = 0.79, Fig. 3f).

These results indicate that the multidimensional pheno-
typic features have stronger predictive potential and more 
generalized predictive ability. Additionally, to assess the 
clinical utilities of different phenotypic types, we build a 
logistic regression model using each phenotypic type sepa-
rately. Decision curve analysis (DCA) showed that in both 
training and validating cohorts, proteomic and metabolomic 
biomarkers showed consistently higher positive net bene-
fit (PNB) than clinical biomarkers for decision thresholds 
between 10 and 80%, and the full model using all biomarkers 
achieved the highest PNB for almost all decision thresholds 
(Fig. 3g, h).

Biological functions of identified AMS biomarkers 
and their potential as drug targets

To investigate how the identified biomarkers are associ-
ated with AMS, we examined their biological functions. 

Abbreviation: BMI, body mass index; SBP, systolic blood pressure; DBP, diastolic blood pressure; HR, 
heart rate; SpO2, blood oxygen saturation; FVC, forced vital capacity; FEV1, forced expiratory volume in 
one second; PEF, peak expiratory flow; WBC, white blood cell count; NE, neutrophil count; LY, lympho-
cyte count; RBC, red blood cell count; HGB, hemoglobin; PLT, platelet; ALT, alanine aminotransferase; 
AST, aspartate aminotransferase; TBIL, total bilirubin; UA, uric acid; UREA, urea; CREA, creatinine; 
CK-MB, creatine kinase-MB; LDH, lactate dehydrogenase; GLU, blood glucose
* P < 0.05; **P < 0.01
a Smoke was tested using Fisher’s exact test, and other variables were tested using the Wilcoxon rank sum 
test

Table 1   (continued) Variables AMS Non-AMS Overall Wilcoxon rank 
sum test / Fisher’s 
exact test a

(N = 30) (N = 36) (N = 66) W P

Median [Q3–Q1] 0.27 [0.34–0.24] 0.26 [0.32–0.22] 0.27 [0.33–0.22] 591.5 0.51
LDH (µkat/L) N = 30 N = 36 N = 66
Median [Q3–Q1] 2.94 [3.35–2.65] 2.99 [3.25–2.71] 2.96 [3.27–2.66] 519.5 0.80
GLU (mmol/L) N = 30 N = 36 N = 66
Median [Q3–Q1] 4.53 [4.92–4.25] 4.48 [4.84–4.11] 4.51 [4.88–4.16] 572.0 0.69
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The findings suggest that these functions primarily relate 
to energy metabolism, immune responses, and vascular 
regulation (Fig. 4a), suggesting a possible link between 
the adaptive constraints of these functions and AMS 
susceptibility.

Next, to further validate the effectiveness of the identi-
fied molecular biomarkers, we explored their potential as 
drug targets for anti-AMS. For this, we investigated how 
AMS molecular biomarkers interact with the ingredients 
of Rhodiola rosea L., a widely used Traditional Chinese 
Medicine (TCM) in Tibetan medicines for preventing and 
treating AMS for a long time [53]. Molecular docking 
analysis showed that the binding energies of salidroside 
from Rhodiola rosea L. to ACSL4 and PSAP were − 7.8 
and − 7.4 (Fig. 4b). The 3D structure of ACSL4 (O60488) 
and PSAP (P07602) were obtained from the AlphaFold 
protein structure database [54], while the 3D structure 
of salidroside (CID 159278) was downloaded from the 
PubChem database. Salidroside was demonstrated to 
interact with 23 amino acid residues (SER441, GLY442, 
GLY443, ALA444, PRO445, LEU446, GLN464, 
GLY465, TYR466, GLY467, LEU468, VAL488, ASP555, 
ILE567, ILE568, ASP569, ARG570, ASP573, SER584, 
LEU585, GLY586, LYS587, and LYS690) in ACSL4 and 
with 16 amino acid residues (ALA30, CYS33, GLN34, 
ASN35, VAL52, TRP53, LYS55, SER133, ALA134, 
ASN136, CYS138, GLU139, SER140, GLN142, LYS143, 
and GLN247) in PSAP.

Discussion and data interpretation

Combining multidimensional phenotypic data 
with machine learning methods for proactive 
high‑altitude medicine

This study presents a comprehensive approach to under-
standing and predicting AMS susceptibility by integrat-
ing clinical, proteomic, and metabolomic data. Using 
two clinical features (SBP and PEF) and ten molecular 
biomarkers (proteins: ACSL4, IGKV1D-16, F13B, PSAP, 
PVR, and MMRN2; metabolites: 2-Methyl-1,3-cyclohex-
adiene, calcitriol, 4-Acetamido-2-amino-6-nitrotoluene, 
and 20-Hydroxy-PGE2) selected by newly designed MI-
radialSVM-RFE method, we established an AMS predic-
tion model which demonstrated excellent predictive power 
on both training and validating cohorts. Among six protein 
biomarkers, ACSL4 and PSAP demonstrated the ability to 
bind salidroside from Rhodiola rosea L. a potential anti-
hypoxic herb [55, 56], suggesting their capability as pos-
sible targets for preventing AMS. The innovative use of 
multidimensional phenotypical data and machine learn-
ing models to predict AMS susceptibility prior to high-
altitude exposure in this study signifies a paradigm shift 
from reactive medicine to 3PM in the field of high-altitude 
medicine.

Suboptimal baseline health, especially suboptimal 
respiratory function, associated with AMS

Physiological responses to hypoxia involving major organs 
are usually protective, but maladaptation in some indi-
viduals influenced by baseline health may contribute to 
the development of AMS. For example, in response to 
acute hypoxic exposure, the lungs respond with hypoxic 
ventilatory response (HVR) and hypoxic pulmonary 
vasoconstriction (HPV) to increase the rate and depth of 
breathing and redirect blood from poorly ventilated areas 
to well-ventilated areas and eventually optimize oxygen 
uptake [57]. However, the efficiency and extent of these 
adaptations may be affected by individual differences in 
lung function. Although all participants recruited in this 
study were healthy individuals, changes in clinical vari-
ables related to lung functions (i.e., FVC, FEV1, PEF, and 
FEV1/FVC) indicated their differences in pulmonary effi-
ciency. The significant correlations between lung function-
related clinical features (FEV1, PEF, and FEV1/FVC) and 
AMS status suggest individuals with compromised pul-
monary efficiency may be more prone to AMS. This also 
aligns with the clinical observation that symptoms of AMS 
often include respiratory distress [58]. Apart from lung 

Fig. 2   Protein-metabolite co-expression modules reveal potential 
links between pre-exposure phenotypes and AMS susceptibility. a 
Orthogonal partial least squares discriminant analysis (OPLS-DA) 
on the integrated proteomic and metabolomic data. b The dendro-
gram and correlation heatmap of the 17 identified protein-metab-
olite co-expression modules by hierarchical clustering. c Correla-
tion heatmap between eigen-expression of each module and AMS 
degree after acute exposure and 26 clinical variables representing 
different phenotypes before acute exposure. Protein-metabolite co-
expression modules were identified using hierarchical clustering 
with Spearman’s correlation coefficient. Asterisks indicate signifi-
cant correlations with false discovery rates (FDR; * ≤ 0.05, ** ≤ 0.01, 
and *** ≤ 0.001). Gene Ontology (GO) and Kyoto Encyclopedia of 
Genes and Genomes (KEGG) enrichment analyses for proteins and 
metabolites in protein-metabolite co-expression modules that showed 
upregulation with AMS degree (d) and that showed downregulation 
with AMS degree (e). Abbreviation: AMS, acute mountain sickness; 
BMI, body mass index; SBP, systolic blood pressure; DBP, diastolic 
blood pressure; HR, heart rate; SpO2, blood oxygen saturation; FVC, 
forced vital capacity; FEV1, forced expiratory volume in one sec-
ond; PEF, peak expiratory flow; WBC, white blood cell count; NE, 
neutrophil count; LY, lymphocyte count; RBC, red blood cell count; 
HGB, hemoglobin; PLT, platele; ALT, alanine aminotransferase; 
AST, aspartate aminotransferase; TBIL, total bilirubin; UA, uric acid; 
UREA, urea; CREA, creatinine; CKMB, creatine kinase-MB; LDH, 
lactate dehydrogenase; GLU, blood glucose

◂
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Fig. 3   Establishing the predictive model of AMS. a The estimated 
prediction errors for a variety set of features (from top 1 to top 30) 
selected by MI-radialSVM-RFE. b The ROC curve and calibration 
curve of the AMS prediction model in the training cohort (n = 66). 
c ROC curve of the AMS prediction model in validating cohort 
(n = 24). d The bee swarm plot of SHAP values for selected biomark-
ers. e The ROC curve of the AMS prediction model using selected 
clinical, protein, and metabolite features in the training cohort. f The 
ROC curve of the AMS prediction model using selected clinical, pro-

tein, and metabolite features in the validating cohort. Decision curve 
analysis (DCA) for the three single-type biomarker models (clinical, 
protein, and metabolite models) and the full model using all biomark-
ers in the training cohort (g) and in the validating cohort (h). Abbre-
viation: PSAP, prosaposin; PVR, poliovirus receptor; 20-Hydroxy-
PGE2, 20-hydroxy prostaglandin E2; MMRN2, multimerin-2; SBP, 
systolic blood pressure; IGKV1D-16, immunoglobulin kappa variable 
1D-16; F13B, coagulation factor XIII B subunit; PEF, peak expira-
tory flow; ACSL4, acyl-CoA synthetase long-chain family member 4
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function-related clinical features, the level of SBP also 
differed between AMS and non-AMS subjects. Although 
observed in many studies [59], the direct link between high 
SBP and increased risk of AMS is still under investigation; 
the interplay of impaired cerebral blood flow regulation 
[60], endothelial dysfunction [61], increased oxidative 
stress [62], sympathetic overactivity [63], and altered renal 
response [64] could contribute to the heightened risk of 
AMS in individuals with high SBP.

Selected AMS molecular biomarkers suggest a link 
between AMS predisposition and physiological 
limitations in energy metabolism, immune 
response, and vascular regulation

In most cases, baseline health differences associated with 
AMS susceptibility are not visible, which may explain 
the variance in using clinical phenotypic data to predict 
AMS across studies [65, 66]. The inadequacy of clinical 

phenotypes for AMS prediction provides room for molecu-
lar-based approaches to explain and predict AMS suscepti-
bility. In fact, the selected molecular biomarkers using MI-
radialSVM-RFE suggest a link between AMS susceptibility 
and physiological limitations in energy metabolism, immune 
response, and vascular regulation. Specifically, as an impor-
tant regulator of fatty acid metabolism, ACSL4 promotes 
the conversion of free fatty acids into fatty acyl-CoA [67]. 
Downregulation of ACSL4 before high-altitude exposure 
leads to increased inhibition of fatty acid metabolism, which 
interacts with severe oxygen deficiency after high-altitude 
exposure and may cause various discomforts due to energy 
imbalance. Acute hypoxia triggers innate and adaptive 
immune responses which can link to four of the identified 
biomarkers, including PSAP which regulates monocyte and 
macrophage inflammation [68], IGKV1D-16, calcitriol, and 
PVR with anti-inflammatory properties [69, 70]. Hypoxia 
also drives angiogenesis [71], and MMRN2 competes with 
VEGF to bind VEGFR2, thereby inhibiting angiogenesis and 

Fig. 4   Potential relationships between the identified biomarkers and 
AMS and the related TCM ingredients. a The biological functions 
of the selected molecular biomarkers involve fatty acid metabolism, 
apoptosis, inflammatory response, and vascular permeability regula-
tion and play a key role in hypoxia regulation. Imbalanced regula-
tion can lead to insufficient cellular energy supply, increased inflam-
mation, and increased vascular permeability, thereby promoting the 
occurrence of AMS. Additionally, this process is further exacerbated 
by the adverse effects of individual baseline metabolic changes, 
hypertension, and/or underlying pulmonary ventilatory dysfunction. 

Upregulated biomarkers in AMS are colored red, and downregulated 
biomarkers are colored blue. b Biomarkers related to AMS served 
(ACSL4 and PSAP) as potential targets that can be bound by the bio-
ingredient salidroside in Rhodiola rosea L. Abbreviation: ACSL4, 
acyl-CoA synthetase long-chain family member 4; PEF, peak expira-
tory flow; PSAP, prosaposin; IGKV1D-16, immunoglobulin kappa 
variable 1D-16; PVR, poliovirus receptor; 20-Hydroxy-PGE2, 
20-hydroxy prostaglandin E2; F13B, coagulation factor XIII B subu-
nit; MMRN2, multimerin-2; SBP, systolic blood pressure
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weakening vascular permeability [72]. 20-hydroxy PGE2 is 
also a basic regulator of angiogenesis and participates in the 
regulation of pulmonary vascular homeostasis and remod-
eling [73]. Moreover, the elevation of hypoxia-inducible 
factor (HIF) 1-alpha levels and the induction of transfer-
rin gene expression are well-established consequences of 
hypoxia. Increased transferrin carries iron to produce red 
blood cells in order to compensate for insufficient oxygen 
supply, while abnormally upregulated transferrin induces a 
hypercoagulable state [74]. This mechanism coincides with 
the high expression of F13B in this study, and activation 
of blood coagulation may lead to increased vascular per-
meability and may also amplify the inflammatory cascade 
[75, 76]. Notably, corresponding to our findings, Tibetans 
have higher ventilation, higher oxygen saturation, lower pul-
monary artery pressure, and lower hemoglobin concentra-
tion compared with Han people, showing excellent altitude 
adaptability [22].

The binding of active compound of anti‑hypoxic 
herb to identified biomarkers suggests their 
potential as treatment and prevention targets 
for AMS

Several studies have indicated that Rhodiola rosea L. pre-
vents and treats AMS by regulating the HIF-1 signaling 
pathway. Salidroside, a major biologically active compound 
of Rhodiola rosea L., has been documented to exhibit vari-
ous pharmacological activities, which may lay the material 
basis for its anti-hypoxic effects [77]. Salidroside can allevi-
ate liver injury [78], lung injury [79, 80], and brain injury 
[81] caused by hypoxia through various pathways, signifi-
cantly improving symptoms and restoring inflammatory 
factor balance triggered by hypoxia [79]. Notably, a close 
association between salidroside and inflammatory response 
was found in all of these studies. Furthermore, metabolic 
pathway enrichment analysis suggests that salidroside’s 
mechanisms against hypoxic injury may involve modulat-
ing the disordered homeostasis of energy and lipid metabo-
lism [82]. These findings are consistent with the associations 
observed between salidroside and PSAP as well as ACSL4 
in this study, indicating the identified biomarkers and their 
associated biological pathways can be molecular targets of 
TCM for AMS treatment and prevention [83].

Limitations

Although establishing an AMS prediction model based on 
multi-omics data is the first attempt in the field of high-
altitude medicine, the prediction accuracy of our model on 
both training and validation sets proves the feasibility of 
this approach. In fact, multi-omics data analysis is consid-
ered superior to single-omics analysis, as it offers a more 

holistic and comprehensive understanding of biological 
systems [84]. However, it is also important to acknowledge 
that the range of proteins and metabolites analyzed in this 
study may not encompass all underlying mechanisms con-
tributing to AMS, given the variability in AMS incidence 
among individuals. Nevertheless, our research prioritized 
proteins with high expression levels, which enhances the 
clinical applicability of our findings. A limitation of the 
study is the exclusive inclusion of male participants, which 
restricts the investigation of sex-specific biomarkers and lim-
its the applicability of our model to the female population. 
Another limitation is that this study focused only on the Han 
Chinese population. From the AMS predisposition point of 
view, future comparisons with other ethnic populations and 
including all sex groups will be necessary. Also, the correla-
tions between hypoxia and the identified biomarkers neces-
sitate further validation through extensive studies involving 
larger cohorts. Additionally, an in-depth exploration of the 
molecular mechanisms of AMS requires proteomic and tran-
scriptomic analyses that investigate the temporal and spatial 
changes in protein homeostasis, including synthesis and deg-
radation, within longitudinal cohort studies.

Conclusion, expert recommendations, 
and outlook in the framework of 3PM

This study represents a significant advancement in the field 
of high-altitude medicine by successfully integrating clini-
cal, proteomic, and metabolomic data to predict AMS within 
the 3PM framework. Using the innovative MI-radialSVM-
RFE method, we identified critical clinical and molecular 
biomarkers linked to AMS and developed a robust predictive 
model. By training and validating on two separate cohorts, 
our model proved its accuracy in distinguishing AMS from 
non-AMS people. The identified AMS biomarkers highlight 
the potential interplay between energy metabolism, immune 
response, and vascular regulation in AMS predisposition, 
paving the way for predictive diagnostics and targeted inter-
ventions. Additionally, the binding of active compound, 
salidroside, from anti-hypoxic traditional herb to the identi-
fied AMS molecular biomarkers indicates their potential as 
preventive or therapeutic targets for anti-AMS.

To effectively manage AMS within the 3PM frame-
work, adopting predictive, preventive, and personalized 
strategies is essential. Predictive approaches should focus 
on implementing biomarker-driven risk screening using 
clinical, proteomic, and metabolomic data to identify high-
risk individuals before high-altitude exposure. Expanding 
multi-omics research, including transcriptomics and epi-
genomics, can further refine these predictions. Preventive 
measures should prioritize pre-acclimatization protocols, 
tailored nutritional strategies and interventions guided by 
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biomarker profiles, and lifestyle adjustments. An important 
aspect is mitochondrial health quality control. At high alti-
tudes, reduced oxygen availability challenges mitochon-
drial function, leading to decreased mitochondrial density 
and alterations in energy metabolism impairing the body’s 
ability to acclimatize and increase susceptibility to AMS 
[29]. To support mitochondrial health, several nutritional 
strategies can be focused on, such as prioritizing carbo-
hydrate intake, consuming antioxidant-rich foods, proper 
hydration, and ensuring adequate iron and vitamin D [85, 
86]. Also, incorporating traditional remedies like Rhodiola 
rosea L. based on molecular evidence offers additional 
preventive potential. Personalized medicine approaches 
can customize prophylactic and therapeutic strategies to 
individual risk profiles identified from multi-omics data, 
with a focus on real-time monitoring technologies for 
dynamic care adjustments. Expanding research to include 
female participants and diverse populations is crucial 
for ensuring the broad applicability of these strategies. 
Together, these recommendations aim to minimize AMS 
risk, enhance safety, and promote well-being in high-alti-
tude environments.

The use of multi-omics data and machine learning repre-
sents a paradigm shift in AMS management from reactive to 
proactive. This integrative approach offers a more compre-
hensive understanding of AMS pathophysiology and allows 
for early identification and prevention.

Future research directions

•	 Validation in diverse populations: Extend studies to 
larger, more diverse cohorts to validate the predictive 
model across different ethnicities, genders, and age 
groups.

•	 Longitudinal studies: Conduct longitudinal research to 
capture the temporal dynamics of biomarker expression 
and their association with AMS progression.

•	 Drug development: Leverage the identified biomarkers 
and pathways to develop novel pharmaceuticals or opti-
mize existing therapies, such as salidroside-based treat-
ments.

•	 Climate and environmental factors: Investigate the influ-
ence of changing environmental conditions, such as 
extreme cold or heat, on AMS susceptibility.

This study exemplifies the transformative potential of 
integrating predictive, preventive, and personalized strate-
gies in high-altitude healthcare. By enabling early diagno-
sis, reducing morbidity, and tailoring interventions, the 3PM 
framework not only enhances individual health and perfor-
mance but also contributes to the sustainability and safety of 
mountain tourism and high-altitude economics.
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