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Biomarkers for hemorrhagic shock at high-altitude based on metabolomics and
machine learning: Identification and validation of D-inositol-4-phosphate,

phosalone and methionine

ZHOU Yuanqun, XIANG Xinming, OUYANG Xingnan, ZHANG Jie, ZHANG Zisen, LIU Liangming, LI Tao
National Key Laboratory of Trauma and Chemical Poisoning, Department of War Trauma, Shock and Blood
Transfusion, Daping Hospital, Army Medical University (Third Military Medical University), Chongqing, China

[Abstract] Objective To systematically investigate the metabolic characteristics of hemorrhagic
shock (HS) under simulated high-altitude conditions by integrating metabolomics and machine learning
algorithms, and screen the biomarkers for predicting HS under these conditions. Methods Eighty SPF-
grade male SD rats (10 to 12 weeks old, weighing 180 to 220 g) were randomly divided into a sham operation
group (Sham) and an uncontrolled HS group (UHS), with 40 animals in each group. All rats were placed in a
hypobaric hypoxia chamber to simulate an altitude of 5 000 m for 48 h. After removal from the chamber, the
rats were given an injection of oleic acid immediately via tail vein, and then in 30 min latter, those from the
UHS group were induced to free bleeding by splenic artery transection, with the endpoint set at a mean arterial
pressure (MAP) of 40 mmHg. Thus, a rat model of HS under stimulated high-altitude conditions was
established. Metabolomic analysis was performed on the serum samples to identify differential metabolites
between the Sham and UHS groups. Weighted gene co-expression network analysis (WGCNA) was carried out
to identify metabolites associated with UHS. Three machine learning methods, including least absolute
shrinkage and selection operator (Lasso) regression, random forest (RF), and support vector machine-recursive
feature elimination (SVM-RFE) were employed to identify relevant biomarkers for HS at high-altitude. Based
on 10-fold cross-validation, the diagnostic performance of the biomarkers was evaluated with receiver operating
characteristic (ROC) curve analysis, and the area under the curve (AUC) was calculated. Results Principal
component analysis (PCA) of the metabolomic data showed clear separation between the samples from the
Sham and UHS groups. Orthogonal partial least squares-discriminant analysis (OPLS-DA) further confirmed
significant differences in metabolic profiles between the 2 groups. There were 5 398 metabolites identified,
with the UHS group having 391 metabolites significantly down-regulated (VIP>1, FC<1/1. 5, P<0.05) and
1 181 metabolites obviously up-regulated (VIP>1, FC>1.5, P<0. 05) when compared to the Sham group.
Among the metabolites, the most altered metabolites were lipids, including FFA (18:2), FFA (18:1), FFA
(12:0), FFA (14:0), ergosterol, mesaconic acid, suberic acid, gamma-linolenic acid, and PC [22:5 (4Z, 7Z, 10Z,
137, 167)/22:6 (4Z, 77, 10Z, 13Z, 16Z, 19Z)], and then followed by organic acids and derivatives, such as
methionine, citrulline, creatine, L-lactic acid, oxalacetic acid, and 2-acetolactate. Pathway enrichment
analysis showed that these differential metabolites were mainly involved in glutamine metabolism, taurine
metabolism, alanine, aspartate and glutamate metabolism, as well as glycerophospholipid metabolism.
WGCNA analysis found that MEturquoise module exhibited the strongest positive correlation with UHS
(R=0.95, P=8e-40), while the MEsalmon module showed the strongest negative correlation with UHS (R=
-0. 67, P=2e—11). With thresholds of IGene Significance (GS)>0. 2 and IModule Membership (MM)I>0. 8,
344 characteristic metabolites were identified, and all of them were significantly associated with HS in a high-
altitude environment. The 3 machine learning algorithms yielded 3 biomarkers, that is, methionine, D-inositol-
4-phosphate and phosalone. Significantly increased D-inositol-4-phosphate and phosalone while decreased
methionine were observed in the UHS group than the Sham group. ROC curve analysis revealed that the AUC
values of D-inositol-4-phosphate, phosalone and methionine were 0. 988, 0.950 and 0. 988, respectively,
indicating that the 3 biomarkers having good predictive efficiency for HS under simulated high-altitude
condition. Conclusion HS rats under simulated high-altitude conditions present significantly disturbed
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metabolic profiles, characterized by substantial changes across multiple pathways. The metabolites D-inositol-

4-phosphate, phosalone and methionine may serve as potential biomarkers for predicting the occurrence or

evaluating the severity of HS in high-altitude environments.
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A: Principal component analysis; B: Validation plot of OPLS-DA model (when the Q2 fitted line intercepts the Y-axis below 0,

it indicates the model results are reliable) ; C: Score plot of OPLS-DA model;

D: S-plot of OPLS-DA model. UHS:

Uncontrolled hemorrhagic shock; OPLS-DA: Orthogonal partial least squares-discriminant analysis
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Figure 1 Serum metabolomics analysis of Sham and UHS rats in high-altitude conditions
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Figure 2 Differential metabolites and functional enrichment in hemorrhagic shock under high-altitude conditions

Y, 345 Methionine , D-inositol-4-phosphate 1 Phosalones
PO BETAE T 2 P HILA% 7 > 0L PG i Al ik
$ Mesaconic D. Isopentenyl
pyrophosphat, Diallyl disulfide,Uracil.4-Hydroxycinnamic

acid, Chrysosplenol

acid. 2-Acetolactate, D-Mannitol 1-phosphate . 5'-Deoxy-
5’- (Methylthio) Adenosine . O-Butanoylcarnitine il (E)
-2-methylgeranyl diphosphate (& 4H) ., iX 264X ¥ A
T IR s IRURR I G MR S B2 Wi ks 250, OF vl g
TE i ISR RE R AR T 10 2 S rh R 4 5G] o
2.4 AR EY N KK AL BRI

5 Sham 41 #H kb, UHS 2 "' D-inositol-4-phosphate
F1 Phosalone B9 7% 1 12 3% F+ /51 , 1l Methionine ) 2 & I
FHFEACCIE 5A) o BE— 2L R 47 52 UK IE R 2 3 b
R ROC 122, IR 3E-F 2 AUC, DIFAH L2 I8
PERE . 45 3 7R, D-inositol-4-phosphate , Phosalone 1
Methionine [ -F- 3 AUC 4351 2 0. 988 0. 950 £l 0. 988

([815B~D) , $7n il i 3 FpLas 7 ) kA 9 ix 3
AR w5 I PR AR ML PR e AT R4 4 0 e

3 Wig

A5 S A R AL g7 R RSE
O3B T R AR R iR v DR BRUSERY A af v AR
W 4B 7R T e B IR R IR PR B S LA AR 190 2%
AT RIZLT Tz W ZE AL, IR L) T Y D-inositol-4-
phosphate , Phosalone Fl Methionine 7] B8 i A ¥ 75 i) A
Ybn a5, X A 4 PRE 2 W e e AR AR e
SR T 0 S, S HAR S R AL A ER AR R
BT HELR,

3.1 JRE ARSI K0 T2 RBP4 F AL

A S e BRERIE T , ph ECAE I A 405 I B0 2k it
i?l@'i/\iﬁfﬂzliﬁﬁékfﬂhu g st ™ M, L BEAIL
il 52 A i SRV, B S EOHUS A R o AT A



http://aammt. tmmu. edu. cn P 2275 R 22731, 2026,48(1) 81

Sample clustering to detect outliers Scale independence Mean connectivity
8 91011121314151617181920 1
1.5e+08 4 o 7 1000
x
- 0.84 s
I_l_ 2 5 800
k=l 3t
s 2
_ 1.0e+08 4 5 0.6+ 2 600
¢ 2 1
5 3 : g
] E 2
T 30 4 c
5.0e+07 4 804+ S 4004 ,
8_ =
g 024 2004 5
0.0e+00 4 2 45 .
gg g 1 04 78 91011121314151617181920|
A 5 10 15 20 5 10 15 20
Soft threshold(power) Soft threshold(power) B
Cluster dendrogram Module-trait relationships
1.09 -0.24 0.24
MEblue - 0.03) (0:03)
i 0.048 -0.048
MEpink ©.7) ©.7) 1
-0.38 0.38
0.8 MEred (56-04) (56.04)
- MEdarkgreen 0.0016 -0.0016
z (1) (1)
§ 06 MEgreenyellow ‘(%%8)3 ?003)3
ke IR R 1 IHAR (L iEER I\ R1UEE EEEER] IEEEEREEEEEERRE i -0.33 0.33
........... MElightyellow (0.003) (0.003)
MEcyan 4
0.4 MEbrown .
MElightgreen
i 1 i MEdarkgrey
MEdarkred
Module colors: MEpurple
C MEturquoise
Module membership vs gene significance Module membership vs gene significance MEmagenta .
cor=0.96, P<1e-200 cor=0.64, P=1.4e-09
1.0 MEsalmon
081 MElightcyan
(%]
» -
% 0.8 2 MEmidnightblue
5 206 MEblack
@ L
é 0.6 g MEgrey60
% '§ 0.44 MEgreen
% 0.41 5’ MEyellow
2 - MEdarkturquoise |
3 © 0.2 24
o 02 8 ) MEroyalblue Y
’ 0.34 .34 -
MEtan (0:002) (0.002) 1
0.019 -0.019
04 MEgrey 0.9) (0.9)
0.2 0.4 0.6 0.8 0 0.2 0.4 0.6 0.8 & 2
Module membership in turquoise module E Module membership in salmon module F 2 N D

A: Sample clustering; B: Selection of power =6 as soft threshold through combined analysis of scale independence and mean

connectivity; C: Metabolite co-expression modules; D: Heatmap of module-UHS correlations; E; Correlation plot in the

turquoise module; F: Correlation plot between metabolite members and significance in the salmon module.
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Figure 3 Screening of characteristic metabolites in hemorrhagic shock under high-altitude conditions
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A: Venn diagram showing the intersection of differential metabolites and characteristic metabolites; B, C: LASSO regression

algorithm identifies 10 candidate biomarkers; D, E: SVM-RFE algorithm identifies 13 candidate biomarkers; F, G: RF

algorithm identifies 44 candidate biomarkers; H: Venn diagram

showing the intersection of candidate biomarkers obtained by

the 3 machine learning algorithms. LASSO: Least absolute shrinkage and selection operator; RF: Random forest; SVM-RFE:

Support vector machine-recursive feature elimination
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Figure 4 Screening of biomarkers for hemorrhagic shock in high-altitude conditions using three machine learning algorithms

BEL, 30008 40 L 5 1) DA O e 25 A i R A T BB UR )
N EEAN A AV =S 5= 1 AN 0 W E 2 =AW i
L B R W TR SR A T A0 R e AR B
TS T, X5 i Gk 4R T R R B O g
it AL B PR A ARSI S I A R A

UIBR G, S2 T E v G L (BSOS

TR, BAHUEAL R BB TE R AL A S
Rz 2 AR ARk A T RS
5Ltk B 2 LT 75| A 46 7 S804 i % 200 P45 A
X, Bz, SR E i oo [FHE R T RUER
BT 4 L PR S I AL B T 1 ) B e FE AL S A
3 FEEL S 2 0 5 2 A 4 45 S T



i A5 7 R R

http : //aammt. tmmu. edu. cn

2#412,2026,48(1) 83

UHS Sham
e Group Expression
I 4-Hydroxycinnamic acid B3
[ I I I 2A ) 10-fold Cross Validation Results
-Acetolactate -
Isopentenyl pyrophosphate 0 1.00 =
" I I O-Butanoylcarnitine e :;
Uracil i -3 0.75 4
Diallyl disulfide .
(E)-2-methylgeranyl diphosphate 3
I | Phosalone ‘@ 0.50 1
D-inositol-4-phosphate &
Mesaconic acid 0.25 -
H 5'-Deoxy-5'-(Methylthio) Adenosine ’ D-inositol-4-phosphate
I Methionine AUC=0.988(0.875-1.000)
Chrysosplenol D 0 T T T
I I D-Mannitol 1-phosphate 0.25 0.50 0.75 1.00
A Specificity B
10-fold Cross Validation Results 10-fold Cross Validation Results
1.00 1.00 7 T
LI
0.75 - 0.751
] ]
2 0.50- £ 0501
2 c
S 0]
on w
0.254 0.25 1 o
Phosalone Methionine
AUC=0.950(0.750-1.000) AUC=0.988(0.938-1.000)
0 025 050 075 1.00 0 025 050 075 1.00

Specificity

Specificity D

A: Heatmap displaying the expression of biomarkers identified by 2 or any 2 machine learning algorithms; B~D: ROC curves of

potential biomarkers D-inositol-4-phosphate (B) ,
95%ClI values

phosalone (C) and methionine (D), with corresponding mean AUC and

E5 BEEMREMIRIEZRISEER TS

Figure 5 Expression and diagnostic performance evaluation of potential biomarkers
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