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Abstract: Background On-site triage of lot victims at the scene of the trauma is an essential link in first aid, and it is important
to study how to triage casualty more effectively and accurately. Objective To develop and validate a predictive model for trauma
casualty triage based on vital signs data and machine learning algorithms. Methods A retrospective analysis of pre-hospital
emergency trauma casualty data from 2017 to 2019 in the National Trauma Data Bank (NTDB) was performed using five types of
models, including Support Vector Machine (SVM), Random Forest (RF), Gradient Boosting Decision Tree (GBDT), eXtreme
Gradient Boosting (XGBoost), and Multi-Layer Perceptron (MLP) to develop and validate the predictive model for trauma casualty
detection and classification. The results were evaluated using Accuracy, Precision, Recall, F1 Score and AUC (area under the ROC
curve), and visualized using the ROC curve. The results of the optimal model were also validated in the trauma database of the
Emergency Department of the First Medical Centre of Chinese PLA General Hospital. Results A total of 24 948 records of the
injured were collected, including 9 496 cases of mild injuries, 9 532 cases of moderate injuries, 5 496 cases of serious injuries, and
424 cases of critical injuries. Based on the ISS grading criteria, the ROC curve analysis showed that the GBDT algorithm was the
most effective compared to the other four models, with an accuracy of 82.63%, a precision of 68.21%, a recall of 60.92%, an F1
value of 61.91%, and an AUC value of 90.38%. In the validation results in the trauma database of the Emergency Department of the
First Medical Centre of Chinese PLA General Hospital, the accuracy reached 83.15%, the precision reached 77.38%, the recall
reached 59.89%, the F1 value reached 55.26%, and the AUC value reached 90.38%. Conclusion We have successfully developed
and validated a set of machine learning predictive models for triage of injuries, which can be applied to assist decision-making for
on-site triage of trauma injuries in the future.
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Tab.1 Comparison table of baseline characteristics of trauma casualty data in NTBD
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24 (n=5 496) 3%H (n=424) Pl
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/%, MUIOR)] 47.00(29.00 ~ 65.00)
L &/[em, M(IOR)]

6504/3028
54.00(34.00 ~ 70.00)
170.00(162.56 ~ 177.80)  172.72(165.10 ~ 180.30)  175.00(167.00 ~ 180.30) 175.26(167.00 ~ 182.00) <<0.001

305/119 <0.001
39.00(25.00 ~ 59.00) <0.001

4001/1495
53.00(31.00 ~ 70.00)

R Bit/[kg, MUQR)] 72.57(61.30 ~ 85.30) 79.38(68.00 ~ 93.00) 79.40(68.00 ~ 92.32) 78.50(66.53 ~91.00)  <<0.001
RIR/LC, MUQOR)] 36.70(36.40 ~ 36.90) 36.60(36.40 ~ 36.80) 36.50(36.20 ~ 36.80) 36.30(35.80 ~ 36.70)  <<0.001
We4e 1 &/[mmHg, M(IQR)] 110.00(101.00 ~ 115.00)  137.00(122.00 ~ 151.00)  141.00(124.00 ~ 161.00) ~ 115.00(92.00 ~ 138.00)  <<0.001
LF/[IR/min, MIOR)] 81.00(73.00 ~ 90.00) 88.00 (76.00 ~ 99.00) 90.00(76.00 ~ 110.00)  100.00(76.00 ~ 120.00) ~ <<0.001
AR/ [ /min, MIQR)]  18.00(16.00 ~ 19.00) 18.00 (16.00 ~ 20.00) 18.00(16.00 ~ 22.00) 18.00(14.00 ~ 24.00)  <<0.001
I SE AL/ [%, MUQR)] 98.00(97.00 ~ 99.00) 97.00 (95.00 ~ 98.00) 96.00(93.00 ~ 98.00) 95.00(88.75 ~98.00)  <<0.001
GCS¥43/MUIOR) 15.00(15.00 ~ 15.00) 15.00(14.00 ~ 15.00) 13.00(6.00 ~ 15.00) 9.50(3.00 ~ 15.00) <<0.001
ISSIF-7r/MUQR) 5.00(4.00 ~ 9.00) 18.00(17.00 ~ 22.00) 29.00(26.00 ~ 34.00) 66.00(57.00 ~75.00)  <<0.001
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Fig.2 Confusion matrix of experimental results for SVM, RF,
XGBoost, GBDT, MLP algorithms
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Fig.3 Comparison of the importance of predictor variables in the
injury detection classification model of GBDT
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ET=L7n 041(n=494) 141(n=485) 24 (n=55) 341(n=64) PlE
HERN B )/ il 303/191 300/185 38/17 4321 0.579
RIS, MUOR)] 59.00(42.80 ~ 71.00) 69.00(54.00 ~ 83.00) 61.00(51.00 ~ 77.00) 63.00(50.00 ~ 78.80)  <<0.001
GCS¥43/MUIOR) 15.00(15.00 ~ 15.00) 15.00(15.00 ~ 15.00) 15.00(15.00 ~ 15.00) 11.00(3.00 ~ 15.00) <<0.001
RIR/LC, MUQOR)] 36.50(36.30 ~ 36.80) 36.50(36.20 ~ 36.80) 36.50(36.40 ~ 36.60) 36.45(36.00 ~ 37.00) 0.587
/[P /min, MIOR)] 84.00(74.00 ~ 93.00) 81.00(71.00 ~ 94.00) 81.00(72.00 ~ 95.00) 96.00(78.00 ~ 121.30)  <<0.001
RIS/ [ /min, M(IQR)]  20.00(19.00 ~ 20.00) 20.00(19.00 ~ 20.00) 20.00(19.00 ~ 20.00) 20.00(15.30 ~21.00)  <<0.001
W4 s/ [mmHg, M(IOR)] 114.00(107.00 ~ 118.00)  138.00(128.00 ~ 153.00)  182.00(141.00 ~ 198.00) 135.00(108.00 ~ 150.00) <<0.001
#7 7K &/ [mmHg, M(IQR)] 68.00(64.00 ~ 75.00) 80.00(72.00 ~ 89.50) 98.00(80.00 ~ 107.00) 82.00(64.00 ~97.00)  <<0.001
I AEARIEE[%, MUOR)] 98.00(98.00 ~ 99.00) 98.00(97.00 ~ 98.00) 98.00(98.00 ~ 99.00) 95.00(78.50 ~98.00)  <<0.001




228 MRIRAEERSABEAR

Acad J Chin PLA Med Sch Mar 2024, 45 (3)

https://xuebao.301hospital.com.cn

ik, X—FrEoR W R T E KR M
P BRI RN, LA 2 BIALE & e B2 o
B £ T, (R AR R 4 R 2 X — B —
isirh, BORITT R Bk EE . ARAIERE . PEGE
FEAR SO R A A 25 7 PY, A F SRR,
BRI ML 27 > AL i = SRR I UE , T A BRI S
FERAR ., 3 AP AR ) B 22 20 4R 2261
TG I, FETFHLE % Bkt o e
FIE 0 1 T 0 A IR (] A 0y, ELOAN TR 2% BR3P
N R HAT BB L1 13851, FERI B 3 A
A RE G Z LA WA IEOL T, X BRI g i M
R B ORVEH, X E AT 0 28 50 Hr
I BOB ARG L PN o AR K b
PEE T ROABOR, A B T8 AR 2 fOE £
1 53 B A o

A SCHEE T NTDB 08l ek 1 T 2R pLas >
75 vk BEAT AR A, NTBD Bl e AE b 5 [ [
FANEAE I, BAT—@ Ml S P71, Hohgds
J&E T A5 FH A 1SS 4 b .9k 4% 1R AR A1) 45 b ot
PEH KRR, BLE & 2R AN BI04 &
e 8, FEBLHTARE T IRATIT R E XA 0 B 1A 4
A, RS R BN, 1] GBDT Bk
RS RVAE 25 G VAN T R M id, HMERe il T
SVM. RF. XGBoost Al MLPZ5 HAth & FHARL, A
Tk — P IR R AR AT S, FRATTRE A
RN T il 2 R B e o — B 2 vl 228 4K
P FF AT THMKIGAE . BuESs R Bon, BIATE
SR B S RIS ZE AR [ ny R IAH 25 A
K, X FREREA BAF 09z AL Be 1 52 B v
UINIERS

WAL, FF R MR G 45 A n] 2E s &Rk
LR R . O3 PRI PR S G A A
TRAEE M, X 43 B3 0 403 15 1 A7 DR i o A ) D
i o Az A PRAE B 78 B 2037 B o] 3 2o %l 1) SR 4
WA PRI, X R TE AR R = R A
SERBGARF L R Z AT, B LR X 5
AYAE BLHET TR 20 B A3 A R XA B TR S
T VPG PR, (AR ROE TAERRE I R . A
MOTTRE, HIEMARITA ., 5 TEEi#E T, X
AR 58 4 7 AN ] ] (5] £ FIAS [R] 4% 55 T 643 5
() A0 1 SR A7 4R 8 1) A 0 R TP, DT 5 B o
BRI A R ) 91,

T 7 R AN DR AR SE B A s b il
FHANG R SE AR FRATT R A A A i ol & T3
EN exe i, JFAIH GRS e 2 B A5 A o

i 2 {7 o T s A R A R g . P
R[] A5 B B X 455 15 1940 25 o A 445 SR R L
X — 01 38 4 5 S AU A M B v T AR R A S
Al Je ik, A RGE TAESRE T 5847 J1 W+
ARIF,

AIFFRAAAELL T RBRE . (1) Edl AR IR R R
PE: ARDES T 2 A EAE I, R AR L
RN 5L, RIETARRE . MBI Ao B 1T
I3)2, AT REAFE MR SCAR R L . B AR IE—2 R
FH AR TR 0 I e 5 — B 2 v 202 ) 3 B 4
FPYE, AWM AT LI R L b . ZEbR
TR EERIR , DIz ke )1, (2) ik
YRR R BRME . H 9k GBDT 754 BF 58 vh 26 3 i
HE, (AHLERE S SRR &, AR PTREH G
PEROEE I, RS A AR e vk R, I
SR T A N TR o 25 IR, R AR A 1
Sy AR RS S BT N BRI PR PR i
R, ASBRICICLIG PRA W F A2 Bk ss . (3) B
TR FH B SR B < AR iy = S T [ s R
g, A S R i BE P I A SO 1 T B E
BEAR, AR ) N FH s Rl ot T ik — 2 B
WA o

25 bk, AHESE AR 35 B K R A
P AT IR IE B IR T, 454 GBDT #Las
)R, WMINTFRIFEAE T —dlm . R
TR TR, 3 SRS SRSk A B AR K 473 43 25 43
SR R K R B RE T, R G AR
BNARRY: . ERER LR SR, ik — 2P R
B SEBRIV A, FRATTI0 3 Tk 4 A RURS .0 T
N AR Y o 3K — BT PR B AR R e AN BT Ak
TR R, IR HE TR A S AT
PeAEME, M5 200 BN DL AR A A M f ik
S E 1 TN ASS Y 1 FH S B i 40 R TAE
Wik — RIS T, ARG M ROG
AU R IR . RO B T, TR T
RABKT, HROEZ AR

HETHR KREE. #XHE, KEHKE,
BEmAE;, T, FEK #XHE, BEH
#, BXMBIT; FE, ORRE: KE, FEHK
P, WwRFAER; FAE. FRBE, BXF
ST FAF. BXIER, RAETHEABEIR
F, ®LF ST,

RBFRE AL FARA PR,

BBEEFH ADIUMERETIRELSE
78 MAE 4 4 3B, Email: ifz0000@126.com.,



FR R R e A

Acad J Chin PLA Med Sch Mar 2024, 45 (3)

https://xuebao.301hospital.com.cn 229

S 30k

1

10

11

12

13

14

Schultz CH, Koenig KL, Noji EK. A medical disaster response
to reduce immediate mortality after an earthquake [ J ] . N Engl J
Med, 1996, 334 (7) : 438-444.

SALT mass casualty triage: concept endorsed by the American
College of Emergency Physicians, American College of Surgeons
Committee on Trauma, American Trauma Society, National
Association of EMS Physicians, National Disaster Life Support
Education Consortium, and State and Territorial Injury Prevention
Directors Association [ J | . Disaster Med Public Health Prep,
2008, 2 (4) : 245-246.

Vassallo J, Smith J, Bouamra O, et al. The civilian validation
of the Modified Physiological Triage Tool (MPTT): an evidence-
based approach to primary major incident triage [ J ] . Emerg Med
J, 2017, 34 (12) : 810-815.
Chen H, Lundberg SM, Erion G,
surgical events using self-supervised transfer learning for
physiological signals [ J ] . NPJ Digit Med, 2021, 4 (1) : 167.
Guo CY, Tian ML, Gong MH,
validation of a dynamic prediction model for massive hemorrhage
in trauma [ J/OL ] . https:/doi.org/10.1155/2022/9438159.

Hartka T, Weaver A, Sochor M. Breadth of use of The
Abbreviated Injury Scale in The National Trauma Data Bank
bank [ J | . Traffic Inj Prev, 2022, 23 (supl) : S219-S222.
Tsiklidis EJ, Sims C, Sinno T, et al. Using the National Trauma
Data Bank (NTDB) and machine learning to predict trauma patient
PLoS One, 2020, 15(11):

et al. Forecasting adverse

et al. Development and

mortality at admission [J ] .
€0242166.

Areia C, Biggs C, Santos M, et al. The impact of wearable
continuous vital sign monitoring on deterioration detection and
clinical outcomes in hospitalised patients: a systematic review and
meta-analysis [ J ] . Crit Care, 2021, 25 (1) : 351.

Bodien YG, Barra A, Temkin NR, et al. Diagnosing level of
the limits of the Glasgow Coma scale total
score [ J ] .J Neurotrauma, 2021, 38 (23) : 3295-3305.
Alam A, Gupta A, Gupta N, et al. Evaluation of ISS, RTS,
CASS and TRISS scoring systems for predicting outcomes of blunt
trauma abdomen [ J | . Pol Przegl Chir, 2021, 93 (2) : 9-15.
Lovely R, Trecartin A, Ologun G, et al. Injury Severity Score

consciousness:

alone predicts mortality when compared to EMS scene time and
transport time for motor vehicle trauma patients who arrive alive to
hospital [ J | . Traffic Inj Prev, 2018, 19 (sup2) : S167-S168.
Huang S, Cai N, Pacheco PP, et al. Applications of support
vector machine (SVM) learning in cancer genomics [ J] . Cancer
Genom Proteom, 2018, 15 (1) : 41-51.

Zheng JX, XiaS, Lv S, etal. Infestation risk of the intermediate
snail host of Schistosoma japonicum in the Yangtze River Basin:
improved results by spatial reassessment and a random forest
approach [ J ] . Infect Dis Poverty, 2021, 10 (1) : 74.

Seto H, Oyama A, Kitora S, et al. Gradient boosting decision

16

17

18

20

21

22

23

24

25

26

27

28

29

tree becomes more reliable than logistic regression in predicting
probability for diabetes with big data [J]. Sci Rep, 2022,
12 (1) : 15889.

Wang RR, Zhang J, Shan BY, et al. XGBoost machine learning
algorithm for prediction of outcome in aneurysmal subarachnoid
hemorrhage [ J ] . Neuropsychiatr Dis Treat, 2022, 18: 659-
667.

Zhang RZ, Wang LJ, Cheng SL, et al. MLP-based classification
of COVID-19 and skin diseases [ J ] . Expert Syst Appl, 2023,
228: 120389.

Hancock JT, Khoshgoftaar TM. CatBoost for big data:an
interdisciplinary review [ J ] . J Big Data, 2020, 7 (1) : 94.
Sense F, Wood R, Collins MG,
machine learning for better predictions with limited data [ J ] . Top
Cogn Sci, 2022, 14 (4) : 739-755.

XA 2018 L FKILRZ LB TR 432 4 PARHEXS 212 i
AE B BUR PR R ESE (D] hEBERKRE,
2020.

Mehralian G, Pazokian M, Akbari Shahrestanaki Y,
Development and validation of SALT Triage method to facilitate
the identification and classification of patients in Mass Casualty
Incidents [ J ] .J Inj Violence Res, 2023, 15 (2) : 137-146.
Tan YT, Shin CKJ, Park B, et al. Pediatric emergency medicine

et al. Cognition-enhanced

et al.

didactics and simulation: JumpSTART secondary triage for mass
casualty incidents [ J | . Cureus, 2023, 15 (6) : e40009.
Bazyar J, Farrokhi M, Salari A, et al. Accuracy of triage
systems in disasters and mass casualty incidents; a systematic
review [ J] . Arch Acad Emerg Med, 2022, 10 (1) : e32.

Xu YW, Malik N, Chernbumroong S, et al. Triage in major
incidents:development and external validation of novel machine
learning-derived primary and secondary triage tools [ J ] . Emerg
MedJ, 2024, 41 (3) : 176-183.

Liu NT, Salinas J. Machine learning for predicting outcomes in
trauma [ J ] . Shock, 2017, 48 (5) : 504-510.

Zhang T, Nikouline A, Lightfoot D, et al. Machine learning in
the prediction of trauma outcomes: a systematic review [171.
Ann Emerg Med, 2022, 80 (5) : 440-455.

Zadeh FA, Ardalani MV, Salehi AR, et al. An analysis of new
feature extraction methods based on machine learning methods for
classification radiological images [ J/OL ] . https:/doi.org/10.1155/
2022/3035426.

Haider AH, Saleem T, Leow JJ, et al. Influence of the National
Trauma Data Bank on the study of trauma outcomes: is it time to
set research best practices to further enhance its impact? [J] . J
Am Coll Surg, 2012, 214 (5) : 756-768.

Liu JB, Khitrov MY, Gates JD, et al. Automated analysis of
vital signs to identify patients with substantial bleeding before
hospital ~ arrival:a study [J]. Shock, 2015,
43 (5) : 429-436.

. F T PPG Ml ECG {5 5 Y T 2 0 A il 1 U 44k F 52
[D]. ERK: ERITRE, 2021

(HHEHE: ERT)

feasibility


https://doi.org/10.1056/NEJM199602153340706
https://doi.org/10.1056/NEJM199602153340706
https://doi.org/10.1136/emermed-2017-206647
https://doi.org/10.1136/emermed-2017-206647
https://doi.org/10.1038/s41746-021-00536-y
https://doi.org/10.1155/2022/9438159
https://doi.org/10.1080/15389588.2022.2125233
https://doi.org/10.1371/journal.pone.0242166
https://doi.org/10.1186/s13054-021-03766-4
https://doi.org/10.1089/neu.2021.0199
https://doi.org/10.5604/01.3001.0014.7394
https://doi.org/10.1080/15389588.2018.1532217
https://doi.org/10.1038/s41598-022-20149-z
https://doi.org/10.2147/NDT.S349956
https://doi.org/10.1016/j.eswa.2023.120389
https://doi.org/10.1186/s40537-020-00369-8
https://doi.org/10.1111/tops.12574
https://doi.org/10.1111/tops.12574
https://doi.org/10.1136/emermed-2022-212440
https://doi.org/10.1136/emermed-2022-212440
https://doi.org/10.1097/SHK.0000000000000898
https://doi.org/10.1016/j.annemergmed.2022.05.011
https://doi.org/10.1155/2022/3035426
https://doi.org/10.1155/2022/3035426
https://doi.org/10.1016/j.jamcollsurg.2011.12.013
https://doi.org/10.1016/j.jamcollsurg.2011.12.013
https://doi.org/10.1097/SHK.0000000000000328

	1 资料与方法
	1.1 数据来源
	1.2 相关定义
	1.3 模型开发及验证
	1.4 评价指标
	1.5 统计学分析

	2 结果
	2.1 基线特征
	2.2 检伤分类模型开发
	2.3 GBDT模型的外部验证

	3 讨论
	参考文献

