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Application effect of machine learning models in predicting intensive care

unit length of stay in adult patients: a systematic review and Meta—analysis
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Abstract: Objective To systematically evaluate the application effects of different types of machine learning (ML) models in
predicting intensive care unit length of stay (ICULOS) in adult patients. Methods By searching China National Knowledge
Infrastructure  (CNKI), Wanfang Database, and English databases PubMed and Web of Science, we collected studies on
machine learning to predict ICULOS in adult patients published from the establishment of the database to October 2025,
screened the included literature, and performed Meta—analysis using RStudio. Results A total of 40 articles were included,
among which the three most frequently used models were random forest (RF), extreme gradient boosting (XGBoost), and
gradient boosting machine (GBM) models. The overall prediction performance was good, with a combined area under curve
(AUC) of 0.82 (95% CI: 0.79-0.85). Among the prediction models for ICULOS in adult patients with cardiovascular-related
diseases, XGBoost had the best prediction effect (AUC=0.88, 95% CI: 0.86-0.93). Among the prediction models for ICULOS
in adult patients with central nervous system-related diseases, mixed models showed the best predictive performance (AUC=
0.90). In the prediction models of ICULOS of adult patients with other diseases and undifferentiated disease types, RF had
the best prediction effect  (AUC er gueic dieass=0.89, 95% CI: 0.84-0.94; AUC, ,iterentived disease=0.95). Conclusion ML showed good
performance in predicting ICULOS of adult patients. In the prediction of ICULOS of adult patients with different diseases, the
appropriate ML, model should be selected in combination with the specific disease and data structure.
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Figure 1 Forest plot for ICULOS prediction by ML in

cardiovascular-related diseases
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Figure 2 Forest plot for ICULOS prediction by ML in central nervous system—related diseases
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Figure 3 Forest plot for ICULOS prediction by ML in other specific diseases
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23 WERFAMWRE HUEMESNEREIE AUC
FaE, B ALTE A 0.81(95%CL:0.78 ~0.85) & 0.83
(95%CI:0.79 ~ 0.86) . FEL M FHOCHRALH, HiIBR
Tao ZEME B3 )5 , & IF AUC LT+ % 0.86 (95%CI:
0.84 ~ 0.88), HLAFF[H] 5 5 1 2 35 FRAIK, 4 /s i 3 it
TR A S5 M ) ORI 2 —

Meta [FIJ9 508 B, 76 7 WiRk4E T ICULOS 4041
IR Z N E TR 97.67% itk
A HT s  BEAR E EAR EEI R AR AE AR BRI
T AT U AR IR 23 S0 2 o0 I R PR A A 28R S g L
by BRI DL B A IX G 95 95 28 AR 2 S o P g 32
KV o Egger KA & I & R fF (P=0.997) . Wl
B ILIE 5

o
= . R
L] y I e
~ . @ .... ..,.‘.
o Soe .
& i ' . .
5 3 | *
= o
w
B g
o
E o
i)
« o]
e
o
=
2|
L 3
A A i "
0.6 07 0.8 09 1.0
AUC

Bl 5 L% ICULOS T3 i s <} &
Figure 5 Funnel plot of ML for predicting ICULOS

5]

AT RGN T ENAD 40 bR TR LGS 2 S 5
T A JR 3 ICULOS ) 3k, 240 A 936 095 44

N

%

FEH TR TR R 0 INLAE RN PR R 28 2R B0 55 2 R
HAl, RN, HLaR R AR SR TN M e R A
(AUC=0.82,95%CI:0.79 ~ 0.85), $&/~ H 7 ICULOS
T B A EE I . SRR — B LA
SRS RITE S 2% e PR &S ey PN H ) ¢ B3t 15 T 1% 48
logistic [ IF® 1 HAE Lb B 22 4 I RAFIE J2 AR 2tk ¢
R HHA M

ARSI KRR T, MLAS 2= 2 R ()38
FPEAATEZE S . A0 IV AHOCHBER 1, XGBoost 1B
MLARARTTIE BERE I . XGBoost ELA 48 i) 1F N AL BE
T3, %5F 227 £ PN s T AT R AR P 4B XU ™ i 24 AR
B S HAE AT BEAILARAR T LA 3,
Yang 4120 90 Fifi AL 2% AR 7E Y1l 25 4 3R 90 48 4, 1M
XGBoost TESIEAE I3 HALH 478 5 #Z 1k g 1 v]
RET . FER AKX M, RA R
[ XGBoost+ANN+ %7 ¢ a] = HL( support vector machine,
SVM) JTER5145 #.# ICULOS T v 2 3 fe A2, B
TERFFR R VIR RIBIRZE G a] RS B oAb, ST S v
RE, PR A FR IO H , BEALARARN 2 it 2 18
# ICULOS By FMRCR fe i (AUC=0.9)24, FHFi Az
LA TR O AT LA YIS S5 (H
FERRAE] A b, BEATLA MR M BB 22 (AUC=0.74)P,
AIRE S PN A R R m A . CDAMFREN A
[} e A A By 3K 25 S M ST AP ERY, 4 /R AR A A
b AR O LB R . AR XA IS T Y
WFoE b, BEHLARAR AN GBM YL RERCAL . BEPLARAK
T8 PR AR T R R AR 1T GBM 7R A TS
SRS AT A B g RS B SRR AR DGR A Y
/b i PERE 25 S . R SR AR TR R I i
BRI BE 4 22 (AUC=0.50) , 7] fiE 15 95 g i
JEIGHA 5C . A IFTE 3 AL &8 27 A R e Y ) Rk



- 1578 -

AT 22 2026 4545 53 %45 93 Modern Preventive Medicine, 2026, Vol. 53, NO. 9

AR =R A IS A7 AR R PR s B R M BE 5 0 AR AE
FH

SRR NABEFE [ TR . U i
R O IS AR B Tao SFMHI Yang 5521 Y
FFFFE X6 S P TRk K, PTUAIF 9 25 35 T R 8 St
B . Horp Tao S505206F F A8 110 T 00 RE A1
(AUC=0.72), FIRES PR R 5 2 BB T R mg 25 5
AR, Phfit—LIur . AL b &2, 5
S YN IS IEZ S /N o € T L v €15
JERT RE SR o ) SR I B N, AR —
LA T AN R BUE R R AR R P R, 45 5 B 2T R B
Bt 5 N B A A AR RS LA B TN )
AUC 435114 0.86 F1 0.82, BE B B Humg Ak o 3 v RE 524
LR PR R S I A e B B P A B 1) S R AT
K AR ICULOS 43 AR B 97.67 %10 5 st
AL 7 TS R A5 05 S, R RE ) B AT e v
i , FE R AT ARIEAL ICULOS 434 .

ARIFFAFAHE—E SRR . — AN A SRk £ A 1]
JEEPEIFTY s R S S HOR IS B A
43 =R AUC PR EIPERE ; DU AR AR T
FES ERIE AT T BEAE AR R A2 N R . R
Wk, ARMFITEEA AT T A R PR AL SRR AE T
BLas2: S BERIF ICULOS By FHBLR , B — &S
ZWE, b ICU BWIEM S B AR s
Bl G UEAR S -
RIS AT RAAAE(T A2

Sk

[1]  Crawford AM, Shiferaw AA, Nitambwe P, et al. Global critical care: a
call to action[J]. Critical Care / the Society of Critical Care Medicine,
2023, 27(1): 28.

[2] Adhikari NKJ, Fowler RA, Bhagwanjee S, et al. Critical care and the
global burden of critical illness in adults [J]. Lancet, 2010, 376
(9749): 1339-1346.

[3] WHO. Global report on infection prevention, Control [R]. Geneva:
World Health Organization, 2022.

[4] Teke E, Besler E. Predictive markers in estimating the need for early
intensive care in patients with adhesive small bowel obstruction in
the emergency department [J]. Journal of Minimal Access Surgery,
2023, 19(4): 535-539.

[5] LiJL,Hao YW, Liu Y, et al. Supervised machine learning algorithms
to predict the duration and risk of long—term hospitalization in
HIV-infected individuals: a retrospective study [J]. Front Public
Health, 2023, 11: 1282324.

[6] WuCY, Chien LC, Lin CC, et al.Original article: the impacts of DRG
payment system on financial balance of multiple trauma: experiences
of three trauma centers in Taiwan[]]. Injury, 2023, 54(9): 110703.

[7]1 Rajkomar A, Dean J, Kohane I. Machine learning in medicine[]].
New England Journal of Medicine, 2019, 380(14): 1347-1358.

[8] BilJZ, Yu YQ. An explainable machine learning model for predicting

[91]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[19]

[20]

[21]

the risk of distant metastasis in intrahepatic cholangiocarcinoma: a
population—based cohort study[J]. Hormones & Cancer, 2025, 16(1):
1140.

Wang J, Tozzi F, Ashraf Ganjouei A, et al.Machine learning improves
prediction of postoperative outcomes after gastrointestinal surgery: a
systematic review and meta—analysis [J]. Journal of Gastrointestinal
Surgery, 2024, 28(6): 956-965.

Abujaber AA, Albalkhi I, Imam Y, et al. Machine learning—based
prediction of 90-day prognosis and in—hospital mortality in
hemorrhagic stroke patients [J]. Scientific Reports, 2025, 15 (1):
16242.

Zhang P, Xu Q, Jiang F. The diagnostic value of convolutional neural
networks in thyroid cancer detection using ultrasound images [J].
Frontiers in Oncology, 2025, 15: 1534228.

Fu AH, Gao EH, Tang XP, et al. MaxEnt modeling for predicting the
potential wintering distribution of FEurasian spoonbill (platalea
leucorodia leucorodia) under climate change in Chinal[J]. ANIMALS,
2023, 13(5): 856.

Moons KGM, Damen JAA, Kaul T, et al. PROBAST+AI: an updated
quality, risk of bias, and applicability assessment tool for prediction
models using regression or artificial intelligence methods [J]. BMJ
(Clinical Research ed.), 2025, 388: ¢082505.

Weissman GE, Hubbard RA, Ungar LH, et al. Inclusion of
unstructured clinical text improves early prediction of death or
prolonged ICU stay [J]. Critical Care Medicine, 2018, 46 (7):
1125-1132.

Ozeren K, Topcu AC, Kayacioglu I. Frailty assessment to improve
risk stratification in elderly patients undergoing elective cardiac
surgery|J|. Braz ] Cardiovasc Surg, 2025, 40(2): €20230182.

Schey JE, Schoch M, Kerr D. The predictive validity of the full
outline of UnResponsiveness score compared to the Glasgow coma
scale in the intensive care unit: a systematic review [J]. Neurocritical
Care, 2025, 43(2): 645-658.

Moorthy DGSRK, Rajesh K, Prasad KJD. Comparative evaluation of
rapid emergency medicine score (REMS) and emergency trauma
score (EMTRAS) against traditional trauma scoring systems—namely
the injury severity score (ISS), new injury severity score (NISS),
revised trauma score (RTS), and trauma and injury severity score
(TRISS) in predicting trauma outcomes [J]. International Journal of
Critical Illness and Injury Science, 2025, 15(3): 101-107.

Hong T, Huang J, Deng JW, et al. The scoring model to predict ICU
stay and mortality after emergency admissions in atrial fibrillation: a
retrospective study of 30 366 patients [J]. Clinical Cardiology, 2025,
48(2): €70101.

Zaka A, Mustafiz C, Mutahar D, et al. Machine—learning versus
traditional methods for prediction of all-cause mortality after
transcatheter aortic valve implantation: a systematic review and
meta—analysis[]]. Open Heart, 2025, 12(1): e002779.

Inoue H, Oya MGI, Aizawa MSH, et al. Predicting dry weight change
in Hemodialysis patients using machine learning [J]. BMC
Nephrology, 2023, 24(1): 196.

Yang EM, He XY, Li LB, et al. Development and external validation
of a prediction model for prolonged intensive care unit stay in heart
failure patients [J]. European Journal of Cardiovascular Nursing,

2025, 24(6): 973-981.
(F#:% 1584 I)



- 1584 -

AT 22 2026 4545 53 %45 93 Modern Preventive Medicine, 2026, Vol. 53, NO. 9

[10]

[11]

[12]

[14]

[15]

[16]

stages in Guangzhou and Shenzhen, China [J]. Cities, 2024, 145:
104674.

Sun BD, Yin C. Relationship between multi-scale urban built
environments and body mass index: A study of China [J]. Applied
Geography, 2018, 94: 230-240.

Su LX, Kan ZH, Kwan MP. Exploring the factors behind the
discrepancy between two—dimensional and three—dimensional
indicators of greenspace exposure [J]. Ecological Indicators, 2025,
175: 113584.

Caswell H, Alidoust S, Corcoran J. Planning for livable compact
vertical cities: A quantitative systematic review of the impact of urban
geometry on thermal and visual comfort in high-rise precincts[J].
Sustainable Cities and Society, 2025, 119: 106007.

E7EE A = IR S A SRR A ORI LRIk
[J]. TSR, 2023,(6):21-31.

Wang Zi H, Zhang CY. Research review on the relationship between
High—Density built environment and public health [J]. South
Architecture, 2023, (6): 21-31.(In Chinese)

[E VA 2l s o W Y| R S P M B AN i )
N B EERE R s m—— AR 6 0], HARTEI =R,
2025,40(1):267-282.

Gao FF, Cheng HB, Li ZG. The effects of neighborhood environment

on migrants'mental health in old and dilapidated communities of
megacities: A case study in Wuhan city [J]. Journal of Natural
Resources, 2025, 40(1): 267-282.(In Chinese)

Panczak R, Galobardes B, Spoerri A, et al. High Life in the Sky?
mortality by floor of residence in Switzerland[J]. European Journal of
Epidemiology, 2013, 28(6): 453-462.

Wolinsky FD, Bentler SE, Cook EA, etal. A 12—year prospective
study of stroke risk in older Medicare beneficiaries [J]. BMC

[17]

[18]

[19]

[20]

[21]

[22]

Geriatrics, 2009, 9(1): 17.

SR BRI AR KPR, A5 T P BRI e SR
WAL )], WSS AREh R, 2025,45(6):247-253,
313.

Li X, Lu XD, Zhang YZ, et al. Preliminary study of building noise
scoring algorithms for noise environment improvement planning[J].
Noise and Vibration Control, 2025, 45 (6): 247-253, 313. (In
Chinese)

Shi Q, Liu M, Andrea M, et al. UGS—1m: Fine—grained urban green
space mapping of 31 major cities in China based on the deep
learning framework [EB/OL].  [2026—-03-14]. http://doi.org/10.
57760/sciencedb.07049.

AR, Al WAREE. AR Akl 0 BME FE R
(1. RS, 2024,22(1): 141-149.

Li X, Jin HX, Zeng CC. Research progress in urban neighborhood
green space and mental health[J] Journal of Chinese Urban Forestry,
2024, 22(1): 141-149.(In Chinese)

VAR 2, sk asi . AL DR EREE O (e Y S i —— L T
S B PR R SRR S (J]. MR, 2016,71 (10):
1721-1730.

Sun BD, Yan H, Zhang TL. Impact of community built environment
on residents' health: A case study on individual overweight [J]. Acta
Geographica Sinica, 2016, 71(10): 1721-1730.(In Chinese)
Yin C, Helbich M, Yang HR, et al. Pathways from the campus—based
built environment to obesity: Evidence from undergraduates in China
[J]. Cities, 2023, 137: 104311.
Jia P, Shi YY, Jiang Q, et al. Environmental determinants of
childhood obesity: a meta—analysis [J]. Lancet Global Health, 2023,
11(Suppl 1): S7.

W75 B 9 :2025-09-28

(3% 1578 M)

[22]

[23]

[24]

[25]

[26]

Babel S, Vanderpool ], Inkel M, etal. Benchmarking ensemble
models to predict prolonged hospital stay in traumatic brain injury: a
Single—Institution study[J]. Journal of Surgical Research, 2025, 312:
244-251.

Clifford JL, Chan Y], Yusof M, et al. Predictive modelling of H(2)S
removal from biogas generated from palm oil mill effluent (POME)
using a biological scrubber in an industrial biogas plant: integration
of artificial neural network(ANN)and process simulation( § )[J]. Food
Technology and Biotechnology, 2025, 63(2): 124—133.

Alzghoul BN, Reddy R, Chizinga M, et al. Pulmonary embolism in
acute asthma exacerbation: clinical characteristics, prediction model
and hospital outcomes[J]. Lung, 2020, 198(4): 661-669.

Young AJ, Hare A, Subramanian M, et al. Using machine learning to
make predictions in patients who fall [J]. Journal of Surgical
Research, 2021, 257: 118-127.

Karamti H, Alharthi R, Anizi AA, etal. Improving prediction of

[271]

[28]

[29]

[30]

cervical using KNN imputed SMOTE
Multi-Model ensemble learning approach|[J]. Cancers, 2023, 15(17):
4412.

cancer features al’]d

Pias TS, Afrose S, Tuli MD, et al. Low responsiveness of machine
learning models to critical or deteriorating health conditions [J].
Communications Medicine, 2025, 5(1): 62.
Wang HX, Huang JJ, Gu WX, et al. Effects of different interventions
on prognosis and quality of Life in patients with atrial fibrillation[J].
Annals of Noninvasive Electrocardiology, 2023, 28(1): e13031.
O'neill T, De Becker B, Smet MAJD, et al. Catheter ablation of
persistent AF—Where are we now? [J]. Reviews in Cardiovascular
Medicine, 2023, 24(12): 339.
Deng JW, He ZH. Characterizing risk of In-Hospital mortality
following subarachnoid hemorrhage using machine learning: a
retrospective study[J]. Front Surg, 2022, 9: 891984.

Yr#s B 8 :2025-08-08



