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[ Abstract] Objective To evaluate the application value of machine learning in the assessment of intraoper-
ative blood loss using Meta-analysis,and to provide a reference for the development and clinical application
of related models.Methods Chinese and English literatures on machine learning-based assessment of intra-
operative blood loss were retrieved from databases such as CNKI, Wanfang,and PubMed from the incep-
tion to November 2025.Stata 17.0 software was used for the Meta-analysis.Results A total of 12 studies
were included. After integration, there was a strong correlation between the machine learning model and the
gold standard in the assessment of intraoperative blood loss [ =0.91,95% CI (0.84 —0.95) ]. Subgroup
analysis showed that there were statistically significant differences in publication year, country, research
object, sample type, machine learning model, and whether external validation was performed (all P <<
0.001).Conclusions Machine learning models have high accuracy and reliability in the assessment of intra-
operative blood loss.Its application can help nurses evaluate blood loss accurately and efficiently,and gain
time for life-saving rescue.lt is of great significance for reducing the incidence of severe perioperative com-
plications and ensuring patient safety.
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£1 AANXHHERER(n=12)
W FEA i = S A
SCHik B K AR [EE S [EIeIE BEA KT ML 1 %l G bR i M REL -
i (n) A
Li 40123,2020 RS TR B 1L A AU T A 8 4 569  LR.RF,Xgboost, Hb LR-0.95; RF-0.97; Py
DenseNet Xgboost-0.97 ; DenseNet-0.98
Doctorvaladan #450131,2017 & & wihEdE 5 7=/ i0 TR U 4 Al 757 Triton Hb 3 0.95 HhB
Rubenstein 25£0147,2018 Rl W R A FAR MG A e 2781 Triton Hb % 0.72 A1
Fedoruk #[157,2019 ([ FilEt: e -a FAR Al e 61 Triton Hb ¥ 0.33 Hh
Holmes 4511612014 [ @iHstE HFREE F A 34 758 Triton Hb # 0.93 G
Konig 45[171,2018 FEE R AR ARBE AR mEET AR 621 Triton Hb i BA55-0.41:045-0.36; JBI5-0.35 AP
Konig %£[181,2014 K RTBEYE HAFAREE BRI FEARES 621 Triton Hb % B 35-0.95; 1 45-0.94 BLE-0.90 AR
Nowicki 450191,2018  3&[ RrHEtE B R FARBH S NGRS 781 Triton Sy 0.94 1B
Sharareh %0201 ,2015 [ [l BRFREE FA M4 857 Triton I3 BE 0.92 Hh
Li %:[21,2023 PE ORI LM TR R AEEERK MR F RS 851 YOLOVS.ResNet-50,  Hb % YOLOV5-0.98; ResNet-50-0.99; Py
SE-ResNet-50 SE-ResNet-50-0.99

Konig 45221 ,2018 FE RTREHE HALFR B FA M4 797 Triton Hb #%: 0.93 Hh
Saoud %5[231,2019 FE s HE A FAR M Al E 242 Triton Hb ¥ 0.26 Hh

T & 8] 9 (linear regression, LR) (Bl L #F MK (random forest, RF) 4% % & J& $2 T} (extreme gradient boosting, Xghoost) | % 4 45 F1 41 4 W 4% (densely connected con-
volutional networks, DenseNet) | Triton: 3 F [t (& 3 I B IF & /9 A8 52 ib 31 55 1fi 8 5 325 0 I o 20 28 11 & &k 2 M o &% 79 92 A 2 % . You Only Look Once 55 5 i
(YOLOvV5) 5% 22 W 4%-50 (residual network-50 layers.ResNet-50) | 7 - Jill 7% 22 W 4% -50 (squeeze-and-excitation ResNet-50, SE-ResNet-50) ,

Saoud 2019 - | 0.26[0.14, 0.37) 474
Fedoruk 2019 — | 0.33[0.09, 054] 463
Konig 2018 (2) - | 035[028, 042] 477
Konig 2018 (3) - I 036029, 043] 477
Konig 2018 (1) - : 0.41[0.34, 047) 477
Rubenstein 2018 - | 0.72[0.70, 0.74] 478
Konig 2014 (3) 090[088, 001] 477
Sharareh 2015 ‘Ip 0.92[091, 093] 477
Holmes 2014 |+ 093[092, 094] 477
Konig 2018 |+ 0.93[0.92, 0.04] 477
Konig 2014 (2) |+ 0.94[093, 0.95] 477
Nowicki 2018 | -* 094(093, 095] 477
Li 2020 (4) I« 0.95[0.94, 0.96] 4.7
Doctorvaladan 2017 | - 095[ 094, 0.96] 477
Konig 2014 (1) : - 0.95[0.94, 0.96] 477
Li 2020 (2) | - 097[096, 097] 477
Li 2020 (3) [ * 0.97[0.96, 0.97] 477
Li 2020 (1) | - 098[0.98, 098] 477
Li2023 (1) | - 0.98[098, 098] 477
Li2023 (2) | + 099[099, 099] 477
Li2023 (3) | <+ 099[099, 099] 477
Overall + 0.91[ 0.84, 0.95]
Heterogeneity: 7°= 0.52, /%= 99.73%, H’= 374.85 I
Test of 6=6, Q(20) = 7496.93, P=0.00 |
Test of 8= 0. Z=9.74, P=0.00

0.00 076 0.96 1.00

Random-effects DerSimonian-Laird model
Sorted by 18 % R r

W Li 2020(1).(2).(3),(4) K LR, RF, Xgboost, DenseNet % #f# ;
Konig 2018 Fll Konig 2014(1),(2),(3) 433 A B 52 4 F . 45 & 1
TR 4% 1 BOPE 5 Li 2023 (1), (2),(3) 8 YOLOVS, ResNet-50, SE-
ResNet-50 %4 .
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SR 2R 36 R 24 A R R IR 19 B Bl
FH & 38 558 AR 16 A5 Sk 40 1 8 4 ER T Bl = 3 ML
SEHFAGSE Hb &7, SR, H e M 5 2 BB 2%
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SR A 5 A Meta 43 H7 45 5
4 bl ELPN r(95%CI)
12¢%) B Fisher’s Z(95%CI) P

KRN 2014—2018 § Tjj[13-14.16-20.22] 99.62 <C0.001  BEHL  1.30€0.98~1.62) <0.001 0.86(0.75~0.92)
2019—2023 4 Ti012.15.21.23] 99.48 <<0.001  KEHL  1.84(1.46~2.23) <<0.001 0.95(0.90~0.98)
Hx TH 2 miliz.21] 98.40 <0.001  BHML  1.16(0.86~1.46) <<0.001 0.98(0.97~0.99)
eS| 10 Til1s-20.22:25] 99.59 <0.001  KEHL  2.27(2.05~2.50) <£0.001 0.82(0.70~0.90)
W4 HIE A 4 JiL1e-15.28] 99.57 <C0.001  BEHL  0.84(0.20~1.48) 0.010 0.69(0.20~0.90)
HRFAREH 2 I L1o-20] 88.94 0.003 FHHL  1.66(1.52~1.81) <20.001 0.93(0.91~0.95)
HAbFAREH 6 AjiL12.16-18.21-22] 99.74 <0.001  BEHL  1.70(1.31~2.08) <0.001 0.93(0.86~0.97)
FEARZER BIRIAE A 4 Jil1z.am1s.21] 99.78 <C0.001  BEHL  1.70(1.25~2.15) <0.001 0.94(0.85~0.97)
BLSLFEAR § TjiL1316.19-20.22:23] 99.49 <C0.001  BEHL  1.26€0.91~1.61) <0.001 0.85(0.72~0.92)
ML ##  Triton 10 2 L13-20.22-23] 99.58 <€0.001  BHMWL  1.16(0.86~1.46) <<0.001 0.82(0.70~0.90)
TR] 44 3 41T 42 B 2 TFi[12.21] 98.44 <0.001  BHHL  2.27(2.05~2.50) <<0.001 0.98(0.97~0.99)
RTINS N 2 1iL1z.21] 98.40 <C0.001  BEHL  1.16€0.86~1.46) <0.001 0.98(0.97~0.99)
G 10 i L13-20.22:23] 99.59 <C0.001  RfHAL  2.27(2.05~2.50) <0.001 0.82(0.70~0.90)

AR P B B L RBTIES ML

BE G TAREREZE RS AR AR ZBUERA

B TR A R e Y o i A B e v v P L X Oy I
FEAL A R B B AL B e SR TR BE S T kR, B
J6 BRI AG IR, ATy B AR 0 58 35 22 4 4 1L I
SRR, WERG L B R I A RS 3 — R A
R g xR i CAn S i iR 300 mL B B i B 4
T WL ik 500 mL B E 3h A AW iR E 9 Gk
800 mLHY i3 g i 55) iy Ao AR A . BRI  fF ML
BB F 6 IR & 55, A B T Pl L o i | 3% 2k K
W 8 3 R il A AR R RO s R A W KA
A 1) B DR TR — IR T 6l ot L T
JESF) ML $£ R 0y 0t i 45 5 5% isf 1], 3 1 42 7 7
BARUA AT, K, TAEBCRE TG 3 LA TE 20
JF] 56 7 HB 3 R 1 AR b (an & A H of e i L o A
RS L TN N 11 SN | = O S R R R T o -
TP TE AR A 300 1 20 B0 42 ), 52 30 A <k 3 s ) %
P57 B 32 2 00 0L B B R R L X ML EOR
A 5% BT 4 SRS L B A B R R

4 NG

ARG IE T Meta T RER B T 3T ML &
PVPAR At I g2 Y A 5T BRSO A DG AR A
FL& e vy HEfR R 5 AT RV A B T HE Sl R U
I PPAR ) 05 A RS AR T 1) & R BB SEAT A
TE— 2 Jry B« B AR 8 A X 5 /N HL R v IR 2% 0
NHE S5 HMIET PR R TR 5 78 23 B 58 A7 18 & 2 I o
B e B PE . H 2 B0 A ik = A0 I E K W A Y Bk
JAEAL PR WG, FZ A T 45 RIS M S AR, R
W 5E I A T e Z2 bl (5 N AP IR S IE L 4 4k

A 3 R L O O T AR A A I PR S B b 8 S B A

B, St FFE AL 5 Sk, A Sy B AR A R A

SR AT HE A A R PP A TR 9E AR T R 94

B 2 Ak 5 B K

| &% k]

[1] World Health Organization. Global patient safety action plan
2021 — 2030 [EB/OLJ. [2025-01-10 7. https://www. who. int/
teams/integrated-health-services/ patient-safety/policy/global-
patient-safety-action-plan.

[2] KIETAIBL S, AHMED A, AFSHARI A, et al. Management of
severe peri-operative bleeding: guidelines from the European so-
ciety of anaesthesiology and intensive care: second update 2022
[J].Eur J Anaesthesiol,2023,40(4) :226-304.

[3] SHAH A,KERNER V,STANWORTH S J,et al. Major haemor-
rhage: past,present and future[ J]. Anaesthesia,2023,78(1):93-
104.

[4] TOWNEND M L,BYERS S. Visual estimation of blood loss by
UK pre-hospital clinicians:an observational study[]J].Br Param
J,2018,3(1):16-22.

[5] American College of Obstetricians and Gynecologists. Quantita-
tive blood loss in obstetric hemorrhage: ACOG committee opin-
ion, Number 794[J].Obstet Gynecol,2019,134(6) :el50-e156.

[6] GERDESSEN L,MEYBOHM P,CHOORAPOIKAYIL S.et al.
Comparison of common perioperative blood loss estimation tech-
niques:a systematic review and Meta analysis[J].J Clin Monit
Comput,2021,35(2) :245-258.

[7] ATUKUNDA E C,MUGYENYI G R,OBUA C,et al. Measuring
post-partum haemorrhage in low-resource settings: the diagnos-
tic validity of weighed blood loss versus quantitative changes in
hemoglobin [ J/OLJ. [ 2025-11-09 J. https://journals. plos. org/
plosone/article? id = 10. 1371/journal. pone. 0152408. DOI: 10.



R

March 2026,43(3)
Mil Nurs

1371/journal.pone.0152408.

[8] SOLON J G,EGAN C,MCNAMARA D A.Safe surgery: how ac-
curate are we at predicting intra-operative blood loss? []].
J Eval Clin Pract,2013,19(1):100-105.

(97 HZK DA HEZ. 2024 4F [ 5 B 57 5 i % 2 ik H AR [EB/OL .
[ 2025-01-10 ]. https://www. gov. cn/zhengce/zhengceku/
202402/content_6929763.htm.

[10JMOHER D,LIBERATI A, TETZLAFF J,et al.Preferred repor-
ting items for systematic reviews and Meta-analyses: the PRIS-
MA statement[]].Int J Surg,2010,8(5):336-341.

[11]JSTANG A.Critical evaluation of the Newcastle-Ottawa scale for
the assessment of the quality of nonrandomized studies in meta-
analyses[ ]].Eur ] Epidemiol ,2010,25(9) :603-605.

[12]JL1Y J,ZHANG L G,ZHI H Y.,et al. A better method for the
dynamic, precise estimating of blood/haemoglobin loss based on
deep learning of artificial intelligence[ J/OLJ.[2025-11-09]. ht-
tps://atm.amegroups. org/article/view/56462. DOI: 10. 21037/
atm-20-2985.

[13]DOCTORVALADAN S V,JELKS A T, HSIEH E W, et al.
Accuracy of blood loss measurement during cesarean delivery
[J].AJP Rep,2017,7(2) : ¢93-¢100

[14JRUBENSTEIN A F,BLOCK M, ZAMUDIO S, et al. Accurate
assessment of blood loss during cesarean delivery improves esti-
mation of postoperative hemoglobin[ J].Am ] Perinatol,2019,36
(4):434-439.

[15]JFEDORUK K,SELIGMAN K M,CARVALHO B,et al. Assess-
ing the association between blood loss and postoperative hemo-
globin after cesarean delivery:a prospective study of 4 blood loss
measurement modalities[ ] ]. Anesth Analg,2019,128(5); 926-
932.

[16JHOLMES A A,KONIG G, TING V.et al.Clinical evaluation of
a novel system for monitoring surgical hemoglobin loss [ ]J].
Anesth Analg,2014,119(3) :588-594.

[17JKONIG G,WATERS J H,HSIEH E,et al.In vitro evaluation of
a novel image processing device to estimate surgical blood loss in
suction canisters[ J].Anesth Analg,2018,126(2):621-628.

[18]JKONIG G,HOLMES A A,GARCIA R,et al.In vitro evaluation

of a novel system for monitoring surgical hemoglobin loss[]].

Anesth Analg,2014,119(3) :595-600.

[19]NOWICKI P D, NDIKA A, KEMPPAINEN ], et al. Measure-
ment of intraoperative blood loss in pediatric orthopaedic pa-
tients: evaluation of a new method [ J/OLJ.[2025-11-09 ]. ht-
tps://pubmed. ncbi. nlm. nih. gov/30211390/. DOI: 10. 5435/
JAAOSGlobal-D-17-00014.

[20JSHARAREH B, WOOLWINE S,SATISH S, et al.Real time in-
traoperative monitoring of blood loss with a novel tablet applica-
tion[ JJ].Open Orthop J,2015(9) :422-426

[21]LI K,CHENG Z,ZENG J.et al.Real-time and accurate estima-
tion of surgical hemoglobin loss using deep learning-based medi-
cal sponges image analysis[ ] . https://pubmed. ncbi. nlm. nih.
gov/37726378/.D0O1:10.1038/s41598-023-42572-6.

[22]KONIG G, WATERS J H, JAVIDROOZI M, et al. Real-time
evaluation of an image analysis system for monitoring surgical
hemoglobin loss[J].J Clin Monit Comput,2018,32(2) :303-310.

[23]JSAOUD F,STONE A,NUTTER A, et al. Validation of a new
method to assess estimated blood loss in the obstetric population
undergoing cesarean delivery[ J]. Am ] Obstet Gynecol, 2019,
221(3):267.el-e6.

[24]LIU C N,YU F B,XU Y Z,et al.Prevalence and risk factors of
severe postpartum hemorrhage:a retrospective cohort study[J].
https://pubmed. ncbi. nlm. nih. gov/33902475/. DOI; 10. 1186/
s12884-021-03818-1.

L2650V, JH SCHth , 2 20, 45 W13 43 066 7 5 I 37 £ J7 36 0 B A TiE 41
AL R, 2024,41(7) 1 15-19

[26]m AR B 2 S 10 B 2 o S P RS 4, h AR B 2 S [ = IR 4 4 4.
7= I i BB A B R (2023) [J . AR A PR 44 R, 2023, 58
(6):401-409.

[27]JCASTRO ] M, BURTON K, THURER R L, et al. How does
blood loss relate to the extent of surgical wound excision? [J].
Burns,2018,44(5):1130-1134.

[28]JPARK I,PARK J H, YOON ], et al. Assessment of machine
learning classifiers for predicting intraoperative blood transfu-
sion in non-cardiac surgery [ J]. Transfus Clin Biol.2025,32(1) .
1-8.

(AR SC 8 X F D

(FEHEYVEXMARXEERXMECEETENES

S PRAIE e PR 8 3 AR R 5 SRR TR L A B2 LA 5 TR IO 54 47 B S R B, BRAE 3 T B9 2 R R B S M A

P BN TR B R LT A .

JUIIR: PR 328 58 58 9 SCAFUFE IE SC v 3 1 4 0 8 o e 5 422 O A B0 7 s I o 7 48 B 2% 5% 2 4 o A - i 90 L BT 9 o R G 2R U

AR F B EZ MRS,

A & T B B PR K R R LA A Yo G A S P T 5 B e K 2 RO I 2 — s 2 A T T
B LAPPAY BT T B0 R4 R B S . Herp < BT T U LA 25 T B AN RRA ST VBT SR AT T i R T I AR A B L B

B £ 7 BT T4

ESUETE g



