S BE Bl R A4k 2026 4F 7 H 55 23 B4 4 1) 29

TRIE 475 B ) R B A 5 VA
S B ) 5 43 0 B B LB
£ 4' pmwt A £ E 4

1. RRAFARER,#I KX 430060;2. KR A FEEEETRFR,#L KX 430000

[fHZE] BHHM HEPURETEREERAINAMTNEE Crslna) RET SHEA 55 W8 st E A8 F 4 i o %
(LVEF) 8y 2 % 3% , 3t 5 #8 & TARVE Simpson AHATHR ,IPHHARBREE Qb0 R —FER S s HEZ 04, F
R OMEWANRKMEN LVEF i E R s 2 n A A SR 2 ML L w2 R4 M B F WA ATHMERRS B H
MW EEA S FRETEMNZA BRI+ 03B+ M EE" Z SR, AP aFAt g b BFFIHTEELH, HAA
Simpson 3% 5 T AR K £ % 1T & LVEF, A&#F % &  EchoNet-Dynamic (3 % ( F Tl %) 2 CAMUS #t 48 & , F A R X A ¥ AR
EROE RS HEEE TR, AR RE FTHENEZ XM B HERRHATIIE, &R # CA-
MUS %45 £ X T4 HA LS RE T 22 HEA N TR K ZE & Z 8 LVEF t Simpson 3k E# A TN &, B ZE A (r=
0.74 vs r= 0.72,MAE= 6.54 vs 8.39) , &P #BIE P G2 A E N EC S B RS @ 8 T H i EAN(r= 0.76 vs
0.77,MAE= 5.46 vs 5.30) , 5 %# A 4% 2 % Simpson 77 ¥ 48 tb, 3% 2| s A AL 45 & W T T 6y 34 R E hE# (r= 0.82
vs 0.59,MAE= 4.65 vs 9.69), % # A £ % i 2 ¥ Simpson = M & T W R K & =17 & E h 1K & LVEF (Bias: —6.64 vs —
3.85)  {EAH X MERAF (r: 0.59 vs 0.56) , G5iE  A#F A B B35 235 #E A A2 LVEF BN o #9740 5 4 % T 47 Simpson 3%
ALZMEMY ML S S HENRFER ERESH AR E T TEA RS0 R T WA 2T E MR R,

[XBiIR] CHRB,ATHEBFEONE SRR HEA; SHA 5 PR

[hE4ZEES] R541.6;R445. 1 [ THEkFRERS] A [XEHS] 1672-6170(2026) 04-0029-07

Deep learning echocardiography for assessing left ventricular ejection fraction in patients with
heart failure: a comparative study of end-to-end models and step-by-step models HAN Yu',
WEN Pan-pan®, ZHOU Qing', CAO Sheng' 1. Renmin Hospital of Wuhan University, Wuhan 430060, Chi-
na; 2. School of Remote Sensing and Information Engineering, Wuhan University, Wuhan 430000, China

[ Corresponding author] CAO Sheng

[ Abstract] Objective To construct and compare a video prediction model ( end-to-end model) based on deep regression and an
automated calculation procedure for left ventricular ejection fraction ( LVEF) based on multi-model stepwise, and compare the standard
Simpson’s method under ultrasound to evaluate their overall accuracy and consistency in cardiac function classification and LVEF error
distribution. Methods  Two representative LVEF calculation processes were constructed. One was end-to-end model using convolutional
neural networks and spatiotemporal convolutional structures for feature extraction and regression prediction from echocardiographic videos.
Another was multi-model step-by-step process method adopting a three-step process of " frame recognition + segmentation mask + geomet-
ric operation". This included self-supervised learning for left ventricular segmentation and LVEF calculation using both Simpson’s method
and the area-length method. This study used the EchoNet-Dynamic dataset (for training) and the CAMUS database. External validation
was performed using clinical imaging data from our hospital. Model performance was assessed using bias, mean absolute error, correlation
and agreement metrics. Results  On the CAMUS database, the LVEF calculated based on the area-length method of segmented models in
a multi-model step-by-step process was closer to human measurement than the Simpson method. Its accuracy was slightly better (r=0.74
vs. r=0.72, MAE=6.54 vs. 8.39). In external validation, the end-to-end model showed similar predictive performance in the four-
chamber and two-chamber views (r=0.76 vs. 0.77, MAE=5.46 vs. 5.30). Compared to the Simpson method in the multi-model step-
by-step process, the end-to-end model combined with the biplane means performance was more accurate (r=0.82 vs. 0.59, MAE=4. 65

vs. 9.69) . Compared with Simpson “s method in the multi-model
[E£TE]WdcE ARFF= 4 T H (45 .2024AFB883);  stepwise pipeline, the end-to-end model combined with biplane
B S R IR0 (52 4%) (45 202510486148) ;  averaging provided more accurate results (r=0.82vs. 0.59, MAE=
WL T S R 01 I (452 s WI2025M122) 5 % DUk 2 [ 22 3 4.65 vs. 9.69). Within the multi-model stepwise pipeline, Simpson’s
LTI /A2 B2 B2 2 JE 34 (260 22025 YB19) method underestimated LVEF more than the area-length method (bias:
B T E L R T —6.64 vs. —3.85) - However, it showed better correlation (r 0. 5.9
o ) o ) vs. 0.56). Conclusions The end-to-end model constructed in this
PR O E 2O R S MAEHE R,
T SRR A R SIREOU 2T L MRSy using the standard Simpson method under ultrasound. Compared
FIRFRNTHBRLERTFRA PEBAEY TRYZHE ) excellent models with multi-step calculations, it has advantages in
FRIRTT SPGB TR R B, WAL A B PO B terms of accuracy and simplified procedures. However, clinical inter-
DAREFE, BB h RS ARSI EEE RSS20,  pretability remains an issue that needs to be addressed.
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study has comparable accuracy in LVEF prediction to manual measure-
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