CPEMPRTZWZeE (B THD ) 2024 4255 16 2245 4 i

NI BeAE 2 Wr 22 U G L st a2 P T2 R B2
P R A

e ERER ORBAT
CLORIINZE P A = BE B B 2 AR R )R BRI 51805252, I K& Tk 58 M7 B
fEa @M 350108)

[EZE]1 B#  HiE Y2 (Nuchal Translucency , NT) 75 i 25 B L0 25 22 R IR LS % . A BFSE
F N LA 58 (Artificial Intelligence, AD 52 BT 22 RUUIIG )L NT #5 EG R A il ml . ik WEE
SR 2023 4F 1 1 1 H % 2024 4F 8 J1 10 H FEVRYISE i BORNIA 7= B3 Bt 1F A7 B 75 7= 4 A0 R 11~137°JA
B 100 G B A L. He L NT B2 8 8 3 3. omm 43S NT 81 NT IE % 4, H b 25 fil 5 LY
NT JEJE st 3. 0omm, BRI — AL B 5 8 2 58 B 8 5 =9 78 2 65 904 7 1= 209 Ee ol B L & 43
FBINGAE (n=210) JGHEE (n=30) F XL (n=60) ] TIREF I BB G5, &R B AED
REABR AR T AT U S R B AT DU AN NT M 75 IR . 7 U1 48 R UE SR o EflicientNet V2 1y
HEAA A2 08 TARRRAE B4R T R T AR5 512 0. 944 100, 997, 7EMIKL A v, EfficientNet V2 1 sk B
FURR S BE 4 5 R 0. 960 F10. 980, £5i®  7EG A 22 RN IR JL S % B9 2 Bt vb 1T AT RS R0 LA V8 A 1 I IR
D s RE S 72 A B0 BE 97 W5 VR 4% 1R 2 780 I 2 11 T AR 200356 0 07 2 1 il

(X8R FUBHZE A TEE: = W

[FES%EE] R715.5 [ZakiriRfm] A

Application of artificial intelligence in diagnosing fetal nuchal translucency thickness ultrasonic images in
early pregnancy
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[Abstract] Objective  Nuchal translucency (NT) ultrasonic imaging can effectively screen for early
pregnancy fetal abnormalities. This study is to use artificial intelligence ( AI) to achieve automatic
recognition of early pregnancy fetal NT ultrasound images. Methods A retrospective analysis was
conducted on 100 singleton fetuses with gestational age of 11 to 137" weeks who underwent ultrasound
prenatal examination in the hospital from 1—1—2023 to 8 —10—2024. The fetuses were divided into NT
thickening group and NT normal group according to whether their NT thickness exceeded 3. 0 mm.
Among them, 25 fetuses had NT thickness exceeding 3. 0 mm. After pixel normalization, the images were
expanded 2 times by data augmentation and randomly divided into training set (n=210), validation set
(n=30) and test set (n=060) in a ratio of 7:1:2 for deep learning model training. Results Even when
trained in a small sample dataset, the model can effectively recognize NT ultrasound images. In the

training set and validation set, the Accuracy and Area Under Curve of EfficientNetV2 are 0. 944 and 0. 997
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respectively. In the test set, the Sensitivity and Specificity of EfficientNetV2 are 0. 960 and 0. 980

respectively. Conclusion This study believes that the use of Al models in the process of screening for

early pregnancy fetal abnormalities has potential clinical advantages and can improve doctors’ work

efficiency and screening accuracy under limited medical resources.
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