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[ Abstract] Objective To discuss how to implement the application of medical image
data on transfer learning based on MATLAB. Methods Taking MIMIC-CXR for example,
500 X-ray images of positive and the same number negative pleural effusion were randomly
selected as the total data set, and the MATLAB software transfer learning method based on the
ResNet network model was used for multiple training, calculating the AUC value to evaluate
the accuracy of the model training for pleural effusion image classification. Results The
pleural effusion imaging test set and training set used in this study were evenly distributed.

Some training models had an accuracy rate of 80%, and the loss rate dropped to below 20%. The
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highest accuracy rate in training with 250 iterations was up to 100%, which took about 2 minutes

and 38 seconds. Based on the prediction results of image data transfer learning obtained in this

model training, the highest AUC value was 93.53%. Conclusion The transfer learning method

of the ResNet network model can realize the effective combination and enhancement of model

construction and medical imaging data training, and the model has good predictive performance,

which provides a certain basis for clinicians in the early diagnosis of pleural effusion.
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Figure 1. Training progress with 250 iterations

2 #R

21 HIE&E

A5 68 FH 004 ) s BB AR I B A1 2 5
LA, BRI BA A 500 5K, A K 4
S XCAIER 7 EESR AN G A4 . anlEl 1 pr
N, AR St 2 AR I 2550 iU TR F] 80%
PRI B B 2 20% UL R . AN
250 WK A 25 a5 e HERA SR T 58 100%, FERT 24
2min 38s, YRR STHENIERERE VAL, £ 3
X T AR RSB ZRAg a5 3, s>
AR RO T REAR, i FLRERT b AR
WFIE IR Grad-CAM fRA5S A5 i p ], fili A A6 44
TCA M s R B AR 28 X 2 PRUR v A 7 B ARRAIE X
BATAAE,  DATTAR B fes B B AR, 5 B
HUFHEGHS 43 B0 25 S A4 T 3IE , 4n %] 2 il 3 i o

2.2 BIBERES

TR VA HE R T LAE Gy il s Sk ik g, OF HLAR
BE TR RS RIVERRM AL, & T AR 555
RIS, IR 250 Wi 2Rl 2
TEBUHIRIE FEUNE] 4 7R o HARBRLA SRR
FAETN 35, B ARAR L3 230 10 A T 4y
REER VAL FR R B, 7E B SRR A P PE( Normal )
BT BZ R, 457 A RSBl 0 o T ok BA %
(Normal ) , 43 PEUGHEHT R K BHYE ( Pleural
Effusion ) , AL ELSEHRES by B4 1) 1144 b g 1
TR He A9 R 91.4%, B2 Wi b 52 56 10 4 5 5
H91.4%., [FBE, FEESEARS A FHPE R MGt iE
T TR0 0 L 91 84.8%,  BIVAS Yk S 56 1) SRR
84.8%. WIFIIH, SREXT AL PRATAY 4 £
PR EL B AR O 25 5 o B AT UG FEA () L 1R
88.1%, BIASLIG/MIMERIF (ACC) N 88.1%.

F3 PRIERIBER
Table 3. Results of different iterations

PERIREL THMEZE (%) TR (%) TS (%) AUC (%) pEting

250 88.1 84.8 91.4 93.53 2min 38s
500 87.6 84.6 90.6 93.26 3min 50s
1000 87.5 83.2 91.8 93.17 7min 26s

http://www.jnewmed.com



EZFFHHE 2022 £ 2 A 3245% 1 B New Medicine, Feb. 2022, Vol. 32, No.1 37

B2 KyfEFR A Grad—CAMAN R X2k By F
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