B TR & 20194E 12 H 55363 563 *957

B[S B S 5 43 S OB AN B Y
RS B S 1 4

B, LHEM, HE, KE, KB

L MR A (R TR, AP TSR, B BT SR AR HOR (SMART) S630% (L35 200444)
2. LAPSCHE 5 SRR RIC B (k) (L 200444)
3. LA B - BEBE 7B R (L 200336)

[HE]  ASCHETHER B B P DB AR 4 8 R X R 25 AR 1 2 53 JR2 Wi S AR SC Il ik
WF5T 248 il F3k 251 IR E4AE (RLE 89 A4S, WRELIE 70 4>, #ER1E 92 4 ) BYSHIEFT B YRR A M 7 [R11% . 156
PRI B AR S () SUBLAS S AR AL 2 8 R RRAE , RIS AR T A 2 RRAE | AR B R A A AR 3 S A S PR R A
3212 MR SRIG R =R L5 BB ARRIERE B 5, RIS M5 BRI B I L 45 145 S8 e R AR I AN
ASERRAHSEME I, SEUR R 1 S AR A 2E R AR T4 5 B3 R FH SRR Il LA BB I S AR A 2 R A 7 4R 1k T
BRI L2 | R EL IR R R MR L 25 1 2 0 2SR5 R Adaboost 032l & AN RIS R [ RFAE 42 1)
HEEI . Gt AYTAE I UE b T 256 28 2 A R e A A F1(E 5 935 5 76.09%+1.41%. 75.88%+4.32%; i
PR PRI ELZE | b LR B R K EL 25 43 B R IERE AR, 232 iR R M I 48 R 1 B BR 0.77.,0.93 il
0.84, ASSCHFFE 45 F W5 ] Adaboost fill A AU A AR “FARIEA B THRFHR CLAE 10 200 2K MR . AR SO IER
P = 2R B A AR B B2 T

[XBIAY WRgh; AR, WA, 202K, FHEks

Multi-class discrimination of lymphadenopathy by using dual-modal ultrasound
radiomics with elastography and B-mode ultrasound

SHI Jie "2, JIANG Jianwei®, CHANG Wanying®, CHEN Man® ZHANG Qi"?

1. The SMART (Smart Medicine and AI-based Radiology Technology) Lab, Institute of Biomedical Engineering, School of Communication
and Information Engineering, Shanghai University, Shanghai 200444, P.R.China

2. Shanghai Institute for Advanced Communication and Data Science, Shanghai University, Shanghai 200444, P.R.China

3. Department of Medical Ultrasound, Tong Ren Hospital, Shanghai Jiao Tong University School of Medicine, Shanghai 200336, P.R.China

Corresponding author: CHEN Man, Email: maggiech1221@126.com; ZHANG Qi, Email: zhangq@t.shu.edu.cn

[ Abstract] The purpose of our study is to evaluate the diagnostic performance of radiomics in multi-class
discrimination of lymphadenopathy based on elastography and B-mode dual-modal ultrasound images. We retro-
spectively analyzed a total of 251 lymph nodes (89 benign lymph nodes, 70 lymphoma and 92 metastatic lymph nodes)
from 248 patients, which were examined by both elastography and B-mode sonography. Firstly, radiomic features were
extracted from multimodal ultrasound images, including shape features, intensity statistics features and gray-level co-
occurrence matrix texture features. Secondly, three feature selection methods based on information theory were used on
the radiomic features to select different subsets of radiomic features, consisting of conditional infomax feature extraction,
conditional mutual information maximization, and double input symmetric relevance. Thirdly, the support vector
machine classifier was performed for diagnosis of lymphadenopathy on each radiomic subsets. Finally, we fused the results
from different modalities and different radiomic feature subsets with Adaboost to improve the performance of lymph
node classification. The results showed that the accuracy and overall F1 score with five-fold cross-validation were
76.09%+1.41% and 75.88%%4.32%, respectively. Moreover, when considering on benign lymph nodes, lymphoma or

metastatic lymph nodes respectively, the area under the receiver operating characteristic curve of multi-class classification
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were 0.77, 0.93 and 0.84, respectively. This study indicates that radiomic features derived from multimodal ultrasound

images are benefit for diagnosis of lymphadenopathy. It is expected to be useful in clinical differentiation of lymph node

diseases.
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Fig.2 Dual-modal visualization of a lymph node ultrasound image a. a dual-modal image; b. B-mode ultrasound; c. RTE; d. softness map
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Tab.2 Results of B-mode features of lymph nodes by CIFE, CMIM and DISR methods for feature selection

iRz g ST Precision (%) Recall (%) F1{H (%) AUC ACC (%) 240 F1 {8 (%)
AT B HU45HE 0 57.32+4.56 52.81 =5.36 54.97 +4.17 0.72 64.54 = 3.05 65.13+6.67
1 72.72 £ 6.60 80.00 £7.12 76.19 = 5.04 0.86
2 64.13=3.72 64.13 = 3.92 64.13 +4.43 0.76
CIFE 0 64.25+9.71 58.95 = 6.61 61.43+7.94 0.74 68.93 = 3.69 69.24 +7.05
1 72.53+7.39 83.94 +9.48 77.57 +7.54 0.91
2 70.03 £6.29 67.78 £ 7.01 68.72 +5.66 0.81
CMIM 0 64.70 = 13.75 59.42 +7.88 61.27 = 8.49 0.72 68.93 +5.14 69.26 + 6.84
1 76.23+£2.24 81.00 + 10.80 78.12+5.12 0.92
2 67.91 =597 69.23 +9.41 68.37 =691 0.78
DISR 0 66.49 =8.21 59.91 + 8.74 62.38=5.18 0.75 71.30 £3.34 71.45+5.57
1 75.95+8.10 91.60 + 7.09 82.57 = 4.90 0.93
2 71.59 = 6.63 68.15+10.16 69.38 = 6.61 0.82
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Tab.3 Results of RTE features of lymph nodes by CIFE, CMIM and DISR methods for feature selection

Jrk 7 Precision (%) Recall (%) F1{H (%) AUC ACC (%) 24 F1 {5 (%)
A RTE BVERAE 0 56.67 +6.24 57.30+7.92 56.98 + 6.24 0.72 63.75+1.23 64.30 +3.37
1 70.83 £5.22 72.86 +2.41 71.83 +6.31 0.89
2 65.17 +8.31 63.04+5.51 64.09+4.17 0.79
CIFE 0 60.70 = 11.39 63.12 = 18.62 61.22 + 14.35 0.76 65.70 + 8.25 65.45+9.84
1 68.90 = 9.61 81.50 + 10.26 7432+ 8.31 0.91
2 67.69 = 13.87 56.53+5.01 60.82 + 6.87 0.79
CMIM 0 61.35+9.24 62.34 + 15.98 61.20+ 11.31 0.76 64.89 + 8.20 64.67 + 10.73
1 68.45 + 10.69 78.89 + 9.34 72.80 + 8.08 0.90
2 64.79 + 16.94 56.36 + 9.57 60.03 = 12.80 0.78
DISR 0 64.57 +9.08 69.09 + 17.44 65.75 = 10.55 0.76 68.12 +5.42 67.59 = 8.12
1 68.84 +8.47 81.65+ 6.49 74.18 +5.30 0.91
2 72.26+12.83 56.82 + 8.86 62.85+8.52 0.80
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Tab.4 Results of fusing B-mode features and RTE features of lymph nodes by CIFE, CMIM and DISR methods for feature selection

ik 25 Precision (%) Recall (%) FL{E (%) AUC ACC (%) 24 F1 {5 (%)
fif B T} RTE 0 57.18 +£6.72 61.174£2.37 59.03+1.71 0.73 65.73£2.13 66.39 =5.59
FFIE 1 73.71+2.88 72.71 £6.65 75.71%5.06 0.90
2 69.08 = 5.40 64.43 +6.33 67.43 £4.94 0.81
CIEE 0 64.42 = 8.36 65.47 =10.99 64.50 = 8.41 0.75 7213474 72.60 = 6.29
1 77.66 = 8.50 86.86 = 7.61 81.67 £6.48 0.92
2 75.97 £ 6.56 68.16 +4.82 71.62£3.97 0.83
CMIM 0 57.26 =£11.05 58.68 £9.25 57.77 £9.89 0.75 66.14 £5.75 66.87 = 6.46
1 74.19+6.12 81.40 =10.35 76.82=1.41 091
2 69.58 +9.16 62.88+7.54 66.01=8.08 0.80
DISR 0 69.82 £7.63 68.04 +£11.35 68.24 = 6.50 0.76 74.09 £2.61 74.67 =4.19
1 79.69 +7.71 88.37+£7.32 83.25+3.20 0.92
2 74.17 £5.44 71.68 =6.76 72:52+2.85 0.83
& 5 Adaboost BiE SVM MIR D L[/ R ELER
Tab.5 Classification results of fusion of Adaboost with SVM preliminary classifier
Tk il Precision (%) Recall (%) F1{H (%) AUC ACC (%) 24 F1{H (%)
Adaboost 0 81.31 +4.37 65.02+9.43 71.78 £ 6.40 0.77 76.09 £ 1.41 75.88 +4.32
1 73.09£7.55 87.22 + 8.06 78.87 £3.20 0.93
2 74.24 £ 481 80.14 + 3.59 76.99 + 3.37 0.84
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