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Clinical value of ultrasound radiomics based on peritumour-containing
tissues in identifying benign and malignant breast nodules
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Abstract: Objective To construct the radiomics model of ultrasound based on intratumoral and peritumoral 2 mm and
4 mm regions and to predict the clinical diagnostic value of these models in identifying benign and malignant breast nod-
ules. Methods Retrospective collection of the ultrasound images of 220 female patients diagnosed as breast nodules by
ultrasound were performed. The patients underwent surgery at the Frist Affiliated Hospital of Hebei North University.
The breast nodule ultrasound images were randomly divided into a training set (n=154) and a test set (n=66) in a

ratio of 7:3. The region of interest (ROI) was outlined as the intratumoral group on the maximal section image of the
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breast nodule and automatically conformed to the outward extension of 2 mm and 4 mm, respectively, to obtain the per-

itumoral 2 mm group and peritumoral 4 mm group. The optimal imaging histological features of the intratumoral group,

peritumoral 2 mm group and peritumoral 4 mm group were screened by LASSO regression to construct a Logistic regres-

sion models. The diagnostic efficacy of the models in the training set and test set were evaluated using AUC, sensitivity,

specificity and Jordon index, and the statistical difference among the models were verified using Delong test. The predic-

tive efficacy of radiomics models were assessed using calibration and decision curves. Results Among the three

groups, the radiomics model of the peritumoral 4mm group had the best efficacy. The values of AUC in the intratumoral

group, peritumoral 2 mm group and peritumoral 4 mm group in the training set were 0.886, 0.902, and 0.945, while

those in the testing set were 0.793, 0.757, 0.901, respectively. In the training set, the values of AUC in the intratumor-

al group and the peritumoral 2 mm group were statistical different with that in the peritumoral 4 mm group ( both P<

0.05). The sensitivity, specificity and Yoden index of the peritumoral 4 mm group in the training set and test set were
0.927, 0.833, 0.760, and 0.879, 0.818, 0.697, respectively. Conclusion The ultrasound-based radiomics model of

the peritumoral 4 mm group has better predictive value in identifying benign and malignant breast nodules compared to

the intratumoral group and the peritumoral 2 mm group.
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Figure 1

Schematic diagram of ROI outlining for breast nodules and pathological results

A': Intratumoral region; B Peritumoral 2 mm region; C: Peritumoral 4 mm region; D. Postoperative pathology showed

malignant ( HE staining, x100).
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Table 2 Predictive performance of intratumoral group, peritumoral 2 mm group, and peritumoral 4 mm group
models in differentiating benign and malignant breast nodules

20 5] AUC IR e LIEFEEL
N
Yl 0.886 0.756 0.903 0.659
HpreS 0.793 0.606 0.909 0.515
I 2 mm 4
plEss 0.902 0.805 0.903 0.708
RS 0.757 0.636 0.879 0.515
ErEJE 4 mm 2H
eSS 0.945 0.927 0.833 0.760
A% 0.901 0.879 0.818 0.697




94

i

FPNEE S -

Ji)

63 % 144

#=3

WA SR g Y2 5988 A 2 mm 41 K 2098 ] 4 mm ZH A1) Delong 304

Table 3 Delong test results of the models of the intratumoral group, peritumoral 2 mm group, and peritumoral 4 mm

group in the training set and test set
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Figure 2 ROC curves of intratumoral group, peritumoral 2 mm group, and peritumoral 4 mm group
A The training set; B: The test set.
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Figure 3 Clinical decision-making curves of the intratumoral group, peritumoral 2 mm group and peritumoral 4 mm group models

A: The training set; B: The test set.
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