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[ Abstract] Background and purpose: Digital breast tomosynthesis (DBT) has been applied to breast cancer screening and
diagnosis population, which can improve the breast cancer detection. The purpose of this study was to evaluate the differential
diagnosis of breast mass lesions based on DBT images. Methods: In the retrospective study, we analyzed the patients undergoing
DBT examination in Fudan University Shanghai Cancer Center between April 2019 and August 2020, who were confirmed by
surgery and pathology. Finally, a total of 143 female patients showing mass signs were enrolled in this study. Radiomics features
were extracted from 3D images of DBT based on mass lesions, and Lasso logistic regression model was used for feature dimension
reduction and screening to establish radiomics labels. The model was built by logistic regression (LR), support vector machine (SVM)
and gradient boosting decision tree (GBDT) algorithms. Receiver operating characteristic (ROC) was used to evaluate the diagnostic

efficacy of radiomic labels for benign and malignant breast tumors. Results: Among 144 lesions confirmed by pathology, 65 were
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benign and 79 were malignant. It was divided into training set and test set according to the ratio of 8 : 2. Based on the classifier

algorithm with different number features, the optimal numbers of features of LR, SVM and GBDT were 20, 24 and 32 respectively.

The GBDT model achieved an area under curve (AUC) value of 0.91 on the test set. Conclusion: Due to the advantages of integrated

learning, GBDT model based on radiomics could effectively distinguish benign from malignant breast lesions in DBT.
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Fig. 1 Mass delineation

A: The starting level, which represented the top of the mass; B: The
middle level, which was the level image where the maximum diameter
of the mass located; C: The ending level, which represented the bottom
of the mass
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Tab.1 clinical data of study population

Training set  Test set

Item (n=112) (n=32) P value
Agel/year 0.890
<40 20 7
40-50 51 14
51-60 23
>60 18 4
Fibroglandular density 0.777
Non-dense 15 5
Dense 97 27
Maximum diameter D/mm 0.246
<20 53 10
20-30 31 9
31-40 16 6
>40 12 7
Benign or malignant 0.671
Benign 49 16
Malignant 63 16
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Tab.2 Accuracy and AUC values of different feature numbers

x4 FRESEFUKEITNIEIR

Tab.4 Test and evaluation indexes of different classifiers

LR SVM GBDT Item Accuracy AUC
Feature
Accuracy AUC  Accuracy AUC  Accuracy AUC LR 0.75 0.84
20 084 091 081  0.90 078  0.84 SVM 0.75 0.77
22 0.85 091 081 091 0.76 0.8l GBDT 0.81 0.91
24 0.83 091 0.84 092 076 0.85 ROC performence
26 0.83 0.91 0.83 0.90 0.75 0.84 £
28 0.84 0.91 0.83 0.91 0.77 0.85 . o Simaerainiaie o 7---"’
ann® -’
30 0.82 0.90 0.83 0.90 0.76 0.86 o 081 . /
] . /
32 0.84 0.90 0.85 0.91 0.79 0.88 g : !
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Fig.3 ROC curves of the three classifiers in the test set
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Fig. 2 Feature selection basis diagram
®3 AENSEBRETFEFIHENF

Tab.3 Distribution of optimal subset numbers in different

classifiers B 4 XWW57%, EIZEESEE

Classifier LR SVM GBDT Fig. 4 A 57-year-old female patient with left breast IDC

Statistical features 5 6 10 A, B: Left breast CC and MLO position views, an equal density mass
was found at inner lower quadrant with indistinct margin; C, D: The

Morphological features 3 4 3 DBT views showed the same mass with obscured margin. The mass

P g was probably benign, Breast Imaging Reporting and Data System

(BI-RADS) 4A indicated by mammography. The radiomics suggested it

Texture features 12 14 14 was malignant

Total numbers 20 24 2 ‘ i covoh  oerc]
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WEFIRE}0.81, AUCHO.9T (FE3) o 4. 5H2  was found at the upper quadtont and not Sheious at C. position view:

C, D: The DBT views showed the architecture distortion at the upper

fﬂ%ﬁ{%*ﬁ’@”ﬂﬁ«?%ﬁ%i}% s ?ﬁ g’éﬂi’*ﬁ?ﬂi@%ﬁﬂiﬁﬁi quadrant (12 o’clock). The lesion was probably malignant, BI-RADS
E"Jﬁ @u 4C indicated by mammography. The radiomics suggested it was benign
o

E 5 %WM37%4, A3IRRm
Fig.5 A 37-year old female patient with left breast adenosis
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