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Automatic grading of pathological images of thyroid cancer based on deep learning
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1. College of Engineering Science and Technology, Shanghai Ocean University, Shanghai 201306, China; 2. Department of Endocrinology
and Metabolism, Shanghai Sixth People's Hospital, Shanghai Jiaotong University School of Medicine, Shanghai 200233, China

Abstract: In response to the increasing demand for early diagnosis of thyroid cancer, a deep learning based method is
proposed for the automatic grading of the pathological images of thyroid cancer through EfficientNet combined with CA-Net.
The experimental results show that the accuracy of CA-EfficientNet model is up to 96.6%, which proves the algorithm
superiority in the automatic grading of the pathological images of thyroid cancer. The automatic auxiliary diagnosis system
implemented based on the proposed algorithm is applicable in practice for it can effectively reduce the workload of
pathologists and reduce the rate of misdiagnosis caused by subjective factors such as fatigue.
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Figure 1 Digitalizing pathological images
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Table 1 Pathological images and characteristic graphs of thyroid cancer
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Figure 2 Some of the description information
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Figure 3 Model scaling

(1) A b 5 i '*l‘ﬂféﬁfﬂ&%ﬁﬁéﬁ¥ﬁj (T A P SR 4y — 4 — 2
WAL, ERGAREDE  EHERARRE @ANARAT.

) — A T 5 UX’ELM%T s s ST ) 0
TR S LA TE B (2 8 £ L B2 Hx W e




T o B 2 B S 4540 %
CX1IXW CXIXW CX1XW
, YELBiti =6 || sigmoid ‘
s — / N WS | | e — i
—| mEn el L T s EEE —
CHER || RS
ML | —#5% || Sigmoid

CAXHXW CXHX1 C/r X 1 X(W+H)

C/rX 1 X(W+H)

CXHX1 CXHX1 CXHX

4 CAEEHNFIEH

Figure 4 Structure of CA mechanism
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Table 4 Comparison among different batch sizes
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Table 5 Comparison among different convolutional kernels
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Table 6 Effect of transfer learning on the network
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Figure 5 Confusion matrix
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Figure 6 ROC curves
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