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Fig. 1 Flow chart of pixel-level fusion of multimodal microscopic images
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Fig. 2 Diagram of cancer diagnosis based on multimodal microscopic imaging
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Fig. 3 Multi-angle polarization microscopic images, bright-field microscopic images and pixel-level fused images of normal and

pixel-level fusion

cancerous breast tissues, respectively
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Table 1  Classification performances of single-angle and multi-angle polarization microscopic imaging

Polarization model Accuracy Sensitivity Specificity AUC
Polarization 0° 0.7923 0.7513 0.9379 0.9062
Polarization 30° 0. 7885 0.7433 0.9453 0.9230
Polarization 60° 0.8115 0.7765 0.9307 0.9138

Polarization fusion 0. 8730 0. 8688 0.9098 0.9323
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Table 2 Classification performances of unimodal and multimodal microscopic imaging

Model Accuracy Sensitivity Specificity AUC
Bright-field 0. 8540 0.8615 0. 8442 0.9013
Polarization 0. 8575 0.8592 0. 8552 0. 9307
Pixel-level 0.8727 0. 8737 0.8713 0. 9400

Decision-level 0.8710 0. 8829 0. 8552 0.9367

AR 41 B 37 R0 0 B Tl A5 (1A 3 A A 19 38 S 6 HIE 45
S ) A2 5 0] U9 5 vk A B 3 R IR A R PR R 2
BB 28053 90,3971 1 0. 6029, X > 4% 5 2% B
PREGH L TR ERGEA B 2R EER . T £
ML MG Rl A5 I, MR A 2R 8 25 53 2 HE B 3 1 D SR A
A LLEE 75 0 i R P 45458 2% 22 ) Y 22 5L B v R R Y

R

100 r
80
g
& 60 f
2 /
Z a0k .
X f - polarization
v -~ bright-field
20 F - pixel-level

— decision-level

O - L 1 L L ]

0 20 40 60 80 100
(1-specificity) /%

4 BRREES  AURAR A 2 S R OB 2 2B AL ROC

Fig. 4 ROC diagram of classification models based on

unimodal and multimodal microscopic imaging
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Abstract

Objective Breast cancer has been the most common life-threatening cancer of women in recent years. Both diagnostic
imaging and pathology are routinely employed to diagnose breast cancer, while the latter is considered the “gold standard”
for cancer diagnosis. In clinical practice, however, the routine pathological diagnosis is strongly hindered by the
complicated and time-consuming process of staining the biopsy sections with hematoxylin and eosin (H&E) for highlighting
the fine structures of cells and tissues. Moreover, the diagnosis is manually performed by pathologists, therefore the
diagnostic speed and accuracy are highly dependent on their knowledge and experience. In order to better serve the
treatment of breast cancer, the pathological diagnosis is greatly expected to be accelerated and automated, especially
providing the efficient intraoperative assessment for precision surgical therapy. In this study, a rapid, accurate and
automatic diagnostic technique of breast cancer is proposed based on the polarization and bright-field multimodal
microscopic imaging. To accelerate the pathological diagnosis, the breast biopsy sections are directly investigated without
the H&E staining, while the cell structures are no longer distinct under the bright-field microscopic imaging. In this case,
the polarization microscopic imaging is introduced to further extract the morphological difference between the normal and
cancerous breast tissues. Collagen fiber is an important part of the extracellular matrix (ECM), and the organization of
collagen fibers has been found to be closely related with the cancer progression. Due to the inherent optical anisotropy,
collagen fibers can be examined by cross-polarization imaging. To perform the automatic diagnosis, deep learning is
employed to distinguish the normal and cancerous breast tissues, where the convolutional neural network (CNN)
classification model is established to extract features from the multimodal microscopic images and make the accurate and
reliable judgements.

Methods In this study, 23 breast biopsies from 16 patients were first rapidly frozen in liquid nitrogen and cut into
sections with the thickness of 15 um using a cryotome. Without the H&E staining, the bright-field microscopic imaging
and polarization microscopic imaging were sequentially performed through switching the light source, polarizer and
analyzer of the custom-made transmission polarization microscope. The polarization microscopic imaging was operated in
the cross-polarization mode, where the polarizer was orthogonal to the analyzer. Since the period of cross-polarization
imaging is 90°, the polarizer-analyzer pair was rotated by 0°, 30° and 60° to characterize the biopsy sections. Following
the microscopic imaging, the pixel-level image fusion was conducted to transform the four multimodal images into a single
fused image for breast cancer diagnosis. In order to perform the deep learning-assisted automatic diagnosis, the classical
CNN ResNet34 was utilized to develop a classification model, whose input is the pixel-level fused image. In addition to the
pixel-level fusion, the decision-level fusion was also examined for comparison, where two classification models were
created based on the bright-field and polarization microscopic imaging, respectively. In this way, the final classification
result was generated according to the weight coefficients determined using the logistic regression algorithm. To evaluate
the performance of CNN classification model, four parameters including accuracy, sensitivity, specificity and AUC [area
under receiver operating characteristic (ROC) curve] were calculated. Due to the rather small amount of breast biopsies,
the leave-one-out cross validation was performed in order to avoid overfitting.

Results and Discussions The cross-polarization microscopic imaging of normal breast tissues exhibits the distinct
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periodic change in the brightness with the rotation of the polarizer-analyzer pair from 0° to 90°, while that of cancerous
breast tissues is almost unchanged (Fig. 3). This polarization-sensitive brightness change results from the anisotropic
organization of collagen fibers in the normal breast tissues, which alters during the cancer progression. Further, the
classification result of the multi-polarization imaging is better than that of the single-polarization imaging ( Table 1).
Following the pixel-level fusion of multimodal images, the CNN classification model based on ResNet34 was established.
As a result, the accuracy of 0.8727 and AUC of 0.9400 were realized, better than bright-field (0. 8540, 0.9013) and
polarization (0.8575, 0.9307) microscopic imaging, respectively (Table 2). In addition, the decision-level fusion was
also evaluated, achieving the accuracy of 0. 8710 and AUC of 0. 9367. The weight coefficients of bright-field and
polarization imaging were calculated to be 0.3971 and 0.6029, respectively.

Conclusions A deep learning-assisted multimodal microscopic imaging technique is proposed for the rapid, accurate and
automatic diagnosis of breast cancer, combining bright-field and cross-polarization microscopic imaging. In this scheme,
the time-consuming process of H&E staining can be removed to accelerate the breast cancer diagnosis, and the automatic
diagnosis can be performed with the CNN classification model. Moreover, the accurate diagnosis can be realized, since the
cross-polarization microscopic imaging can further extract the polarization-sensitive morphological change closely related
with the cancer progression, such as the organization of the optically anisotropic collagen fibers. In this sense, the
multimodal microscopic imaging diagnosis has great potential to better serve the surgical treatment of breast cancer with
the efficient intraoperative assessment.

Key words medical optics; microscopy; multimodal microscopic imaging; polarization microscopic imaging; bright-field
microscopic imaging; deep learning; pathological diagnosis of breast cancer
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