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Fig. 1 Configuration of two types of transmission Mueller matrix microscopes'
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Fig. 2 TImages of polarization parameters of breast cancer tissues™. (a) Parameters D, , 7,, A, D, and & correspond to the cell nuclei

(labeled by the black solid line in the H&.E stained image); (b) parameters r,, ¢, &, P, , and @ correspond to the fiber tissue
(marked by the red solid line in the H&.E stained image)
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Fig. 3 Dual-modality machine learning framework for pixel level polarization feature extraction of cervical precancerous tissues .

(a) Mueller matrix light intensity image m11 and H&.E image registration; (b) U-Net segmentation of cervical epithelial region in

HR&.E image to generate mask M; (c) mapping M to PBPs to select target pixels; (d) derive a PFP by inputting target pixels in to

a statistical distance-based machine learning model; (e) using PFP to distinguish normal and 3 stages of cervical precancerous
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1, 2: normal and cancerous cell nuclei;

3, 4: cytoplasm with different polarization
features;

5: collagen fibers; 6: other fibrotic tissues
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Fig. 5 Pixel clustering of Mueller matrix images from 222 ROIs of liver cancer tissues
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Fig. 6 Identification of polarization markers that correlates with hepatocellular carcinoma (HCC) differentiation degree"™. (a) Density
heatmap of normal and malignant HCC, zoomed in on two potential polarization markers, cluster 2 and 6; (b) proportion of

pixels belongs to cluster 2 in each ROT are calculated for each differentiation degree; (c) proportion of pixels belongs to cluster 6

in each ROT are calculated for each differentiation degree; (d) density heatmap for each differentiation degree, the dashed line
indicates the selected polarization marker in the cytoplasm cluster to differentiate well and moderately differentiated samples;

(e) in well and moderately differentiated samples, calculate the pixel proportion of the selected cytoplasm cluster
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Fig. 7 Polarization super-pixels based label extension process for lung cancer ROls. (a) Pathologist provides a small initial label within
the red box; (b) obtain extended label for the whole red box by selecting super-pixels with high contribution, pathologist identify

and retain the correct label; (c) expand the red box, pathologist repeat polarization super-pixels calculation and selection to

obtain extended label; (d) by iterating the above process, the entire extended label for the ROT is obtained; (e) extend the label to

anew ROI 1; (f) extend the label to a new ROI 2
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Table 1 Summary of machine learning based polarization feature extraction methods

Method Applicable condition Advantage Disadvantage
. 1)Have large amount of well labeled . . 1) Time and labor consuming to acquire
Supervised . 1)Superior performance in
learning polarization data recognition tasks labels
2)Target on clear structure recognition o 2)Performance degrades with unseen data
. 1)Lack of well labeled polarization data  1)No need for labeling 1)Cannot provide direct predictive results
Unsupervised . . . . Lo . .
learnin 2)Aim to uncover underlying 2)Can explore hidden polarization ~ 2)Requires more computational power
& polarization features features to handle large datasets

1)Overcome the needs for large
amount of well labeled data

2)Fully utilizes polarization features
to achieve fast labeling, enhances
model generalization

1)May not outperform supervised
learning for specific tasks
2)Performance remains constrained by
the quality of initial labels

1)Have small number of initial labels,
Polarization and large amount of unlabeled data
super-pixel  2)Aim to uncover underlying
polarization features
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Abstract

Significance Digital pathology uses digitized pathological images and their features in conjunction with artificial intelligence
technology to achieve quantitative characterization of cancerous tissues and assist pathologists in clinical diagnoses. The use of
polarized light illumination and polarized light detection can achieve full polarization imaging. Accordingly, the polarization
characteristics of each pixel of the image contain abundant microstructural information, especially subcellular super-resolution
information, that is difficult to obtain with nonpolarization imaging. Polarization imaging can provide a more effective means for the
identification and quantitative characterization of cancerous tissues. This paper introduces Mueller matrix microscopic imaging
techniques and comprehensively reviews the latest methods for polarization feature extraction, including supervised learning-based
polarization pixel and image feature extraction, unsupervised learning-based polarization pixel clustering, and the extension of

annotations through polarization feature templates based on super-pixels, highlighting their potential clinical applications.

Progress Mueller matrix imaging provides abundant subcellular-level information on tissue microstructures. The quantitative
extraction of polarization features from Mueller pixels is crucial for the clinical application of polarization imaging. In contrast to stain
image-based digital pathology, polarization feature extraction through supervised learning offers more abundant microstructural
information. However, the reliance on extensive, well-annotated data poses time and labor challenges. Moreover, supervised
learning is dependent on pathologists’ prior knowledge, limiting the comprehensive utilization of information from the polarization
space. Unsupervised clustering methods facilitate the decomposition of pathological tissues into distinct microstructural subtypes,
enhancing the exploration of the rich information embedded in Mueller pixels. Additionally, this approach provides evidence for the
ongoing discovery of new physical properties, structural characteristics, and dynamic processes at all levels above the subcellular scale

in organisms, including living entities.

Conclusions and Prospects Following advancements in molecular biology techniques, the specific identification of molecular
components in biological entities is becoming a pivotal tool in biomedical research, thus leading to diverse omics approaches.
Polarization-based digital pathology can leverage feature extraction methods developed in various omics approaches. The
unsupervised clustering of Mueller pixels quantitatively extracts information at various levels above the subwavelength scale, enabling
the integration of label-free, noninvasive, abundant information features of Mueller matrix imaging into novel spatiotemporal omics

methods.

Key words medical optics; fully polarized microscopic imaging; polarization-based digital pathology; polarization feature extraction;

machine learning
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