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ABSTRACT   

We investigated gastric tissue biopsies using a liquid crystal-based Mueller microscope and a machine-learning approach 

to examine the degree of inflammation. Machine learning and statistical analysis were performed with the multi-

dimensional dataset including the polarimetric properties (linear retardance and dichroism, and circular depolarization) 

and total transmitted intensity images of the unstained thin sections of gastric tissue to identify and quantify the 

microstructural differences between healthy control, chronic gastritis, and gastric cancer. 
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1. INTRODUCTION  

Chronic gastritis is a known precancerous condition of stomach that has the potential to evolve into gastric cancer [1] if 

left without the appropriate treatment. Therefore, precise detection of the degree of gastric inflammation based on 

quantitative analysis of microstructural heterogeneity for healthy and inflammatory tissue of gastric biopsies is essential 

during medical diagnosis. The gold standard diagnosis is based on the conventional tissue histology analysis of thin tissue 

sections of biopsies taken from a patient during the endoscopy test. However, it requires time-consuming sample 

preparation (tissue fixation, paraffin embedding, sectioning, and staining) and is operator-dependent. Therefore, 

quantitative metrics to examine unstained gastric tissue are remarkably important in examining the degree of gastric 

inflammation from the gastric tissue biopsies. In this study we used liquid crystal-based Mueller microscopy [2]–[4] 

combined with a machine learning approach to provide the quantitative metric of the degree of inflammation to support 

pathologists during medical diagnosis.  

2. METHODS 

2.1 Sample preparation 

Gastric tissue biopsies were randomly taken from three cohorts of patients with different pathological conditions (healthy 

control, chronic gastritis, and gastric cancer) during the endoscopy test. The samples were prepared using the conventional 

histological analysis protocol: tissue fixation, paraffin embedding, sectioning, and dewaxing. Then unstained thin tissue 

sections were measured with a custom-built transmission Mueller microscope. As a cross-validation, the adjacent thin 

tissue sections were stained and annotated by a pathologist for the gold standard diagnostics. 

2.2 Transmission Mueller microscope 

The interaction between polarized light and sample changes the polarization state of light depending on the sample's optical 

properties. Based on these changes of polarization of probing light beam, we estimate the polarization properties of a 

sample and characterize its microstructure. For the polarimetric characterization of thin sections of gastric tissue biopsies 

we used a custom-built transmission Mueller microscope. This instrument makes use of the electrically driven ferroelectric 
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liquid crystals (FLCs) for the polarization modulation and analysis. The microscope operates in a visible wavelength range. 

The beam passes through a polarization state generator (PSG) composed of linear polarizer, and fixed half wave plate 

sandwiched between two FLCs and shines on a sample. The polarization state of light transmitted by a sample is analyzed 

by polarization state analyzer (PSA), composed of the same optical components, but assembled in a reverse order. White 

LED (Stemmer Imaging, Germany) is used as a light source, light passes through a bandpass filter (spectral bandwidth of 

20 nm, central wavelength 533 nm) before being modulated by PSG. A CCD camera (AV Stingray F-080B, Allied Vision, 

Germany, image resolution 600 × 800 pixels) is used as a detector. In order to measure 16 intensity images of a sample 

four different polarization states are produced by PSG and each is projected into 4 different polarization states of PSA after 

being transmitted through the tissue section. Based on these 16 raw intensity measurements, we obtain a 4 × 4 Mueller 

matrix using the eigenvalue calibration method [5].  

2.3 Polarimetric data post-processing 

Since physical interpretation of Mueller matrix elements is not always straightforward, we applied the logarithmic 

decomposition of Mueller matrices (LMMD) [6] for the extraction of polarimetric properties of gastric tissue biopsies. 

This decomposition is particularly suitable for the analysis of a few micrometers thick biological samples measured in 

transmission, because it does not assume the sequential appearance of polarimetric effects along the optical path of a 

probing beam. Both linear and circular retardance and dichroism, as well as linear and circular depolarization were 

extracted by using the LMMD method. Next we applied a polynomial regression model to the multi-dimensional dataset 

that contained total transmitted intensity, linear retardance, linear dichroism and circular depolarization images, in order 

to develop a quantitative metrics for the diagnosis of the degree of inflammation of gastric tissue. We calculated the 

regression model 𝛽̂ from the feature space 𝑍, which is consisted of multi-dimensional polarimetric images from healthy 

control gastric tissue group and target image 𝑌⃗ , which highlights inflammatory cells and gastric tissue gland walls within 

the polarimetric images of healthy control tissue. Feature space Z consisted of polynomial basis functions of the second 

degree. Both feature space Z and target image 𝑌⃗  were created based on the vectorized and standardized dataset images. 

We defined the regression model by minimizing mean squared error (MSE) between target value 𝑦 and predicted value 𝑦̂ 

(see Eqs 1-3) [7]. The obtained regression model  𝛽̂ was applied to the images of healthy control, chronic gastritis, and 

gastric cancer tissue biopsies to examine the degree of inflammation. 

 𝑦̂ = 𝑍𝛽̂ (1) 

 𝑀𝑆𝐸(𝛽̂) =
1

𝑁
∑ (𝑦𝑖 − 𝑦𝑖̂)

2𝑁
𝑖=1  (2) 

 𝛽̂ = (𝑍𝑇𝑍)−1𝑍𝑇𝑌⃗  (3) 

3. RESULTS AND DISCUSSION 

Using standard histology diagnosis as a ground truth, we observed the structural changes of gastric glands (appeared at 

healthy control and chronic gastritis tissue biopsies) and gastric epithelium infiltration by the inflammatory cells. Similarly, 

polarimetric images of linear retardance from healthy control and chronic gastritis tissue exhibit high contrast for the 

connective tissue of gastric gland walls that forms a ‘honey-comb’ structure, also visible in the transmitted intensity images. 

In contrast, such ‘honey-comb’ structures were not observed in the corresponding images of gastric cancer tissue, which 

reflects the re-arrangement of gland wall fibers by malignancy. Apart from the structural changes we observe several spots 

with relatively high linear retardance, dichroism and circular depolarization values that are not visible in the intensity 

images. This phenomenon most likely is related to the presence of  intra-nuclear birefringent inclusions (IBI) due to the 

insufficient dewaxing [8]. Since these spots are located along the gastric gland walls, we expected them to represent the 

inflammatory cells [9].  Therefore, to obtain the quantitative metrics for monitoring the degree of inflammation, we focus 

our analysis on the presence of inflammatory cells and structural changes of gastric gland wall compared to the healthy 

control tissue using the multi-dimensional dataset of polarimetric images. To enhance the contrast of the gastric gland 

walls and inflammatory cells, we defined the target image with thresholding of transmitted intensity and linear retardance 

values (Label 1: transmitted intensity ≤ 0.65; Label 2: transmitted intensity > 0.65; Label 3: linear retardance > 0.1). Then, 

to extend and include the various polarimetric properties of inflammatory cells and gastric gland wall, we included 

transmitted intensity, linear retardance, linear dichroism, and circular depolarization to the feature space. We calculated a 

regression model based on the training set of healthy control tissue, and then this trained regression model was applied to 

the images of tissue from all three classes to show the enhanced contrast of inflammatory cells and gastric gland wall in 

the predicted images (see Fig.1). For the predicted images for healthy control, chronic gastritis, and gastric cancer tissues 
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we performed two-Gaussian fit of the distributions of the predicted values obtained from the regression model, in order to 

quantify the degree of gastric tissue inflammation. First Gaussian peak did not show a significant variation with the degree 

of inflammation. On the contrary, the second Gaussian peak shows a strong variation with the pathology evolution. The 

predicted value of peak position and its full width at half maximum (FWHM) stay constant. However, we observed that 

the height of second peak increases drastically: healthy control - 80; chronic gastritis - 150; gastric cancer - 200. Based on 

these results, we suggest to use this parameter as a quantitative metrics for the precise and accurate diagnosis of gastric 

inflammation state [10]. 

4. CONCLUSIONS 

Our studies propose a quantitative approach to grading gastric inflammation state based on multi-dimensional polarimetric 

dataset, machine learning and statistical analysis. Measuring unstained tissue with a custom-built transmission Mueller 

microscope will accelerate preparation of tissue sections compared to the conventional histology protocol. Further studies 

are needed to test the suggested metrics under blind conditions with respect to the pathological status of studied biopsies. 

 

 

Figure 1. (a-c) Predicted images obtained from trained regression model on three different types of gastric tissues (healthy 

control, chronic gastritis, and gastric cancer). Adapted from [10].  
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