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Mueller matrix imaging is emerging for the quantitative characterization of pathological micro-
structures and is especially sensitive to fibrous structures. Liver fibrosis is a characteristic of many
types of chronic liver diseases. The clinical diagnosis of liver fibrosis requires time-consuming
multiple staining processes that specifically target on fibrous structures. The staining proficiency
of technicians and the subjective visualization of pathologists may bring inconsistency to clinical
diagnosis. Mueller matrix imaging can reduce the multiple staining processes and provide
quantitative diagnostic indicators to characterize liver fibrosis tissues. In this study, a fiber-
sensitive polarization feature parameter (PFP) was derived through the forward sequential
feature selection (SFS) and linear discriminant analysis (LDA) to target on the identification of
fibrous structures. Then, the Pearson correlation coefficients and the statistical T-tests between
the fiber-sensitive PFP image textures and the liver fibrosis tissues were calculated. The results
show the gray level run length matrix (GLRLM)-based run entropy that measures the
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heterogeneity of the PFP image was most correlated to the changes of liver fibrosis tissues at four
stages with a Pearson correlation of 0.6919. The results also indicate the highest Pearson cor-
relation of 0.9996 was achieved through the linear regression predictions of the combination of the
PFP image textures. This study demonstrates the potential of deriving a fiber-sensitive PFP to
reduce the multiple staining process and provide textures-based quantitative diagnostic indica-

tors for the staging of liver fibrosis.
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1. Introduction

Liver cirrhosis ranks as the 11th leading cause of
death and 15th cause of morbidity worldwide in
2016. Chronic liver diseases lead to 1.32 million
deaths worldwide in 2017. Liver fibrosis refers to the
formation of fibrous structures when the liver
repairs damaged or inflamed liver tissues. It is a
characteristic of many types of chronic liver diseases
and severe liver fibrosis often leads to cirrhosis.'?
The clinical diagnoses of liver fibrosis at different
stages require multiple staining processes including
hematoxylin and eosin (H&E) staining, Masson’s
trichrome staining that specifically targets fibrous
structures, and Gordon and Sweet’s silver staining
that specifically targets reticular fibers.””® The
multiple staining processes are time-consuming and
the difference in staining proficiency of technicians
may make contributions to inconsistent diagnostic
outcomes.

Mueller matrix imaging is an emerging label-
free, noninvasive technique that contains abun-
dant sub-wavelength scale histopathological
microstructures and has promising application
potentials in clinical early detection, diagnosis,
and prognosis of various cancerous diseases.’!*
Previous research indicates Mueller matrix imag-
ing is especially sensitive to fibrous structures of
pathological tissues. Dong et al. used Mueller
matrix polar decomposition (MMPD) derived lin-
ear retardance parameter ¢ and its corresponding
orientation angle parameter 6 and Mueller
matrix transformation (MMT) derived linear
birefringence-related parameters x and ¢ to quan-
titatively characterize the density and orientation
of fibrous structures in breast ductal carcinoma
tissues.'® Laude-Boulesteix et al. presented a
liquid-crystal modulators-based polarimetric imag-
ing system to study the optical properties including
the diattenuation, retardance and polarizance of a
10-pm thick Picrosirius Red stained liver cirrhosis

slide over a wide spectral range.'® Wang et al. ana-

lyzed the average values of MMPD parameter § and
MMT parameter ¢ of four sections of 8-um thick
nonstained and dewaxed liver fibrosis tissues to
demonstrate Mueller matrix imaging is sensitive to
the increase of fibrous structures in liver fibrosis
tissues from stage F1 to stage F4.'” Lee et al. also
pointed out variations in pathological tissue cut
thickness will lead to variations in optical path
length, which will affect the measurements of po-
larization and depolarization of a tissue sample.
Therefore, they proposed several approaches com-
bined with Beer-Lambert law to mitigate the im-
pact of tissue thickness fluctuations and provide
more reliable diagnostics of histological changes
such as fibrosis, inflammation and cancer.'®

This study is dedicated to presenting a liver fi-
brosis diagnostic procedure using polarimetric
Mueller matrix microscopy to quantitatively char-
acterize the liver fibrosis tissues at four stages. This
polarimetric diagnostic procedure will help to re-
duce the time-consuming multiple staining pro-
cesses and provide quantitative diagnostic
indicators to overcome the limitations resulting
from the experience-oriented diagnostic procedures.
In this study, a fiber-sensitive polarization feature
parameter (PFP) was derived from 25 polarization
basis parameters (PBPs) through the combination
of forward sequential feature selection (SFS) and
linear discriminant analysis (LDA) to target on the
quantitative characterization of liver fibrosis tissues
at four stages.'”?! The fiber-sensitive PFP is a
linear combination of 12 selected significant PBPs.
After obtaining the fiber-sensitive PFP, a correla-
tion study between the image textures of the PFP
and the liver fibrosis tissues was performed to ex-
plore the possibility of developing polarization
textures-based liver fibrosis diagnostic indicators
that can facilitate the quantitative diagnosis of liver
fibrosis.
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2. Materials and Methods

2.1. Lawver fibrosis tissues and
experimental setup

The 38 H&E-stained liver fibrosis slides (4-pum
thick) used in this study were acquired from 38
patients from Mengchao Hepatobiliary Hospital.
Among the 38 slides, a total of 10 slides, 10 slides,
nine slides and nine slides were diagnosed as stage
S1, stage S2, stage S3 and stage S4 by the Scheuer
system, respectively.?? For each liver fibrosis slide,
one region of interest (ROI) that represents the
typical liver fibrosis histological features as shown in
Fig. 1 was labeled by an experienced pathologist to
acquire PBP images under an objective lens of 4x
resolution. This study was approved by the Ethics

Committee of the Mengchao Hepatobiliary
Hospital.
S1
200pm
Fig. 1.

4x resolution.

Fig. 2.

Correlation of image textures of a PFP

The schematic of the dual division of focal plane
(DoFP) polarimeters-based full Mueller matrix mi-
croscope (DoFPs-MMM) used for fast full Mueller
matrix imaging was shown in Fig. 2(a).?® The
DoFPs-MMM is modified from a commercial
transmission microscope (L2050, Guangzhou LISS
Optical Instrument Co., Ltd., China) by adding a
polarization state generator (PSG) and a polariza-
tion state analyzer (PSA). The PSG is composed of
a fixed-angle linear polarizer (P1) and a rotatable
zero-order quarter-wave plate (R1). The PSA is
composed of two 16-bit DoFP polarimeters
(PHX050S-PC, Lucid Vision Labs Inc., Canada), a
50:50 nonpolarized beam splitter prism (CCM1-
BS013/M, Thorlabs Inc., USA), and a fixed-angle
phase retarder (R2). During the experiment, the
light from the LED is modulated by the PSG
and then passes through the liver fibrosis sample.

S3

The labeled ROI of the 4-pm thick H&E-stained liver fibrosis tissues at stages of S1, S2, S3 and S4 under an objective lens of

Intensity Image

4x4 Mueller M;;trlx Images

mil mi2 ml3  ml4 0:09
m21 m23 i\fiifk
1D
m31 m32 m33 m34.
A
m41
-0.03

(a) Schematic of the dual DoFP polarimeters-based full Mueller matrix microscope. P1: a fixed-angle linear polarizer; R1: a

rotatable zero-order quarter-wave plate; R2: a fixed-angle phase retarder; PSG: a polarization state generator; PSA: a polarization
state analyzer; Light source: LED (633 nm, A\ = 20nm). (b) An example of intensity image and 4 x 4 Mueller matrix image of a
liver fibrosis sample. The values of m;; were set to 0 and the values of ms,, ms3 and my, were subtracted by 1 only for display

purposes.
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The scattered light from the sample then passes
through the objective lens and detected by the two
DoFP polarimeters of the PSA.

To acquire the 4 x 4 Mueller matrix as shown in
Fig. 2(b), the PSG will generate four independent
polarization states by rotating the fast axis of R1 to
four angles of £45° and +19.6°. The PSA will
measure four linear polarization channels including
90°, 45°, 135° and 0° in a single shot by the two
DoFP polarimeters. To enable the measurement of
four linear polarization channels in a single shot, the
DoFP polarimeter adds a pixelated micro-polarizer
array (MPA) in front of an ordinary CCD sensor to
form a super-pixel that contains four adjacent pixels
with different polarization orientations for each
pixel. The DoFPs-MMM measured Mueller matri-
ces have very small average root mean square errors
(RMSEs) of less than 0.01 for standard samples
including a linear polarizer and a wave plate of
92.62° retardance at 633 nm. Detailed information
on the DoFP polarimeters-based full Mueller matrix
microscope was published in Ref. 23.7%24

2.2. Derivation of the PFP

In Mueller matrix imaging, the Mueller matrix
contains full polarization information of a patho-
logical sample, but the absence of explicit explana-
tions of specific tissue microstructures from
individual Mueller matrix elements leads to the
derivation of polarization parameters with more
clear physical meanings. Li et al. reviewed various
polarization parameters derived from different
physical methods to provide quantitative char-
acterizations of pathological samples.””?% In this
study, a total of 25 polarization parameters derived
from different physical methods were used as PBPs
to derive a fiber-sensitive PFP that contains com-
bined histological information and targets the
identification of fibrous structures of liver fibrosis
tissues. A fiber-sensitive PFP is a linear combina-
tion of selected significant PBPs. The 25 PBPs used
include MMPD parameters §, D, A and R*"2’;
MMT parameters P;, D;, q; and r;*%; MMT
parameters b, 3, |B|, || B||, t; and CD?’; Degree of
linear polarization parameter LDOP??; and Cloude
decomposition parameters A4, P;, P, P35, Pa,
S(H) and PI.6’25’26’3073"1

The fiber-sensitive PFP derivation procedures
involve three steps: (1) pathologist labels the fibrous

and nonfibrous pixels of liver fibrosis tissues on
H&E images; (2) image registration is performed
between the H&E image and the 25 PBP images for
each sample to acquire the input fibrous and non-
fibrous pixels and training labels of the 25 PBPs. A
total of 45,000 fibrous pixels (2500 pixels each ROI)
and 45,000 nonfibrous pixels (2500 pixels each ROT)
were randomly sampled from 18 liver fibrosis tissue
ROIs (S3 and S4) for the machine learning process;
(3) and the derivation of a fiber-sensitive PFP
through the combination of machine learning-based
forward SFS and LDA. The LDA is a supervised
dimensionality reduction technique that also can
perform classification simultaneously. It focuses on
finding a feature subspace that maximizes the sep-
aration between fibrous and nonfibrous pixels. For
the combination of the forward SFS and LDA, the
forward SFS sequentially chooses the best PBP to
add based on the highest five-fold cross-validation
scores of the LDA classifier. The combined forward
SFS and LDA can be used to look for a fiber-
sensitive PFP, which is a linear combination of a
selected number of significant PBPs that has the
highest classification accuracy to identify the fi-
brous and nonfibrous pixels.'? !

2.3. Correlation analysis of image
textures of the PFP

Liver fibrosis tissues at different stages show dif-
ferent histological structures. A correlation study
between the image textures of the fiber-sensitive
PFP and the liver fibrosis histological structures
can provide texture-based quantitative diagnostic
indicators that can be used alone or combined with
other clinical indicators for the staging and further
grading of liver fibrosis tissues. To perform the
correlation study, first, the image textures of the
fiber-sensitive PFP for each liver fibrosis sample
were calculated. These image textures include 25
gray level co-occurrence matrix (GLCM)-based
features and 16 gray level run length matrix
(GLRLM)-based features.*” The names and calcu-
lation equations of the 41 image textures were listed
in Ref. 35.% Then, the Pearson correlation coeffi-
cient that measures the strength of a linear corre-
lation between a PFP image texture and the liver
fibrosis tissues at four stages was calculated to find
the PFP image textures that are most associated
with the changes in liver fibrosis structures.'®-

2241004-4



Besides, the statistical T-test was also calculated for
the PFP image textures with the top five highest
Pearson correlation coefficients to study whether
these image textures are statistically significant to
distinguish the liver fibrosis tissues at four
stages.?"%%

3. Results and Discussion

3.1. The derived fiber-sensitive PFP for
liver fibrosis tissues

In this study, the combination of forward SFS and
LDA derived a fiber-sensitive PFP by selecting 12
significant PBPs from a total of 25 PBPs based on
the highest five-fold cross-validation scores of the
LDA to classify the two-class fibrous and no-fibrous
pixels. This fiber-sensitive PFP is a linear combi-
nation of the 12 significant PBPs that maximize the
separation of the fibrous and nonfibrous pixels with
the highest five-fold cross-validation classification
accuracy of 86.54% and weighting coefficients
shown in Fig. 3. The 12 significant PBPs as shown
in Fig. 3 include Muller matrix transformation
(MMT) parameters 3, |B|, CD, Py and r, degree of
linear polarization parameter LDOP, Cloude de-
composition parameters A;, A3 and S(H), and
MMPD parameters A, § and R.?” The MMT pa-
rameter [ is related to circular retardance. Param-
eter |B| is the determinant of Mueller matrix
central 2 x 2 blocks and is affected by the linear
diattenuation and linear retardance. Parameter CD
is the degree of circular dichroism anisotropy.*’
Parameter P; is the linear polarizance and param-
eter ry is related to the linear birefringence. Pa-
rameter LDOP represents the degree of linear
polarization. For the Cloude decomposition para-
meters, A; and A; are the eigenvalues of the co-
variance matrix of Mueller matrix H(M).*
Parameter S(H) is the polarization entropy.*! For
the MMPD parameters, A is the degree of overall

Correlation of image textures of a PFP

depolarization, ¢ is related to linear retardance and
R is the total retardance that includes both effects
of linear retardance and circular retardance.?®

Among the 12 significant PBPs, some of them are
correlated with similar physical meanings such as
the depolarization A and the LDOP. However, the
combination of the forward SFS and LDA selected
this linear combination of 12 significant PBPs from
a total of 25 PBPs due to their highest classification
accuracy. Besides, the LDA weighting coefficients
for the depolarization A and the LDOP were 0.527
and —0.847, respectively, which indicate they made
different contributions to classifying the fibrous and
nonfibrous pixels. Therefore, in this study, the
results indicate that even though some PBPs such
as the depolarization A and the LDOP were corre-
lated, they may not be completely substitutable.

Figure 4 shows the examples of selected PBPs P,
and ry, and the derived fiber-sensitive PFP for liver
fibrosis tissues from stages S1-S4. Previous research
indicates the linear polarizance parameter P; is
sensitive to cell nucleus structures. The linear
birefringence-related parameter r;, is sensitive to fi-
brous structures.*'*? Figure 4 also shows parameter
r is more sensitive to liver fibrous structures than
parameter P;. The derived fiber-sensitive PFP is the
linear combination of diattenuation, retardance and
depolarization-related parameters and encodes more
comprehensive liver fibrosis cellular and fibrous
structures. Figure 4 indicates the derived fiber-
sensitive PFP highlights more fibrous pixels than the
linear polarizance parameter P;, and the linear bire-
fringence-related parameter r;, especially at stages
S3 and S4 that contain more fibrous structures.

3.2. Correlation of image textures of
fiber-sensitive PFP and liver
fibrosis

The Pearson product-moment correlation coeffi-
cient measures the strength of a linear association

! -0.837 ‘ -0.800 ‘ -0.828

-0.790 ‘-0.803 -0.847 |1.000 ‘-0.897 ‘-0.801 ‘0.527 ‘-0.655 ‘-1.000

Fig. 3. The fiber-sensitive PFP derived from a linear combination of 12 significant PBPs.
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PFP

e Fus

Fig. 4.

Imaging results of the selected significant PBPs Py and D;, and the derived fiber sensitive PFP for liver fibrosis tissues at

stages S1, S2, S3 and S4. The image color bar ranges from the 2nd percentile to the 98th percentile of that image.

between the data of two variables. A Pearson
correlation coefficient that equals 0 indicates there
is no association between the two variables. A
Pearson correlation coefficient that is greater than 0
indicates a positive association and a Pearson cor-
relation coefficient that is less than 0 indicates a
negative association. The Pearson correlation coef-
ficient will be close to +1 (positive correlation) or
—1 (negative correlation) for a stronger correlation
between two variables.'”*% In this study, the Pear-
son correlation coefficients between the image tex-
tures of the fiber-sensitive PFP and the four stages
of liver fibrosis tissues were calculated. The image
textures include 25 GLCM-based features and 16
GLRLM-based features.?” The detailed image tex-
ture names and calculation equations are listed in
Ref. 35.%° In this study, the statistical T-test was
also calculated for the PFP image texture to study

whether this image texture is statistically significant
to distinguish the liver fibrosis tissues at four stages.

Table 1 listed the top five image textures with
the highest Pearson correlation coefficients among
the 41 GLCM and GLRLM-based features in des-
cending order. The GLRLM-based run entropy
measures the randomness of the distributions of run
lengths and gray level values. The PFP image with
a larger run entropy indicates it has texture pat-
terns with more heterogeneity. The GLRLM-based
run entropy of the PFP image has the highest
Pearson correlation coefficient of 0.6919. This result
indicates that image heterogeneity has the largest
association with the changes in liver fibrosis tissues
at different stages. The gray level nonuniformity
and normalized gray level nonuniformity that
measure the similarity of gray-level intensity values
in the fiber-sensitive PFP images have Pearson

Table 1. Pearson correlation and statistical T-test of PFP image textures.
Pearson correlation p-value

Top 5 PFP textures Value S1-S2 S2-S3  S3-S4
GLRLM Run entropy 0.6919 0.1717 0.1756 0.0151
GLRLM Gray level nonuniformity 0.6659 0.1938 0.2203 0.0191
GLRLM Normalized gray level nonuniformity 0.6617 0.2020 0.2313  0.0193
GLCM Information correlation 1 0.6611  0.2078 0.2106 0.0261
GLRLM SRHGLE 0.6326  0.0057 0.2779 0.0709
PFP textures with linear regression Value S1-S2 S2-S3  S3-S4
Combination of top 5 PFP textures 0.7400 0.0898 0.1429 0.0048
Combination of top 10 PFP textures 0.7923 0.0049 0.2322 0.0014
Combination of top 20 PFP textures 0.8959 ~0 0.1538  0.0002

Combination of all 41 PFP textures 0.9996 ~0 ~0 ~0
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correlation coefficients of 0.6659 and 0.6617, re-
spectively. The GLCM-based information correla-
tion 1 that measures the complexity of the image
using mutual information has a Pearson correlation
coefficient of 0.6611.*> The GLRLM-based short run
high gray level emphasis (SRHGLE) that measures
the joint distribution of short run lengths with high
gray-level values has a Pearson correlation coeffi-
cient of 0.6326. These results indicate the hetero-
geneity, similarity, complexity and distribution of
high gray-level values with short run lengths of the
fiber-sensitive PFP images are most correlated to
the changes in liver fibrosis structures from stage S1
to stage S4.

Table 1 also shows the p-values of the statistical
T-tests for liver fibrosis tissues between stages S1
and S2, S2 and S3, and S3 and S4. The results
demonstrate the GLRLM-based run entropy, gray
level nonuniformity and normalized gray level
nonuniformity, and GLCM-based information cor-
relation 1 showed statistically significant differences
for liver fibrosis tissues at stages S3 and S4 with
p-values equal to 0.0151, 0.0191, 0.0193 and 0.0261,
respectively, which means only one image texture
that either describes the heterogeneity, similarity or
complexity is required to distinguish the liver fi-
brosis tissues at stages S3 and S4 with a statistically
significant difference. However, these image tex-
tures do not show significant differences for liver
fibrosis tissues between S1 and S2, and S2 and S3
with p-values all greater than 0.05. The GLCM-
based SRHGLE shows a significant difference for

5 PFP Image Textures

Correlation of image textures of a PFP

liver fibrosis tissues at S1 and S2 with a p-value
equal to 0.0057. However, this texture does not
show significant differences for liver fibrosis tissues
at other stages.

The individual image textures only show a sta-
tistically significant difference between stages S1
and S2 or S3 and S4. A single image texture is not
able to separate the liver fibrosis tissues at stages S2
and S3. Therefore, linear regression was used to fit
the combination of PFP image textures based on
the ranking of Pearson correlation coefficients. The
combinations of top 5, top 10, top 20 and 41 PFP
image textures were chosen for fitting a linear re-
gression model that minimizes the residual sum of
squares between the observed targets and the tar-
gets predicted by the linear approximation.***’
Table 1 also illustrated the Pearson correlation
coeflicients and statistical p-values for the predic-
tions of the linear regression model with the com-
binations of 5, 10, 20 and 41 PFP image textures,
respectively.

Figure 5 shows the linear regression predictions
of liver fibrosis tissues at four stages by using
combinations of the fiber-sensitive PFP image
textures. For the predictions through the top five
PFP image textures as shown in Fig. 5(a), the
Pearson correlation coefficient was 0.7400 and this
combination only shows a statistically significant
difference to separate liver fibrosis tissues at S3
and S4. For the predictions through the top 10
PFP image textures as shown in Fig. 5(b), the
Pearson correlation coefficient was 0.7923 and this

10 PFP Image Textures

B 25%~75% B 25%~75%
T Range within 1.5IQR T Range within 1.5IQR
54 | — Median Line 59 | — Median Line
¢ Mean ¢ Mean
e Outliers e OQutliers
4 4
5 5
g 3 g 34
~ A~
14 14
T T T T T T T T
s1 S2 S3 S4 s1 s2 S3 S4

Liver Fibrosis Stages
(a)
Fig. 5.

Liver Fibrosis Stages

(b)

Linear regression predictions of liver fibrosis tissues at four stages by using a combination of the fiber-sensitive PFP image

textures. (a) Predictions through top five PFP image textures. (b) Predictions through top 10 PFP image textures. (c) Predictions
through top 20 PFP image textures. (d) Predictions through all 41 PFP image textures.
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20 PFP Image Textures
B 25%~75%

T Range within 1.5IQR
54 | — Median Line
¢ Mean

e Outliers
) é
1 @

Prediction
w
1

S1 S2 S3 S4
Liver Fibrosis Stages

()
Fig. 5.

combination demonstrates a statistically signifi-
cant difference to separate liver fibrosis tissues
between S1 and S2, and between S3 and S4. For
the predictions through the top 20 PFP image
textures as shown in Fig. 5(c), the Pearson cor-
relation coefficient was 0.8959 and this combina-
tion shows better separations for stages S1 and S2,
and stages S3 and S4. However, it still does not
show a significant difference between S2 and S3.
This result indicates the PFP image patterns for
liver fibrosis tissues at S2 and S3 have large
overlaps and are the most difficult to separate
with fewer PFP image textures. Figure 5(d) shows
the predictions using all of the 41 calculated image
textures. For this combination, the Pearson cor-
relation coefficient was 0.9996 and the predictions
can separate all of the four stages of liver fibrosis
tissue samples with a statistically significant dif-
ference. The results in Table 1 demonstrate that
the heterogeneity, similarity and complexity of
the fiber-sensitive PFP images have the largest
Pearson correlations with the changes in liver fi-
brosis structures from S1 to S4. The results in
Fig. 5 demonstrate the image textures of the fiber-
sensitive PFP have the potential to develop tex-
tures-based quantitative diagnostic indicators
that can be used alone or combined with other
clinical indicators for the staging of liver fibrosis
tissues and further study of fibrous micro-
structures in liver cancerous tissues for diagnostic
and prognostic applications.

41 PFP Image Textures
e=SSE—

B 25%~75%
T Range within 1.5IQR
— Median Line
¢ Mean
3{L° Outliers

Prediction

11 === . . .

S1 S2 S3 S4
Liver Fibrosis Stages

(d)

(Continued)

4. Conclusions

In conclusion, Mueller matrix imaging is an
emerging label-free, noninvasive technique that is
especially sensitive to the fibrous microstructures of
pathological samples. In this study, a fiber-sensitive
PFP was derived from 25 PBPs by using the com-
bination of forward SFS and LDA to target on
the identification of fibrous structures. The fiber-
sensitive PFP is a linear combination of 12 PBPs
and highlights more fibrous structures than a single
PBP such as the linear polarizance parameter Pr,
and the linear birefringence-related parameter r,
especially for liver fibrosis tissues at stages S3 and
S4 that contains more fibrous structures. After
obtaining the fiber-sensitive PFP, the Pearson cor-
relation coefficient that measures the strength of a
linear association between the fiber-sensitive PFP
image texture and the liver fibrosis tissues at dif-
ferent stages was calculated for a total of 41 GLCM
and GLRLM-based image textures. The results in-
dicate the PFP image texture with the largest
Pearson correlation of 0.6919 was the GLRLM-
based run entropy that measures the heterogeneity
of the image. This image texture shows a statisti-
cally significant difference for liver fibrosis tissues at
stages S3 and S4 and can be used as quantitative
indicators to distinguish S3 and S4. However, this
single image texture does not show a significant
difference to separate S1 and S2, and S2 and S3.
Therefore, the linear regression was used to fit the
combination of PFP image textures based on the
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ranking of Pearson correlation coefficients. The
linear regression predictions for the combinations of
top 5, 10, 20 and 41 image textures show increasing
Pearson correlation coefficients of 0.7400, 0.7923,
0.8959 and 0.9996, respectively. The combination of
41 PFP image textures with the largest Pearson
correlation coefficient of 0.9996 can quantitatively
identify all of the liver fibrosis samples at four
stages. This study demonstrates the potential of
deriving fiber-sensitive PFPs to provide textures-
based quantitative diagnostic indicators that can be
used alone or combined with other immunohisto-
chemical or clinical indicators for the staging of liver
fibrosis and further study of fibrous-related liver
cancer microenvironments for diagnostic and prog-
nostic applications.

Conflicts of Interest

The authors have no conflicts of interest relevant to
this article.

Acknowledgments

This work was supported by the National Natural
Science Foundation of China (NSFC) (Nos. 11974206
and 61527826).

References

1. S. Cheemerla, M. Balakrishnan, “Global epidemiol-
ogy of chronic liver disease,” Clin. Liver Dis. 17, 365
(2021).

2. S. K. Asrani, H. Devarbhavi, J. Eaton, P. S.
Kamath, “Burden of liver diseases in the world,” J.
Hepatol. 70, 151-171 (2019).

3. A. H. Fischer, K. A. Jacobson, J. Rose, R. Zeller,
“Hematoxylin and eosin staining of tissue and cell
sections,” Cold Spring Harb. Protoc. 2008, pdb-
prot4986 (2008).

4. N. C. Foot, “The Masson trichrome staining meth-
ods in routine laboratory use,” Stain Technol. 8,
101-110 (1933).

5. H. Gordon, H. H. Sweets Jr., “A simple method for
the silver impregnation of reticulum,” Am. J.
Pathol. 12, 545 (1936).

6. H. He, R. Liao, N. Zeng, P. Li, Z. Chen, X. Liu, H.
Ma, “Mueller matrix polarimetry — an emerging
new tool for characterizing the microstructural fea-
ture of complex biological specimen,” J. Lightw.
Technol. 37, 2534-2548 (2019).

7. C. He, H. He, J. Chang, B. Chen, H. Ma, M. J.
Booth, “Polarisation optics for biomedical and

10.

11.

12.

13.

14.

15.

16.

17.

18.

2241004-9

Correlation of image textures of a PFP

clinical applications: A review,” Light: Sci. Appl. 10,
1-20 (2021).

J. Qi, D. S. Elson, “A high definition Mueller po-
larimetric endoscope for tissue characterisation,”
Sci. Rep. 6, 1-11 (2016).

J. Qi, D. S. Elson, “Mueller polarimetric imaging for
surgical and diagnostic applications: A review,” J.
Biophoton. 10, 950-982 (2017).

T. Liu, M. Lu, B. Chen, Q. Zhong, J. Li, H. He, H.
Mao, H. Ma, “Distinguishing structural features
between Crohns disease and gastrointestinal luminal
tuberculosis using Mueller matrix derived para-
meters,” J. Biophoton. 12, €201900151 (2019).

P. Schucht, H. R. Lee, H. M. Mezouar, E. Hewer, A.
Raabe, M. Murek, I. Zubak, J. Goldberg, E. Kovari,
A. Pierangelo, T. Novikova, “Visualization of white
matter fiber tracts of brain tissue sections with wide-
field imaging Mueller polarimetry,” IEEE Trans.
Med. Imaging 39, 4376-4382 (2020).

H. R. Lee, I. Saytashev, V. N. Du Le, M.
Mahendroo, J. Ramella-Roman, T. Novikova,
“Mueller matrix imaging for collagen scoring in mice
model of pregnancy,” Sci. Rep. 11, 1-12 (2021).
H. He, N. Zeng, D. Li, R. Liao, H. Ma, “Quantitative
Mueller matrix polarimetry techniques for biological
tissues,” J. Innov. Opt. Health Sci. 5, 1250017
(2012).

Y. Huang, A. Hou, J. Wang, Y. Yao, W. Miao, X.
Tian, J. Yu, C. Li, H. Ma, Y. Fan, “Identification of
serous ovarian tumors based on polarization imag-
ing and correlation analysis with clinicopathological
features,” J. Innov. Opt. Health Sci. 2241002 (2022).
Y. Dong, J. Qi, H. He, C. He, S. Liu, J. Wu, D. S.
Elson, H. Ma, “Quantitatively characterizing the
microstructural features of breast ductal carcinoma
tissues in different progression stages by Mueller
matrix microscope,” Biomed. Opt. Express 8, 3643—
3655 (2017).

B. Laude-Boulesteix, A. De Martino, B. Drévillon,
L. Schwartz, “Mueller polarimetric imaging system
with liquid crystals,” Appl. Opt. 43, 2824-2832
(2004).

Y. Wang, H. He, J. Chang, C. He, S. Liu, M. Li, N.
Zeng, J. Wu, H. Ma, “Mueller matrix microscope: A
quantitative tool to facilitate detections and fibrosis
scorings of liver cirrhosis and cancer tissues,” J.
Biomed. Opt. 21, 071112 (2016).

H. R. Lee, P. Li, T. S. H. Yoo, C. Lotz, F. K.
Groeber-Becker, S. Dembski, E. Garcia-Caurel, R.
Ossikovski, H. Ma, T. Novikova, “Digital histology
with Mueller microscopy: How to mitigate an im-
pact of tissue cut thickness fluctuations,” J. Biomed.
Opt. 24, 076004 (2019).

. F. Pedregosa, G. Varoquaux, A. Gramfort, V.

Michel, B. Thirion, O. Grisel, M. Blondel,



Y. Yao et al.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

P. Prettenhofer, R. Weiss, V. Dubourg, “Scikit-
learn: Machine learning in Python,” J. Mach.
Learn. Res. 12, 2825-2830 (2011).

A. Géron, Hands-on Machine Learning with Scikit-
Learn, Keras, and TensorFlow: Concepts, Tools,and
Techniques to Build Intelligent Systems (O’Reilly
Media, Sebastopol, CA, USA, 2019), p. 235.

F. J. Ferri, P. Pudil, M. Hatef, J. Kittler,
“Comparative study of techniques for large-scale
feature selection,” in Machine Intelligence and Pat-
tern Recognition (Elsevier, North-Holland, 1994),
pp. 403-413.

N. D. Theise, “Liver biopsy assessment in chronic
viral hepatitis: A personal, practical approach,”
Mod. Pathol. 20, S3-S14 (2007).

T. Huang, R. Meng, J. Qi, Y. Liu, X. Wang, Y.
Chen, R. Liao, H. Ma, “Fast Mueller matrix mi-
croscope based on dual DoFP polarimeters,” Opt.
Lett. 46, 1676-1679 (2021).

B. M. Ratliff; C. F. LaCasse, J. S. Tyo,
“Interpolation strategies for reducing IFOV arti-
facts in microgrid polarimeter imagery,” Opt. Ez-
press 17, 9112-9125 (2009).

P. Li, Y. Dong, J. Wan, H. He, T. Aziz, H. Ma,
“Polaromics: Deriving polarization parameters from
a Mueller matrix for quantitative characterization of
biomedical specimen,” J. Phys. D: Appl. Phys.
(2021).

P. Li, D. Lv, H. He, H. Ma, “Separating azimuthal
orientation dependence in polarization measure-
ments of anisotropic media,” Opt. Express 26, 3791—
3800 (2018).

S.-Y. Lu, R. A. Chipman, “Interpretation of Mueller
matrices based on polar decomposition,” J. Opt.
Soc. Am. A 13,1106-1113 (1996).

S. Manhas, M. K. Swami, P. Buddhiwant, N.
Ghosh, P. K. Gupta, K. Singh, “Mueller matrix
approach for determination of optical rotation in
chiral turbid media in backscattering geometry,”
Opt. Express 14, 190-202 (2006).

N. Ghosh, M. F. G. Wood, I. A. Vitkin, “Mueller
matrix decomposition for extraction of individual
polarization parameters from complex turbid media
exhibiting multiple scattering, optical activity, and
linear birefringence,” J. Biomed. Opt. 13, 044036
(2008).

Y. Dong, J. Wan, X. Wang, J.-H. Xue, J. Zou, H.
He, P. Li, A. Hou, H. Ma, “A polarization-imaging-
based machine learning framework for quantitative
pathological diagnosis of cervical precancerous
lesions,” IEEFE Trans. Med. Imaging 40, 3728-3738
(2021).

R. Barakat, “Polarization entropy transfer and rel-
ative polarization entropy,” Opt. Commun. 123,
443-448 (1996).

2241004-10

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

A. Tariq, P. Li, D. Chen, D. Lv, H. Ma, “Physically
realizable space for the purity-depolarization plane
for polarized light scattering media,” Phys. Rev.
Lett. 119, 033202 (2017).

J. J. Gil, E. Bernabeu, “Depolarization and polari-
zation indices of an optical system,” Opt. Acta: Int.
J. Opt. 33, 185-189 (1986).

A.Hou, X. Wang, Y.Fan, W. Miao, Y. Dong, X. Tian,
J. Zou, H. Ma, “Polarimetry feature parameter de-
riving from Mueller matrix imaging and auto-diag-
nostic significance to distinguish HSIL and CSCC,” J.
Innov. Opt. Health Sci. 15, 2142008 (2022).

A. Zwanenburg, S. Leger, M. Valliéres, S. Lock,
“Image biomarker standardisation initiative,”
arXiv:1612.07003.

C. R. Harris, K. J. Millman, S. J. van der Walt, R.
Gommers, P. Virtanen, D. Cournapeau, E. Wieser,
J. Taylor, S. Berg, N. J. Smith, “Array program-
ming with NumPy,” Nature 585, 357-362 (2020).
D. Semenick, “Tests and measurements: The
T-test,” Strength Cond. J. 12, 36-37 (1990).

T. K. Kim, “T-test as a parametric statistic,” Ko-
rean J. Anesthesiol. 68, 540 (2015).

0. Arteaga, E. Garcia-Caurel, R. Ossikovski,
“Anisotropy coeflicients of a Mueller matrix,” J.
Opt. Soc. Am. A 28, 548-553 (2011).

S. Nechayev, R. Barczyk, U. Mick, P. Banzer,

“Substrate-induced chirality in an individual
nanostructure,” ACS Photon. 6, 1876-1881 (2019).
M. Sun, H. He, N. Zeng, E. Du, Y. Guo, S. Liu, J.
Wu, Y. He, H. Ma, “Characterizing the micro-
structures of biological tissues using Mueller matrix
and transformed polarization parameters,” Biomed.
Opt. Express 5, 4223-4234 (2014).

Y. Yao, M. Zuo, Y. Dong, L. Shi, Y. Zhu, L. Si, X.
Ye, H. Ma, “Polarization imaging feature charac-
terization of different endometrium phases by
machine learning,” OSA Contin. 4, 1776-1791
(2021).

J. J. M. Van Griethuysen, A. Fedorov, C. Parmar,
A. Hosny, N. Aucoin, V. Narayan, R. G. H. Beets-
Tan, J.-C. Fillion-Robin, S. Pieper, H. J. W. L.
Aerts, “Computational radiomics system to decode
the radiographic phenotype,” Cancer Res. 77, e104—
€107 (2017).

D. C. Montgomery, E. A. Peck, G. G. Vining, In-
troduction to Linear Regression Analysis (John
Wiley & Sons, Hoboken, New Jersey, USA, 2021),
pp. 12-35.

G. A. F. Seber, A. J. Lee, Linear Regression Anal-
ysis (John Wiley & Sons, 2012).



	Correlation of image textures of a polarization feature parameter and the microstructures of liver fibrosis tissues
	1. Introduction
	2. Materials and Methods
	2.1. Liver fibrosis tissues and experimental setup
	2.2. Derivation of the PFP
	2.3. Correlation analysis of image textures of the PFP

	3. Results and Discussion
	3.1. The derived fiber-sensitive PFP for liver fibrosis tissues
	3.2. Correlation of image textures of fiber-sensitive PFP and liver fibrosis

	4. Conclusions
	Conflicts of Interest
	Acknowledgments
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 900
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages false
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


