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Mueller matrix imaging is emerging for the quantitative characterization of pathological micro-
structures and is especially sensitive to ¯brous structures. Liver ¯brosis is a characteristic of many
types of chronic liver diseases. The clinical diagnosis of liver ¯brosis requires time-consuming
multiple staining processes that speci¯cally target on ¯brous structures. The staining pro¯ciency
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 ¯brosis tissues. In this study, a ¯ber-
sensitive polarization feature parameter (PFP) was derived through the forward sequential
feature selection (SFS) and linear discriminant analysis (LDA) to target on the identi¯cation of
¯brous structures. Then, the Pearson correlation coe±cients and the statistical T -tests between
the ¯ber-sensitive PFP image textures and the liver ¯brosis 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 ¯brosis 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 ¯ber-sensitive PFP to
reduce the multiple staining process and provide textures-based quantitative diagnostic indica-
tors for the staging of liver ¯brosis.

Keywords: Polarization feature parameter; polarization image textures; liver ¯brosis.

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 ¯brosis refers to the
formation of ¯brous structures when the liver
repairs damaged or in°amed liver tissues. It is a
characteristic of many types of chronic liver diseases
and severe liver ¯brosis often leads to cirrhosis.1,2

The clinical diagnoses of liver ¯brosis at di®erent
stages require multiple staining processes including
hematoxylin and eosin (H&E) staining, Masson's
trichrome staining that speci¯cally targets ¯brous
structures, and Gordon and Sweet's silver staining
that speci¯cally targets reticular ¯bers.3–5 The
multiple staining processes are time-consuming and
the di®erence in staining pro¯ciency 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.6–14

Previous research indicates Mueller matrix imag-
ing is especially sensitive to ¯brous structures of
pathological tissues. Dong et al. used Mueller
matrix polar decomposition (MMPD) derived lin-
ear retardance parameter � and its corresponding
orientation angle parameter � and Mueller
matrix transformation (MMT) derived linear
birefringence-related parameters x and t to quan-
titatively characterize the density and orientation
of ¯brous structures in breast ductal carcinoma
tissues.15 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-�m thick Picrosirius Red stained liver cirrhosis

slide over a wide spectral range.16 Wang et al. ana-
lyzed the average values of MMPD parameter � and
MMT parameter t of four sections of 8-�m thick
nonstained and dewaxed liver ¯brosis tissues to
demonstrate Mueller matrix imaging is sensitive to
the increase of ¯brous structures in liver ¯brosis
tissues from stage F1 to stage F4.17 Lee et al. also
pointed out variations in pathological tissue cut
thickness will lead to variations in optical path
length, which will a®ect 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 °uctuations and provide
more reliable diagnostics of histological changes
such as ¯brosis, in°ammation and cancer.18

This study is dedicated to presenting a liver ¯-
brosis diagnostic procedure using polarimetric
Mueller matrix microscopy to quantitatively char-
acterize the liver ¯brosis 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 ¯ber-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 ¯brosis tissues
at four stages.19–21 The ¯ber-sensitive PFP is a
linear combination of 12 selected signi¯cant PBPs.
After obtaining the ¯ber-sensitive PFP, a correla-
tion study between the image textures of the PFP
and the liver ¯brosis tissues was performed to ex-
plore the possibility of developing polarization
textures-based liver ¯brosis diagnostic indicators
that can facilitate the quantitative diagnosis of liver
¯brosis.
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2. Materials and Methods

2.1. Liver ¯brosis tissues and

experimental setup

The 38 H&E-stained liver ¯brosis slides (4-�m
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.22 For each liver ¯brosis slide,
one region of interest (ROI) that represents the
typical liver ¯brosis histological features as shown in
Fig. 1 was labeled by an experienced pathologist to
acquire PBP images under an objective lens of 4�
resolution. This study was approved by the Ethics
Committee of the Mengchao Hepatobiliary
Hospital.

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).23 The
DoFPs-MMM is modi¯ed 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 ¯xed-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 ¯xed-angle
phase retarder (R2). During the experiment, the
light from the LED is modulated by the PSG
and then passes through the liver ¯brosis sample.

Fig. 1. The labeled ROI of the 4-�m thick H&E-stained liver ¯brosis tissues at stages of S1, S2, S3 and S4 under an objective lens of
4� resolution.

(a) (b)

Fig. 2. (a) Schematic of the dual DoFP polarimeters-based full Mueller matrix microscope. P1: a ¯xed-angle linear polarizer; R1: a
rotatable zero-order quarter-wave plate; R2: a ¯xed-angle phase retarder; PSG: a polarization state generator; PSA: a polarization
state analyzer; Light source: LED (633 nm, �� ¼ 20 nm). (b) An example of intensity image and 4� 4 Mueller matrix image of a
liver ¯brosis sample. The values of m11 were set to 0 and the values of m22, m33 and m44 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� 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 di®erent 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. 23.23,24

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 speci¯c 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 di®erent
physical methods to provide quantitative char-
acterizations of pathological samples.25,26 In this
study, a total of 25 polarization parameters derived
from di®erent physical methods were used as PBPs
to derive a ¯ber-sensitive PFP that contains com-
bined histological information and targets the
identi¯cation of ¯brous structures of liver ¯brosis
tissues. A ¯ber-sensitive PFP is a linear combina-
tion of selected signi¯cant PBPs. The 25 PBPs used
include MMPD parameters �, D, � and R27–29;
MMT parameters PL, DL, qL and rL

26; MMT
parameters b, �, jBj, jjBjj, t1 and CD25; Degree of
linear polarization parameter LDOP25; and Cloude
decomposition parameters �1�4, P1, P2, P3, P�,
SðHÞ and PI.6,25,26,30–34

The ¯ber-sensitive PFP derivation procedures
involve three steps: (1) pathologist labels the ¯brous

and non¯brous pixels of liver ¯brosis 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 ¯brous and non-
¯brous pixels and training labels of the 25 PBPs. A
total of 45,000 ¯brous pixels (2500 pixels each ROI)
and 45,000 non¯brous pixels (2500 pixels each ROI)
were randomly sampled from 18 liver ¯brosis tissue
ROIs (S3 and S4) for the machine learning process;
(3) and the derivation of a ¯ber-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 classi¯cation simultaneously. It focuses on
¯nding a feature subspace that maximizes the sep-
aration between ¯brous and non¯brous pixels. For
the combination of the forward SFS and LDA, the
forward SFS sequentially chooses the best PBP to
add based on the highest ¯ve-fold cross-validation
scores of the LDA classi¯er. The combined forward
SFS and LDA can be used to look for a ¯ber-
sensitive PFP, which is a linear combination of a
selected number of signi¯cant PBPs that has the
highest classi¯cation accuracy to identify the ¯-
brous and non¯brous pixels.19–21

2.3. Correlation analysis of image

textures of the PFP

Liver ¯brosis tissues at di®erent stages show dif-
ferent histological structures. A correlation study
between the image textures of the ¯ber-sensitive
PFP and the liver ¯brosis 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 ¯brosis tissues. To perform the
correlation study, ¯rst, the image textures of the
¯ber-sensitive PFP for each liver ¯brosis 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.35 The names and calcu-
lation equations of the 41 image textures were listed
in Ref. 35.35 Then, the Pearson correlation coe±-
cient that measures the strength of a linear corre-
lation between a PFP image texture and the liver
¯brosis tissues at four stages was calculated to ¯nd
the PFP image textures that are most associated
with the changes in liver ¯brosis structures.19,36
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Besides, the statistical T -test was also calculated for
the PFP image textures with the top ¯ve highest
Pearson correlation coe±cients to study whether
these image textures are statistically signi¯cant to
distinguish the liver ¯brosis tissues at four
stages.37,38

3. Results and Discussion

3.1. The derived ¯ber-sensitive PFP for
liver ¯brosis tissues

In this study, the combination of forward SFS and
LDA derived a ¯ber-sensitive PFP by selecting 12
signi¯cant PBPs from a total of 25 PBPs based on
the highest ¯ve-fold cross-validation scores of the
LDA to classify the two-class ¯brous and no-¯brous
pixels. This ¯ber-sensitive PFP is a linear combi-
nation of the 12 signi¯cant PBPs that maximize the
separation of the ¯brous and non¯brous pixels with
the highest ¯ve-fold cross-validation classi¯cation
accuracy of 86.54% and weighting coe±cients
shown in Fig. 3. The 12 signi¯cant PBPs as shown
in Fig. 3 include Muller matrix transformation
(MMT) parameters �, jBj, CD, PL and rL, degree of
linear polarization parameter LDOP, Cloude de-
composition parameters �1, �3 and SðHÞ, and
MMPD parameters �, � and R.25 The MMT pa-
rameter � is related to circular retardance. Param-
eter jBj is the determinant of Mueller matrix
central 2� 2 blocks and is a®ected by the linear
diattenuation and linear retardance. Parameter CD
is the degree of circular dichroism anisotropy.39

Parameter PL is the linear polarizance and param-
eter rL is related to the linear birefringence. Pa-
rameter LDOP represents the degree of linear
polarization. For the Cloude decomposition para-
meters, �1 and �3 are the eigenvalues of the co-
variance matrix of Mueller matrix HðMÞ.40
Parameter SðHÞ is the polarization entropy.31 For
the MMPD parameters, � is the degree of overall

depolarization, � is related to linear retardance and
R is the total retardance that includes both e®ects
of linear retardance and circular retardance.28

Among the 12 signi¯cant PBPs, some of them are
correlated with similar physical meanings such as
the depolarization � and the LDOP. However, the
combination of the forward SFS and LDA selected
this linear combination of 12 signi¯cant PBPs from
a total of 25 PBPs due to their highest classi¯cation
accuracy. Besides, the LDA weighting coe±cients
for the depolarization � and the LDOP were 0.527
and �0.847, respectively, which indicate they made
di®erent contributions to classifying the ¯brous and
non¯brous pixels. Therefore, in this study, the
results indicate that even though some PBPs such
as the depolarization � and the LDOP were corre-
lated, they may not be completely substitutable.

Figure 4 shows the examples of selected PBPs PL

and rL, and the derived ¯ber-sensitive PFP for liver
¯brosis tissues from stages S1–S4. Previous research
indicates the linear polarizance parameter PL is
sensitive to cell nucleus structures. The linear
birefringence-related parameter rL is sensitive to ¯-
brous structures.41,42 Figure 4 also shows parameter
rL is more sensitive to liver ¯brous structures than
parameter PL. The derived ¯ber-sensitive PFP is the
linear combination of diattenuation, retardance and
depolarization-related parameters and encodes more
comprehensive liver ¯brosis cellular and ¯brous
structures. Figure 4 indicates the derived ¯ber-
sensitive PFP highlights more ¯brous pixels than the
linear polarizance parameter PL and the linear bire-
fringence-related parameter rL, especially at stages
S3 and S4 that contain more ¯brous structures.

3.2. Correlation of image textures of

¯ber-sensitive PFP and liver

¯brosis

The Pearson product–moment correlation coe±-
cient measures the strength of a linear association

Fig. 3. The ¯ber-sensitive PFP derived from a linear combination of 12 signi¯cant PBPs.
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between the data of two variables. A Pearson
correlation coe±cient that equals 0 indicates there
is no association between the two variables. A
Pearson correlation coe±cient that is greater than 0
indicates a positive association and a Pearson cor-
relation coe±cient that is less than 0 indicates a
negative association. The Pearson correlation coef-
¯cient will be close to þ1 (positive correlation) or
�1 (negative correlation) for a stronger correlation
between two variables.19,36 In this study, the Pear-
son correlation coe±cients between the image tex-
tures of the ¯ber-sensitive PFP and the four stages
of liver ¯brosis tissues were calculated. The image
textures include 25 GLCM-based features and 16
GLRLM-based features.35 The detailed image tex-
ture names and calculation equations are listed in
Ref. 35.35 In this study, the statistical T -test was
also calculated for the PFP image texture to study

whether this image texture is statistically signi¯cant
to distinguish the liver ¯brosis tissues at four stages.

Table 1 listed the top ¯ve image textures with
the highest Pearson correlation coe±cients 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 coe±cient of 0.6919. This result
indicates that image heterogeneity has the largest
association with the changes in liver ¯brosis tissues
at di®erent stages. The gray level nonuniformity
and normalized gray level nonuniformity that
measure the similarity of gray-level intensity values
in the ¯ber-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

Fig. 4. Imaging results of the selected signi¯cant PBPs PL and DL, and the derived ¯ber sensitive PFP for liver ¯brosis tissues at
stages S1, S2, S3 and S4. The image color bar ranges from the 2nd percentile to the 98th percentile of that image.
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correlation coe±cients 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
coe±cient of 0.6611.43 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 coe±-
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
¯ber-sensitive PFP images are most correlated to
the changes in liver ¯brosis structures from stage S1
to stage S4.

Table 1 also shows the p-values of the statistical
T -tests for liver ¯brosis 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 signi¯cant di®erences
for liver ¯brosis 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 ¯-
brosis tissues at stages S3 and S4 with a statistically
signi¯cant di®erence. However, these image tex-
tures do not show signi¯cant di®erences for liver
¯brosis tissues between S1 and S2, and S2 and S3
with p-values all greater than 0.05. The GLCM-
based SRHGLE shows a signi¯cant di®erence for

liver ¯brosis tissues at S1 and S2 with a p-value
equal to 0.0057. However, this texture does not
show signi¯cant di®erences for liver ¯brosis tissues
at other stages.

The individual image textures only show a sta-
tistically signi¯cant di®erence between stages S1
and S2 or S3 and S4. A single image texture is not
able to separate the liver ¯brosis tissues at stages S2
and S3. Therefore, linear regression was used to ¯t
the combination of PFP image textures based on
the ranking of Pearson correlation coe±cients. The
combinations of top 5, top 10, top 20 and 41 PFP
image textures were chosen for ¯tting 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.44,45

Table 1 also illustrated the Pearson correlation
coe±cients 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 ¯brosis tissues at four stages by using
combinations of the ¯ber-sensitive PFP image
textures. For the predictions through the top ¯ve
PFP image textures as shown in Fig. 5(a), the
Pearson correlation coe±cient was 0.7400 and this
combination only shows a statistically signi¯cant
di®erence to separate liver ¯brosis tissues at S3
and S4. For the predictions through the top 10
PFP image textures as shown in Fig. 5(b), the
Pearson correlation coe±cient was 0.7923 and this

(a) (b)

Fig. 5. Linear regression predictions of liver ¯brosis tissues at four stages by using a combination of the ¯ber-sensitive PFP image
textures. (a) Predictions through top ¯ve 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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combination demonstrates a statistically signi¯-
cant di®erence to separate liver ¯brosis 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 coe±cient 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 signi¯cant di®erence between S2 and S3.
This result indicates the PFP image patterns for
liver ¯brosis tissues at S2 and S3 have large
overlaps and are the most di±cult 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 coe±cient was 0.9996 and the predictions
can separate all of the four stages of liver ¯brosis
tissue samples with a statistically signi¯cant dif-
ference. The results in Table 1 demonstrate that
the heterogeneity, similarity and complexity of
the ¯ber-sensitive PFP images have the largest
Pearson correlations with the changes in liver ¯-
brosis structures from S1 to S4. The results in
Fig. 5 demonstrate the image textures of the ¯ber-
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 ¯brosis
tissues and further study of ¯brous micro-
structures in liver cancerous tissues for diagnostic
and prognostic applications.

4. Conclusions

In conclusion, Mueller matrix imaging is an
emerging label-free, noninvasive technique that is
especially sensitive to the ¯brous microstructures of
pathological samples. In this study, a ¯ber-sensitive
PFP was derived from 25 PBPs by using the com-
bination of forward SFS and LDA to target on
the identi¯cation of ¯brous structures. The ¯ber-
sensitive PFP is a linear combination of 12 PBPs
and highlights more ¯brous structures than a single
PBP such as the linear polarizance parameter PL

and the linear birefringence-related parameter rL,
especially for liver ¯brosis tissues at stages S3 and
S4 that contains more ¯brous structures. After
obtaining the ¯ber-sensitive PFP, the Pearson cor-
relation coe±cient that measures the strength of a
linear association between the ¯ber-sensitive PFP
image texture and the liver ¯brosis 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 signi¯cant di®erence for liver ¯brosis 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 signi¯cant
di®erence to separate S1 and S2, and S2 and S3.
Therefore, the linear regression was used to ¯t the
combination of PFP image textures based on the

(c) (d)

Fig. 5. (Continued)
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ranking of Pearson correlation coe±cients. The
linear regression predictions for the combinations of
top 5, 10, 20 and 41 image textures show increasing
Pearson correlation coe±cients of 0.7400, 0.7923,
0.8959 and 0.9996, respectively. The combination of
41 PFP image textures with the largest Pearson
correlation coe±cient of 0.9996 can quantitatively
identify all of the liver ¯brosis samples at four
stages. This study demonstrates the potential of
deriving ¯ber-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
¯brosis and further study of ¯brous-related liver
cancer microenvironments for diagnostic and prog-
nostic applications.
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