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A Method and System for Determining a Stage of Fibrosis in a Liver

Field of the invention

The present invention relates to a method and system for determining a stage
of fibrosis in a liver. The present invention utilizes a method for generating a
plurality of measurements relating to a plurality of morphological features in the

liver.

Background of the Invention

The stage of a disease is a measure of how far the disease has progressed in
its natural history, with the end stage usually resulting in the death of a patient
with the disease and/or the failure of an organ with the disease. In other words,
the grade (or stage).of a disease reflects how quickly the disease is progressing

to the end stage [1].

In most forms of chronic liver diseases, the end stage involves a large amount
of fibrosis or cirrhosis, whereas lower amounts of fibrosis or cirrhosis are
present in the liver during the earlier stages. Descriptive or semi-quantitative
scoring systems may be used to grade and stage liver biopsy samples. For
example, a traditional method of assessing the degree of fibrosis in a liver
biopsy sample may involve giving the liver biopsy sample a grade (“absent’,
“mild”, “moderate”, or “severe”) based on the amount of fibrosis in the liver
biopsy sample. Furthermore, in a first semi-quantitative scoring system
implemented in the 1980s, a range of numbers representing different categories
was allocated to different pathological features on the basis of their severity [2].
Examples of routinely used scoring systems also include the Knodell
histological activity index (HAI) [3], Scheuer [4], Ishak [5] and METAVIR[6]
systems. However, pathological features used in these systems are usually not
clearly defined and are somewhat ambiguous. As a result, the grading and

staging scores obtained in these systems tend to rely on the observers’
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subjective opinions. Therefore, using these systems, inter- and intra- observer
variations can be as high as 35%, making it difficult to obtain highly reproducible
results [7 — 9].

In several studies as shown in Table 1 [10 — 17], liver fibrosis is quantified using
image analysis. The computer-aided systems in these studies aim to provide
objective quantitative measurements which can help reduce observer
discrepancies. However, all of the systems in the studies shown in Table 1
require stained biopsy samples and thus, are faced with the problem of staining
variations. Also, in most of these systems, the only measurement to grade and
stage fibrosis is the fibrosis area. However, other pathological features (such as
fibrosis architecture) often play an equally important, if not more important, roie
in grading and staging fibrosis [2]. Furthermore, although some correlations
between the fibrosis area and the semi-quantitative scores were reported in the
studies, the amount of fibrosis is not specifically addressed in any of the scoring

systems.

Sample Parameter(s) Quantification
Authors Year

Preparation Measured Algorithm(s)
Technique Used

M. O'Brien et 2000 Maliory Fibrosis area Manual

al. [11] trichrome thresholding
stained

M. Masseroli 2000 Sirius Red Perisinusoidal, Kurita's

et al. [10] stained Portal-periportal, thresholding

Septal fibrosis area

Wright Met 2003 Picrosirius Fibrosis area Thresholding
al. [12] Red stained using

histograms
A. Lazzarini 2005 Trichrome Fibrosis area Manual

et al. [13] stained thresholding
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M 2005 Masson's Fibrosis area Manual

Friedenberg trichrome thresholding

et al. [14] stained

| Matalka et 2006 Van Geison- 54 image features Two-level

al. [15] stained Neural Network

Z D 2007 Sirius Red Fibrosis area, Optical

Goodman et stained Fibrosis volume polarization

al. [16] imaging

N. Dioguardi 2008 Sirius Red Survival parenchyma  Fractal

et al. [17] stained surface, geometry,
Inflammatory basin, Hurst's
Coefficient of exponent,
inflammatory activity,  Clustering

Fractal dimension of
the fibrosis,
Wrinkedness of
fibrosis,

Tectonic index

Table 1

Summary of the invention

The present invention aims to provide a new and useful method and system for

determining a stage of fibrosis in a liver.

In general terms, the present invention proposes using multiple measurements
generated based on a plurality of morphological features of a liver to determine

the stage of fibrosis of the liver.

Specifically, a first aspect of the invention is a method for determining a stage of

fibrosis in a liver, the method comprising the steps of: (1a) obtaining input data
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relating to the liver, the input data being generated using a second harmonic
generation based imaging system; (1b) identifying a plurality of morphological
features of the liver from the input data relating to the liver; (1¢) generating a
plurality of measurements based on the identified plurality of morphological
features; and (1d) determining the stage of fibrosis in the liver based on the

generated plurality of measurements.

The invention may alternatively be expressed as a computer system for
performing such a method. This computer system may be integrated with a
device for capturing images of a patient’s liver such as a Second Harmonic
Generation based imaging system. The invention may also be expressed as a
computer program product, such as one recorded on a tangible computer
medium, containing program instructions operable by a computer system to

perform the steps of the method.

Brief Description of the Figures

An embodiment of the invention will now be illustrated for the sake of example

only with reference to the following drawings, in which:

Fig. 1 illustrates a method for determining a stage of fibrosis in a liver
according to an embodiment of the present invention;

Fig. 2(a) illustrates an image in a Second Harmonic Generation channel
(*SHG image”) comprised in input data to the method of Fig. 1 whereas Figs.
2(b) - (f) illustrate segmented collagen areas in the SHG image of Fig. 2(a)
obtained using different segmentation methods and a two-channel method used
in a stage of the method of Fig. 1;

Fig. 3 illustrates a histogram plotting fraction of collagen identified in
input samples using different segmentation methods and a two-channel method
used in a stage in the method of Fig. 1 against stages of fibrosis associated with

the input samples;
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Fig. 4 illustrates an example segmented SHG image comprised in input
data to the method of Fig. 1, whereby the example segmented SHG image
comprises segmented normal collagen areas and segmented abnormal
collagen areas;

Fig. 5 illustrates a histogram plotting fraction of total collagen, fraction of
normal collagen and fraction of abnormal collage identified in input samples
using a stage in the method of Fig. 1 after different weeks of fibrosis
progression;

Fig. 6 illustrates an image showing information in both a Two-Photon
Excitation Fluorescence (TPEF) channel and a SHG channel comprised in input
data to the method of Fig. 1 whereby the image comprises identified portal
tracts, central veins, portal tract regions and central vein regions;

Fig. 7 illustrates a diagrammatic representation of architecture changes
in the liver occurring at different stages of fibrosis;

Fig. 8(a) illustrates an example TPEF image comprised in input data to
the method of Fig. 1, Fig. 8(b) illustrates a mask of segmented bile duct cells
obtained from the example TPEF image of Fig. 8(a), and Fig. 8(c) illustrates a
mask of segmented dying hepatocytes obtained from the example TPEF image
of Fig. 8(a) and the mask of segmented bile duct cells of Fig. 8(b);

Fig. 9 illustrates a histogram plotting an amount of bile duct cell
proliferation identified in input samples using a stage in the method of Fig. 1
after different weeks of fibrosis progression;

Fig. 10 illustrates a histogram plotting a fraction of dying hepatocytes
identified in input samples using a stage in the method of Fig. 1 after different

weeks of fibrosis progression.

Detailed Description of the Embodiments

Referring to Fig. 1, the steps are illustrated of a method 100 which is an
embodiment of the present invention, and which determines a stage of fibrosis

in the liver.
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Method 100 comprises 6 stages. In Stage 0, input data relating to a liver
(comprising liver tissue) is obtained. The input data is generated using a second
harmonic generation based imaging system. For example, the input data may
be acquired using an endoscope (in other words, using reflective mode
imaging). The input data may also be acquired without staining the liver tissue.
Furthermore, the input data comprises two images: a first image in the Two-
Photon Excitation Fiuorescence (TPEF) channel (i.e. “TPEF image”) and a
second image in the Second Harmonic Generation (SHG) channel (i.e. “SHG
image”). The TPEF and SHG images respectively comprise information relating
to the tissue structure in the liver and information relating to the collagen
content in the liver. Furthermore, each of these images comprises a plurality of
pixels. Note that Stage 0 may be omitted from method 100 and Stages 1 — 5

may be directly applied on a pre-generated image.

In Stage 1, areas of the liver comprising collagen (i.e. collagen areas) are
identified in the SHG image. In Stage 2, areas of the liver comprising normal
and abnormal collagen (i.e. normal collagen areas and abnormal collagen areas)
are identified in the SHG image. In Stage 3, portal tracts and central veins are
identified in the TPEF image and in Stage 4, a plurality of measurements are
generated based on the identified collagen areas, normal collagen areas,
abnormal collagen areas, portal tracts and central veins. In Stage 5, a stage of

fibrosis in the liver is determined based on the generated measurements.

Stages 1 — 5 of method 100 will now be described in more detail. In the
following description, the input data comprises two-dimensional (2D) data, in
other words, the SHG and TPEF images are 2D images. However, note that the
input data may also comprise three-dimensional (3D) data, in other words, the
SHG and TPEF images may also be 3D images whereby each 3D image may
comprise a stack of 2D images. In this case, stages 1 — 5 of method 100 may
be performed on each 2D image in the stack independently whereby the stack
may belong to either a 3D SHG image or a 3D TPEF image (whichever is

applicable). The processed 2D images from each stage may then be registered
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to form a 3D image. The stage of fibrosis in the liver may be determined using
measurements generated based on the morphological features identified from

one or more of the 2D images in the stack.

Stage 1: ldentifying collagen areas in the SHG image

in Stage 1 of method 100, collagen areas in the SHG mage are segmented and
identified. Stage 1 further comprises steps 1.1, 1.2 and 1.3 which will be

described in more detail below.

In step 1.1, sinusoidals and vessels in the liver are identified by segmenting
pixels in the TPEF image into different groups of pixels based on the intensities
of the pixels. In one example, the pixels in the TPEF image are segmented or
clustered into 3 different groups: (i) a first group comprising completely dark
pixels which represent areas of vessels and spaces outside the liver tissue, (ii)
a second group comprising dim pixels which represent sinusoidals and bile duct
cannaliculi (forming the bile ducts) in the liver and (iii) a third group comprising
bright pixels which represent all other cells in the liver. The clustering may be
performed using a fuzzy-c-means clustering method, which generates a soft

boundary between the different clusters.

It is noted that the amount of collagen tends to increase around sinusoidals and
bile ducts in the liver. Thus, enhancing signals in the areas around the
sinusoidals and bile ducts in the SHG image can facilitate subsequent
extraction of finer (i.e. smaller) collagen areas with pixels having a low intensity.
This enhancement of SHG signals around the sinusoidals and bile ducts is

performed in step 1.2.

In step 1.2, a weight ¢ is first assigned to each group of pixels in the TPEF
image based on a probability of collagen aggregation in areas comprising the
group of pixels. Thus, the weight & assigned to the group of dim pixels

representing sinusoidals and bile duct cannaliculi in the liver is usually higher
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(e.g. the weight & assigned to this group may be a number between 40 to 100)

as compared to the weights & assigned to the other groups of pixels (e.g. the
weight & assigned to the remaining groups of pixels may be 1). The weight
assigned to the group of dim pixels can range from 1 to 200 and preferably,
ranges from 1 to 110. More preferably, the weight assigned to the group of dim
pixels is 70. This is because the sensitivity of Stage 1 in identifying collagen
areas decreases when the weight assigned to the group of dim pixels exceeds
70 and deteriorates further when the weight assigned to the group of dim pixels
exceeds 110. The weight assigned to the other groups of pixels can range from
1 to 100 and is preferably 1. As mentioned earlier, this weight assigned to the
other groups of pixels is usually smaller than the weight assigned to the group
of dim pixels. Alternatively, the weights may be determined systematically using
training data. In this alternative, training samples with known stages of liver
fibrosis may be used as input data to method 100 and the weights may be set to
maximize the differences between the quantification results obtained for
samples associated with early stages of liver fibrosis and samples associated
with late stages of liver fibrosis (e.g. maximize the scores shown in Table 2 for
the two-channel method). A mask comprising a plurality of pixels with each pixel
comprising a weight & is thus formed from the weighting of the pixels in the
TPEF image. Note that if the intensity of a pixel in the SHG image exceeds a
maximum allowable intensity after applying the mask to the SHG image (as will
be elaborated below), the intensity of the pixel in the SHG image will be set as
the maximum allowable intensity. Therefore, it is preferable to ensure that the
weight assigned to the group of dim pixels is not so large that a majority of
pixels in the SHG image after application of the mask have the maximum

allowable intensity.

Next in step 1.2, the mask is applied to the SHG image whereby the intensity of
each pixel in the SHG image is adjusted according to the weight for the
corresponding pixel in the mask. This enhances the weak SHG signals in the

SHG image and forms an enhanced SHG image with enhanced collagen areas
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(since the weights are assigned based on the probability of collagen

aggregation in the areas).

In step 1.3, the enhanced SHG image is segmented to identify the collagen
areas in the SHG image. In one example, an Otsu method is performed to
segment the enhanced SHG image. The Otsu method is a classic global
threshold algorithm which aims to find the optimal threshold that minimizes

intra-class variance.

Fig. 2(a) illustrates an SHG image comprising liver tissue whereas Figs. 2(b) —
(f) are binary images illustrating segmentation results obtained after segmenting
the SHG image of Fig. 2(a) using four classic segmentation methods and the
two-channel method in Stage 1 as described above. The four classic
segmentation methods include (i) the Otsu method [18] which is a classic global
threshold algdrithm that aims to find an optimal threshold that minimizes intra-
class variance, (ii) the K-means [19, 20] method, (iii) the Fuzzy C-means [21]
clustering method (the K-means method and the Fuzzy C-means clustering
method are widely used methods for classifying observations into clusters
based on how similar the observations are to one another) and (iv) the
Gaussian Mixture Model (GMM) and Expectation Maximize (EM) method [22]
which employs a statistic model-based approach which assumes that the
histogram of the input data is a mixture of several Gaussian distributions. In the
GMM and EM method, the EM method is used to estimate optimized
parameters of Gaussian distributions that best fit the input data. In particular,
Figs. 2(b) — (f) respectively illustrate the segmentation results obtained using
the Otsu method, the K-means clustering method, the Fuzzy-C-means
clustering method, the GMM and EM method and the two-channel method
employed in Stage 1 of method 100. In the binary images shown in Figs. 2(b) —
(f), the white pixels represent the segmented collagen areas and the black
pixels represent the background of the SHG image. It can be seen that the
collagen areas segmented using different algorithms comprise different

amounts of collagen. For example, the binary image in Fig. 2(f) corresponding
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to the two-channel method of method 100 includes areas of fine collagen not

visible in the other binary images in Figs. 2(b) — 2(e).

Fig. 3 shows a histogram illustrating collagen areas segmentation results
obtained using the four classic segmentation methods as mentioned above and
the two-channel method used in Stage 1 of method 100. These results are
obtained for a data set comprising a plurality of input samples. In Fig. 3, the
samples are grouped based on their pathology scores (i.e. stages of fibrosis).
The x-axis of Fig. 3 indicates the pathology scores associated with the samples
whereas the y-axis indicates the fraction of collagen in the samples (i.e. the
number of pixels in the segmented collagen areas in the SHG image divided by

the total number of pixels in the liver tissue in the TPEF image).

Note that the results in Fig. 3 are obtained based on the collagen areas
segmented from the entire liver tissue comprised in the input data. It is possible
for the EM method to segment a greater amount of collagen from the entire liver
tissue as compared to the two-channel method. For example, Fig. 3 shows that
the fraction of collagen segmented by the EM method is higher than that by the
two-channel method. However, this does not necessarily mean that the EM
method performs better than the two-channel method. This is because there is
a possibility that noise pixels with a relatively high intensity are wrongly
segmented as collagen pixels using the EM method. A more accurate indicator
of the performance of the segmentation methods is the AUROC value as will be
elaborated below. On the other hand, Figs. 2(a) — 2(f) show that the amount of
collagen segmented by the two-channel method is greater than that of the EM
method. This is because Figs. 2(a) — 2(f) illustrate only a portion of the liver
tissue comprising a large amount of bile duct cells where the probability of
collagen aggregation is higher. In other words, most of the pixels in Fig. 2(f)
represent collagen corresponding to pixels with a higher weight in the mask
formed in step 1.2. Thus, Fig. 2(f) is a better indicator of the ability of the two-
channel method in extracting finer collagen areas found around the bile duct

cells.
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An area under a receiver operating characteristic curve (AUC or AURQC) [23]
for the different segmentation methods may be used as a statistic to evaluate
the performance of these segmentation methods. The AUC or AUROC for the
different segmentation methods are shown in Table 2. In Table 2, the AUC or
AUROC is shown in the columns headed by the names of the segmentation
methods. These scores indicate the ability of the segmentation methods in
differentiating between the stages of fibrosis shown in the leftmost column. A
larger score indicates a higher ability in differentiating the stages of fibrosis.
From Table 2, it can be seen that the two-channel method used in Stage 1 of
method 100 achieves the best performance in most cases. Note that generally,
the segmentation methods fare worst in differentiating between stages 1 and 2
of fibrosis as shown in Table 1. This is because there is usually littie difference
in the collagen percentage present during stages 1 and 2 of fibrosis since
collagen proliferation only accelerates after stage 2 or 3 of fibrosis. Furthermore,
the results in Table 1 were obtained using a small sample size for stage 1 of
fibrosis. This leads to a higher variation in the samples with stage 1 of fibrosis,

in turn resulting in a higher difficulty in separating the samples with stages 1 and

2 of fibrosis.
Fuzzy C- Two-Channel
Differentiated GMM and Kmeans
Otsu Means method used
stages of EM clustering i .
method clustering in stage 1 of
fibrosis method method
method method 100
0vs. 1 0.772321 0.879464 0.772321 0.785714 0.925926
1vs. 2 0.333333 0.451389 0.333333  0.319444 0.394231
2vs.3 0.767196 0.800705 0.775132 0.773369 0.865878
3vs. 4 0.60352 0.653209 0.590062 0.615942 0.671329

Table 2
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Stage 2: Identifying normal collagen areas and abnormal collagen areas in the

SHG image

In Stage 2 of method 100, the segmented collagen areas in the SHG image
obtained from Stage 1 are divided into two groups: one group comprising large
patches of collagen areas which may be located around blood vessels and bile
ducts (in other words, areas comprising aggregated collagen or normal collagen)
and another group comprising finer collagen areas which may be distributed in
sinusoidal regions or between different portal tracts (in other words, areas
comprising distributed collagen or abnormal collagen). Abnormal collagen is
indicative of fibrosis whereas normal collagen can also be found in healthy
samples and thus, does not accurately reflect the progression of fibrosis (i.e. is
not indicative of fibrosis). Therefore, it is preferable to identify the areas
comprising normal collagen before proceeding with the generation of
measurements using the collagen areas. Thus, in Stage 2 of method 100, the
identified collagen areas in the SHG image are divided into areas comprising
normal collagen (normal collagen areas) and areas comprising abnormal
collagen (abnormal collagen areas). This is performed using steps 2.1 — 2.6 as

follows.

In step 2.1, the same sub-steps performed in step 1.1 of Stage 1 are performed
to identify a group of pixels representing lumens in the TPEF image. More
specifically, pixels in the TPEF image are segmented into different groups
based on their intensities whereby one of these groups of pixels represents
lumens in the TPEF image. In one example, the pixels in the TPEF image are
segmented into 3 different groups: (i) a first group comprising completely dark
pixels which represent areas of vessels and spaces outside the liver tissue, (ii)
a second group comprising dim pixels which represent sinusoidals and bile duct
cannaliculi (forming the bile ducts) in the liver and (iii) a third group comprising
bright pixels which represent all other cells in the liver. The first group of pixels
comprising completely dark pixels are identified as the group of pixels
representing lumens in the TPEF image. The clustering may be performed
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using a fuzzy-c-means clustering method, which generates a soft boundary
between the different clusters. Alternatively, segmentation of the pixels in the
TPEF image is not performed in step 2.1 and the segmented TPEF image from
step 1.1 of Stage 1 may be used to identify the group of pixels representing

lumens in the TPEF image.

In steps 2.2 — 2.4, boundary pixels of lumens (i.e. pixels belonging to the
boundaries of lumens) in the TPEF image are identified. In step 2.2, an initial
mask is formed from the segmented TPEF image by setting the group of pixels
representing the lumens as foreground pixels and the remaining pixels as
background pixels. Holes in areas formed by the foreground pixels in the initial
mask are then filled by performing a morphological reconstruction operation [24]
on the initial mask. In one example, the morphological reconstruction identifies
connected background pixels in the initial mask and converts these connected
background pixels to foreground pixels. The morphological reconstruction
begins with a set of starting background pixels and grows this set of starting
background pixels in a flood-filled fashion to include connected pixels of the
starting background pixels. More specifically, the morphological reconstruction
starts by generating a first set of connected pixels of the starting background
pixels whereby this first set of connected pixels comprises the immediate
neighbours (e.g. 4-neighbour pixels) of the starting background pixels. The
morphological reconstruction then adds to this first set of connected pixels
immediate neighbours of this first set of connected pixels (in other words,
further neighbours of the starting background pixels) to form a second set of
connected pixels. The same is done for the second set of connected pixels and
so on. This addition of pixels to the set of connected pixels continues until the
most recently added pixels comprise one or more pixels corresponding to pixels
along boundaries in the mask. These boundaries are boundaries of unfilled
lumens in the mask and comprise foreground pixels (since the unfilled lumens
are represented by areas formed by the foreground pixels in the mask). In other
words, the addition of pixels to the set of connected pixels continues until the

most recently added pixels comprise one or more pixels which are foreground
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pixels. The background pixels in the final set of connected pixels, together with

the starting background pixels, are then converted to foreground pixels.

Next in step 2.3, a morphological erosion is performed on the mask to remove
foreground pixels corresponding to pixels along object boundaries in the
segmented TPEF image. The foreground pixels are removed by converting
these foreground pixels into background pixels. In a typical morphological
erosion, the number of pixels removed usually depends on the size and shape
of the structuring element (usually a simple, pre-defined shape) used for the
morphological erosion as the structuring element defines the neighbourhood of
interest of each pixel. in step 2.3, the structuring element may be a diamond, a
rectangle or a square and the radius or width (whichever is applicable) of the
structuring element may range from 1 to 5 pixels. More specifically, in the
morphological erosion performed in step 2.3, the mask is probed with the
structuring element to determine how the structuring element fits shapes formed
by the foreground pixels in the mask. This is performed by placing a center of
the structuring element over each foreground pixel in the mask. If the entire
structuring element overlaps with the foreground pixels in the mask, the
foreground pixel (on which the center of the structuring element is) is retained.
On the other hand, if only a part of the structuring element overlaps with the
foreground pixels in the mask, the foreground pixel (on which the center of the
structuring element is) is converted to a background pixel. In other words, the
erosion can be understood as a locus of points reached by the center of the
structuring element (which is located on the origin of the image space) as the

structuring element moves inside the mask.

A new mask comprising a plurality of foreground pixels is thus formed from the
morphological reconstruction and erosion performed in steps 2.2 and 2.3. In
step 2.4, this new mask is subtracted pixel-by-pixel from the initial mask (formed
in step 2.2) to form a difference mask. The difference mask indicates the
locations of boundary pixels of lumens in the TPEF image, thus identifying the
boundary pixels of lumens in the TPEF image. Boundary pixels of lumens in the
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SHG image are then located using these identified boundary pixels of lumens in

the TPEF image, more specifically, using the difference mask.

in step 2.5, a region growing method is performed on the pixels in the
segmented SHG image (in other words, the binary image obtained after
segmenting the SHG image in step 1.3 of Stage 1). In one example, the region
growing method is performed using a set of pixels called a “normal collagen set”.
The normal collagen set is first set as a null set. The located boundary pixels of
lumens obtained from step 2.4 are set as starting pixels. For each starting pixel,
beginning from the immediate neighbour pixels (e.g. the 4-neighbour pixels (for
a 2D SHG image)) of the starting pixel, if the immediate neighbour pixels are
comprised in the collagen areas identified in Stage 1, the immediate neighbour
pixels are added to the normal collagen set. Next, further neighbour pixels of
the starting pixel are evaluated and if the further neighbour pixels are comprised
in the collagen areas identified in Stage ,1, the further neighbour pixels are
added to the normal collagen set. This addition of further neighbour pixels to the
normal collagen set is repeated until the number of newly added pixels to the
normal collagen set is smaller than the number of pixels added to the normal
collagen set in the first iteration (i.e. the number of immediate neighbour pixels
added to the normal collagen set). Thus, in step 2.5, pixels in the SHG image
which belong to the identified collagen areas and which are neighbouring the

located boundary pixels of lumens are located.

Subsequently in step 2.6, pixels in the normal collagen set are classified as
pixels belonging to the normal collagen areas whereas the remaining pixels in
the identified collagen areas are classified as pixels belonging to abnormal
collagen areas. Thus, the identified collagen areas in the SHG image are

divided into normal collagen areas and abnormal collagen areas.

Fig. 4 shows an example segmented SHG image (in other words, the binary
image after segmentation of the SHG image in Stage 1) with segmented normal

collagen areas and segmented abnormal collagen areas. More specifically, in
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Fig. 4, the gray areas (for example, area 502) represent the normal collagen
areas whereas the white areas (for example, area 504) represent the abnormal

collagen areas.

Fig. 5 shows a histogram illustrating quantification results obtained by applying
Stage 2 of method 100 on a data set comprising input samples. The x-axis of
the histogram in Fig. 5 indicates fibrosis progression whereas the y-axis
indicates the fraction of total collagen (i.e. the number of pixels in the identified
collagen areas in the SHG image divided by the number of pixels in the liver
tissue in the TPEF image), the fraction of normal collagen (i.e. the number of
pixels identified as belonging to normal collagen areas in the SHG image
divided by the number of pixels in the liver tissue in the TPEF image) and the
fraction of abnormal collagen (i.e. the number of pixels identified as belonging to
abnormal collagen areas in the SHG image divided by the number of pixels in
the liver tissue derived frbm the TPEF image) found in the input samples after
different weeks of fibrosis progression indicated on the x-axis. As shown in Fig.
5, as the fibrosis progresses, the fraction of normal collagen does not change
by a substantial amount whereas the fraction of abnormal collagen changes

substantially.

Stage 3: Identifying portal tracts and central veins in the TPEF image

In Stage 3 of method 100, portal tracts and central veins are identified using the
TPEF image. As shown in Fig. 1, Stage 3 comprises steps 3.1, 3.2, 3.3 and 3.4

as will be described in more detail below.

In step 3.1, lumens in the TPEF image are first identified using the same steps
as in step 1.1. More specifically, the pixels in the TPEF image are segmented
into different groups based on their intensities. One of these groups is a group
of pixels representing the lumens in the TPEF image. In one example, the pixels
in the TPEF image are segmented into 3 different groups: (i) a first group

comprising completely dark pixels which represent areas of vessels and spaces
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outside the liver tissue, (ii) a second group comprising dim pixels which
represent sinusoidals and bile duct cannaliculi (forming the bile ducts) in the
liver and (iii) a third group comprising bright pixels which represent all other
cells in the liver. The first group of pixels comprising completely dark pixels are
identified as the group of pixels representing lumens in the TPEF image. The
clustering may be performed using a fuzzy-c-means clustering method, which
generates a soft boundary between the different clusters. Alternatively,
segmentation of the pixels in the TPEF image is not performed in step 3.1 and
the segmented TPEF image from step 1.1 of Stage 1 may be used to identify
the lumens in the TPEF image.

Next in step 3.2, morphological features of each identified lumen in the TPEF
image such as its area, convex area, eccentricity, major axis length, minor axis
length and/or solidity are extracted. A k-means clustering method is then
performed using these extracted morphological features to classify the identified
lumens into two groups: one group comprising lumens with regular shapes and
the other group comprising lumens with irregular shapes. The lumens with

irregular shapes are excluded from further analysis.

In step 3.3, denoting each regular-shaped lumen as a node in the TPEF image,
a graph is generated from the nodes based on the Delaunay triangulation using
Qhull method [25]. This method generates a set of lines connecting each node
to its natural neighbouring nodes. Spatial texture features of each node, such as
those based on the generated set of lines connected to the node (e.g. the
average and/or standard deviation of the number of pixels lying along the lines)
are extracted. Based on these extracted spatial texture features, a k-means
clustering method is performed to cluster the regular-shaped lumens to locate
groups of clustered lumens. Then, it is determined whether each regular-
shaped lumen belongs to a group of clustered lumens. If not, the regular-
shaped lumen is classified as a separated lumen. Each group of clustered
lumens is then identified as a portal tract whereas each separated lumen is

identified as a central vein.
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In step 3.4, regions of interest i.e. portal tract regions and central vein regions
are identified. In step 3.4, a voronoi polygon is first generated for each node
using the Qhull method [25]. This is performed by generating a polygon that
encloses all the intermediate nodes that are closer to the node than to other
nodes in the TPEF image. The region in the polygon is identified as a portal
tract region if the polygon is generated for a node denoting a lumen belonging
to a group of clustered lumens and is identified as a central vein region if the

polygon is generated for a node denoting a separated lumen.

Fig. 6 shows an image showing information in both the TPEF channel and the
SHG channel of the input data with identified portal tracts, central veins, portal
tract regions and central vein regions. Circle 602 encloses an example central
vein whereas circle 604 encloses an example portal tract. The lines in between
the circles (e.g. line 606) form the outlines of the voronoi polygons. The region
608 is an example central vein region whereas the region 610 is an example

portal tract region.

Stage 4: Generate measurements using the identified collagen areas, normal

collagen areas, abnormal collagen areas, portal tracts and central veins

In Stage 4, to quantify liver fibrosis progression of the liver in the input data, a
plurality of measurements relating to histo-pathological features [1] shown in
Table 3 are generated based on the morphological features identified in the
earlier stages of method 100, in particular, the identified collagen areas, normal

collagen areas, abnormal collagen areas, portal tracts and central veins.
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Hepatocellular

Inflammation

Biliary changes

Fibrosis and

changes architecture
changes

Ballooning Portal Bile duct injury Quantity of fibrous
degeneration tissue
Acidophilic Periportal Ductular reaction  Location (portal,
degeneration/apoptosis (interface perisinusoidal,

hepatitis) speta and nodule
Dropout/confluent Lobular Ductopenia formation)
necrosis
Maliory bodies Intravascular

(endotheliitis)
Steatosis Kupffer cell

hypertrophy
Iron storage Granulomas
Bile stasis
Cholate stasis

Table 3

Measurements relating to fibrosis and architecture changes in the liver may be

generated and these include:

1) Total amount of collagen relative to total amount of liver tissue in the liver:

This may be expressed as the fraction (or percentage) of collagen present in

the liver and may be calculated as the number of pixels belonging to the

collagen areas identified in the SHG image (in Stage 1) divided by the number

of pixels belonging to the liver tissue in the TPEF image.
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2) Amount of normal coliagen relative to total amount of liver tissue in the

liver;

This may be expressed as the fraction (or percentage) of normal collagen
(comprising collagen aggregated around lumens) in the liver and may be
calculated as the number of pixels belonging to normal coliagen areas identified
in the SHG image (in Stage 2) divided by the number of pixels belonging to the

liver tissue in the TPEF image.

3) Amount of abnormal collagen relative to total amount of liver tissue in the

liver;

This may be expressed as the fraction (or percentage) of abnormal collagen
(comprising distributed collagen) in the liver and may be calculated as the
number of pixels belonging to abnormal collagen areas identified in the SHG
image (in Stage 2) divided by the number of pixels belonging to the liver tissue
in the TPEF image;

4) ©  Collagen amount in portal tracts relative to total amount of liver tissue in

the liver;

This may be expressed as the fraction (or percentage) of collagen in the portal
tracts of the liver and may be calculated as the humber of pixels belonging to
collagen areas in portal tracts divided by the number of pixels belonging to the
liver tissue in the TPEF image. The collagen areas in portal tracts may be
identified by applying the SHG image comprising identified collagen areas
(obtained in Stage 2) to the TPEF image comprising identified portal tracts

(obtained in Stage 3) or vice versa.
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5) Portal tracts bridging index

This is a measurement based alone on the portal tracts and central veins
identified in Stage 3 of method 100. This measurement may be expressed as
the fraction (or percentage) of the identified portal tracts which have bridged to
other identified portal tracts or identified central veins. To determine if a portal
tract has bridged to other portal tracts or central veins, the pixels belonging to
each portal tract are examined. If at least one pixel belonging to a portal tract
also belongs to at least one other portal tract or central vein, it is determined

that this portal tract has bridged to other portal tracts or central veins.

Fig. 7, taken from [1], shows a diagrammatic representation of architecture
changes in the liver occurring at different stages of fibrosis. In Fig. 7, the 7
stages (stages 0 — 6) of the Ishak fibrosis score is compared against the 5
stages (stages 0 — 4) of the Metavir fibrosis score and the 3 stages (stages 1,3
and 4) of the Knodell score. As shown in Fig. 7, one of the significant collagen
architecture changes during the early stages of fibrosis is portal expansion
which is shown in Fig. 7 by the increasing sizes of the black dots and the
transformation of the black dots to black star-like patterns as fibrosis progresses
in the early stages. Thus, the amount of abnormal collagen and the collagen
amount in portal tracts tend to be good measurements for identifying early
stages of fibrosis. On the other hand, the portal tracts bridging index is a good
measurement for identifying mid to late stages of fibrosis as bridging of the
portal tracts to other portal tracts or central veins is usually one of the significant

collagen architecture changes during these stages of fibrosis.

Measurements relating to biliary changes in the liver may optionally be

generated in Stage 4 of method 100 and may include:

Amount of bile duct cell proliferation relative to total amount of liver tissue in the

liver
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This may be expressed as the fraction (or percentage) of bile duct cells in the

liver.

The following steps may optionally be included in method 100 for identifying bile
duct cells prior to Stage 4 and for generating the amount of bile duct cell
proliferation in Stage 4. The bile duct cells in the TPEF image may be identified
prior to Stage 4 by segmenting the TPEF image to form a mask of segmented
bile duct cells. This may be performed using a fuzzy-c-means clustering method
(same as the method used in step 3.1). The amount of bile duct cell proliferation
may then be calculated in Stage 4 as the number of pixels belonging to the
segmented bile duct cells in the mask divided by the number of pixels belonging

to liver tissue in the TPEF image.

Fig. 8(a) shows an example TPEF image whereas Fig. 8(b) shows a mask of
segmented bile duct cells whereby the mask is formed vby segmenting the TPEF
image in Fig. 8(a). Fig. 9 shows a histogram illustrating quantification results
obtained for a plurality of input samples in a data set. The histogram in Fig. 9 is
a plot of the amount of bile duct cell proliferation in the input samples after
different weeks of fibrosis progression. As shown in Fig. 9, the amount of bile

duct cell proliferation increases with the progression of fibrosis.

Measurements relating to hepatocellular changes in the liver may also

optionally be generated in Stage 4 of method 100 and may include:
Amount of dying hepatocytes relative to total amount of liver tissue in the liver

This may be expressed as the fraction (or percentage) of dying hepatocytes in

the liver.

The following steps may optionally be included in method 100 for identifying
hepatocytes and dying hepatocytes prior to Stage 4 and for generating the
amount of dying hepatocytes relative to the total amount of liver tissue in the
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liver in Stage 4. Dying hepatocytes may be defined as hepatocytes surrounded
by bile duct cells. In one example, the dying hepatocytes are identified prior to
Stage 4 by first segmenting the TPEF image to form a mask of segmented
hepatocytes. This may be performed using a fuzzy-c-means clustering method
(same as the method used in step 3.1). A mask of segmented bile duct cells is
then obtained using for example the steps mentioned above with respect to
calculating the amount of bile duct cell proliferation. Holes in the mask of
segmented bile duct cells are then filled using a morphological reconstruction
operation (similar to the operation performed in Stage 2). This forms a filled
mask whereby holes within a ring of segmented bile duct cells are also filled.
The mask of segmented hepatocytes is then multiplied pixel by pixel with the
filed mask to form a mask of dying hepatocytes. The purpose of this
multiplication is to identify segmented hepatocytes which overlap the filled holes
within rings of segmented bile duct cells i.e. segmented hepatocytes
surrounded by segmented bile duct cells. These segmented hepatocytes which
overlap the filled holes within rings of segmented bile duct cells are represented
by pixels with non-zero values in the mask of dying hepatocytes and are
identified as the dying hepatocytes. The fraction of dying hepatocytes in the
input data may then be calculated in Stage 4 as the number of pixels belonging
to the dying hepatocytes in the mask of dying hepatocytes divided by the
number of pixels belonging to the liver tissue in the TPEF image.

Fig. 8(c) shows a mask of dying hepatocytes whereby the mask is obtained
from the TPEF image of Fig. 8(a) and the mask of Fig. 8(b). Fig. 10 shows a
histogram illustrating quantification results obtained for a plurality of input
samples in a data set. The histogram in Fig. 10 is a plot of the fraction of dying
hepatocytes in the input samples after different weeks of fibrosis progression as
indicated on the x-axis of the histogram. As shown in Fig. 10, the fraction of

dying hepatocytes increases with the progression of fibrosis.

Further measurements relating to other histo-pathological features shown in

Table 3 may also be made in method 100. For example, inflammatory cells may
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be identified and measurements may be generated based on these

inflammatory cells.

Stage 5: Determining a stage of fibrosis in the liver based on the generated

measurements

In Stage 5, a stage of fibrosis in the liver is determined (or predicted) based on
the generated measurements. This may be performed using a computer-aided
diagnosis (CAD) system. The predicted stage of fibrosis in the liver may be
automatically generated using supervised machine learning algorithms (such as
neural network, support vector machine, classification tree) or unsupervised
clustering algorithms. The term “automatically” is used here to mean that,
although human interaction may initiate the algorithm, human interaction is not

required while the algorithm is carried out.

For supervised machine learning algorithms, a training set comprising a plurality
of training samples with known pathology scores (i.e. known stages of liver
fibrosis) is usually required. Each training sample comprises input data relating
to a liver comprising liver tissue. Taking a neural network as an example, the
neural network may be trained (for example, by adjusting the weights of the
neural network) with measurements generated from the training samples using
method 100 and the known pathology scores of these training samples. To
determine a stage of fibrosis in a patient’s liver, a set of measurements is
generated from input data relating to the patient’s liver using method 100 and is
then processed via the trained neural network to obtain a stage of fibrosis for
the patient’s liver. The performance of a trained supervised machine learning
algorithm may be tested using a data set comprising a further plurality of
training samples with known pathology scores. After inputting measurements
generated from the further plurality of training samples into the trained
supervised machine learning algorithm, a predicted pathology score is produced
for each training sample and is compared against the ground-truth (i.e. the

known pathology score).
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The advantages of the embodiments of the present invention are as follows:

In the embodiments of the present invention, a plurality of measurements based
on a plurality of identified morphological features is used to determine a stage of
fibrosis in a liver. This is advantageous over prior art methods which use fibrosis
area as the only measurement for determining the stage of fibrosis, since there
is also a strong correlation between other pathological features (such as fibrosis
architecture changes) and the stage of fibrosis. Thus, these other pathological
features can also influence the accuracy in the grading and staging of fibrosis [2]
and it is preferable to consider these other pathological features as well.
Furthermore, although collagen percentage closely correlates to the severity of
liver fibrosis, it has its limitations (for example, even the existing gold standard
may not be accurate in determining the severity of liver fibrosis). On the other
hand, the embodiments of the present invention advantageously include
additional architectural information (such as portal tract location, structure and
spacing) by identifying and quantifying features from this additional architectural
information to stage liver fibrosis. Note that the additional architectural
information may be obtained from any part of the liver, for example, at the
surface, in the capsular region, in the sub-capsular region or in deeper regions
of the liver. Since the sub-capsular region is close to the capsular region which
is located at the liver surface and architectures such as the portal tracts are
normally not located at the liver surface, the locations of collagen areas in the
sub-capsular region may not be easily found. Using the embodiments of the
present invention which employ architectural information other than locations of
collagen areas or portal tracts, the sub-capsular region of the liver may also be

examined.

Furthermore, the embodiments of the present invention comprise a
quantification system for staging liver fibrosis automatically in an animal model.
Computer-aided systems may be implemented in the embodiments of the
present invention to process the multiple measurements using for example,

supervised machine learning algorithms or unsupervised clustering algorithms.
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The embodiments of the present invention can be used on images of the liver
regardless of whether they are images of the interior or the surface of the liver.
In addition, the embodiments of the present invention use information in both
the TPEF and SHG channels. This is advantageous over prior art methods
which use information in the SHG channel only. This can be seen from Table 2
which shows that the two-channel method used in Stage 1 of method 100
performs better than other classic segmentation techniques in segmenting

collagen areas.
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Claims

1. A method for determining a stage of fibrosis in a liver, the method comprising
the steps of:

(1a) obtaining input data relating to the liver, the input data being
generated using a second harmonic generation based imaging system;

(1b) identifying a plurality of morphological features of the liver from the
input data relating to the liver;

(1c) generating a plurality of measurements based on the identified
plurality of morphological features; and

(1d) determining the stage of fibrosis in the liver based on the generated

plurality of measurements.

2. A method according to claim 1, wherein ‘the plurality of morphological
features comprises one or more of the following:

collagen areas;

portal tracts and central veins; and

cells comprising one or more of hepatocytes, bile duct cells and

inflammatory cells.

3. A method according to claim 2, wherein the generated plurality of
measurements comprises a measurement based alone on the identified portal

tracts and the identified central veins.

4. A method according to claim 3 wherein the measurement based alone on
the identified portal tracts and the identified central veins is a portal tracts
bridging index indicating a percentage of the identified portal tracts which have

bridged to other identified portal tracts or the identified central veins.

5. A method according to any claims 2 — 4, wherein the plurality of

measurements further comprises measurements relating to one or more of the
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following: an amount of collagen indicative of fibrosis in the identified collagen

areas and an amount of collagen in the identified portal tracts.

6. A method according to any of claims 2 — 5, wherein the plurality of
measurements further comprises measurements relating to one or more of the
following:

a total amount of collagen in the identified collagen areas;

an amount of collagen not indicative of fibrosis in the identified collagen
areas;

an amount of bile duct cell proliferation generated based on the identified
bile duct cells; and

an amount of dying hepatocytes generated based on the identified bile

duct cells and the identified hepatocytes.

7. A method according to any of claims 2 — 6, wherein the input data comprises
a first image in a Two-Photon Excitation Fluorescence (TPEF) channel and a
second image in a Second Harmonic Generation (SHG) channel, each of the

first and second images comprising a plurality of pixels.

8. A method according to claim 7, wherein step (1b) further comprises the sub-
steps of:

segmenting the plurality of pixels in the first image into different groups of
pixels based on intensities of the plurality of pixels;

forming a mask comprising a plurality of pixels with each pixel comprising
a weight by assigning a weight to each group of pixels in the first image based
on a probability of collagen aggregation in areas comprising the group of pixels;

applying the mask to the second image to form an enhanced second
image with enhanced collagen areas; and

segmenting the enhanced second image to identify the collagen areas in

the second image.
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9. A method according to claim 8, wherein the different groups of pixels in the
first image comprise a group of pixels representing sinusoidals and bile duct
cannaliculi in the liver and the weight assigned to said group of pixels
representing the sinusoidals and bile duct cannaliculi in the liver is higher as
compared to the weights assigned to other ones of the different groups of pixels.

10. A method according to claim 8 or 9, wherein prior to step (1c¢), the identified
collagen areas are divided into collagen areas indicative of fibrosis and collagen
areas not indicative of fibrosis by performing the following steps:

identifying boundary pixels of lumens in the first image;

locating boundary pixels of lumens in the second image using the
identified boundary pixels of lumens in the first image;

locating pixels in the second image which belong to the identified
collagen areas and which are neighbouring the located boundary pixels of
lumens; and

dividing the identified collagen areas by classifying said located pixels in
the second image as belonging to the collagen areas not indicative of fibrosis
and the remaining pixels in the identified collagen areas as belonging to the

collagen areas indicative of fibrosis.

11. A method according to claim 10, wherein the step of identifying boundary
pixels of lumens in the first image comprises the sub-steps of:

identifying a group of pixels representing lumens in the first image;

forming an initial mask from the first image by setting the group of pixels
representing lumens in the first image as foreground pixels and remaining pixels
in the first image as background pixels;

forming a new mask by converting foreground pixels in the initial mask
corresponding to pixels along object boundaries in the first image to background
pixels; and

subtracting the new mask pixel-by-pixel from the initial mask to form a
difference mask indicating locations of the boundary pixels of lumens in the first

image.
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12. A method according to claim 11, wherein prior to forming the new mask, the
method further comprises a sub-step of filling holes in areas formed by the

foreground pixels in the initial mask.

13. A method according to any of claims 10 — 12, wherein the step of locating
pixels in the second image which belong to the identified collagen areas and
which are neighbouring the located boundary pixels of lumens is performed
using a region growing method with the located boundary pixels of lumens as
starting pixels, wherein the region growing method »comprises iteratively locating
pixels in the second image until a number of most recently located pixels is less

than a number of pixels located in a first iteration.

14. A method according to any of claims 7 — 13, wherein step (1b) further
comprises the sub-steps of: ’

identifying lumens in the first image;

locating groups of clustered lumens from the identified lumens;

determining if each of the identified lumens belongs to a group of
clustered lumens; and

identifying each group of clustered lumens as a portal tract and each

lumen not belonging to any group of clustered lumens as a central vein.

15. A method according to claim 14, wherein prior to locating groups of
clustered lumens from the identified lumens, the method further comprises the

sub-step of excluding lumens with irregular shapes from the identified lumens.

16. A method according to claim 14 or 15, wherein the sub-step of locating
groups of clustered lumens from the identified lumens comprises:

generating a set of lines connecting each identified lumen to its natural
neighbouring identified lumens;

extracting spatial texture features of each identified lumen based on the

generated set of lines connected to the identified lumen; and
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clustering the identified lumens based on the extracted spatial texture

features to locate the groups of clustered lumens from the identified lumens.

17. A method according to claim 16, further comprising the sub-step of
identifying portal tract regions and central vein regions based on the following
sub-steps:

forming a plurality of polygons by generating a polygon for each identified
lumen, the polygon enclosing intermediate identified lumens closer to the
identified lumen than to other identified lumens; and

for each polygon, identifying a region in the polygon as a portal tract
region if the polygon is generated for an identified lumen belonging to a group of
clustered lumens and as a central vein region if the polygon is generated for an

identified lumen not belonging to any group of clustered lumens.

18. A method according to any of claims 2 — 17, wherein step (1b) further
comprises the sub-steps of:

segmenting bile duct cells in the image of the liver;

segmenting hepatocytes in the image of the liver; and

identifying segmented hepatocytes surrounded by the segmented bile

duct cells as dying hepatocytes.

19. A method according to any of the preceding claims, wherein the stage of
liver fibrosis is determined using supervised machine learning algorithms or

unsupervised clustering algorithms.

20. A method according to any of the preceding claims, wherein the input data

relating to the liver comprises three-dimensional data.

21. A method according to any of the preceding claims, wherein the input data

relating to the liver is acquired without staining the liver.
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22. A computer system having a processor arranged to perform a method

according to any of the preceding claims.

23. A computer program product such as a tangible data storage device,
readable by a computer and containing instructions operable by a processor of
a computer system to cause the processor to perform a method according to

any of claims 1 to 21.



