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Automated method of identifying a structure
Field of the disclosure

The present disclosure relates to the field of optical microscopy. In one form the
disclosure provides systems and methods of automated analysis of digital images

captured from an optical microscope.

Background of the disclosure

PCT/AU2018/050496 in the name of La Trobe University (the entire contents of
which are herein incorporated by reference) discloses systems and methods of optical
microscopy which provide enhanced image contrast through use of a sample holder
having a plasmonic layer including a periodic array of sub-micron structures. The sample
is placed on the sample holder adjacent the plasmonic layer. In use, the sample and
sample holder are illuminated and an image of the sample is created. The inventors have
observed that through interaction of the light with the sample and the plasmonic layer, a
colour contrast is exhibited in the receive image. In particular, areas of the sample having
different dielectric constant appear in the image with different colours. Intensity contrast
is also achieved. In contrast to this, images obtained from conventional optical
microscopy using a stained sample typically only exhibit an intensity contrast in a single
colour which corresponds to the stain used. In the present disclosure reference to a
nanoslide is reference to a sample holder in accordance with the teaching of
PCT/AU2018/050496, or the Applicant's co-pending Australian patent application
2018904553 , filed on 29 November 2018, entitled “Microscopy method and system ” and
the International patent application claiming priority to AU2018904553 which was filed
on the same day as present application, the contents of both being incorporated herein
by reference for all purposes. Microscopy methods using such a sample holder are called
or histoplasmonics or colour contrast microscopy herein, which is abbreviated to CCM.

Summary of the disclosure

In a first aspect there is provided an automated method of identifying a structure in a
sample. The method comprises, receiving at least one digital image of a sample
wherein at least one localised structural property of the sample is visible in the image
based on the colour of received light captured in the image. The method further includes
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processing the at least one image, based on the received colour information to
selectively identify said structure. Most preferably the sample is a biological sample.
The method can include providing an output indicating the identification of the structure.

In the image received digital image, the localised structural property of the sample can
be a localised refractive index. Accordingly a structure in the sample with a given

refractive index appears as a corresponding colour or colour range in the image.

In some embodiments the method includes performing spectral analysis of at least a
part of the received digital image.

In some embodiments the method can include any one or more of the following

processing steps or sub-steps:

Colour filtering the image to selectively process colour band of the received

image;
Determining a colour distribution or colour histogram of the received image;

Performing a feature extraction method to identify one or more structures in the
image;
Processing the digital image with an image recognition system.

Processing the digital image with an image recognition system to recognise one or more

features in the image corresponding to one or more structures.

The image recognition system can be an artificial neural network or other suitable

recognition system

In some forms the features can be identified on the basis of one or more of colour
differentiation; and morphology differentiation. Preferably a combination of colour
differentiation and morphology differentiation is used.

In embodiments that use more than one image of the sample the images can be images

captured with any one or more of the following differences:

Different illumination characteristics (e.g. spectrum, polarisation), different

magnification.

In a further aspect of the present invention there is provided a method of imaging a
sample and automatically generating an indication of a presence of at least one

structure in the sample. The method includes:
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Providing a sample holder having a plasmonic layer including a periodic array of sub-

micron structures.
Placing the sample on the sample holder adjacent the plasmonic layer.
llluminating the sample and sample holder and capturing a colour digital image thereof;

Performing a method of identifying a structure in the sample according to an

embodiment of the first aspect of the present invention.

In some forms, a digital image used in the above aspects can be captured/generated

using an embodiment of an aspect of any one of: any one of:
PCT/AU2018/050496 or

the applicant’s co-pending Australian patent application 2018904553 , filed on
29 November 2018, entitled “Microscopy method and system " and the International
patent application claiming priority to AU2018904553 which was filed on the same day

as present application;

the applicant’s co-pending Australian patent application 2018904552, filed on
29 November 2018, entitled “Method of identifying a structure” and the International
patent application claiming priority to AU 2018904552 which was filed on the same day
as present application, which is incorporated herein by reference for all purposes.

The methods herein can include generating an output indicating the presence of one or
more features. The methods herein can be used to determinine a state of at least one
cell in a sample wherein determining a state of at least one cell is performed by
identifying a structure based at least partially based on the colour of the at least one cell

in the image.

This can be performed in accordance with the teaching of the applicant’s co-pending
Australian patent application 2018904550 , filed on 29 November 2018, entitled
“Method of identifying a structure” and the International patent application claiming
priority to AU 2018904550 which was filed on the same day as present application,
both of which are incorporated herein by reference.

The method can include, determining a disease state of at least one cell.

In some embodiments the sample can contain a plurality of cells of the same type and
the method can includes distinguishing at least one cell from cells of the same type
based on based a colour contrast between the at least one cell and cells in the plurality
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of cells. In some embodiments the sample can contain a plurality of cells of different
types and the method can includes distinguishing at least one cell of one or more types
within the plurality of cells based a colour contrast between the at least one cell and
cells in the plurality of cells. Preferably the method includes distinguishing at least one
cell that is abnormal within the plurality of cells. In some cases the abnormal state can
include cancer, benign abnormalities or infection. The method can include distinguishing
at least one cell having in a benign abnormal state within the plurality of cells. For
example the method can provide a method of distinguishing normal breast tissue from a
benign abnormality/state, such as hyperplasia, or Ductal carcinoma in situ (DCIS) within
a population containing a plurality of breast epithelial cells.

In embodiments of all aspects disclosed herein the structure can be, without limitation a
cell, a cancer cell, part of a cancer cell, group of cancer cells, neoplastic cell, healthy
cell, cell of a given type, indicator of cell state, parasite, group of cells, abnormal cell,

infected cell, tissue of a given type.

Brief description of the drawings

lllustrative embodiment of the present invention will be described by way of non-
limiting example with reference to the accompanying drawings. The drawings filed with
the present international application include colour images used in, and arising from use
of embodiments of the present invention. The colour information forms part of the
disclosure of the embodiments. Should black and white or greyscale reproduction of the
images occur, colour disclosure can be obtained from the originally filed documents. In
the drawings:

Figure 1 is a schematic diagram of a system adapted to perform automated
scanning of samples and analysis of images of according to an embodiment of the

present invention.

Figure 2 illustrates a method performed by an embodiment of the present

invention.

Figure 3 illustrates details of an analysis method performed by an embodiment of

the present invention.
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Figure 4 illustrates details of an exemplary sample holder used in embodiments of
the present disclosure. The present invention should not be considered to be limited to

use of sample holders with the particular microstructure array illustrated in figure 4.

Figure 5 is a flowchart showing steps in a colour-based structure identification

method usable in an embodiment of the present invention.

Figure 6 illustrates an example range of HSL colour space values corresponding

to cancer positivity in PyMT models using nanoslide.

Figure 7a and 7b illustrate schematically the pathology workflow for small-animal,
MMTV-PyMT mouse model study.

Figure 8 shows large field-of-view (3.8 mm) sections of corresponding slices of
H&E, Ki67, and nanoslide images (top to bottom), with the bottom row showing portions
of the images identified by an automated image analysis method based on their
respective HSL colour space values to be positive for neoplastic cells. Regions with HSL
values consistent with neoplastic MMTV-PyMT breast cancer cells are shown in light blue
(nanoslide) and bright green (Ki67).

Figure 9 shows an example output indicating the identification of a structure the
automated segmentation of small-animal data based on HSL colour space and

assessment by a breast-cancer pathologist.

Figure 10a shows the spectral characteristics of healthy and cancerous tissue.
Figure 10b, shows the output of regions evaluated by an expert breast cancer
pathologist plotted as a function of luminosity (L) versus hue (H). Figure 10c, shows the
percentage of cells positively identified as being cancerous on the basis of HSL colour
space values. Figure 10d, shows pathology scoring of Ki67 and nanoslide images for
data collected from 24 mice, the percentage of cells identified as cancerous is indicative
of the tumour stage. Figure 10e, shows the agreement of Dice coefficients for
nanoslide and Ki67 for three different classes of neoplastic region.

Figure 11 shows an example implementation of an embodiment of the present
invention used to detect a structure in human cells. In this case the structure are

cancerous cells.

Detailed description of the embodiments
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The present inventors have realised that the colour contrast exhibited in the
images obtained using CCM can enhanced the ability to perform automated image
analysis techniques on such images, e.g. to identify one or more structure within the
sample, identify one or more properties of the sample in the image.

Figure 1 is an exemplary schematic representation of a system 100 configured to
perform methods according to the present disclosure. In overview the system 100
includes an image capture sub-system and an image analysis sub-system. The image
capture sub subsystem includes a slide scanner 102 adapted to capture images of a
sample mounted on a sample holder 104. In other embodiments the slide scanner 102
can be replaced with a manual image capture means (e.g. digital camera) arranged to
capture an image formed by an optical microscope. The sample holder 104 is a sample
holder made in accordance with an aspect of PCT/AU2018/050496. The images captured
in this fashion are then stored on a data storage system 106. The data storage system
106 can form part of (or be connected to) the slide scanner 102, a computing device 108
which controls the slide scanner 102, or be standalone data storage system. The image
analysis subsystem comprises a computing device 108. The computing device is
configured to control the operation of the slide scanner 102, receive images captured by
the slide scanner, store these images, and perform analysis of them. A user terminal 110
is also provided to enable a user to interact with the computing device 108.

The present embodiment illustrates direct network connections between the
elements of the system 100. The network connections may be wired or wireless, and
may include a plurality of networks. In some embodiments two or more of the elements
of the system 100 may not be collocated, and thus may be connected via the internet or
other network adapted to enable remote communications between devices. Moreover two
or more elements of the system may be combined into a single device or split into
separate devices. For example the functions of the computer system 108 which operate
to control the slide scanner 102 may be performed by an on-board control system
computer of the slide scanner 102, or a dedicated control computer, whereas the image
analysis functionality may be performed by a separate computer running suitable analysis

software.

Figure 2 shows the general scheme of operation of the system 100 in an
embodiment of the present disclosure. The first phase 202 of the method 200 includes

image generation. First 204 samples are prepared and placed on sample holders in
6



10

15

20

25

30

WO 2020/110072 PCT/1B2019/060310

accordance with an embodiment of PCT/AU2018/050496 in the name of La Trobe
University. The sample holders each have a plasmonic layer including a periodic array of
sub-micron structures, as set out in figure 4. Fig. 4a shows a cross section through a
sample holder suitable for use in the present invention. The sample holder 104 includes
a substrate 400, in which is deposited a plasmonic layer 402. Figure 4ba and 4c show
the two types of plasmonic layer 402 with sub-micron arrays of that have been fabricated
and may be used in an embodiment. The layers are each 150 nm thick silver films. Figure
4b has sub-micron arrays in the form of circular shaped nanoapertures with a 450 nm
period arranged in a hexagonal pattern. Figure 4¢ has cross-shaped nanoapertures on a
rectangular pattern. The cross-shaped nanoapertures have a 450 nm period in one
direction (defined here as the 0° direction) and a 400 nm period in the orthogonal direction
(defined as the 90° direction). These arrays have an SPP resonance mode in the 470-
550 nm range, (which is within the visible region of the electromagnetic spectrum). To
protect the surface of the plasmonic layer, a layer (10nm = 1nm) of hydrogen
silsesquioxane (HSQ), a glass-like material, is deposited after fabrication of the plasmonic
layer. In other embodiments a metal oxide capping layer e.g. SiOz can be used in place
of HSQ. After capping with HSQ, the sample holder has an upper surface similar to that
of a conventional microscope slide on which a sample may be supported. It should be
noted that the term upper surface and lower surface are not intended to reference a
specific orientation of the sample holder either during sample preparation or use.

A sample, typically a slice of tissue, which need not be stained in the preferred
embodiment of the present invention, is placed on the sample holder adjacent the
plasmonic layer. The sample and sample holder are loaded into the slide scanner 102.
The sample scanner illuminates (at step 206) the sample and sample holder and forms
as image thereof (step 208). In essence the slide scanner 102 is a microscope that
illuminates the sample holder and captures an image thereof. A suitable slide scanner
could for example be a member of the Aperio slide scanners from Leica Biosystems or
any other slide scanner capable of capturing colour images of a microscope slide or
similar sample holder. The microscope can capture images in transmission or reflection

mode.

The end result of the image generation phase 202 is one or more colour images
of the sample, which can then be analysed in subsequent steps of the method. In an

exemplary form the samples are imaged at high resolution (e.g., 240 nm per pixel).

7
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The images may be of the whole sample holder, essentially a “whole-slide image”.
The image of the sample holder can be stored in a multi-resolution pyramid structure
including a plurality of individual images providing multiple down-sampled versions of an
original image. Each down sampled version is stored as a series of tiles, to facilitate rapid
retrieval of sub-regions of the image. A typical whole-slide image may be approximately
200000 x 100000 pixels. In one form each image can be saved in RGB colour format
with one byte per colour channel colour depth, although lesser or greater colour depth, or
a different colour space may be used in some embodiments. The images are stored in
the data storage system 106.

In the image processing phase 210 the image data of the whole slide or part of the
slide are received (e.g. retrieved from data storage or received via a network connection,
email etc.) and analysed to identify one or more structures (214) contained in the sample,
and an output generated (216). The output can take a wide variety of forms. For example

it may be, without limitation, one or more of the following:

Issuance of a notification message or alert; respect or after data reflecting the
outcome of acid analysis;

Generation of an augmented image, (e.g. see figure 11) e.g. on which an identified
structure or candidate feature which may be an identified structure is emphasised,
rendered more visible or rendered identifiable to a user;

Generation of an image with metadata indicating the identification of a structure or

one or more analysis steps performed thereon.

Figure 3 illustrates an example process for the image processing phase 210. The
image processing phase 210 may include an optional initial pre-processing phase 220.
The pre-processing phase 220 can include a range of processes that may be needed

prior to feature analysis. For example this could include one or more of the following:

generation of a plurality of individual images from a single image, e.g. generating
multiple down-sampled versions of an original image, subdivision of an image into a

series of spatial tiles.

colour correction, balancing colour response of different colour planes in the

image;
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noise removal or noise equalisation.

It should be noted that the pre-processing steps may be omitted if the received image

data is ready for image analysis without it.

Next, the image (or multiple images together) are processed to identify one or more
features contained in the image. In a primary processing step colour-based image
analysis is performed. In the present invention, the colour at a particular location in the
image is representative of a local physical property of the sample. In particular by using
a sample holder having a plasmonic layer including a periodic array of sub-micron
structures a colour contrast is exhibited in the received image. In particular, areas of the

sample having different a dielectric constant appear in the image with different colours.

The underlying mechanism for the extraordinary optical contrast in the images is
the resonant interaction of light with the collective oscillations of free electrons at a metal
surface in the plasmonic layer of the sample holder, known as Surface Plasmon
Polaritons (SPPs). The spectral change in transmitted light through an array of sub-
wavelength apertures in contact with a dielectric specimen is a function of the wavelength
shift, AA of the SPP resonant modes Afspp, where superscript 6 denotes the incident
polarisation angle (the symbol is removed for unpolarised light) and the subscript
indicates whether the dielectric constant is for the sample (d = s) or for air (d = a). The
SPP modes are characterised by peaks in the transmission spectra, the corresponding
wavelength shift relative to air when a sample of thickness tis placed on top of the

nanoapertures is given by:
A =(A%spps—A9spp.a)(1-exp(-2t/la)), (1)

where la~1/2\eq is the characteristic decay length of the SPP electromagnetic field,
which is itself a function of &4, the dielectric constant of the sample. It should be noted
however that in the preferred embodiments the sample is significantly thicker than the
characteristic decay length of the sample. As the film thickness increases, the
transmission SPP resonance peak is increasingly red-shifted until it equals A9spp, after
which no more colour change occurs. It follows that, when using a standard transmission
bright-field microscope, or reflection microscope, a spatially resolved distribution of
colours will result that relates directly to changes in the local dielectric constant in the

sample. With the local dielectric constant encoded in the optical spectrum, a remarkable
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chromatic contrast effect is produced. This means that any structure within optically

transparent samples, which previously was difficult to detect due to a lack of contrast, is

detectable in the visible-light image, by virtue of the colour contrast captured in the

images.

Next in step 222 an image (or two or more images) is analysed to identify features

in the image (or two or more images) that are representative of one or more structures of

interest in the sample. A structure of interest can, for example include, a cell, group of

cells, part of a cell, interstitial space between cells, void in a cell, the morphology of any

of the above. In some embodiments the method can include any one or more of the

following processing steps or sub-steps:

Colour filtering the image to selectively process (e.g. perform feature
differentiation) on one or more colour bands of the received image, or an image

generated from one or more colour bands;
Determining a colour distribution or colour histogram of the received image;

Performing a feature extraction method to identify one or more structures in the

image;
Processing the digital image with an image recognition system.

The analysis in step 222 can be grouped into two general types of processes:

Colour differentiation (224), which encompasses differentiation methods based on
the localised colour of the image of the sample, relative colour of more than two
locations in the image, overall colour/spectral content of the image or portion thereof.
Colour differentiation can be based on a CIE plot which mimics sensitivity of the
human eye. In some embodiments a spectral fingerprint’ can be generated for an
image or portion thereof. The spectral fingerprint can enable either a coarse analysis
based on e.g. where the spectral fingerprint in the form of an RGB ratio is compared
to values in a look up table to determine if a sample is ‘healthy’ or not. Alternatively a
more detailed spectral fingerprint can be compared against a higher resolution
spectrum e.g. collected using a spectrometer. As will be appreciated in analysing any
one image (or set of two or more images) multiple colour differentiation techniques
can be used. An exemplary colour-based analysis method 222 is described below in

relation to figure 5.

10
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e Morphology differentiation (226), which uses the shape characteristics of one or more
structures in an image to identify the structure. In some the forms morphology process
can include contour analysis to identify the shape of a given structure(s) in an image.
Further examples of morphology differentiation methods that could be applied in an
embodiment is described in Peng H, Zhou X, Li F, Xia X, Wong ST. INTEGRATING
MULTI-SCALE BLOB/CURVILINEAR DETECTOR TECHNIQUES AND MULTI-
LEVEL SETS FOR AUTOMATED SEGMENTATION OF STEM CELL IMAGES. Proc
IEEE Int Symp Biomed Imaging. 2009; 2009:1362-1365. Other morphology
differentiation methods could be used. In some forms morphology differentiation can
be performed on a colour filtered representation of the image (e.g. performed on one
colour plane in the image) or on a pre-processed image that combines multiple colour

planes (e.g. a luminance image) derived from the captured images.

An exemplary colour-based differentiation process 222 is shown in figure 5. The
method 222 begins by choosing a colour space in which to perform processing. In the
present example a HSL colour space (Hue, Saturation, Lightness) is used. As such each
pixel in the received image(s) are represented by value corresponding to each parameter.
Conversion between the colour space of the received image(s) and the chosen colour
space may be needed. Next in step 504 local feature extraction is performed. This
process involves analysis of the received image(s) based on colour to identify pixels that
may correspond to the structure of interest. The correlation between the structure of
interest and its colour in the received image(s) may be known, or determined from
preliminary analysis of the image(s). For example in experiments performed by the
inventors, colour correlations between structures of interest (cancer cell nuclei, in
samples from a PyMT model) were determined by inspection of a plurality of images by
experts. In particular, to establish the HSL range for cancer cell identification using the
nanoslide, images of slides were compared to a ground truth standard for the PyMT
model. Adjacent breast tissue sections were independently classified by examination of
the morphology by a breast cancer expert following a protocols similar to that established
in the literature for automated segmentation of Ki67 images on the basis of hue (e.g. Shi
et al., Scientific Reports, 2016). The same process was performed on corresponding

(adjacent sections) for Ki67 images to enable comparison with the present methodology.

Both methods generally follow the process of Shi, P. et al. Automated Ki-67
Quantification of Immunohistochemical Staining Image of Human Nasopharyngeal

11
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Carcinoma Xenografts. Scientific Reports 6, 32127, doi:10.1038/srep32127 (2016), the

contents of which are incorporated herein by reference.

For both the nanoslide images and Ki67 images the mean RGB space and HSL
space values for the cancer cells were determined from the ground truth standard.
Cancer cells when imaged on the nanoslide manifest themselves as generally blue in
hue, whereas, Ki-67 positive nuclei manifest themselves as brown hue in images of breast

tissues.

The mean RGB and HSL channel values for positive cancer cells in Ki67 and
nanoslide are summarised in Table 1 below. The RGB values for Ki67 positivity
determined by the inventors are close to the published values from (Shi et al., Scientific
Reports, 2016).

Table 1

Based on the variability of the colour change associated with cell positivity in nanoslide
and Ki67 a £15% threshold centred around the mean HSL colour space values (in each
of H, S and L) was used for segmentation of positive cancer cells — that is, within this
range cells were considered to be ‘positive’ for cancer. An example range of HSL colour

space values corresponding to cancer positivity using nanoslide is shown in figure 6.

In the local feature extraction step 504 pixels of the image(s) having HSL values
corresponding with cancer positivity are selected. In the present example using the
nanoslide only a single colour range is considered, but other embodiments may perform
multiple segmentations based on different colour ranges to attempt to identify respective
structures in the image(s). Pixels having colour values in the selected range are further
analysed to identify groups or subsets of pixels that may represent the structure of interest
(e.g. nucleus of a cancer cell). The subsequent analysis can include analyzing the pixels
to identify correlation between a pixel and at least one neighbouring pixel. In some

12
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examples, the mean intensity and standard deviation at a pixel site can be calculated
based on a 3x3 group of pixels centred on the pixel, and can be used as a measure of
signal strength and local variance on signal strength in the neighbourhood of the pixel
site. The skewness and kurtosis of pixel and its surrounding 3x3 neighbourhood of pixels
can be calculated. The skewness measures symmetry of local intensity and whether the
intensity is more peaked or flat than a normal distribution. These measures of local pixel
correlation can be used to cluster similar pixels or separate dis-similar pixels into clusters
(representing structures of interest) in step 508. Grouping can be performed using
kmeans clustering or other suitable techniques, as part of a structure identification step
506. It may be necessary to more accurately define the boundary of a structure of interest.
In step 510, clusters representing touching or overlapping features can be separated into
individual clusters. This can be performed, e.g. using the watershed method.

In step 228 the output of the differentiation processes are used to make a decision on the
presence or absence of one or more features in the image which indicate the presence

or absence of a structure in the sample.

In some embodiments a combination of colour differentiation in addition to sample
morphology differentiation enables more accurate identification of a structure. For
example a spatial correlation between the output form colour differentiation and
morphology differentiation could be used to distinguish between features that are
indistinguishable by one process alone.

The image recognition system can be an artificial neural network. The image
recognition system can be trained on a suitable training set of images containing known
structures. Saha, M. et al., An exemplary image recognition method and system that
could be used in embodiments of the present invention is described in “An Advanced
Deep Learning Approach for Ki-67 Stained Hotspot Detection and Proliferation Rate
Scoring for Prognostic Evaluation of Breast Cancer. Scientific Reports; 7: 3213
DOI:10.1038/s41598-017-03405-5, (2017) describes a deep learning methodology
using an ANN system to detect breast cancer cells for Ki67 stained samples. Such a
methodology could be applied to images taken with a nanoslide to identify similar
structures as taught herein.

In the event that one or more features are identified in step 228 the one or more

images, an output is generated at 232. The output can take many forms. The output can
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take a wide variety of forms. For example it may be, without limitation, one or more of the

following:
Issuance of a notification message or alert;

Generation of an augmented image (in step 230), e.g. on which an identified
structure or candidate feature which may be an identified structure is enhanced e.qg. it can

be emphasised, rendered more visible or rendered identifiable to a user;

Generation of an image with metadata indicating the identification of a structure or

one or more analysis steps performed thereon.

Feature enhancement can include showing the boundary of the structure or
structures which have been identified in the image(s) in an augmented image. The
boundary can include drawing a bounding box or other outline around the identified
features. This can be of use to a user of the system to rapidly enable identification and

human investigation and verification of the presence or absence of the structure.

Methods disclosed herein can be used in an implementation an embodiment of an
aspect of the the applicant’s co-pending Australian patent application 2018904550 ,
filed on 29 November 2018, entitled “Method of identifying a structure” and the
International patent application claiming priority to AU 2018904550 which was filed on

the same day as present application..
Example

To illustrate the usefulness of the present method, automated image processing
is performed using nanoslide images on the basis of the HSL (hue, saturation,
lightness) of the image pixels. The results were compared to those obtained from
analysis of samples stained using proliferative markers (Ki67) and illustrate the
technique can distinguish a structure, which in this example is distinguishing neoplastic

cells, as compared to normal breast epithelium.

In the present example sample holders having a plasmonic layer with a periodic
array of sub-micron structures (e.g. circular holes) were fabricated using displacement
Talbot lithography to produce devices on the scale of whole microscope slides (e.g. 75
mm x 25 mm). The nanoslides were used in conventional brightfield imaging of samples

and histological tissue sections of corresponding samples were scored by two reference
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pathologists. The properties of the brightfield images were analysed based on the

measured hue, saturation, and lightness in the image.

Figure 7a and 7b together illustrate, schematically the pathology workflow for
small-animal, MMTV-PyMT mouse model study including, showing how serial sections

were taken in order for a direct comparison of nanoslide, H&E, and Ki67.

In the study the images made use of the MMTV-PyMT model of spontaneous
breast tumorigenesis, where mice develop pre-invasive and invasive neoplasms within
50 days of age. Pre-invasive and invasive neoplasms have previously been shown to be
distinguishable from benign epithelial cells using IHC staining for the proliferative
marker Ki67. In total 24 mice were used for this study. The workflow for the study
design is shown in Fig. 7a and 7b. For each slice of tissue sectioned and placed on a
nanoslide the neighbouring section was H&E stained (for use as the ground truth
analysis by expert human analysis) whilst the next two sections were treated with IHC

staining (one section with the proliferative marker and the other with control 1gG.

For the nanoslide and Ki67 stained samples automated image analysis as set out above
was performed in step 700 to identify the presence or absence of neoplastic cells.

Figure 8 shows large field-of-view (3.8 mm) sections of corresponding slices of
H&E, Ki67, and nanoslide images (top to bottom); each slice is 4um thick (>> l4 for the
nanoslide). These sections cover a range of different tissues types (e.g. lymph nodes,
collagen, muscle tissue, ligament etc.) and also include regions of pre-invasive and
neoplastic breast tissue. Using the ground truth pathology assessment and the
comparative Ki67 staining the HSL values associated with cancer cells were identified
for nanoslide. A total of 64 regions were examined across the cohort of 24 mice. In the
bottom row of figure 8 the regions with HSL values consistent with neoplastic MMTV-

PyMT breast cancer cells are shown in light blue (nanoslide) and bright green (Ki67).

Following established protocols tissue (as identified by the automated image
analysis of the nanoslide images) was classified as True Positive (TP), True Negative
(TN), False Positive (FP), and False Negative (FN) as compared to human analysis. In
the human classification, pathology annotations, when a cancer containing region has
been identified, high-resolution H&E stained slides were used to identify the stage of the
cancer and the margins. A morphological assessment of the tissues was conducted by
an expert human breast and murine mammary gland pathologist (O'Toole) and breast
cancer researcher (Parker) and formed the ‘ground truth’ for the analysis. The second
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piece of information came from the image pixel HSL colour space values which were
compared against the reference values from the training data (as set out for the
nanoslide in figure 6). Regions containing normal, hyperplasia, DCIS (ductal carcinoma
in situ), and invasive neoplastic breast tissue were independently analysed for both
nanoslide and Ki67 staining. Some example images of each type of region and
resulting tissue classification are shown in Fig. 9. Classification was applied according
to the following descriptions.

Classification Description of classification method for Ki67 and Nanoslide

True Positive (TP) | TP was assigned when the HSL colour space values were
consistent with cancer cells established by ‘training’ the
segmentation algorithm. This ‘training’ was conducted based on
the identification and correlation of cancerous lissue in Ki67 and
nanoslide images by the expert pathologist with reference to the
H&E slides (e.g. Shi et al, Scientific Reports, 2016). To be
classified as TP also required that the identified region was
within the area manually identified as containing cancer cells by
the expert pathologists.

True Negative (TN) | TN was assigned when the HSL colour space values were
consistent with one of the sub-types of non-cancerous tissues
{e.g. adipose tissue, coltagen, lymph nodes, blood vessels eic.).
To be classified as TN also required that the identified region
was outside of the area manually identified as containing
cancerous lissue by the expert pathologists.

False Positive (FP) | FP was assigned when the HSL colour space values were
consistent with cancer cells bul the identified region was outside
of the area manually identified as containing cancer cells by the
expert pathologisis.

False Negative FN was assigned when the HSL colour space values were not
{FH) consistent with either cancer celis or with non-cancerous tissue
and when the identified region was within the area manually
identified as containing cancer celis by the expert pathologists.

Figure 9 illustrates high-resolution images taken across 24 MMTV-PyMT mice
were sub-categorised (as set out under the heading “Pathology assessment” below) into
four different stages (normal, hyperplasia, DCIS, and invasive) for both nanoslide (1st
coloumn) and Ki67 (4th coloumn) based on annotations from the pathologist. The
automated analysis based on HSL colour space values for each image were compared
against ground truth annotations by a pathologist, the evaluation results are classified in
terms of TP (green), FN (red), FP (yellow), and TN (blue) regions. The images (1st and
3rd columns) are presented as they appear under the microscope. Neoplastic cells in
pre-invasive and invasive neoplastic tissues were easily distinguished from surrounding

16



10

15

20

25

30

WO 2020/110072 PCT/1B2019/060310

cells in the same tissue and benign tissues via a colorimetric differential interaction as a
result of either staining (Ki67 — brown colour) or as a result of variations in the local
dielectric constant (nanoslide — blue/purple colour). As seen, adipose and other types of
non-cancerous tissue observed across the slides have a characteristically different
colour (HSL) on both the nanoslide and Ki67, supporting this association. As can be
seen the normal cells on the nanoslide appear to be almost uniformly categorised as
TN. The invasive cells image on the nanoslide image was categorised as a large
majority of TP regions surrounded by TN areas, showing accurate categorisation by the
automated image analysis. The DCIS and Hyperplasia images include a region of
majority TP towards the centre of the neoplastic regions surrounded by areas of mixed
FN, TP, TN regions.

The methods disclosed herein use utilise the differences in the spectral output
between structures to identify those structures. Figure 10A, illustrates the received
colour spectrum of benign and neoplastic breast tissue which giving rise to colour
contrast in nanoslide images. On the basis of the 24 MMTV-PyMT mice studies the
spectral output of cancer cells appears to be distinct from other types of non-cancerous
tissue providing a novel mechanism for performing digital pathology. To further validate
the results against published standards the inventors used an established scoring
matrix for discriminating ‘normal’, hyperplasia, DCIS and invasive lesions. As revealed
in results presented in Fig. 10b, both approaches (nanoslide and Ki67) identify a similar
percentage of neoplastic cells in a randomised preclinical study. DCIS comprises
lesions which are heterogeneous with highly variable morphology; whereas at the
extremes of normal and invasive, breast cancer is easy to discern, DCIS is subtle and
consequently suffers from misdiagnosis based on H&E alone particularly at large fields-

of-view.

Fig. 10b shows how the automated method described herein using a nanoslide
sample holder discriminates between structures in a sample. In this case it has been
shown that ‘healthy’ and invasive cancer tissue can be identified based in the hue (H,°)
and luminosity (L, %) of the images. Note that the ‘healthy’ tissue sections are taken
from MMTV-PyMT mice, 90% of which will eventually develop pre-invasive and invasive
neoplasms, hence a small amount of overlap may be expected when comparing to
invasive cancer regions. The difference between normal and cancer mammary tissue is
further validated by the clear discrimination between normal/benign tissue in wildtype
animals and neoplastic tissue.
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To test the concordance of Ki67 and nanoslide we compared the percentage (by
area) of tissue identified by the two pathologists as containing neoplastic cells according
to the image pixel HSL colour space values; the results are summarised in Figure 10c.
For the regions examined (N=30) nanoslide and Ki67 exhibit highly positively correlated
performance metrics. The Pearson correlation coefficient, r, and corresponding p-value
for the Ki67 and nanoslide results confirm a positive correlation: r(28)= .62, p<.001. Of
the cancer bearing tissues examined none had both non-zero Ki67 positivity and zero
nanoslide positivity and only two had non-zero nanoslide positivity but zero Ki67
positivity. Figure 10d, shows pathology scoring of Ki67 and nanoslide images for data collected
from 24 mice, the percentage of cells identified as cancerous is indicative of the tumour
stage.The positive correlation between Ki67 and nanoslide supports the breast cancer
pathologists manual scoring (Fig. 10d) and concurs with Figure 10e, that shows the
Serensen—Dice coefficient (DSC) coefficients for nanoslide and Ki67 for three different classes
of neoplastic region. The DSC is defined as:

DSC=2TP/(2TP+FP+FN)

Calculated for both nanoslide and Ki67 (Fig. 10e) based on the analysis of 64

high-resolution (200 x magnification) images from both Ki67 and nanoslide data.

Figure 11 shows an example implementation of an embodiment of the present
invention used to detect a structure in human cells. In this case the structure are
cancerous cells. Figure 11a shows the image illustrating DCIS in breast tissue imaged
with CCM, whereas 11b shows the image illustrating DCIS in breast tissue imaged with
IHC staining. In each image the right hand panel shows a segmented image that identifies
portions of each captured image having a colour within 15% of the mean colour of cancer
for the sample (see figure 6 for the CCM colour range, and table 1). As can be easily
observed significant numbers of differentiated cells can be observed in the CCM image.
This compares favourably in to IHC staining based on proliferative markers (figure 18b)
which positively identifies few cancer cells.The human tissue sample was imaged on a
nanoslide (Figure 11a left) and by Ki67 IHC staining (Figure 11b left). The images were
processed using the automated image processing method described herein, in the same
way as the mouse samples in the previous example. Figure 11a right illustrates the
segmented nanoslide image, illustrating those portions of the image determined to
represent the structure of interest, namely breast cancer cells. In Figure 11b (right panel)
each each blue “blob” represents a pixel cluster determined by the image processing to

represent a cancer cell imaged on the Ki67 stained slide.
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Pathology assessment

In the example to confirm the timing of spontaneous development of mammary
gland tumours in the C57 BI/6 MMTV-PyMT model, mammary glands of C57 Bl/6
MMTV-PyMT mice at different stages were taken and morphologically evaluated by
H&E and Ki67 by an expert human breast and murine mammary gland pathologist
(O'Toole) and breast cancer researcher (Parker). Nanoslide samples were randomized
and independently scored and then compared post-analysis to the results of Ki67 and
nanoslide. The benchmark for the pathology assessment was a trained pathologist
analyzing the H&E stained tissue sections at high-resolution and without any time
constraints. As this was a control study the cancer stage for the mice was already
known by the pathologist. In addition, the pathologist could refer back to the IHC
staining to confirm that no neoplastic tissue regions were missed during the
assessment. When looking at a tumor region or duct containing cancer at high

resolution the pathologist counts the number of cancer cells.

Once this has been done for all samples the pathologist then compared the
number of individual positive cells (as determined by a colour change — ‘brown’ for Ki67
and ‘green’ for nanoslide) using either Ki67 or nanoslide and divided this number by the
total number of cancer cells identified from pathological assessment of the H&E images
to arrive at the final figure for “percentage positive cells”. This analysis was conducted
on 24 cancer containing regions across the 24 mice used in this study. Based on the
knowledge of the cancer stage the results could be classified into 4 stages: ‘normal’,
‘hyperplasia’, ‘DCIS’, and ‘invasive’. The mean value of the percentage of positive
cancer cells as determined by the pathologist was calculated within each category, it is
this mean value, averaged between the two independent sets of scores, which is
represented by the height of the bars in the bar chart. The range (e.g. minimum and
maximum percentages) over the different samples used to generate the error bars
shown in Fig. 10d. The scoring matrix for discriminating normal, DCIS, and invasive

lesions is shown in the following table

Normal DCIS Invasive

IAppearance of lumen Empty Lumen  |Filled Lumen |No Lumen
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Epithelial Ki67 positivity (95% confidence
interval)

0-28%

44-66%

48-96%

It will be understood that the invention disclosed and defined in this specification

extends to all alternative combinations of two or more of the individual features mentioned

or evident from the text or drawings. All of these different combinations constitute various

alternative aspects of the invention.
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Claims

1. An automated method of identifying a structure in a sample, the method

comprising:

receiving at least one digital image of a sample wherein at least one localised
structural property of the sample is visible in the image based on the colour of received
light captured in the at least one digital image, said digital image comprising a plurality
of pixels;

processing the at least one image, based on the received colour information to
selectively identify said structure.

2. The method as claimed in claim 1 wherein processing the at least one image

includes, providing an output indicating the identification of the structure.

3. The method as claimed in any one of claims 1 or 2 which includes filtering the
image to selectively process a portion of the image on the basis of colour information

contained in the received image.

4, The method as claimed in any one of the preceding claims wherein the at least
one image includes a plurality of pixels, and said method includes segmenting the at
least one image based on a colour of received light captured in the image.

5. The method as claimed in claim 4 wherein segmenting the at least one image

includes one or more of:

Identifying one or more subsets of pixels within an image based at least partly

on colour;

Grouping pixels into features representing a structure on the sample based on
correlation between a pixel and at least one neighbouring pixel.

6. The method as claimed in any one of the preceding claims which includes any
one or more of: determining a colour distribution of the received image; determining a
colour histogram of the received image; performing spectral analysis of at least part of
the received digital image.

7. The method as claimed in any one of the preceding claims which includes

performing a feature extraction method to identify one or more structures in the image.

8. The method as claimed in any one of the preceding claims wherein the method
includes processing the digital image with an image recognition system.
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9. The method of claim 8 wherein the image recognition system is artificial neural
network.
10. The method as claimed in any one of the preceding claims wherein in the

received digital image, the localised structural property of the sample is a localised

refractive index.

11. The method of claim 10 wherein a structure in the sample with a given refractive

index appears as a corresponding colour or colour range in the image.

12. The method as claimed in any one of the preceding claims wherein the sample
is a biological sample.

13. The method as claimed in any one of the preceding claims wherein the method

includes identifying a feature based on colour differentiation.

14. The method as claimed in any one of the preceding claims wherein the method

includes identifying a feature based on morphology differentiation.

15. The method as claimed in any one of the preceding claims wherein the method
includes identifying a feature based on a combination of colour differentiation and
morphology differentiation.

16. The method as claimed in any one of the preceding claims wherein receiving at
least one digital image of a sample, includes receiving more than one image of the

sample captured with any one or more of the following differences:
a different illumination characteristics
different illumination spectrum
different illumination polarisation
different magnification.

17. The method of any one of the preceding claims wherein the structure includes
any one or more of a neoplastic cell, cancer cell, healthy cell, cell of a given type, cell
state, parasite, group of cells, abnormal cell, infected cell, tissue of a given type.

18. A method of imaging a sample and automatically generating an indication of a
presence of at least one structure in the sample, the method includes:

providing a sample holder having a plasmonic layer including a periodic array of

sub-micron structures;
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placing the sample on the sample holder adjacent the plasmonic layer;

illuminating the sample and sample holder and capturing at least one colour
digital image thereof;

performing a method of identifying a structure in the sample according to any
one of the preceding claims.

19. A computer readable medium storing thereon instructions, which when
executed by a data processing system cause the data processing system to perform a
method as claimed in any one of claims 1 to 18.

20. A system comprising a data processing system, said data processing
system being programmed to perform a method as claimed in any one of claims 1 to 18.
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