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DESCRIPTION

Description

[0001] The present disclosure relates to a method and system for training a deep learning
model to obtain histopathological information from images, and to a deep learning trained to
obtain histopathological information from images..

Background of invention

[0002] Deep learning (DL) models, such as convolutional neural networks (CNN), recurrent
neural networks (RNN), generative adversarial networks (GAN) etc., have the possibilities of
revolutionizing medical imaging as they can utilize the vast amount of data produced in the
healthcare sector. Pathology departments are no exception. Large amount of digital image
data of histopathology tissue sections is produced. Deep learning is a branch of machine
learning based on a set of algorithms that attempt to model high-level abstractions in data by
using multiple processing layers with complex structures. Various deep learning architectures
are used in fields such as computer vision, automatic speech recognition, natural language
processing, audio recognition, and bioinformatics. Pattern recognition systems may employ
classifiers that utilize deep learning architectures to generate decisions for a set of input data.
The classifiers may utilize algorithms that are structured in the form of a deep learning
architecture, such as a convolutional neural network, which includes various combinations of
layers to arrive at a decision.

[0003] If we want to take advantage of the datasets, for example by involving deep learning
techniques, there is usually a need to involve human experts, such as pathologists, to enrich
the raw images data with for example high-level information (e.g. patient outcome) and low-
level information (e.g. ground truth labelling).

[0004] Ground truth labelling is the process in which human specialists mark, classify or outline
specific objects or areas in the images. In histopathology, this ranges from cell nuclei marking
to cancerous tissue outlining; all done manually by hand using digital tools. Such tasks are not
only time-consuming, but are also prone to human subijectivity and inter-annotator variability.
The latter is shown to be large as 40% on the same sample. If proper ground truth annotations
from human experts cannot be obtained because the task is too time-consuming or not
reliable, useful deep learning models cannot be developed. If ground truth annotations can be
obtained from a panel of human experts, the model must account for the variation and
subjectivity. There are other steps than the labelling step itself that make an objective labelling
difficult. Fig. 4 shows a number of steps from the extraction of a sample to the analysis of
images. Each step in the sample preparation includes sources of variation.
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[0005] In order to overcome the issues associated with manual annotation, there have
previously been attempts to improve the annotation and to develop more advanced staining
methods and protocols. These staining methods, for example involving immunohistochemistry
(IHC), are sometimes more accurate in obtaining histopathological information, but also more
expensive and cannot always be used. The development of successful deep learning models
relies on proper ground truth labelling process - there is thus a need to improve the labelling
process by overcoming the challenges related to variation and subjectivity, in particular when
using cheaper and less accurate staining methods, or staining enabling less histopathological
information.

[0006] US 2012/076390 A1 discloses methods for feature analysis on consecutive tissue
sections. According to the method a plurality of consecutive tissue sections are obtained from
tissue sample. The tissue sections are stained with at least one biomarker. Digital images of
the consecutive tissue sections are then registered. One or more regions of interest are
identified in within a middle of the consecutive tissue sections. The one or more regions of
interest are then transferred to adjacent sections to reduce the pathologist time for annotation
to a single slide.

Summary of invention

[0007] Accordingly, it is an object of the present invention to overcome the above mentioned
challenges. The present disclosure relates to a method for training a deep learning model to
obtain histopathological information from images, according to claim 1.

[0008] The first staining protocol may in particular be an IHC staining protocol or an
immunofluorescence (IF) staining protocol and the second protocol may be a hematoxylin and
eosin (H&E) staining protocol, which is cheaper than IHC and often the gold standard for
diagnostic purposes, but does not provide the same specific immunohistochemistry (IHC)-
based staining information. The step of obtaining histopathological information for the first
section of the first image is preferably carried out in an automatic process based on image
processing. The present disclosure therefore relates to a method in which a deep learning
model, in one embodiment, is trained to recognize specific IHC-expressions (e.g. tumor
regions, mitotic cells etc.) in H&E-stained tissue samples without requiring the more expensive
IHC-stained sections. The trained model can thus be applied to e.g. H&E-stained tissue
samples. The inventors have surprisingly found that although the method depends on staining
of two different and adjacent sections of the specimen using different staining protocols it is still
possible to obtain an efficient training of the deep learning model.

[0009] The presently disclosed method may therefore be useful for transferring information
between images of adjacent sections of a sample from expensive I|HC-stains or
immunofluorescence (IF) stains to less expensive histological stains (for example H&E) in a co-
registration process. The co-registration process may be an automatically scalable registration
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process. It has been found that the co-registration of differently stained adjacent tissue
sections can be used to train a deep learning model to recognize specific IHC information or
immunofluorescence (IF), e.g. tumor regions, in a different type of staining protocol, typically
an H&E protocol. The deep learning method is thereby trained to obtain histopathological
information from an image of a section of a specimen based on hematoxylin and eosin (H&E)
staining, by recognizing specific immunohistochemistry (IHC)-based staining information or
immunofluorescence (IF)-based staining information, such as tumor regions. The training may
be based on a hematoxylin and eosin-stained first training image labelled according to
histopathological information of an immunohistochemistry-stained second training image. If a
deep learning model is trained to recognize IHC-expressions (e.g. tumor regions, mitotic cells
etc.) in H&E-stained tissue samples, the developed algorithms of the model can then be
deployed on H&E-stained sections only, without requiring more expensive IHC-stained
sections, but nonetheless benefitting of recognizing the IHC-expressions.

[0010] The provision of the two adjacent images having different staining can be serial
adjacent sectioning of a tissue block, wherein adjacent sections are processed with different
staining protocols, e.g. one with H&E and another with IHC, e.g. PCK. The co-registration of
the first and second sections of the images is performed on a cellular level and using multi-
scalepoint-matching and local deformations. The co-registration may use feature-based
registration techniques,which may match local deformations between adjacenttissue sections.
By using the co-registration algorithm,the same level of information as in the IHC staining can
be transferred to the second image and can thereby beused to label the second image
according to the his-topathological information of the first image, i.e. a more accurate labelling.
The training of the deep learning model can be said to use co-registration of differently stained
serial tissue sections, hence in an automated manner obtaining ground truth annotations or
labelling for super-vised training of deep learning algorithms. Supervised training refers to
learning a function from labelled training data. The training data consists of a set of training
examples (images, part of images, pixels etc.) and a corresponding output value (ground truth
label). The deep learning model can be trained on training annotations from the second image
and the corresponding output value of the image analysis results of the first image. The more
accurate IHC and/or immunefluorescence (IF) information may provide sufficiently accurate
image annotation to base the training of the deep learning models on. The labelling and
training are not subject to human subjectivity and intra-annotator variability but only based on
the IHC-expression. Training of DL models may then involve the step of recognizing specific
IHC and/or IF information, e.g. tumor regions, in a different type of staining protocol, e.g. H&E.
The method has several advantages: there is no longer a need for specialists to perform the
task of ground truth labelling and the obtained labelling is more accurate. The method can also
be applied to existing data from clinical centers and/or implemented in existing workflows with
existing staining protocols.

[0011] These and other aspects of the invention are set forth in the following detailed
description of the invention.

Description of drawings
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[0012] The drawings are exemplary and are intended to illustrate some of the features of the
presently disclosed method for labelling of histopathological images, and are not to be
construed as limiting to the presently disclosed invention.

Fig. 1 shows a flowchart of a process for training deep learning algorithms.

Fig. 2 shows a process of automatic labelling of histopathological images for training a deep
learning model.

Fig. 3 shows an example of a virtual double staining workflow and co-registration process.

Fig. 4 shows a number of steps in the preparation of images and possible sources of variation
in the images that are analyzed.

Fig. 5A-B show two adjacent tissue sections stained using different staining protocols (5A) and
annotations for the two adjacent tissue sections (5B) obtained by applying the presently
disclosed method for labelling of histopathological images.

Fig. 6 shows a number of tissue sections which have been annotated using the presently
disclosed method for labelling of histopathological images repeatedly.

Fig. 7A shows outline of tumor regions on a sample stained by pan cytokeratin (PCK), which is
an IHC marker. Fig. 7B shows outline of tumor regions on a sample stained by H&E, using an
annotation according to the presently disclosed method.

Fig. 8 shows a comparison of proliferation index for a number of PCK stained samples and
H&E stained samples annotated according to the presently disclosed method. The Ki-67
protein is a cellular marker for proliferation. The proliferation index is a measure of the number
of cells in a tumor that are dividing (proliferating). The diagram shows that it is possible to
outline tumor region using hematoxylin and eosin.

Detailed description of the invention

[0013] The present disclosure relates to a method for labelling of histopathological images,
which may be used for training a deep learning model. The disclosure can thereby also be
considered to present a method for training a deep learning model of computer vision in
relation to digital pathology using co-registration of differently stained adjacent sections of a
specimen. The method comprises the steps of. providing a first image of a first section of a
specimen, such as a tissue portion, wherein the first section has been stained using a first
staining protocol; and providing a second image of a second section of the specimen.
Preferably, the first and second sections are adjacent sections of the specimen, wherein the
second section has been stained using a second staining protocol different from the first
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staining protocol. The method further comprises the step of aligning the first and second
sections of the images using co-registration. This is achieved by co-registration on a cellular
level. The co-registration is also be based on multi-scale point-matching and local
deformations. The first image will typically comprise histopathological information, such as
outlined areas representing cancerous tumor regions or mitoticcells, but could comprise any
annotation. The histopatho-logical information from the first image may typically be IHC
information. The method may further comprise the step of transferring said histopathological
information for the first section of the first image to the second section of the second image
based on the co-registration of the first and second sections, thereby labelling the second
image according to the histopathological information of the first image. In particular, the
histopathological information of the first section is a result of automaticimage analysis. The
method may further comprise the step of training a deep learning model to obtain his-
topathological information from images. The labelling may be ground truth labelling. Under the
assumption that the histopathological information for the first section of the first image provides
a ground truth labelled image,the obtained second image may accordingly be seen as aground
truth labelled image after proper co-registration. Annotation and labelling can be seen as
indications inthe images pointing out physical characteristics. The labelling associated with the
images is important for building proper models. Examples of annotations can be seenin fig. 5.

[0014] Therefore, the present disclosure further relates to a method for training a deep
learning model, such as a convolutional neural network, a recurrent neural network or a
general adversarial network, to obtain histopathological information from an image of a section
of a specimen based on a first staining, by recognizing specific staining information, such as
tumor regions, based on a second staining protocol different from the first staining protocol,
from the image, wherein said training is based on co-registration of a first training image and a
second training image, wherein the first and second training images represent adjacent tissue
sections stained using the first and second staining protocol respectively. In particular, the
model may be trained to obtain the histopathological information by recognizing specific
immunohistochemistry (IHC)-based or immunofluorescence (IF)-based staining information
from the image, wherein said training is based on a hematoxylin and eosin-stained first training
image and a second immunohistochemistry-stained or immunofluorescence-stained training
image. The hematoxylin and eosin-stained first training images may be labelled, preferably
automatically labelled using image analysis algorithms, according to histopathological
information of immunohistochemistry-stained training images. In one embodiment, the method
for training a deep learning model, such as a convolutional neural network, a recurrent neural
network or a general adversarial network, to obtain histopathological information from an
image of a section of a specimen based on hematoxylin and eosin (H&E) staining, by
recognizing specific immunohistochemistry  (IHC)-based staining information or
immunofluorescence (IF), such as tumor regions, from the image, is based on a hematoxylin
and eosin-stained first training image labelled according to histopathological information of an
immunohistochemistry-stained second training image. The trained deep learning model can
then be used for diagnosing and/or classifying cancer from an image of a section of a
specimen based on hematoxylin and eosin (H&E) staining. The diagnosing and/or classifying
process may be implemented as part of any computer program or system, for example as a
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system for diagnosing and/or classifying cancer from an image of a section of a specimen
based on hematoxylin and eosin (H&E) staining, said system comprising a computer-readable
storage device for storing instructions that, when executed by a processor, performs the
presently disclosed method for diagnosing and/or classifying cancer.

[0015] The method may further comprise the step of training a deep learning model based on
the labelling of the second image. Such training may be based on training annotations
associated with the second image, wherein results of the training annotations are compared
against the histopathological information of the second image. The deep learning model is
thereby trained to recognize specific IHC information, e.g. tumor regions, in an H&E protocol.
The deep learning method can be considered to be trained to obtain histopathological
information from an image of a section of a specimen based on hematoxylin and eosin (H&E)
staining, by recognizing specific immunohistochemistry (IHC)-based staining information, such
as tumor regions. In particular, it is useful when the first staining protocol is more specific
and/or more reliable, or provides additional information or more accurate information than the
second staining protocol. In one embodiment of the training, it is assumed that the first staining
protocol provides a true labelling. Specifically, the staining of the first section is
immunohistochemistry (IHC) and the staining of the second section is hematoxylin and eosin
(H&E). Hence, the labelled second images may, in a further step, are used for training a deep
learning model to obtain histopathological information from an image of a section of a
specimen based on hematoxylin and eosin (H&E) staining, by recognizing specific
immunohistochemistry (IHC)-based staining information. The deep learning model may
thereby be trained to recognize expressions, such as tumor regions and/or mitotic cells,
associated with the histopathological information of the first section, in images stained with the
second staining protocol. More specifically, the deep learning model may be trained to
recognize specific immunohistochemistry information in hematoxylin and eosin stained images.

[0016] The labelling and training methods can also be applied both to existing data from e.g.
clinical centers and/or implemented in existing workflows with existing staining and analysis
processes. The actual step of serial adjacent sectioning to obtain the first and second sections
may or may not be part of the sequence, and the same is valid for the step of staining the first
and second sections, using different staining protocols. The step of training a deep learning
can be added as an additional step after the labelling process described in the present
disclosure.

[0017] In one embodiment, the steps of the labelling procedure are repeated for a number of
specimens, thereby generating a database of ground truth annotated datasets, as shown in fig.
6. The database of annotated data sets may then, in a further step, be used for training a deep
learning model to obtain histopathological information from an image of a section of a
specimen based on hematoxylin and eosin (H&E) staining, by recognizing specific
immunohistochemistry (IHC)-based staining information.

[0018] The present disclosure further relates to a deep learning model, such as a
convolutional neural network, a recurrent neural network or a general adversarial network,
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wherein said model is trained to obtain histopathological information from an image of a
section of a specimen based on a first staining, by recognizing specific staining information,
such as tumor regions, based on a second staining protocol different from the first staining
protocol, from the image, wherein said model is trained based on co-registration of a first
training image and a second training image, wherein the first and second training images
represent adjacent tissue sections stained using the first and second staining protocol
respectively. The model may be trained according to the presently disclosed method for
training a deep learning model to obtain histopathological information from images.

[0019] The present disclosure further relates to systems for the described labelling and
training processes. One embodiment of such a system comprises a computer-readable
storage device for storing instructions that, when executed by a processor, performs the
method for labelling of histopathological images and/or the method for training a deep learning
model. The present disclosure further relates to a computer program having instructions which
when executed by a computing device or system causes the computing device or system to
perform the labelling of histopathological images and/or the method for training a deep
learning model.

Adjacent sectioning

[0020] Sectioning of tissue may be performed using any technique and additionally involve any
type of tissue processing. Typically, whole tissues are cut into ultrathin sections that are
staining using staining protocol and staining markers. This is shown in fig. 4 and is one of a
number of sources of variations in images, making an objective labelling challenging.
Specimens are typically sliced at a range of 3 ym-50 ym. In one embodiment of the presently
disclosed method for labelling of histopathological images the first and second seconds are
thinner than 1 mm. The first and second sections may be ultrathin sections, such as thinner
than 100 pm, preferably thinner than 50 ym, more preferably thinner than 10 ym, even more
preferably thinner than 5 um, most preferably thinner than 1 um. The first and second sections
may be referred to as histological slices and the staining of the first and second sections may
accordingly be referred to as histological staining. Fig. 5B shows an example of two adjacent
tissue sections stained using different staining protocols and annotations for the two adjacent
tissue sections. The annotations in this example are lines defining specific regions of the
image.

[0021] "Adjacent sections of the specimen” refers to the section being sufficiently close for the
co-registration step to be meaningful, i.e. that the physical representation of cells etc. is very
similar between the sections. It is preferred that the sections are as close as possible to each
other. In one embodiment the sections may be neighboring and abutting sections of the
specimen, the first and second sections thereby representing a continuous piece of the
specimen. In one embodiment the first and second adjacent sections are obtained at a
distance of less than 50 uym, preferably less than 20 ym, more preferably less than 10 um,
such as between 3 and 6 ym, even more preferably less than 5 ym, most preferably less than
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3 um. Preferably, the first and second sections are obtained by serial adjacent sectioning of the
specimen.

[0022] The specimen may be any suitable specimen containing biological cells. Typically, the
specimen is either a section of a tissue portion or a sample of fluid comprising cells.

[0023] The tissue portion may come from any relevant tissue, and will typically come from
tumor tissue or tissue suspected to contain tumor tissue. It may be any tumor, such as typically
tumor tissue selected from breast tumor tissue, colon tumor tissue, bladder tumor tissue,
kidney tumor tissue, endometrial tumor tissue, lung tumor tissue, melanoma tissue, and
prostate tumor.

[0024] The specimen may also be a sample of fluid containing cells. The fluid may be a body
fluid, such as blood, urine, saliva or cerebrospinal fluid, or the fluid may come from a lavage,
such as bronchoalveolar lavage. The fluid may be examined for any type of cells, such as
cancer cells.

Staining

[0025] Immunohistochemistry (IHC) is an advanced histological staining method that utilizes
antibody-antigen specificity to selectively image specific cell components, e.g. proteins. Usually,
the antibody is tagged with an enzyme that catalyzes specific coloring, making it possible to
capture the signal using a regular bright-field microscope. This method is used in clinical
diagnostics and histology research as more and more IHC markers are developed. For
example, pan cytokeratin (PCK) is an IHC marker used to detect carcinomas in epithelial tissue
creating high contrast between normal and tumor tissue. Some applications use multiple IHC-
markers on the same tissue section to obtain complimentary information from two or more
IHC-signals. This process is called physical double staining, where overlapping
chromogens/signals make precise assessment difficult for image analysis (I1A).

[0026] In one embodiment of the presently disclosed method for labelling of histopathological
images the staining of the first section is immunohistochemistry (IHC).The first section may
have been stained using a first marker, which is an immunohistochemistry marker. The marker
may be selected from the IHC-family, such as HER2 or cytokeratin (PCK), or CD IHC-family,
such as HER2, ER, PR, Ki67, PHH3, CK5, cytokeratines, and CD antigens.

[0027] Hematoxylin and eosin (H&E) staining is the most common stain in histopathology and
have been used at least for a century to create contrast between various tissue components. It
is not as specific as IHC, as it is comprised of two dyes; hematoxylin and eosin. Hematoxylin
colors basophilic cell components dark blue or purple (e.g. DNA, RNA etc.), where eosin colors
acidophilic components red or pink (e.g. positively charged cytoplasmic proteins etc.). It is
considered the gold standard for many diagnostic histopathologic examinations performed on
conventional microscopy.
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[0028] In one embodiment of the presently disclosed method for labelling of histopathological
images the staining of the section is hematoxylin and eosin (H&E) staining. The corresponding
second marker may thus be a hematoxylin and eosin marker.

[0029] Typically the staining is a staining specific for a marker in said specimen, such as a
marker for protein expression, for example a protein expression specific for a specific type of
cells in the specimen. An example is a staining for a marker associated with the cell
membrane. Another example is a staining for the cell nucleus.

[0030] For the purpose of transferring the histopathological information for the first section of
the first image to the second section of the second image to annotate the second image, the
first staining protocol may a more specific and/or more reliable and/or more accurate in some
way than the second staining protocol. The first staining does not necessarily have to contain
additional information compared to the second staining, but typically the first staining has more
clearly recognizable information. The presently disclosed methods for labelling of
histopathological images and for training a deep learning model can be said to make use of the
fact that the information is present also in the second image but a model needs to be trained
by using information from the first image, preferably repeatedly, to be able to interpret the
information of the second image.

[0031] In one embodiment the first staining protocol is assumed to provide a true labelling,
achieved by image analysis, which can be considered to be reliable. The first staining protocol
may specify a single staining or a physical double staining.

Co-registration , virtual double staining

[0032] As described above, the presently disclosed method for labelling of histopathological
images comprises a co-registration step, wherein the first and second sections of the images
are aligned. The co-registration may perform feature-based registration of adjacent tissue
sections using multi-scale point-matching and local deformations via thin-plate splines. More
precisely, the first and second sections of the images are alignedon a cellular level. The co-
registration can be said to ex-press a transfer map or transfer function for transferring the
histopathological information for the first section of the first image to the second section of the
second image.

[0033] The first and second sections of the images are co-registrated usingmulti-scale point-
matching and local deformations.

[0034] The co-registration may involve the step of per-forming a registration process of the two
images there by obtaining a mathematical transformation rule and after-wards using said
transformation rule for each image field identified in one image allowing that the corresponding
image field in the other image may be identified as well. After the corresponding image pairs
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have been obtained, the sections can be assessed, such as by identifying the counting events
for at least one type of object on the image fields within at least one corresponding image pair,
optionally using automatic means.

[0035] The feature-based co-registration process may in particular involve a process, in which
a superimage of at least part of section A and a superimage of at least part of section B is
obtained; The co-registration may comprise a process for obtaining at least one corresponding
image pair from at least two adjacent sections A and B of a specimen. Said method comprises
the steps of: a correspondence between features of the two related superimages is
established; an image field within section A is identified; a corresponding area within section B,
said area comprising an image field within section B corresponding to said image field within
section A, is identified using a mathematical transformation rule; an image of said image field
within section A is acquired and an image of said image field within section B is acquired to
obtain a corresponding image pair. The steps may be repeated to obtain additional image
pairs.

Quality parameters

[0036] The method may also involve the calculation of quality parameters for the staining,
which may be transferred using the co-registration . In one embodiment, at least a first quality
parameter related to the staining of the first section and a second quality parameter related to
the staining of the second section are calculated, and the first and second quality parameters
are correlated.

[0037] The correlation between the first and second quality parameters may be the difference
between the first and second quality parameters, or the ratio between the first and second
quality parameters.

Obtaining histopathological information

[0038] The step of obtaining histopathological information according to the present invention is
to be construed broadly, mean identification and/or indication of a physical structure or mark in
an image. Specifically, the step of obtaining histopathological information for the first section
comprises classifying and/or outlining area(s) in the first image. Alternatively, or in combination,
the step may comprise nuclei marking and/or outlining of cancerous tumor region(s) and/or
outlining mitotic cells. The step of obtaining histopathological information may be achieved by
automatic image analysis involving segmentation, classification, detection, recognition, object-
based analysis etc. The histopathological information for the first section may comprise the
step of labelling and/or annotating the first image - the step of transferring the histopathological
information for the first section of the first image to the second section of the second image
may thereby involve the step of transferring the labelling and/or annotation from the first image
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to the second image.

Training a deep learning model, diagnosinglclassifying cancer

[0039] The present disclosure further relates to a method for training a deep learning model to
obtain histopathological information from an image of a section of a specimen based on
hematoxylin and eosin (H&E) staining. The method makes use of the fact that histopathological
information for diagnosing and/or classifying cancer are present also in hematoxylin and eosin
staining but in practice not easily used due to variances and other challenges in the image
processing. Techniques have been proposed to improve these techniques, for example by
more advanced identification algorithms. In the presently disclosed method for training a deep
learning model to obtain histopathological information from an image of a section of a
specimen based on hematoxylin and eosin (H&E) staining, it is proposed to train the deep
learning model to recognize specific immunohistochemistry (IHC)-based staining information,
such as tumor regions, from the image. In the training, hematoxylin and eosin-stained first
training images are labelled, preferably automatically using image analysis, according to
histopathological information of immunohistochemistry-stained second training images.

[0040] The deep learning method is thereby trained to obtain histopathological information
from an image of a section of a specimen based on hematoxylin and eosin (H&E) staining, by
recognizing specific immunohistochemistry (IHC)-based staining information, such as tumor
regions. If a deep learning model is trained to recognize IHC-expressions (e.g. tumor regions,
mitotic cells etc.) in H&E-stained tissue samples, the developed algorithms of the model can
then be deployed on H&E-stained sections only, without requiring more expensive IHC-stained
sections, but nonetheless benefitting of recognizing the IHC-expressions. The training of the
deep learning model may be an integrated part of the method for labelling of histopathological
images, which may provide histopathological immunohistochemistry (IHC)-based staining
information from the first image(s) to the second image(s), which may be image(s) with
hematoxylin and eosin (H&E) staining.

Examples

Examples of IHC to H&E transfer

[0041] For breast cancer, the first staining protocol may be a pan cytokeratin (PCK) (AE1,
AE3) IHC staining protocol applied to the first section and the second protocol may be a
hematoxylin and eosin (H&E) staining protocol applied to the second section PCK is a marker
of epithelial tissue in malignant carcinoma. Using the presently disclosed methods for labelling
of histopathological images, ground truth label regions with malignant epithelial in the H&E
stained section can be obtained and the deep learning model can be trained on the second
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section only. Hence, when the analysis is developed it may be applied to routine H&E stained
section only.

[0042] For breast cancer, the first staining protocol may be a phosphohistone H3 (PHH3) IHC
staining protocol applied to the first section and the second protocol may be a hematoxylin and
eosin (H&E) staining protocol applied to the second section. PHH3 is a mitotic marker and has
prognostic capabilities when applied to breast cancer tissue. Using the presently disclosed
methods, ground truth label regions with mitotic figures in the H&E stained section can be
obtained and the deep learning model can be trained on the second section only. Hence, when
the analysis is developed it can be applied to routine H&E stained section only.

[0043] For breast cancer, the first staining protocol may be a P63 IHC staining protocol applied
to the first section and the second protocol may be a hematoxylin and eosin (H&E) staining
protocol applied to the second section. P63 is a marker for ductal carcinoma in situ (DCIS).
Using the presently disclosed methods, ground truth label regions with DCIS in the H&E
stained section can be obtained and the deep learning model can be trained on the second
section only. Hence, when the analysis is developed it can be applied to routine H&E stained
section only.

[0044] For lymph node metastases, the first staining protocol may be cytokeratin (CK) IHC
staining protocol applied to the first section and the second protocol may be a hematoxylin and
eosin (H&E) staining protocol applied to the second section. CKs are markers for metastases in
lymph nodes, e.g. PCK, CK7/CK19, CAM5.2 etc. Using the presently disclosed methods,
ground truth label regions with metastases in the H&E stained section can be obtained and the
deep learning model can be trained on the second section only. Hence, when the analysis is
developed it can be applied to routine H&E stained section only.

[0045] For prostate cancer, the first staining protocol may be HMWCK+P63+AMACR IHC
(cocktail) staining protocol applied to the first section and the second protocol may be a
hematoxylin and eosin (H&E) staining protocol applied to the second section.
HMWCK+P63+AMACR are a marker to discriminate between benign and malign prostate
cancer. Using the presently disclosed methods, ground truth label regions with benign and
malignant cancer in the H&E stained section can be obtained and the deep learning model can
be trained on the second section only. Hence, when the analysis is developed it can be applied
to routine H&E stained section only.

[0046] For skin cancer, the first staining protocol may be MART1 IHC staining protocol applied
to the first section and the second protocol may be a hematoxylin and eosin (H&E) staining
protocol applied to the second section. MART1 is a marker for malignant melanoma. Using the
presently disclosed methods, ground truth label regions with malignant cancer in the H&E
stained section can be obtained and the deep learning model can be trained on the second
section only. Hence, when the analysis is developed it can be applied to routine H&E stained
section only.
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Examples of IHC to IHC transfer

[0047] For breast cancer, the first staining protocol may be an pan cytokeratin (PCK) (AE1,
AE3) IHC staining protocol applied to the first section and the second protocol may be a nuclei
IHC biomarker staining protocol applied to the second section, e.g. Ki67, ER, PR, HER2. PCK
is @ marker of epithelial tissue in malignant carcinoma. Using the presently disclosed methods,
truth label regions with malignant epithelial in the nuclei biomarker stained section can be
obtained and the deep learning model can be trained on the second section only. Hence, when
the analysis is developed it can be applied to IHC nuclei stained section only.

Flowchart example

[0048] Fig. 1 shows a flowchart of a process for training deep learning algorithms. The drawing
is exemplary and is intended to illustrate one embodiment of the invention, and is not to be
construed as limiting to the presently disclosed invention.

[0049] The example illustrates a detailed embodiment for obtaining ground truth annotations
from co-registered tissue section with different stains that can be used for supervised training
of a deep learning algorithm. In a first step 1, a tissue sample is acquired. In steps 2-3, serial
tissue sections are sectioned and transferred to microscopic glass slides. In steps 4-5, the
tissue on each glass slide is processed with different staining protocols. In step 4, the first
staining protocol could be a specific biomarker. In step 5, the second staining protocol is
different from the first staining. The common staining methods used in histology are H&E
staining, immunohistochemistry (IHC) and immunofluorescence (IF). For example, in step 4,
the first staining protocol could be one or multiple IHC or IF biomarkers and in step 5, the
second staining protocol could be an H&E staining. In step, 6-7, each section is digitized using
a whole slide scanner, and the digital images are stored in a database. In step 8, the first and
second digital image is co-registered. The registering process of the first and second image
may be performed by obtaining a mathematical transformation rule and afterwards using said
transformation rule to co-register corresponding images such that no or only small spatial
distortions between the first image and the second image. In step 9, image analysis algorithms
or rule sets processes the first image of the first section. The algorithm depends on the type of
the first staining and the objective. The objective of the image analysis may be to detect,
segment or classify any information of the first staining. For example, one objective could be to
segment tissue compartments in the first image based on IHC biomarkers. In step 10, the
image analysis results of the first image are transferred to the co-registered second image.
Thereby, biomarker ground truth information of the first staining in the first image is available at
the corresponding spatial location in the second image. In step 11, deep learning algorithms
can be trained on training annotations from the second image and the corresponding output
value of the image analysis results of the first image. The supervised training of the deep
learning algorithms may be performed by inputting each training example through the deep
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learning algorithm and adjusting the weights via an error back-propagation procedure so that
the output generated from the deep learning algorithm matches the label associated with the
training example. When the deep learning algorithm has been developed, the deployed
analysis will only require an image of a tissue section stained with the same protocol as the
second staining protocol.
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PATENTKRAV

1. Fremgangsmade til overvaget traening af en deep learning-model for at opna histo-

patologisk information fra billeder, hvilken fremgangsmade omfatter falgende trin:
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- tilvejebringelse af et farste billede af en ferste sektion af en preve, sdsom en
vaevsdel, hvor den farste sektion er blevet farvet under anvendelse af en farste
farvningsprotokol (6);

- tilvejebringelse af et andet billede af en anden sektion af praven, hvor den for-
ste og anden sektion er tilstedende sektioner af praven, hvor den anden sektion
er blevet farvet under anvendelse af en anden farvningsprotokol, som er for-
skellig fra den fgrste farvningsprotokol (7);

- samregistrering af den farste og anden sektion af billederne, hvor et overfgr-
selskort eller en overfgrselsfunktion udtrykker en alignment af den ferste sek-
tion af det f@rste billede og den anden sektion af det andet billede (8), hvor den
ferste og anden sektion af billederne er alignet pa celluleert niveau under an-
vendelse af funktionsbaserede samregistreringsteknikker, hvor den farste og
anden sektion af billederne er alignet under anvendelse af multi-skala punkttil-
pashing og lokale deformationer;

- opnaelse af histopatologisk information for den farste sektion af det ferste bil-
lede baseret pa farvningen af den ferste sektion og den farste farvningsproto-
kol, hvor trinnet med at opna histopatologisk information for den ferste sektion
af det ferste billede udfgres i en automatisk proces baseret pa billedbehandling;
- overfgrsel af den histopatologiske information for den farste sektion af det for-
ste billede til den anden sektion af det andet billede baseret pa samregistrerin-
gen af den farste og anden sektion, hvorved det andet billede meerkes i hen-
hold til den histopatologiske information fra det farste billede og overfarselskor-
tet eller overfgrselsfunktionen; og

- treening af en deep learning-model, baseret pa meerkningen af det andet bil-
lede, for at opna histopatologisk information fra billeder farvet med den anden
farvningsprotokol, hvor den overvagede treening af deep learning-modellen om-
fatter et trin med at sammenligne resultater af treeningsannotationer forbundet

med det andet billede med den overfarte histopatologiske information (11).

2. Fremgangsmade ifglge krav 1, hvor deep learning-modellen er treenet til at genken-

de udtryk, sasom tumorregioner og/eller mitotiske celler, som er forbundet med den
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histopatologiske information fra den farste sektion, i billeder farvet med den anden farv-

ningsprotokol.

3. Fremgangsmade ifglge et hvilket som helst af de foregaende krav, hvor deep lear-
ning-modellen er traenet til at genkende specifik immunhistokemi-information i haemato-

xylin- og eosin-farvede billeder.

4. Fremgangsmade ifglge et hvilket som helst af de foregadende krav, hvor den farste
farvningsprotokol er mere specifik og/eller mere palidelig end den anden farvningspro-
tokol.

5. Fremgangsmade ifglge et hvilket som helst af de foregaende krav, hvor den farste
farvningsprotokol giver yderligere eller forskellig information end den anden farvnings-

protokol.

6. Fremgangsmade ifglge et hvilket som helst af de foregadende krav, hvor den farste

farvningsprotokol antages at tilvejebringe en aegte maerkning.

7. Fremgangsmade ifglge et hvilket som helst af de foregaende krav, hvor farvningen
af den ferste sektion er valgt fra gruppen bestaende af immunhistokemi (IHC) og im-
munfluorescens (IF), og farvningen af den anden sektion er heematoxylin og eosin
(H&E).

8. Fremgangsmade ifglge et hvilket som helst af de foregaende krav, hvor de maerkede
andre billeder i et yderligere trin anvendes til treening af deep learning-model for at
opna histopatologisk information fra et billede af en sektion af en pregve baseret pa farv-
ning med haematoxylin og eosin (H&E) ved at genkende specifik immunhistokemi-

(IHC)-baseret farvningsinformation.

9. Fremgangsmade ifglge et hvilket som helst af de foregaende krav, hvor de maerkede
andre billeder i et yderligere trin anvendes til traening af en deep learning-model for at
opna histopatologisk information fra et billede af en sektion udsnit af en preve baseret
pa farvning med haematoxylin og eosin (H&E) ved at genkende specifik immunfluore-

scens-(IF)-baseret farvningsinformation.
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10. Fremgangsmade ifelge et hvilket som helst af de foregaende krav, hvor den ferste
og anden tilstedende sektion opnas med en afstand pa mindre end 50 um, fortrinsvis
mindre end 20 ym, mere foretrukket mindre end 10 pym, sdsom mellem 3 og 6 pm,

endnu mere foretrukket mindre end 5 pum, mest foretrukket mindre end 3 um.

11. System til treening af en deep learning-model, hvilket system omfatter en computer-
laesbar lagerenhed til lagring af instruktioner, der, nar de udferes af en processor, udfe-
rer fremgangsmaden til traening af en deep learning-model for at opna histopatologisk

information fra billeder ifslge et hvilket som helst af kravene 1-10.
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