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AIM: to create a marked data set (histoscans of lymph nodes) for use in the development of medical decision support
systems (based on machine learning) in pathomorphology, which will allow determining the presence of metastatic
lymph node lesions in CRC.

RESULTS: the dataset included 432 files with digital images and markings of 1019 lymph nodes, including
lymph nodes with and without metastases. Based on the marked-up data, a neural network model was trained
to determine the probability of metastatic lesion for each pixel in the area of interest — the lymph node
(Dice 0.863 for the replaced tissue, Dice macro 0.923). In addition, pre- and postprocessing methods were
implemented to represent input data in a form acceptable for machine learning and to represent the AI model’s
response in a form convenient for user perception. Additionally, a neural network model has been developed
that predicts the probability of finding artifacts in digital images of lymph nodes with the possibility of forming
an artifact probability map (Dice macro0.776; Dice for artifacts 0.552; IoU macro 0.725 and IoU for artifacts
0.451).

CONCLUSION: the developed model is a good basis for the implementation of a full-fledged solution, on the
basis of which a system can be developed to assist doctors in finding and evaluating the replacement of tissue
structures and determining metastatic lymph node lesions, detecting artifacts and evaluating the quality of
digital images.
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The accuracy of diagnosis and staging of tu-
mors of various sites determines the prog-
nosis and the choice of treatment approach,
largely ensuring its success. In diagnostic
disciplines such as radiation diagnostics and
pathology (pathomorphology), the diagnosis
of the tumor is based on image analysis by
recognizing certain patterns and interpret-
ing them. One of the main problems in diag-
nostics is the reproducibility of diagnostic
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signs and patterns among specialists, which
in conditions of increasing demands of preci-
sion medicine may exceed the possibilities of
visual assessment by a person. In addition,
the problem of shortage of personnel in diag-
nostic disciplines, especially pathomorphol-
ogy, leads to an increase in the burden on
doctors who have to view and analyze a large
number of images, which may affect the qual-
ity of diagnostics.
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The development of computer technologies in
pathomorphology, the advent of equipment for
scanning histological specimens with obtaining
a digital image of the entire histological sec-
tion /specimen with high resolution — whole
slide images (WSI) technology and the possibil-
ity of its study using computer image analysis
programs significantly expanded the possi-
bility of morphometric studies and determin-
ing prognostic factors for tumors of various
localizations.

The use of computer technologies for the anal-
ysis of digital images of histological sections
(Computational pathology, CPATH) using ma-
chine learning algorithms (ML) and artificial
intelligence (AI) for the analysis of digital im-
ages of histological specimens has revealed
new possibilities of CPATH for diagnostics in
pathology. In recent years, there has been a
transition to more advanced AI models with
the solution of more complex diagnostic tasks
[1-4]. An example of the transition from the
analysis of limited areas to the study of the
entire digital image of the specimen for the
purpose of diagnosis can be the CAMELYON
16 and CAMELYON 17 studies, in which the
task of detecting breast cancer metastases in
lymph nodes using CPATH programs was solved.
The main purpose of the study was to repro-
duce routine diagnostics for the detection of
macro- and micrometastases in lymph nodes
by means of developed computer algorithms.
According to the results of the study, the best
tested algorithms worked comparably with the
best pathologists in determining macrometas-
tases, while when detecting micrometastases,
the most effective algorithms demonstrated
the best average AUC (0.885 [95% CI 0.812-
0.997]) compared with the AUC of the best
pathologists (0.808 [95% CI, 0.704-0.908]).
CAMELYON16 was one of the first studies to
demonstrate that the interpretation of digi-
tal images by deep learning algorithms can
be performed with an accuracy that can rival
human capabilities [6, 7]. The clinical focus of
CAMELYON16 was a powerfulincentive that pro-
motes the development of AI in this direction.
It should be noted that morphological ex-
amination of lymph nodes in the removed
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specimen for tumors of any site is a time-
consuming process, including the detection of
lymph nodes in the specimen and their further
evaluation after histological processing. At
the same time, it is the number of lymph nodes
examined that reflects the quality of the mor-
phological examination of the removed speci-
men and allows for the most accurate staging
of the tumor, determining the pN category [8,
9]. Thus, the pathologist is faced with the task
of examining a large number of lymph nodes
by light microscopy from each patient in order
to detect metastases. Automation of repeti-
tive and time-consuming tasks in the context
of clinical practice can have a great impact
on optimizing the workload of pathologists,
which in conditions of shortage of personnel
will ensure the necessary quality of histologi-
cal studies.

Colorectal cancer (CRC) is one of the most com-
mon oncological diseases in the world, ranking
second in terms of morbidity and mortality in
Russia [10]. Improving the results of treat-
ment and reducing mortality from colorec-
tal cancer is a socially significant task, one
of the tools for solving which is to increase
the accuracy of postoperative staging of CRC
by optimizing and improving the quality of
pathomorphological examination of the surgi-
cal specimen. The stage of CRC based on the
results of a pathomorphological study is cur-
rently the main prognostic factor determin-
ing further treatment tactics and prognosis.
In the current Clinical Guidelines (2020), ad-
juvant chemotherapy is recommended for all
patients with colorectal cancer at the stage
of pT1-4N1-2M0O. The status of lymph nodes,
namely their metastatic lesion, is the main in-
dicator determining the appointment of adju-
vant chemotherapy [11, 12].

In this regard, the clinical objective of the
study was to improve the quality of pathomor-
phological examination of lymph nodes and,
consequently, the staging of colon cancer by
creating a promising information product that
automatically recognizes metastatically af-
fected lymph nodes on digital images of lymph
nodes (histoscans) using artificial intelligence
(AI).
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MATERIALS AND METHODS

The study was carried out using digital images of
lymph nodes obtained using an Aperio T2 Leica
scanning microscope (at x20 magnification) us-
ing WSI technology in SVS format with manual
marking of normal lymphoid tissue, metasta-
ses and artifacts (using the software package
for digital image analysis Aperio Imagescope
V12.4.0, Aperio Tehnologies). To create the da-
tabase, archival material of the Pathological
Anatomy Unit of the RNMRC of Coloproctology
of the Health Ministry of Russia was used.

The study used images larger than 5,000 pixels
on each side, stored in RGB8 format. The initial
resolution was on average at the level of 0.5 mi-
crons/pc. In total, 432 files were used for the
work, which represents about 148 GB of data
containing digital images of 1,000 lymph nodes.
The markup of the files was text data in XML
format.

When manually marking up (annotation) on the
digital image of lymph nodes, zones of three
main classes required for solving the task were
identified: “Healthy tissue”, “Substituted tis-
sue” and “Artifacts”.

An example of a markup image and description
management is shown in Figure 1. Since the dis-
tribution of the area and number of artifacts
and replacement tissue differed significantly, it
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Figure 1. Example of histoscan and annotation table display in Aperio Image Scope

was concluded that it was necessary to create a
separate artifact detection system to eliminate
the imbalance in machine learning.

The data in the SVS format are high-resolution
image files. This kind of data contains a lot of
useful information, which makes it impossible
to compress the image to feed to the model,
whereas in the training of deep neural net-
works, a strong limitation is the amount of vid-
eo memory on the graphics adapter. One of the
simplest and, at the same time, effective ways
to solve this problem is to divide a large-sized
digital image on a grid into cells (crops), which
allows to process an image in high resolution,
while occupying an adequate amount of video
memory for machine learning. The separation
of the image into crops is implemented on the
basis of a reqular grid with a specific cell size
(a 1024 x 1024-pixel cell is taken as a basis) at a
specific resolution (a resolution of 2 microns /
pixel is taken as a basis).

A schematic representation of this process is
shown in Figure 2.

In the course of machine learning, data augmen-
tation was carried out — a method of changing
data within acceptable limits to create greater
variability, which is usually used to reduce the
chance of retraining the model, as well as to
increase the stability of the model to various
kinds of perturbations.
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During the training of the model, the following

augmentations were used:

Conversion to gray image (chance = 30%)

Vertical reflection (chance = 50%)

Horizontal reflection (chance = 50%)

Random 90-degree rotation (chance = 50%)

One of (chance = 40%)

Gaussian noise (chance = 50%)

Multiplicative noise on each

(chance = 30%)

Image compression within

(chance = 50%)

One of (chance = 20%)

Offset blur (chance = 20%)

Median blur (chance = 20%)

Gaussian blur (chance = 20%)

Random blur (chance = 20%)

Random normalization/brightness

(chance = 30%)

e Random change of image components in HSV
space (chance = 30%)

® Random change of scale (10%), offset (10%),
rotation (45 degrees) with black/white back-
ground (chance = 50%).

These augmentations allow to change the im-

age during training to reduce the likelihood

of retraining and create artificial diversity of

data.

channel

90% quality

change

The DeeplabV3 architecture was used as the ba-
sis for training the tissue segmentation model
(https://arxiv.org/abs/1706.05587).

To search for artifacts, the Unet architec-
ture was taken as a basis (https://arxiv.org/
abs/1505.04597).

The models were trained using the following pa-
rameters and algorithms:

Adam Optimizer

Initial learning rate (LR) = le-4

LR Manager Reduce On Plateau

Number of waiting periods = 10

Reduction factor LR =0.5

Minimum LR = 1e-7

Number of periods = 200

Batch size — depending on the image size
and available video memory from 8 to 40.

A video card with 16GB of memory (Tesla T4)
allows to download a package of images with
a resolution of 1024 x 1024. The samples for
training and validation were formed as a set of
image-mask pairs in the “PNG” format. Images
and masks represent areas that have been cut
from a specific position of the image (Fig. 3).

Results of Model Training
As the main indicator for evaluating the results
of training models, the DICE indicator (Sorensen
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half
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Figure 2. Diagram of the method of separation («slicing») of the image
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Measure) was used, reflecting the quality of
overlap of the predicted mask over the truth.
This metric in the context of the segmentation
problem is the ratio of the doubled intersection
of the true markup and the predicted one to the
sum of their areas. With an ideal overlay of the
predicted mask on the markup, DICE is equal to
one; with a complete discrepancy between the
prediction and the mask, DICE is equal to 0. An
alternative (more formal) way to determine this
measure can be a formula where True Positive
means the number of pixels with a prediction
that matches the markup, False Positive — pix-
els where the mask was predicted, but there was
no markup, and False Negative — pixels where
there was markup, but the model did not predict
the presence of a mask.
(https://en.wikipedia.org/wiki/
S%C3%B8rensen%E2%80%93Dice_coefficient)
The tables with metrics indicate macro-metrics
that are calculated through the calculation of
the measure for each of the classes, after which
their unweighted average is taken, as well as the
metric for the target class separately.

RESULTS

As a result of training the model on the latest
data, the final metrics of tissue segmentation
had the following indicators:

Figure 3. Example of a crop-mask pair
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Indicator Value
Dice macro 0.923
Dice for substituted tissue 0.863

From the point of view of visual evaluation of
the work, the developed model showed very
meaningful results. In some cases, there is a
preference for specificity, in other words, in
a number of images there was a selection of a
larger zone than noted in the markup (Fig. 4).
In general, the accuracy of tissue segmentation
using the developed model made it possible
to make a fairly accurate assessment of lymph
node lesions. The algorithm for determining
lymph nodes and classifying the type of tis-
sue (healthy/substituted) works on the basis of
highlighting large areas (areas of interest) with
contours and marking them with descriptive
rectangles with further estimation of the per-
centage of replaced tissue relative to the entire
found lymphoid tissue in this zone (Fig. 5).

The accuracy of digital image analysis largely de-
pends on its quality, which in turnis determined
by the quality of the original histological speci-
men. If, when a pathologist views a histologi-
cal specimen or histoscan, any artifact (a defect
of a histological specimen or its digital image
that occurred during histological processing
of a tissue sample or during scanning) can be
easily identified and taken into account when
evaluating it, then the presence of an artifact in
the computer analysis of digital images can lead
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to anincorrect assessment and a significant de-
crease in the accuracy of the analysis (Fig. 6).
Therefore, in parallel with machine learning
for detecting metastases in lymph nodes, an
algorithm for recognizing artifacts in areas of
interest (lymph node tissue) was created. The
prediction of artifacts occurred according to a
similar logic with tissue segmentation — the
model should predict the probability of finding
artifacts in places on the image so that a prob-
ability map of artifacts can be formed based on
the result of predictions.

When solving this problem, the Intersection
over Union (IoU) metric was added. It is a sim-
ple ratio of the intersection of the predicted
and marked area to their union. In many ways, it
is similar to the previously described DICE, but
it is more penalized for individual poorly pre-
dicted examples, which is important to take into
account in the context of the task of determin-
ing artifacts.
https://en.wikipedia.org/wiki/Jaccard_index
As well as for DICE, below are the values of macro
metrics and metrics for the target class, which
were obtained as a result of training the artifact
segmentation model:

Indicator Value
Dice macro 0.776
Dice for artifacts 0.552
ToU macro 0.725
ToU for artifacts 0.451

In the work of the artifact segmentation model,
there was a tendency to predict small artifact

zones well (Fig. 7), but there were shortcomings
in the ability of the model to predict large arti-
facts (Fig. 8).

DISCUSSION

The process of developing a model of comput-
er analysis of digital images in pathology has
identified a number of problems that are associ-
ated with solving the task. First of all, it is the
creation of a database with a large number of
full-size digital images (WSI), which is neces-
sary in the development of CPATH algorithms.
This task can be performed in pathology labora-
tories equipped with modern high-performance
scanners and possessing a sufficient amount
of initial histological material. The volume of
studies of lymph nodes in CRC, conducted in
the Pathomorphology Unit of the RNMRC of
Coloproctology, allowed to create a significant
database in terms of volume to obtain the de-
sired results.

The collection of WSI annotations was created
by manually marking the studied areas of the
image (highlighting different types of tissue
or the location of certain types of cells), which
was a very time-consuming process requir-
ing appropriate knowledge and qualifications
from the pathologist. However, for the machine
learning (ML) process in order to create effec-
tive analysis algorithms, a large number of WSI
with manual annotation is a prerequisite for
the CPATH model to learn how to perform the

F1gure 4. An example of using the method for determining normal lymph nodes and lymph nodes metastases/replaced tissue (on
the left is a markup, on the right is a heat map of prediction probabilities)
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Figure 5. An example of the specificity of the model (on the left — the markup, on the right — the heat map of prediction prob-
abilities)

Figure 6. Examples of detectable artifacts in histoscans
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task. This dictates the need to develop methods
that facilitate the effective creation of these
annotations.

In the conducted study, a database with manual
markup (annotation) of about 432 files contain-
ing WSI 1,000 lymph nodes was created, which
made it possible to train an AI model to solve
the problem of segmentation of both tissue
type and identification of zones of possible ar-
tifacts in a digital image.

The tissue type segmentation model developed
using the Deeplab V3 algorithm was selected
based on experiments based on variation in res-
olution, model type and image size. According
to the presented indicators, the tissue type seg-
mentation model has a high accuracy in deter-
mining substitutions in lymph node tissue with
a DICE value of about 0.9: macro DICE — 0.923
and substitution DICE — 0.863.

Visual assessment also confirms that the mod-
el makes adequate decisions regarding the
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Figure 7. A good prediction of small artifacts
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determination of substitutions/metastases in
lymph nodes.

The artifact segmentation model showed sig-
nificantly lower accuracy (DICE and IoU metrics
were 0.776 and 0.725, respectively, for macro;
0.552 and 0.451, respectively, for substitution),
which is explained by the complexity of solving
the problem due to the obviously more diverse
size distribution of target objects and variabil-
ity of artifact representations. The test results
showed that the model is good at detecting
small artifacts in digital images of lymph nodes,
but at the same time confuses larger objects,
especially ruptures, with background zones and
light inclusions in lymphoid tissue. The con-
ducted research has shown that the solution
of the problem of artifact recognition is an ur-
gent problem, since it allows to avoid errors in
diagnosis and, at the same time, to control the
quality of digital images, which is a necessary
procedure in digital pathology.

True Annotations
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It should be noted that in the course of the
study, a special pre-processing of digital images
was developed to implement the training of the
model, which allows processing huge WSI with-
out large expenditures of both RAM and video
memory.

Testing of the created model was carried out on
a group of selected WSI (test sample) from the
database we created. To create the final prod-
uct, it is necessary to test the resulting model
on digital images from other sources, since pre-
vious studies have shown that CPATH algorithms
work optimally with data from the sources on
which they were trained, but work worse (some-
times significantly) with data from other da-
tasets [4]. This will make CPATH algorithms as
reliable as possible in response to variations
that may occur in real practice. An additional
approach to the operation of CPATH algorithms
with differences between digital images from
different data sources is the normalization of
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images according to a common standard, which,
in turn, is one of the main problems in digital
pathology.

Nevertheless, the results of the research con-
ducted with the development of CPATH algo-
rithms, which have shown an efficiency compa-
rable to the work of pathologists in performing
a number of specific diagnostic tasks, as well
as the results of our research can be considered
promising. Currently, many technical problems
in the development and application of AI in
pathology have already been overcome, but its
role in practical work has not yet been clearly
defined [3, 4, 7]. When discussing the role of
AI in pathology, it is important to understand
that the work of a pathologist is not only to ex-
amine tissue fragments under a microscope. It
includes the integration of the diagnostic pro-
cess, clinical data and the specific circumstanc-
es of the patient, followed by the formulation of
its conclusion on the results of morphological
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Figure 8. An example of an error in a large rupture of a lymph node slice
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examination for both clinicians and the patient.
Therefore, AI algorithms are unlikely to be con-
sidered as an independent diagnostic toolin the
near future. What can be achieved in the near
future is the creation of Al algorithms that work
together with pathologists, helping to reduce
the amount of time-consuming monotonous,
but necessary work, in particular, such as the
detection of metastases in lymph nodes. The
obtained results of our study allow us to speak
with some confidence about the possibility of
using AI to solve such diagnostic problems in
pathology.

CONCLUSION

The results obtained in the study suggest that
the developed model is a good basis for the
implementation of a full-fledged solution, on
the basis of which a system can be developed
to assist doctors in finding and evaluating the
replacement of tissue structures, detecting
artifacts and evaluating the quality of digital
images. In addition to the task of collecting
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