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Abstract. This paper addresses the problem of the diagnosis of prostate cancer
and providing the final score in the commonly used ISUP scale. The input data
consisted of 10 616 whole-slide histological images with the size of the largest
dimension up to 100 000 pixels and 22 089 of their image tiles of 256x256 pixels in
size. Several approaches were examined including conventional methods based on
feature extraction followed by suitable classifiers as well as various deep learning
techniques based on convolutional neural networks of different architectures. During
the experiments, two deep learning approaches have been shown to be the most
efficient. The first one implements a techniyue of seyuential, tile-by-tile image
classification using ResNet50 as a feature extractor followed by a prediction of final
ISUP score based on the informative features using a small convolutional network. The
second approach predicts the final ISUP scure using an ensemble of 4 deep learning
models for regression from a subset of the most prominent image tiles first, combined
into one single pseudo-image. Being independently tested on an unknown image
dataset that was not available for authors, these approaches achieved the prediction
accuracy of 0.8110 and 0.9277 respectively.

Keywords: prostate cancer, whole slide histology, deep learning, convolutional
neural networks

I. INTRODUCTION

Prostate cancer is one of the most common types of cancer among men. More than
1 million cases are diagnosed every year and more than 350 thousand people die due
to this disease [1]. Early detection and correct identification of the tumor
aggressiveness is a crucial step in reducing the prostate cancer mortality rate. To define
prostate cancer stages and whether it is likely to grow rapidly, the Gleason grading
system [2] was introduced. A Gleason score is assigned based upon a high-resolution
histological image of a tissue sample obtained as a result of biopsy scanning. The
existing versions of the grading system may slightly differ, however, the most common
one includes the following integer values: 0, 3, 4 and 5. Score 0 corresponds to healthy
tissue, score 3 is assigned to a biopsy site with minimal malignancy and with a positive
prognosis of survival under appropriate treatment, score 5 denotes a maximum of
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cancer aggressiveness with the worst prognosis. Accordingly, score 4 is an
intermediate stage between scores 3 and 5. Considering that an image of a tissue sample
can be very heterogeneous and cancerous regions might have different Gleason scores,
modern medicine prefers to use a two-level grading system. The first level corresponds
to a tissue site, which area is the largest one on the studied tissue sample, and the second
level corresponds to the one with the second largest area. The assessed level numbers
are written through the “+” sign. For example, the tissue sample is coded “3+5”" when
its biggest area represents the initial stage of the disease and its next largest section
represents the most aggressive stage. The sample is coded “5+5” when its last stage is
completely dominant. Subsequently, an aggregated score is calculated either as a sum
of the indicated numbers, or, more often, as an indicator defined in the form of a lookup
table:0+0=0,3+3=1,3+4=2,4+3=3,3+5=4,4+5=5and5+5=5.The
integrated scale is called the ISUP scale (ISUP Score, [2]). The “nonlinearity” of the
ISUP scale reflects a much greater danger of high scores, especially of the maximum
Gleason value 5. This can be explained by the fact that even if a small amount of highly
aggressive tissue is found, there is a very high probability of rapid development of the
disease.

The discussed problem can be viewed as a machine learning problem, where a
certain value from the ISUP scale range (0-5) should be predicted using an image of
tissue as an input. Since ISUP is a scale of cancer aggressiveness and all possible scores
are ordered, it is important not only to predict the correct answer as some abstract class
number but also to have the answer as close to the true score as possible. In the first
case, i.e. without taking into account the presence of the order relation of the class
values, we face a classification problem. In the second case, the problem should be
considered a regression.

It should also be noted that the diagnosis of prostate cancer is a rather difficult
task even for experienced pathologists [1, 3]. As a result, there may be a significant
discrepancy between the conclusions of several experts on the same patient. The
complexity of the diagnosis depends on many factors, which include large
heterogeneity of the tissue sample, the high variability of the morphological structure
and the spatial-color patterns within only one Gleason score, significant differences in
the histological patterns of different patients, the presence of artifacts in the
preparation, staining and scanning of tissue samples and some other factors [4, 5].

Il. LITERATURE ANALYSIS

During the last decade, deep learning has significantly improved performance
on a variety of tasks, including diagnosis and assessment of the degree of prostate
cancer. Thus, in works [5, 6], deep learning methods have shown good results in
solving problems of binary classification of prostate tissue (cancer versus normal, early
stage of cancer versus late-stage). Nevertheless, using software for cancer grading nor
as an independent predictor (see [5, 7], Kappa 0.62 and 0.70, respectively), neither as
an additional step in histopathologists’ decision-making process ([8], Kappa 0.733) led
to a satisfactory quality of assessment Gleason scores. The number of studied WSIs
was significantly smaller in all the mentioned works compared to this study.
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1. OBJECT, SUBJECT, AND METHODS OF RESEARCH

The object of this research was an application of deep learning methods in medical
Imaging, and the subject was a development of computational tools, algorithms and
models for prostate cancer diagnosis by labeling images with ISUP grade. This work
was aimed to study and develop tools for automatic analysis and classification of
whole-slide histological images (WSI) experimentally, as well as to obtain generally
accepted quantitative ISUP grades of the prostate cancer aggressiveness degree to be
potentially used as an additional opinion by pathologists. The research was done as a
part of an international competition for the diagnosis of prostate cancer PANDA [6],
which more than a thousand teams from different countries have taken part in.
According to the results of independent testing on a set of images that were inaccessible
to the authors, this work ranked No. 18 out of 1010 [9].

WSI images can reach significant sizes, up to 100,000 pixels in each dimension
with a memory capacity of up to 10 gigabytes (without compression). Such sizes make
it difficult to use traditional methods, and existing deep learning methods are not suited
for this purpose either. Also, parallel computation algorithms on graphics accelerators
(GPUs) for deep learning do not allow placing the required number of images in
graphics memory simultaneously. Therefore, it was necessary to perform a certain
preprocessing to solve this problem. The common approaches are to reduce the size of
the initial problem, which might lead to a loss of certain information in the process,
and to divide it into several smaller subtasks that can be solved separately by existing
methods. We followed both of these approaches to prepare the initial data made of
prostate WSI and obtained several datasets, which were used in further method
development. Details about input data and different techniques we used to prepare it
for analysis are listed in section 3.1. For datasets we mainly used separation of images
Into separate square regions. Those regions were of small dimensions, therefore could
be used for various algorithms applications without the risk of heavy memory
consumption. For clarity we call these square regions of WSI images are called tiles in
subsequent description of developed methods.

We developed two methods for the analysis of prostate WSI. The first one was
based on the obtaining feature vectors for each tile of an image and then combining
these vectors into single pseudo-image to be used for further prediction of ISUP score.
This method Is described in details in section 3.2. The second method works with
canvases of tiles as a more compact representation of the whole WSI which can be used
for training of deep learning models. Section 3.3 provide further explanation of this
method.

3.1. Input Data

The original image dataset. The original dataset of histological images (acronym
DS _RAW, see Table 1) consisted of 10 616 WSIs (see example in Fig. 1a) with the
corresponding ISUP and Gleason scores. Images were provided by the Radboud
University of Nijmegen, the Netherlands (source A, magnification x20, pixel spacing
0.24 um, the second level with a pixel spacing of 0.48 um was provided, see example
in Fig.1b) and Karolinska Institute, Sweden (source B, magnification x20, pixel size
0.48 um, Fig. 1c¢). Each WSI had a mask that indicated tumor areas and their Gleason
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scores. We excluded 671 WSIs from the dataset since some artifacts were present or
the mask and the scores did not match each other [8]. The cleanup resulted in the
DS _CLEAN dataset. A test dataset included two private datasets of WSI. The first one
had 420 samples in it and the second one consisted of 580 WSI that were inaccessible
to anyone but organizers of the competition. Therefore, blind testing and assessment
of developed methods were provided.

Inaccuracies in image labeling. In the process of labeling the input data, several
labeling errors were made, due to which up to 30% of all WSIs had incorrect ISUP and
Gleason grades [10].

a)

Fig. 1. Examples of original images:
a—WSI image (18 176 x 4 096 pixel size), b — tile from source A,
¢ — tile from source B

The main dataset of images (Table 1, acronym DS_MAIN). This dataset was used
to train neural networks that determined a Gleason score of a single tile (see next
section). To avoid errors in the Gleason score assignment due to the presence of two
of Gleason score values for each WSI at the same time, we selected tiles only from
WSIs, that had two equal grades, such as 3 + 3,4 + 4,5 + 5, as well as from the WSI
containing healthy tissues, marked, accordingly, as 0 + 0. This approach revealed a
lack of tiles from source B with a 5th Gleason score. To balance the dataset, we added
Gleason 4 + 5 and 5 + 4 scored WSI tiles to 5th class. Consequently, the accuracy of
separating the 4th and 5th classes decreased, but the value of the evaluation metric of
the Kappa classes increased overall. Kappa can be defined as:

qo = Xi Xj VijDij»
de = Xi Xj Vijbi Pj
where p; is a fraction of sample objects that the neural network categorized with the
ISUP value of i, p; is a fraction of objects of class j, p;; is a fraction of objects belonging
to category j that the neural network predicted as objects from category i, v;; = (i — 2.
We extracted all tiles from the WSI layer with magnification 4 times less than the
maximum and with a size of 256x256 pixels. Information on the number of images in
the datasets is presented in Tab. 1.

Ky =1—
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Table 1. Datasets description

Number | Number Balance of ISUP scores, % Balance of (ileason

Acronym of WSIs | oftiles scores, %
0 1 2 3 4 5 0 3 4 5
DS RAW 10616 - 27 | 25|13 |12 | 12 | 11 | 18 | 51 | 45 | 13
DS CLEAN 9945 - 27 | 25| 13 | 12 12 11 | 18 | 51 | 45 | 13
DS MAIN 5067 22089 51 | 32 | - - 15 2 |43 ] 25|19 | 13

Some tiles, as well as whole WSIs, can have areas with different Gleason scores,
I.e. even 256x256 pixel images can simultaneously contain elements representing
different classes.

As shown in Table 1, each WSI from DS_MAIN on average is represented by 4
tiles, which were not always contiguous. Overall, the width of the tissue sample
obtained via needle biopsy of the prostate corresponds to only 1-3 tiles. Thus,
extraction of overlapping tiles would not significantly increase the amount of data.
Setting a lower threshold on the percentage of tissue that should be present on a tile
might introduce additional inaccuracies due to the inevitable increase of the
background on the tiles. The lack of overlapping tiles is partially compensated by their
augmentation, which includes rotations and reflections in the process of training neural
networks.

3.2. Sequential approach

The sequential approach to WSI analysis was based on the original WSI image
being analyzed and classified tile by tile. Upon completion of the process, the obtained
partial recognition results were generalized, so that a corresponding ISUP class could
be assigned to the entire WSI image.

Firstly, we used ResNet50, MobileNetV2, VGG16 as baseline models for the tile
classification problem. For training a model, we chose an RMSprop optimizer for all
three networks as well as several data augmentation techniques such as reflection and
rotation. Figure 1 shows a great example of difference among images from sources A
and B, so to address this issue we applied colour normalization to all tiles using the
Masenko method with masking [11]. Examples of normalized tiles from data sources
A and B are shown in Fig. 2. The best results were achieved using the ResNet50 model,
therefore, we used this architecture for all the subsequent experiments. The
corresponding results are provided in Tab. 2.

Table 2. Results of preliminary experiments on tile classification

Network architecture, additional features Accuracy Weighted .
Kappa Metric
ResNet50 0.87 0.87
MobileNetV?2 0.82 0.81
VGG16 0.68 0.71
ResNet50 (with MaxPooling) 0.84 0.83
ResNet50 (with a filter for misclassified tiles) 0.86 0.83
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ons (right).
In both cases, the top 8 tiles come from source A and the bottormn 8 from source B.

The attempt to train a network with kappa loss as a loss function did not allow us
to obtain an accuracy higher than 0.59 due to high levels of noise in kappa loss. Due to
the same reason and vast amounts of data combination of categorical cross-entropy and
kappa losses did not show higher metric values than plain categorical cross-entropy.
Because the trained model was not explicitly used for prediction but served as a feature
extractor, we trained a model based on ResNet50 with a global pooling layer as
penultimate to obtain one feature vector per tile. We tried both average and maximum
poolings, however, average pooling showed better resuits in tile classification, as well
as representations from this pooling, served better for ISUP score prediction than ones
from maximum pooling.

Upon a detailed study of the test results, we discovered that there was a fairly
large percentage of tiles among the test tiles obtained from source B, that were
originally marked as cancerous, but were misclassified by the model as normal ones.
The reasoning behind this could be the fact that only an approximate area of the tumour
was provided by pathologists for images from source B, while the exact location of
cancer cells was not known. Consequently, some of the selected from such areas tiles
might not contain tissue samples with cancer. To minimize the effect of such labeling
errors we used the data clearing technique. The essential part of this technique was
predicting validation set with a trained neural network and then excluding tiles which
were predicted as normal with high confidence when they were labeled as cancerous.
This approach significantly increased recall for 0 Gleason score, but the value of this
metric decreased for the rest of Gleason score classes.

After obtaining feature extractor for tiles, we used it to calculate feature vectors
of size 2048 for each tile in WSI and fed them into the second generalizing neural
network. The input for this generalizing CNN was a pseudo image which was created
from tile feature vectors. In other words, each WSI corresponded to a pseudo-image of
size WTxHTx2048, where WT and HT are the number of tiles in the width and height
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of the WSI, respectively. The ultimate goal of CNN was to predict the ISUP score for
WSI using tile features.

This approach was motivated by the fact that ISUP score is determined by the
ratio of areas on the WSI with different Gleason scores in medical practice and the fact
that spatial information must be essential for determining relationships among tiles

Since the spatial resolution of the resulting pseudo-images was too low, it was not
possible to use all advantages and generalizing capabilities of such well-known neural
networks as VGG16, ResNet, EfficientNet and others. Therefore, we propose a small
network for this purpose, an architecture of which is described in detail in Table 3.
ReLU function and batch normalization were used between all convolutional layers.

Table 3. Convolutional network used to predict ISUP metrics

Number of input Number of output
Layer
channels channels
Conv layer 3x3x2 + MaxPool 2048 1024
Conv layer 3x3x2 + MaxPool 1024 512
Conv layer 3x3x2 + MaxPool 012 256
Conv layer 3x3x2 + MaxPool 256 128
Dense layer 128 32
Dense layer 32 16
Dense layer 16 6

We performed several experiments on training the model with different loss
functions, including categorical cross-entropy, kappa function as well as their
combination. Due to the fact that categorical cross-entropy does not take into account
the order in the distribution of classes, we did not achieve high metrics value on the
test dataset. On the other hand, the Kappa function is rather noisy as a loss function,
meaning the model might struggle to train properly. Therefore, it was decided to use a
combined function, which is the sum of categorical cross-entropy and kappa function.
In the process of training, the entropy quickly reaches its optimal value, after which the
neural network optimizes mainly Kappa function. This fact allowed us to achieve the
best accuracy for this method.

3.3. Canvas approach
Another way to preprocess WSI into data which can be used for CNN training
and analysis was a conversion of a WSI to a canvas (mosaic) of tiles. Here a tile is
defined as a small region of the image that contains a section of the tissue. The
preprocessing includes the following three steps:
1. divide the WSI image into non-overlapping tiles so that each pixel of the image
belongs to one tile only,
2. choose a predetermined number of some "representative” tiles among the
obtained ones,
3. place representative tiles in a rectangle/square shaped collage and save it as a
single image.
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In order to form a canvas tiles containing the largest proportion (area) of prostate
tissue were chosen as representative tiles. Examples of such tiles are shown in Fig. 3a,
ones with a small area of a tissue are shown in Fig. 3d. The efficiency of this method
can be explained by the specifics of the analyzed data: original WSI images had only
a thin strip of prostate tissue, while most of the image was occupied by the background.
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Figure 3 Examples of tile canvases

a — tile with large area of tissue, b — tiles with small area of tissue
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u &h &i

As a result of the described preprocessing method, each WSI image was
associated with a much smaller image, which, nevertheless, had a sufficiently better
representation of the diversity of tissue sites. The conversion from pairs "WSI - ISUP
score™ to pairs "canvas-tiles - ISUP score” allowed us to use existing deep learning
methods for processing newly created canvases of tiles. Considering the presence of
some ordering of the ISUP scale values, we addressed the problem of diagnosing
prostate cancer as an ordinal regression, i.e. a label of each image was mapped into a
vector of five numbers, so that M label was coded by setting the first M elements to 1
In the resulting vector, and the rest of the elements were equated to 0. For example, the
value 0 was represented as [0, 0, 0, 0, 0] and the value 3 is like [1, 1, 1, O, O].

The resulting score was then predicted using deep learning techniques. We chose
EfficientNet-BO classifier due to its high efficiency, small number of parameters and
relatively short training time. Since the problem was considered as an ordinal
regression one, the proposed neural network model had 5 output values with sigmoid
activation on last layer. Then obtained values were summed and rounded to obtain the
final ISUP score. For example, a vector of predictions [0.9, 0.7, 0.8, 0.1, 0.2]
corresponded to the value 3 of the ISUP scale. On the basis of the above, the binary
cross-entropy was chosen as the loss function.
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As indicated in table 4, changing the dimensions of the canvas image did not
significantly affect the quality of the final results. In addition, we also tried to consider
the problem as a classification problem, however, the results were significantly lower
in this case.

Table 4. The results of the prediction of the ISUP scored by the image-canvas

Input dataset Tile canvas size Weighted Kappa Metric
1 DS CLEAN 4x4 0.884
2 DS CLEAN 5x5 0.892
3 DS CLEAN 6x6 0.881
4 DS RAW 5x5 0.883
5 DS RAW 6x6 0.883

To further improve out solution we used several techniques which are listed
below.

(a) Building an ensemble of models. A certain subset of trained neural networks
was selected. Each model from the subset predicted ISUP score of each test image, so
that the final answer was a mean of their predictions. It should be mentioned that there
are more complex methods for building an ensemble of models, for example, using a
weighted average, model stacking, etc. However, we found the chosen method to be
efficient enough for the studied problem.

(b) Shifted tile slicing. In addition to slicing tiles from the upper left corner of the
WSI, slicing was also done by shifting a start point by 64/128/192 pixels down and to
the left. After each shift, we used a new canvas image to perform prediction. This
resulted in 4 different predictions that were avagered to get a final score. Described
approach allows to find various image texture features might be missed due to a single
fixed cut.

(c) Augmentation of a test dataset. Recently, it has become a very widespread
method of stabilizing predictions. The idea is to transform images and predict scores
both for the initial test dataset and the transformed one with subsequent averaging of
the results. The purpose of this method is to reduce the likelihood of overfitting by
capturing any visual image features that are not important.

As a final solution we build an ensemble of models listed as 1, 3, 4 and 5 in Table
4. The second model did not improve the results obtained by an ensemble, therefore, it
was not used for the final ensemble. Augmentation was performed in a manner similar
to one described earlier by reflecting and rotating images.

IV. RESULTS

The developed method with sequential classification of WSI tiles for further use
of extracted features for ISUP prediction achieved kappa-metric of 0.807 on the
available test sample and 0.811 on the closed to public test sample. Another method
with straightforward prediction of ISUP score based on tile canvases as input for
ensemble of 4 convolutional neural networks achieved 0.8863 on a public test dataset
and 0.9277 on a private test dataset. In addition to this ensemble of two neural networks
(Table 4, networks 1 and 3) achieved similar figures for kappa metric of 0.8836 and
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0.9297 on public and private test datasets respectively. For better comparison they are
listed in the Table 5.

Table 5. Results of predicting ISUP score for WSI from public and private test

sets.
Quadratic kappa metric Public test set Private test set
Sequential approach 0.807 0.811
Canvas approach (ensemble 1, 3, 4, 5) 0.886 0.928
Canvas approach (ensemble 1, 3) 0.884 0.930

V. CONCLUSIONS

A comparative analysis of the methods studied in this work allows us to draw the
following conclusions:

(1) The approach of sequential recognition of image fragments (tiles) with
subsequent generalization of the results performed relatively poorly compared to the
alternative approach - recognition of canvases of representative tiles.

(2) The presence of certain order relations of the output classes such as disease
stages should be taken into account when deciding whether a problem should be
viewed as a regression or classification one.

(3) Accounting the specifics of the input data and replacing whole-slide images
with a subset of representative tiles made it possible to build efficient neural network
models despite a significant loss of information.

(4) The techniques of prediction stabilization, such as ensembles of neural
networks and augmentation of test data, used in this work, resulted in increase of the
prediction accuracy, while training more complex neural network models mostly led
to overfitting.
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