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Cancer grading in pathology image analysis is one of the most critical tasks since it is related to patient
outcomes and treatment planning. Traditionally, it has been considered a categorical problem, ignoring
the natural ordering among the cancer grades, i.e., the higher the grade is, the more aggressive it is,
and the worse the outcome is. Herein, we propose a joint categorical and ordinal learning framework for
cancer grading in pathology images. The approach simultaneously performs both categorical classification
and ordinal classification and aims to leverage the distinctive features from the two tasks. Moreover, we
propose a new loss function for the ordinal classification task that offers an improved contrast between
the correctly classified examples and misclassified examples. The proposed method is evaluated on mul-
tiple collections of colorectal and prostate pathology images that underwent different acquisition and
processing procedures. Both quantitative and qualitative assessments of the experimental results confirm
the effectiveness and robustness of the proposed method in comparison to other competing methods.
The results suggest that the proposed approach could permit improved histopathologic analysis of cancer
grades in pathology images.
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1. Introduction

Cancer grading is one of the most crucial tasks in cancer
pathology since it is known to be associated with patient out-
comes. Trained pathologists are capable of analyzing complex tis-
sue structures and determining tumor grades, but the decisions are
known to be subjective, qualitative, and time-consuming, leading
to substantial intra- and inter-observer variability (Egevad et al.,
2013; Elmore et al, 2015). Due to the increase in the work-
load (Metter et al., 2019), pathologists’ fatigue and burnout could
contribute to diagnostic errors, decreasing the overall quality of
pathology service. For such reasons, numerous machine learning
methods (Niazi et al., 2019; Madabhushi and Lee, 2016) have been
applied to pathology images in order to improve the accuracy, ef-
ficiency, and robustness of cancer pathology.

The factors that determine tumor grade can vary between dif-
ferent types of cancer, but it is in general categorized into distinct
grades, depending on the amount of abnormality of tumor cells;
for instance, low, mid, and high-grade tumor. The higher the tumor
grade is, the more aggressive the tumor cells are. This indicates
that there is a natural ordering among tumor grades, i.e., cancer
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grading is intrinsically an ordinal problem. However, it has been
mainly studied as a multi-class categorical classification problem
(Arvaniti et al., 2018; Nagpal et al., 2019; Albarqouni et al., 2016;
Aradjo et al., 2017; Coudray et al., 2018) where machine learn-
ing methods are trained to classify tissue samples into different
grades regardless of the ordering among them both in the conven-
tional approaches of utilizing hand-crafted features (Kwak et al.,
2011; Kather et al., 2016; Kwak and Hewitt, 2017; Turki and Wei,
2018; Krawczyk et al., 2016; Gorelick et al., 2013) and in the recent
deep learning-based methods (Arvaniti et al., 2018; Nagpal et al.,
2019; Albarqouni et al., 2016; Aradjo et al., 2017; Coudray et al.,
2018; Serag et al., 2019). Due to the ordinal characteristics, cancer
grading can be cast as an ordinal classification or regression prob-
lem. The ordinal classification or regression methods aim to predict
class labels on an ordinal scale. Most of such methods have been
built based upon a ranking algorithm (Cao et al., 2012), a series of
binary classification algorithms (Li and Lin, 2007), or deep neural
networks (Fu et al., 2018). These have been applied to age estima-
tion (Cao et al., 2012) and depth estimation (Fu et al., 2018). As for
pathology image analysis, disease prognosis (Mobadersany et al.,
2018) and cell detection (Xie et al., 2018) have been formulated as
a regression problem, predicting a real or continuous value, but not
as an ordinal classification problem. Furthermore, multi-task learn-
ing, which jointly learns multiple related tasks at the same time,
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Fig. 1. Overview of the proposed network. The network consists of three components: one feature extractor and categorical and ordinal classification branches. Three loss

functions are adopted to train the network.

has been applied to pathology image analysis. Most of such works
simultaneously conduct the segmentation and classification tasks;
for instance, the segmentation and classification of breast tissues
(Mehta et al., 2018), nuclei (Graham et al., 2019), and glaucoma
(Zhao et al., 2019). (Liao et al., 2017) proposed a multi-task learning
approach that jointly conducts the classification of multiple cancer
types. However, to the best of our knowledge, there has been no
such prior work for cancer grading in pathology images.

Herein, we propose a unified framework of deep learning that
simultaneously performs both categorical and ordinal classification
(Fig. 1). For the categorical classification, we exploit the existing
deep learning models that have already shown to be effective in
pathology image analysis. As for the ordinal classification, we for-
mulate it as both a regression problem and an ordinal regression
problem by introducing a new loss function that converts the re-
gression output into probability measures. The proposed model
consists of three major parts: a shared feature extractor and two
subbranches a categorical classification branch and an ordinal clas-
sification branch. The intuition behind it is quite straightforward:
useful information that is specific to cancer grading (extracted by
the feature extractor) can be utilized to identify its status (cate-
gorical classification) and to determine its relative order (ordinal
classification); the two tasks are related to each other and thus
can benefit from each other, assuming that there exists a general
model that can jointly learn multiple tasks together, leading to a
superior performance to the models that learn the single tasks in-
dependently (Zhang and Yang, 2018).

To summarize, our main contributions are as follows:

We propose a unified deep learning model for pathology image
grading that takes advantage of both categorical classification
and ordinal classification. This exploits the natural property of
pathology images, i.e., tumor grades, as well as the recent ad-
vances in deep learning for image analysis and classification.
We introduce a new loss function for the ordinal classification
problem that can further improve the accuracy and generaliz-
ability of the model. The concept and computation of the loss
function is rather simple but effective in joint learning.

We systematically evaluate the performance of the proposed
method for cancer grading in pathology images using multiple
sets of cancer images from two different organs. The proposed
method outperforms 11 other competing methods.

For each organ, we employ tissue image datasets that under-
went different acquisition and processing procedures. Under
various conditions, the proposed method is able to generalize
to unseen images.

2. Related work
2.1. Pathology image analysis and grading

In recent years, machine learning techniques have been widely
applied to pathology image grading and analysis. Conventional

models mainly sought to mimic the diagnostic process of the
human experts. For instance, the appearance and formation of
glandular structure and shape and arrangement of cells and nu-
clei are known to be associated with tumor grades. Typical ap-
proaches utilized hand-crafted features, including color histogram
(Gorelick et al., 2013), morphology (Kwak et al., 2011), wavelet
transform (Tabesh et al., 2007), gray level co-occurrence matrix
(GLCM) (Kather et al., 2016; Doyle et al., 2012), local binary pat-
tern (Kather et al., 2016), and Gabor filters (Kather et al., 2016;
Doyle et al., 2012) to extract useful image features. These image
features, in combination with conventional machine learning algo-
rithms, were used to identify tumor cells or tumor grades.

Moreover, deep learning, especially convolutional neural net-
works (CNNs), known as an efficient, automatic feature extractor
with minimal human processing, has been applied to various prob-
lems in pathology images (Litjens et al., 2017); for instance, detec-
tion of mitosis (Ciresan et al., 2013) and invasive ductal carcinoma
(Cruz-Roa et al., 2014) in the breast, detection of cancer in the
prostate (Kwak and Hewitt, 2017; Turki and Wei, 2018; Krawczyk
et al., 2016), and classification of tissue sub-types in the colon
(Kather et al., 2016). To further improve such deep learning mod-
els, a number of approaches have been proposed. Some adopted
an approach of multi-scale image analysis. In (Duong et al., 2019),
a network that can extract and utilize features from multiple scales
was proposed to detect cancers in the prostate. In (Shaban et al.,
2020), the local representation of an image is encoded into high
dimensional features. Utilizing the spatial organization of the fea-
tures, the grade of colorectal cancers was determined. Some oth-
ers proposed a graph-based method. In (Zhou et al., 2019), a cell-
graph CNN for colorectal cancer grading was built from segmented
nuclei to capture both cell-level information and morphological in-
formation of the gland. Along with these developments, another
approach, so called multi-task learning, has been also applied to
pathology image analysis.

2.2. Multi-task learning

Multi-task learning is a branch of machine learning that jointly
learns multiple related tasks at the same time to leverage the use-
ful information obtained from the multiple tasks and to improve
generalizability of the model (Caruana, 1997). Multi-task learning
can be useful for the case where training data is limited like in
medical imaging and has shown an improved learning capabil-
ity in comparison to single-task learning (Zhang and Yang, 2017).
Although there are various variants of multi-task learning ap-
proaches, many of them adopt a single target task with one or
more other tasks as auxiliary constraints (Zhang et al., 2014; Gir-
shick, 2015). Moreover, a majority of these approaches conduct
classification and segmentation tasks together. For example, in
(Mehta et al., 2018), breast tissue segmentation was performed
in conjunction with tissue classification by using a modified U-
Net (Ronneberger et al., 2015). In (Graham et al., 2019), a network
that enables simultaneous nuclei segmentation and classification in
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Table 1
Details of colorectal and prostate tissue datasets.
Type Status Training  Validation  Testing I  Testing II
Colorectal Benign 773 374 453 27986
Tissue WD 1866 264 192 8394
MD 2997 370 738 61985
PD 1397 234 205 11895
Prostate Benign 2076 666 127 1284
Tissue Grade 3 6303 923 2121 5852
Grade 4 4541 573 1784 9682
Grade 5 2383 320 387 248

pathology images was proposed. In this work, we propose to con-
duct both categorical and ordinal classifications in order to exploit
the ordering of tumor grades and to improve the overall classifica-
tion performance. To the best of our knowledge, there has been no
such prior work for cancer grading in pathology images.

2.3. Ordinal classification

Ordinal classification or regression aims to predict class la-
bels on an ordinal scale. Most of such methods have been built
based upon well-studied classification algorithms, including SVM
(Herbrich et al., 1999; Shashua and Levin, 2003) and decision tree
(Frank and Hall, 2001). Recently, CNN-based approaches have been
proposed. For instance, age estimation was formulated as a se-
ries of binary classification sub-problems that were conducted by a
multiple output CNN (Niu et al., 2016). An end-to-end CNN model
was also proposed for both depth estimation (Fu et al, 2018)
and age estimation (Cao et al., 2020). Moreover, a CNN model
was built for prostate cancer detection and grading in MRI that
converts class labels into an ordinal vector (Cao et al., 2019). In
(De Vente et al., 2020), an approach of a soft-label ordinal regres-
sion was proposed for prostate cancer detection and grading in
MRI. However, ordinal classification has not been well-studied in
the context of pathology image classification.

3. Methods
3.1. Dataset

3.1.1. Colorectal tissue dataset

We collected three sets of colorectal tissue samples from Kang-
buk Samsung Hospital. The first and second set contains 3 whole
slide images (WSIs) from 3 patients and 6 colorectal tissue mi-
croarrays (TMAs) from 340 patients, respectively, acquired be-
tween 2006 and 2008. The 3 WSIs and 6 TMAs were scanned
at 40x magnification using an Aperio digital slide scanner (Le-
ica Biosystems). The size of the WSIs is ~100,000 x 80,000 pix-
els (0.2465 nwmx0.2465 pwm per pixel). The size of a tissue core
in the TMAs is ~8,400 x 8,400 pixels (0.2518 pmx0.2518 pm
per pixel). The third set includes 45 WSIs from 45 patients,
acquired between 2016 and 2017. Using a NanoZoomer digital
slide scanner (Hamamatsu Photonics K.K.), the 45 WSIs, of size
~100,000 x 100,000 pixels (0.2253 wmx0.2253 pwm per pixel),
were digitized at 40X magnification. Upon the pathologic review of
the tissue samples (K. Kim and B. Song), we obtained benign (BN)
and three cancer ROIs, including well-differentiated (WD) tumor,
moderately-differentiated (MD) tumor, and poorly-differentiated
(PD) tumor.

From BN and three cancer ROIs, a number of image patches
were obtained. Excluding the image patches with a large lumi-
nal and/or unannotated regions, the remaining image patches were
used as the training and test datasets. Table 1 shows the details of
the colorectal training and test datasets. 9857 image patches (1600
BN, 2322 WD, 4105 MD, and 1830 PD) of size 1024x1024 pixels
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(~258 wmx258 pm) were gained from the first and second sets.
The image patches were divided into three distinct datasets: 1)
training dataset (Cryqin), 2) validation dataset (Cygjigarion)» and 3) test
dataset | (Cregy). From the third set, 110170 image patches (27986
BN, 8394 WD, 61985 MD, and 11985 PD) of size 1144 x 1144 pix-
els (~258umx258 wm) were acquired and designated as the test
dataset Il (Crestyr)-

3.1.2. Prostate tissue dataset

Two sets of prostate tissue samples and annotations that are
publicly available were employed. The first set was obtained
from the Harvard dataverse (https://dataverse.harvard.edu/), in-
cluding 5 TMAs with 886 tissue cores. Each core has a size of
3,100 x 3,100 pixels (0.23 wmx0.23 wm per pixel). The 5 TMAs
were digitized at 40x magnification at the University Hospital
Zurich using a NanoZoomer digital slide scanner (Hamamatsu Pho-
tonics K.K.). Similar to the colorectal tissue datasets, BN and three
cancer ROIs (Gleason grade 3, grade 4, and grade 5) were delin-
eated by an experienced pathologist (Arvaniti et al., 2018). The
first 4 TMAs were used to generate the training dataset (Pryqin)
and the validation dataset (Pygjigarion)- The remaining TMA was uti-
lized to produce the prostate test dataset I (Pres). Using the code
from (Arvaniti et al., 2018), 15141 image patches, in total, of size
750 x 750 pixels (172.5 wmx172.5 pm) were generated as exclud-
ing the patches with a large portion of luminal and/or unannotated
regions. The training dataset is composed of 2076, 6303, 4541, and
2383 image patches for BN, grade 3, grade 4, and grade 5, respec-
tively, while Pre; includes 127 BN, 1602 grade 3, 2121 grade 4, and
351 grade 5 image patches.

The second set was acquired from the training set of Glea-
son2019 challenge (https://gleason2019.grand-challenge.org/). This
involves a set of 244 prostate tissue cores that were digitized
at 40x magnification using an Aperio digital slide scanner (Leica
Biosystems) at the Vancouver Prostate Centre. Each tissue core has
a size of 4,400 x 4,400 pixels (0.25 pmx0.25 wm per pixel). Tis-
sue cores were annotated by 6 pathologists (Nir et al., 2018) and
the ground truth label was determined by Simultaneous Truth and
Performance Level Estimation (STAPLE) algorithm (Warfield et al.,
2004). Applying the same strategy with the first set, 17,066 image
patches (1284 BN, 5852 grade 3, 9682 grade 4, and 248 grade 5), of
which each has a size of 690 x 690 pixels (172.5 pmx172.5 pm),
were acquired, forming the test dataset Il (Preg;). The details of the
prostate tissue datasets are available in Table 1.

3.2. Problem formulation

Suppose that we are given a set of pathology image-ground
truth label pairs {x,-,y,-}f’=1 where x; € RY*Mx¢ is the ith pathology
image, y; is the ground truth label (y; € {BN, WD, MD, PD} if x; is
a colorectal tissue or y; € {BN, grade 3, grade 4, grade 5} if x; is a
prostate tissue), and N is the number of image-ground truth la-
bel pairs. w, h, and ¢ denote the width, height, and the number
of channels, respectively. Let a shared feature extractor be f. Then,
f maps an input pathology image x; to a high-dimensional feature
space v; € RW x'x¢' a5 follows: f(x;) = Wfo,- + bp = v; where W «
w, h <« h, ¢ « c. Let multi-task learning tasks be {TJ»}SV’zl where T;
is the jth task and M is the number of tasks. The learning function
for the task T; is defined as g;(v;) =W]vi+bj=zj; € RPi where
Dj is the cardinality of the output of the function g;. Multi-task
learning can be formulated as follows:

N M
W D 0D L0 (f (e Wy): W) (1)

sesM i—1 ]=]

where £ denotes the loss function.
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3.3. Joint categorical and ordinal learning

For joint categorical and ordinal learning, we propose a network
that consists of three major parts: 1) a shared feature extractor
f: 2) a categorical classification branch g¢; 3) an ordinal classifi-
cation branch g,. The network is illustrated in Fig. 1. Given an in-
put pathology image, f generates a high dimensional feature map,
which is, in turn, fed into g. and g, independently. The dimen-
sionality of the output of g is determined by the cardinality of
the ground truth class labels D, (here, D is 4), of which each de-
notes the probability of an input image to be assigned to the cor-
responding class label. The output of g, is a continuous value that
is assumed to be relevant to the degree of tumor aggressiveness,
i.e., tumor grades. The objective of both g. and g, is to predict the
tumor grade but in a different manner.

3.3.1. Shared feature extractor

The shared feature extractor f conducts a sequence of convo-
lution, pooling, activation, and normalization operations to extract
a high-level feature map which serves as the input to the follow-
ing specific tasks. In this study, a well-known neural network ar-
chitecture, EfficientNet-BO (Tan and Le, 2019), is adopted to build
the shared feature extractor. Based upon the compound scaling
method, EfficientNet-BO (Tan and Le, 2019) scales the width, depth,
and resolution of the network using a set of fixed scaling fac-
tors. It adopts one convolution layer and 16 mobile inverted bottle-
neck convolution (MBConv) blocks of MobileNet-V2 (Sandler et al.,
2018). Similar to MobileNet-V2 (Sandler et al., 2018), each MBConv
block consists of one 1 x 1 pointwise convolution, one depthwise
convolution, and one 1 x 1 pointwise convolution. Depthwise con-
volutions are implemented with either a 3 x 3 or 5 x 5 kernel.

3.3.2. Categorical classification branch

The categorical classification branch g. contains a batch normal-
ization (BN), an average pooling layer (AvgPool), and a fully con-
nected layer (FC) with 4 neurons. Finally, a softmax function is em-
ployed to transform the outputs into the probability distribution as
follows:

I
o= exp (z¢;)
LoXrexp ()
where p{.‘ and Z’é,i represent the probability of an inputbelonging
to a class k and the output of the kth neuron in the categorical

classification branch g., respectively, for an input pathology image
Xj.

(2)

3.3.3. Ordinal classification branch

Similar to the categorical classification branch, the ordinal clas-
sification branch g, has a series of BN-AvgPool-FC. The FC only con-
tains one neuron that generates an output in the range of 0 to
3. Here, 0, 1, 2, and 3 are corresponding to BN and three cancer
grades (WD, MD, and PD or grade 3, grade 4, and grade 5), respec-
tively. The higher the output is, the more abnormal (or aggressive)
the pathology image is.

3.4. Loss functions

The proposed model includes three distinct sets of weights: Wy,
We, and W,, of which each denotes the weight of the shared fea-
ture extractor, categorical classification branch, and ordinal classifi-
cation branch, respectively. In order to optimize these weights, we
employ a number of loss functions that are tailored to the specific
tasks as described below.
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Fig. 2. Loss functions for ordinal classification. CEo permits a clear distinction be-
tween correctly classified examples and mis-classified examples.

3.4.1. Categorical classification loss

Cross entropy (CE) loss has been widely used for the classifi-
cation task. This loss measures the total entropy between the true
and predicted probability distribution as follows:

1NN D

Lee(y.p) = —3; 2 >_yilog(p}) (3)
i=1 k=1

where y and p are the ground truth label and the output of the

categorical classification branch, respectively. Hence, L is com-

puted for the output of the categorical classification branch and is

utilized to optimize the weights Wy and W.

3.4.2. Ordinal classification loss
For the ordinal classification branch, we define a mean square
error (MSE) loss as:

1
Luse (¥, 20) = > d? (4)
i1

where d; =y; —z,; is the distance between the ground truth la-
bel y; and the output of the ordinal classification branch z,;. Com-
puting Lyse for the output of the ordinal classification branch, we
optimize the weights Wy and W,. In addition to Lysg, a mean ab-
solute error (MAE) loss is also considered for the ordinal classifica-
tion branch. MAE is the mean absolute distance between true and
predicted values:

1
Liae (Y. 20) = N2|di| (5)
i=1

3.4.3. Ordinal cross entropy loss

Fig. 2 shows the Ly and Lyap curves. As we assess these
curves, we note that those samples that are correctly classified
(d; <« 0.5) have an insignificant magnitude of loss. For such sam-
ples, the model may not strive to further improve the perfor-
mance. Even for those samples that are closer to the adjacent label
(d; > 0.5), the magnitude of loss is relatively small. There must
be a clearer distinction between the two cases where one exam-
ple is correctly classified and the other is mis-classified. Ordinal
cross entropy is designed to address these issues and to further
improve the learning capability of the ordinal classification branch.
We propose to convert the distance between the ground truth label
and the output of the ordinal classification branch into probability
measures by using a softmax function:
q? — DeXp (_|k _.ZO,l|) (6)

Zji] exp (—|Jj — Zo.il)

where q{.‘ refers to the probability of an input pathology image x;
that belongs to a class k and z,; denotes the output of the ordinal
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classification branch for x;. Then, we compute the CE loss for the
ground truth label and the probability measures for the output of
the ordinal classification branch, which is designated as Lcg,, as
follows:

N D¢
Leg, = ZZ ‘log(q}). (7)
i=1 k=1

As shown in Fig. 2, the curve of Lcg, is not only able to make a
clearer distinction between the correctly classified examples and
mis-classified samples but also gives a non-trivial magnitude of
loss for those samples that are close to the ground truth label,
leading to an improved accuracy and robustness of the model. The
full loss function £ for the proposed method is defined as:

L =AcLc+ ArLr+ AoLo (8)

where L¢, Lg, and Lo denote categorical classification loss (Lcg),
ordinal classification loss, and ordinal cross entropy loss (Lcg, )
respectively. The ordinal classification loss can be either Ly
or Lyae.- Hence, two joint learning models are considered: 1)
Muyise—ce, and 2) Muyag_cg,, depending on the choice of the or-
dinal classification loss. Ac, Ag, and Ay are weighting factors for
the associated loss functions.

4. Experiments
4.1. Implementation details

4.1.1. Data augmentation

Several data augmentation techniques are adopted during the
training phase as follows: 1) a random horizontal flip; 2) a ran-
dom vertical flip; 3) an affine transformation with a random ro-
tation in the range [-45°, 45°] and shear in the range [-16°, 16°];
4) image blurring with a Gaussian, average, or median filter; 5) a
random additive Gaussian noise or drop out up to 10% of pixels;
6) a random color change in hue, saturation, and contrast in the
range [-20, 20]. 1), 2), and 3) are applied to every image patch. 4),
5), and 6) are applied to an image patch with a 50% chance. All
the augmentation techniques are implemented using Aleju library
(https://github.com/aleju/imgaug).

4.1.2. Training details

We train all the models in this work with Adam optimizer using
default parameter values (81 = 0.9, B, = 0.999, ¢ = 1.0e~8) for 60
epochs and cosine annealing warm restarts schedule (Loshchilov and
Hutter, 2016) with initial learning rate of 1.0e=3 and T, =20
(learning rate restarts after 20 epochs). The pre-trained weights on
ImageNet dataset are utilized to initialize EfficientNet-BO. The lay-
ers in the categorical and ordinal classification branches are initial-
ized using K.He method. Following data augmentation, colorectal
tissue patches are resized to 512 x 512 pixels while prostate tissue
patches are resized to 375 x 375 pixels and then center cropped
to 350 x 350 pixels. A¢c, Ag, and A are set to 1. All the models are
implemented on PyTorch platform and executed on a workstation
with four TITAN XP GPUs.

4.2. Comparative experiments

To assess the effectiveness of the proposed method, a series
of comparative experiments are conducted. The proposed method
is compared with three types of single task models (classifica-
tion, regression, and ordinal regression) and one previously pub-
lished multi-task learning model. Ablation experiments are also
conducted to further analyze and investigate the proposed method.
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4.2.1. Classification model

The identical shared feature extractor f and categorical clas-
sification branch g. with the proposed model are employed to
form a baseline classification model. EfficientNet-BO is used as the
shared feature extractor. To train the classification model, two loss
functions are independently adopted, including £c¢ and focal loss
(Lroeq) (Lin et al., 2017). Trained with Lcg and Lpgcar, we obtain
two classification models: 1) Ccg and 2) Crocar, respectively.

4.2.2. Regression model

Similarly to the classification model, we build a regression
model using the shared feature extractor f (EfficientNet-BO) and
the ordinal regression branch g,. Utilizing two popular loss func-
tions, i.e., Lyap and Lysg, and a soft-label regression loss (Ls)
n (De Vente et al., 2020), three regression-based models are ac-
quired, designated as Ryag, Ruse, and R, respectively. Lg, built
for prostate cancer detection and grading in bi-parametric MRI, uti-
lizes the normalization function to convert the class label to the or-
dinal label. We note that the three regression models (Ryae,» Ruskes
and Rg;) use the regression loss functions only.

4.2.3. Ordinal regression model

Three recent ordinal regression models are employed and com-
pared to the proposed model: 1) deep ordinal regression net-
work (Oporn) (Fu et al., 2018), 2) consistent rank logits (Ocorar)
(Cao et al, 2020), and 3) focal loss for ordinal regression Opgcar
(Cao et al., 2019). Opogy is built for monocular depth estimation. It
utilizes a spacing-increasing discretization (SID) strategy that dis-
cretizes a given interval in log space to reduce the loss in the re-
gions with a larger depth, and thus the model focuses more on
the regions with a smaller depth. As it is applied to the colorec-
tal and prostate tissue datasets, the larger depth corresponds to
the higher cancer grade. Ocgra; is proposed to achieve the rank
consistency among the class labels. It extends the class label (or
rank) into binary labels and enforces rank-monotonicity for con-
sistent predictions. In (Cao et al., 2019), Orgcar, Which adopts focal
loss for ordinal regression, is built for cancer detection and Gleason
score prediction in mp-MRI. They use focal loss for ordinal regres-
sion along with Ly to maximize mutual findings between single
and multiple components of mp-MRI. As it is used in this study,
focal loss is applied to ordinal regression alone.

To make fair comparison, we implement these three methods
using EfficientNet-BO i.e., the same feature extractor with the pro-
posed model. This allows us to make a fair comparison between
different approaches regardless of the effect of the feature extrac-
tor.

4.2.4. Multi-task model

Multi-task deep model with margin ranking loss (Mprumr)
(Liu et al., 2019a) is an approach that explicitly integrates lung
nodule classification with eight attributes (subtlety, internal struc-
ture, calcification, sphericity, margin, spiculation, lobulation, and
texture) score regression. Built based upon a Siamese network, the
model contains two modules - the classification module and re-
gression module. The classification module is optimized by uti-
lizing £ and the margin ranking loss, which aims at capturing
the relationship between pairs of samples. £y is used to ad-
just the regression module. In our experiments, EfficientNet-BO is
adopted as the feature extractor in Mg, Similar to the ordi-
nal regression-based models. The regression module is modified to
predict the ordinal label of tissues.

4.2.5. Ablation experiments

To investigate the effect of the proposed Lcg, for cancer grad-
ing, ablation experiments are performed. The two proposed models
(Mpse—cg, and Mpag_cg,) are separately employed, trained, and
tested without Lcg,, resulting in Mysg and My, respectively.
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Table 2
Results of Colorectal Cancer Classification on Cresy and Cresyy.
Crest! Crestit
Method Acc Acce F1 Kw Acc Accg F1 Kw
(%) (%) (%) (%)
Oporn (Fu et al., 2018) 79.2 709 0.618 0889 785 71.7 0564  0.872
Ocorar(Cao et al., 2020) 819 796 0.792 0912 735 679 0.695  0.852
Ofoca(Cao et al., 2019) 86.2  80.9 0837 0935 734 676 0694 0.859
Cce 849 789 0.815 0.924 75.1 67.6  0.703  0.854
Crocar(Lin et al., 2017) 86.1 80.7 0820 0934 769 70.7 0.703  0.857
Rs (De Vente et al.,, 2020)  64.9 50.8 0.585 0.813 57.9 444 0.531 0.788
Rumae 86.0 804 0.832 0935 753 674 0706 0.874
RMsE 86.2 808 0826 0936 749 684 0.689 0.870
Muyrmr(Liu et al., 2019a) 859 803 0.833  0.931 728 66.6  0.691 0.826
Muyae 86.7 814 0835 0938 755 68.0 0.706 0.868
Muyse 87.0 819 0.839 0940 753 682 0.700  0.857
Mg —cg, (Ours) 87.7 82.7 0843 0940 803 74.0 0.744 0.891
Myise—cg, (Ours) 884 837 0854 0943 78.1 720 0.729 0.870

4.3. Evaluation metrics

To assess the performance of cancer grading, 4 evaluation met-
rics are employed: 1) accuracy (Acc) is the fraction of correctly
classified tissue samples over all tissue samples; 2) cancer classi-
fication accuracy (Accg) is an accuracy of classifying cancer sam-
ples into different cancer grades; 3) macro-averaged F1 (F1) is the
harmonic mean of the averaged precision and averaged recall; 4)
quadratic weighted kappa (k) (Cohen, 1968) is defined as:

K K
i 2 WijXij
K K
P2 Wijm;

e ) )
where w;; = % m;; is the expected proportion for the pre-
dicted class i and ground truth class j, x;; is the proportion of G,

and C is a confusion matrix.

Kw=1-—

(9)

4.4. Visual illustration

We visually illustrate the result of cancer grading by the pro-
posed models and the other classification, regression, ordinal re-
gression, and multi-task models. Using each of the models, cancer
classification is performed on the entire tissue images in TMAs and
WSIs, not just on the selected patches, to further assess the gen-
eralizability of the models. For a tissue image, we slide a rectan-
gular window using the step size of one-eighth and a half of the
window size for WSIs and TMAs, respectively. The window size is
set to ~258 wmx 258 wm for colorectal tissue images in TMAs
(1024 pixels x1024 pixels) and WSIs (1144 pixelsx 1144 pixels) and
to 172.5 umx172.5 wm for prostate tissue images from the first
set (750 pixels x 750 pixels; Harvard dataverse) and the second
set (690 pixels x 690 pixels; Gleason2019 challenge), respectively.

5. Experimental results
5.1. Colorectal cancer classification

Table 2 and Fig. 3a demonstrate the results of colorectal cancer
classification on Creg;. We trained the proposed model and other
competing models on Crq,;, and tested on Creg;. In this experiment,
the proposed models successfully classified the colorectal tissue
samples into benign and 3 cancer grades. Mysg_cg, achieved the
best performance over the 4 evaluation metrics, and Mpag_ck,
was the second best model. In the comparative experiments, the
classification performance varied among the single- and multi-task
models. Among the single-task models, the two regression-based

models (Ryap or Rysg) were superior to both the classification-
based models (Ccg or Cpocar) and the ordinal regression-based
models (Oporns Ocorar, OF OrocaL)- Meanwhile, Rg; was substan-
tially inferior to all others. This clearly shows the importance of the
choice of the objective function during training. As for the multi-
task models, even though the performance of Myryr was similar
or slightly inferior to the regression-based models, the other multi-
task models (Mpae Or Mpyse) outperformed the single-task mod-
els and Myrug. Moreover, the addition of Lcg,, ie., the proposed
models, further improved the overall performance. This demon-
strates the effectiveness of multi-task learning as well as the pro-
posed Lcg, in cancer grading, i.e., multi-class classification.

Fig. 4 shows the probability maps, generated by Mpysg_ck,,
for colorectal tissue samples in TMAs. Taking the sliding window
scheme, the proposed model was able to predict histopathologic
class labels for the entire tissue cores, even though the model was
trained on image patches. Moreover, the proposed model was suc-
cessfully applied to tissue cores that possess multiple ROIs with
distinct histopathologic class labels. This suggests that the pro-
posed model is capable of coping with complex tissue structures.

5.2. Colorectal cancer classification on independent test dataset

Trained on Cryyy, the proposed models and other competing
models were tested on Creg, Which was obtained at different
period of time using different digital scanners from Cr;, and
Crest1- Hence, this experiment could show the generalizability of the
models. The results are available in Table 2 and Fig. 3b. Similar to
the observations in the above experiment on Cres, the proposed
models (Mpyag_cg, and Mysg_cg,) achieved the best and second
best performance on Cregy, respectively, suggesting that the pro-
posed models are able to generalize to the independent or unseen
tissue images. However, the results of other single- and multi-task
models were inconsistent with those on Creyy, i.e., the performance
of the models is sensitive to the dataset. For example, the ordi-
nal regression-based model, Opgry, Obtained relatively high Acc,
Accg, and ky but the second worst F1; the performance of Myryr
was, in general, inferior to other single- and multi-task models.
Moreover, My and Mg were comparable to other single- and
multi-task models but there was a substantial performance drop
in comparison to the proposed models. This emphasizes the im-
portance of the proposed Lcg, in improving the generalizability of
the models in cancer grading.

The prediction results by the proposed models and other com-
peting models are visualized using the WSIs on Cresj;. The predic-
tion maps are illustrated in Fig. 5. The prediction maps of the pro-
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Fig. 3. Plots of classification results on colorectal datasets. (a) Crest; and (b) Creser.
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Fig. 4. Probability maps for colorectal tissue samples on Crey . Given a tissue image, the ground truth (GT) map and the four probability maps for BN, WD, MD, and PD
classes, respectively, are shown.
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Fig. 5. Prediction maps for colorectal tissue samples on Cres;. Given a WSI image, the ground truth (GT) map and the prediction maps, generated by the proposed method
and other competing methods, are illustrated.
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Table 3
Results of Prostate Cancer Classification on Pres; and Preg.
Prestt Prestnr
Acc Acc, K Acc Acc, F1 K
Method ¢ w G w
(%) (%) (%) (%)
Arvaniti et al. (2018) - - 0.550 - - - -
Oporn (Fu et al., 2018) 0.681 0.689 0.484 0.521 804 82.0 0.584 0.723
Ocorar(Cao et al., 2020) 0.674 0.682 0.587 0.549 74.3 76.6 0.602 0.643
Orocar(Cao et al., 2019) 0.677 0.681 0.625 0.597 76.3 77.4 0.646 0.696
Cck 0.658 0.666 0.592 0.572 733 75.4 0.606 0.665
Crocar(Lin et al., 2017) 0.671 0.680 0.600 0.599 711 72.7 0.589 0.657
Rs. (De Vente et al., 2020) 0.311 0.294 0.299 0.508 29.1 23.7 0.253 0.521
RMAE 0.671 0.672 0.623 0.611 72.5 72.5 0.629 0.654
Rumse 0.671 0.675 0.626 0.606 721 73.3 0.589 0.664
Mpuyrmr(Liu et al., 2019a) 0.673 0.683 0.588 0.594 73.7 76.2 0.598 0.665
Muyae 0.659 0.662 0.606 0.572 72.5 72.6 0.616 0.676
Myise 0.657 0.664 0.600 0.583 753 771 0.623 0.688
Mumae—ce, (Ours) 0.696 0.702 0.633 0.616 77.5 79.3 0.651 0.706
Myse—ce, (Ours) 0.688 0.695 0.622 0.617 77.7 79.5 0.658 0.707
0.8
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0.5
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0.3
0.2
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Fig. 6. Plots of classification results on prostate datasets. (a) Pres; and (b) Prests.

posed models are well corresponding to the ground truth maps.
This visually confirms that the proposed models, trained on the
TMA-dominant dataset, are generalizable to unseen WSIs under
different acquisition and processing conditions. Other competing
models are partially successful in classifying cancer grades. For ex-
ample, Oppgy misses the entire PD, Ocopar, and Myyr tend to
mis-classify BN as WD, and the rest, in general, overpredicts PD.

5.3. Prostate cancer classification

The results of prostate cancer classification on Py are illus-
trated in Table 3 and Fig. 6a. Similar to colorectal cancer classifi-
cation, the proposed Mpug_cg, and Mysg_cg, were the top two
models among all the models under consideration. However, the
two multi-task models Mysr and My were inferior to that of
the single-task models (except for Rg; ) and multi-task models with
additional loss functions (Muyrmr, Mmae—ce,» and Mysg—ck,)-

Furthermore, the proposed models substantially outperformed
the previously published results (Arvaniti et al. (2018)) on the
same datasets; 0.067 increase in ky on Prey;. We note that the ex-

act same procedure with Arvaniti et al. (2018) was adopted to gen-
erate the image patches for both training and test datasets. Hence,
no selection or sampling bias affects the results.

Fig. 7 demonstrates the prediction maps for Preg. The proposed
models, in general, are able to generate prediction maps that are
well matched with the ground truth maps. However, the quality
of the prediction maps, generated by other models, varies depend-
ing on the tissue types. For instance, Rs; showed the worst perfor-
mance in grade 3 and grade 4 while Opggy only performed well in
benign and low cancer grades.

5.4. Prostate cancer classification on independent test dataset

To evaluate the generalizability of the prostate cancer classi-
fication models, the same models tested on Pr.y; were applied
to Presty;, Which was obtained and processed at a different insti-
tute. Table 3 shows the results of prostate cancer classification
on Pregyp. In regard with Acc, Accg, and kv, the proposed models,
Muse—cg, and Mpyag_cg,, were the second and third best models,
respectively, meanwhile the ordinal regression-based model Opggry
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Fig. 7. Prediction results for prostate tissue samples on Presy;. Given a tissue image, the ground truth (GT) map and the prediction maps for the proposed models and the

other competing models are shown.
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Fig. 8. Prediction results for prostate tissue samples on Pres. Given a tissue image, the ground truth (GT) map and the prediction maps for the proposed models and the

other competing models are shown.
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Fig. 9. Confusion matrices for (a) Opogy and (b) Mpse—ce, 0N Presir.

gained the best performance for the three evaluation metrics.
However, Oppgy oObtained the second-worst F1 (0.584), whereas
the proposed models showed the best F1 (> 0.651). Upon closer
examination of the classification results (Fig. 9), we found that the
predictions of Opgry Were biased towards mid and low grade can-
cers and no high grade cancer was predicted. On the contrary, the
proposed models were able to predict not only mid and low grade
cancers but also high grade cancers.

Fig. 8 illustrates the prediction maps of the proposed mod-
els and other competing models. The proposed models permit ac-
curate and robust cancer grading for the unseen tissue samples
obtained under different conditions. The prediction results of the
other models are less reliable and much sensitive to the type of
tissue images and cancer grades. Opggy, in particular, mis-predicts
the entire cancers for grade 5.

6. Discussion

CNN models have shown their effectiveness in different tasks of
pathology image analysis. To further exploit the pathology images
and to enhance the learning capability of the models, multi-task
learning or joint learning approaches have been recently adopted
in many applications. In this work, cancer grading is cast as both
categorical classification and ordinal classification problems, and
thus the proposed method conducts two types of classification
tasks. Although the objective of the two tasks is identical, i.e., can-
cer grading, the experimental results on two types of tissue or-
gans demonstrate that there is a synergy between the two tasks,
leading to an improved classification of cancer grades. Moreover,
a substantial performance gain was obtained by the proposed loss
function, i.e., Lcg,. It is simple, generic, and computationally inex-
pensive, suggesting that it is applicable to other applications and
datasets at a minimal cost.

In digital and computational pathology, one of the unmet needs
is to achieve good generalizability of the computational methods
across datasets that underwent different acquisition and processing
procedures. In this work, we employed a set of tissue images from
two organs. For each organ, the tissue images were obtained from
two different institutes using two different digital slide scanners.
As commonly observed, the performance of the proposed models
and other competing models substantially varied across different
datasets for both organs. Though generally observed, it is surpris-
ing that the overall performance of all models on Pr.y; was better
than that on Preg; since the two datasets were collected from dif-
ferent institutes and using different scanners. The difference in the
performance may be ascribable to the ground truth annotations.
Prest; Was annotated by a single pathologists and Preg;; Was anno-
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Table 4
Comparative Results of the regression task with and without benign samples.
Colorectal Dataset  Creg; Crestin
Method Acc Accg F1 Kw Acc Accg F1 Kw
(%) (%) (%) (%)
MMAE-cE, 87.7 82.7 0843 0816 803 74.0 0744 0.716
Muise—ce, 88.4 83.7 0.854 0.828 78.1 720 0729  0.695
MMAE—CEy—Cancer 87.5 82.6 0834 0813 787 721 0.737  0.709
MMSE—CEq—Cancer 88.0 833 0.843 0820 803 742 0.753  0.724
Prostate Dataset Preser Presenr
Method Acc Accg F1 Kw Acc Accg F1 Kw
(%) (%) (%) (%)
MMAE-cE, 0.696 0.702 0.633 0616 775 793 0.651 0.706
Muise—ce, 0.688 0.695 0.622 0.617 77.7 795 0.658 0.707
M MAE—CEy—Cancer 67.6 69.0 0.574 0451 760 794 0625 0.585
MMSE—CEq—Cancer 66.9 68.1 0583 0449 755 789 0.601 0.574

tated by six pathologists and aggregated by the STAPLE algorithm,
in which the class label that has the highest probability among the
six pathologists is assigned to each pixel in an image. It has been
well-known that there exists a substantial inter- and intra-observer
variability in cancer grading (Egevad et al., 2013; Elmore et al.,
2015). Aggregating the annotations among multiple pathologists
could provide more consistent labels for Pp.y, reducing the ef-
fect of the variability in cancer grading on the performance, which,
in turn, resulting in the better performance on Preg ;. Nonetheless,
the proposed models, in general, achieved better performance than
other competing models except Opory 0N Presyp. The superior per-
formance of Opggry is misleading since the model misses all the
high grade (grade 5) cancers. This may be ascribable to the design
of the model that focuses more on smaller depths, which are cor-
responding to benign or lower grade tumors. Since the number of
grade 5 only amounts to 1.5% of the entire dataset, the misclas-
sification on grade 5 has minimal effect on those evaluation met-
rics that incline to total number of true positive samples. We also
found that Opggy is not able to correctly classify any grade 5 or
PD samples in other test datasets (Prest;, Crests» and Crestyr), Which is
corresponding to its poor performance in F1. This certainly dimin-
ishes its clinical utility and implications. The proposed models, on
the other hand, show well-balanced classification results on three
cancer grades, and thus these are more likely transferable to the
clinics. Please refer to Appendix A for the confusion matrices of all
models in the entire test experiments.

The proposed joint learning approach takes advantage of a new
loss function, Lcg,. In comparison to the common loss functions
for a regression task (Lyag and Lysg), Lcg, not only downweights
the magnitude of the loss assigned to well-classified samples but
also upweights the magnitude associated with mis-classified sam-
ples. In this manner, it increases the contrast between correct and
wrong classifications, in particular for the samples on the bor-
derline. Similar approaches have been proposed to improve the
accuracy and robustness of deep learning models. For instance,
(Lin et al., 2017) addressed class imbalance in an object detection
task by focal loss (Lrgeq)- It downweights the magnitude of the loss
for well-classified samples but does not consider the ordinal rela-
tionship among the classes. For depth estimation, (Fu et al., 2018)
proposed Oppgy that downweights the magnitude of the loss for
larger depths in log scale, degrading the classification performance
for high grade cancers. Moreover, (De Vente et al., 2020) proposed
the soft-label ordinal regression loss (L) for cancer detection and
grading in MRI. (Cao et al., 2020) and (Liu et al., 2019a) proposed
ranking-based loss functions for the age estimation and lung nod-
ule classification, respectively. £g; simply assigns a higher proba-
bility to a higher grade cancer and the two ranking-based methods
utilize the relative order of the class labels, whereas Lcg, estimates

10

the probability distribution based upon the relative distance to all
the class labels, leading to an improved characterization of the or-
dinal relationship.

Benign samples have a substantial effect on the regression task.
Computing the ordinal losses (Lyagp, Lumse. and Lcg,) for can-
cer samples only, the overall performance (Mpag_ce,—cancer and
M MSE-CEy~Cancer) Was comparable to that of the proposed joint
learning approach, which utilizes both benign and cancer samples,
for the colorectal tissue datasets (Cress; and Cregerr); however, there
was a consistent performance drop for the prostate tissue datasets
(Preser and Pregey) (Table 4). As for ACCg, there was, in general, a
smaller performance drop for both datasets in comparison to other
evaluation metrics. This implies that the models are able to learn
the ordinal relationship among cancer samples as the regression
task utilizes them only. Due to the absence of benign samples, the
regression task had no chance to handle them on an ordinal scale,
leading to a reduction in the overall classification performance.

The final objective function of the proposed approach contains
three loss functions. To fully exploit these three loss functions,
their contributions could be adjusted by hand (Liu et al., 2019a),
uncertainty (Kendall et al., 2018), or dynamic averaging (Liu et al.,
2019b). Although such methods could aid in further optimizing the
objective function and improving the capability of the proposed
method, this is beyond the scope of this study. We leave this for
the future study.

7. Conclusion

Herein, we present an approach of joint categorical and ordi-
nal learning for cancer grading in pathology images. Conducting
both categorical classification and ordinal classification tasks with
a new loss function, the proposed joint learning model not only
achieves accurate classification performance but also shows good
generalizability on both colorectal and prostate datasets, leading to
an improved pathology image analysis that could facilitate an au-
tomated and robust cancer diagnosis in clinics. The proposed joint
learning framework as well as the new loss function should be
applicable to other types of cancers and tissues in pathology im-
age analysis. However, the additive value of the proposed method
to the clinics still remains to be investigated. The routine pathol-
ogy review determines a single grade per patient, which is used
for decision-making on treatment planning and patients’ progno-
sis. Although the accurate classification results on the entire tissue
samples suggest that it could aid in improving the patient-level
decision-makings, the proposed method has been built and evalu-
ated via region-level experiments. The future direction is to further
investigate its impact on the clinical decisions with respect to pa-
tient outcomes as well as to improve the joint learning approach to



T.TL. Vuong, K. Kim, B. Song et al.

enhance and stabilize its classification performance under various
conditions.
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Appendix A. Confusion matrices of all models

For each of the test datasets, we provide the confusion matri-
ces of all models. Figs. A1 and A2 show the confusion matrices for
colorectal cancer classification on Cres; and Cregy, Tespectively. For
prostate cancer classification, Figs. A3 and A4 demonstrate the cor-
responding confusion matrices on Pres; and Presy, Tespectively.
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Fig. Al. Confusion matrices on Creg;.
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