arXiv:2208.08789v2 [cs.CV] 22 Aug 2022

Towards Label-efficient Automatic Diagnosis and
Analysis: A Comprehensive Survey of Advanced
Deep Learning-based Weakly-supervised,
Semi-supervised and Self-supervised Techniques in
Histopathological Image Analysis

Linhao Qu, Siyu Liu, Xiaoyu Liu, Manning Wangi, Zhijian
Songt

Digital Medical Research Center, School of Basic Medical Science, Fudan University,
Shanghai Key Lab of Medical Image Computing and Computer Assisted
Intervention, Shanghai 200032, China

E-mail: {1hqu20, mnwang, zjsong}@fudan.edu.cn.

Abstract. Histopathological images contain abundant phenotypic information and
pathological patterns, which are the gold standards for disease diagnosis and essential
for the prediction of patient prognosis and treatment outcome. In recent years,
computer-automated analysis techniques for histopathological images have been
urgently required in clinical practice, and deep learning methods represented by
convolutional neural networks have gradually become the mainstream in the field
of digital pathology. However, obtaining large numbers of fine-grained annotated
data in this field is a very expensive and difficult task, which hinders the further
development of traditional supervised algorithms based on large numbers of annotated
data. More recent studies have started to liberate from the traditional supervised
paradigm, and the most representative ones are the studies on weakly supervised
learning paradigm based on weak annotation, semi-supervised learning paradigm based
on limited annotation, and self-supervised learning paradigm based on pathological
image representation learning. These new methods have led a new wave of automatic
pathological image diagnosis and analysis targeted at annotation efficiency. With
a survey of over 130 papers, we present a comprehensive and systematic review of
the latest studies on weakly supervised learning, semi-supervised learning, and self-
supervised learning in the field of computational pathology from both technical and
methodological perspectives. Finally, we present the key challenges and future trends
for these techniques.
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1. Introduction

Histopathological images contain abundant phenotypic information and pathological
patterns, which are the gold standards for disease diagnosis and essential for the
prediction of patient prognosis and treatment outcome (Myronenko et al. 2021, Wang
et al. 2019, Srinidhi et al. 2021). For clinical diagnosis, experienced pathologists usually
require exhaustive examination and interpretation of hematoxylin-eosin-stained (H&E)
tissue slides under a high magnification microscope, including differentiation of tumor
areas from large areas of normal tissues, elaborate grading of tumors, and detailed
assessment of tumor progression and invasion (e.g., presence of invasive carcinoma or
proliferative changes, etc.). This is a highly time-consuming and labor-intensive task,
and for example, it usually takes an experienced histopathologist 15 to 30 minutes to
examine a complete slide (Wang et al. 2019). Moreover, even an experienced pathologist
may not be able to accurately determine the deep features hidden in the pathological
images, such as predicting lymph node metastasis and prognosis from the primary lesion.
Therefore, computer-assisted automatic analysis techniques for histopathological images
are in urgent need in clinical practice.

With the advent and development of digital slide scanners in the past two decades,
tissues on biopsies can be converted into digital whole slide images (WSIs) that fully
preserve the original tissue structure, laying the foundation for automatic pathological
image analysis. Early studies in the field of digital pathology diagnosis primarily focused
on extracting hand-crafted features from manually selected regions of interest (ROI)
by pathologists (Jafari et al. 2003, Basavanhally et al. 2013, Mercan et al. 2017, Yu et
al. 2016, Luo et al. 2017, Qaiser et al. 2016) and using machine learning methods (Doyle
et al. 2007, Rajpoot et al. 2004, Qureshi et al. 2008, Doyle et al. 2006) for automatic
analysis and diagnosis. In this regard, Gurcan et al. 2009 and Madabhushi et al. 2016
have presented an elaborate review.

In recent years, thanks to the powerful and automatic feature extraction capability,
deep learning methods represented by Convolutional Neural Network (CNN) have
gradually become the mainstream in the field of digital pathology. However, a major
challenge is the huge size of WSIs, typically reaching 100000x 100000 pixels at the
highest resolution, which prevents the direct use of the entire WSIs as the input to deep
learning models. Therefore, when using CNNs to process pathological images, WSIs
are usually tiled into many small patches to reduce the computational burden. Earlier
studies usually adopted a strongly supervised approach based on these patches to train
the network and perform the corresponding classification (Cruz-Roa et al. 2014, Cruz-
Roa et al. 2017, Wei et al. 2019, Ehteshami et al. 2018, Nagpal et al. 2019, Shaban et
al. 2019, Halicek et al. 2019) and segmentation tasks (Chen et al. 2017, Gu et al. 2018,
Swiderska et al. 2019). In these works, detailed patch-level annotation is essential,
e.g., supervised classification problems require pathologists to give detailed class labels
for each patch, and segmentation problems require pathologists to give more detailed
pixel-level annotation for each patch.
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Although supervised deep learning methods have achieved unprecedented success in
digital pathology, they share a common drawback: they all require large amounts of high-
quality fine-grained labeled data (patch-level labeled data for classification problems or
pixel-level labeled data for segmentation problems) for training. Unfortunately, in the
field of digital pathology, obtaining a large amount of data with fine-grained annotation
is a very expensive and challenging task, mainly because 1) only experienced pathologists
can perform the annotation, and these pathologists are scarce; 2) histopathological
images often contain complex and diverse instances of objects, resulting in a large
amount of time-consuming and laborious manual annotation effort (Tajbakhsh et
al. 2020, Yang et al. 2017, Srinidhi et al. 2021). Arguably, the lack of a large amount
of annotated data limits the application of deep learning techniques in computational
pathology. For this reason, some new studies have recently attempted to liberate from
the traditional strongly supervised paradigms, the most representative of which are the
weakly supervised learning paradigm based on weak annotations, the semi-supervised
learning paradigm based on limited annotations, and the self-supervised paradigm based
on the representation learning of pathological images.

The weakly supervised learning paradigm no longer requires pathologists to give
annotations of all pixels or regions on the entire WSI, but only class labels or sparse
region annotations on the entire WSI; the semi-supervised learning paradigm no longer
requires pathologists to give fine-grained annotations of a large amount of data, but
only a small fraction of fine-grained labeled data and a large amount of unlabeled data;
while the self-supervised learning paradigm can create supervised information through a
large amount of unlabeled data for self-supervised training to learn an accurate feature
representation of the data. In the process of training with limited labeled data, using
the features trained by self-supervised learning to determine the initial model weights
can significantly improve the performance of the model. Therefore, weakly supervised
learning, semi-supervised learning and self-supervised learning are leading a new study
direction of the automatic diagnosis and analysis for pathological images.

However, there are very few related reviews. Srinidhi et al. 2021 reviewed
representative supervised learning, weakly supervised learning, unsupervised learning,
and transfer learning studies in the field of computational pathology until December
2019. Rony et al. 2019 reviewed representative weakly supervised learning studies until
2020. Nevertheless, in recent years, deep learning techniques have been developing
rapidly and the new techniques continue to emerge. Therefore, a review regarding the
applications of these techniques in the automatic diagnosis of pathological images has
important theoretical value and clinical significance.

In this review, we summarize more than 130 recent technical studies systematically
on weakly supervised learning, semi-supervised learning, and self-supervised learning
in the field of computational pathology. We performed this extensive review by
searching Google Scholar, PubMed, and arXiv for papers including keywords such as
("deep learning” or ”weakly supervised learning” or ”semi-supervised learning” or ”self-
supervised learning ”) and (”digital pathology” or ”histopathology” or ”computational
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pathology”). Notably, on the one hand, we focus on papers presenting novel techniques
and theories with high impact (h-index, citations and impact factors of journals), thus
we concentrate more on studies published in top conferences (including CVPR, NeurIPS,
MICCALI, ISBI, MIDL, IPMI, AAAI, ICCV, ECCV, etc.) and top journals (including
TPAMI, TMI, MIA, etc.) on weakly supervised, semi-supervised, and self-supervised
learning in the field of computational pathology. On the other hand, since technical
research in this area is growing rapidly and more new techniques have been proposed,
we mainly cover papers published in 2019-2021. On the other hand, we also present a
meticulous summary of the disease types, tasks, datasets, and performance covered by
these papers. In total, this review contains more than 200 relevant references.

The rest of the paper is organized as follows: Section 2 expounds a general overview
of the weakly supervised, semi-supervised, and self-supervised learning paradigms in the
context of computational pathology; Section 3 includes a detailed review of the weakly
supervised (Section 3.1), semi-supervised (Section 3.2), and self-supervised (Section 3.3)
learning paradigms; We discuss the three learning paradigms and their future trends in
Section 4, and conclude the whole paper in Section 5. The list of all the acronyms used
in this review is shown in Table 1.

Table 1: List of all the acronyms in this review.

Full Name Acronyms Full Name Acronyms
Area Under ROC Curve AUC Graph Neural Network GNN
Auxiliary Classier Generative Adversarial Networks AC-GAN Hematoxylin-Eosin-Stained H&E
Average Hausdorff Distance AHD Magnication Prior Contrastive Similarity MPCS
Average Jaccard Index AJI Mean Average Precision MAP
Calinski-Harabaz Index CHI Mean Teachers MT
Contrastive Predictive Coding CPC Microsatellite Instability MSI
Convolutional Autoencoder CAE Multiple Instance Fully Convolutional Network MI-FCN
Convolutional Neural Network CNN Multiple Instance Learning MIL
Deep Learning Hashing DLH Noise Contrastive Estimation NCE
Deformation Representation Learning DRL Percentage Of Tumor Cellularity TC
Diffusion-Convolutional Neural Networks DCNNs Recurrent Neural Network RNN
Dual-Stream Multiple Instance Learning DSMIL Regions Of Interest ROI
Expectation-Maximization EM Resolution Sequence Prediction RSP
Exponential Moving Average EMA Silhouette Index SI
Focal-Aware Module FAM Support Vector Machines SVM
Frechet Inception Distance FID Temporal Ensembling TE
Generative Adversarial Networks GAN The Cancer Genome Atlas Program TCGA
Graph Convolutional Neural Network GCN ‘Whole Slide Images ‘WSI

2. Overview of Learning Paradigms and Problem Formulation

In this section, we provide a general overview and problem formulation of the three
learning paradigms reviewed in this paper, and compare them with the traditional
strongly supervised paradigm. To make the description more specific and vivid, we
present an example of accurately classifying normal and cancerous tissues in a WSI, as
shown in Figure 1. The raw data for this example WSI comes from a study on predicting
lymph node metastasis in breast cancer using deep learning (Bejnordi et al. 2017a). We
also intuitively compare and summarize these paradigms in Table 2.

For the dataset W = {I/Vz}fil consisting of N WSIs, each WSI W, is now cut
into patches {p;;,7 = 1,2,...n;}, and n; is the number of patches cut out of W;. In
the supervised learning paradigm, a large number of patches with fine-grained labels
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are available for training, so each patch is given a label y; ; € RY, and C denotes the
possible class. For example, in the binary classification task, C' = 2 and the label takes
the scalar form {0, 1} while in the regression task, C' takes the form of a continuous set
of real numbers R. The goal of the supervised learning paradigm is to train a model
fo : * = y to optimally predict the labels y; ; of the unknown patches p; ; in the test
WSI based on the loss function £. Figure 1 (a) illustrates the main process of this
paradigm. During training, the model is trained in a supervised manner using patches
cut out of the training WSIs and their labels (green for negative and red for positive)
by pathologists; during testing, the trained model is used to predict the labels of the
patches cut out of the unseen test WSIs.

In the weakly supervised learning paradigm, the label y; ; of each patch is typically
unknown, while only the label of each WSI is available, and thus the traditional strongly
supervised learning paradigm cannot work. In this review, we focus on the most
dominant weakly supervised paradigm currently used in computational pathology, the
deep multiple instance learning (MIL) approach. In MIL, each WSI is considered as
a bag containing many patches (also called instances). if a WSI (bag) is labeled as
disease-positive, then at least one patch (instance) in that WSI is disease-positive; if a
WHSI is disease-negative, then all patches in that WSI are negative. The relationship
between a WSI (bag) and its patches (instances) can be expressed mathematically as
follows.

Given a dataset W = {W;}Y consisting of N WSIs, each image W; has a
corresponding label Y; € {0,1}, ¢« = {1,2,...N}. Now each WSI W, is cut into small
patches {p;;,j = 1,2,...,n;} without overlapping each other, and n; is the number of
patches. All patches {p;;,7 = 1,2,...,n;} in W, form a bag, the bag-level label is the
label Y; of W;, and each small patch is called an instance of this bag, while the instance-
level label y; ; and its corresponding bag-level label Y; have the following relationship:

1, else

It means that the labels of all instances in the negative bag are negative, while at
least one positive instance exists in the positive bag and the labels of instances y; ; are
unknown.

As shown in Figure 1 (b), generally, there are two main goals of deep learning-based
WSI analysis, one is global slide classification, i.e., to accurately classify each WSI,
and the other is positive patch localization, i.e., to accurately classify each instance
in positive bags. A review of the current state-of-the-art weakly supervised learning
methods is presented in Section 3.1.

In the semi-supervised learning paradigm, we only have a very small number of
patches with labels, in addition to a large number of unlabeled patches that can also be
used for training. Therefore, the main goal of the semi-supervised learning paradigm
is how to use the unlabeled data to improve the performance of the models trained
with limited labeled data. As shown in Figure 1 (c), in contrast to the supervised
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Figure 1: General overview of the learning paradigms reviewed in this paper, depicted as
an example of classifying normal tissue (green) and cancerous tissue (red) in a WSI. Note
that the training data and testing data in this figure are used for description only and are
not necessarily the real case. (a) Supervised learning paradigm. (b) Weakly Supervised
learning paradigm. (c) Semi-supervised learning paradigm. (d) Self-supervised learning

paradigm.

learning paradigm, the semi-supervised learning paradigm makes use of a large amount
of unlabeled data while training with the labeled data. During testing, the trained
model is used to predict the labels of the patches in test WSIs. See Section 3.2 for a
detailed review of the semi-supervised learning methods.

Self-supervised learning is a hybrid learning approach, which combines unsupervised
and supervised learning paradigms in a pre-training and fine-tuning manner. The aim
is to get better results of supervised training though generating supervised information
from a large amount of unlabeled data, which can learn better feature representations,
and can reduce manual annotation in the subsequent tasks. Due to the small
amount of annotated data, it is not sufficient to use these data directly to train the
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Table 2: Intuitive summary and comparison of the four paradigms.

Methods Input Suitable tasks Technical paradigms Strengths ‘Weaknesses
A large number
Supervised of S",la“ patches ‘WSI-level and patch-level B'roaq Require large
. (tiled from s application, amount of
learning ) . classifica- - . .
aradigm WSls) with tion/segmentation/regression effective and fine-grained
p fine-grained simple training labeled data
labels
No need for Achieve
Weakly Entire WSIs ‘WSI-level classifica- Instance-based fine-grained limited
Supervised with overall tion/segmentation/regression, approach, Bag-based annotation, performance
learning labels or sparse Patch-level coarse-grained approach, Hybrid effectively reduce for
paradigm labels localization approach the burden of fine-grained
data annotation tasks
A limited Pseudo—labellu}lg—based Require only a
Semi- number of Co szf;ojc—ga‘ed small amount of Need to
m small patches ‘WSI-level and patch-level nsIstency-bas fine-grained satisfy
supervised . . approach, Graph-based . A .
learnin (tiled from classifica- approach. Unsupervised- annotation, various semi-
ne WSIs) with tion/segmentation/regression PP ? Sup effectively reduce supervised
paradigm A preprocessing-based N
fine-grained the burden of assumptions
approach, GAN-based N
labels data annotation
approach and others
Efficiently May result in
extract image information
A large number L features from a loss when
Self- Predictive approach,
. of small Patch-level feature . large amount of the extracted
supervised . . . Generative approach, .
. patches (tiled representations, Multiple s unsupervised features are
learning £ S Contrastive approach, Focti
aradigm rom WSIs) related down-stream tasks Hybrid approach data, effectively not
p without labels reduce the data applicable to
annotation downstream
burden tasks

model. Therefore, the self-supervised learning paradigm first learns a primary feature
representation from a large amount of unlabeled data, which is called the pre-training
process. The feature representations learned in the self-supervised auxiliary tasks are
then transferred for further training in downstream tasks using limited labeled data,
which is called the fine-tuning process. In this way, the primary feature representations
can effectively help the network to achieve an effective training result with less labeled
data.

As shown in Figure 1 (d), the pre-training process of the self-supervised learning
paradigm is typically performed through self-supervised auxiliary tasks. In the self-
supervised auxiliary tasks, certain inherent properties of the unlabeled data are first
utilized to generate supervised information, and then the network is trained by the self-
supervised information, such as self-reconstruction, random rotation followed by angle
prediction, color information discarding followed by colorization, and patch position
disruption followed by restoration. Once accomplishing these self-supervised auxiliary
tasks, the effective feature representations can be extracted. The fine-tuning process of
self-supervised learning is done in the downstream tasks. During the fine-tuning process,
a small amount of labeled data is used to perform the supervised training, and the model
is not trained from scratch, but is further trained using the feature representations
learned in the auxiliary tasks as the initial weights of the network. Finally, the trained
network is used for testing. A review of the state-of-the-art self-supervised learning
methods is presented in Section 3.3.
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3. Paradigms

3.1. Weakly Supervised Learning Paradigm

In this section, we provide a comprehensive review of the primary deep multiple instance
learning (MIL) methods currently used in the weakly supervised learning paradigm for
computational pathology. In MIL, each WSI is considered as a bag containing many
patches (also called instances). If a WSI (bag) is labeled disease-positive, then at least
one patch (instance) in that WSI is disease-positive; if a WSI is disease-negative, then
all patches in that WSI are negative.

We categorize the current deep MIL methods for WSI analysis into instance-based
methods, bag-based methods, and hybrid methods. Our categorization is mainly based
on whether the methods contain an instance classifier or a bag classifier, i.e., instance-
based methods contain only an instance classifier; bag-based methods contain only a bag
classifier; while hybrid methods contain both an instance classifier and a bag classifier.
In this way, the categories clearly cover almost current deep MIL methods for WSI
analysis. A diagram of the three methods above is shown in Figure 2. The detailed
literatures in this section are summarized in Table 3.

3.1.1. Instance-based Approach

The main idea of the instance-based approach is to train a good instance classifier to
accurately predict the potential labels of instances in each bag, and then use MIL-
pooling to aggregate the predictions of all instances in each bag to obtain the prediction
of the bag. The details are shown in Figure 2 (a). Since the true labels of each instance
are unknown, these approaches usually first assign the labels of each instance with their
corresponding bags as the pseudo labels (i.e., all instances in a positive bag are given
positive labels, and all instances in a negative bag are given negative labels), and then
train the instance classifier using a supervised way until it converges. The loss function
is usually the cross-entropy function defined between the predictions of the instance
classifier and the pseudo labels. After training, the instance classifier is used to make
predictions for all instances in the test bag, and then the predictions of each instance
are aggregated to obtain the prediction of the bag, and this aggregation process is called
MIL-pooling. Commonly used MIL pooling methods include Mean-pooling (Wang et
al. 2018), Max-pooling (Feng et al. 2017, Wang et al. 2018, Wu et al. 2015), Voting (Cruz-
Roa et al. 2014), log-sum-exp-pooling (Ramon et al. 2000), Noisy-or-pooling (Maron et
al. 1997), Noisy-and-pooling (Kraus et al. 2016), and Dynamic pooling (Yan et al. 2018)
among others.

Instance-based approach is more common in early studies, and its main advantage
lies in the direct prediction of each instance so that the localization task can be
performed conveniently. However, it has two major drawbacks. First, since the true
labels of each instance in the positive bags are not necessarily all positive, the pseudo
labels assigned to the instances in the positive bags are noisy, which will lead to
inaccurate training of the instance classifier; Second, the MIL-pooling method, which



Author guidelines for IOP Publishing journals in BTEX 2¢ 9

Bag-level
Prediction

| Instance-level |
Encoder

stance Classifier | ™= == | MiLpooling |

Instance features Instance prediction

(a) Instance-based Approach

{ Instance-level | | Bag-level

Encoder Prediction
Instance features Bag-level feature
(b) Bag-based Approach
i ) ! ] Select High risk [ [
| Instance-level | - lassifier | ™= — i
Encoder EaanssChsine : key instances Lowrisk [l 9 (]
wsl bag Instance features Instance prediction
Bag-level
) Predicti
(c) Hybrid Approach — two stage redeton
| Instancedevel | ey - P - —— | s Bag-level
e \ | sty ! Prediction
Instance features Bag-level feature

stance Classifier | ==

Instance prediction

(d) Hybrid Approach — end to end

Figure 2: Overview of multiple instance learning methods. (a) Instance-based Approach.
(b) Bag-based Approach. (c) Two-stage Hybrid Approach. (c¢) End-to-End Hybrid
Approach.

aggregates the predictions of instances in each bag, is manually designed and non-
trainable, making it less flexible and robust. Therefore, the performance of these
methods is usually limited.

3.1.2. Bag-based Approach

The main idea of the bag-based approaches is to first extract the features of each
instance in a bag using shared instance-level feature extractors, then use MIL-pooling to
aggregate the instance-level features to obtain the bag-level features, and then train the
bag classifier in a supervised manner until it converges. The specific diagram is shown
in Figure 2 (b). The loss function is usually defined as the cross-entropy loss between
the predictions of the bag classifier and the true bag labels.

MIL-pooling also exists in bag-based methods, but unlike instance-based methods,
MIL-pooling here aggregates not the predictions of instances, but the features of
instances. Mean-pooling, Max-pooling and other aggregation methods can also be used
as aggregation methods for instance features, but their drawbacks remain, i.e., they
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cannot be trained and adjusted adaptively, so they are often not flexible enough.

The key of the bag-based methods is the training of the bag classifier. Since the
true labels of the bags are available, there is no noise in their training process, so these
methods tend to be more accurate than instance-based methods in bag classification.
However, a serious problem of the bag-based approaches is that they cannot perform the
localization task easily. Furthermore, the aggregation functions for instance features are
not flexible enough to show the contribution of different instances to bag classification.

Attention-based Approach llse et al. 2018 have alleviated these dilemmas. They first
proposed to use the trainable attention mechanism to aggregate instance features, and
started a wave of study on attention-based aggregation methods by subsequent bag-
based methods. They trained both the instance-level feature extractor and a bag-level
classifier using an end-to-end manner, and used the attention mechanism to aggregate
the features and measure the significance of each instance. Tu et al. 2019 proposed a
new end-to-end graph neural network (GNN) for instance aggregation. This work is the
first GNN-based MIL work. Hashimoto et al. 2020 proposed a novel end-to-end method
for cancer subtype classification by combining MIL, domain adversarial and multiscale
learning frameworks. Yao, Zhu et al. 2017, 2020 proposed a deep attention guided
MIL framework for cancer survival analysis. They first used a pre-trained model from
ImageNet (Deng et al. 2009) to extract the features of instances in each bag, and then
used K-means algorithm to cluster the instances in each bag to obtain the phenotypic
patterns, and finally applied attention mechanism to aggregate the features of these
patterns and performed prediction.

Self-supervised Pre-training-based Approach Due to the extremely large size of WSIs
and the large number of instances cut out, direct end-to-end training of all instances
is easily limited by computational resources. Therefore, some studies first use
advanced self-supervised pre-training methods to characterize each instance and then
perform subsequent training. Lu et al. 2019 first proposed to obtain instance-level
feature representations by self-supervised contrastive predictive coding (CPC), and then
used the attention-based MIL method for instance aggregation to perform bag-level
classification. This is the first MIL study using self-supervised contrastive learning.
Zhao et al. 2020 used a pre-trained VAE-GAN (Larsen et al. 2016) to extract instance-
level features, and then used GNN to aggregate instance features and perform bag-
level classification. Li et al. 2021 proposed DSMIL, where they used contrastive pre-
training (Chen et al. 2020) to obtain the instance features, and then proposed the
masked non-local operation-based dual-stream aggregator to perform both instance-
level classification and bag-level classification.

Transformer Based Approach In MIL-based WSI analysis, not only the contribution
of different instances to bag classification should be considered, the relationships among
different instances should also be fully explored, because different instances in a WSI are
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not isolated from each other, but have strong correlation. To address this issue, Shao
et al. 2021 and Li et al. 2021 et al. used Transformer-based architectures to aggregate
instances and both achieved promising results. The former designed a Transformer-
based correlated MIL framework to explore the morphological and spatial information
among different instances and provided related proofs. The latter presented a MIL
framework based on the deformable transformer and convolutional layers.

3.1.3. Hybrid Approach

The hybrid approach combines the advantages of the above two approaches. It trains
both the instance-level classifier and the bag-level classifier, and uses the former to
predict the instance-level results while the latter for bag-level results. Overall, there are
two types of the hybrid approaches. One is the two-stage approach and the other is the
end-to-end approach.

Two-stage Hybrid Approach The two-stage hybrid approach generally trains the
instance classifier by assigning each instance in each bag with their corresponding
bag labels as pseudo labels, and then trains the bag classifier to complete the bag
classification based on the predictions of the instance classifier. Some studies have
also attempted to select the key instances in each bag based on the predictions of the
instance classifier, and then train the bag classifier based on these key instances. The
specific diagram is shown in Figure 2 (¢). Hou et al. 2016 proposed a new Expectation-
Maximization (EM) based model. They selected discriminative instances based on
spatial relationship to train the instance classifier and fed the histogram of instance
predictions into the multiclass logistic regression model and the SVM model (Chang et
al. 2011) for bag prediction. Campanella et al. 2019 first selected key instances with
the maximum prediction probability of the instance classifier in the current iteration
and assigned pseudo labels of the corresponding bag labels to them. Then they fed
the features of these key instances into the recurrent neural network (RNN) to perform
the aggregation and prediction of the bags. Wang et al. 2019 selected key instances
based on the predictions of positive instance probability and fed their features into the
global feature descriptor and used the random forest algorithm to classify the bags.
Chen et al. 2021 proposed a focal-aware module (FAM) and used thumbnails of WSI to
automatically estimate the key regions associated with the diagnosis. Then, the instance
features at different scales were extracted based on these key regions and aggregated
using GNN to perform the bag classification.

End-to-end Hybrid Approach The end-to-end hybrid approach generally trains the
instance-level classifier and the bag-level classifier at the same time. A common
approach is to train the two classifiers simultaneously by assigning each instance the
corresponding bag labels as pseudo labels on top of the bag classifier. Some studies
also train the instance classifier to select the key instances in an epoch first, and
then train the bag classifier after aggregating the instance features. The specific
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diagram is shown in Figure 2 (d). Shi et al. 2020 proposed loss-based attention
MIL. They added an instance-level loss function weighted by the instance attention
scores based on AB-MIL (Ilse et al. 2018) as a regularization term to improve the
recall of instances and used consistency constraints to smooth the training process
to improve the generalization ability. Chikontwe et al. 2020 combined top-k instance
selection, instance-level representation learning, and bag-level representation in an end-
to-end framework. Sharma et al. 2021 also combined instance selection, instance-level
representation learning and bag-level representation in an end-to-end framework. Unlike
(Chikontwe et al. 2020), they proposed to use a clustering-based sampling method to
select key instances. Lu et al. 2021 also proposed a MIL framework based on clustering
and attention mechanisms. They selected the instances with the largest and smallest
attention scores in the current bag for clustering to enhance the learning of feature space.
Myronenko et al. 2021 proposed a MIL framework combining the Transformer and CNN
architectures to compute the interrelationships between instances and aggregate the
instances features to accomplish the bag classification. They added the instance loss to
assist the optimization process.

3.1.4. Representative Clinical Studies

A large number of outstanding studies have been dedicated to address significant clinical
problems using weakly supervised methods. For example, Coudray et al. 2018 et al.
developed deep learning models for accurate prediction of cancer subtypes and genetic
mutations and sparked the whole field of weakly supervised computational pathology.
Naik et al. 2020 et al. presented an attention-based deep MIL framework to predict
directly estrogen receptor status from H&E slices. Another typical clinical work comes
from Tomita et al. 2019, who proposed a grid-based attention network to perform 4-class
classification of high-resolution endoscopic esophagus and gastroesophageal junction
mucosal biopsy images from 379 patients. Skrede et al. 2020 developed a multi-
scale deep MIL-based model to analyze conventional HE-stained slides and developed
a model that can effectively predict the prognosis of patients after colorectal cancer
surgery. Another gastrointestinal tract oncology study (Kather et al. 2019) predicted
microsatellite instability (MSI) based on a deep MIL model directly on HE-stained slides.
Currently, weakly supervised deep-learning models for digital pathological analysis has
been applied in a wide range of cancer types including breast, colorectal, lung, liver,
cervical, thyroid, and bladder cancers (Coudray et al. 2018, Chaudhary et al. 2018,
Wessels et al. 2021, Campanella et al. 2019, Anand et al. 2021, Yang et al. 2022, Li et
al. 2021, Saillard et al. 2020, Velmahos et al. 2021, Woerl et al. 2020).

3.2. Semi-Supervised Learning Paradigm

Semi-supervised learning is a branch of machine learning that combines both supervised
and unsupervised learning tasks and improves model performance by exploiting the
information associated between tasks (Zhu et al. 2005, Van et al. 2020). In semi-
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supervised learning, only a small amount of labeled data is generally available, and
besides that, a large amount of unlabeled data can be utilized for network training.
Consequently, the main goal of semi-supervised learning is how to use these unlabeled
data to improve the performance of the model trained with limited labeled data.
Scenarios of the semi-supervised learning paradigm are very common in the field of
pathological image analysis, both in diagnostic tasks and in segmentation tasks. Due to
the expensive and time-consuming fine-grained annotation, pathologists often can only
provide a small number of precise annotations for supervised training of the models,
while a large amount of unannotated data cannot be used. Training deep models with
only these limited labeled data can easily lead to over-fitting, thus significantly harming
the performance and generalization of the models. In the semi-supervised learning
paradigm, a large number of unlabeled images can be used to assist in training and thus
further improve the performance, generalization, and robustness of the models.

In the past two decades, numerous semi-supervised learning algorithms have been
proposed and widely used in the fields of natural image processing and pathological
image analysis. The representative approaches in the field of semi-supervised learning
are divided into five categories, namely pseudo-labelling-based approach (Section 3.2.1),
consistency-based approach (Section 3.2.2), graph-based approach (Section 3.2.3),
unsupervised-preprocessing approach (Section 3.2.4), and other approaches (Section
3.2.5).  We introduce these methods below, respectively. For each category, we first
describe their fundamental principles and then elaborate on their representative studies
in the field of pathological image analysis. For a systematic review of the assumptions,
concepts and representative methods of semi-supervised learning in the field of natural
images, we recommend the review by Van et al. 2020. Table 4 summarizes the detailed
list of literatures in this section.

3.2.1. Pseudo-labelling-based Approach

Fundamental Principles The pseudo-labeling-based approach is a classical and well-
known semi-supervised method (Zhu et al. 2005), which mainly consists of two
alternating processes, training and pseudo-labeling. Taking the classification problem
as an example, in the training process, one or more classifiers are first trained in a
supervised manner on the labeled data. The labeled data may be derived from the initial
accurately labeled data or from the pseudo-labeled data from the previous iterations. In
the pseudo-labeling process, all the unlabeled data are first predicted using the classifier
trained in the previous process, and then the most confidently predicted portion of the
data are selected for pseudo-labeling. Finally, these pseudo-labeled data are added to
the labeled data for the next iteration. This process is repeated until no data with high
confidence are found or all data are labeled.

The pseudo-labeling-based methods are firstly applied to the field of natural image
processing and typically contain self-training methods (Lee et al. 2013) and co-training
methods (Blum et al. 1998, Zhou et al. 2005).
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Study in Pathological Image Analysis In pathological image analysis, Singh et al. 2011
proposed a semi-supervised method of learning distance metrics from labeled data and
performing label propagation for identifying the subtypes of nuclei, which was locally
adaptive and could fully consider the heterogeneity of the data. Bulten et al. 2020
developed a deep learning system for Gleason scoring of prostate biopsies based on semi-
supervised learning. They first trained the network on a small training dataset with pure
Gleason scores, and then applied the trained network to other internal training datasets
to set reference standards. Then, the labels were corrected and relabeled using reports
from pathologists. Tolkach et al. 2020 used a pseudo-labeling-based semi-supervised
strategy to train the CNN network to accomplish Gleason pattern classification. Jasiwal
et al. 2019 proposed a semi-supervised method based on pseudo-labeling and entropy
regularization for breast cancer pathological image classification. Shaw et al. 2020
extended the study of Yalniz et al. 2019 by proposing a semi-supervised teacher-student
distillation method for the classification of colorectal cancer pathological images. Marini
et al. 2021 proposed a deep pseudo-labeling-based semi-supervised learning method
for strongly heterogeneous pathology data containing only a small number of local
annotations. Their method consists of a high-volume teacher model and a small-volume
student model, where the teacher model is automatically labeled with pseudo labels
for the training of the student model. Cheng et al. 2020 proposed a semi-supervised
learning framework based on a teacher-student model with similarity learning for the
segmentation of breast cancer lesions containing a small number of annotations and
noisy annotations.

3.2.2. Consistency-based Approach

Fundamental Principles The consistency-based semi-supervised learning approach is
mainly based on the smoothing assumption. In the smoothing assumption, the
prediction model should be robust to local perturbations within its input. This means
that when we perturb the data points with a small amount of noise, the network’s
predictions for the perturbed data points and the clean original data points should
be similar. In the implementation of deep neural networks, the consistency-based
approach can be easily extended to a semi-supervised learning setup by directly adding
unsupervised consistency loss functions to the original supervised loss functions. In the
field of natural image processing, typical methods include m-model (Laine et al. 2016),
Temporal Ensembling model (Laine et al. 2016), Mean Teachers (Tarvainen et al. 2017)
and UDA (Xie et al. 2020).

Study in Pathological Image Analysis In pathological image analysis, Zhou et al. 2020
proposed a new Mean-teacher (MT) framework based on template-guided perturbation-
sensitive sample mining. This framework consists of a teacher network and a student
network. The teacher network is an integrated prediction network from K-times
randomly augmented data, which is used to guide the student network to remain



Author guidelines for IOP Publishing journals in BTEX 2¢ 16

invariant to small perturbations at both feature and semantic levels. Su et al. 2019
proposed a novel global and local consistency loss and performed the nuclei classification
task based on the Mean-Teacher framework.

3.2.3. Graph-based Approach

Fundamental Principles Methods of graph-based semi-supervised learning typically
construct graphs to preserve the relationships of neighboring nodes, and use the graph
transformations to simultaneously exploit information from labeled data and explore the
underlying structure of unlabeled data. The key step of the graph-based semi-supervised
learning methods is to construct a better graph to represent the original data structure.
They usually define a graph on all data points (both labeled and unlabeled data points)
and use weights to encode the similarity between pairs of the data points. In this way,
the labeled information can be propagated through the graph to the unlabeled data
points. For labeled data points, the predicted labels should match the true labels; similar
data points defined by a similarity graph should have the same predictions. Graph-
based semi-supervised methods are a relatively complex and long-developed field, and
we recommend (Van et al. 2020, Chong et al. 2020) for a more thorough understanding.

Study in Pathological Image Analysis In pathological image analysis, Xu et al. 2016
proposed a new framework that combines a CNN with a semi-supervised regularization
term. They first generated a hypothetical label for each unlabeled sample, then
proposed a graph-based smoothing term for regularization. Su et al. 2015 proposed
an active learning and graph-based semi-supervised learning method for interactive cell
segmentation. Inspired by the Temporal Ensembling model (Laine et al. 2016), Shi et
al. 2020 proposed a graph-based temporal ensembling model GTE. This method creates
ensemble targets for both features and label predictions for each training sample, and
encourages the model to form consistent predictions under different perturbations to
exploit the semantic information of unlabeled data and improve the robustness of the
model to noisy labels.

3.2.4. Unsupervised-preprocessing-based Approach

Fundamental Principles Unlike the previous approaches, unsupervised preprocessing-
based approaches are typically dedicated to the unsupervised feature extraction,
clustering (cluster-then-label), or initialization of the parameters of the subsequent
supervised learning process (pre-training) from a large amount of unlabeled data. The
most popular methods include autoencoders and their variants (Vincent et al. 2008,
2011). Clustering is another method that enables adequate learning of the overall
data distribution, thus many semi-supervised learning algorithms (Goldberg et al. 2009,
Demiriz et al. 1999, Dara et al. 2002) guide the subsequent classification process through
clustering. The idea of the pre-training is to first pre-train a model using unsupervised
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methods with unlabeled data, and then use the parameters of this model as the initial
parameters of the subsequent supervised training model, i.e., the subsequent supervised
training is fine-tuned on the basis of these initial parameters. On this basis, the large
number of unlabeled data can fully guide the subsequent classification models with
limited labeled data thus improving the performance of semi-supervised learning (Erhan
et al. 2010).

Study in Pathological Image Analysis In pathological image analysis, Peikari et al. 2018
proposed a cluster-then-label semi-supervised learning method for identifying high-
density regions in the data space and then utilized these regions to help support
vector machines find decision boundaries. Lu et al. 2019 proposed a semi-supervised
method based on feature extraction and pre-training for the WSI-level breast cancer
classification task, which is the first work that relies on self-supervised feature learning
using contrastive predictive coding for weakly supervised histopathological image
classification. Koohbanani et al. 2021 proposed a joint framework of self-supervised
learning and semi-supervised learning for pathological images. They proposed three
pathology-specific self-supervised tasks, magnification prediction, magnification jigsaw
prediction and hematoxylin channel prediction, to learn high-level semantic information
and domain invariant information in pathological images. Srinidhi et al. 2022 also
proposed a framework that combines self-supervised learning with semi-supervised
learning. They first proposed the resolution sequence prediction (RSP) self-supervised
auxiliary task to pre-train the model through unlabeled data, and then they performed
fine-tuning of the model on the labeled data. After that they used the trained model
from the above two steps as the initial weights of the model for further semi-supervised
training based on the teacher-student consistency framework.

3.2.5. Other Approaches

Among semi-supervised learning, there are many other approaches, such as the methods
based on generative adversarial networks (GAN) (Goodfellow et al. 2014, 2016, Salimans
et al. 2016, Odena et al. 2016, Dai et al. 2017), Manifold-based methods (Belkin et
al. 2005, 2006, Weston et al. 2012, Rifai et al. 2011, 2011) and Association learning
based methods (Haeusser et al. 2017).

In pathological image analysis, Kapil et al. 2018 first used auxiliary classifier
generative adversarial networks (AC-GAN) for the pathological image semi-supervised
classification task and achieved favorable results. Cong et al. 2021 proposed to use
a GAN-based semi-supervised learning method to accomplish the stain normalization
problem for pathological images. Sparks et al. 2016 proposed a semi-supervised method
based on epidemic learning to accomplish a content-based histopathological image
retrieval task. Li et al. 2018 developed an Expectation-Maximization (EM)-based
semi-supervised method for the semantic segmentation task of radical prostatectomy
histopathological images. Su et al. 2021 proposed a new semi-supervised method based
on association learning for pathological image classification task inspired by Haeusser
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et al. 2017. Some studies (Foucart et al. 2019) have also attempted to analyze the
weaknesses and effectiveness of semi-supervised, noisy learning and weak label learning
based on deep learning for pathological image analysis.

3.3. Self-Supervised Learning Paradigm

Unlike the former two paradigms, the self-supervised learning paradigm does not
perform the classification or segmentation of pathological images directly, but in a two-
stage ’'pre-training and fine-tuning’ approach. Due to the small number of annotated
pathological images, it is not enough to use these data to directly train the model.
Therefore, the self-supervised learning paradigm aims to first learn effective feature
representations from a large amount of unlabeled data, which is called the pre-training
process. Afterwards, the feature representations learned in the self-supervised auxiliary
tasks are used to be transferred to train the downstream tasks using limited labeled
data, which is called the fine-tuning process. In this way, good feature representations
can effectively help the model to achieve good results even if it is trained with only a
small amount of labeled data.

The process of pre-training, i.e., the learning process of good feature
representations, is the key to self-supervised learning. Typically, self-supervised learning
learns good feature representations by performing self-supervised auxiliary tasks. In a
self-supervised auxiliary task, certain inherent properties of the unlabeled data are first
used to generate supervised signals, and then the network is trained by these self-
supervised signals. Different studies usually focus on designing different self-supervised
auxiliary tasks to perform feature representation learning efficiently. According to
the properties of the auxiliary tasks, existing self-supervised learning paradigms can
be mainly classified into predictive self-supervised learning, generative self-supervised
learning, and contrastive self-supervised learning. Predictive self-supervised learning
learns good feature representations by constructing the auxiliary tasks as classification
problems with unlabeled data; generative self-supervised learning learns good feature
representations by reconstructing the input images; and contrastive self-supervised
learning learns good feature representations by learning to distinguish between similar
samples (positive samples) and dissimilar samples (negative samples). For a systematic
review of self-supervised methods in the natural image domain and medical image
domain, we recommend the reviews by Liu et al. 2021 and Shurrab et al. 2021.

In this section, we provide a detailed review of the studies on self-supervised learning
for pathological image analysis. Currently, some studies focus on proposing innovative
self-supervised frameworks for pathological images (we call them study on novel self-
supervised frameworks), while others attempt to apply existing self-supervised learning
methods to pathological image analysis (we call them study on application of self-
supervised frameworks). We introduce studies on novel self-supervised frameworks in
Section 3.3.1, where we focus on predictive self-supervised learning, generative self-
supervised learning, contrastive self-supervised learning, and hybrid self-supervised
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learning and their state-of-the-art approaches in pathological image analysis. We
introduce the study on application of self-supervised frameworks in Section 3.3.2. Table
5 summarizes a detailed list of literatures in this section.

3.3.1. Study on Novel Self-supervised Frameworks
Predictive Self-supervised Learning Approach

Fundamental Principles Predictive self-supervised learning learns good feature
representations by constructing the auxiliary tasks as classification problems with
unlabeled data, and the class labels for classification are constructed from the unlabeled
data itself. Currently, predictive self-supervised auxiliary tasks widely applied in natural
image processing are relative position prediction (Doersch et al. 2015), solving Jigsaw
puzzles (Noroozi et al. 2016), and rotation angle prediction (Gidaris et al. 2018), etc.

Study in Pathological Image Analysis In the field of pathological image processing,
Sahasrabudhe et al. 2020 proposed the auxiliary task of predicting patch magnification
for cell nuclei segmentation. Their main idea is that given WSIs of different
magnification classes (e.g., 5x, 10x, 20x), they first obtained patches of different
magnifications from them and then predicted the magnification class of those patches
by examining the size and texture of the cell nuclei in the patches. Srinidhi et al. 2022
proposed the resolution sequence prediction (RSP) auxiliary task. First they used
patches with different magnifications to construct different combinations of resolution
sequences, and then trained the network to predict the order of the resolution sequences.
Koohbanani et al. 2021 proposed magnification prediction and solving magnification
puzzles auxiliary tasks for pathological images. They first trained the network to
accurately predict the magnification category, and then trained the network to predict
the order of the patches with different magnifications.

Generative Self-supervised Learning Approach

Fundamental Principles Generative self-supervised learning learns good feature
representations by reconstructing the input images. They argue that the image itself
is a useful self-supervised information and that the network can learn the potential
feature representations of the generated image during the image reconstruction process.
In natural image processing, autoencoders (Goodfellow et al. 2016) are representative of
early work on generative self-supervised feature representation learning. Later, denoising
autoencoders (Vincent et al. 2008) enhanced the feature representation capability of the
model by introducing noise. Subsequently, researchers proposed a series of reconstructive
self-supervised auxiliary tasks, including inpainting (Pathak et al. 2016), colorization
(Zhang et al. 2016), patch shuffling and restoration (Chen et al. 2019, Zhou et al. 2021)
to further enhance the feature representation capability of the network and achieved
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promising results. On the other hand, a series of GAN-based models (e.g., DCGAN 2015,
BiGAN 2016) have also been used to perform self-supervised representation learning.
In the latest self-supervised studies on natural images, a series (e.g., BEiT 2021, MAE
2021, PeCo 2021, etc.) of self-supervised studies based on masked image blocks and
reconstruction using Transformer achieved the highest performance, which is expected
to start a new wave of research on reconstruction-based self-supervised representation
learning.

Study in Pathological Image Analysis In pathological image analysis, Muhammad
et al. 2019 proposed a new deep convolutional autoencoder-based clustering model
to learn the feature representations of pathological images. Mahapatra et al. 2020
incorporated semantic information into a GAN-based generative model for self-
supervised feature representation learning and used it for the stain normalization task
of pathological images. Quiros et al. 2019, 2021 designed GANSs for pathological images
to extract key feature representations of tissues. Boyd et al et al. 2021 proposed a new
generative auxiliary task which performs representation learning by extending the view
of image patches. Hou et al et al. 2019 proposed a sparse convolutional autoencoder
(CAE) for simultaneous nuclei detection and feature extraction in histopathological
images. Koohbanani et al. 2021 proposed the hematoxylin channel prediction auxiliary
task, where they used hematoxylin and eosin (H&E) stained images to predict the
hematoxylin channel pixel by pixel.

Contrastive Self-supervised Learning Approach

Fundamental Principles The contrastive self-supervised approach is one of the
most popular self-supervised paradigms, which focuses on learning good feature
representations by encouraging the model to learn to distinguish between similar samples
(positive samples) and dissimilar samples (negative samples).

Contrast predictive coding (CPC) (Van et al. 2018) is an early contrastive self-
supervised method applied to natural image processing whose goal is to maximize
the mutual information between patches (positive samples) from the same image and
minimize the mutual information between patches (negative samples) from different
images within a mini-batch.  Typical subsequent studies have been devoted to
constructing negative samples. MoCo (He et al. 2020) is a momentum-based contrastive
self-supervised framework, which is mainly based on the ideas of dynamic dictionary-
lookup and queues. SimCLR (Chen et al. 2020) is a simple contrastive learning
framework that aims to maximize the cosine similarity between two augmented views of
the same image (positive samples) and minimize the similarity between different images
in a minibatch (negative samples).

These methods rely heavily on a large number of negative samples since only
positive samples will easily lead to model degeneration, i.e., mapping the features of
all samples to an identical vector. However, recent studies have shown that negative
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samples are not necessary. Caron et al. 2020 introduced clustering into contrastive
learning, thus eliminating the need for negative samples. Chen et al. 2021 explored stop-
gradient operation applied to siamese networks without the need for a large number of
negative samples. Grill et al. 2020, Caron et al. 2021 proposed a self-supervised learning
model based on a teacher-student knowledge distillation framework that achieves state-
of-the-art performance without any negative samples.

Study in Pathological Image Analysis In pathological image analysis, Xie et
al. 2020 employed patches from different magnifications as positive samples and patches
from different magnifications as negative samples and constructed scale-wise triplet
loss to perform contrastive learning for the nuclei segmentation. Chhipa et al. 2022
proposed Magnification Prior Contrastive Similarity (MPCS) to construct contrastive
loss. Xu et al. 2020 proposed a self-supervised Deformation Representation Learning
(DRL) framework to learn semantic features from unlabeled pathological images. They
used mutual information to train the network to distinguish original histopathological
images from those deformed in local structure, while consistent global contextual
information was maintained using noise contrastive estimation (NCE). Wang et al. 2021
proposed Transpath based on the BYOL framework 2020. They first collected the
current largest histopathological image dataset for self-supervised pre-training, which
includes about 2.7 million images from 32529 WSIs. Then they proposed a hybrid
framework combining CNN and Transformer to extract both local structural features
and global contextual features, and proposed a TAE module to further enhance the
feature extraction capability.

Hybrid Self-supervised Learning Approach Many studies have also presented hybrid
self-supervised methods for pathological images. Abbet et al. 2020 proposed a
combination of generative and contrastive self-supervised representation learning
method for pathological images. They first applied colorization as a generative auxiliary
task. Then, they constructed the contrastive loss using spatially neighboring patches
as positive samples and distant patches as negative samples. Yang et al. 2021 also
proposed a self-supervised representation method combining generative and contrastive
approaches for pathological images. They first proposed a generative-based self-
supervised task called cross-stain prediction, in which they defined two encoders and
decoders to predict the E-channel and H-channel, respectively, and then they used the
encoders trained in the previous task to perform further contrastive training.

3.3.2. Study on Applications of Self-supervised Frameworks

In addition to studies that aim to propose innovative self-supervised frameworks for
pathological images, more studies have attempted to apply existing self-supervised
learning methods to various pathological image analysis tasks. Chen et al. 2020
proposed an end-to-end multimodal fusion framework for histopathological images
and genomic data for survival prognosis prediction, in which they used contrastive
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predictive coding (CPC) pre-trained self-supervised features for initialization of the
network model. Ciga et al. 2022 showed through extensive experiments that using self-
supervised pre-training methods can yield better features to improve performance on
several downstream tasks. They found that the success of contrastive self-supervised
pre-training methods depended heavily on the diversity of the unlabeled training set
rather than the number of images. On the other hand, positive and negative samples
that are visually significantly different facilitate contrastive self-supervised learning,
while positive and negative sample that contain only minor differences but are generally
similar (e.g., normal patches versus patches containing only a small percentage of tumor
regions) are not conducive to contrastive learning. However, this is uncommon in
natural images, so it is particularly important to design targeted self-supervised tasks
for the characteristics of pathological images. Tellez et al. 2019 used the variational
autoencoder 2013, contrastive learning 2016 and BiGAN 2016 for the compression of
gigapixel pathological images and evaluated the performance on a synthetic dataset and
two public histopathology datasets, respectively, achieving promising results. Stacke
et al. 2021 investigated how SimCLR 2020 could be extended for pathological images
to learn useful feature representations. They systematically compared the differences
between ImageNet data and histopathology data and how this affected the goals of
self-supervised learning, and pointed out the impact that designing for different self-
supervised goals would have on the results. Chen et al. 2022 comprehensively compared
the performance of ImageNet pre-trained features, SImCLR pre-trained features, and
DINO 2021 pre-trained features in weakly supervised classification and fully supervised
classification tasks for histopathological images. They found that the DINO-based
knowledge distillation framework could better learn effective and interpretable features
in pathological images.

Saillard et al. 2021 and Dehaene et al. 2020 used the MoCo V2 2020 self-supervised
learning method to train pathological images and the experimental results showed that
the results using the self-supervised pre-trained features were consistently better than
those using features pre-trained on ImageNet under the same conditions. Lu et al. 2019,
Zhao et al. 2020, and Li et al. 2021 used contrastive predictive coding (CPC) 2018,
VAE-GAN 2016, and SimCLR 2020 self-supervised pre-trained features for weakly
supervised WSI classification, respectively, and achieved the current state-of-the-art
performance. Koohbanani et al. 2021 developed a semi-supervised learning framework
facilitated by self-supervised learning with a multi-task learning approach for training,
i.e., training with a small amount of labeled data as the main task and self-supervised
tasks as auxiliary tasks. In their study, they also compared the effectiveness of various
commonly used pathology-agnostic self-supervised auxiliary tasks (including rotation,
flipping, auto-encoder, real/fake prediction, domain prediction, etc.) to facilitate semi-
supervised learning. Srinidhi et al. 2022 also attempted to use self-supervised pre-
trained features to enhance semi-supervised learning. They first proposed the resolution
sequence prediction (RSP) self-supervised auxiliary task to pre-train the model through
unlabeled data, and then they fine-tuned the model on the labeled data. After that, they
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used the trained model from the above two steps as the initial weights of the model for
further semi-supervised training based on the teacher-student consistency framework.

In addition, self-supervised learning has been used for a variety of other pathological
tasks, such as pathological image retrieval (Shi et al. 2018, Yang et al. 2020), active
learning (Zheng et al. 2019), and molecular signature prediction (Ding et al. 2020, Fu
et al. 2020, Kather et al. 2020), etc.

4. Discussion and Future Trends

4.1. For Weakly Supervised Learning Paradigm

The two main goals of WSI analysis using the weakly supervised learning paradigm are
global slide classification, which aims to accurately predict the labels of each WSI, and
positive patch localization, which aims to accurately predict the labels of each positive
patch in the positive bags. Among above two tasks, the former can be used for rapid
automatic diagnosis of clinical pathology slides, such as early clinical screening, and the
latter can be used for precise localization of tumor cells, as well as interpretable analysis
of clinical diagnosis by deep learning networks. Based on the diagnostic results obtained
from the whole slides, pathologists are often more interested in the precise location of
tumor cells, the cell morphology and other microstructures for further analysis and
corroboration. On the other hand, pathologists also expect new knowledge from the
diagnosis of the deep neural networks, such as discovering new pathological patterns
and structures, etc. A few current algorithms can perform the task of global slide
classification well, but the task of positive patch localization is another challenge for
most algorithms. A primary reason is that the loss functions of most bag-based deep
MIL algorithms are defined only at the bag-level, and although mechanisms such as
attention (Ilse et al. 2018) can be used to measure the contribution of each instance to
the bag-level classification, the network does not have enough motivation to classify all
instances accurately (Shi et al. 2020, Qu et al. 2022). On the other hand, instance-based
methods and hybrid methods, although defining instance-level classifiers, usually face a
high risk of errors in pseudo-labeling or key instance selection. Therefore, it is a new
challenge for the weakly supervised learning paradigm to further improve the ability to
classify instances while obtaining a better slide-level diagnosis.

Further, with the emergence of the methods of the weakly supervised segmentation
in the natural image processing field (Ru et al. 2022, Xu et al. 2022, Pan et al. 2022, Lee
et al. 2021, Chen et al. 2022), a new challenging direction for WSI analysis is to perform
pixel-level semantic segmentation of the entire WSI based on weak or sparse labels. The
task of the positive patch localization, which described in the previous section is still
based on the classification of patches, and it is a more challenging task to further obtain
pixel-level segmentation results based on the weak labels. A few current studies (Xu
et al. 2019, Qu et al. 2020, Belharbi et al. 2021, Lerousseau et al. 2020) have made
attempts in this new direction, but they still face many problems such as lack of details
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Table 5: List of literatures in the self-supervised learning section.

Reference Approach  Discase Type  Staining Dataset Dataset Scale Dataset Link Self-supervised Method D Task D Performan
Sahasrabudhe et al. (2020)  Predictive - HYE MoNuSeg database 1,125,737 tiles Kumar et al. (2017) ldentification of the Nuclei segmentation
levels for tiles
BreastPathQ dataset 2579 patches Martel et al. (2019) Detection of TC: 0.876 (10% labels)
Breast Cancer Predicting the uor metastasis
Srinidhi et al. (2022) Predictive R H&E Camelyon16 dataset 399 WSIs https://camelyonl6.grand-challenge.org/D o Classification of tissue types AUC: 0.855 (10% labels)
Colorectal Cancer resolution sequences Omtetion o s
Kather muliclass dataset 100K patches Kather et al. (2019) it Accuracy: 0982 (10% labels)
clularity
Breast Cancer Camelyonl6 dataset 0 slides  hitps://canelyonlé.grand-challenge o Detection of tumor KUC: 0817 (1% labeled)
Kookbanani ctal, (2021)  Predictive " S22 Cell - e LNM-0SCC dataset 217 slides Inhouse Magnification prediction and - Prediction of metastases in AUC: 0.806 (1% labeled)
Carcinoma solving magnification puzzles  the cervical Iymph nodes
Colorectal Cancer Kather multiclas dataset 100K patches Kather et al. (2019) Classification of fissue types _ AUC: 0903 (1%labeled)
- - P —— S : s
i ol (019 Genentve Cholngiocmcions 1 PR cholagocarcnoms - o Deep clustering convolutional Subiyping of CHI: 5563(3 chsters) and 4514
(1CC) dataset autoencoder cholangiocarcinoma (clutsering weight = 0.2)
Breast Cancer CAMELYONIG dataset 100,000, ps: //camelyonl6. grand-challenge.org/Data/
, : patches Using pre-trained netwiorks : -
Mahapatra ct al. (2020)  Generative HEE 00000 hetees ) /eanetyont arandochal tenge. ora/oata) ; - Stain normalization Average AUC: 0.9320
— CAMFLYONIT dntnct ) https://canelyonl6.grand-challenge. org/Data/, or semantic gidance
patches inhouse
National Center for Tumor diseases A o
86 slides https://zenodo.org/record/12144564. Yvzd-nzBxhE  Using Generative Adversarial
Colorectal Cancer (NCT) dataset Networks (GANS) to capt Count of FID: 16,65
" s) o ca it of cancer,
Quiros ct al. (2019)  Generative HYE  Netherlands Cancer Institute (NKI) 576 tissue “ke‘\’""w ‘Emr;’_‘:“]’d“‘“ o ho:\:‘es )0 r‘:";ml s
Breast Cancer dataset and Vancowver General  micro-arrays Beck et al. (2011) . mmm:m" ymp . : FID: 32.05
Hospital (VGH) dataset (TMAs) ’ ¢ hormatie
Netherands CancerTistiute (VKL -
Breast Cancer Netherlands) and Vancouver General Up:(izn()' Beck et al. (2011) Prescating an adversarial Classifying tissue types and AUC 097 and
Quiroset al. (2021)  Generative fgp  Jlosital (VO Casada) coborts leaning model to extract  predictng the presence of tumor 0 g5 4G, .98
Colon camer Notional Cnte for Tumor disascs WK Uste o s et e epesentations in Whole Slde Images (WSls) ““7% W
(NCT, Germany) dataset tiles Fees soralzee : : of cancer tissue using multiple instance learning (MIL) :
Lung Cancer TCGA LUAD, LUSC dataset 1181 patients http://portal.gdc.cancer . gov
Binary classifcation of fles
Breast Cancer CAMELYONIT dataset 500slides  https://camelyonl.grand-challenge.org/ into metastatic and Accracy: 08560
Bodetal (21)  Generative HCE Visual feld expansion non-metastatic classes
( image assifica 5 ¢
Colorectal Cancer CRC benchmark dataset 100K image https://doi.org/10.5281/zenodo. 1214456 Classfcation of tles ato the § Accuracy: 0.8511
tiles tissue types !
Breast Cancer Camelyonl6 dataset 30 sides  https://camelyonlé.grand-challenge.org/Data/ Detection of fumor regions XUC: 0817 (1% Iabeled)
- Oral Squamous Cll LNM-0SCC dataset 217 slides Inhouse Hematosylin channel reciction of metastases i the 0 6 0 1110q)
Koohbanan et al. (2021)  Generative Carcinoma HCE o cervical lymph nodes ‘
Colorectal Cancer Kather multiclass dataset 100K patches Kather et al. (2019) prediction awiary tas Classification of tisste types AUC: 0903 (1%labeled)
Nuclews Classifcation:
Selfollected lymphocyte dassiication 7o Tnhouse Lymphocyte Classification AUC
dataset ¥ Y
7856
Nuclear s i ¢ Attribute &S o
Nuclear shape and attribute - Nty b, (2017) Nuclear Attribute &Shape AUC
chssifcation dataset 08788
Hou et al. (2019) Generative - HEE CRCHistoPhenotypes nuclens Sparse Comvolutional Nucleus detection Nucleus detection: F-measure:
’ 100 images Sirimkunwattana et al. (2016) Autoencoder (CAE) ’ N
detection dataset 08345
MICCAT 2015 mceus segmentation https:/ wiki cancerimagingarchivenet/ Lymphocyte classification: AUC
763 im
challenge dataset e pages/viewpage.action’pageld=20644646 07856
TG ung cancer dataet 05 millon rtoes e R Nucleus segmentation: DICE:
A lung ca as s rttps://cancergencne. nih.gov/ o
i, Chon, [t and Zhe cale-wise riplt Tea
ie, Chen, Liand Zheng e - HEE MoNuSeg datasct 44 images Naylor et al. (2018) Scalerwise triplet learning Nuclei segmentation AJL 07063
(2020) and count ranking
Magnific =
Chhipaetal (2022)  Contrastive  Breast Cancer HUE BreakHis dataset 7909 images Spanhol et al. (2015) agnifcation prior Olassifying histopathological Mean Accuracy: 0.9233
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and precision on the segmentation results. Overall, for the weakly supervised learning
paradigm, how to obtain the most detailed segmentation results as possible with weak
labels is another promising study direction.

Another urgent need is the publicly available WSI datasets with fine-grained
annotations at the patch level. As we all know, the scarcity of the publicly available
pathological image datasets is an important factor hindering the development of the
field. In recent years, we are grateful for the support of large public pathology datasets
such as TCGA (2019), but public pathology datasets with fine-grained annotations
are still in short supply for deeper research. To our knowledge, the large public WSI
dataset with detailed annotation at the patch level is merely CAMELYON (Bejnordi et
al. 2017a). We should encourage an individual or organization to provide more public
WSI datasets with detailed patch-level annotations to promote the development of this
study field.

4.2. For Semi-Supervised Learning Paradigm

For semi-supervised learning paradigm, a new study direction is the combination with
active learning, the purpose of which is to use the most effective labeled data to obtain
the highest performance. Active learning aims to find the most valuable samples in the
unlabeled dataset to be annotated through iterative interactions with experts, which
allows to further exploit the effects of semi-supervised learning. There are already a
lot of studies on pathological image analysis with the help of active learning (Zheng
et al. 2019, Yang et al. 2017) or combination with semi-supervised learning and active
learning (Su et al. 2015, Parag et al. 2014).

Another challenge is the effect that noisy data and domain variation have on the
performance of semi-supervised learning algorithms. In the field of computational
pathology, noisy annotations are very common, because the instance features of
pathological images are very complex and variable, and their sizes are so huge that
doctors are likely to suffer from missing and mislabeling during annotation. When
performing multicenter validation, significant staining variation between the slides from
different centers is also very common as there is no uniform standard for staining
pathological images among different centers. Both the noisy labels and the domain
variation are powerful factors that affect the performance of semi-supervised learning
in real-world scenarios. Recent studies (Koohbanani et al. 2021, Cheng et al. 2020, Shi
et al. 2020, Foucart et al. 2019, Marini et al. 2021) have made efforts on these two
problems, and more studies in this field are expected.

4.8. For Self-Supervised Learning Paradigm

For self-supervised learning paradigm, although current relevant studies in the field
of natural images are developing rapidly, the direct applications of these methods
to pathological images will be hindered by the strong domain discrepancy (Ciga et
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al. 2022, Koohbanani et al. 2021). Therefore, how to design more effective self-supervised
auxiliary tasks for pathological images is a promising direction.

On the other hand, self-supervised learning has been promoting the development of
weakly supervised learning and semi-supervised learning in pathological image analysis.
As we all know, it is difficult for a network to learn effective feature representations
with very limited annotations. In contrast, self-supervised learning is very suitable for
learning effective feature representations from a lot of unlabeled data. Therefore, it
will be a popular way to combine the features extracted by self-supervised pre-training
with the weakly supervised or semi-supervised downstream tasks in the future. On
the one hand, the efficient feature representations obtained from self-supervised pre-
training will greatly improve the efficiency of weakly supervised learning and semi-
supervised learning, and on the other hand, weakly supervised learning or semi-
supervised learning will fully release the new potential of self-supervised learning in
the field of computational pathology.

4.4. Limitations

This review also has several limitations. First, due to space limitations, this review
does not include more clinical studies. We focus more on top technical conferences
and journals and do not include more excellent papers published in clinical journals.
For more systematic reviews of clinical studies, see (Cifci et al. 2022) and (Kleppe et
al. 2021) for details. In addition, since there are so many technical studies on artificial
intelligence applied to computational pathology, it is difficult to summarize them all,
and due to space limitations, we have tried to include as many recent articles as possible,
while some of them have not been included.

5. Conclusion

In this review, we provide a systematic summary of recent studies on weakly
supervised learning, semi-supervised learning, and self-supervised learning in the field of
computational pathology from the theoretical and methodological perspectives. On this
basis, we also present targeted solutions to some current difficulties and shortcomings
in this field, and illustrate its future trends. Through a survey of over 130 papers, we
find that the field of computational pathology is marching at high speed into a new era,
which is automatic diagnosis and analysis with fewer annotation needs, wider application
scope, and higher prediction accuracy.
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