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Abstract 
Histopathology detection is a critical clinical step in determining whether a patient has 
cancer and the type of cancer, and its results directly determine how the physician treats 
the patient. However, the detection of histopathological images is highly dependent on 
the experience of histopathologists and the amount of work involved in the detecting. 
Automated evaluation of cancerous tissue by artificial intelligence (AI) systems may help 
pathologists reduce workload and prevent subjective bias in cancer diagnosis. The 
purpose of this study is to review new applications of deep learning in histopathology 
classification. This review discusses both supervised learning and semi-supervised 
learning. This paper also introduces convolutional neural network (CNN) and semi-
supervised techniques applied to medical images mainly. Finally, the paper summarizes 
the possible challenges of deep learning in histopathology classification. 
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1. Introduction 

1.1 Histopathological Image 

In the development of modern medicine, cancer has always been a serious threat to the safety of 
human health. In recent years, the incidence and mortality rate of cancer have shown a continuous 
increase, and early detection and diagnosis is the key to its cure. Cancer begins with the uncontrolled 
proliferation of tissue cells, during which the cell morphology changes and tumors are formed. 
Normally tumors can be divided into two categories: benign and malignant. Benign tumors grow 
relatively slowly and do not invade adjacent tissues. Malignant tumors are much more dangerous, 
they grow rapidly and may spread to different parts of the body. For malignant tumors, the first step 
in treatment is to detect them in time. Cancer is usually detected during screening prior to the onset 
of symptoms or after a lump is found. At this point, determining the type of tumor by biopsy is a 
crucial step in the process of confirming the diagnosis. The tissue cell samples taken during the biopsy 
are made into histopathological sections for microscopic observation. The observation of tissue cell 
morphology through histopathology sections is the most direct way to determine if cancer is present 
and to identify the type of cancer [1]. Biopsy and microscopic examination are two essential parts of 
the histopathological analysis. First, the physician removes a small piece of tissue from the suspected 
area. After being processed, it is stained with hematoxylin and eosin (H&E). The pathologist then 
uses a microscope to magnify the tissue cells at various magnifications and carefully analyzes the 
stained glass tissue sections to determine the tumor type. Microscopic images will be saved in the 
form of digital images. Early diagnosis of histopathology relies on useful information gathered from 
previous diagnostic data. The development of computer-aided diagnosis has benefited from this 
process. 
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1.2 Computer-aided Diagnosis 

To improve the efficiency and accuracy of physicians' diagnosis, medical image diagnosis has been 
a key area of AI technology development in recent years [2]. Since the diagnosis of histopathology 
images relies heavily on the experience of pathologists. Analyzing a large number of diverse 
histopathology images can be challenging for healthcare organizations that do not have pathologists 
with sufficient experience. To address this challenge, artificial intelligence techniques are beginning 
to be applied to histopathology image classification and provide an end-to-end solution. In the past 
decades, a large amount of research has relied on image processing and machine learning techniques 
to automate image classification. With the increase in computer arithmetic power and the increase in 
computer memory, deep learning techniques with better performance have started to be widely used 
in the field of computer-aided diagnosis. Deep convolutional networks extract image features 
abstractly representing samples as multidimensional matrices. The input image is transformed 
linearly and nonlinearly layer by layer by the model, making the abstract representation sufficient to 
generalize the image features. After a plausible model is obtained through training, computer-aided 
diagnosis can significantly reduce the cost of diagnosis and save a lot of time and effort for physicians 
and pathologists. There have been many examples of feature extraction as well as classification using 
deep convolutional network models for various types of pathological images such as breast cancer, 
lung cancer, colon cancer, etc., and good results have been achieved. 

In general, most current computer-aided diagnosis is based on supervised learning, which means that 
training involves only labeled samples. But this usually requires a large number of annotated images 
for model training. How to obtain a large number of annotated medical images is another challenging 
problem. Due to the special nature of medical images, the issue of patient privacy cannot be ignored. 
Specifically, due to medical data privacy regulations, it is usually not feasible to collect and share 
patient data directly from the massive databases of medical institutions. Therefore the data usually 
needs to be stripped of personal health information before it is used for training in computer-aided 
diagnosis. However, this process often requires manual work, which is a huge amount of labor. 
Furthermore, the first step in training a model is to tell the computer a priori knowledge, which means 
that a professional pathologist is needed to first annotate the data set. This to some extent defeats the 
original purpose of computer-aided diagnosis. So how to use a small amount of labeled data and a 
large amount of unlabeled data to train a model that can achieve the desired effect has become a hot 
topic of current research. 

1.3 Paper Structure 

This paper reviews the application of deep learning techniques in histopathology image classification 
in terms of both supervised and semi-supervised learning. The rest of the paper is structured as follows. 
Section 2 will discuss in depth the knowledge and background of deep learning and semi-supervised 
learning, briefly introduce the main datasets and evaluation methods covered in this paper. Section 3 
will discuss the application of deep learning for classification of different histopathological images. 
Applications of different semi-supervised learning methods will be given in section 4. The challenges 
will be presented in Section 5. Finally, Section 6 summarizes the research review. 

2. Basics and Background 

2.1 Deep Learning Overview 

Deep learning is a subclass of artificial intelligence that enables computers to have analytical 
capabilities for information by abstractly learning the intrinsic laws of samples. For image 
classification, deep learning converts digital images into abstract high-dimensional feature 
representations through multilayer neural networks, and then performs complex classification tasks. 
In view of its excellent performance on general data sets, deep learning has been widely used in the 
field of medical image classification in recent years [3]. Deep learning algorithms have achieved 
performance comparable to human experts in some studies [4], which means that deep learning 
methods have great research value in the field of medical imaging, especially histopathology. 
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Common deep learning models include convolutional neural networks [5], deep trust networks [6], 
stacked autoencoder networks [7], and deep Boltzmann machines [8]. Figure 1a shows the statistics 
of the number of deep learning studies based on histopathology classification. Figure 1b shows the 
statistics about the distribution of deep learning research areas obtained based on the Web of Science 
Core Collection search in the last 5 years. 

 

 
Figure 1. Statistics of deep learning methods on histopathology classification in the last 5 years. 

 

Convolutional neural network is the most common model in deep learning methods. It is widely used 
in tasks such as image classification, target detection, and natural language processing. CNN was first 
proposed by LeCun et al. [9] in 1989, and the proposed network is the original version of LeNet [10]. 
The original CNN training combines feed-forward and back-propagation algorithms. In the forward 
pass, parameters are passed into the network through the input layer and are sequentially passed 
through the network layers of convolutional, pooling, and fully connected layers, where the input 
information is processed layer by layer. After passing through the fully connected layer, the features 
are used to calculate a specific loss function and to reverse optimize the network parameters. After 
repeated iterations of training, the optimization of the model is completed by reducing the loss 
function. 

 

 
Figure 2. An example of a convolutional neural network. 

 

Figure 2 shows an example of the CNN. In this case, the convolutional layer is used to extract features 
from the input data using convolution, and it generates a new feature map through local connectivity 
and shared weights. Local connectivity means that each neuron is only connected to a local region of 
the previous feature map through the receptive field. This allows the convolutional layer to synthesize 
global information at a high level only locally. Shared weights means that the same size filter is used 
for neurons at the relevant depth to reduce the number of parameters. Convolution is a linear operation 
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and has affine invariance. Pooling layer is a form of nonlinear down sampling and its main role is to 
reduce the computational effort by reducing the parameters of the network. It divides the input feature 
map into rectangular regions and outputs the maximum or average value for each subregion. The 
inclusion of a pooling layer in the model can prevent overfitting to some extent. In a fully connected 
layer, each neuron is fully connected to all neurons in its preceding layer to integrate local information 
that is category-distinct in the convolutional or pooling layer.  In supervised deep learning methods, 
researchers usually optimize the network structure to obtain better model performance. 

2.2 Semi-supervised Deep Learning Overview 

Compared with supervised deep learning methods, semi-supervised deep learning methods use a 
limited number of labeled samples and a large number of unlabeled samples to train the model for 
the purpose of reducing the labeling cost. For medical images, especially histopathology images, 
labeled samples are costly to collect, whereas unlabeled samples are relatively easy to collect. 
Therefore, semi-supervised methods using a limited number of labeled samples and a large number 
of unlabeled samples are very meaningful in histopathology image classification. In the field of 
medical image classification, recent semi-supervised learning methods can be classified into three 
categories: 1) generative adversarial network-based methods, 2) graph-based methods, and 3) 
consistency-based methods. The principles of these three types of methods are briefly described 
below. 

Generative adversarial network-based approach. Generative adversarial networks (GAN) is a deep 
generative model proposed by Goodfellow et al. [11] in 2014. GAN consists of two modules, a 
generator and a discriminator. The generator generates a random noise into an image and the 
discriminator determines whether the image is true, which is a dynamic game process. The standard 
generative adversarial network is supervised, and its training does not involve unlabeled samples. In 
2016, Saliman et al. [12] proposed a semi-supervised generative adversarial network. Semi-
supervised GAN is trained in the K classification problem, the discriminator of the GAN is changed 
to a K + 1 class classifier, where the K + 1 class is the anomaly class (false images generated by the 
generator). For the classifier, supervised learning with standard K classification is performed for 
labeled samples. In contrast, for the unlabeled samples and the false sample classifier generated by 
the generator, the images considered as false samples are classified into class K + 1. 

Graph-based approach: Graph-based semi-supervised learning directly or indirectly exploits the 
stream shape assumption [13]. The core idea is that the flow structure between sample data is first 
represented by a graph structure. A graph is built based on the training set and some similarity 
measure, and the nodes in the graph correspond to all samples in the training set (both labeled and 
unlabeled samples). If two samples are correlated with each other, an edge exists between the 
corresponding nodes, and the strength of the edge reflects the correlation between the samples. Then, 
based on the adjacency relationship on the graph, the labeled samples are propagated sequentially to 
the unlabeled samples in the immediate neighborhood to infer the labels of the unlabeled samples. A 
smooth distribution of category labels over all training samples is finally achieved. 

Consistency-based approach: Consistency strategy means that the prediction results of the model for 
the perturbed training samples should be consistent with the original prediction results [14]. Since 
this type of approach does not rely on the true labeling of the samples, a large amount of unlabeled 
data can be used. For a given input sample, it forces the model to create different perturbed samples 
of the same input. Then in training it makes the prediction results of different perturbed samples the 
same. Specifically, for labeled samples, the standard cross-entropy loss function can be used to 
calculate the error. While for unlabeled samples, consistent regularization strategies such as minimum 
mean square error or KL scatter can be used. The process of minimizing the distance between 
unlabeled data and its perturbed output differs for each method. Finally, it is also necessary to add 
weight coefficients to both supervised and unsupervised losses to construct an overall semi-
supervised loss function. 
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2.3 Dataset Overview 

With the digitalization of histopathology images, there are an increasing number of medical research 
institutions publishing relevant datasets to facilitate the development of computer-aided diagnosis of 
medical images. This subsection highlights some of the commonly used datasets used in this review 
study including breast histopathology image dataset (BreakHis), colon histopathology dataset (NCT-
CRC-HE-100K), and lung cancer histopathology dataset (ACDC-@ LUNGHP). 

The breast cancer histopathological database (BreakHis) dataset published by Spanhol et al. in 2016 
contains 7909 histopathological images of the breast from 82 patients [15]. BreakHis gives fine-
grained clinical staging information for lesions in the breast, including adenosis (A), fibroadenoma 
(F), phyllodes tumor (PT), tubular adenoma (TA) in benign lesions, and ductal carcinoma (DC), 
lobular carcinoma (LC), mucinous carcinoma (MC), and papillary carcinoma (PC) in malignant 
lesions. This allows the BreakHis dataset to advance not only benign-malignant dichotomous 
algorithms, but also more clinically significant pathological staging algorithms (multi categorization). 

Kather et al. [16] released the Colorectal Cancer with Hematoxylin & Eosin stained (NCT-CRC-HE-
100K) dataset in 2018. It includes 100,000 224 × 224 pixel chunks of H&E-stained pathology images 
(Kather et al., 2018), with each pixel in a chunk corresponding to 0. 5 μm × 0. 5 μm of tissue. The 
dataset includes adipose (ADI), background (BACK), debris (DEB), lymphocytes (LYM), mucus 
(MUC), smooth muscle (MUS), normal colon mucosa (NORM), cancer-associated stroma (STR), 
and colorectal adenocarcinoma epithelium (TUM), for a total of nine different types of tissue 
classified at a fine-grained level. These pathology images were acquired from two medical research 
centers in Heidelberg, Germany. In order to eliminate color differences between sections from 
different data sources during production, scanning, etc., all images have been stained and standardized 
according to the method of Macenko et al. [17]. 

The 2019 International Symposium on Biomedical Imaging (ISBI) hosted the automatic cancer 
detection and classification in whole-slide lung histopathology (ACDC@LUNGHP) challenge [18]. 
The dataset provides 200 H&E-stained cancer biopsies, and all samples were digitized using the same 
scanner. Each sample in the dataset has been manually annotated with cancer regions by experienced 
pathologists. The dataset can be used for training classification and segmentation tasks. 

2.4 Performance Evaluation 

In computer-aided diagnosis, good or bad performance cannot be evaluated without various 
evaluation criteria. When samples are correctly classified, malignant and benign samples are 
categorized as true positive (TP) and true negative (TN), respectively. When samples are 
misclassified, malignant and benign samples are classified as false positive (FP) and false negative 
(FN), respectively. Accuracy, precision, recall and F1 score are the most commonly used evaluation 
metrics in histopathological classification. These metrics are briefly described as follows. 

Accuracy indicates how many samples of this experiment result are completely correctly classified. 
It is represented by Equation 1. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =                            (1) 

 

Precision indicates the extent of correctness of the cancer prediction. For histopathology image 
classification, a higher value of it indicates a lower probability that a patient is misdiagnosed. It is 
represented by Equation 2. 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =                               (2) 
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Recall indicates the probability of being correctly classified in a sample that is predicted to be positive. 
It visually reflects the correct estimate of patients diagnosed with cancer. It is represented by Equation 
3. 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =                                (3) 

 

F1 score is a metric used to indicate precision in dichotomous classification. It is calculated on the 
basis of precision and recall. It has a maximum value of 1 and a minimum value of 0. The F1 score 
is usually used to further evaluate model performance when precision and recall performance are in 
conflict. It is represented by Equation 4. 

 

𝐹  𝑆𝑐𝑜𝑟𝑒 = 2 ×
×

                      (4) 

3. Application of Supervised Deep Learning in Histopathology Image 

In recent years, deep learning techniques have been widely used for histopathology feature extraction 
to improve classification efficiency. Most of these methods are trained on a dataset of all labeled 
samples, which is known as supervised deep learning methods. This section lists some of the studies 
that have been conducted in the last three years using deep learning methods for classification of 
histopathology images. Table 1 provides a summary of the studies covered in this section.  

 

Table 1. Summary of the research methods supervised in this review 

Reference Year Dataset used 
Class 

number 

Performance evaluation 

Accuracy Precision Recall F1 score 

Boumaraf et al. 
[19] 

2021 BreaKHis Eight 92.03 91.39 90.28 90.77 

Behar et al. [20] 2022 BreaKHis Two 99.24 99.12 99.12 99.12 

Gupta et al. 
[21] 

2021 BreaKHis Two 99.75 99.18 99.37 - 

Kashyap et al. 
[22] 

2021 BreaKHis Two 95.15 96.00 98.00 - 

Barzekar et al. 
[23] 

2022 BreaKHis Two 99.34 99.43 99.65 99.52 

Ghosh et al. 
[24] 

2021 CRC-HE Nine 96.16 96.17 - 96.16 

Chen et al. [25] 2022 CRC-HE Nine 99.79 - - - 

Hamida et al. 
[26] 

2021 CRC-HE Nine 99.76 - - - 

Li et al. [27] 2020 
ACDC-@ LUNGHP Two 79.70 - - - 

DigestPath 2019 Two 77.30 - - - 

Šarić et al. [28] 2019 ACDC-@ LUNGHP Two 75.41 - - - 

Gupta et al. 
[29] 

2021 
The Malignant 

Lymphoma dataset 
Two 96.88 - - 96.80 

 

Boumaraf et al. [19] proposed a new method for breast cancer classification in histopathological 
images based on migration learning. The method applies the pre-trained deep neural network ResNet-
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18 to this problem and this migration learning approach is based on a block-level fine-tuning strategy. 
Behar et al. [20] proposed a convolutional neural network model for cancer and non-cancer 
classification. The model fully extracts and integrates complex local and global features of 
histopathology images with data expansion and adjusted class weights. Gupta et al. [21] proposed an 
improved residual neural network-based approach for breast cancer detection from histopathology 
images. The authors added adaptive mean pooling and adaptive maximum pooling to the improved 
network and used two-layer batch normalization, dropout and fully connected layers to replace the 
global mean pooling in the standard network. Kashyap et al. [22] used a random dilation convolution 
model to avoid missing tiny and low-level features. The model combines three units of spatially 
expanded convolution, channel expanded convolution and expanded convolution to effectively solve 
the depth problem of random pooling and maximum pooling in order to obtain more image 
information of histopathology images. Barzekar et al. [23] proposed a novel convolutional neural 
network architecture consisting of multiple networks in series for histopathology image classification. 
And it is experimentally demonstrated that multiple networks are more effective than a single network. 

Ghosh et al. [24] proposed a deep integrated neural network that significantly improves efficiency 
and minimizes model variance by merging predictions from various model architectures to provide a 
new dimension in colorectal cancer histopathology image analysis. Their proposed method can 
rapidly and reliably identify tumor cells from blocks of colorectal histopathology images. Chen et al. 
[25] proposed a framework based on attentional mechanisms and interactive learning, which 
combines different attentional mechanisms to achieve automatic learning. The misclassified images 
were iteratively trained by manually marking attention regions in the proposed method to enable the 
interaction process. Hamida et al. [26] used a deep learning architecture to classify and highlight 
colon cancer regions in this study and explored the effectiveness of the migration learning approach 
in the context of histopathology learning images. Experimental results show that for the NCT-CRC-
HE-100K dataset, 99.76% classification accuracy was achieved using a fine-tuned ResNet model. 

Li et al. [27] proposed a method based on SU-net and DU-net multiscale fusion structures for 
automatic detection of histopathology images. Experiments with two open challenge datasets, 
ACDC-@ LUNGHP and DigestPath 2019, validated that this fusion model can achieve higher 
accuracy in lung cancer tissue and colonoscopy malignant tissue classification. Šarić et al. [28] 
compared the VGG16 and ResNet50 CNN architectures in a lung cancer histopathology classification 
task. The presented results show that convolutional neural networks have the potential to perform 
lung cancer diagnosis from whole slide images. The experiments achieved a classification accuracy 
of 75.41% for the ACDC-@ LUNGHP dataset. Gupta et al. [29] proposed a lightweight model based 
on deep learning by reducing the number of channels and thus simplifying the model parameters. 
During training, the authors cropped the histopathology images into small size patches. In the patch-
based training, the test set accuracy reached 96.88% and the F1 score reached 0.968. 

4. Application of Semi-supervised Deep Learning in Histopathology Imaging 

Compared to supervised deep learning, semi-supervised methods are usually more challenging. In 
recent years, with the rapid development of deep learning techniques, researchers have started to 
focus on model training using a small number of labeled samples to reduce the impact of under-
labeling the dataset. Semi-supervised learning methods are still in the exploratory stage, and there is 
often only a small amount of research in many novel directions. However, this does suggest that semi-
supervised deep learning methods have great potential for application to histopathology image 
classification. Here are a few studies using semi-supervised deep learning to classify histopathology 
images. 

Yang et al. [30] proposed a hybrid self-supervised histopathology image visual representation 
learning method combining generation and discrimination. A new data enhancement method is 
proposed for domain-specific knowledge of histopathology. Specifically, the authors use cross-
staining prediction to leverage domain-specific knowledge of histopathology images and use staining 
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vector perturbation to optimize histopathology image contrast learning. The proposed model is 
experimented on the NCT-CRC-HE-100K dataset and achieves an eight classification accuracy of 
0.915 using 1000 labeled data. 

Shi et al. [31] proposed a graph-based self-integrating semi-supervised deep learning architecture for 
histopathology image analysis. This approach constrains all samples through graph time integration. 
This resulted in the same prediction results for samples under different configurations, improving the 
robustness of the model to noisy labels. The authors conducted experiments on lung cancer and breast 
cancer histopathology image datasets and obtained 90.5% and 89.5% classification accuracies using 
20% labeled samples, respectively. 

The semi-supervised approach proposed by Su et al. [32] improves the model performance for 
histopathology image classification by introducing a novel loss function. By introducing the ACC 
loss function, the model can suppress association loops between labeled embeddings from the same 
histopathology image, thus encouraging the CNN model to generate embeddings that are robust to 
intra-class variation. By introducing the MCA loss function, labeled patches are used to maximize 
the conditional association probability of unlabeled patch embeddings. And the authors validated the 
effectiveness of the method on Bioimaging2015 dataset and BACH dataset. 

Wang et al. [33] proposed a deep migration semi-supervised domain adaptation framework applied 
to histopathology WSI. The method uses a patch-based CNN model to propose high-level features 
from the patches. And the researchers proposed a multi-weighted domain adaptive loss function for 
semi-supervised domain adaptive alignment to improve the model performance. And the authors 
introduce a novel streamwise regularization in the loss function to make full use of the target domain 
features. The authors conducted experiments on two colon cancer datasets and obtained a binary 
classification accuracy of 94.32% with only a small number of labeled samples. 

Das et al. [34] proposed a semi-supervised learning framework based on generative adversarial 
networks, and the generative adversarial networks are based on deep neural networks. The model is 
trained in adversarial fashion using labeled and unlabeled samples. The training is divided into 
unsupervised mode and supervised mode. The model learns the data distribution by extracting 
features from a large number of unlabeled samples. In supervised mode, the discriminator learns to 
classify these extracted features into different class labels using information obtained from a limited 
set of labeled samples. The authors conducted experiments on the MITOS-ATYPIA14 challenge 
dataset and obtained a classification accuracy of 98.22% with a labeled sample proportion of 20%. 

5. Challenges 

There is a large body of literature on the application of deep learning techniques in histopathology 
image classification with positive results. However, there are still limitations in this area. Some of the 
challenges are discussed below. 

a) Lack of large histopathology datasets. Supervised learning methods with better performance in 
general require a large amount of training data. Moreover, the training performance depends heavily 
on the size and quality of the dataset. However, building large histopathology datasets requires a large 
number of experienced pathologists and the need to overcome patient privacy issues. 

b) Lack of uniform standards for datasets. Due to the complexity of the process of acquiring 
histopathology images, even in the same dataset, there is a large variation in image staining obtained 
by different research institutions at different times of processing. In the context of a small number of 
histopathology datasets, the use of multiple datasets in a study may negatively impact the training of 
computer-aided diagnosis due to the lack of uniformity in standards across datasets. 

c) Deep learning techniques have achieved excellent results on large natural scene datasets such as 
ImageNet datasets. However, histopathology images have a wide range of inter-class similarities 
compared to natural scenes. This makes the classification of histopathology images more challenging. 
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It is a challenge to apply methods that have high performance in natural scenes to histopathology 
classification. 

d) In many studies based on semi-supervised learning, there is only little overlap between some basic 
ideas. However, in some methods that have been validated, mixing multiple methods in a model has 
shown positive results, such as MixMatch, FixMatch. therefore, there are still many reasonable 
combinations in histopathological image classification that have not been explored. 

e) In recent years, most histopathology classification studies have been based on supervised semi-
supervised classification methods, and a small number of researchers have applied semi-supervised 
methods to them. However, in practice, it is difficult to collect histopathology images labeled by 
professional pathologists with correct labels. Therefore, it is of greater interest to explore the use of 
completely unsupervised learning methods. 

6. Conclusion 

In this study, we review recent research using supervised and semi-supervised deep learning methods 
in histopathology images. The review also focuses on convolutional neural networks and semi-
supervised deep learning methods commonly used for medical images. Deep learning methods have 
been widely used in histopathology classification, but the practical problem faces the difficulty of 
obtaining labeled samples. How to train models with less labeled data and improve model 
performance is a possible focus of future research. 
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