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Abstract
Machine learning techniques, especially deep learning techniques such as convolutional neural networks, have been
successfully applied to general image recognitions since their overwhelming performance at the 2012 ImageNet Large
Scale Visual Recognition Challenge. Recently, such techniques have also been applied to various medical, including
histopathological, images to assist the process of medical diagnosis. In some cases, deep learning–based algorithms have
already outperformed experienced pathologists for recognition of histopathological images. However, pathological images
differ from general images in some aspects, and thus, machine learning of histopathological images requires specialized
learning methods. Moreover, many pathologists are skeptical about the ability of deep learning technology to accurately
recognize histopathological images because what the learned neural network recognizes is often indecipherable to humans.
In this review, we first introduce various applications incorporating machine learning developed to assist the process of
pathologic diagnosis, and then describe machine learning problems related to histopathological image analysis, and review
potential ways to solve these problems.

Keywords Machine learning . Deep learning . Digital pathology .WSI (whole slide image)

Introduction

Neural network–based deep learning (DL) technologies have
evolved rapidly since their overwhelming performance at the
2012 ImageNet Large Scale Visual Recognition Challenge
and now exceed human recognition accuracy, at least for gen-
eral image recognition [1]. In some cases, DL performs better
than experienced pathologists in recognizing histopathologi-
cal images, as exemplified by DL detection of lymph node
metastases of breast cancer, first reported in 2017 [2]. The
technology progress of digital pathological image analysis is
extremely rapid, and many related technologies are also being
developed. One such technology merges DL machinery

within a microscope and is able to display tumor cells from
a microscopic image in real time as augmented reality [3].

Histopathological images differ from general images. For
frequently used hematoxylin and eosin (H&E)-stained im-
ages, variations in the stainability of individual cases are ac-
knowledged by the image analysis community [4–8], posing a
problem that remains unsolved. One issue is that most patho-
logical image data annotations are at a slide level. For exam-
ple, an entire pathology slide might be labeled as Bbreast
adenocarcinoma,^ even though, in most cases, cancer cells
are only found in a small part of the slide. This recognition
challenge differs substantially from general image tasks such
as DL recognition of human faces; consequently, the DL net-
work must be able to learn weakly annotated data.

A major reason why many pathologists are skeptical about
the ability of DL technology to accurately recognize histo-
pathological images is because it is difficult for humans to
know what exactly the learned neural network recognizes.
This problem has also inspired the development of techniques
to determine specific features of pathological images that deep
neural networks can recognize [9–11]. By comparing this in-
formation to the judgments of pathological experts, one can
confirm whether the DL network can recognize both trained
and novel cases and whether it captures features that are

Electronic supplementary material The online version of this article
(https://doi.org/10.1007/s00428-019-02594-w) contains supplementary
material, which is available to authorized users.

* Shumpei Ishikawa
ishum-prm@m.u-tokyo.ac.jp

1 Department of Preventive Medicine, Graduate School of Medicine,
The University of Tokyo, 7-3-1 Hongo, Bunkyo-ku,
Tokyo 113-0033, Japan

Virchows Archiv (2019) 475:131–138
https://doi.org/10.1007/s00428-019-02594-w

http://crossmark.crossref.org/dialog/?doi=10.1007/s00428-019-02594-w&domain=pdf
https://doi.org/10.1007/s00428-019-02594-w
mailto:ishum-prm@m.u-tokyo.ac.jp


histopathologically and biologically rational. It should be very
effective to incorporate such steps at each process of parame-
ter optimization.

In this review, we describe some machine learning appli-
cations and problems related to histopathological image anal-
ysis and review potential solutions for the problems.

Machine learning applications in pathologic
diagnosis

Detection, segmentation, or quantification of specific
objects

Various applications incorporating machine learning are being
developed to assist the process of pathologic diagnosis. Major
applications that have been studied so far include detection of
specific objects such as cancer cells [12], cell nuclei [13–15],
cell divisions [16–18], ducts [19, 20], and blood vessels [21],
classification and grading of tumors [2, 22–24], and quantita-
tive evaluation of immunostaining [25]. Supervised learning
techniques, which depend on training data with object or di-
agnostic labels, are usually applied to these applications. It is
effective to pick up candidates for tasks that take a lot of time,
such as detection of lymph node, cancer micrometastasis, or
cytology examination. Some companies such as Indica Labs
are developing or have developed such techniques in their
products to help pathologists’ diagnosis [26–30].

Content-based image retrieval

The process of searching for images that are similar to query
images from histopathological databases is referred to as
content-based image retrieval (CBIR). CBIR is extremely use-
ful for pathologic diagnosis process [31–35]. Inexperienced
(and even experienced) pathologists encounter novel cases
with a certain probability. Usually, after discussing with other
senior pathologists, they will search for a similar tissue image,
turning over page after page within the histopathology atlas.
This method of pathology diagnosis is time-consuming, and it
is difficult to do a systematic search. CBIR can greatly im-
prove the probability of reaching a correct diagnosis for diffi-
cult cases by quickly retrieving similar cases from accessible
pathological image databases.

CBIR requires quantification of similarities among images
from both histopathological and general image viewpoints.
Although this may be an extremely complicated evaluation,
texture information extracted by the deep neural network
(deep texture) accurately depicts pathological image charac-
teristics in cancer cases and has been used to search for similar
images and to achieve accurate results [31].

Machine learning problems related
to histopathological image analysis

Normalizing images from different pathology
laboratories

H&E staining is used worldwide for pathologic diagnosis,
but how the tissue is stained varies case by case, depending
on staining and washing conditions. Images generated from
such stained slides can vary further depending on the scan-
ner. Except for very rare cases where staining variations are
evenly present across compared groups (e.g., comparing
cancer and healthy tissue or different forms of cancer),
these variations systematically affect the entire learning
process because of between-group differences in prepara-
tion timing and other factors. Methods for addressing this
challenge include color normalization, which adjusts the
color of pixels so as to match the color distribution of the
source image to that of a target image [4–8] (Fig. 1a), and
data augmentation, which creates images of various color
patterns by adding random hues and adjusting sharpness,
brightness, and contrast [36, 37] (Fig. 1b). Also, since H&E
staining solution is a mixture of hematoxylin and eosin dye,
reported algorithms can separate the color tones of the im-
age into individual components, which are then normalized,
respectively [38].

However, the color tone of the tissue image depends on
what the object of the image is. For example, lymph nodes,
cartilage, lungs, and brain tissue have different color tones, so
it is impossible to forcibly achieve a uniform color tone simply
by image-wide color normalization, which compromises path-
ological information. Such color tone transformation could be
effective in cases where the constituent components (epitheli-
um, mesenchyme, blood vessels, etc.) are quite similar.
Appropriate reference images for each dataset should be se-
lected while taking this point into account, which is usually
difficult. In recent years, generative adversarial networks
(GAN) [39], the techniques for learning and generating color
tones using Bgenerative model^ technology, have also been
applied. GAN is composed of two different neural networks
called generator and discriminator, and these two networks are
trained simultaneously to generate images. The generator tries
to produce artificial images which are indistinguishable to the
real image for discriminator, while the discriminator, which is
generally a convolutional neural network, tries to differentiate
real images from artificial images produced by the generator.
After the iterative training, the generator becomes able to pro-
duce real-looking images. Although it was originally devel-
oped to generate real-looking images, other applications in-
cluding color normalization [40, 41] and data augmentations
[42] are emerging recently. These methods for color normal-
ization enable the generation of H&E image dataset with high
color consistency, without selecting a reference image.
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Learning from limited numbers of images or images
with weak annotations

Transfer learning

Training large neural network models from scratch requires
a huge amount of training data to achieve good perfor-
mance. When only a small number of training samples are
available, there are two options to train neural network;
training shallower neural network models from scratch or
using pre-trained deep neural network models as a starting
point. The latter is called transfer learning. Currently, due to
the lack of pre-trained neural network models specifically
designed for histopathological image analysis, the ones
trained with general images such as ImageNet are often used
for the purpose. Thus, a pre-trained network trained with a
large number of histopathological images is highly
demanded. Although there are useful image resources avail-
able to researchers, educators, and students, most of the
dataset for humans is relatively small and the data is not
ready-to-use for machine learning algorithm. Recently,
there is a growing number of large-scale datasets available
(see reviews [43] for other datasets). Some of the dataset are
listed and updated in grand challenges [44]. Although these

datasets will be useful for developing pre-trained models for
histopathological image analysis, they still have problems.
For example, most of the currently available digital patho-
logical images are annotated with the disease name for each
case/slide (case-level annotation). In cases of cancer, for
example, the cancer may cover only a small portion of the
slide; most of the whole slide image (WSI) may therefore be
actually non-cancer tissue. Also, the relative position of the
cancerous area within the WSI also varies considerably,
case by case. This is very different from the process of
learning facial images or radiology images, where the re-
gion of interest (ROI) is usually present within specific po-
sitional and size ranges and the entire ROI is easy to be
aligned. Within this context of Bweak annotation,^ DL per-
formance is generally low, and to solve this problem, addi-
tional annotations must be added to the image data. In many
cases, it is necessary to surround the ROI such as the can-
cerous region within the WSI, which is a labor-intensive
process that requires histopathological expertise and can
only be performed on relatively small datasets. Although
there are several published pathology image databases, only
a few databases with region-level annotations are available
[43], and usually, the region-level annotations are per-
formed de novo for a particular purpose.

Fig. 1 (a) Color normalization and (b) color augmentation for color variation problems
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Semi-supervised learning and active learning

Under such circumstances, learning technologies for
weakly annotated data and small datasets are extremely
important. Semi-supervised learning is a machine learn-
ing method to improve classification performance based
on a small number of annotated images and a relatively
large number of non-annotated images [45] (Fig. 2a).
This is a valid method for tasks like classifying cancer-
ous vs. normal tissues, where the two groups are sepa-
rated within the data space. Active learning is an effi-
cient method for identifying and presenting images that
are the most difficult to judge during initial training.
This method improves the discrimination performance
by adding labeling information, facilitating network
training by limited labeling costs [46, 47]. Active learn-
ing selects one or more unlabeled images that maximize
performance gain when the annotation of the images is
given (Fig. 2b). Since active learning can be used when
there are many unlabeled images, semi-supervised learn-
ing techniques are often used together.

Multiple-instance learning

In addition, there are several learning algorithms for weak-
ly annotated images. Multiple-instance learning (MIL) can
be used in situations where the cancerous region is

included in a part of the image [34, 35], fitting well with
much currently available histopathological image informa-
tion. In MIL settings, a set of instances called Bbag^ is
labeled. In WSIs, instances corresponded to patch or sub-
region in a WSI and bags correspond to WSIs. In tradition-
al MIL settings, bags are labeled Bpositive^ when at least
one instance is positive and Bnegative^ when all the in-
stances are negative (Fig. 2c). Cancer diagnosis fits well
to the settings.

Campanella et al. [48] created a cancer tissue classification
machine from 8000 WSI of prostate cancer using MIL
methods. In addition, a learning method for a mixture of radi-
ation images of a ROI (strong annotation) and weakly anno-
tated images has also been proposed [49]. Such a method is
useful for pathological image analysis.

Understanding what features DL neural networks
recognize from histology images

To pathologists who are skeptical about the application DL for
histopathological images, the main issue is that they cannot
know what kind of pathological features are used for classifi-
cation. Typical DL processes for histopathological image class
identification (such as cancer versus normal tissue) only pro-
vides the result of the classification and its score; there is no
way for the pathologists to know the rationale for classifica-
tion and the features captured by the DL network.
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Fig. 2 Learning from limited number of images or images with weak
annotations. (a) Semi-supervised learning. The yellow line indicates a
decision boundary estimated only with labeled samples. In semi-
supervised learning, unlabeled samples improve the accuracy of the
decision boundary (indicated by the green line). (b) Active learning.

Unlabeled samples close to the decision boundary can have high
information gain. In active learning, such samples are presented to human
annotators to be labeled. (c) Multiple-instance learning. Instance
or bag-level classifiers are developed using bag labels only
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Black-box visualization techniques

Gradient Class Activation Mapping (Grad-CAM) [9] reveals
factors that contribute to the class judgment of an image by
randomly perturbing the numerical values of the image and
mapping the degree of fluctuation in the class judgment score
(Fig. 3). Using this algorithm, we can confirm the basis of
class determination and determine whether or not the trained
network captured biologically reasonable features. This meth-
od is also useful for examining the learning processes of a DL
neural network, which are complicated and often undergo
local optimization specific to the training dataset. It may be
reasonable to integrate Grad-CAM technology during the trial
and error processes of hyper-parameter optimization.

Although not yet applied to histopathological images, in-
fluence function can provide different but important aspects of
the classifiers. Influence functions approximately quantify the
effect of any training samples on the value of loss function for
any test samples. Although the computational cost for exact
computation is huge, efficient approximation algorithm is re-
cently developed [10]. Influence function can be used to iden-
tify harmful or helpful training data in classifying test data.

Bayesian deep learning

Bayesian deep learning is an extension of conventional deep
learning technology which enables the model to represent

their uncertainty based on the Bayesian theory. This technol-
ogy is for yet to be applied to histopathological images, but
have drawn attention in various domains including medical
image analysis [50–53]. In Bayesian convolutional neural net-
works, all (or possibly some) of the weights are probabilistic
distribution, instead of a fixed value. Since it can deal with
uncertainty in nature, the uncertainties of the model and its
prediction can be estimated. Another advantage of Bayesian
methods over a non-Bayesian model is that they are more
robust against overfitting. As DLmodels have extremely large
number of parameters, a sophisticated method for approxi-
mate learning or inference is required. Although it seems a
promising technology, development of computationally trac-
table model while keeping the advantage of Bayesianmodel is
still in its infancy.

Class imbalance

Typically, obtaining samples of different types of tumors or
rare diseases are very hard comparedwith normal/benign sam-
ples, and this poses a so-called class imbalance problem in
machine learning algorithms. Since classifiers generally try
to maximize the overall classification accuracy, misclassifica-
tion of minority class tends to be undervalued. The simplest
approach to the problem in neural network is to give larger
weights to the loss for minority classes. Another popular
method is to under-sample the majority class or over-sample
the minority class, or both (see [54, 55] for detail). Another
approach proposed more recently utilizes specialized GAN
which generates new minority-class images to restore the bal-
ance in imbalanced datasets [42], although its effectiveness in
histopathological image analysis should be assessed.

Incorporating external knowledge into the learning
framework

Clinicians make decisions based not only on the image data
itself but also on external knowledge such as molecular data.
Incorporating such knowledge into deep learning framework
could improve the diagnostic accuracy. This is called multi-
modal deep learning. Since dimension of the image data is
generally much larger than other types of clinical data, the
model might ignore important clinical information during the
training if the clinical data is simply added to the input.
Currently, there are two strategies to tackle this problem; feature
concatenation and ensemble classifier. In feature concatenation,
extracted features from the image in the convolutional layers
are merged in the last fully connected layers. Mobadersany
et al. adopted this strategy to predict patient’s survival using
pathological image and genomic data [56]. Another possible
approach is to combine the final output of DL models based
on images with those of other classifiers based on clinical in-
formation using ensemble classifiers such as random forest.

for dog 
(German short-haired pointer)

for laptop

Fig. 3 Visual explanations from deep neural network using Grad-CAM.
In the two pictures below, the visible area is important for predicting the
corresponding class (left: dog, right: laptop). Grad-CAM images were
generated using CLOUDCV (http://gradcam.cloudcv.org)
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Uncertainty in reference standard

Even if we successfully obtain an annotation, some of the
annotations can still be wrong. It is very important to get a
reliable label since mislabeling could have an adverse impact
on the classification accuracy. The molecular profile or other
test such as immunohistochemistry [2] partially solves this
problem, but not completely. Additionally, it is sometimes
impossible to make clear biological delineations in subtle
cases that even experts have difficulties in distinguishing be-
tween categories like cancer versus normal. It seems that we
have no clear answer to this problem yet.

Currently, the reference standard is often provided by one
expert pathologist. However, since the pathologic diagnosis
includes subjective interpretation, it is more desirable to make
an effort to collect diagnoses frommultiple pathologists and to
solve the disagreement to improve the model. This is demon-
strated in a recently published papers dealing with diabetic
retinopathy diagnosis based on retinal images [57]. The report
has shown that thorough debate by a group of retinal special-
ists on disagreed cases until everyone reaches agreement on
the final grade lead to more accurate diagnosis and identifica-
tion of subtle findings than simply taking a majority vote.
Another possible solution is to incorporate the annotator’s
uncertainty into the learning framework such as designing loss
function which gives weights to the annotation uncertainty.

Perspective and conclusions

Asmentioned above, the major obstacle facingmachine learn-
ing of pathological images is inadequate image dataset anno-
tation. The current development stage differs considerably
from that of the radiation image where a lot of image data at
the same angle and position have already been accumulated.
This may be confusing to some who thinks that all types of
medical image analysis in general are making progress
uniformly.

Deep learning technologies are rapidly progressing, and it
may overcome a number of current problems in a few years.
Related to this, AlphaGo, developed by Google, trained itself
to become a strong network by creating its own training data.
GAN technology is used for pathological data analysis to au-
tomatically prepare image datasets necessary for subsequent
DL [58], and we eagerly await future uses of this technology.
As the observed rapid developments are accompanied by fre-
quent updates, it is unlikely that any one technology will
emerge as gold standard for machine learning technology for
image analysis.

It is needless to say that developing new technology is
important, but in order to make the technology available in
clinical practice, it is also important to perform appropriate
realistic evaluation of the developed models. Such evaluation

includes observer studies, diagnosis under realistic time con-
straints, and diagnosis under the access to other regular diag-
nostic information such as immunohistochemistry.

Many pathologists may be concerned about whether AI
will deprive work from human workers. However, it seems
too pessimistic for several reasons. First, even though deep
learning could surpass the performance of human pathologists
in terms of accuracy in simple classification task with suffi-
cient number of training data, the current result showing the
superiority of AI is evaluated in limited settings, and the po-
tential utility of machine learning algorithms for pathologic
diagnosis in a clinical setting requires further validation as
described above. Additionally, there are some pieces of evi-
dence showing that cooperation of human and AI will boost
the diagnostic performance as deep learning and human fail in
different ways [59]. Therefore, we expect that rather than
competing against AI, human pathologists may choose to co-
operate with AI and machine learning techniques to improve
the efficiency of pathologic diagnosis.
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