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The pathologist’s diagnosis is crucial in identifying and categorizing pathological cancer sections, as well as in the physician’s
subsequent evaluation of the patient’s condition and therapy. It is recognised as the “gold standard”; however, both objective
and subjective pathological diagnoses have limits, such as tissue corruption resulting from the nonstandard collection of
diseased tissue, nonstandard tissue fixation or delivery, or a lack of necessary clinical data. In addition, diagnostic pathology
encompasses too much information; thus, it requires time and effort to grow a trained pathologist. Consequently, computer-
assisted diagnosis has become an essential tool for replacing or assisting pathologists with computer technology and graphical
development. In this regard, the CAMELYON 17 competition was designed to identify the best algorithm for detecting cancer
metastases in the lymph. Each participant was given 899 whole-slide photos for the development of their algorithms. More
than 300 people enrolled on the competition. CAMELYON 17 is primarily focused on the categorization of lymph node
metastases. The TNM classification system is the primary classification system. Participants at CAMELYON 17 mostly use
categorization and learning techniques in deep learning and machine learning. In order to get a better understanding of the
top-selected algorithms, we examine the advantages and limitations of traditional machine learning and deep learning for
classifying breast cancer metastases.

1. Background

In today’s society, the number of cancer patients is increas-
ing. Breast cancer is expected to become the most common
cancer in 2020, with a solid familial hereditary link. Breast
cancer develops from malignant tumour cells in the epithe-
lium lining the milk ducts or the lobules of the breast. Breast
cancer (BC) is the most frequent form of cancer in females
and is a complex illness with many causes. In 2020, there
were an estimated 2,261,419 new instances of breast cancer
identified and 684,996 deaths attributed to the disease.
Although the 5-year survival rate for BC is poor, those
who are diagnosed and treated early have a decent chance
of beating the disease [1]. So, we pay attention to the contri-
bution of CAMELYON 17 [2] in machine learning for breast
cancer diagnosis.

The goal of this challenge is to find and categorize breast
cancer metastases in lymph nodes. Small glands called
lymph nodes filter lymph, the fluid that travels through the
lymphatic system. Breast cancer is most likely to spread to
the axilla’s lymph nodes. One of the most significant prog-
nostic variables in breast cancer is the presence of metastatic
lymph nodes. The prognosis worsens when cancer pro-
gresses to the lymph nodes 0. This is why lymph nodes are
surgically removed and examined under a microscope. On
the other hand, the diagnosis technique for pathologists is
arduous and time-consuming. Small metastases, on the
other hand, are notoriously difficult to detect and are fre-
quently overlooked.

The TNM Classification of Malignant Tumours (TNM)
is a widely accepted system for determining the degree of
cancer dissemination. The TNM method is a widely used
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classification system for determining the amount of cancer
dissemination in individuals with solid tumours [3]. It is
one of the most important tools for physicians to determine
the best treatment choice and prognosis. TNM staging con-
siders the tumour size (T stage), whether cancer has prog-
ressed to regional lymph nodes (N stage), and if the
tumour has moved to other areas of the body in breast can-
cer (M stage).

Because the histological examination of lymph node
metastases is a crucial element of TNM classification, the path-
ologic N stage, often known as the pN stage, will be the topic of
CAMELYON 17. Hematoxylin and eosin (H&E) stains were
used to create the photographs. This stain produces vivid
blue/pink contrasts across various (sub) cellular structures
and may be used on various tissue types. The whole-slide
images (WSI) were acquired from five medical centres and
100 patients for training, with five lymph node pictures per
patient. Five photos of each patient lead to a labelled CSV file
with the pN stage in this collection. The WSI image was also
saved in tiff format, while the annotated file of the metastatic
lymph node was saved in XML format.

There are three types of metastasis tissue and 5 pN stages
in the CAMELYON 17 challenge dataset (Tables 1 and 2).
Cell size and colour contrast could play an important role
in classifying cancer and normal tissue by comparing metas-
tasis and normal tissue (Figure 1). The computer has higher
efficiency, shorter diagnosis time, and training cost than the
pathologist in machine learning. However, there are some
deficiencies in the diagnosis and accuracy of rare cases, so
we want to explore a broader application space of computers
in medicine in the future by comparing the advantages and
disadvantages of two computer methods mainly used in
the competition.

2. Methodology

This report compares and contrasts the efficacy of deep
learning and machine learning approaches to the study of
breast cancer [4]. Our work here was informed by algo-
rithms developed for the CAMELYON 17 competition. We
first compare several machine learning [5] methods for spot-
ting breast cancer. We then compare several deep learning
[3, 6] methods used in the screening of breast cancer.

3. Classifier Selection in Machine Learning

Machine learning techniques can be used for the detection of
many diseases [7]. This section illustrated feature selection
and how to choose a suitable classifier for classifying the
tumour section and normal section. This section discussed
the different feature selections from the papers of entrants
in the CAMELYON 17 challenge for feature selection. This
could be a potential reference for future work to continue
feature extraction and classify the tumour and expected
areas using the CAMELYON 17 dataset. Then, the different
classifiers discussed the positives and negatives. In addition,
the application of classifiers in histology breast cancer
images was displayed and discussed to provide a possible
algorithm to classify the tumour cell and normal cells.

3.1. Feature Selection. Selecting relevant features to extract or
a candidate subset of characteristics is known as feature
selection. For example, if cancer cells are the target area in
a histological image, selecting the most suitable features to
distinguish cancer cells from normal cells could be neces-
sary. In the arena of medical pictures, every flaw in the imag-
ing apparatus will be reflected as noise in the subsequent
processing. The device itself causes this kind of noise. In
addition, the CAMELYON 17 dataset was collected from
five medical centres, which means the dataset has been sig-
nificantly expanded compared to the previous year
(CAMELYON 16 challenge). A typical whole-slide image is
roughly 200000 × 100000 pixels using a 3-byte RGB pixel
format on the highest resolution. This amounts to
55.88GB of uncompressed pixel data from a single level.
According to the large size of the image, dimensionality
reduction is necessary for image processing. Dimensionality
reduction is one of the most often used methods for remov-
ing noisy (i.e., redundant) features. Feature extraction and
feature selection are the two primary dimensionality reduc-
tion approaches. Project features are extracted into a
lower-dimensional feature space, and the newly produced
features are frequently composites of the original features.
Principle component analysis (PCA) is one example of fea-
ture extraction techniques [4]. Both feature extraction and
feature selection have the potential to improve learning per-
formance, reduce computational complexity, develop more
generalizable models, and reduce storage requirements.

CAMELYON 17 challenge [2] provided the dataset.
Whole-slide photos of histology lymph node sections are
shown. Because most organizations use 0.9 as their threshold
[7–10], this research will first attempt to threshold the
tumour probability heatmap using 0.9. The texture features
and morphological characteristics were the two primary
groupings of features in this dataset. Colour scale-invariant
feature transform (SIFT) features [11–13], local binary pat-
terns [11, 14–16], and features based on grey-level cooccur-
rence matrix (GLCM) [11, 17, 18] are some of the texture
characteristics that may be found in this dataset.

One publication employed several properties of nuclei as
morphological criteria for categorizing breast histological
images [19]. Another noteworthy example is one group’s use
of the DBSCAN technique to extract morphological cues from
heatmaps to classify slide-level metastases. To anticipate a
slide, the primary axis is taken on each slide. The length of
the central axis in pixel units yields the maximum tumour
length [10]. A set of participants also chose the total area, main
exis length and the area of the most significant tumour [20].

Furthermore, thirteen morphological features from the
heatmap, such as the main tumour cluster’s size and the
length of the cluster’s principal axis, are employed to catego-
rize tumour clusters into their respective groups [21]. The
papers of the participating groups will be helpful for the fea-
ture extraction that we will be performing. These character-
istics may help distinguish cancer tissue from the rest of the
normal tissue.

3.2. Support Vector Machine (SVM) Classification. After
reading some works of literature from the participating
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teams, most groups chose the SVM [22] and random forest
[23] classifiers. Furthermore, some researchers advocate
SVM or RF as more straightforward approaches that consis-
tently provide high accuracies and are typically faster [24].
As a result, SVM and random forest are the first two choices,
and a quick summary table compares SVM versus random

forest for classifier selection in this dataset (Table 3). When
comparing SVM with random forest, the random forest still
has some overfitting issues. In addition, to minimize overfit-
ting when training the random forest classifier, one group
extracted just four features from each heatmap, which was
updated based on their previous work [7].

Table 1: Characteristics of three categories of lymph node metastasis.

Categories Characteristics

Isolated tumour cells (ITC)
Single tumour cells or a cluster of tumour cells less than 0.2mm or fewer than 200 cells are not
precisely a metastasis but are instead classified as single tumour cells or a cluster of tumour cells

smaller than 0.2mm or less than 200 cells

Micrometastases Metastases greater than 0.2mm or more than 200 cells but smaller than 2.0mm

Macrometastases Metastases greater than 2.0mm

Table 2: CAMELYON 17’s pathologic lymph node categorization (pN stage).

pN stage Characteristics

pN0
Histologically, there was no regional lymph node metastasis, and isolated tumour cells (ITC) were not

examined separately

pN0(i+)
Histologically, there was no regional lymph node metastasis, immunohistochemistry was positive,

and the tumour focus was ≤0.2mm

pN1
Metastasis of 1-3 axillary lymph nodes on the same side or endoscopic metastasis of internal mammary

sentinel lymph nodes, which is not clinically obvious

pN1(mi) There are micrometastases, the maximum diameter is >0.2mm, ≤2.0mm

pN2
4-9 axillary lymph node metastasis, or clinically apparent internal mammary sentinel lymph node

metastasis under the microscope, but no axillary lymph node metastasis

Normal

(a)

ITC

(b)

Micro

(c)

Macro

(d)

Figure 1: Images of three categories of lymph node metastasis. (a) Normal, (b) ITC, (c) micro, and (d) macro. Red polygons show the
metastasis tissue.
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Furthermore, the number of available features may not
be known. Therefore, the number of features chosen may
impact the random forest output. SVM classification can
perform well on datasets with numerous characteristics,
even when only a few examples are available for the training
process [24]. As a result, SVM might be used as a first step in
picking a classifier.

VC (Vapnik-Chervonenkis) advocated the use of SVM.
Unlike Bayesian classification, this technique does not

require previous distribution information for data classifica-
tion. The distribution of characteristics is not available in
many real scenarios. SVM may be used to categorize the
provided data into distinct classes in such circumstances.
SVM evaluated and classified various breast image collec-
tions (Table 4). Although some literature did not initially
address the test set, SVM worked well on these histopathol-
ogy images. These publications might inspire the SVM
library and convenient features.

Table 3: A summary table of the comparison between SVM and random forest.

Classifiers Positives Negatives

SVM

(1) In nonlinear separable classes, the Gaussian basis function
and polynomials are valuable kernel functions

(2) Works well with datasets with a large number of characteristics
(3) Be good at linear classifier and data separation

(1) When dealing with unlabeled datasets is
computationally costly

(2) A speed limit when selecting the kernel
function settings

(3) Speed and size limitations during both
the training and testing phases

Random forest
(1) Even as the number of trees grows, the generalization

error converges
(2) Difficult to overfit a single feature

(1) Longer classification times will result
from larger input datasets

(2) Could overfit training data

Table 4: A summary of breast cancer image classification with the SVM method.

Reference Descriptor Image type
Image
number

Key findings

Levman et al.
[25]

(1) Intensity of relative signals
(2) Relative signal intensities and

their derivatives in a single vector
(3) Maximum signal intensity

enhancement, including
enhancement time and washout
time

MRI 76

(1) Lesions that are both benign and malignant are
studied

(2) For breast image classification, a linear kernel, a
polynomial kernel, and a radial basis function
kernel were used in conjunction with the SVM
approach

Oliveira Martins
et al. [26]

Ripley’s function Mammogram 390

(1) Classification of benign and cancerous images
(2) Accuracy, sensitivity, and specificity were attained

at 94.94 percent, 92.86 percent, and 93.33 percent,
respectively

Chang et al. [27]
Chosen textural features:
Autocorrelation coefficient
Autocovariance coefficient

Ultrasound 250

(1) Images have been classed as benign or cancerous
(2) Accuracy, sensitivity, specificity, positive predictive

values, and negative predictive values are 85.60
percent, 95.45 percent, 77.86 percent, 77.21 percent,
and 95.61 percent, respectively

Sewak et al. [28]
Area, radius, perimeter,
compactness, smoothness, concavity,
concave points, symmetry

Biopsies 569
Accuracy, sensitivity, and specificity were achieved at
99.29%, 100.00%, and 98.11%, respectively

Zhang et al. [29]
Chosen feature:
Information from the fractional
Fourier transform

Mammogram 200

(1) ROI to eliminate unnecessary complexity
(2) When SVM and PCA are combined, the accuracy,

sensitivity, and specificity reached are 92:16 ± 3:60
percent, 92:10 ± 2:75%, and 92:22 ± 4:16%,
respectively

Shirazi and
Rashedi [30]

Grey-level cooccurrence matrix Ultrasound 322

(1) ROI was removed to reduce the amount of
superfluous complexity

(2) Feature reduction: combine SVM and the mixed
gravitational search algorithm (MGSA)

(3) The acquired accuracy: was 86.00 percent; the
SVM+MGSA approach achieved an accuracy:
93.10 percent
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So, if there is time for additional study, the possible
phases of SVM are as follows (Figure 2). The initial effort
would be to compare the pN0 stage and the pN2 stage (with
more significant macros) because the features of metastatic
tissue are more noticeable in pN2 than in pN0. A PCA anal-
ysis would be used to reduce the size of extracted features,
followed by a logistic regression analysis to check the rela-
tionship between these features. The basic SVM approach
could be the first try. If the accuracy of the findings is poor,
combining SVM with other algorithms may be a viable
option, such as the MGSA algorithm [30]. If the recovered
characteristics are helpful, the next step would be to input
all phases of photos to train.

3.3. Discussion. In certain circumstances, some categorized
algorisms of machine learning might be more decisive,

which could conclude the classification and prediction with-
out a deep learning model. For instance, some groups in
CAMELYON 17 challenge use a classifier to categorize can-
cer and normal pictures, such as DenseNet-201 [21] and
XGBoost [7]. As a result, in this study, a deep learning model
will be used to see which technique (machine learning-SVM
or deep learning) is superior for classifying metastatic tissue.

4. Deep Learning Method

Whole-slide scanners are now utilized to digitize glass slides
holding high-resolution tissue specimens, thanks to
advancements in slide scanning technology (up to 160nm
per pixel). Digital whole-slide images (WSI) allow deep
learning techniques to help pathologists examine and quan-
tify slides. With the development of deep learning

Get
features

• Heatmap, t=0.9
• Texture features (gray-level co-occurrence matrix (GLCM), SIFT ---OpenCV )
• Morphological features (the major axis, the largest tumor length ---the DBSCAN algorithm)

PCA
• Reduce to 5-10 features

Logistic
regression

analysis

• Check the correlation between features

SVM
• Kernel functions (linear,rbf)

Results
• Sensitivity, specificity, positive predictive value, negative predictive value, accuracy

Evaluation

• Score —mean accuracy
• Receiver operating characteristic curve (ROC) analysis
• Az value (area under the ROC) –higher is better

Figure 2: Flow chart of SVM method.

Preprocessing

Preprocessing the
image to obtain a

smaller patch image,
so that typical CNN

can process it.

The deep learning
model is used as the
feature extractor to

obtain the probability
map of the cancer

area.

The cancer
distribution thermal
map of the test set is

obtained by using
the trained model.

Task 1: Metastasis
Identification: FROC

score
Task 2: Metastasis

Classification: AUC

Training Testing Evaluation

Figure 3: Flow chart of deep learning analysis of digital lymph node section.
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algorithms (such as convolutional neural networks (CNN))
in the past decade, many successful examples of CNN have
been applied in computer vision. Studies have shown that
deep learning can automatically identify all breast cancer
metastasis slides and exclude 30-40% of normal tissue [31].
The combination of digital pathology and deep learning
techniques can improve the objectivity and efficiency of his-
topathological slide analysis and reduce the pathologist’s
workload.

4.1. Methodology. Deep learning technology analyzes digital
lymph node slices, mainly divided into four processes: pre-
processing, training, testing, and evaluation. The specific
analysis methods are as follows (Figure 3).

Although the first 400 WSI files contained all the neces-
sary information, they were not suitable for direct training of
a deep convolutional neural network (CNN) due to the
machine memory shortage and multiresolution problems
caused by the high-level resolution. Therefore, we must pre-
process the image to obtain a smaller patch image, such as
256 × 256, so that a typical CNN can process it.

CNN model was used as the feature extractor to build a
two-classification prediction model of images, which

enabled the model to identify the probability of the image
as cancer (cancer was 1), and the output was 0-1. Then,
the probabilistic thermal map obtained by the CNN model
is used to train the WSI classifier and classify WSI images.
The test set’s cancer distribution probability map is obtained
using the trained model. Successfully labelling cancer tissue
could be the excepted outcome of this experiment.

4.2. Limitations. According to literature, some deep learning
algorithms can achieve higher accuracy than the manual
judgments of 11 pathologists. However, this does not mean
that deep learning can replace artificial judgment in evaluat-
ing breast cancer lymph node metastasis. That is because the
competition has some limitations.

The challenge did not capture the actual clinical setting.
CAMELYON 16’s dataset consisted mainly of lymph node
slices with metastasis. However, most slices did not contain
metastasis in actual clinical situations, which is a limitation
caused by the number of datasets used in the competition
and could not fully describe the situation encountered in
clinical practice. Thus, the dataset can not be directly com-
parable with the mix of cases in clinical practice. In addition,
after training, the competition’s algorithm could only distin-
guish breast cancer metastasis in lymph node tissue. How-
ever, it could not identify some rare cases (such as
infection, sarcoma, and lymphoma) [11]. This is a limitation
due to the type of dataset.

5. Results and Discussion

In the 2016 CAMELYON Breast Cancer Lymph Node
Metastasis Classification Challenge, 25 of the 32 algorithms
submitted by participants used convolutional neural net-
works (Bejnordi et al.); these include VGG-16 (Simonyan
and Eisserman), GoogLeNet (Szegedy et al.), and ResNet-
101 (He et al.) and other famous models [6]. Researchers
from the Harvard Medical School and the Massachusetts
Institute of Technology (Wang et al.) achieved the best score
of 0.9935 area under the ROC curve (AUC) and 0.8074 free-
response operating characteristic curve (FROC) using the
GoogLeNet-based model [5].

The evaluation of results can be divided into two aspects:
the evaluation of metastasis identification and metastasis
classification. Contestants were asked to provide the coordi-
nates of the tumour areas detected in each slice and a confi-
dence score for that tumour. The confidence can be
calculated by the DICE coefficient formula, which represents
the probability that the area is a tumour area. The algorithm
comparison uses the free-response receiver operator charac-
teristic curve (FROC) metrics (Figure 4).

For evaluation of transfer grading, participants should
provide the results of transfer grading for each slice and a
confidence score. The algorithm’s performance is compared
with the area under the subject operating characteristic
curve (AUC) (Figure 5).

Comparing the four most commonly used neural net-
works in the competition with the best performance, we
can conclude the benefits and drawbacks of different neural

AlexNet

VGG16

ResNet

GoogLeNet

0.0 0.1 0.2 0.3 0.4
FROC

0.5 0.6 0.7 0.8

A
lg

or
ith

m

Figure 4: FROC comparison.
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0.0
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Figure 5: ROC comparison.

6 Wireless Communications and Mobile Computing



networks when using deep learning technology to analyze
lymph node metastasis (Table 5).

5.1. Data Dependency. With the growth in data scale, the
most significant distinction between deep learning and regu-
lar machine learning will become apparent. The deep learn-
ing algorithm works poorly when the data is small. This is
because the deep learning algorithm requires a large amount
of data to comprehend it fully. On the other hand, tradi-
tional machine learning algorithms and their human-
crafted rules benefit in this instance.

5.2. Hardware Dependency. In contrast to traditional
machine learning algorithms, which may operate on low-
end equipment, deep learning algorithms generally rely on
high-end machines. This is since deep learning methods
necessitate the usage of a GPU. After all, the GPU is an
essential component of its operation. The usage of GPU
may significantly optimize these operations, which is the
goal of employing GPU. A deep learning algorithm conducts
a lot of matrix multiplication.

5.3. Feature Engineering. Feature engineering incorporates
domain knowledge into a feature extractor, which is
intended to simplify data and make features more visible
to the learning algorithm. This procedure is demanding
and costly in terms of time and experience. Professionals
must detect most applications’ characteristics and manually
program according to the field and data type. Pixel values,
forms, textures, locations, and orientations are examples of
features. The precision of feature identification and feature
extraction is critical to the effectiveness of most machine
learning algorithms.

A deep learning algorithm tries to extract advanced
characteristics from data using machine learning techniques.
This is a distinct aspect of deep learning and an important
component of machine learning. As a result, deep learning
reduces the time it takes to create a new feature extractor
for each challenge. Convolutional neural networks, for
example, will attempt to learn the underlying characteristics
first, such as edges and lines in early layers, followed by a
portion of the face, and advanced face recognition.

5.4. Execution Time. Deep learning algorithms often require
a long time to train. The deep learning method has many
parameters; therefore, training takes a long time. The most
powerful deep learning algorithm, ResNet, takes roughly
two weeks to train from zero. On the other hand, machine

learning takes substantially less time to train, ranging from
a few seconds to a few hours.

The exam time has been entirely flipped around. The
deep learning system takes substantially less time to test.
However, compared to the k-nearest neighbour, the test time
will rise as the number of data increases (a machine learning
algorithm). Some machine learning algorithms will have a
short test time, albeit this does not apply to all.

6. Conclusion

This paper is aimed at finding the differences between tradi-
tional machine learning and deep learning methods to detect
cancers. Their differences are mainly about the accuracy,
efficacy, algorithm complexity, and time spent. Traditional
machine learning (SVM) and deep learning could share sim-
ilarities, such as high accuracy and efficacy in tumour detec-
tion compared with manual selection; however, whether
classifying the tumour section and normal section by only
using an SVM classifier instead of a deep learning model
maybe not yet possible to conclude. Thus, the SVM classifier
would be applied to distinguish the tumour section in future
work. The deep learning model would also be considered to
learn how to identify tumour cells automatically. This
research collected some excellent ideas in the feature selec-
tion, classifier selection, and deep learning model selection
in CAMELYON 17 challenge, which could be helpful for
similar image detection research. Also, this research could
provide some good ideas on the detection of the metastasis
stage in breast cancer metastasis research by using machine
learning methods to improve the accuracy of detection in
the actual clinical environment. In future, we would com-
pare the SVM classifier and deep learning model to find a
more accurate and efficient algorithm to finish the CAMEL-
YON 17 challenge.
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Table 5: Comparison of deep learning networks.

Network Advantages Disadvantages

GoogLeNet
Faster and more stable; high accuracy; the inception module is added,
which can effectively lighten the phenomenon of gradient disappearance

A lot of computation

ResNet
It solves the degradation problem of network models and allows

neural networks to be deeper
As the network deepens, the

parameter complexity increases

VGG16
A deeper network model leads to better network performance

and more accurate results
Maximum computation;
Gradient disappearance

AlexNet Minimum computation Accuracy and stability are the worst
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