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ABSTRACT

Deep learning using convolutional neural networks is an actively emerging field in histological image
analysis. This study explores deep learning methods for computer-aided classification in H&E stained
histopathological whole slide images of gastric carcinoma. An introductory convolutional neural net-
work architecture is proposed for two computerized applications, namely, cancer classification based on
immunohistochemical response and necrosis detection based on the existence of tumor necrosis in the
tissue. Classification performance of the developed deep learning approach is quantitatively compared
with traditional image analysis methods in digital histopathology requiring prior computation of hand-
crafted features, such as statistical measures using gray level co-occurrence matrix, Gabor filter-bank
responses, LBP histograms, gray histograms, HSV histograms and RGB histograms, followed by random
forest machine learning. Additionally, the widely known AlexNet deep convolutional framework is com-
paratively analyzed for the corresponding classification problems. The proposed convolutional neural
network architecture reports favorable results, with an overall classification accuracy of 0.6990 for cancer
classification and 0.8144 for necrosis detection.

Histopathological image analysis
Cancer classification
Necrosis detection
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1. Introduction

Gastric cancer is a major cause of cancer and cancer-associated
deaths in the world Rugge et al. (2015). Computer-based analy-
sis of gastric cancer tissue images is a growing area of research
in digital histopathology. Pathologists in routine practice visu-
ally navigate and inspect glass slides or whole slide images (WSI)
to identify and analyze abnormalities, which is a prolonged and
tedious process. Moreover, human eye is less adept to recognize
subtle changes in the tissue that may lead to different interpre-
tations among medical professionals, hence, may introduce inter-
and intra-observer variability. In this paper, the authors attempt to
overcome such problems by proposing a computer-based method
using deep learning for histological image analysis in gastric can-
cer WSI. Cancer classification can potentially assist pathologists
in computer-aided diagnosis in the more routinely used H&E
stain without the requirement of immunohistochemical staining,
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thereby reducing costs and efforts in preparation and inspection.
Automatic necrosis detection can also decrease viewing times and
play an important role in diagnosis and prognosis. The methods can
collectively contribute towards reduction in observer variabilities
and can be extended to other histological datasets.

Recent literature consists of related works illustrating tech-
niques for application-specific analysis of gastric tissue images
in digital histopathology. For instance, image regions depicting
normal mucosa, gastritis and adenocarcinoma in H&E stained
histological sections are distinguished by use of cytometric mea-
surements in Ficsor et al. (2006). Gastric atrophy is quantitatively
analyzed in H&E stained sections using syntactic structure methods
in Zaitoun et al. (1998). A semi-supervised approach for detection
and diagnosis of gastric cancer is described in Cosatto et al. (2013)
using multiple instance learning in H&E stained tissue images. A
multi-resolution method to improve cell nuclei segmentation of
gastric cancer is given in Sharma et al. (2015). Our work in Sharma
et al. (2016) involves graph-based analysis of H&E stained gastric
carcinoma WSI based on their HER2 immunohistochemistry (IHC)
and AdaBoost classification. We have also explored necrosis detec-
tion in gastric carcinoma using texture features and SVM-based
classification in Sharma et al. (2015). In this paper, we extend our
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findings of Sharma et al. (2016, 2015) by exploring deep learning
approaches and quantitatively comparing their performance with
the traditional image analysis methods in digital histopathology.

Deep learning using convolutional neural networks (CNN) has
lately drawn substantial attention of the scientific community in
diverse fields of image analysis LeCun et al. (2015). Earliest applica-
tions include general object categorization (Krizhevsky et al., 2012)
and handwritten zip code classification (LeCun et al., 1989). Recent
advances based on deep learning have even gained prominence
in the field of digital histopathology. For example, a CNN method
is proposed in Cruz-Roa et al. (2014) for classification of invasive
ductal carcinoma in breast cancer WSI with results superior to
handcrafted features. Another work using deep neural networks
(Ciresan et al., 2013) explores detection of mitosis in breast cancer
images. U-nets have recently become popular for biomedical image
segmentation (Ronneberger et al., 2015), as these were initially
used for segmenting neuronal structures in electron microscopy
stacks and further applied to transmitted light microscopy images
to perform cell tracking. A comparative study of deep CNN archi-
tectures with handcrafted methods for classification of stromal and
epithelial histological images of breast cancer and colorectal can-
cer is given in Xu et al. (2016). A patch-based convolutional neural
network approach is examined in Hou et al. (2015), for discrimi-
nating glioma and non-small-cell lung carcinoma into respective
subtypes in histological WSI. However, deep learning using con-
volutional neural networks in digital histopathology is still in its
early stages of development, and this work contributes towards
this direction for image analysis in gastric cancer WSI.

There are several motivations to perform this study. Firstly, in
the knowledge of the authors, deep learning methods have not
been explored until now for the specified classification problems,
namely, cancer classification based on IHC and necrosis detection in
H&E stained histopathological WSI of gastric cancer. Furthermore,
one of the most significant promises of deep convolutional neu-
ral networks is to replace the requirement of handcrafted feature
design and extraction with efficient task-specific learning algo-
rithms. Such algorithms have even been shown to outperform
many hand-engineered features in several fields (Razavian et al.,
2014), including a few studies in histopathological image analysis.
Hence, the authors are highly motivated to explore the poten-
tial of deep learning methods by using a basic self-designed CNN
architecture for gastric cancer image analysis, and comparing its
performance with common handcrafted features, and AlexNet CNN
framework i.e. extremely successful in general object categoriza-
tion. The authors also want to examine the generalizability of deep
learning methods by evaluating the same learning machines for
two histological image analysis tasks, namely, cancer classification
and necrosis detection. Additionally, deep learning studies often
use smaller images for training purpose, however, in our exper-
iments, high resolutions (512 x 512 pixels) provide a larger field
of view that is preferable for analysis of histological images, as it
helps acquiring context information such as neighborhood prop-
erties and tissue architecture at higher magnification (40x), but
is not widely explored due to memory restrictions. Lastly, training
and classification based on deep learning includes direct processing
of image regions and eliminates the requirement of a segmentation
stage, hence, its performance is not limited by the results of a cell
nuclei segmentation algorithm, as observed in Sharma et al. (2016).

The outline of the paper is as follows. Section 2 describes the
background of deep learning and traditional machine learning
methods explored in this study. Section 3 explains the materials,
and Section 4 elaborates the proposed methods. Section 5 demon-
strates the experimental results using quantitative comparisons,
and discusses the observations. Section 6 concludes our studies and
suggests a few recommendations for future research.

2. Background

Deep learning is a subset of a larger group of machine learning
methods, which comprises of algorithms with hierarchical pro-
cessing layers performing non-linear transformations to represent
and learn data characteristics effectively (LeCun et al., 2015). Deep
learning methods are currently being explored in various fields
such as computer vision, audio and speech processing, natural lan-
guage processing, information retrieval and bioinformatics (Deng
and Yu, 2014).Several deep learning architectures, for e.g., convolu-
tional neural networks, deep belief networks and recurrent neural
networks have been introduced (Deng, 2012), and have reported to
achieve state-of-the-art results in a number of tasks. The goodness
of data representation notably affects the performance of machine
learning algorithms. Specifically, the existence of large-scale data
has been recognized as a prerequisite for the success of many deep
learning applications, leading to a convergence between the fields
of deep learning and big data analytics (Najafabadi et al., 2015).

One of the most frequently used methods of deep learning
for two-dimensional data is the deep convolutional neural net-
works. These networks consist of interconnections emulating the
arrangements in visual cortex of animals, where individual neu-
rons are organized in a manner to respond to the overlapped
tessellations comprising the visual field (Hinton, 2005). The princi-
ple transformations in deep CNNs consist mainly of combinations
of convolutional, pooling and fully connected layers, and their
parameters are trained using backpropagation through these lay-
ers (Ciregan et al., 2012). Deep learning using convolutional neural
networks does not necessarily require prior computation of hand-
crafted features, and directly processes input images to compute
self-derived and learned features during the training process. In
recent years, CNNs have achieved breakthrough performance due
to availability of large-scale training data and huge parallelization
with graphics processing units (GPU) to speed up the applicationi.e.
training and deployment process (Strigl et al., 2010). This has led to
a development of number of time-efficient GPU-based frameworks
(Jia et al., 2014) and rise of various deep learning algorithms for
image analysis.

Random forest (Breiman, 2001) is a popular ensemble learn-
ing method which constructs many decision trees and the final
class is majority voted by the individual trees. Unlike deep CNN,
training a random forest requires prior computation of suitable
handcrafted features representing the image characteristics. In dig-
ital histopathology, the most commonly used handcrafted features
(Kothari et al., 2013; Sharma et al., 2015a,b,c) are pixel-based
(including texture, color and intensity), object-based (including
structure and morphology) and architectural (including graph-
based representations). Handcrafted features can be applied with
random forests in a supervised learning approach for various clas-
sification and detection tasks such as DiFranco et al. (2011) and
Sommer et al. (2012). Random forest has been selected for com-
parison with deep learning methods, because of high prediction
accuracy among traditional machine learning algorithms and abil-
ity to efficiently handle large databases Breiman (2001).

3. Materials

The gastric cancer dataset consists of whole slide images of
surgical sections, each acquired from proximal or distal parts of
stomach of a distinct patient, selected from an earlier study of 454
cases of gastric adenocarcinoma Behrens et al. (2015). The slides
were prepared using HER2 immunohistochemical staining and sec-
tions from the same tissue block were stained with haematoxylin
and eosin (H&E) stain. The essential acquisition details about the
studied samples are summarized in Table 1. The resulting H&E WSI
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Table 1
Acquisition details.
Acquisition attributes Details
Average thickness of sections Approximately 4 pm

HER2 immunohistochemical stain,
haematoxylin and eosin stain

Leica SCN400 (HER2) and 3DHistech
Panoramic-250 with extended depth of
field (Bradley et al., 2005) (H&E)

0.22 pm per pixel (at 40x objective
magnification) with quadratic pixels

11 for cancer classification, 4 for
necrosis detection

0, 1+, 2+, 3+

Staining methods

WSI scanners

Sensor resolution
Number of annotated WSI

Underlying cancer grades (based on
HER2 IHC)

Average WSI size (in pixels)

Average number of pixels per
annotation

13.65 Gigapixels

HER2+ tumor: 231.7 x 106, HER2—
tumor: 1279.0 x 108, Necrosis:
48.01 x 108

have high contrast and visual quality, and are heterogeneous with
variations in stain intensities, malignancy levels and inter-patient
biological characteristics. Example of a WSI pair in HER2 and H&E
stains is demonstrated in Fig. 1.

All the available 11 WSI were utilized for our experiments in
cancer classification, and four WSI were used in necrosis detection
depending on the availability of labeled data. Ten expert pathol-
ogists previously marked polygon annotations in the HER2 WSI
according to a 10% cutoffrule Behrens etal. (2015), depicting malig-
nancy levels as HER2 negative areas (consisting of grades 0 and 1+)
and HER2 positive areas (consisting of grades 2+ and 3+). Hence,
to create the ground truth for cancer classification experiments, a
semi-automatic registration and annotation transformation proce-
dure (Sharma et al., 2015a,b,c) was first applied to transform these
polygon annotations from each HER2 WSI to the corresponding
H&E WSI. To create the ground truth for necrosis detection experi-
ments, annotations were marked by one expert pathologist directly
in the H&E WSI indicating necrotic areas (Sharma et al., 2015a,b,c).
Data augmentation procedures are applied to generate a large num-
ber of image tessellations from the labeled WSI data, as described
in detail in Section 4.2.

(b)

Fig. 1. Examples of corresponding sections in (a) HER2 and (b) H&E stains.

4. Methods
4.1. Schematic overview

A schematic overview of the method is shown in Fig. 2. It is
further explained in the following sections.

4.2. Dataset augmentation

In our studies, dataset augmentation was recognized as a prior
requirement to expand a comparatively smaller amount of labeled
WSI data, owing to many of the recent successes of deep learning
algorithms with massive datasets (Deng and Yu, 2014). However,
the total number of instances in the large-scaled datasets is an
experimental and task-specific question. In our study, standard
data augmentation methods are used to generate large number
of image tiles, each of size 512 x 512 pixels at highest magnifi-
cation, from the WSI regions annotated by expert pathologists.
These include overlapping by a factor of 0.3, and affine transforma-
tions such as rotations with 10 degree intervals, reflection, rotation
after reflection and shear by a factor of 0.1. Brightness, contrast
and intensity adjustments, and significant geometric deformations
are not applied in order to preserve the salient texture, color
and morphological properties of the original H&E stained tissue
images. For cancer classification experiments, a total of 21,000
images from each slide are generated, thus, a large dataset contain-
ing 231,000 images is obtained. For necrosis detection, a smaller
dataset is produced with a total of 47,130 images. The size of
datasets depends on the availability of corresponding ground truth
marked by medical experts, especially in necrosis detection, max-
imum possible labeled data from the four slides is considered for
experiments.

To speed up the reading process during training of convolutional
neural networks, image datasets are first converted into lightning
memory-mapped databases (LMDB) (Chu, 2011) storing images
and corresponding labels. For our experiments, data augmenta-
tion is performed offline to organize the databases among cross
validation rounds and to use them with traditional methods for
comparative analysis. However, it is possible to perform this step
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Fig. 2. Schematic overview.

Fig. 3. Example of H&E WSI with (a) a few annotations of HER2 positive tumor marked by expert pathologists in the corresponding HER2 WS, (b) a magnified (5x ) region
of agreement of most pathologists and (c) example images after data augmentation at highest magnification (40x).

online for speedup, such as in Krizhevsky et al. (2012). The process
of dataset creation in our experiments is demonstrated in Fig. 3,
where an H&E WSI (same as Fig. 1(b)) with five annotations of
HER2 positive tumor marked by expert pathologists (one color per
pathologist) in the corresponding HER2 WS], is shown in Fig. 3(a);
a magnified region (5x) containing areas of agreement of most
pathologists for the given class in Fig. 3(b); and a few images after
data augmentation in Fig. 3(c).

4.3. Empirical analysis of CNN architectures

Different CNN architectures are empirically studied to observe
the behavior of variation in model characteristics (for e.g. network
depth, layer properties, training parameters, etc.) by training them
from scratch on a representative subset of the entire whole slide
image data for cancer classification. For this purpose, a smaller
dataset from five WSI is first created where image tiles are gener-
ated from three WSI for training the empirical CNN configurations,
one WSI for validation phase (during training) and one WSI for
test phase (during deployment). This empirical analysis acts as a
pilot study, as it allows to establish the feasibility of deep learning
methods for the described image analysis problems, considering a
high visual complexity of gastric cancer histopathological images. It
further facilitates basic understanding of the behavior of deep con-
volutional neural network architectures and economical utilization
of time and space by first analyzing only a part of the available WSI
image data.

Details of the most successful empirically evaluated CNN archi-
tectures are summarized in Table 2. The last row is AlexNet CNN
(Krizhevsky et al., 2012) with the number of outputs in the last
layer changed according to the cancer classification problem. There
exist possibilities to extend the number of CNN architectures by
using more combinations of the connected variables, however,
performing an exhaustive evaluation is highly time consuming
and restricted by the available hardware, so a few elementary
CNN architectures are considered at this stage. Variants of the

reported architectures are also tested without further improve-
ments. On observing the classification performance using training
curves, overall validation and test accuracies, the highlighted CNN
architecture with nine layers (three convolutional layers, three
pooling layers and three fully connected layers) achieves favorable
results for all the three malignancy levels on the small representa-
tive dataset, that will tentatively improve by using more abundant
examples. Based on empirical analysis and insight to accurately
model the characteristics of histological images, this self-designed
CNN architecture is selected for further evaluation with entire
available WSI data. Later, the proposed CNN is also applied for
necrosis detection.

We find that for our gastric cancer images in general, convo-
lution layers with larger kernels followed by smaller ones lead to
a better training procedure with a lower training loss and higher
accuracies. Similar relative convolutional kernel sizes are adapted
by AlexNet and other popular CNN architectures. Additionally, an
architecture with smaller convolutional kernels followed by larger
ones was also tested, but it produced reasonable accuracies for
only two classes and completely failed to classify the HER2 nega-
tive tumor class, indicating the importance of larger neighborhoods
in histopathological images. Poor performance was also observed
in another model with hinge loss function, whereas softmax loss
is used in the architectures mentioned in Table 2, thus, found
more suitable for learning. Reasons for testing moderately deep
networks in our experiments are the limited availability of train-
ing data (especially for necrosis detection) and system memory.
Higher network depths would cause arise in the number of network
parameters leading to non-optimal learning with smaller datasets
(overfitting), and also result in higher space and time complexity.
However, a more detailed study of the CNN architectural design to
determine the relationship between design parameters is a future
direction of our research, and can plausibly lead to an improvement
of results obtained so far in our experiments.

Another option was to fine-tune a pre-trained CNN, but was
intuitively skipped due to the following reasons. As the name
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Table 2

Details of most successful empirically evaluated CNN architectures for cancer classification on gastric cancer representative datasets.

Model number Total number Number of Kernel sizes: Number of Kernel sizes: Number of Average multi-class accuracy
of layers convolution convolution feature maps pooling layers fully connected (cancer classification)
layers layers layer outputs
validation WSI test WSI
1 6 2 3,3 16, 16 3,3 128,3 0.3235 0.3333
2 6 2 7,3 16, 16 2,2 256, 4 0.5208 0.5140
3 7 2 9,9 16, 16 3,3 128,128,3 0.6025 0.5417
4 7 2 7,5 16, 16 2,2 256,128, 3 0.6000 0.5432
5 9 3 7,5, 3 24,16, 16 2,2,2 256,128, 3 0.6056 0.5571
6 10 4 9,7,5,3 32,128, 128,128 3,3,3 2048,2048, 3 0.5951 0.4376
7 11 5 11,5,3,3,3 96, 256, 384, 384, 3,3,3 4096, 4096, 3 0.3948 0.3948
256
Input image batch Feature maps Feature maps Feature maps 128 3or2 Cancer classification
8 @ 512x512 24 @ 506x506 16 @ 249x249 16 @125x125

Convolution
I 7x7 kernel

Max pooling Convolution Max pooling Convolution Max pooling
| 2x2kemel | SxSkemel | 2x2kemel | 3x3kemel | 2x2 kemel [Fully connected layers|

1. HER2 + tumor
2. HER2 - tumor
3. Non - tumor

’ Necrosis detection

1. Necrosis

2. Non-necrosis

Fig. 4. Proposed CNN architecture.

suggests, fine-tuning of a pre-trained network is generally per-
formed when the network trained successfully with visually very
similar images. For example, AlexNet (Krizhevsky et al., 2012)
was originally tested on general object categorization with ILSVRC
dataset (Russakovsky et al., 2015) and was later fine-tuned for
Flickr style images (Xia, 2015). Such fine-tuning does not appear
useful for our complex histological WSI data. Moreover, classifica-
tion results after training AlexNet from scratch during empirical
analysis on a smaller representative dataset are unexceptional.
Therefore, for the purpose of completeness, the performance
of AlexNet and proposed CNN architecture are comparatively
evaluated using the same cross validation strategies for both
approaches and training from scratch on the entire available WSI
data.

4.4. Proposed convolutional neural network architecture

The selected self-designed CNN architecture is a purely super-
vised feed forward network shown in Fig. 4. It consists of nine
stages, where the first six stages comprise of convolution and pool-
ing operations, and the last three stages are fully connected layers.
For the input images, a batch size of 8 is used during training phase
and 10 during deployment phase to improve efficiency using batch
processing. Image mean values are calculated and subtracted from
the images during both phases, such as in the AlexNet framework
(Krizhevsky et al., 2012). The detailed descriptions of the various
layers are as follows.

4.4.1. Convolutional layer

In each convolutional layer, first the output of previous layers
is convolved with multiple learned weight matrices called filter
masks or learned kernels. Then the result is processed by a non-
linear operation to generate the layer output. The linear operation
in the kth convolution layer, whose input is denoted by x*~1 (output
of the [k — 1]th layer) comprises of a two-dimensional convolution
(Podlozhnyuk, 2007) as shown in Eq. (1).

max (0, o)
xk-1 =3 o =xk1*WE+by L / > X
Linear operation ReLU operation
Fig. 5. Cascade operations in the kth convolutional layer.
of[m, n] = x*~1[m, n] « W¥[m, n] + by,
o0 o0
= Z Zx’”[u,v]w"[m—u,n—v]—i—bk (1)

U=—00V=—00

where WX denotes the learned weight matrix and b, denotes bias or
offset of the kth convolution layer. For our experiments, three con-
volutional layers are used with filter sizes 7 x 7,5 x 5and 3 x 3 and
24, 16 and 16 feature maps respectively. The size of learned filters
should be similar to the size of patterns to be detected. This deci-
sion is task dependent and in our classification problems, subtler
details in tissue regions need to be resolved, hence, smaller filter
sizes are selected. Further, the weight initialization is performed
using Gaussian functions with standard deviation 0.01, and bias is
kept constant at 0.1.

The outputs o¥ are applied to an operation which improves the
learning process by increasing non-linear properties of the net-
work, and rectified linear units (ReLU) are selected due to benefits
explained in Krizhevsky et al. (2012). These are non-saturating acti-
vation functions where piece-wise linear tiling can be achieved. The
basic ReLU operation is given by Eq. (2). The cascade of operations
in the convolutional layer are depicted in Fig. 5.

x* = max(0, 0%)

(2)
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4.4.2. Pooling layer

Apooling layer performing max-pooling (Krizhevsky et al.,2012)
is applied after each convolutional layer. Max-pooling involves
splitting the filter output matrix into non-overlapping grids and
taking the maximum value in each grid as the value in the reduced
matrix. Hence, it combines responses at different locations and adds
robustness to small spatial variations, thereby increasing transla-
tional invariance, along with reducing spatial resolution. We use
a kernel size 2 x 2 and stride two for maxpooling operation after
each convolutional layer.

4.4.3. Fully-connected layer

In the fully-connected layer, neurons are connected to the neu-
rons in previous and next layers, such as in conventional neural
networks (Krose and van der Smagt, 1993). In the proposed CNN,
three fully connected layers are used with 256, 128 and three (or
two) outputs respectively, as the number of outputs in last layer
depends on the classification problem at hand. Bias is set to 0.01.

Dropout method (Srivastava et al., 2014) assists in reducing over-
fitting, especially when the available training data is limited such
as the WSI data. During each iteration, individual nodes along with
incoming and outgoing edges are removed from the network, and
are later returned along with their initial weights. In our approach,
after each of the first two fully-connected layers, the dropout ratio
i.e. the probability of dropping any input for both stages is set to
0.25.

4.4.4. Learning properties

Learning of the convolutional neural network is based on mea-
suring a loss function (also called objective function, error function,
cost function) that indicates the error of learned network param-
eters. The learning objective is to compute the parameters to
minimize the loss function. Softmax function (Bishop, 2006) (Eq.
(3)) is the probability of class c; given input X, where z; represents
the score for ith class among total C classes. The softmax loss E is
calculated as negative log likelihood of the softmax function (Eq.
(4)), where N denotes the length of the class vector.

e

P(ci1X) = =C =z (3)
j=1€"
1 N
E= fNZlog(P(cn X)) (4)
n=1

The method used for optimizing the loss minimization is called
Stochastic Gradient Descent with Momentum (Sutskever et al., 2013;
Bottou., 2012). For the tth iteration, the update process is denoted
by Eq. (5) (Jia et al., 2014; Bottou., 2012), where 6; denotes the
current weight update, 6;_1 is the previous weight update, w rep-
resents the weights, E is the average loss over the dataset, VE(w) is
negative gradient, 1 is the learning rate and p € [0, 1] represents
momentum used for speeding up the convergence of gradient and
preventing oscillations.

O = /49[,] - UVE(Wt—‘l) (5)

We =We_1 40

In the learning phase, the two hyperparameters n and pu are
required to be experimentally determined. After the empirical anal-
ysis stage, n has been set to 0.001 initially, and is decreased by a
factor of 0.1 after every 20,000 iterations, and u is fixed at 0.9.
Around eight training epochs are performed during each training
phase after initial experimental analysis of training curves on our
datasets.

4.5. Implementation details

Training and testing of the convolutional neural networks is per-
formed using GPU programming to achieve higher time efficiency
over CPU Strigl et al. (2010). The available hardware is NVIDIA
GeForce GTX 660 with 2 GB memory. Caffe (Jia et al.,, 2014) is an
open-source C++ based library with Python and Matlab bindings
for training and deploying CNNs, and also contains reference mod-
els such as AlexNet (Krizhevsky et al., 2012) for experimentation.
Conversion of image datasets into LMDB, computations of image
means and implementation of the proposed CNN architecture are
performed using the modules in Caffe framework. The reference
implementation of AlexNet is directly utilized from Caffe. The oper-
ating system is Ubuntu 14.04 and system specifications are Intel
Core i7-4790 processor at 3.60 GHz with 15vGB RAM. On imple-
menting the proposed CNN architecture on the GPU, each training
iteration takes ca. 0.7 s, hence, a training phase requires ca. 40.8 h for
cancer classification and ca. 11.7 h for necrosis detection. Deploy-
ment of the CNN requires around 0.25 seconds per image for the
described experimental setup.

Dataset creation, preprocessing steps, comparative evaluation
using handcrafted features and random forest classification are per-
formed using another computer with Windows”® operating system,
Intel Core i7-3700 processor at 3.40 GHz with 16 GB RAM. Whole
slide image data is accessed in C# using the VMscope software
support (VMscope Gmb, 2010) to generate the image dataset for
our experiments. For the data augmentation part,.NET platform is
used with C# implemented modules. Accord (Souza, 2014) libraries
are employed for feature extraction of GLCM measures and LBP
histograms. AForge framework utilities (Kirillov, 2013) are used
to generate RGB and gray histograms in timely manner. HSV his-
tograms are computed using the EmguCV wrapper (Shi, 2013) of
the OpenCV library in C#. Python modules are applied from scikit-
image (van der Walt et al., 2014) for computing Gabor filter-bank
features, and from scikit-learn (Pedregosa et al., 2011) for random
forest machine learning and classification.

5. Experimental results
5.1. Applications

As stated earlier, deep learning using convolutional neural
networks is explored for two computer-based classification appli-
cations, namely, cancer classification based on IHC and necrosis
detection.

5.1.1. Cancer classification based on IHC

H&E stain is routinely used for primary diagnosis in histopathol-
ogy, and immunohistochemical staining is subsequently recom-
mended to reveal details of malignancy. Immunohistochemical
staining generally involves costlier preparation, especially the
HER2 IHC stain was recently introduced as a biomarker for gastric
cancer (Behrens et al., 2015). Therefore, H&E stained WSI are ana-
lyzed in our study due to lower cost and wider usage. Pathologists
can visually recognize the different malignancy levels by observing
HER2 stained slides using optical or virtual microscopy methods
but require a greater time and effort to identify the correspond-
ing tumor areas in H&E stain. This work explores the possibility of
presence of subtle differences in tissue properties between malig-
nancy levels in the H&E stained tissue regions, which are difficult
to visually identify but can be detected by computer-based image
analysis methods.

5.1.2. Necrosis detection
This application attempts to differentiate between image
regions in order to find the existence of tumor necrosis in the H&E
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stained WSI. Due to a distinct appearance of tumor necrosis com-
pared to the living tissue, automatic pattern recognition methods
can be suitably applied for detecting necrotic areas in histopatho-
logical images. It may be harder to reach diagnostic conclusions by
observing a WSI containing necrotic regions, and manual identifi-
cation of necrosis using visual inspection can be a time-consuming
task.

Automatic necrosis detection can provide useful information
about the the type and extent of malignancy and help in forma-
tion of prognosis, as higher necrosis may promote tumor growth
and consequently lead to a lower possibility of survival (Vakkila
et al., 2004). In some cancer patients, (neoadjuvant) chemotherapy
is followed by surgery and histological diagnosis, where determin-
ing the extent of necrosis can prove useful. Moreover, the detected
necrotic areas can be excluded in order to carefully analyze the
remaining living tissue. Therefore, necrosis detection can constitute
a preparatory stage that is helpful to pathologists and subsequent
analysis tools for more precise disease observation and character-
ization.

5.2. Comparison with state-of-the-art methods

Performance of the selected CNN architecture is compared
with state-of-the-art approaches for image analysis in digi-
tal histopathology. These include handcrafted texture and color
descriptors such as the GLCM features, Gabor filter-bank features,
LBP histograms, gray histograms, HSV histograms and RGB his-
tograms followed by random forest machine learning. It is also
compared with the well-established AlexNet CNN framework.

In literature, the well-known handcrafted features include
texture, color and intensity, morphological and architectural mea-
surements and have been extremely successful for image analysis
applications in digital histopathology, for e.g. Shuttleworth et al.
(2002),Doyle etal.(2006),Sertel etal.(2009), Diamond et al. (2004),
Doyle et al. (2007), Bilgin et al. (2010), Sharma et al. (2016) and
Sharma et al. (2012). Some of these have been evaluated in our
experiments to measure comparison with deep learning methods.
Statistical descriptors derived from the gray level co-occurrence
matrix (GLCM)include the 14 texture features described in Haralick
et al. (1973). Gabor filter-bank functions are similar to two dimen-
sional receptive fields of human visual system (Daugman, 1988),
hence, a set of 32 Gabor filter-bank features is computed to describe
texture. Local binary patterns (LBP) operator thresholds the neigh-
borhood of each pixel to generate a binary code (Ojala et al., 1996)
and the corresponding labels are used to obtain LBP histograms of
256 features. Additionally, gray histograms, HSV histograms and
RGB histograms are calculated for each image to yield 256, 692
and 768 length feature vectors respectively. These histograms can
accurately depict the intensity or color distributions in H&E stained
histological images using gray levels, HSV and RGB color spaces
(Tkalcic et al., 2003). The configuration of random forest classifiers
consists of 1000 trees for each classification and square root of total
number of features for best split, initially estimated from a pre-
defined range by out-of-bag error stabilization (Pedregosa et al.,
2011).

The AlexNet framework is one of the most widely accepted deep
CNN algorithms due to its tremendous accomplishment in general
image categorization (Krizhevsky et al., 2012), thus, nowadays con-
sidered as a baseline for comparison of deep learning algorithms.
Gastric cancer histological datasets are also tested using AlexNet
for both applications. Input images used for training and classi-
fication are cropped to size 227 x 227 from the center, similar to
the images in AlexNet framework. Number of training rounds and
batch sizes are kept constant for the two types of deep learning
approaches.

Table 3
Average classification accuracy of applied methods for cancer classification.

Methods HER2+ tumor HER2- tumor Non-tumor Overall

Handcrafted features and random forests

GLCM features 0.6893 0.5945 0.7989 0.6942
Gabor filter-bank features 0.6527 0.5548 0.8193 0.6756
LBP histograms 0.6479 0.5477 0.6789 0.6248
Gray histograms 0.7055 0.6382 0.8775 0.7404
HSV histograms 0.7062 0.6604 0.8672 0.7446
RGB histograms 0.7467 0.6670 0.8785 0.7641
Convolutional neural networks

AlexNet CNN 0.7533 0.6613 0.7837 0.7328
Proposed CNN architecture 0.6959 0.5809 0.8203 0.6990

Table 4
Average classification accuracy of applied methods for necrosis detection.

Methods Necrotic Non-necrotic Overall
Handcrafted features and random forests

GLCM features 0.5458 0.7486 0.6472
Gabor filter-bank features 0.7427 0.7134 0.7280
LBP histograms 0.7123 0.6421 0.6772
Gray histograms 0.7290 0.6392 0.6841
HSV histograms 0.7262 0.6929 0.7096
RGB histograms 0.6678 0.6769 0.6723
Convolutional neural networks

AlexNet CNN 0.5847 0.7444 0.6646
Proposed CNN architecture 0.7718 0.8570 0.8144

5.3. Quantitative evaluation

For quantitative evaluation, two cross validation strategies,
namely, k-fold stratified shuffle split and leave-a-patient-out are used
to compare performance of different approaches and establish
our findings. In the k-fold stratified shuffle split evaluation method
where k=3, two-third of the whole dataset is used for training
and remaining one-third for classification in each round, where
the training and classification datasets are randomly selected with-
out any overlap with equal number of samples from each class. In
the leave-a-patient-out strategy, in each round, the samples belong-
ing to one patient are excluded from the training dataset and used
for testing the classification method. This cross validation strat-
egy helps to study the practical usability of the described methods,
because of variations between patients owing to a heterogeneous
nature of our dataset.

The average multi-class classification accuracy using the pro-
posed CNN architecture and state-of-the-art methods is shown in
Table 3 for cancer classification and Table 4 for necrosis detection,
depicting the overall performance of handcrafted features with
traditional machine learning versus deep learning algorithms. Cor-
responding plots for individual classes are given in Figs. 6 and 7,
showing the distributions of results among cross validations for
cancer classification and necrosis detection respectively. Exam-
ples of learning curves of the proposed CNN architecture are
demonstrated in Fig. 8 for both applications and randomly selected
training round of each of the cross validation strategies.

5.4. Observation and discussion

From the experimental results, we observe the following. For
cancer classification, using all the described methods, non-tumor
class is classified with best accuracy, followed by HER2 positive
tumor, and then HER2 negative tumor. The results indicate that
non-tumor areas are visually distinguishable, hence, comparatively
simpler to discriminate by the classifiers from the cancer-affected
tissue. HER2 negative tumor has the least accurate classification,
because it can be described as the beginning of tumor proliferation
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Fig. 7. Results of cross validation rounds for necrosis detection experiments for classes (a) Necrotic and (b) non-necrotic.

and as an intermediate stage between non-tumor and higher malig-
nancy (HER2 positive tumor). It consists of the tissue regions where
tumor is partially developed, so there is less or no immunohisto-
chemical response from cells lying in these regions in the HER2
stained tissue. Resolving this confusion proves as the main chal-
lenge to obtain good identification rates for both malignancy levels
in H&E stained tissue images. This effect was also observed using
handcrafted graph-based features and other classification meth-
ods in Sharma et al. (2016) with the help of confusion matrices
for the two types of cross validations, and similar confusion matri-
ces have also been generated for this work showing comparable
trends for the three classes. Furthermore, it can be observed from
the results that among feature extraction methods, RGB histograms
with random forests show the most satisfactory performance fol-
lowed by HSV and gray histograms. Both the CNN architectures
compare favorably to most handcrafted features and traditional
machine learning, however, their performance is slightly lower
than three types of histograms. It may lead to the conclusion that
the H&E stain distribution is most beneficial for representing dis-
criminating information to classify gastric cancer tissue images
into one of the three malignancy levels using random forest classi-

fiers. Moreover, we note that using the selected CNN architecture,
accuracies are higher when trained with the entire available WSI
dataset compared to the initial empirical experiments, and simi-
lar phenomenon is observed for AlexNet framework. This behavior
was expected because of subsequent use of expanded datasets
built from the entire available WSI data, hence, the networks are
trained with large-scale visual information with diverse examples
to classify the unknown images more effectively. On comparing
the performance of the two CNN architectures, it is found that
AlexNet has marginally superior detection rates. However, it should
be emphasized that, during the k-fold stratified shuffled split cross
validation, AlexNet is more accurate (0.9682) than the proposed
CNN (0.8328) whereas leave-a-patient-out cross validation leads
to an opposite observation (0.4973) for AlexNet versus the pro-
posed CNN (0.5653), yielding a slightly higher overall accuracy. A
better leave-a-patient-out performance is a desirable characteris-
tic reflecting the robustness of the method for practical application
in a clinical setting where unknown samples can be automatically
classified with trained networks of previous cases, and this require-
ment is better achieved using the proposed CNN.
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Fig.8. Examples of learning curves of random training rounds using the proposed CNN architecture for (a) cancer classification in k-fold stratified shuffle split cross validation, (b)
cancer classification in leave-a-patient-out cross validation, (c) necrosis detection in k-fold stratified shuffle split cross validation and (d) necrosis detection in leave-a-patient-out

cross validation.

On observing the results for necrosis detection, we find that the
proposed CNN architecture has the best overall rates (0.8144) and
outperforms all the hand-engineered traditional methods and also
the AlexNet deep CNN for both classes, hence, the most desirable
performance is achieved using the proposed CNN architecture. It is
also interesting as the number of images required for training the
deep convolutional models was lower compared to cancer classi-
fication problem, which indicates necrosis to be visually simpler
to detect due to its higher distinguishability. However, some-
times more variation is observed between the two types of cross
validations, as compared to cancer classification, indicating the
requirement of more diverse and comprehensive databases during
the training phase.

In general, for both cancer classification and necrosis detec-
tion, more favorable performance is achieved using k-fold stratified
shuffled split compared to leave-a-patient-out cross validation. The
observed results using the former technique ensure highly desir-
able outputs in scenarios where partially annotated data in single
or multiple large-sized WSI of the same patient is available. In
contrast, leave-a-patient-out performance indicates the biological
variability between limited number of available cases, as a few dif-
ficult ones are observed to show poor recognition rates and affect
the overall classification measurements of the proposed system. It
can be emphasized that the extension of current ground truth data
with more patients and lower number of images per patient for

training, can provide a more robust classification algorithm. In this
way, it may be more feasible to evaluate the approach purely on the
basis of the second type of cross validation that will be explored in
our future studies.

The improvement of performance of the proposed CNN archi-
tecture over AlexNet during leave-a-patient-out cross validation in
cancer classification, and during both cross validation strategies
in necrosis detection can be mostly attributed to its properties,
leading to a more effective representation of subtler details with
higher robustness to inter-patient variations, which may not be
in the case for AlexNet. Additionally, the proposed CNN architec-
ture uses larger regions compared to AlexNet, which is considered
as an advantage because context and neighborhood are important
characteristics in histological images and captured more efficiently
by considering higher resolutions. Training of AlexNet was also
attempted using the same configuration and image sizes, however,
the specified GPU was unable due to higher memory requirements.

The plots in Figs. 6 and 7 are interesting in order to investi-
gate the behavior of classification methods over multiple cross
validation rounds. These plots reinforce that the proposed CNN
architecture performs reasonably well compared to other tested
methods in cancer classification, and outperforms them in necrosis
detection. An encouraging observation is that the CNN has com-
paratively stable performance with lower inter-round variations,
except for HER2 negative tumor class, which is not surprising due to
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Fig. 9. lllustrative examples of classification result (a) original H&E WSI with pathologists’ annotations for cancer classification based on IHC, and corresponding probability
maps using proposed CNN architecture for (a) HER2 positive tumor, (b) HER2 negative tumor and (c) non-tumor at a low magnification (0.3x).

its high visual complexity. Certain handcrafted features like Gabor
filter-bank responses and LBP histograms show more unpredictable
behavior. AlexNet shows performance variability for classes such
as non-tumor, which is easily distinguishable by other methods.

Lastly, we observe the learning curves in Fig. 8 generated by few
rounds for both the problems, for the given number of epochs. It
can be seen that that they are generally smooth with a declining
training error and increasing validation accuracy with iterations,
that become constant after several iterations. In Fig. 8(d), the val-
idation loss is nearly constant due to characteristics of validation
data, but training loss decreases and validation accuracy increases
to become constant, as desired for successful training.

A probability map for each category in the two classification
problems can be generated for a WSI for visualization purposes.
During classification of an image tile, the prediction probability
estimate of each class can be expressed using a color scale from
blue to red representing values in range [0,1]. The probability rep-
resentations of constituent non-overlapping image tiles overlay the
original H&E WSI to generate a probability map for each class. An
example for cancer classification of one of the H&E WSI is shown
in Fig. 9. Fig. 9(a) depicts the original WSI with pathologists’ anno-
tations showing HER2 positive areas with red and HER2 negative
areas with yellow polygons. Fig. 9(b)-(d) are the probability maps
for HER2 positive, HER2 negative and non-tumor. Because of very
high resolution of the WSI, the constituent image tiles appear as
small colored pixels at a lower magnification (0.3x). The results
obtained are mostly consistent with the expert annotations made
in the corresponding HER2 WSI, indicating desirable behavior of
the proposed CNN method for analysis of H&E stained gastric cancer
WSI based on their HER2 immunohistochemistry. Higher confusion
and prediction error is observed mainly in the lower right part of
the WSI, especially in the tumor classes.

6. Conclusions and recommendations

In this paper, whole slide images of gastric carcinoma are
analyzed with the help of deep learning methods in digital
histopathology. Our previous studies on H&E stained gastric
carcinoma images in Sharma et al. (2016, 2015) involve graph-
based analysis and AdaBoost classification based on their HER2
immunohistochemistry, and necrosis detection using texture-
based approaches and SVM classification respectively. This study
addresses these histological image analysis tasks using deep con-
volutional neural networks. Firstly, several CNN architectures are
empirically investigated to determine a suitable design for learning
significant characteristics of histological images. A preliminary CNN
architecture is proposed and applied for two classification prob-

lems, namely, cancer classification based on immunohistochemical
response and necrosis detection. The performance of the designed
CNN is quantitatively evaluated and compared with state-of-the-
art handcrafted features with random forest classification. It is also
compared to the AlexNet CNN framework which is popular in deep
learning for general object classification.

In general, deep learning methods compare favorably to tradi-
tional methods using hand-engineered features and random forest
machine learning. Furthermore, the self-designed CNN architecture
shows promising results compared to AlexNet CNN framework.
For cancer classification based on IHC, non-tumor can be easily
distinguished from tumors, but it is more difficult to distinguish
the two types of tumor classes. RGB histograms show highly desir-
able performance, however, both the studied convolutional neural
networks also perform reasonably well. For necrosis detection, the
proposed CNN is trained using a smaller image dataset and has the
best performance over all the traditional methods and the AlexNet
framework. Hence, it can be concluded that, for both classification
applications, the proposed CNN architecture adequately represents
H&E stained histopathological images of gastric cancer at high mag-
nification with varying stain intensities and malignancy levels.

A few limitations of our method are highlighted as follows.
Firstly, like all other deep learning applications so far, our method
also requires training with large-scale datasets containing thou-
sands of images. This problem is currently addressed using data
augmentation strategies on the available datasets, but it will be
a more appropriate direction to expand the available ground truth
by increasing the number of cases. For our experiments, the ground
truth data was generated by expert pathologists by marking manual
annotations in WSI which was a laborious task demanding con-
siderable time, hence, our studies are currently limited to smaller
datasets. Also, training the proposed CNN from scratch, even with
a fast (although not optimized) implementation on GPU, requires
around two days for the current configuration. On the other hand,
an optimized implementation of feature extraction and random
forest machine learning requires relatively smaller duration to
complete training for same sized data. This trade-off between accu-
racy versus time efficiency requires further experimental evidence
to ensure an upper hand of deep learning algorithms in digital
histopathology. Another challenge was the empirical analysis of
CNN architectures to determine an optimal framework for histolog-
ical image analysis of gastric cancer and currently this stage is based
on cancer classification. The selected CNN architecture is applied for
detecting necrosis to explore the generalizability of CNNs versus
handcrafting features for individual problems, and our approach
shows a reasonable performance in both applications. Neverthe-
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less, other possibilities can be studied in future which were limited
now due to time and hardware requirements.

The next steps of this study will be to enhance and refine the
designed CNN architecture in order to reduce confusion by achiev-
ing higher classification accuracy for the mentioned classification
problems, and to optimize program execution. Specifically, can-
cer classification based on IHC requires refinement in categories
and classification strategy for improved performance, and hier-
archical classification is being currently explored for the same.
Moreover, as stated above, the methods have currently been tested
on smaller number of WSI which are being expanded to more
patients along with annotations. The proposed CNN architecture
will also be applied on other diverse classification problems in his-
tology, to further investigate its generalizability. Other interesting
directions include comparative evaluation with other successful
CNN architectures in digital histopathology, and ensemble learning
(Rokach, 2010; Chen, 2016) to combine classifiers based on tradi-
tional machine learning and deep learning in order to harmonize
their individual strengths. The comprehensive aim of our studies
is to achieve effective computer-based histological image analysis
using the routinely examined H&E stained WSI of gastric cancer.
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