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Introduction: Deep learning-based solutions for histological image classification
have gained attention in recent years due to their potential for objective
evaluation of histological images. However, these methods often require a
large number of expert annotations, which are both time-consuming and
labor-intensive to obtain. Several scholars have proposed generative models to
augment labeled data, but these often result in label uncertainty due to
incomplete learning of the data distribution.

Methods: To alleviate these issues, a method called InceptionV3-SMSG-GAN has
been proposed to enhance classification performance by generating high-
quality images. Specifically, images synthesized by Multi-Scale Gradients
Generative Adversarial Network (MSG-GAN) are selectively added to the
training set through a selection mechanism utilizing a trained model to choose
generated images with higher class probabilities. The selection mechanism filters
the synthetic images that contain ambiguous category information, thus
alleviating label uncertainty.

Results: Experimental results show that compared with the baseline method
which uses InceptionV3, the proposed method can significantly improve the
performance of pathological image classification from 86.87% to 89.54% for
overall accuracy. Additionally, the quality of generated images is evaluated
quantitatively using various commonly used evaluation metrics.

Discussion: The proposed InceptionV3-SMSG-GAN method exhibited good
classification ability, where histological image could be divided into nine
categories. Future work could focus on further refining the image generation
and selection processes to optimize classification performance.

KEYWORDS

colorectal cancer, histological images, convolutional neural networks, generative
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1 Introduction

Colorectal Cancer (CRC) is regarded as one of the most
important malignant gastrointestinal cancers. Owing to the high
incidence and mortality rates, CRC is also the second most common
cancer in women and the third most common cancer in men.
Despite differences in geographical distribution, age and gender, the
global incidence of CRC is expected to increase by 80% by 2035.
Most CRCs are sporadic (7080%), while about one-third of CRCs
have a genetic component (1-3). Fortunately, early detection,
correct diagnosis and appropriate treatment can effectively
improve the survival of patients with CRC. Many studies have
shown that the development of CRC can be effectively determined
by histological image analysis such as a more accurate classification
of histological images (4, 5).

Over the years, researchers have developed a wide range of
methods based on Artificial Intelligence to accurately classify
medical images (6-9). Traditional machine learning approaches
for classifying images contain several steps, which are data
preprocessing, manual feature extraction, manual feature
selection, classification and so on. However, these approaches
require prior domain knowledge and may not generalize well on
test data (10).

Deep neural networks have been proposed and can be used for
the classification of images. Specifically, convolutional neural
networks (CNNs) are multilayered and trained with a back-
propagation algorithm to classify. In medicine, CNNs are used to
classify images to predict clinical parameters and outcomes, and
have attained huge success (11, 12). Zhou et al. (13) introduced a
new attention mechanism into CNN to classify the differentiation
types of histopathological images of colorectal cancer. Kumar et al.
(14) proposed a lightweight and less complex CNN framework to
improve the classification performance of colorectal tissue. Khazaee
et al. (15) developed a hybrid structure based on deep TL networks
and ensemble learning to detect colorectal cancer.

However, supervised CNN training often requires a large
number of expert annotation data to achieve high accuracy. In
addition to this, only a small set of labeled data is available in many
practical applications due to annotation costs and privacy issues.
Additionally, labels are often unbalanced between grading and
subtypes (16). Thus, an optimal solution is to develop a
generative model to eliminate the issues mentioned above, which
means that the sample size is increased through instances of the
original data.

Traditional transformations like flipping, mirroring, scaling,
and cropping are the most common image augmentation
strategies. However, they do not really introduce new images with
additional information and do not better fill the entire data
distribution (16). Data augmentation with these simple
transformations may not effectively enhance classification
performance. In order to achieve more robust performance, a
large amount of annotated and high-quality training data is
usually required.

Recently, generative adversarial networks (17) (GANs) are
increasingly active and widely used in medical data synthesis
because of their excellent data generation capabilities without
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explicitly modeling probability density functions (16, 18-21).
Augmenting existing medical images can significantly increase the
sample size of the training set. It partly alleviates the problem of
limited sample sizes of medical images due to inherent limitations
such as imaging costs, tag costs and patient privacy (22, 23).

A typical GAN comprises a generator (G) and a discriminator
(D) which are embedded in a competitive process. The
discriminator is expected to perform accurate binary classification
of real/fake images. The generator expects to fake images which are
sufficiently realistic that the discriminator cannot accurately classify
them. The two components are trained iteratively, and the
performance increases alternately. As a result of the game
competition, the generator’s performance can be
significantly promoted.

However, it is of note that traditional GANs suffer from two
prominent problems which are mode collapse and training
instability. Mode collapse occurs when the generator captures
only a subset of the data distribution, resulting in a lack of
diversity in the generated samples. And the reason for the
training instability of GANs is that when there is no overlap
between the real and fake data distributions, the gradients passed
from the discriminator to the generator become uninformative (24,
25). A number of GAN-variants have been proposed to alleviate
these two problems, such as Deep Convolution Generative
Adversarial Networks (DCGAN) (26), Self-Attention Generative
Adversarial Networks (SAGAN) (27) and Multi-Scale Gradients
Generative Adversarial Networks (MSG-GAN) (25).

Multi-Scale Gradients GAN (MSG-GAN) has been developed
for the production of higher resolution images (25). This
architecture utilizes the idea of progressive neural networks first
proposed in (28) which starts with low resolution 4 x 4 pixels image
and begins to grow with the training progressing for the generator
and discriminator. MSG-GAN alleviates the instability problem by
allowing the flow of gradients from the discriminator to the
generator at multiple scales to generate high-resolution images.
Compared with PROGAN (29), latent spaces of the generator and
the discriminator in MSG-GAN are connected so that more
information is shared between the generator and the
discriminator. To be specific, multi-scale images are sent to the
discriminator and linked to the corresponding main path. The
discriminator can not only view the final output of the generator but
also the outputs of the middle layers. Therefore, the discriminator
becomes a function of the generator’s multiple scale outputs, and
importantly, it passes gradients to all the scales simultaneously.

MSG-GAN can synthesize more realistic and diverse samples,
so we adopt it as the basic framework. However, the images
generated by GANs may have label ambiguity, to be specific, a
generated image of one class is misclassified into another class,
which degrades classification model performance (16). Our goal in
this paper is to enhance the classification performance, thus we
apply a selection mechanism to filter the synthetic images,
guaranteeing that all selected generated images are more credible
and can be classified into some class with certainty.

In this work, we propose a Selective GAN model based on
MSG-GAN (SMSG-GAN) to generate high-fidelity images.
Furthermore, we also employ additional GANs such as DCGAN
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and SAGAN for comparison. In order to obtain more realistic and
convincing images, a selection mechanism is proposed to screen
images, which takes advantage of a trained model to filter the
generated images, and the images with higher predicted probability
than the threshold are saved. We both qualitatively and
quantitatively evaluate the proposed SMSG-GAN by performing
colorectal tissue image classification with an advanced CNN
classifier trained on augmented data and applying various
evaluation metrics. Experimental results show that SMSG-GAN
can effectively enhance classification performance and its superior
generation ability.

2 Materials and methods
2.1 Colorectal cancer data

Colorectal cancer is a type of solid tumor as well as a complex
disease. Additionally, Colorectal histological images generally
contain a variety of tissue types and features, which makes it
extra complicated to analyze. Hematoxylin-Eosin (HE) stained
histological images are the main tool used to diagnose CRC and

10.3389/fonc.2023.1240645

determine the stage of CRC. In HE slides of CRC patients, it is vital
to differentiate normal tissues from tumor regions (30). In this
paper, we use the open-access histological data set of nine tissue
classes from NCT-CRC-HE-100K for data augmentation and tissue
classification. The data set is provided by Kather et al. (3), which is
manually delineated single-tissue region in 86 CRC tissue slides,
generating more than 100,000 HE image patches. There are nine
categories including adipose tissue (ADI), background (BACK),
debris (DEB), lymphocytes (LYM), mucus (MUC), smooth muscle
(MUS), normal colon mucosa (NORM), cancer-associated stroma
(STR) and colorectal adenocarcinoma epithelium (TUM). Images
randomly selected from each category of this data set are illustrated
in Figure 1. We evaluate the accuracy of tissue classification with an
external validation set: the NCT-VAL-HE-7K data set, which
contains 7180 image patches from 25 whole-slide images. The
dimensions of all the images are 224 x 224 x 3 and cropped at a
magnification of 20x (0.5um/pixel). We used all samples in the
NCT-CRC-HE-100K and NCT-VAL-HE-7K datasets.

The aim of this study is to achieve maximum separation
between different classes in the classification process. To this end,
we utilize t-distributed stochastic neighbor embedding (t-SNE) to
visualize the class separation of the NCT-VAL-HE-7K dataset (31).

ADI

BACK

DEB

LYM

MUC

MUS

NORM

STR

TUM

FIGURE 1

Example images for each of the nine tissue classes represented in the NCT-CRC-HE-100K data set.
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t-SNE is a nonlinear dimensionality reduction technique that maps
high-dimensional data into twodimensional or three-dimensional
space for visualization purposes. The results of the visualization are
presented in Figure 2. Most tissue classes are found to cluster
together except for ADI and BACK classes. This could be due to the
fact that ADI and BACK classes contain less tissue, making them
easier to distinguish from other classes.

2.2 Proposed methodology

An overall flowchart of the proposed method named
InceptionV3-SMSG-GAN is depicted in Figure 3. InceptionV3-
SMSG-GAN is presented to improve the classification performance
of colorectal cancer histopathological images. To be specific, we take
advantage of MSG-GAN to generate a large amount of training
samples for the downstream classification task, and then use a
selection mechanism to filter the synthesized data. After the
selection, the selected data and the original training set are put
together into the classification network as the training set and
validation set. Taken together, the proposed approach contains two
parts which are selective data augmentation and downstream
classification task. Among them, the selective data augmentation
methodology consists of two stages, namely data generation and
selection, as shown in Figure 4. Note that the SMSG-GAN method
is adopted for each class in turn, here displays the generation for the
ADI class. In the following subsections, detailed information about
each of these stages is provided.

2.2.1 Data synthesis

As illustrated in Figure 4, the proposed SMSG-GAN framework
trains with progressive growth resolution. The intermediate layers
of the generator share features with the corresponding intermediate
layers of the discriminator, which can improve the training
efficiency and quality of the generated images. This sharing
promotes information flow between the generator and the
discriminator, aiding the generator in better understanding the

10.3389/fonc.2023.1240645

data distribution and features, and producing more realistic images.
Besides, sharing features can reduce the number of parameters in
the models, preventing issues such as overfitting from occurring.
The generator of SMSG-GAN outputs generated histopathological
images, while the discriminator outputs the probability that the
given image is real. Furthermore, the generator and the
discriminator in SMSG-GAN consist of seven convolutional
blocks each, enabling them to generate images of varying sizes
simultaneously, resulting in higher-quality images. It is of note that
only images with the highest resolution of 256 x 256 pixels are
adopted. Moreover, the optimization of SMSG-GAN is performed

with respect to a joint loss function for D and G as given in Equation
ldis(xreab xfuke) = E[R(l - 7f)] + E[R(l +f7')}

(1).
{ Xake) = B[R(1 + )] + E[R(1 - fr)]

where, 7f = D(xyeq)) = BID(Xke)], fr = D(Xgare) = B [D(Xpean)]; R(
max(x,0)

where 14 (XreabXfake) aNd lgen (XrealXfake) are the loss of
discriminator and generator, respectively. x.., represents real

lgen (xreal >

X)

images from training data, and xgy. denotes fake images that
generator synthesizes.

We utilize a noise vector of 256 dimensions from a standard
normal distribution in the initialization phase. The latent vector is
used as the input of a generator to generate images of different sizes
through a series of layers, and the generated images and real images
of their corresponding scales are fed into the discriminator which
ultimately estimates the reality of the images. A two time-scale
update rule ensures that training reaches a stationary local Nash
equilibrium if the discriminator learns faster than the generator
(32). In light of this, we apply different learning rates for the
generator and the discriminator to achieve better performance.
The generator trained for the nine classes of tissue images is trained
with Adam (Ir=0.0001), and the learning rate of the discriminator is
0.0004. Other settings in synthesis experiments are as follows, all
models are trained with the net budget of 100 epochs and the batch
size is set as 8. By applying the above configurations, SMSG-GAN

t-SNE plot for the testing dataset

tsne-2d-two
°

-100

tsne-2d-one

FIGURE 2

PN A WN= O

100 150 200

t-SNE of the testing set. Classes: 0=ADI, 1=BACK, 2=DEB, 3=LYM, 4=MUC, 5=MUS, 6=NORM, 7=STR, 8=TUM.
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FIGURE 3
Flowchart of InceptionV3-SMSG-GAN.
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trains for each class of colorectal tissue separately. After the training
is completed, 5,000 images are generated for each class, increasing
the amount of data for the downstream classification task.

During the synthesis experiment, DCGAN and SAGAN are also
utilized to generate images using the NCT-CRC-HE-100K data set
for further generation comparison. Compared with the original
GAN, DCGAN makes some changes to CNN architecture to
improve the quality of samples and convergence speed. The main

FIGURE 4

-~ real/fake

Trained model

improvement is to replace the pooling layers in the discriminator
with deconvolution and fractional deconvolution in the generator
(26). The size of generated images in (26) is 64 x 64 pixels, so we
modify the number of the channels in the architecture to synthesize
the same size as the output images of SMSG-GAN. As for SAGAN,
self-attention module and spectral normalization (33) have been
used in both generator and discriminator to enhance performance.
The self-attention module is used to compute the response at one

selected

Augment Data

The architecture of the proposed SMSG-GAN. Each orange bar in the generator represents each convolutional block of the generator, similarly, each
indigo blue in the discriminator represents each convolutional block of the discriminator, and the red block represents a convolutional layer with a

kernel size of 1 x 1.
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location as a weighted sum of features at all locations for a better
balance between the ability to model long-range dependencies and
statistical efficiency. We also change the number of channels in
convolutional layers in the SAGAN architecture and make some
modifications to generate images with a resolution of 256x256
pixels. It is of note that the same configurations as SMSG-GAN are
adopted in the generation experiments of DCGAN and SAGAN.

2.2.2 Selection mechanism for synthetic data

In order to make better use of training data and alleviate the
problem of overfitting during training, data augmentation has
become a commonly utilized method for deep neural network
training. The goal of data augmentation is to augment the
original training set with new samples that follow the original
data distribution. Therefore, a good data augmentation scheme
should generate samples that follow the original data distribution
but are different from the original training set. Conversely, a poor
data augmentation scheme will produce samples that deviate from
the original data distribution, thereby misleading training.

Most data augmentation methods based on GAN directly add
generated images to the training set, which results in the varying quality
of synthetic images affecting the effectiveness of augmentation.
Accordingly, for the sake of a high-quality synthetic data set, a
filtering mechanism is proposed to make sure that the augmented
samples satisfy the original data distribution. Specifically, we use a
GoogleNet InceptionV3 CNN model (34) trained without any data
augmentation on nine categories of colorectal tissue images, which also
serves as a baseline model in classification experiments, to predict the
class probabilities of synthetic images. After the training, we select
generated images with class probabilities predicted by the trained
model greater than a given threshold o

Regarding the choice of @, we provide an ablation study in
Section 3.3. The selected images can be confidently classified into
certain classes and thus contain sufficient diagnostic features. In
order to benefit improvement of classification performance, the
selectively generated images are added to the original data
for training.

10.3389/fonc.2023.1240645

2.2.3 Colorectal tissue images classification

For classification experiments, we utilize the InceptionV3
model for classification with the nine classes mentioned in
Section 2.1. During training, we replace the last fully connected
layer presented in the original network architecture with two fully
connected layers which are followed by a rectified linear unit
activation (ReLU) activation function and a dropout layer with
0.5 probability. The ReLU function is a common type of nonlinear
activation that maps negative values to zero and returns the original
value for positive values. The final output of the model is the
probability of the category of the histopathological image. The main
parameters are set as follows: batch size is 64 and epochs is set as 20.
It is also worth noting that the model is trained using stochastic
gradient descent with an initial learning rate of 0.001 after defining
the network structure. During the training process, we implement a
changeable learning rate scheme to further enhance classification
performance:

{1 + cos(mr x ep/epochs)

Irop =1Irep_y X 5

x(1=Irf)+Irf] (2)

where Ir represents the learning rate, and ep is the number of
epochs, we set epochs and Ir f to 20 and 0.1, respectively.

2.2.4 Statistical analysis

In order to further demonstrate that the classification results of
the proposed method are not obtained by chance, we utilize the
Paired t-Test. We evaluate the significant difference between the
proposed method and the baseline by calculating the P values of the
Paired t-Test for the classification overall accuracy which are
obtained by the models. All the classification experiments are run
three times with different random seeds, where the best
classification performances for the two models are reported
in Table 1.

Statistical analysis is done in Python (version 3.6) using stats
module from Scipy library (version 1.5.4). P values< 0.05 are
considered to be statistically significant. The P value of the Paired
t-Test is shown in Table 1. Therefore, the proposed method has

TABLE 1 Classification performance of InceptionV3 model for each tissue class.

Baseline(w/o data augmentation)

Proposed(with SMSG-GAN)***

Precision = Recall Specificity Overall Accuracy Precision Recall Specificity = Overall Accuracy

ADI 0.926 0.85 0.984 0.984 0.894 0.997
BACK 0.955 1.0 0.994 0.967 1.0 0.995
DEB 0.722 0.805 0.985 0.708 0.879 0.982
LYM 0.961 0.965 0.996 0.986 0.978 0.999

MUC 0.945 0.871 0.992 0.8687 0.963 0.921 0.994 0.8954
MUS 0.606 0.833 0.951 0.673 0.865 0.962
NORM 0.818 0.869 0.978 0.838 0.880 0.98
STR 0.796 0.390 0.994 0.815 0.430 0.994
TUM 0.903 0.945 0.979 0.908 0.949 0.980

The left side denotes the classification results of InceptionV3 model without data augmentation, which serves as a baseline. while the right side represents the results of the proposed method
which utilizes SMSG-GAN to augment data and then uses InceptionV3 model to classify tissue types. *** denotes significant difference.

The bold values indicate the best performance.
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statistically significantly different classification performance with
the P value of 0.001.

3 Results

In this section, we present the evaluation results of the proposed
methodology. The first experiment was a comparison of
classification training on colorectal tissue images. After the
training of classification, we utilized an additional data set for the
test. The second experiment used various GANs to generate the
nine classes of colorectal tissue images. Furthermore, we also
provided a performance comparison of DCGAN, SAGAN and
SMSG-GAN on generating the nine classes of colorectal tissue
images. The performance comparison was based on measuring
the quality of the synthetic data through several commonly
used metrics.

3.1 Results of classification

We used the InceptionV3 model without any data
augmentation assistance as the basic classification baseline. As for
our approach, selective synthetic data was added to the original
training set for further classification experiments, we also utilized
the same InceptionV3 model used in the baseline to classify the nine
classes of colorectal tissue patches. During the classification
training, we fixed the same parameters as the classification
baseline model. When the training was completed, we utilized the
NCT-VAL-HE-7K data set to evaluate the performance of the
two models.

In order to evaluate the classification performance of the
proposed method, we adopted confusion matrix, precision, recall,
specificity, and overall accuracy. The confusion matrix represents

10.3389/fonc.2023.1240645

the predicted labels of the classifier versus the true labels, larger
values on the diagonal indicate better classification performance. As
for other measures, a larger value means better prediction
performance of the classifier.

The confusion matrices of the evaluation are shown in Figure 5.
Figure 5A shows that the most obvious confusion existed between
MUS and ADI. Furthermore, most misclassifications arose between
the classes MUS and STR as well as between NORM and MUC. As
illustrated in Figure 5B, the number of the class ADI misclassified to
the class MUS decreased significantly, and more images belonging
to the STR category and LYM category were correctly classified.
Taken together, we attained higher values on the diagonal of the
confusion matrix than the baseline.

Table 1 depicts the precision, recall and specificity of each
category, and overall accuracy for all categories in detail. The best
results are in bold. In terms of precision, InceptionV3-SMSG-GAN
yielded more competitive results than the baseline model in most
categories except for DEB. In particular, the precision of the ADI
and MUS classes increased dramatically by 5.8% and 6.7%,
respectively. For recall metric, InceptionV3-SMSG-GAN
displayed significantly better performance in all classes. The recall
of the ADI, DEB, MUC, MUS and STR classes increased by about
4.4%, 7.4%, 5%, 3.2% and 4%, respectively. Additionally, the
proposed method achieved better results than the baseline model
for specificity evaluation metric except for DEB which decreased
slightly by 0.3%. In summary, our approach achieved much higher
overall accuracy with 89.54% and generally got higher values in
most metrics than the baseline model. In most cases, the
classification with SMSG-GAN led to better performance results
than without augmentation of the training data, which
demonstrated that SMSG-GAN was able to enhance the
classification performance of the colorectal cancer tissue.

During training both classification models of colorectal
histological images, we monitored the training loss value which is

B ) )
Confusion matrix
ADI o 0o 0 17 © 2 0 0
BACK { 0 9 0o 7 13 0 0 0 1000
DEB{ 0 ©0 298 11 1 41 3 47 20
- 800
g wM{0 0 0 o o 8 0 1
]
L
= MUC{25 O 0 O 0 4 4 4 600
S
T Mmus{8 0 32 0 0 (512 3 129 2
& 400
NMORM{33 0 o0 2 4 o0 10 35
STR{ 1 ©0 0 ©0 ©0 26 13 181 1 200
TUM{ @6 0 0 1 11 0 56 50
T T T . T T T . 0
P S R S R SR N
& NPT
FF ST FES
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A . )
Confusion matrix
ADI 0 9 0 21 55 3 3 0
BACK{ 0 29 0 2 5 0 3 1 1000
DEB{ 4 0 273 20 0 14 11 48 8
800
i
g wmM{0 0 0 0 2 18 2 3
g
T Mucq{22 0 0 0 0 8 10 12 600
S
T Mmus{169 o 27 o 2 (483 o0 121 1
& 400
NORM{ 3 0 0 1 78 0 m 24 37
STR{ 0 0 0 0 0 23 13 164 6 200
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O & NN &
‘?Q & < S &F \p 4\ N
True Labels

FIGURE 5

(A) Baseline. (B) Proposed method. Confusion matrices of the classification results using InceptionV3. (A) represents confusion matrix of the
InceptionV3-based classification without any augmentation, while (B) represents confusion matrix of the InceptionV3-based classification with

selective synthetic data using our proposed method.
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depicted in Figure 6. The Training loss curve depicts convergence
across epochs and demonstrates better anytime performance with
the proposed approach in comparison to the baseline. The loss
values of InceptionV3-SMSG-GAN are lower all the time, which
demonstrated the significance of the proposed method and
better convergence.

To further verify the effectiveness of the proposed method,
ShuffleNetV2 and MobileNetV2 were applied for comparison.
Table 2 shows the overall accuracy of classification performance.
The proposed method achieved the best overall accuracy for all
categories, which is 0.0267 larger than the baseline model, 0.1038
larger than ShuffleNetV2, and 0.0476 larger than MobileNetV2.

We further visualized the internal representations of tissue
classes by using t-SNE on deep layer activation of both methods
and saw a nearperfect separation of the classes in the testing set.
Figure 7 shows that the distributions of features extracted from the
baseline InceptionV3 model for DEB and STR were much more
concentrated, yet each category with InceptionV3-SMSG-GAN was
more separate. This showed that the classification model with data
synthesized by SMSG-GAN learns image features that allowed the
separation of nine tissue classes, which outperformed the
baseline model.

3.2 Results of synthetic colorectal
tissue images

To facilitate a more sufficient training data set to train the
classifier, we synthesized the colorectal tissue images using GANG.
In the training of classification, SMSG-GAN generated 5000 images

10.3389/fonc.2023.1240645

with a resolution of 256x256 pixels for each class of colorectal tissue
images. Xue et al. (16) did some experiments which showed that the
best augmentation performance was achieved when the
augmentation ratio was 0.5, where the augmentation ratio
represents the proportion of the number of generated samples to
the number of original training samples.

Figure 8 shows some of the samples for each class of synthesized
colorectal tissue patches with different GANs. The first column
represents the real image from the training data, and the remaining
columns represent synthesized images by SMSG-GAN, DCGAN,
and SAGAN, respectively. The images SMSG-GAN generated were
enough to achieve a real effect compared with the other two GAN
models. By contrast, the quality of the images DCGAN and SAGAN
synthesized were both extremely unrealistic. The reason might be
that their simple network architecture could not learn the features
of large-scale images completely.

3.3 Ablation study of selective mechanism

To further analyze our proposed SMSG-GAN, we performed an
ablation study of the selection mechanism and compared different
thresholds used in the selection mechanism. We used the same
backbone InceptionV3 classifier with the same hyperparameters
setting in all experiments to make sure differences only come from
the selection mechanism. In Table 3, or = 0 denoted that we utilized
the synthetic images directly without selection for downstream
classification experiments. ¢ = 0.7 indicated that the generated
images with a class probability higher than 0.7 were added to the
original data for further classification. The overall accuracy of
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The loss value curves for the baseline and proposed method. The orange line represents the classification without data augmentation, and the blue

line represents the classification with selective synthetic data.
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TABLE 2 Classification performance of the proposed method and other
algorithms.

Methods Overall Accuracy

Baseline 0.8687
ShuffleNetV2 0.7916
MobileNetV2 0.8478

Proposed 0.8954

The bold values indicate the best performance.

classification is illustrated in Table 3. One can see that either too
small or too large a value of & compromises the advantage of
selection. InceptionV3-SMSG-GAN with threshold o = 0.85
achieved the best performance. Data augmentation can improve
classification performance, with better enhancement achieved when
using the selection mechanism. However, the generated images
have different levels of quality. The diversity decreases if a higher
threshold is chosen, which results in no significant
performance improvement.
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3.4 Quantitative evaluation of
generated images

In order to compare the three GAN models more
comprehensively, we used three evaluation metrics to measure the
quality and diversity of the synthesized images. The details of the
three metrics are as follows.

« Inception Score(IS). The metric is widely used in GANS, the
higher IS is, it indicates that the generator can generate
high-quality samples (35). However, IS also has serious
limitations. It is primarily to ensure that the samples
generated by the model can be confidently identified as
belonging to a specific class and that the model generates
samples from multiple classes, not necessarily to assess the
authenticity of the details or the diversity within the class.
In other words, IS does not penalize a lack of intra-class
diversity, Specifically, if mode collapse occurs in the
generator, the value of the IS might be pretty, but the real
situation is very bad. Thus, it is not sufficient to only use IS
to evaluate the quality of the generated images.
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(A) Baseline. (B) Proposed method. Visualization of the class separation based on t-SNE of deep layer activations for the testing data. (A, B) represent
t-SNE of the testing set based on deep layer activations of InceptionV3 (w/o data augmentation) and InceptionV3 (with selective synthetic data

augmentation), respectively.
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Results of synthetic colorectal tissue images for each class with different GANs.

« Frechet inception distance(FID). The FID is used to detect the
intra-class mode dropping. It has been shown to be better
aligned with expert evaluation in assessing the realism and
diversity of the synthesized images (32). The metric
captures the similarity of generated images to real ones,
computing the distance between the feature vector of
generated and real images. Usually, a synthesized image
with good quality should result in a lower FID score.

o Kernel Inception Distance(KID). However, the IS and FID
cannot well process the overfitting problem (36). To
address this problem, the KID was proposed. The KID
can capture higher order statistics and has an unbiased
estimator but has been empirically found to suffer from
high variance, which is a metric similar to the FID (36).
Therefore, we also used KID to evaluate the quality of the
synthetic images. The same as the FID, a lower value means
better quality of synthesized images.

The three metrics mentioned above take a list of feature vectors
extracted from images to compute the distance between
distributions. The image feature vectors are extracted by the pre-
trained InceptionV3 model trained on ImageNet (37). ImageNet is
a large-scale database that is much larger in size and diversity and
much more accurate, containing 12 subtrees with 5247 sets and 3.2
million natural images in total. Although the distribution of natural
images and that of histopathology images are considerably different,
the evaluation metrics may be more accurate when the pre-trained
model used in the metrics train in a tremendous amount of data set
and the data set used in our experiment is relatively tiny compared

10.3389/fonc.2023.1240645

to ImageNet. Hence we eventually did not replace the InceptionV3
model pre-trained on ImageNet with the same model pre-trained
on the NCT-CRC-HE-100K data set.

The results of the reference-based metrics applied to the
evaluation of the synthesized images are listed in Table 4. We
additionally utilized the additional two GAN models training on the
same data set to generate tissue images for comparison. As shown in
Table 4, In terms of IS, the values in SAGAN were the lowest.
However, the values of IS in these three GAN models were highly
close, which indicated that it was not accurate to evaluate image
quality only with IS to some extent. In terms of the metric of FID
and KID, SMSG-GAN yielded lower values except for the BACK
class compared with DCGAN. Besides, the FID and KID values of
the BACK class were much larger than those of the other classes in
SMSG-GAN. We assumed that the BACK class was so complicated
and didn’t follow any specific mode. Therefore, SMSG-GAN cannot
fully learn its distribution. Some randomly selected images of the
BACK class in original training data are displayed in Figure 9.
SAGAN performed worst in these three metrics with the lowest IS,
the highest FID and KID. Taken together, SMSG-GAN clearly
outperformed the other two GAN models.

4 Discussion

In this study, we proposed a novel method to improve
classification for colorectal tissue images. A simple CNN classifier
trained on the NCT-CRC-HE-100K data set without any
synthesized images reached only 86.87% overall accuracy. when

TABLE 3 Classification results of different thresholds in selection mechanism.

87.72%

Overall Accuracy

The bold values indicate the best performance.
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TABLE 4 The comparison of quantitative metrics of the proposed model with DCGAN and SAGAN.

SMSG-GAN DCGAN

IS 1 FID | KID |
ADI 1.06 74.09 0.07 1.06 371.42 0.43 1.02 384.72 0.44
BACK 1.06 316.14 0.3 1.07 256.72 0.24 1.1 409.42 0.53
DEB 1.07 56.05 0.04 1.09 451.3 0.61 1 315.85 0.39
LYM 1.03 76.97 0.09 1.08 469.42 0.68 1.01 367.01 0.44
MUC 1.06 88.09 0.09 1.06 360.3 0.4 1.03 350.11 0.37
MUS 1.06 57.13 0.04 1.08 403.53 0.48 1 389.03 0.48
NORM 1.07 72.56 0.08 1.06 455.62 0.59 1.02 442.18 0.54
STR 1.05 66.35 0.06 1.04 396.68 0.53 1 311.55 0.39
TUM 1.07 32.14 0.03 1.04 428.99 0.59 1.02 359.47 0.39

the images generated by SMSG-GAN were included in the original
training data, overall accuracy was significantly improved to
89.54%. We used SMSG-GAN to generate colorectal tissue images
with higher fidelity and fewer artifacts compared to other GANs. As
an additional image quality verification, we tested synthetic images
using three metrics. Lower values in FID and KID metrics SMSG-
GAN got, compared with DCGAN and SAGAN, which
demonstrated that our approach was able to capture real image
features and more similar to the real data. In particular, we
synthesized the nine classes of tissue patches separately. For
further improvement, we applied a selection mechanism to filter

the generated images that have ambiguous class labels, ensuring the
selected images can conduce to the classification performance. In
general, SMSG-GAN can generate more realistic images, and the
generated images can be used as a training set for classification
tasks, further improving the classification performance of colorectal
cancer tissue images.

A data augmentation strategy was proposed to enhance the
performance of tissue classification, thereby assisting pathologists in
accurately diagnosing colorectal cancer cases. In practice, the
training of CNNs requires an abundant supply of data. However,
factors such as privacy concerns and the high cost of labeling result

FIGURE 9
Samples from the BACK class in the NCT-CRC-HE-100K data set.
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in limited annotated data. The proposed data augmentation strategy
addresses this issue by providing training samples that closely
resemble real data.

Some limitations that need to be addressed in further research are
as follows. First, we did not generalize our method to other datasets.
Second, the SMSG-GAN model in our method was complex, it was
quite a time-consuming process. Hence, a possible direction for future
work is to find an efficient way to lighten the model. Besides, we will do
more research about training parameters to further enhance model
performance. Also, we will explore other variants of GAN models as a
data augmentation approach to improving the overall performance of
deep networks and applying it to other biomedical datasets.

Data availability statement

Publicly available datasets were analyzed in this study.
This data can be found here: https://www.zenodo.org/
record/1214456#.YsZJoGBBxPY.

Author contributions

Conceptualization, ZL, JZ, WC, L], and SH; Formal analysis, ZL
and SH; Methodology, L] and SH; Data curation, WC, L], and CL;
Investigation, L] and SH; Resources, SH; Writing—original draft
preparation, SH; Writing—review and editing, ZL, JZ, L], and SH;
Visualization, L] and SH; Supervision, ZL and JZ; Project

References

1. Liu MY, Huang X, Yu J, Wang TC, Mallya A. Generative adversarial networks for
image and video synthesis: Algorithms and applications. Proc IEEE (2021) 109:839-62.
doi: 10.1109/JPROC.2021.3049196

2. Davri A, Birbas E, Kanavos T, Ntritsos G, Giannakeas N, Tzallas AT, et al. Deep
learning on histopathological images for colorectal cancer diagnosis: A systematic
review. Diagnostics (2022) 12:837. doi: 10.3390/diagnostics12040837

3. Kather JN, Krisam ], Charoentong P, Luedde T, Herpel E, Weis CA, et al.
Predicting survival from colorectal cancer histology slides using deep learning: A
retrospective multicenter study. PloS Med (2019) 16:¢1002730. doi: 10.1371/
journal.pmed.1002730

4. Tsai MJ, Tao YH. Deep learning techniques for the classification of colorectal
cancer tissue. Electronics (2021) 10:1662. doi: 10.3390/electronics10141662

5. Soldatov SA, Pashkov DM, Guda SA, Karnaukhov NS, Guda AA, Soldatov AV.
Deep learning classification of colorectal lesions based on whole slide images.
Algorithms (2022) 15:398. doi: 10.3390/a15110398

6. Abu Haeyeh Y, Ghazal M, El-Baz A, Talaat IM. Development and evaluation of a
novel deep-learning-based framework for the classification of renal histopathology
images. Bioengineering (2022) 9:423. doi: 10.3390/bioengineering9090423

7. Zaalouk AM, Ebrahim GA, Mohamed HK, Hassan HM, Zaalouk MM. A deep
learning computer-aided diagnosis approach for breast cancer. Bioengineering (2022)
9:391. doi: 10.3390/bioengineering9080391

8. Dey P. The emerging role of deep learning in cytology. Cytopathology (2021)
32:154-60. doi: 10.1111/cyt.12942

9. Fu H, Mi W, Pan B, Guo Y, Li J, Xu R, et al. Automatic pancreatic ductal
adenocarcinoma detection in whole slide images using deep convolutional neural
networks. Front Oncol (2021) 11:665929. doi: 10.3389/fonc.2021.665929

10. Ahmad B, Sun J, You Q, Palade V, Mao Z. Brain tumor classification using a
combination of variational autoencoders and generative adversarial networks.
Biomedicines (2022) 10:223. doi: 10.3390/biomedicines10020223

11. Zhang R, Zheng Y, Mak TWC, Yu R, Wong SH, Lau JY, et al. Automatic
detection and classification of colorectal polyps by transferring low-level cnn features

Frontiers in Oncology

12

10.3389/fonc.2023.1240645

administration, L] and SH. All authors contributed to the article

and approved the submitted version.

Funding

This research was supported in part by grants from Guangzhou
Key Medical Discipline Construction Project Fund; and Basic and
Applied Basic Research Foundation of Guangdong Province
(2023A1515012873); and Guangdong Province Enterprise Science
and Technology Commissioner Special (GDKTP2021011000).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

from nonmedical domain. IEEE ] Biomed Health Inf (2016) 21:41-7. doi: 10.1109/
JBHI.2016.2635662

12. Ribeiro MG, Neves LA, do Nascimento MZ, Roberto GF, Martins AS, Tosta
TAA. Classification of colorectal cancer based on the association of multidimensional
and multiresolution features. Expert Syst Appl (2019) 120:262-78. doi: 10.1016/
j.eswa.2018.11.034

13. Zhou P, Cao Y, Li M, Ma Y, Chen C, Gan X, et al. Hccanet: histopathological
image grading of colorectal cancer using cnn based on multichannel fusion attention
mechanism. Sci Rep (2022) 12:15103. doi: 10.1038/s41598-022-18879-1

14. Kumar A, Vishwakarma A, Bajaj V. Crcc-nnet: Automated framework for
classification of colorectal tissue using histopathological images. Biomed Signal
Process Control (2023) 79:104172. doi: 10.1016/j.bspc.2022.104172

15. Khazaee Fadafen M, Rezaee K. Ensemble-based multi-tissue classification
approach of colorectal cancer histology images using a novel hybrid deep learning
framework. Sci Rep (2023) 13:8823. doi: 10.1038/s41598-023-35431-x

16. Xue Y, Ye J, Zhou Q, Long LR, Antani S, Xue Z, et al. Selective synthetic
augmentation with histogan for improved histopathology image classification. Med
Image Anal (2021) 67:101816. doi: 10.1016/j.media.2020.101816

17. Goodfellow I, Pouget-Abadie J, Mirza M, Xu B, Warde-Farley D, Ozair S, et al.
Generative adversarial nets. Adv Neural Inf Process Syst (2014) 27:2672-80.

18. Gheshlaghi SH, Kan CNE, Ye DH. (2021). Breast cancer histopathological image
classification with adversarial image synthesis, in: 2021 43rd Annual International Conference
of the IEEE Engineering in Medicine & Biology Society (EMBC). Mexico: IEEE. pp. 3387-90.

19. Saha M, Guo X, Sharma A. Tilgan: Gan for facilitating tumor-infiltrating
lymphocyte pathology image synthesis with improved image classification. IEEE
Access (2021) 9:79829-40. doi: 10.1109/ACCESS.2021.3084597

20. Saini M, Susan S. Deep transfer with minority data augmentation for imbalanced
breast cancer dataset. Appl Soft Computing (2020) 97:106759. doi: 10.1016/
j-50¢.2020.106759

21. Yi X, Walia E, Babyn P. Generative adversarial network in medical imaging: A
review. Med image Anal (2019) 58:101552. doi: 10.1016/j.media.2019.101552

frontiersin.org


https://www.zenodo.org/record/1214456#.YsZJoGBBxPY
https://www.zenodo.org/record/1214456#.YsZJoGBBxPY
https://doi.org/10.1109/JPROC.2021.3049196
https://doi.org/10.3390/diagnostics12040837
https://doi.org/10.1371/journal.pmed.1002730
https://doi.org/10.1371/journal.pmed.1002730
https://doi.org/10.3390/electronics10141662
https://doi.org/10.3390/a15110398
https://doi.org/10.3390/bioengineering9090423
https://doi.org/10.3390/bioengineering9080391
https://doi.org/10.1111/cyt.12942
https://doi.org/10.3389/fonc.2021.665929
https://doi.org/10.3390/biomedicines10020223
https://doi.org/10.1109/JBHI.2016.2635662
https://doi.org/10.1109/JBHI.2016.2635662
https://doi.org/10.1016/j.eswa.2018.11.034
https://doi.org/10.1016/j.eswa.2018.11.034
https://doi.org/10.1038/s41598-022-18879-1
https://doi.org/10.1016/j.bspc.2022.104172
https://doi.org/10.1038/s41598-023-35431-x
https://doi.org/10.1016/j.media.2020.101816
https://doi.org/10.1109/ACCESS.2021.3084597
https://doi.org/10.1016/j.asoc.2020.106759
https://doi.org/10.1016/j.asoc.2020.106759
https://doi.org/10.1016/j.media.2019.101552
https://doi.org/10.3389/fonc.2023.1240645
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Jiang et al.

22. Chen Y, Yang XH, Wei Z, Heidari AA, Zheng N, Li Z, et al. Generative
adversarial networks in medical image augmentation: a review. Comput Biol Med
(2022) 144:105382. doi: 10.1016/j.compbiomed.2022.105382

23. Ahmad B, Jun S, Palade V, You Q, Mao L, Zhongjie M. Improving skin cancer
classification using heavy-tailed student t-distribution in generative adversarial
networks (ted-gan). Diagnostics (2021) 11:2147. doi: 10.3390/diagnostics11112147

24. Wang Z, She Q, Ward TE. Generative adversarial networks in computer vision: A
survey and taxonomy. ACM Computing Surveys (CSUR) (2021) 54:1-38. doi: 10.1145/3439723

25. Karnewar A, Wang O. (2020). Msg-gan: Multi-scale gradients for generative
adversarial networks, in: Proceedings of the IEEE/CVF conference on computer vision
and pattern recognition (IEEE/CVE). Seattle, WA, USA: IEEE. pp. 7799-808.

26. Radford A, Metz L, Chintala S. Unsupervised representation learning with deep
convolutional generative adversarial networks. arXiv preprint arXiv:1511.06434 (2015).
doi: 10.48550/arXiv.1511.06434

27. Zhang H, Goodfellow I, Metaxas D, Odena A. Self-attention generative
adversarial networks. Int Conf Mach Learn (PMLR) (2019) 2019:7354-63.

28. Rusu AA, Rabinowitz NC, Desjardins G, Soyer H, Kirkpatrick J, Kavukcuoglu K,
et al. Progressive neural networks. arXiv preprint arXiv:1606.04671 (2016). doi:
10.48550/arXiv.1606.04671

29. Karras T, Aila T, Laine S, Lehtinen J. Progressive growing of gans for improved
quality, stability, and variation. arXiv preprint arXiv:1710.10196 (2017). doi: 10.48550/
arXiv.1710.10196

Frontiers in Oncology

13

10.3389/fonc.2023.1240645

30. Zhu W, Xie L, Han J, Guo X. The application of deep learning in cancer
prognosis prediction. Cancers (2020) 12:603. doi: 10.3390/cancers12030603

31. Van der Maaten L, Hinton G. Visualizing data using t-sne. ] Mach Learn Res
(2008) 9:2579-605.

32. Heusel M, Ramsauer H, Unterthiner T, Nessler B, Hochreiter S. Gans trained by
a two time-scale update rule converge to a local nash equilibrium. Adv Neural Inf
Process Syst (2017) 30:6629-40.

33. Miyato T, Kataoka T, Koyama M, Yoshida Y. Spectral normalization for
generative adversarial networks. arXiv preprint arXiv:1802.05957 (2018). doi:
10.48550/arXiv.1802.05957

34. Szegedy C, Vanhoucke V, Ioffe S, Shlens J, Wojna Z. (2016). Rethinking the inception
architecture for computer vision, in: Proceedings of the IEEE conference on computer vision
and pattern recognition (Proceedings of the 2016 IEEE Conference on Computer Vision and
Pattern Recognition (CVPR)). Las Vegas, NV, USA: IEEE. . pp. 2818-26.

35. Salimans T, Goodfellow I, Zaremba W, Cheung V, Radford A, Chen X.
Improved techniques for training gans. Adv Neural Inf Process Syst (2016) 29:2234-42.

36. Binkowski M, Sutherland DJ, Arbel M, Gretton A. Demystifying mmd gans.
arXiv preprint arXiv:1801.01401 (2018). doi: 10.48550/arXiv.1801.01401

37. Deng]J, Dong W, Socher R, Li L. ], Li K, Fei-Fei L. (2009). Imagenet: A large-scale
hierarchical image database, in: 2009 IEEE conference on computer vision and pattern
recognition (Proceedings of the 2009 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR)). Miami, FL, USA: IEEE. pp. 248-55.

frontiersin.org


https://doi.org/10.1016/j.compbiomed.2022.105382
https://doi.org/10.3390/diagnostics11112147
https://doi.org/10.1145/3439723
https://doi.org/10.48550/arXiv.1511.06434
https://doi.org/10.48550/arXiv.1606.04671
https://doi.org/10.48550/arXiv.1710.10196
https://doi.org/10.48550/arXiv.1710.10196
https://doi.org/10.3390/cancers12030603
https://doi.org/10.48550/arXiv.1802.05957
https://doi.org/10.48550/arXiv.1801.01401
https://doi.org/10.3389/fonc.2023.1240645
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	An improved multi-scale gradient generative adversarial network for enhancing classification of colorectal cancer histological images
	1 Introduction
	2 Materials and methods
	2.1 Colorectal cancer data
	2.2 Proposed methodology
	2.2.1 Data synthesis
	2.2.2 Selection mechanism for synthetic data
	2.2.3 Colorectal tissue images classification
	2.2.4 Statistical analysis


	3 Results
	3.1 Results of classification
	3.2 Results of synthetic colorectal tissue images
	3.3 Ablation study of selective mechanism
	3.4 Quantitative evaluation of generated images

	4 Discussion
	Data availability statement
	Author contributions
	Funding
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice




