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Abstract

The common cancers with extraordinary death rates are colorectal cancer
(CRC). The determination of microsatellite instability (MSI) is imperative for the
analysis of the associated disease and the determination of treatment. We were
driven to investigate a model for the classification of CRC images by the
outstanding presentation of the Convolutional Neural Networks (CNN). In this
study we propose an enhanced CRC image clustering residual network. The
pipeline proposed comprises the serial construction between the segmentation
system and the classification system. The first phase segments the tumor area with
the Feature Pyramid network (FPN) from the pathological image. Total
widespread variation Fuzzy C-means clustering (TGVFCMS) is employed in this
proposed system for segmentation purposes. The dataset used in the study included
the PAIP 2020 test to the CRC MSI-H rating. The proposed result shows that the
proposed ResNet provides much better outcomes compared to other Deep learning
techniques.

Keywords: Colorectal cancer, Deep learning, Feature Pyramid Network (FPN),
PAIP 2020 challenge and Convolutional Neural Network (CNN).

1 Introduction

A malignant tumor in the rectum or colon that is present in several countries is CRC, a
rapidly growing cancer related to death. According to National Cancer Centre Korea, in
2017, 28,111 individuals were diagnosed with CRC; in addition, that year, 8,691 people
died alone in Korea [1] due to CRC. In 2020, over 140 000 patients are recently diagnosed
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with CRC and over 50, 000 are nationally diagnosed as a result of the condition [2]. In the
past few years, however, the incidences and mortality rates showed degrading trends due
to the agreement on the molecular classification and its targets [3]. CRC was usually the
leading five cancers in the field of mortality rates.

Typical pathogenesis of CRC, chromosoma instability (CIN) and methylator phenotype of
CpG Island is microsatellite instability (MSI). The increase in anomalous genetic changes
resulting from the damaged repair system of DNA mismatch which is detectable
molecularly on repeated motifs of DNA [4]. The Society of National Cancer defines CRC
tissue MSI status as MSI-H. If five irregular microsatellite markers are present, MSI-L if
one, or MSI-Stable if none. The MSI is essential to identify the status of the disease, for
example Lynch syndrome, and to improve cancer treatment prognosis. Therefore, the
position of MSI in the tissue is strongly recommended to pathologists. The haematoxylin
and eosine-based CRC tissue is examined and any irregularities in the microscopic images
are manually checks. This technique, however, is fatiguing and occasionally mistaken [5].

The tumor microenvironment has been deeply attracted by the closely related development
and progression of tumors. In the development of colon cancer, interactions among
epithelial, stromal and immune cells are key features of prognostic and therapeutic
strategies [6-7]. Histopathological images taken from tissue slides comprise a wealth of
information on cell morphology and the structure of tissues which is a cost-effective and
readily-accessible tool in the clinical decision making of tumor environments. For
example, H&E-driven histology slides can help pathologists identify cell categories such
as tumor cells and stroma for their diagnosis. Manual inspection, however, requires less
time and effort and may not capture patterns. In current years, the advanced clinical
diagnosis was focused on artificial intelligence (Al), which significantly expands
traditional pathology capacity. Deep learning, which has achieved excellent human
diagnosis performance in numerous specific aspects including image-based cell discovery
and classification [8-9], is a representative example. Digital pathology based on Al cannot
only accurately distinguish between various tissue and cell type [10-11]; image-based
features can also be linked with molecular features such as gene mutations, Mls and
molecular subtypes [12-14].

2  Related Work

In this section, a study of preceding systems that are used to detect the CRC is presented.
In addition, the achievement of the existing techniques along with its drawback also given
in the below paragraph.

Hu et al., [15] aimed at identifying potential, in circulatoric exosomes, long, non-coding
RNAs (IncRNAs) for stage CRC detection. Ultrasonophagation was surveyed by
extraction of the total RNA by TRIzol reagent from plasma of patients with CRCs (n = 50)
and healthy characters (n = 50, respectively). The exosomal IncRNA profleting analysis
was used in both groups and a retro-transcription, quantitative reverse polypherase chain
(QRT-PCR) reaction was used in real-time patient’s subjects to determine expression levels
of IncRNAs. Although positive results have been obtained, further various studies are
needed to clarify the particular role of these IncRNA in the CRC.

To assess and authenticate individual plasma proteins, Bhardwaj, et al., [16] was to be
signed for early detection of CRC. Proteins were measured during three-stage designs by
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liquid chromatography with (LC - MRM-MS) and then by a nearness extension test in a
finding set consisting of 96 CRC cases recently diagnosed and 94 neoplasm-free neoplasms
in colonoscopy screening. The Lasso regression derived two algorithms (one for each
measuring method). In addition, another algorithm, the maximum talented protein marker
in PEA measurement that wasn't available from the LC/MRM-MS measures, plus
ampheglin has been made of the same eleven biomarkers. In this study the examples were
collected, processed and stored in the three studies, even though they were selected from
3 different trials, with the same standardized operating procedure (SOPS).

Herreros-Villanueva, [17] in the development of a robust predictive technique to
distinguish healthy persons of CRC or advanced adenomas (AA) illnesses, examined the
presentation of particular samples. 297 patients from 8 Spanish centers, with 100 healthy
persons, 101 with an AA diagnosis and 96 CRC cases were the undertaken case. In order
to quantify a miRNA signature in plasma samples, quantitative reverse transcript was used
in real time. For the best predictive model, binary classifiers (linear SVM support [SVM],
radial SVM and polynomial SVM) were developed. A signature of 6 miRNAs was
identified and validated as predictors that can expressively distinguish between CRC and
AA patients and healthy patients. However, major validation studies should be conducted
in asymptomatic test participants.

Zonta, et al.,[18] The Protocol was studied and proposed that a device made up of
chemoresistive gas sensor systems made of semiconducting materials be validated
clinically, so that the alteration among fecal sigh of healthy individuals and subjects of
high-risk colorectal polyps or tumors can be identified. Tests were associated to the fecal
occult blood test results and gold standard colonoscopy.

The four studies included in Duran-Sanchon, et al., [19]. During the discovery phase, 124
fresh, and non-tumor examples (30 CRC; 32 AAs) have been profiled throughout Spain by
miRNA expression (30 CRC). In the technical stage of validation miRNAs with altered
tumor versus non-tumor tissue expressions were quantified in the fecal samples of a
subgroup of discovery patients (n=39) and persons with no colorectal neoplasms (controls,
n=39) with reverse transcription polymerase chain response. In the miRNAs of patients.
Finally, a model was developed to classify patients with advanced neoplasms (CRC or
AAS) using colonoscopic findings as the reference standard based on their miRNA profiles.
However, it is not possible to compare these results directly with those obtained by
participating in test-native programs in a limited study, which is the use of FIT positive
persons to evaluate the accuracy of fecal miRNA signature.

Future efforts to reduce CRC morbidity and death will depend on the techniques for CRC
management and the implementation of worldwide screening programmes, both of which
were introduced by Xi Y et al., [20]. Prognosis and therapy response in CRC vary
depending on the patient's subtype. The accuracy of a method to categorize CRC is crucial
for both fundamental research and clinical result. To better understand the molecular basis
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of CRC, we cover the various CRC subtypes, and we sum up the current risk factors,
preventive, and screening measures for CRC.

According to Sirinukunwattana K et al. [21] Create a Using data from three separate
datasets (training on FOCUS trial, n=278 patients; test on rectal cancer biopsies,
GRAMPIAN cohort, n=144 patients; and The Cancer Genome Atlas (TCGA), n=430
patients), a neural network was trained and evaluated. By comparing the predictions from
the CMS classifier using a random forest against those using a single sample, the true CMS
calls were determined. corresponding to the bioinformatics analysis of molecular
information. imCMS reproduced predicted relationships with genomic and epigenetic
changes and exhibited comparable prognostic linkages as transcriptomic CMS, while also
correctly classifying samples that could not be categorized by RNA expression profiling.

3  Proposed System

A model for CRC image classification has been motivated by the outstanding performance
of CNN in image recognition. In this study we propose an enhanced CRC image clustering
residual network. Figure 1 illustrates the proposed framework and explains them in detail
in the subsections that follow.
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Figure 1. Projected Flow Diagram
3.1. Dataset

The dataset as PAIP 2020 is used in the experiment to analysis the CRC MSI-H rating. The
dataset consist of totally 10 validation sets with 47 training sets. The datasets for validation
are accepted from the course and used only for authentication. Each dataset has WSiIs,
XML files that annotate a tumor zone and MSI-classification ground truths. The WSIs in
the dataset are resected tissue microscopic images with hematoxylin and eosin coloring
and are scanned by APIRIO AT2 at 40 times magnification. The WSiIs also comprised low
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magnification images as 20 and 10 digits, to show the context information on the original
40-litre-larging image. In this study, WSIs are mostly used in terms of time and efficiency
with 20 kilograms and 10 kilograms magnifications. At least one colorectal tumor region
is included in all WSiIs. Figure 2 shows some of the sample data-sets.

3.2. Pre-Processing

The quality and number of data sets available depend largely on the presentation of CNN
models. The processing of CRC images we have already played an important role in image
pre-processing and enhancement methods. Different noise types in oral images are
removed by pre-processing. Improvement of the image is used to expand datasets, increase
accuracy and reduce the overfitting of the models. In this method we employed image
enhancement techniques using a single sample, to create multiple CRC image versions
through color, transformation (translation, Scaling and Rotation) and rotation to prevent
overfitting of the model. Then, stain normalization is used to normalize CRC images and
remove color and intensity variations of data sets, which improve the predictive accuracy
before network training.

3.2.1. Patch Preparation
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Figure 3. Patch preparation procedure overview: new tissue and mask formation,
foreground mask extraction, and patch extraction

We have adapted the patch extraction method, taking into consideration the color
properties of the discolored tissue. Figure 3 describes the overall process of patch
preparation. The operation started with the extraction of the front mask. The original WSI
color format is transformed from RGB to the CIE L * a * b * color space to help separate
the tissues in red from the circumstantial area. To remove the foreground mask, we have
used a* image channel and a locked morphology to reduce noise by the TGVFCMs
segmentation method. This foreground mask is used to make masks for the normal and
tumor area using the XML annotation file. Apply pixel NOT and AND operations on the
two masks are used to generate the tissue and tumor masks. The mask gotten from the
marked XML file, as shown in Figure 4, included the background. This could impair
network performance and, as shown in Figure 4.d, we used an afresh created mask to
develop precision.

Figure 4. The unique (WSI) and the related tumor mask: (a) the unique WSI, (b) the
tumor mask produced from the specified XML footnote, (c) the segmented tumor part
from WSI, and (d) the formed tumor mask without contextual.

3.3. Segmentation using TGVFCMS

The capacity of the TGVFCMS technique to withstand noise while still preserving edges
is crucial. In particular, the TGV's sought-after anti-aliasing capabilities make it a valuable
instrument for gauging image possessions including noise suppression and the
maintenance of crisp edges. In this study, we modified the TGV throughout the smoothing
phase of our TGVFCMS to eradicate the background noise and artefacts that plague FCM-
based methods. Here is a quick breakdown of how the TGV is built:

TGV (w) = sup{ [, udivFvdx| v e C§ (Q, Sym*(R), ||div'v||e < a;} (1)

Wherel = 0,1, ...,k — 1, and k € N specifiesa TGV, and a = (ay, a4, ..., Ax_1)
indicates the positive weight to TGV. Sym*(R%) Indicates the space of symmetric k-
tensors. For every component n € M,_4,the I-divergence of the symmetric k tensor is
assumed by

div! _ 11 3'vysy 9
(div'v), = ZreMlﬁW 2
Where M, is the multi-index of order k

M, = {neN?| XL, n; = k} ©)

The oo- norm for the symmetric k-vector arena is given as
sup k

19lleo = ot {(Znem 5 0 (02)} (4)
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The two gradients are gotten in (1) only essential to be rare, which can strikingly lessen
the scale artefacts.

Here, we take TGV the second-order consider as.
TGV,2(u) = sup {fﬂudivzvdx |v e C2(Q, S4<9), ||17||00 < ap, ||div V|| < al} (5)

Where C2(9, $%*%) Expresses an efficiently space below the set of symmetric metrics
§$3*d In specific, the consistent meanings of difference and criteria can be intended as
shadows:

6vi]- a‘Uij

. _vd 1,2 2,). — Ya 9%vii .
(dlU ‘l;)l = Lj=1 ox; ’ (dl‘l] 17)1 - Zj:l axiz +2 Zl<] dx;0x; (6)
an
d
su
19l = SO 1waGOI +2 ) [y ()2
i=1 l<]
sup oty 21
||divv||oo=xeﬂ{ a2 ax]é’(x)I} ()

If the negligible solution for arenas is takenon Q and e(v) = (Vv + Vu T )/2 givesthe
symmetrized derived. Here definition (7) demonstrates that the smoothed regions receive
less than u = v from u = u2. Minimization for v = 0 occurs closest to the boundary, where
2 uis "larger" than u. Hence, it allows for a stable positive weight-to-negative-weight ratio
between the derivatives. The two weights, 0 and _1, are initialized to 0.1 and 0.15,
respectively. As a consequence of calculating the second-order TGV, the predicted
TGVFCMS can produce results that are more robust in the face of noise and factor
retention [20].

3.4. CNN Architecture

In practice, different activation and loss function, optimization of the parameters,
regularization, and structural innovations have been explored by CNN architectures. In this
study, we have tried to adapt our specific data and requirements to find the right
configuration. We regarded the classical ResNet architecture that has achieved excellent
image classification performance through the direct learning of useful structures from the
image patches and the loss function an optimization. The main disadvantage of the CNN
architecture is that due to max pooling operations, no account is taken of the location and
spatial relations between the images. But the relationship between small objects plays an
important role in histopathology images.

This construction introduced the concept called Residual Network to solve the problem of
the disappearance/exploding gradient. The modular unit of the widespread residual
network construction is a generalized residual block containing of parallel states for a
residual current, r, containing identity shortcuts and resembles the residual block structure
of the residual one-columned ResNet (parameters W,,r — r), and a transient stream, t,
which is a standard convolutional layer (W, t — t). Two additional sets of conv filters in
each block (W,,r — t,W,, t — r,) also transfer information across streams.

T4 = a(conv(rl, Wl,r_,r) + conv(tl, Wl,t—>r) + shortcut(n)) (8)

tier = a(conv(ry, Wy, ) + conv(t, Wie,)
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Before using batch Normalization and ReLU non-linearities (together p), the same-stream
and cross-stream activations are added to the shortcut connection for the residual flux
(Equation 8). Rest stream function r is similar to the original ResNet structure with
shortcut connects between each processing unit, while transient stream t enables nonlinear,
non-linear processing, of information from any stream, without shortcut connection, to be
discarded. The shape of a shortcut can be an identity function with a suitable padding or
projection. As one convergence layer, we tool the generalized residual block with an
improved initialization called ResNet Unit.

Either a normal CNN layer (with a residual stream being zeroed) or a single-layer ResNet
block can serve the generalized residual block. The widespread residual architecture is able
to learn between these things, including the standard 2-layer ResNet block, by repeating
several times the widespread residual block. The architecture allows the network to learn
residuals with a variable efficient number of processing steps before adding back to the
residual stream. The generalized residual block is not CNN specific and can be used for
fully connected standard layers and other feedforward layers. Substitute each conv layer in
a residual block of the original ResNet with a widespread residual block leads us to a new
ResNet architecture.

4  Results and Discussion

Matlab with an Intel i3 processor at 3.0 GHz, a 1 TB hard drive, and 8 GB of Memory is
used to evaluate the proposed system. The PAIP 2020 challenge dataset is detailed below,
and its performance is evaluated by comparing the suggested scheme with the conventional
system. We created patches for three time periods by pre-processing the training dataset
(e.g., MSI-L, MSI-H and normal tissue). To avoid the class imbalance problem, classes
with fewer patches were oversampled. The remaining 20% are used for cross-validation
and the rest for additional training. Patches undergo transformations including vertical and
horizontal flips in addition to other types of data increases to prevent over position.

4.1. Performance Metrics

The following equations represent various parametric measures used to validate the
proposed system's performance: accuracy, sensitivity, and specificity.

tp
E= 9
tp+ fn ®)
sp=_ 10 (10)
tn+ fp
AC = tp +tn (1)
tp+ fp+tn+ fn
_ tp
M = 2o (12)

4.2. Evaluation

In this study, we used a newly created online dataset for validating the performance of the
proposed algorithm. But the existing techniques used collected samples from different
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hospitals, hence these procedures are applied on our online dataset for authentication
procedure.

Table 1. Comparative analysis of Projected CNN with numerous Deep Learning

Procedures
Accuracy Sensitivity Specificity F-Measure

CNN- ResNet 95.00 100 90.00 95.24
LSTM 77.50 75.00 80.00 76.92
Auto encoder 80.00 85.00 75.00 80.95
Recurrent 75.00 80.00 70.00 76.19
Recursive 85.00 90.00 80.00 85.71
GAN 87.50 90.00 85.00 87.80
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Figure 5. Graphical representation of Projected CNN with numerous Deep Learning
Procedures

The presentation of the projected CNN is associated with that of other deep learning
approaches using a variety of parametric parameters, as shown in Table 1 and figure 5. The
F-measure for LSTM was 76.92% accurate, exceeding the accuracy goal of 77.50%. Then,
the Auto encoder obtained an F-measure value of 80.95%, indicating a classification
accuracy of 80.00%. With an f-measure of 76.19%, the recurrent model performed at an
accuracy of 75.00%. Both the recursive model (sensitivity = 90.00%) and the GAN model
(accuracy = 87.50%, specificity = 85.00%) were successful. The proposed CNN, however,
outperformed the baseline by a significant margin (95.00% against 95.24% F-Measure).
According on the results of this evaluation, the suggested CNN-ResNet outperformed the
other deep learning models.

Table 2. Relative investigation of Proposed CNN with numerous CNN Constructions

Metrics ResNet AlexNet LeNet
Accuracy 95.00 85.00 80.00
Sensitivity 100 80.00 70.00
Specificity 90.00 90.00 90.00
F-Measure 95.24 84.21 77.78
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Figure 6. Graphical representation of Proposed CNN with numerous CNN
Constructions

Table 2 and figure 6 displays the results of a comparison between the proposed CNN and
other CNN architectures. AlexNet, LeNet, and ResNet are the three paradigms of network
architecture. Using AlexNet, we were able to get an F-measure value of 84.21% and an
accuracy of 85.0%. The F-measure for the LeNet model was 77.78%, and its accuracy was
80.00%. In the end, ResNet's model performed better statistically, scoring an F-measure
value of 95.24% and an accuracy of 95.00%. Conclusion: The ResNet model outperformed
the competition in terms of presentation quality.

5 Conclusion

A typical multi-class classification method simultaneously divides three MSI statuses;
however, the difference between MSI-H and other tissue kinds is poorly defined. In this
paper, the MSI status of CRC tissues is predicted with a novel double-stage classification
pipeline. Two classifiers are serially connected: the classification process by the proposed
classification pipeline. In the first phase, the segmentation network prevented the improper
prediction of MSI-L normal tissue, where TGVFCMS is employed in this proposed system
for segmentation purposes and multi-classification technique is used for final prediction.
The dataset used in the study included the PAIP 2020 challenge to the CRC classification
of MSI-H rating. The proposed result shows that the proposed ResNet provides better
classification results compared to other Deep learning techniques.
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