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Abstract
Keywords Colorectal cancer is the third highest widespread disease killed millions of human
Colorectal ~ cancer, ~ Feature beings worldwide. Early detection of cancer can greatly improve survival rates.
Representation, Antificial  Cancer can be caused by changes in the genetic code within cells, which can be
Intelligence, Machine Learning, caused by mutations in the gene sequences. These mutations can be the result of
Deep Learning errors during replication or recombination of the genome. Some mutations,

referred to as cancer driver mutations, can result in cancer. Several
computational methods have been devoted for identifying colorectal
adenocarcinoma mutation. However, the existing approaches are inadequate to
detect the mutated reigns accurately. In this study, we developed a novel ensemble
Article History deep learningbased predictor called EnsDeepiCAM for targeting colorectal
Received: 19 June 2026 adenocarcinoma mutations. The proposed method use effective feature extraction
Accepted: 10 September 2026  algorithms namely position relative incidence matrix, statistical moment, reverse
Published: 28 September 2026 position relative incidence matrix, frequency wector, accumulative absolute
position incidence vector, and reverse accumulative absolute position incidence
vector to encode the biological mutated sequences. Then we trained the models

Copyright @Author by using different variants of deep learning algorithms such as longshortterm
Corresponding Author: * memory network (LSTM), bidivectional LSTM (BiLSTM), gated recurrent
Farman Ali units(GRU) and the ensemble of all three models (Ens-Deep). BiLSTM
outperformed the implemented deep learning and machine learning classifiers
using tenfold crosswvalidation(10-FCVT), independent test and selfconsistency
testing(SCT) respectively. The proposed model achieved an accuracy and MCC
of 96% and 0.91on training dataset and 98% and 0.97 on testing dataset
respectively. We believe that EnsDeepiCAM protocol will provide valuable
insights in characterization of largescale unannotated mutated genes in
particular and pharmaceutical drug discovery in general.
1 Introduction develops when cells in the large intestine grow out
Machine learning is a powerful tool that can be of control. The incidence of colorectal cancer
used to address a variety of crucial concerns in notably rises after the age of 50, with the average
different disciplines. A kind of cancer called age at diagnosis being approximately 70 years in
adenocarcinoma begins in secretary cells. The developed regions. According to data from 2012,
third most prevalent type of cancer in people is Oceania, North America, and Europe exhibited
colorectal  adenocarcinoma (CRC), which the highest age-adjusted incidence rates of
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colorectal cancer, reaching 41.0 per 100,000 for
men and 29.2 per 100,000 for women. Conversely,
regions such as south-central Asia and Western
Africa reported the lowest rates, with incidence
rates at 4.5 per 100,000 for males and 3.8 per

100,000 for females. Colorectal cancer manifests

W 16.1-32.2
I 9.0-16.1
B 5.4-9.0
1<5.4

1 No data
EJ Not applicable

when cells in the large intestine undergo
uncontrolled proliferation. In contrast, regions
such as south-central Asia and western Africa had
notably lower rates, with 4.5 per 100,000 for males
and 3.8 per 100,000 for females. (as shown in
Figure 1) [2].

Figure 1: THE estimated global age-standardized incidence of CRC in males in 2012, expressed as the
number of cases per 100,000 populations, is shown (adapted from GLOBOCAN 20121).

Regions that previously had low rates of colorectal
cancer, the frequency of colorectal cancer has
rapidly increased in areas that historically had low
rates of the illness, including Spain and various
nations in Eastern Europe and East Asia. This has
been associated with consuming high-fat diets
abundant in red and processed meats, leading a
sedentary lifestyle, excessive alcohol consumption,
and smoking. In contrast, illness incidence has
plateaued or even decreased in the US and other
industrialized nations, which may be related to
greater use of diagnostic endoscopy and
polypectomy[3] [4].

Colonoscopy is typically the preferred method for
imaging in patients suspected of having colon

cancer and for obtaining biopsies of any
suspicious lesions. A second colonoscopy, CT
colonography, or a barium enema could be
suggested to patients who had an unsatisfactory
colonoscopy as a substitute[5].

Artificial intelligence (Al) has the potential to
revolutionize the field of medicine, aimed at
detecting various illnesses within the human body,
numerous Al approaches have been created. This
work employs machine learning to find CRC at
developing state. The human gene consists of
sequences of nucleotides, and any changes in
these sequences are called mutations, which can
often lead to cancer[6]. Figure 2 demonstrates
mutation process.
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Figure 2: illustrates a point mutation in a gene (adapted from the National Human Genome
Research Institute's Mutation webpage at https://www.genome.gov/genetics-glossary/Mutation).

AGTC are the four fundamental nucleotides that
make up DNA, AGTC stand for Adenine,
thymine, guanine and cytosine respectively [7].
Gene base changes can result in mutations, which
can damage DNA and can be brought on by the
inclusion, excision, or repetition of gene bases.
Numerous variables, including as metabolic
processes and environmental elements like
radiation, can have an impact on DNA and cause
thousands of distinct instances of DNA damage
per cell each day[8]. Ability of the cell to copy the
gene might be changed or lost when DNA is
damaged. The process by which cells locate and
repair DNA damage is known as DNA repair[9],
and to respond to damage to the DNA structure,
this process is ongoing. The disruption of cellular
apoptosis may prevent the DNA damage from
being repaired if natural repair mechanisms fail.
According to the two-hit hypothesis, this
irreparable damage can lead to the development
of malignant tumors or cancer[10].

In this study, CRC is identified using an ensemble
deep learning architecture. Three evaluation
methods are employed: tenfold cross-validation
testing, independent testing, and self-consistency
testing. These techniques are applied to assess
various traditional ML algorithms, such as SVM,
GA-KASOM, DT (decision tree), and NV (Naive
Bayes), RN (random forest) and DL algorithms
such as CNN, BI-LSTM, GRU etc. Acc, Spe, Sen,
ROC and MCC are the evaluation metrics after

applying the ML and DL algorithms

2 Literature review

Colorectal most cancers (CRC) stands because the
fourth maximum not unusual reason of cancer-
related deaths globally, with 1.4 million new cases
and seven-hundred,000 fatalities suggested every
year [11]. CRC traces back to ancient times,
evidenced by the discovery of cancer in an
Egyptian mummy from the Ptolemaic period,
found in the Dakhleh Oasis, initially developing
on the inner layer of the rectum or colon [12].
Depending on the type of polyp, there exists the
potential for it to progress into cancer. Various
types of adenomas (polyps) include Sessile serrated
polyps (SSP), inflammatory polyps, adenomatous
polyps (adenomas), and traditional serrated
adenomas (TSA). Over time, cancerous polyps
typically cause thickening of the colon or rectum
wall layers. CRC originates and spreads within the
mucosa, the deepest layer. The stages of CRC are
determined by the depth of cancer cell infiltration
into the wall and the extent of spread to nearby
lymph nodes, blood vessels, or distant body areas.
The majority of colorectal malignancies are
adenocarcinomas, which originate in the cells that
produce mucus to lubricate the colon and rectum
[13].

Oncogenomic abnormalities drive the indefinite
proliferation of cancer cells. While not every
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mutation leads to cancer, not all cell proliferation
results in malignancy. Cancer initiation arises
from a disruption in the balance between cell
creation and cell death due to alterations in gene
function. Cancer driver genes are responsible for
fueling growth, often resulting in
malignant mutations, unlike passenger gene
mutations [14], [15]. Numerous studies have
identified driver and passenger mutations based
on clinical data. According to IntoGen, a
renowned cancer driver gene database, there are
96 driver genes associated with colonic
adenocarcinoma, a malignant tumor
[16Bioinformatics is essential in the medical field,
utilizing a range of computational and machine
learning techniques for disease diagnosis and
prevention. A study identified colorectal cancer
subtypes after compiling a gene database linked to

cancer

CRC [14]. Multiple Machine Learning (ML)
algorithms have been developed for colorectal
adenocarcinoma detection and identification,
with the accuracy of these processes reliant on
Deep Learning and Artificial Intelligence (AI).
Previous implementations include Kohonen Self-
Organizing Map (KSOM) with genetic algorithms
(GA) termed GA-KSOM, and the neuro-fuzzy
algorithm, utilizing the Adaptive Neuro-Fuzzy
Inference System (ANFIS) chosen as its
structure/architecture. These yielded promising
accuracies of 86.7% and 87.8%, respectively [17].
Additionally, a study utilizing a convolutional
neural network (CNN) achieved sensitivity (Sen),
specificity (Spe), and accuracy (Acc) rates of 67.5%,
89.0%, and 81.2%, respectively, with an AUC of
0.871 [18].

Table 1 shows the results of several studies and the accuracy of their proposed systems.

Table 1: Related Studies

Paper citation Algorithm Accuracy Achieved

21 GA-KSOM & ANFIS 87.80%

22 CNN 81.20%

23,24 ENDOSCOPIC NBI, CNN, SVM 90%

25 ENDOSCOPICAL DIP, 93.33%

26 RAMAN SPECTROSCOPY 98.50%

28 REGRESSION MODEL 73.9% TO 87.0%

28 RM-DM(DISCRIMINATION 83.50%
MODEL)

30 FMA, FOLFOX 69.20%

31 Naive Bayes 95.24%

Another study related to endoscopic imaging via
deep learning by Okamoto et al. developed a
diagnostic system for Narrow Band Imaging (NBI)
using a CNN-based structure used as a feature
extractor on the Bag-of-Features (BoF) and SVM
for classification. In this way, the Accuracy level
reached 90% [19][20] Digital Image Processing
(DIP) study incise by examining their histological
pictures, a classification framework to distinguish
between five kinds of colon tissues (two benign
and three malignant) has been developed, 96.33%
accuracy is achieved in this process [21]. Raman
spectroscopy to detect CRC in this process with
98.5% accuracy is conducted [22].

Metastatic cancer spreads from its origin to other

body parts and has similar cancer cells. Another
technique is to distinguish between metastatic and
non-metastatic CRC, a support vector machine
(SVM) classifier relying on the betweenness
centrality (BC) technique was applied. This
distinguishes non-metastatic CRC genes from
metastatic. certain genes can potentially be
biomarkers for the prognosis of metastatic CRC
with significant accuracy [23].

In Addition, Study purposed to evaluate the
decrease in the size of the tumor or the extent of
cancer in any body part, for this Techniques used
Regression Analysis. A logistic regression analysis
and five-gene model were performed, and the
resulting accuracies varied from 73.9 to 87.0
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percent, with a 95 percent sensitivity and
specificity. Moreover, the discriminative model
showcased improvements, achieving an accuracy
of 83.5%, sensitivity of 66.0%, specificity of
92.0%, a positive predictive value of 89.2%, and a
negative predictive value of 74.0% [24].

Forest model with Decision Tree Aggregation is
also used to detect Gut Microbes Associated with
CRC, and decision tree DT is applied to
diagnosing colorectal cancers. In this model,
Significant accuracy has been seen [25]. Random
Forests analysis is purposed to address responders
to FOLFOX therapy which identified 80.0%
sensitivity, 92.8%  spec, and out-ofbag
classification with 69.2% Acc [26] Naive Bayes
Classifier Models give 95.24% classification
accuracy [27]. Recurrent Neural Networks (RNNs),
Gated Recurrent Units (GRUSs), and Long Short-
Term Memory (LSTM) networks were employed
to discern temporal patterns in EMR data, as

illustrated by the ROC Curve, resulting in an
achieved AUC of 0.811 [28].

3 Material and methods

This section offers a comprehensive, step-by-step
outline of data collection (datasets) and analysis
employing diverse machine learning algorithms
for cancer detection. Following this, subsequent

delve the
methodologies applied to these algorithms.

sections deeply into testing

3.1 Methodology

In this work, colorectal cancer is identified using
machine learning approaches. The study for the
identification of cancer has used a number of
machine learning methods. Figure 3 displays the
proposed system's schematic diagram.

Mcthodology
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Figure 3: Methodology Diagram

Supervised and unsupervised machine learning

methods are primarily utilized to classify deep
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learning (DL) algorithms [29]. The DL framework
was then categorized as part of the layer-based
learning methodology. The input features are
further processed by In each layer of the DL
algorithm, information from the preceding layer is
utilized as input. Features represent the pertinent
information that each layer autonomously learns
from the input data. [30]. By effectively resolving
difficult challenges, DL frameworks represent a
substantial advancement [30]-[32].

This study makes use of long term memory
(LSTM), gated recurrent devices (GRUs), and
bidirectional LSTM as deep getting to know
algorithms to stumble on colorectal cancer. The
efficacy of those fashions in diagnosing colorectal
cancer is evaluated via three assessment metrics:

the self-consistency test, the impartial set test, and

the ten-fold cross-validation check.

3.1.1 Benchmark Datasets
The most important aspect of the research is the

datasets. These datasets are utilized for model
training, model testing, and outcome validation.
The dataset's structure ensures that it includes
both normal and mutant sequences. The
asia.ensembl.org [33] website is utilized in the
suggested approach to collect the dataset of typical
gene sequence. Information about mutated genes
can be found at intogen.org [34]. web scrapping
code (WSA) in python is used to extract data set
from above sites because The database at
intogen.org exclusively comprises data on mutant
genes. To integrate this information with normal
gene sequences retrieved from asia.ensembl.org, a
Python application named Mutated Sequence
Generator (MSG) was developed to generate
mutated gene sequences. Passenger mutations are
the name given to these mutated gene
sequences[35]. In this instance, it is not referred
to as an assist or a driver mutation. In this dataset
we have 3,890 human samples and 5,693
mutations in total along with 72 distinct gene
variants, as illustrated in table 2 below.

Table 2: genetic variations in genes

Symbol Mutations Samples Symbol Mutations Samples
APC 1,055 785 SIRPA 55 11
TP53 749 712 ACVR2A 29 10
KRAS 514 515 FANCD2 26 10
PIK3CA 240 216 RBM10 27 10
SMAD4 144 139 ARID1B 20 10
FBXW7 158 130 MYH9 25 9
TCF7L2 91 98 TBX3 19 9
FAT4 196 83 NF1 28 9
AMERI1 83 82 BMPRI1A 17 9
LRP1B 209 79 BCOR 17 9
BRAF 83 79 NIN 26 9
SOX9 49 69 UsP6 29 9
ATM 84 66 EP300 22 8
NRAS 66 63 EGFR 18 8
ARIDIA 47 52 FLCN 9 8
KMT2C 109 49 PTPN11 19 8
PCBP1 40 36 PARP4 19 7
EPHA3 40 35 EIF3E 8 6
BCLIOL 43 34 MAP3K1 21 6
BCL9 36 30 BIRC6 51 6
SMAD?2 34 29 NBEA 113 5
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ERBB2 36 29 FAT3 167 5
SMAD3 30 29 CCDC6 6 4
PTEN 38 29 RNF6 14 4
RNF43 31 28 NCOR2 24 4
HSPG2 48 21 HRAS 7 4
CTNNB1 36 20 GRINZA 66 3
BRCA2 42 19 WNK2 27 2
MTOR 36 16 PPP2R1A 16 2
GNAS 58 15 TGFBR2 21 2
PTPRC 35 15 MTCP1 2 2
SMARCA4 33 14 CARDI11 65 2
MAP2K4 24 12 DICER1 20 2
DUSP16 18 11 BCORLI1 28 2
MAP2K1 15 11 LATS1 17 2

3.1.2 Feature Extraction Framework

The input for the learning algorithms was
quantitative. The proposed model incorporates a
variety of fundamental quantitative encodings,
dimensionality reduction strategies, and methods
for extracting features. To obtain valuable features
from the provided dataset for both training and

testing, a feature extraction framework (FEF) has
been developed. The FEF will aid DL models in
improving learning accuracy[36], [37]. In figure 4,
the FEF operating sequence is displayed. To
measure the many forms of information included
in DNA sequences, it comprises of information-
oriented statistical processes.

Feature Extraction Framework

MUTATED
SEQUENCES THAT
CAUSE CANCER

STATISTICAL
MOMENT(HM,
CM, RM)

g 1 11

|

SEQUENCES

&
<

Figure 4: feature Extraction framework

3.1.2.1 Statistical moment
In this

unpredictability of data can be assessed through

study, the general behavior and

statistical  ordering.  Specifically, statistical

moments are employed to transform genetic data.

The central movement (CN), raw movement

(RM), and Hahn movement (HN) of genomic data

provide essential elements within the input vector
Hahn

movement necessitates Genomic sequences are

for the predictor's use. Given that
transformed into a two-dimensional notation,
represented by a square matrix, to depict the data.,

K' of size x * x as indicated in equation (1).
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Kiq

K =

Kn1

Hence K defines the sequence of gene [38].
Twofold is advantage of obtain matrix. The
calculation of statistical moments for reducing

dimensionality and the utilization of feature
vectors with fixed sizes take precedence.

I*QR)=R+W-1DnR-1n

x i(—l)z (-1
z=0

H-—

=

H-1

ny = z Z 6xyj3‘c1’b(k'R)j;cl’b(k:R) ’

i=0 i=

3.1.2.3 Raw movement-RM

Rm are differences in scale and space. The most
typical kind of statistical moment is this one. It is
used to figure out a probability distribution's
mean, variance, and variance. Imputation is

Kip.. Kin
Kzl KZZ... KZn

(1)

Kno... Knn

3.1.2.2 Hahn movement-HM

HMs are invertible and represent statistical
homogeneity. Due to this inversion, HMs can be
used to recreate the original data. The predictor
makes use of the derived HM through the
appropriate feature vector. The following Han
polynomial is used to compute HM.

(-1),(—n),2R+r+s—n—-1),1

(2)

R+s-1,0Q-1), z!

mn=2012--,R—1 3)

performed using RM data. Imputation involves
finding replacement values for missing data values
in a dataset that are more likely to keep the
information intact [39], [40].

Equation 4 describes how the RMs of 2D data of

order r + s are represented.

Vs =zn:zn:erf55ef 4)
e=1f=1

To calculate the Central movement (CM), which serves as the centroid of the data, centroids (7,s) are
necessary. The centroids may be used to calculate CMs as

Urs =i i(e B (f = 7)°Sef )

e=1f=1

3.1.2.4 Relative Positional Incidence Matrix
The Relative Positional Incidence Matrix (RPIM)

is instrumental in identifying the relative positions

of nucleotide bases. Mapping gene attributes
requires careful consideration of both the base's
location and its specific function. Equation is used
to characterize it as a two-dimensional metric.
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[S151

SpriM =

.SM—>1

In this case, Rp = q stands for the group of
locations where the gth base is located relatively
to the pth base's initial occurrence. After that,
the matrix may be subjected to compute the HM,
CM, and RMs.

[S151
52—>1

SpriM =
Sp_,l

-SM—>1

3.1.2.6 Frequency vector

The frequency vector (FV) aids in the provision of
compositional information and is used to Derive
sequence correlations among nucleotide bases

using the designated PRIM and RPRIM matrices.

Sioz..
Sy1 Syoge

Spo1 Spoz..

Spo2...

Sablc
Sy

_

Syoa..

Sl—>q Sl—>M )
SZ—>q SZ—)M
' ' (6)
Sposq - Spom -
Smoq  Smom |

3.1.2.5 Reverse position relative Incidence
matrix

The diversity in features obtained through
permuting and rearranging gene sequences using
specific statistical approaches always ensures the
reliability. Equation (7) outlines the process for
generating the reverse position relative abundance
matrix (RPRIM) by reversing the original gene
sequence. [25]. Additionally, HM, CM, and RMs
are computed using RPRIM.

Sl—>q--- Sl—)M ]
SZ—>Q"' SZ—>M
' ' @)
Spog- SpoM -
SM—>q--- SM—>M_
The number of nucleotide occurrences

throughout the gene sequence is determined by
each FV component. DNA gene sequence
structure is modelled using frequency matrices.
Equation can be used to represent this (8).

o = {el,£2,...en} 8)

In the DNA gene sequences,

3.1.2.7 Accumulative  absolute  position

incidence vector

Fuzzy patterns in DNA gene sequences may be
found via feature extraction, which is particularly
successful. Any nucleotide base in the gene

€ stand for the frequency of each nucleotide.

sequence can be found in the Accumulated
Absolute Position Indices Vector (AAPIV), which
offers cumulative information on positional
occurrence. Equation (9) describes where the gene
sequence is located.

L={A1,22,...An} 9

For any ith component,

Al =

zn: Br (10)
k=1
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3.1.2.8 Reverse accumulative absolute position
incidence vector (RAAPIV)

Finding the many and intricate patterns in DNA
gene sequences is made easier by reverse
sequencing. Similar to how AAPIV operates,
RAAPIV makes educated guesses about the
crucial facts in the opposite order. The following
is the RAAPIV equation (11):

A={n1,n2,...n,} (11)

In A, each element represents the total count of

times a nucleotide appears in the reverse sequence.

Each of the statistical operations mentioned above
that are utilized for feature extraction has a
distinct biological relevance [41], [42]. These
operations glean details about the location and
composition of the DNA gene sequence.
Characteristics such as the occurrence frequency
of individual elements within a DNA gene
sequence and their respective positional
frequencies, the structure of specific genes, and
the absolute positioning of each element within a
gene sequence can all be extracted through feature
extraction techniques.

3.1.3 Prediction Algorithms:

Deep Learning (DL) algorithms encompass both
supervised and unsupervised machine learning
techniques [43]. The DL architecture is recognized
as a learning methodology comprising multiple
layers. Within the DL algorithm, each layer
receives input from the preceding layer and
conducts further processing of input features.
These features encapsulate relevant information
for each layer, enabling the DL algorithm to glean
insights from the input data [30]. Deep Learning

Frameworks represent a substantial advancement
in effectively addressing challenging problems [31],

(32], [44].
For this study, Long Short-Term Memory (LSTM),

Gated Recurrent Units (GRUs), Bidirectional
LSTM, and an Ensemble Learning Model (ELM)
are utilized to identify colorectal cancer (CRC). To

assess CRC detection, the models are subjected to
testing using three metrics: SCT, IST, and TCVT.

3.1.3.1 LSTM network

LSTM stands as a state-of-theart variant of
Recurrent Neural Networks (RNNs), effectively
addressing the vanishing gradient problem
inherent in traditional RNNs. Employing gates to
manage the reading, writing, and storage of data,
LSTM represents a gating mechanism. These
gates—namely input gates, forget gates, and output
gates—operate sequentially. The forget gate
decides if the information should be stored in or
forgotten from the current memory state, enabling
the movement of hidden memory states to the
immediate next. It is also responsible for the
suppression of facts in next processing steps.
Considering the range of activation features,
input gate is for changing the country of the
mobile and output gate for assaying the output
produced from modern cell state [45]. Figure 5
provides a description of the LSTM layer model

employed in this investigation.
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Figure 5: Layered LSTM model employed for colorectal cancer identification.

The input undergoes transformation into a fixed-
length vector of specified size via the embedding
layer within the LSTM. With word vectors of 64
characters and a vocabulary capacity of 1000, the
subsequent layer consists of an LSTM layer
featuring an output of 128 neurons. Following
this, two dropout layers are incorporated, each
inhibiting 10% of neurons to prevent overfitting.
A dense layer comprising ten neurons follows suit.
Stochastic Gradient Descent (SGD) serves as the

optimization method within the LSTM
framework. Additionally, the Sparse Categorical
Cross Entropy (SCCE) function is utilized as a loss
minimizer, accompanied by sigmoid activation
function.

The gate manages the regulation of information
flow between cells in the LSTM. Each gate applies
activation functions differently through [47]. The
diagram in Figure 6 depicts how the gates function

within the LSTM model [48].

A
N\ %

tanh
) Je

P

LSTM cell

Figure 6: A simple LSTM cell Structure.

where is the input and is the output at specific
time t. f; represents forget gate, and represent
input and output gate respectively. Every cell of
LSTM has three inputs and has two outputs as.
Equation 12, 13, 14,15, 16, 17 explain LSTM

Where h; is the output at a certain moment and

it: G(XtVi +ht_1Ui)

X¢. is the input Forget gate is represented by t.
whereas input gate and output gate
represented by i and o0; respectively. Each
LSTM cell contains three inputs x¢, hr_q,Cr—q
and two outputs h; and C;. LSTM is explained
in equations 12, 13, 14, 15, 16, and 17.

are

(12)
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ft= G(xtVf +ht—1Uf)

0;=0(x;V° +h;_,U°
C,= tanh(x, V9 + h,U9)
Ce=0(f* Coy +ig* Cp)

ht = tanh( Ct) * Ot

where is the previous data cell output,is the
previous cell memory, is the current cell memory?
While V and U are the weights for the forget,
input, and output gate.

where C;_; is the previous cell memory, C; is
the current cell memory, and h;_;is the prior
data cell output? The input and output gates'
weights are V' and U, respectively.

(13)
(14)
(15)
(16)
(17)

3.1.3.2 Gated recurrent unit (GRU)

In the proposed research, another DL algorithm
utilized is the GRU [1]. It functions similarly to
LSTM but with fewer parameters and gates.
Despite having less training data, GRU
outperforms LSTM. Additionally, opting for
GRU over LSTM is advantageous due to its
reduced complexity and superior performance.
GRU solely employs the reset gate and update gate
within its cell [45]. Figure 7 explains the layered
structure of GRU in the diagnosis of CRC.

Input
Embading GRU Dropout
Layer Layers Layers

— 164 1 1
— 2'64 2 2
— e 3 3
1 1 1

1 1 1

1 1 1

1 1 1

1 1 1

1 1 1

1 1 1

v v v

L 1000764 128 10

simple-RNN Dense Dropout
Layer Layers Layers
1 1 1 B
2 2 2 -—N
3 3 3
-—.
1 1 1
1 1 1
1 ) 1
1 1 1
1 ) 1
1 ) 1
1 1 1
v v v
128 10 10 -~
Output — |

Figure 7: GRU layered structure model for identification of CRC.

The GRU architecture recommended is with an
embedding layer, that convert the input to a vector
of dimension size of your choice. This layer has a
64-character word vector length and is able to
support a vocabulary of 1000 words. And then a
GRU layer with 256 neurons in output. We also
added a RNN layer of a single layer with 128

neurons and 2 dropouts to tackle overfitting by
deactivating 10% of neurons. Dense (10) is
applied as the activation function and the
optimizer within the GRU model is SGD.
Activation is performed using the sigmoid
function, and the SCCE function is utilized to

minimize loss.
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In the GRU architecture, the reset gate
determines the extent to which historical data is
disregarded, while the update gate decides the

hy -y

degree to which historical data is utilized. The
structural configuration of the GRU cell is
illustrated in Figure 8. [49]

he t
\

| ke

Figure 8: The basic structure of a GRU cell, which stands for Gated Recurrent Unit.

Equations 18,19, 20, and 21 describe how the GRU operates.

e = o(x;A" + hy_y — B") (18)
zy = 0(x;A* + hy_, — B?) (19)
ht = tanh (ry * hy_1A+ x:B) (20)
he = (1 —z) *hi + z; * hy_y) 21

In equations (18) and (19), rt stands for the reset gate and zt for the update gate, respectively. In
comparison to LSTM, GRU requires less computing time[50]

3.1.3.3 Bi-Directional LSTM

The method chosen in the study is DL bidirectio
nal LSTM [51]. The model consists of two LSTM
units connected to an output layer, one operatin
g in the forward direction and the other operatin
g in the reverse direction. Fixed length vector of
the dimension. The word vector is 64 characters
long and the word capacity is 1000. Three levels
of waste were also compiled. To solve the overfitt
ing problem, the first intervention layer affects
20% of the neurons, the second layer affects 20%

, and the third layer affects 10%. Two layers are t
hen added; The first has 64 neurons, the second
has 10 neurons. The bidirectional LSTM model
uses adaptive moment estimation (ADAM) as the
optimizer and starts using the sigmoid function.
Binary cross entropy function is used to Reduce
loss.

This mechanism learns independently without
requiring prior information, as it simultaneously
processes both forward and backward information
[52]. In Figures 9 and Figure 10, the suggested Bi-
directional LSTM is described.
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Figure 9: Bi-directional LSTM model showcases bidirectional processing, utilizing LSTM's long and
short-term memory capabilities.

Data Aquisition framewaork
ACTGTCCAGG

v4

‘ Feature Extraction framwork ‘

+4

‘ Bi-directional LSTM ‘

+T

Embading Layer
(None, 1000, 64)

LSTM Layer
(Nohe, None, 128)

Dropout Layer
(Nohe, None, 128)

3

LSTM Layer
(None, 64)

v

Dropout Layer
(None, 64)

Dense Layer
(None, 64)

v

Dropout Layer
(None, 64)

r .

3T
Dense Layer
(None, 10}

Figure 10: Bi-directional LSTM structure for colorectal cancer detection, utilizing LSTM for memory

processing.
3.1.3.4 Ensemble Learning Model (ELM) model. To achieve optimal performance,
The ELM employs the Divide and Conquer (DAC) ~ numerous basic learners are integrated [53]. Each
approach to enhance the accuracy of individual base learner produces specific results, which are
base learners before consolidating the entire aggregated and used to learn various features
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through data chunks obtained via the bootstrap
technique.This allows the model to extract hidden
patterns from datasets. Ensemble learning, a
versatile technique, outperforms simple machine
learning algorithms in accuracy because it trains a
model using all possible combinations of data and
a bootstrap approach, which allows for element
and row replacement procedures. Additionally,
this approach solves overfitting problems. Bagging
[54], boosting [55], and stacking [56] are three
prominent types of ensemble learning models,
each aimed at achieving high accuracy. Among
these models, we will adopt the Stacking (Stacking
Model) approach, which involves the combination
of heterogeneous machine learning models (basic
learners) using a different data mining technique
[57]. Initially, the core learners are trained,
followed by the instruction of a combinatory also
referred to as a meta-classifier, to produce a final
prediction based on the core learners' predictions
[58]. Stacked ensembles outperform any single

l Prediction output from testing data

Meta - Esemble Classifier

> Training Data | I Gid Search Optimization ¥
v
Trained Model 1
> Validation Data L T |
—
> Testing Data » T 1
v
— :| > Trained Model 2
T A
> Bi-Directional LSTM l

Prediction output from validation data

elementary learner such as a single RF or GBM
and are shown to be an optimally efficient
learning system. [59], [60]. Employing an
ensemble learning approach,
this research improves the performance of variou
s deep learning methods such as LSTM, GRU, a
nd bidirectional LSTM. The completed process is
divided into three parts: training, validation
(symbol V) and testing (symbol T). All deep learn
ing models, including LSTM, GRU, and bidirecti
onal LSTM, are trained using training data. Addi
tionally, grid search optimization is used to deter
mine the search and determine the best value for
the ensemble learning model. Trained learning
models are developed for each different deep
learning model, denoted as trained modell,
trained model2, and trained model3 for LSTM,
GRU, and two-way LSTM, respectively, as shown
in Figurell.

Processsed DataSet obtained after Feature Extraction

> Trained Model 3

Final Results

Figure 11: THE PROPOSED ENSEMBLE LEARNING MODEL OF GRU, BI-DIRECTIONAL
LSTM AND LSTM APPROACH

All trained models undergo validation and testing using both validation and testing datasets. Finally, as
demonstrated in the results section, an ensemble learning model produces ultimate enhanced outcomes.

w
yq.k = Z Mofo,k
0=1
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In the equation, Each individual deep learning model is assigned weights to contribute to the ensemble
learning prediction. Here, M,(0 = 1,2,3,4,...., W) Each deep learning model is allocated a weightfy, .

It indicates the prediction made by each individual deep learning model and matches the observation.

The models are trained for 20 epochs. Evaluation of DL approaches includes metrics such as AUC,
precision, F1 score, recall, Cohen's kappa, specificity, sensitivity, Matthews correlation coefficient, loss,
and precision, calculated in 20 iterations of forward and backward processes. [61], [62] Sen, Spe, Acc, and

MCC are each described by equations (23), (24), (25) and (26), respectively.

Sensitivity: Sen =

Specificity: Spe

Accuracy: Acc =

MCC

YO

YO+GB (23)
(24)

YB + GO
YO + YB (25)

YO+ GO+ YB+GB
(YO X YB) — (GO x GB) (26)

Within these equations:

- \/(YO + GO)(YO + GB)(YB + GO)(YB + GB)

YB= each and every true negative values

YO= All of the dataset's true positive values

GB = erroneous negative values

GO= Falsely optimistic values

In the proposed research, Sensitivity pertains to
the ability of a test to accurately identify cases of
CRC, while Specificity refers to its ability to
accurately identify individuals without CRC in
the dataset [63]. All individuals with a specific
condition are characterized by YO + GBin the
equations. YB + GO, however, represents all the
subjects without the specified requirements. The
total number of patients who had positive results
is YO + GO, while the number of subjects who
received negative findings is YB + GB[64] The
procedure may be summarized using a confusion
matrix [65]-[69] In the confusion matrix, the
entries YB stand for True Negative, YO for true
positive values, GB for erroneous negative and
GO for Falsely optimistic stand for True Negative,
False Negative, and False values,
respectively.

Positive

4 Results and discussion
Before being input into deep learning (DL)
CRC dataset

preprocessing to extract fundamental components

techniques, the undergoes

and ensure balanced data. Subsequently, the
processed data undergoes verification using the
independent set test, self-consistency test, and 10-
fold cross-validation test to assess the performance
of DL algorithms. The results obtained from these

validation methods are detailed in this section.

4.1 SeltConsistency test (SCT)

The DL algorithm is evaluated using the SCT
technique, where all data is utilized for both
training and assessment. In this method, the
entire dataset is employed for both training and
testing. While Bidirectional LSTM showcases
minimal loss, LSTM, GRU, and Bidirectional
LSTM achieve notably high accuracy in the SCT,
as demonstrated in Table 3. Figure 12 depicts the
decision boundary (DB) of SCT and Figure 13
shows the ROC Curve.
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Figure 13: SCT's Roc curve

4.2 Independent Set test (IST)

The second testing method utilized for the
proposed EDIM strategy is IST. The model's
accuracy is determined by extracting values from

the misperception matrix. IST is the primary
method proposed for assessing the model's
performance. 20% of the dataset's values are used
for testing, while the remaining 80% are used to
train the algorithm.

Figure 14 depicts the decision boundary (DB) of IST and Figure 15 shows the ROC Curve.
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Figure 14: DB of IST in EDLM
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Figure 15: displays the IST's Roc curve.

4.3 10-Fold Cross validation test(10-FCVT) Hyper-parameter  tuning and  architectural
The 10fold crossvalidation (FCV) technique decisions are subsequently based on the overall

involves dividing the data into ten equal subsets. performance across the ten folds. Figure 16
Following model training, each subset of the illustrates the decision boundary (DB) of the 10-

training data is treated as a separate validation set. FCVT.

CMC,

4 class0
m classl

Input Data

Ensemble Model

Figure 16: DB of 10-FCVT

Figure 17 below shows the ROC curve of the EDLM in 10-FCVT for all DL algorithms, including LSTM,
GRU, and Bi-directional LSTM.
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4.4 Result Comparison

Below is Table 3, which consolidates the outcomes and juxtaposes the algorithms (LSTM, GRU,
BLSTM, and EDLM) against SCT, IST, and 10-FCVT.

Table 3: Results of SCT, IST, and 10-FCVT concerning LSTM, GRU, Bi-LSTM, and EDLM are
presented below.

Self-Consistency Test Independent Set Test 10-Fold Cross-Validation
Test
Acc | Sen | Spe | MCC | Acc | Sen | Spe | MCC | Acc | Sen | Spe | MCC
(%) | 0) | () | (%) | %) | (%) | (%) (%) | (%) | (%)
LST™M 97 97 98 094 | 96 95 97 | 092 | %4 95 | 94% | 0.88
GRU 96 95 97 092 | 95 95 96 | 091 | %4 94 |93% | 0.88
Bi-LSTM 99 99 100 | 098 | 98 97 99 | 097 | %4 95 | 94% | 0.88
Ensemble | 95 94 96 090 | 95 95 95 | 091 | 96 96 | 95% | 0.91

Table-3 illustrates the efficacy of four machine
getting to know models (LSTM, GRU, Bi-LSTM,
and Ensemble) throughout 3 evaluation
methodologies: the Self-Consistency take a look at
(SCT), the impartial Set test (IST), and the ten-
Fold cross-Validation test (10-FCVT). The
assessment  criteria  encompass  Accuracy,
Sensitivity, Specificity, and MCC.

Accuracy quantifies the ratio of correct
predictions made by the model, while Sensitivity
gauges its capability to accurately recognize
positive cases. Specificity examines the model's
aptitude to accurately identify negative cases, and
MCC provides a holistic assessment of binary
classification quality, taking into account true and
false positives and negatives.

According to the results, the top-performing
model is the Bi-LSTM, demonstrating the highest

accuracy, sensitivity, specificity, and MCC across
most tests. For instance, in the Self-Consistency
Test, For the Bi-LSTM, an accuracy of 99%,
sensitivity of 99%, specificity of 100%, and MCC
of 0.98 are attained. indicating that it performed
exceptionally well. The Ensemble
performed well overall, but was outperformed by
the Bi-LSTM in most of the tests. The LSTM and
GRU models also performed well, but with
slightly lower results compared to the other two
models.

In conclusion, the Bi-LSTM model appears to be
the best performing model based on the results in

the table 3.

model

5 Conclusion

The research presents an Ensemble Deep
Learning Model (EDLM) designed for the early
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identification of colorectal adenocarcinoma, a
particularly aggressive form of cancer impacting
the colon and rectum. Employing deep learning
methodologies like GRU, LSTM, and Bi-LSTM,
the model evaluates normal and mutant gene
sequences sourced from diverse outlets. Various
feature extraction techniques are employed to
transform the data into a quantitative format
conducive to training and assessment. The
findings of the study demonstrate that the
proposed EDLM model achieves exceptional
accuracy, boasting an overall accuracy rate of 96%.
The model underwent assessment through three
awesome methods: the 10-Fold Cross-Validation
check (10-FCVT), the Self-Consistency test (SCT),
and the independent Set test (IST), revealing
encouraging effects, significantly excelling inside
the IST. furthermore, comparative exams had
been conducted against alternative algorithms,
such as LSTM, GRU, and Bi-LSTM. overall
performance metrics along with accuracy,
sensitivity, specificity, and Matthew's correlation
coefficient were computed for thorough
evaluation. The findings of the study imply the
efficacy of the proposed EDLM model for early
most cancers detection. However, it should be
noted that the model has only been validated for
colorectal adenocarcinoma and more research is
required to investigate its potential use in
detecting other life-threatening diseases and to
compare the effectiveness of various deep learning
techniques for further improvement in accuracy
and efficiency.
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