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Abstract-- Cell-free DNA (cfDNA) refers to short fragments of acellular nucleic acids detectable in almost all body
fluids, including blood, and is involved in various physiological and pathological phenomena such as immunity,
coagulation, aging, and cancer. In cancer patients, a fraction of hematogenous cfDNA originates from tumors, termed
circulating tumor DNA (ctDNA), and may carry the same mutations and genetic alterations as those of a primary
tumor. Thus, ctDNA potentially provides an opportunity for noninvasive assessment of cancer over the past few
decades, cancer-specific mutations in ctDNA have been detected using a variety of untargeted methods such as digital
karyotyping, personalized analysis of rearranged ends (PARE), whole-genome sequencing of ctDNA, and targeted
approaches such as conventional and digital PCR-based methods and deep sequencing-based technologies. In this
study, a new approach was proposed for the detection of cancer genes, which is an important step for the prediction of
cancer. In the proposed approach, the gene sequences were digitized by mapping techniques. Following digitization,
these DNA sequences were initially examined in two different ways as two-dimensional spectrogram images. Firstly,
the digitized sequences were examined with the designed CNN model as a one-dimensional signal. Secondly, DNA
signals were converted to 2D spectrogram images and examined with two different 2D CNN models. The proposed
method indicated that effective features were extracted with ‘Convolutional Neural Network' (CNN) for ctDNA
detection and 'Support Vector Machine'(SVM) algorithm for classification of ctDNA and normal cell-free DNA
(cfDNA). 'ctDNA' could provide clues for growth factor of cancerous cells, type of tumors, location, etc. Therefore,
our work provides a new way for early detection and a new prospect for early cure. The application results showed
that the system is ready to be tested with a larger dataset and different cancer types.
Keywords: Cell-free DNA, Circulating Tumor DNA, Deoxyribonucleic acid, Convolutional Neural Network,
Support Vector Machine, pattern recognition.
I.

INTRODUCTION

The size of DNA pieces gives imperative data for the development of physical genome maps and genotyping. In
particular, by realizing the DNA piece length and the DNA atom proﬁle. It is conceivable to explore the properties of single
DNA particles or DNA-protein cooperation. Cell-free, for instance, to recognize distinctive DNA optional structures and to
set up if and in what way a ligand ties to DNA. When a cell in the body dies, it releases cell-free DNA (cfDNA) into the
bloodstream. The term cfDNA is that broadly describes the different types of DNA freely circulating in the bloodstream at
any given time. When the small fragments of DNA are released into the bloodstream, Researchers can capture the fragments
and sequence them to look for mutations known as Next Generation Sequencing (NGS). ctDNA tells us if cancer is present, it
can also tell, the best-individualized treatment selection. DNA sequence classification plays a vital role in computational
biology. When a patient is infected by the virus, the samples collected from the cancer patient and the genomes are
sequenced.
Adenine (A), cytosine (C), guanine (G), and thymine (T) are the four nucleotides that make up DNA Sequence .These
are called the building blocks of cfDNA. The DNA of each affected virus is unique, and the pattern of arrangement of the
each ucleotides determines the unique characteristics of a virus. Each form of nucleotide binds to its complementary pair on
the opposite strand in double-stranded DNA. In this four types Adenine (A) and thymine (T) form a pair, while cytosine(C)
and guanine (G) form a pair. Ribonucleic acid (RNA) may be single-stranded or double-stranded and they differ very much
Therefore, the genome is the sequence of nucleotides (A, C, G, and T) for DNA virus. The DNA sequence is very long,
having a length of around 32,000 nucleotides maximum, and it is challenging to understand and interpret. This raw DNA
sequence cannot give as input to the CNN for feature extraction. It has to be converted into numerical representation before it
is processed in the CNN and then classified using SVM. As completely risk-free surgery still not guaranteed, a comparison is
analyzed in our work.
II. RELATED WORK
The segment extraction is done in Deep transfer learning for automated liver cancer gene recognition using
spectrogram images of digitized DNA sequences in the 2021 strategy utilized for early detection of cancer. Leung [1] et al.
(2020) identified genomic markers in Hepatitis B Virus (HBV) associated with liver cancer by comparing gene sequences of
liver cancer patients and healthy individuals. In that study, Genotype B and C group HBV DNA sequences were collected
from more than 200 patients and these authors extracted rules using the Evolutionary Algorithm based on the Rule-Learning
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algorithm and developed a new classification method using the Nonlinear Integral. The method provided an accuracy of
>70% in the diagnosis of liver cancer. In the study, the author has proposed an ensemble method and compared several
classification methods including Naive Bayes, Generalized Linear Model (GLM), the k-nearest neighbors (KNN), Support
Vector Machine (SVM), and C5.0 Decision Tree (DT). Kaishan Tao [2] (2020) proposed a novel model: DNAs released from
tumor cells into blood (circulating tumor DNAs, cDNAs) carry tumor-specific genomic aberrations, providing a non-invasive
means for cancer detection. In this study, we aimed to leverage somatic copy number aberration (SCNA) in ctDNA to
develop assays to detect early-stage HCCs. Methods: It conducted low-depth whole-genome sequencing (WGS) to profile
SCNAs in 384 plasma samples of hepatitis B virus (HBV)-related HCC and cancer-free HBV patients, using one discovery
and two validation cohorts. To fully capture the robust signals of WGS data from the complete genome, it developed a
machine learning-based statistical model that is focused on detection accuracy in early-stage HCC. Findings: It built the
model using a discovery cohort of 209 patients, achieving an overall area under the curve (AUC) of 0.893, with 0.874 for
early-stage (Barcelona clinical liver cancer [BCLC] stage 0-A) and 0.933 for advanced-stage (BCLC stage B-D). Dimitrios
Mathios [3] (2021) proposed a novel model for e an opportunity for cancer detection and intervention. Here, we use a
machine learning model for detecting tumor-derived cfDNA through genome-wide analyses of cfDNA fragmentation in a
prospective study of 365 individuals at risk for lung cancer, validate the cancer detection model using an independent cohort
of DNA from non-cancer individuals and cancer patients. Combining fragmentation features, clinical risk factors, and CEA
levels, followed by CT imaging, detected 94% of patients with cancer across stages and subtypes, including 91% of stage I/II
and 96% of stage III/IV, at 80% specificity. Genome-wide fragmentation profiles across ~13,000 ASCL1 transcription factor
binding sites distinguished individuals with small cell lung cancer from those with non-small cell lung cancer with high
accuracy (AUC = 0.98). A higher fragmentation score represented an independent prognostic indicator of survival. This
approach provides a facile avenue for tor non-invasive detection of lung cancer.
III. MATERIAL AND METHODS
Cell-free DNA (cfDNA) is short, extracellular, fragmented double-stranded DNA found in the plasma Plasma of
data solid tumor in Cancer patients has been found to show significantly increased quantities of cfDNA. Due to the protection
of genotype information from the patients, which is not needed for the fragmentation analysis, most cfDNA datasets are
deposited in the controlled-access repositories in research labs. The data access in these repositories requires special and
lengthy application processes and sometimes data transfer agreements that may take several weeks between the two
organizations legal departments. Moreover, the cfDNA fragmentation patterns are inferred from the mapping locations of
paired-end short-read sequencing, which are highly affected by the reads quality, length (h), and choices of the mapping
strategy. These batch effects will significantly affect the downstream computational inference and data analysis. Currently, a
centralized database with uniformly processed cfDNA datasets from a variety of physiological conditions is still not publicly
the community.
•
Source of data: UCF 101 (https://github.com/OpenGene/CfdnaPattern)
•
Size of dataset: 3,755 DNA images from 67kbs to 500kbs
•
Description: It includes DNA images like chromosomes, ctDNA, body fluids, like urine, pleural effusion, and
cerebrospinal fluid.
Table 1 The dataset used for analysis

.

IV. PROPOSED METHOD
A. Outline of the proposed issue
With certain features regarding the condition of cancer, patients are put forward for consideration for MRI scans and
biopsies. Certain drawbacks of MRI the time and expense of the procedure and it may produce claustrophobia, some people
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having a pacemaker, cannot be scanned safely. After having a lot of research perspective on MRI-based based brain tumor
diagnosis and detection, considering the mentioned issues, we have proposed a way of early dnon-invasive technique, liquid
biopsy, less expensively and with less time. The implementation of artificial intelligence makes the way easier and helps to
get the desired result by the following solution.
B. Implemented Solution
In the first stage, CNN models were utilized to identify genomic markers of ctDNA and useful clinical information in
predicting the recurrence of ctDNA and response to treatment. To achieve this, we first digitized the DNA gene sequence
mapping techniques.
Subsequently, the digitized DNA sequences were initially exhausting using one-dimensional signal in the designed CNN
model, and then the DNA signals were converted to 2D spectrogram images and examined with two different 2D-CNN
models. In any case, the DNA design scattering requires pair-end pattern sequencing, so this part will be not open for singleend pattern sequencing data. Other than the DNA spread can be impacted by the plan cutting action, which is generally
associated before the data pre-processing stage.
The block diagram of the proposed approach is shown in the figure below.

Fig. 1. Flowchart of ctDNA detection process
The models are compared considering the dataset size, it is highly difficult to perform training effectively with small
datasets, particularly when training spectrogram images. Therefore, the method proposed was weaker to overcome this
problem, either the dataset should be increased or another method that can classify with smaller datasets should be used to
detect a technique for DNA pattern recognition using Convolutional Neural Networks and Support Vector Machine. To find
ctDNA with genetic differences aids in cfDNA detection. DNAs can be detected and identified. After their identification
DNAs As cfDNA were classified us using the ort vector machine from normal DNAs for canon monitoring and a prognosis.
Before discovering certain therapeutic agents ctDNA can be a feasible biomarker for early cure. Better results can be obtained
in CSF in plasma.This challenge of oncology can be solved with the clues into the mechanism underlying resistance to
epidermal growth factor, provided by the biomarker. This method is based on spectrogram comparisons. A spectrogram gives
a combined view of the local periodicity throughout the nucleotide sequence, and it was introduced as a tool for the
visualization of DNA sequences. In spectrograms, some patterns, which are often related to the sequence function or
structure, are observed. A periodicity of 10 bp reflects the DNA folding of bacteria. The first spectrum reducing method maps
thymine (T), cytosine C, and adenine (A) occurrences into red, green, and blue (RGB) layers of the color spectrogram,
respectively.

Fig. 2 Digital mapping
Let the DNA string be represented by [ ] of length , where it is made of A, T, C, and G.
Consider
[ ] = {A, T, C, G}

(1)

For example, consider the DNA string of length 10 as in
[ ] =⋅⋅⋅ TTCACTAGCA
(2)
The color of the strip depends on the nucleotide composition and not on the quantity of the nucleotide; if the occurrence of
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thymine (A), cytosine (C), and adenine (A) is represented in the red, green, and blue layer, respectively, the codons AAT and
ATT appear in the spectrogram as the violet strip.
C. Spectrogram Image
The digitized DNA sequences were converted to spectrogram images to obtain a 12-ms window width (Hamming
windowing), a 8-ms overlap value, and a Fourier transform of 512 points. Spectrogram images were obtained using the
Viridis color palette. It shows the signal samples that were digitized by mapping technique and then obtained spectrogram
images. Given a DNA sequence S of length L, where S[j] = A, T, C, G, this is mapped into a numeric representation s using
the Voss representation which consists of generating four-vectors Si with i ∈ [A, T, G, C], where
[]= ,
1,
0, ℎ
[]= ,
1,
s [j]
0, ℎ
s [j]

(3)
(4)

s [j]

1,
0,

[]= ,
ℎ

(5)

s [j]

1,
0,

[ ]= ,
ℎ

(6)

Since each of the vectors s can be seen as a digital signal that represents the patterns of occurrence of its corresponding
nucleotide type, it is possible to perform a frequency analysis of each of those signals by estimating the digital signal spectra
of the signal.

Fig.3 Spectrogram image
D. Feature Extraction by CNN
In this module, after the spectrogram image, A Convolutional Neural Network (CNN) is a Deep Learning algorithm and
regularized version of the multilayered perceptron, where, each neuron in one layer is connected to all neurons of the next
layer. It can take an image as input, assigns weights and biases to various objects in the, image, and differentiates one from
the other. Here, the requirement of preprocessing is less than in other algorithms. Convolution multiplies two arrays of
numbers with different sizes but with the same dimension and creates the third array with the same dimension. Here, each
element of the image is added to its local neighbors, weighted by the kernel. For symmetric kernel, the center of the kernel is
placed on the cur, rent pixel, and for the non-symmetric kernel; it needs to be flipped around the horizontal and vertical axis.
Then kernel elements are multiplied with the overlapped pixel values and the obtained values are added, thus convolution
works. This is a very interesting and useful tool for different signal processing, image processing application, and complex
mathematical problems as well. A convolutional neural network can be formed by input and an output layer, as well as
multiple hidden layers. A series of convolutional layers are used to form the hidden layers of CNN. The hidden layers also
consist of additional convolutions such as pooling layers, fully connected layers, and normalization layers, and their inputs
and outputs are masked by the activation function and final convolution. The activation function is a Rectified Linear Unit
(ReLU) layer.
E. Convolutional Layer
Before programming a CNN, we have to make sure that each convolutional layer of the neural network should have the
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following features:
• Input is an array with shape (number of images) x (image width) x (image height) x (image depth).
• Convolutional kernels whose width and height are hyper-parameters, and whose depth must be equal to that of the image.
Convolutional layers convolve the input and pass its output to the next layer.
F. Pooling Layer
The Pooling layer is also responsible for reducing the spatial size of the convolved feature as a convolution layer. It is a
very important step for capturing dominant features which are rotational and positional invariants. Five max-pooling lay a 2 ×
2 window and stride In the last layer, Softmax is used to classify the input data from the previous layer. Rectified Linear Unit
(ReLu) is used for the activation function
G. Fully Connected Layer
Fully connected layers connect every neuron of one layer with another layer. Its principle is the same as the traditional
multi-layer perceptron neural network. An image is nothing but a matrix of pixel values, so we just flatten the image (e.g. a
3x3 image matrix into a 9x1 vector) and feed it to a fully connected layer for classification purposes. This layer uses a
probabilistic neural network to generate the percentage of accuracy for matching.

Fig.3 Feature extraction by CNN
In this module, Until or unless the result becomes convincing, they could repeat those layers. Then finally the output is
flattened and passed to a fully connected layer. Here SVM to use as a classifier for the fully connected layer and the top 3
results will be taken. All the detected DNAs can be classified into ctDNA and normal DNA by using SVM. It proposed
solution takes the SVM classifier because it's a powerful supervised classifier. In the field of machine learning, a confusion
matrix is a specific table layout to visualize the performance of the algorithm. Support Vector Machine is a binary classifier,
which in this case classifies normal DNA and ctDNA. But for any classification problem, correct or incorrect prediction and
the accuracy can be measured correctly by a confusion matrix. That's why after SVM classification and then plot here
confusion matrix. Detected ctDNA in this module, As a result of the said method, we have detected circulating tumor cells as
mentioned before, and circulating tumors are using DNA can be detected by our approach
(i,j) =
( , )(, )
(7)
Where
is the corrected image and (i,j) is the image coordinates and
is the background image.
( is
the input image.
V.

CLASSIFICATION AND PERFORMANCE EVALUATION

As SVM is a supervised classifier, we need to specify some feature labels. Based on this, it will classify those classes (ctDNA
and normal DNA). Here we have given some feature labels i.e., length (for ctDNA it will be approximately 150 bp and
fragmented), specificity (for ctDNA it will be high), and sensitivity (for ctDNA it will be high). In the field of machine
learning, a confusion matrix is a specific table layout to visualize the performance of the algorithm. Support Vector Machine
is a binary classifier, which in this case classifies normal DNA and ctDNA. But for any classification problem, correct or
incorrect prediction and the accuracy can be measured correctly by a confusion matrix. That's why after SVM classification
we would plot here confusion matrix. From this we would get specificity and sensitivity, by using this:
Accuracy =(TP+TN)/(TP+FN+TN+FP)
Where
True Positive TP (number of correctly identified Circulating free DNA (cfDNA))
False Negative FN (number of incorrectly defined Circulating free DNA (cfDNA))
True Negative TN (number of correctly identified Circulating Tumor DNA (ctDNA))
False Positive FP (number of incorrectly identified circulating Tumor DNA(ctDNA))
P = Positive, Observation is positive
N = Negative, Observation is negative
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Fig.4 Confusion matrices of classification accuracy according to feature extraction performed with CNN
A.
Comparison of models
When the models are compared considering the dataset size, it is highly difficult to perform training effectively with small
datasets, particularly when training spectrogram images. Therefore, the first method proposed was weaker at this point. In
order to overcome this problem, either the dataset should be increased or another method that can classify with smaller
datasets should be used. Accordingly, the use of pre-trained networks known as transfer learning provides highly effective
and successful results. The second method, CNN, which is a known model, achieved an effective classification with a
successful training process. This method was a model with 1000 class output. In the third method, going one step further, a
two-class dataset was utilized to yield a two-class output (fine-tuning) and it was revealed that the classification performance
of the model increased further and reached 100%. The results were quite revealing in terms of understanding the
classification capabilities of the models. In the comparison of the models with regard to training times, pre-trained models
were found to be faster than the other models. A 100 × 1-dimensional signal was given as input in the first method and 224 ×
224 × 3 images were given in the second and third methods. Although the input size was remarkably small, the retraining
process was highly time-consuming. Taken together, these findings indicate that a pre-trained system is both faster and more
successful.

Fig.5 Accuracy and loss graphs of a fold in the training process
Permanent alteration of DNA sequence caused gene mutation; some specific genetic mutations can be found in the case of
malignant tumors tumor. After ctDNA detection gene mutation can be detected by using machine learning in bioinformatics.
VI. CONCLUSION AND FUTURE WORK
The determination of sequence alteration can reveal more information about cancer. From the correct allelic sequence, we
can predict the mutation hotspot and types of tumor, and tumor location can be found. Thus, early treatment would diminish
the chances of death due to cancer and would save lives. In this proposed work, DNA design acknowledgment is a vital issue
in bioinformatics and biomedical informatics in this paper. In this paper, the problem by utilizing the likelihood strategy and
metric rather than customary recurrence metric are taken care of. And after that, it set forward neural system, which has
preferable execution on time intricacy over some grouping arrangement calculations in a similar field. The aftereffects of the
complexity tests demonstrate that Neural Network calculation can perceive DNA arrangements accurately and viably with no
ambiguities. Prepared with examples, the system effectively grouped pictures given as information. DNA sequences with
deep learning, which has become a popular method over the last few years. Unlike traditional machine learning techniques, in
which data on feature selection, number of selected features, and experience of the expert designing the system are effective
parameters for classification performance, deep learning models do not require manual feature extraction and extract features
from the raw data. In this study, the classification performances of three different deep learning architectures were compared
and the results demonstrated the superiority of the architecture that performs the fine-tuning to the final layers of the VGG16.
We consider that the proposed method can be applied with different deep learning architectures and different DNA types.
Future studies are warranted to increase the validity and reliability of the proposed model by using larger datasets
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