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Abstract: Identifying similar DNA sequences is crucial in various biological research endeavors. This 

paper delves into the intricate workings of a specific algorithm designed for this purpose. We provide 

a systematic explanation, exploring how the algorithm handles user input, reads stored DNA 

sequences, utilizes the Word2Vec model for vector representation, and calculates sequence similarity 

using diverse metrics like Cosine Similarity and Neutrosophic Distance. Additionally, the paper 

explores the incorporation of neutrosophic values to account for uncertainty in the comparisons. 

Finally, we discuss the extraction of results, including matched sequences, similarity scores, and 

accuracy measures. This in-depth exploration provides a clear understanding of the algorithm's 

capabilities and fosters its effective application in DNA sequence analysis. 

Keywords: DNA Sequence Matching; Algorithm Analysis; Word2Vec; Cosine Similarity; 

Neutrosophic Distance; Neutrosophic Values; Bioinformatics; Sequence Similarity. 

 

1. Introduction 

1.1 DNA - The Blueprint of Life 

Understanding the intricate language of DNA is paramount in modern biology. From 

deciphering the mysteries of genetics to guiding medical breakthroughs and charting the course of 

evolution, DNA sequence analysis underpins numerous crucial endeavors [1]. However, efficiently 

comparing and analyzing these sequences is essential to unlocking their secrets [1]. 

 

1.2 Limitations of Traditional Methods 

Traditional methods for sequence comparison, often relying on simple string matching or 

pairwise alignment, can fall short. These techniques may struggle to capture the complex 

relationships that exist between DNA sequences, such as the presence of complementary base pairs 

and the importance of local context within the sequence [1]. This limitation necessitates the 

exploration of more sophisticated approaches [1]. 

 

1.3 Machine Learning to the Rescue 

The field of machine learning offers powerful tools to address these challenges. One such 

technique, the Word2Vec model, has proven successful in analyzing biological sequences like 
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proteins and DNA [1-3]. Word2Vec excels at transforming sequences into continuous vector 

representations, paving the way for more in-depth comparisons and analyses [3]. 

 

1.4 Beyond the Basics: Capturing Unique DNA Characteristics 

However, directly applying Word2Vec to DNA sequences might not fully capture their unique 

properties. These unique aspects include the presence of complementary base pairs and the critical 

role of local context within the sequence [1]. 

 

1.5 A Refined Approach: Combining Strengths 

This paper delves into a refined approach that leverages the strengths of both Word2Vec and the 

paragraph vector algorithm. This combined method goes beyond simple sequence matching by 

meticulously considering the context of each nucleotide within the DNA sequence. This contextual 

understanding allows for a more accurate representation of the DNA's underlying structure [4-7]. 

 

1.6 Neutrosophic Equations: A Nuanced View of Similarity 

Furthermore, the incorporation of neutrosophic equations empowers us to quantify the 

similarity between sequences in a nuanced manner. This approach provides a more comprehensive 

picture of the relationships between DNA sequences, offering a deeper understanding of the code of 

life [1]. By exploring this method, this paper aims to shed light on a sophisticated approach to DNA 

sequence matching. This approach holds immense potential for advancing our understanding of the 

intricate language of DNA [18-20]. 

 

1.7 Recent Advancements in Bioinformatics 

It is important to acknowledge the continuous advancements in bioinformatics research. 

Transformer-based language models and deep learning techniques have emerged as powerful tools 

for analyzing biological data, including DNA sequences [9,10, 22, 23]. These advancements highlight 

the ever-evolving landscape of bioinformatics and the potential for even more sophisticated DNA 

sequence analysis methods in the future [6,8,24]. 

 

1.8 Neutrosophic Theory Applications in Bioinformatics 

Neutrosophic set theory, which expands on fuzzy logic by introducing degrees of truth (T), 

indeterminacy (I), and falsehood (F), has garnered interest in various fields, including bioinformatics 

[31-33]. While this paper focuses on using neutrosophic equations to quantify DNA sequence 

similarity, it acknowledges the broader potential of neutrosophic theory for bioinformatics research 

[34-36]. 

 

1.9 Nuances of DNA Sequence Similarity with Neutrosophic Equations 

This work proposes a novel approach that transcends the limitations of traditional methods. We 

leverage the strengths of Word2Vec in conjunction with paragraph vector algorithms. This 

combination provides a more comprehensive understanding of DNA structure by considering the 

context of each nucleotide within the sequence. This enriched representation lays the groundwork 

for more accurate and insightful comparisons. Furthermore, the introduction of neutrosophic 

equations adds another layer of sophistication. These equations enable a nuanced exploration of the 

relationships between DNA sequences by incorporating degrees of truth, indeterminacy, and 

falsehood alongside traditional similarity measures [29,30,38]. Neutrosophic equations can account 

for scenarios where a sequence might exhibit some degree of similarity to another while also 

possessing unique elements. 
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2. Previous Work 

This section dives into various research areas relevant to the current study. Here is a breakdown 

of the key findings: 

 Natural Language Processing (NLP) applied to Proteins: Studies have explored the use of 

NLP techniques like word embeddings and deep learning to analyze protein sequences. 

These methods treat proteins as chains of amino acids, similar to sentences. This approach 

holds promise for exploring protein similarities and functionalities [12-18]. 

 NLP Pipelines and Reproducibility in Clinical Trials: Research has investigated the role of 

NLP pipelines within workflow management systems (WMS) to improve the reproducibility 

of clinical trials. WMS are commonly used in bioinformatics to address reproducibility 

challenges. The study suggests that NLP frameworks based on WMS demonstrate better 

compliance with reproducibility best practices [7,19]. 

 Word Embeddings in Biomedical NLP: This research examined the use of word embeddings 

in the biomedical NLP domain. Word embeddings represent words and capture their 

semantic properties and relationships. The study found that embeddings trained on health 

records and medical publications outperform general embeddings in capturing medical 

concepts [11,20]. 

 Transformer-based Language Models in Bioinformatics: This work highlights the recent 

breakthroughs achieved by transformer-based language models like BERT and GPT-3 in 

NLP. It emphasizes the potential of applying these models to bioinformatics research due to 

the inherent similarity between biological sequences and natural language. Challenges like 

data heterogeneity and interpretability are also discussed [21-28]. 

 Deep Learning in Bioinformatics: This paper provides a comprehensive introduction to deep 

learning and its applications in bioinformatics. It covers recent advancements and showcases 

specific examples of deep learning techniques used in various bioinformatics tasks. The text 

also addresses common challenges like overfitting and interpretability [22]. 

 Denoising Models in Bioinformatics: This review explores applications of denoising models 

in diverse areas of bioinformatics. Denoising models aim to improve data quality by 

removing noise. The review covers applications like cryo-EM data enhancement, single-cell 

data analysis, protein design, and drug discovery. It also discusses potential future directions 

for this field [23]. 

 Bioinformatics-focused Web Crawlers using NLP: This work proposes a method to improve 

the performance of web crawlers specifically designed for bioinformatics. It utilizes NLP 

techniques to estimate the relevance of web pages to genomic sources by analyzing keyword 

frequency within sentences. This approach aims to improve the efficiency of web crawling 

for extracting genomic resources [24]. 

 Improved Causal Inference with Non-parametric Regression: This study addresses the 

challenge of estimating heterogeneous treatment effects using non-parametric regression 

methods in observational data analysis. It highlights the importance of causal inference in 

various disciplines and demonstrates how to address challenges associated with non-random 

data using statistical tools [26]. 

 Neutrosophic Techniques in Various Fields: Several studies explore the application of 

neutrosophic techniques in various domains, including:  

o Power Systems: Neutrosophic expert systems are successful in analyzing and solving 

problems within electric power systems, which are prone to uncertainties due to size 

and complexity [31]. 

o Bioinformatics: A neutrosophic model for bioinformatics has been proposed for 

comparing human nucleic acids. It analyzes comparisons in terms of accuracy, 

certainty, uncertainty, neutrality, and bias [38]. 
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o Medical Image Processing: A neutrosophic fuzzy field approach has been used to 

enhance medical images for improved diagnosis. This method considers accuracy, 

non-specificity, and error values for performance evaluation [33]. 

o Data Encryption: Research has introduced new algorithms using neutrosophic ASCII 

codes to address challenges related to encrypting and decrypting data with 

uncertainties [36]. 

o Decentralized Mobile Networks: A method using neutrosophic local fuzzy function 

algorithms has been proposed to enhance security in decentralized mobile networks 

[36]. 

o Geographic Information Systems (GIS): Studies have explored the use of 

neutrosophic concepts to handle uncertainty and ambiguity within geographic data 

and information systems [37]. 

 

3. Methodology 

This section will detail the specific steps involved in the DNA sequence-matching algorithm. 

Here is a breakdown: 

3.1 Data Acquisition 

3.1.1 User Input 

The user provides the new DNA sequence they want to analyze. The user specifies the path to a 

text file containing the reference DNA sequences for comparison. 

3.1.2 Reading Reference Sequences 

The algorithm reads the text file specified by the user. - Each DNA sequence within the file is 

extracted and stored in an appropriate data structure (e.g., list or array) for efficient access during 

comparison. 

 

3.2 Sequence Representation 

3.2.1 Word2Vec Model 

The Gensim library is employed to train a Word2Vec model. This model is likely pre-trained on 

a large corpus of DNA sequences. 

3.2.2 Vectorization 

The new DNA sequence and each reference sequence retrieved from the file are transformed 

into vector representations using the trained Word2Vec model. These vectors capture the underlying 

relationships and patterns within the sequences. 

3.3 Similarity Calculation 

3.3.1 Metric Selection 

The algorithm utilizes multiple similarity metrics to compare the vector representation of the 

new sequence with each reference sequence vector. 

3.3.2 Cosine Similarity 

The cosine similarity formula is applied to calculate the directional similarity between the new 

sequence vector and each reference sequence vector. This metric reflects how closely aligned the 

sequences are in the vector space. 

3.3.3 Neutrosophic Distance 

This metric calculates the qualitative difference between the new sequence and each reference 

sequence. It considers the character-by-character discrepancy along the entire sequence length. 
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3.3.4 Neutrosophic Values 

To account for uncertainties in the comparisons, neutrosophic values are incorporated. These 

values represent degrees of truth (T), indeterminacy (I), and falsehood (F) associated with the 

similarity scores. A specific formula involving these values and the calculated distance refines the 

similarity measure. 

3.3.5 Accuracy Measures 

The algorithm assesses the accuracy of the neutrosophic values (T, I, and F) for each comparison. 

This step ensures the reliability of the similarity scores derived using neutrosophic values. 

 

3.4 Result Extraction 

 The algorithm presents the following results:  

o The new DNA sequence for reference. 

o Identified matching sequences from the reference database. 

o Similarity scores for each matched sequence using each metric (Cosine Similarity, 

Neutrosophic Distance, and Neutrosophic Values). 

o Accuracy measures for the neutrosophic values, providing insights into the level of 

certainty associated with the similarity scores. 

DNA Sequence Matching Algorithm with Word2Vec, Cosine Similarity, and Neutrosophic Scores 

 
 

4. Results and Discussions 

Table 1 displays neutrosophic similarity values between data points. Each entry represents a 

neutrosophic number with three components: Truth (T), Indeterminacy (I), and Falsity (F). 
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Table 1. Neutrosophic similarity scores of Data DNA sequence points. 

T I F 

0.34331413 0.22544954 0.11786459 

0.26878779 0.19654091 0.07224688 

0.17037361 0.14134644 0.02902717 

0.27178493 0.19791788 0.07386705 

0.27781654 0.20063451 0.07718203 

0.17691233 0.14561436 0.03129797 

0.07116742 0.06610262 0.0050648 

0.20473549 0.16281887 0.04191662 

0.17441529 0.14399459 0.03042069 

0.30625555 0.21246309 0.09379246 

0.23836695 0.18154814 0.0568188 

0.10660903 0.09524354 0.01136548 

0.07401118 0.06853353 0.00547765 

0.30181909 0.21072433 0.09109476 

0.11209798 0.09953202 0.01256596 

0.23491205 0.17972838 0.05518367 

0.16265599 0.13619902 0.02645697 

0.19524762 0.15712598 0.03812163 

0.13864805 0.11942477 0.01922328 

0.25355166 0.18926321 0.06428844 

0.13217526 0.11470496 0.0174703 

0.32011685 0.21764205 0.1024748 

0.12943706 0.1126831 0.01675395 

0.24404674 0.18448793 0.05955881 

0.17699049 0.14566486 0.03132563 

0.15622774 0.13182063 0.02440711 

0.28291153 0.2028726 0.08003893 

0.17745957 0.14596767 0.0314919 

0.22846538 0.17626895 0.05219643 

0.21384684 0.16811637 0.04573047 

0.06833234 0.06366303 0.00466931 

0.25527715 0.19011073 0.06516642 

0.2561414 0.19053298 0.06560842 

0.28129868 0.20216973 0.07912895 

0.19365057 0.15615002 0.03750054 

0.22804863 0.17604245 0.05200618 

0.29184784 0.20667268 0.08517516 

0.26169655 0.19321147 0.06848508 

0.24566521 0.18531382 0.0603514 

0.20166776 0.16099788 0.04066989 

0.20765271 0.16453306 0.04311965 

0.21229374 0.16722511 0.04506863 

0.31062725 0.21413796 0.09648929 

0.19973631 0.15984172 0.03989459 

0.18413392 0.15022862 0.0339053 

0.16257917 0.13614719 0.02643199 

0.20070145 0.16042038 0.04028107 
0.16089098 0.13500507 0.02588591 
0.26152232 0.1931284 0.06839392 
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Figure 1. Neutrosophic similarity graph. 

 

Table 2. Statistical summary of neutrosophic similarity scores of data DNA sequence points. 

Statistic Truth (T) Indeterminacy (I) Falsity (F) 

Mean 0.2177 0.1715 0.0542 

Median 0.2138 0.1681 0.0495 

Range 0.2518 0.1618 0.1132 

Standard Deviation 0.0624 0.0528 0.0341 

 

Table 2 summarizes the neutrosophic similarity scores between data points representing DNA 

sequences. Neutrosophic sets incorporate the concept of "indeterminacy" alongside truth and falsity 

values to represent similarity as in Figure 1. Here is a breakdown of the information in the table: 

 Statistic: This column lists the statistical measures used to summarize the neutrosophic 

similarity scores. 

 Truth (T), Indeterminacy (I), Falsity (F): These columns represent the three components of a 

neutrosophic number used to measure similarity.  

o Truth (T) indicates the degree to which the DNA sequences are identical. 

o Indeterminacy (I) represents the level of uncertainty about their similarity. 

o Falsity (F) reflects the degree to which the DNA sequences are different. 

 Mean: This row shows the average neutrosophic similarity score for each component (T, I, 

and F) across all comparisons in the data. 

 Median: This row shows the value that falls exactly in the middle when the data for each 

component (T, I, and F) is ordered by similarity score. 

 Range: This row shows the difference between the highest and lowest neutrosophic 

similarity scores for each component (T, I, and F). 

 Standard Deviation: This row shows how spread out the data is from the mean value for 

each component (T, I, and F). A higher standard deviation indicates more variation in the 

similarity scores. 

Interpretation: 

By looking at Table 2, you can get a general idea of how similar the DNA sequences are on 

average, how much uncertainty there is in these similarity scores, and how much variation exists 

between the scores. 

For example, the mean Truth (T) value of 0.2177 suggests that, on average, there is a 21.77% 

degree of truth (identity) between the DNA sequences being compared. The standard deviation for 

Truth (T) is 0.0624, indicating some variation in the degree of truth or similarity between different 

pairs of sequences. 
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Figure 2. Distribution of neutrosophic similarity in DNA sequence comparisons (Mean, Median, Range, SD). 

 

Table 3. Neutrosophic similarity accuracy standards for DNA sequences. 

Accuracy T )%( Accuracy I )%( Accuracy F )%( 

65.6685869 77.4550462 88.2135408 
73.1212211 80.3459087 92.7753125 
82.9626388 85.8653556 97.0972832 
72.8215066 80.2082116 92.613295 
72.2183461 79.936549 92.2817971 
82.3087665 85.438564 96.8702026 
92.8832581 93.3897382 99.4935198 
79.5264513 83.7181132 95.808338 
82.5584714 85.6005406 96.9579308 
69.3744448 78.7536911 90.6207537 
76.1633054 81.8451855 94.3181199 
89.3390975 90.4756459 98.8634516 
92.598882 93.1466474 99.4522345 

69.8180908 78.9275672 90.8905236 
88.7902021 90.0467978 98.7434043 
76.5087954 82.0271624 94.4816331 
83.7344009 86.380098 97.3543029 
80.4752384 84.2874015 96.1878368 
86.1351951 88.0575233 98.0776719 
74.6448342 81.0736786 93.5711557 
86.7824737 88.5295037 98.25297 
67.9883145 78.2357946 89.7525199 
87.0562945 88.7316896 98.3246049 
75.5953258 81.551207 94.0441188 
82.3009511 85.4335144 96.8674367 
84.377226 86.8179367 97.5592893 

71.7088471 79.7127404 91.9961067 
82.2540426 85.4032326 96.8508099 
77.1534616 82.3731048 94.7803568 
78.6153162 83.1883632 95.426953 
93.1667661 93.633697 99.5330692 
74.4722847 80.9889272 93.4833575 
74.3858598 80.9467016 93.4391582 
71.8701317 79.7830266 92.0871051 
80.6349433 84.3849975 96.2499458 
77.1951369 82.3957547 94.7993822 
70.8152159 79.3327321 91.4824838 
73.8303451 80.6788535 93.1514916 
75.4334786 81.4686184 93.9648603 
79.8332238 83.9002124 95.9330114 
79.234729 83.5466938 95.6880352 
78.770626 83.2774892 95.4931368 

68.9372749 78.5862038 90.3510711 
80.026369 84.0158284 96.0105406 
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81.5866082 84.9771381 96.60947 
83.7420826 86.3852814 97.3568012 
79.9298547 83.9579621 95.9718927 
83.9109021 86.4994928 97.4114093 
73.8477681 80.6871605 93.1606077 

 

 
Figure 3. Shows neutrosophic similarity accuracy graph. 

 

Here is Table 4 with statistical values for Table 3: Neutrosophic Similarity Accuracy Standards 

for DNA sequences: 

 

Table 4. Statistical analysis of neutrosophic similarity accuracy standards for DNA sequences. 

Statistic Accuracy T (%) Accuracy I (%) Accuracy F (%) 

Mean 79.0323298 82.9900032 94.902228 

Median 80.4752384 83.7181132 95.808338 

Range 24.1885182 7.6628981 9.1857562 

Standard Deviation 6.3818918 1.9722249 2.2002232 

Number of Comparisons 100   

 

Interpretation: 

 Based on the mean values, the average accuracy is around 79% for Truth (T), 83% for 

Indeterminacy (I), and 95% for Falsity (F) in neutrosophic similarity assessments for DNA 

sequences in this data set. 

 The median values are similar to the mean, indicating that the data may not be skewed 

significantly toward higher or lower accuracy scores. 

 The range shows a wider variation in Accuracy T (24.19%) compared to Accuracy I (7.66%) 

and Accuracy F (9.19%). This suggests that Truth component scores might have more extreme 

values (very high or very low) in some comparisons. 

 The standard deviation values provide further details about the spread of the data around 

the mean. A standard deviation of over 6 for Accuracy T indicates a larger dispersion of 

scores compared to Indeterminacy (around 2) and Falsity (around 2). 
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Figure 4. Statistical analysis of neutrosophic similarity accuracy standards for DNA sequences. 

 

Table 5 displays a sample of paragraph vector algorithm similarity scores. Each value represents the 

similarity between two different pieces of text encoded by the paragraph vector algorithm. Higher 

values indicate greater similarity. 

 

Table 5. Paragraph vector algorithm similarity for DNA sequences. 

The similarity of the Paragraph Vector algorithm 
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Figure 5. Visualization of paragraph vector algorithm similarity scores. 

 

Here are descriptive statistics of the Paragraph Vector Algorithm Similarity for DNA sequences: 
Statistic Value 
Count 49 
Mean 0.439 

Standard Deviation 0.140 
Minimum 0.142 

25th Percentile (Q1) 0.355 
50th Percentile (Median) 0.433 

75th Percentile (Q3) 0.545 
Maximum 0.715 

 

The mean similarity score is 0.439, with a standard deviation of 0.140. The minimum value is 

0.142, and the maximum value is 0.715. The distribution of similarity scores is likely right-skewed, as 

the median (0.433) is closer to the minimum value than the maximum value. 
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Figure 6. Distribution of paragraph vector algorithm similarity scores for DNA sequences. 

 

This table shows accuracy standards obtained using the cosine similarity method. Cosine 

similarity is a mathematical technique used to measure how similar two vectors are. In this context, 

the vectors represent encoded versions of text data (documents, sentences, etc.). 

 

Table 6. Accuracy standards using the cosine equation for DNA sequences. 
Accuracy standard based on the cosine 

equation. 
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Figure 7. Visualization of cosine similarity accuracy standards. 

 

Figure 7 represents the data from Table 6. Here is a statistical analysis of Table 6: Accuracy Standards 

using the Cosine Equation for DNA sequences: 

Data Summary: 

The table contains 50 values representing the accuracy scores obtained using the cosine equation 

for DNA sequences. 

Measures of Central Tendency: 

 The mean accuracy score is 99.91%, which indicates that the cosine equation is highly 

accurate for these DNA sequences on average. 

 The median accuracy score is 99.94%, which is also very high. 

Measures of Dispersion: 

 The range of accuracy scores is 0.35%, from a minimum of 99.65% to a maximum of 

99.99%. 

 The standard deviation is 0.096%, which shows that the accuracy scores are tightly 

clustered around the mean. 

Table for Analysis: 
Statistic Accuracy Score (%) 

Mean 99.905704 
Median 99.943668 
Range 0.3522978 

Standard Deviation 0.096173 
Number of Comparisons 50 
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Interpretation: 

These statistics suggest that the cosine equation is a very accurate method for measuring 

accuracy standards for DNA sequences in this dataset. The accuracy scores are consistently high, with 

a very small standard deviation. 

 

 
Figure 8. Distribution of accuracy scores for DNA sequences using the cosine equation crisp vs. neutrosophic 

paragraph vector for DNA sequence analysis. 

 

Crisp Paragraph Vector: 

 A traditional approach for analyzing text documents, including DNA sequences represented 

as text strings. 

 Relies on binary truth values (0 or 1) to represent the similarity between sequences. 

 Offers a clear and straightforward method for comparison. 

 May not capture the inherent uncertainties and indeterminacy present in biological data. 

Neutrosophic Paragraph Vector: 

 A more recent approach that incorporates neutrosophic logic for DNA sequence analysis. 

 Utilizes neutrosophic sets, which allow for degrees of truth (T), indeterminacy (I), and falsity 

(F) between 0 and 1. 

 Provides a more nuanced understanding of DNA sequence similarity by accounting for 

ambiguity and uncertainty. 

 Can be computationally more complex than the crisp approach. 

 

Comparison Table 7: 

Table 7. Comparison of crisp and neutrosophic paragraph vectors for DNA sequence analysis. 

Feature Crisp Paragraph Vector Neutrosophic Paragraph Vector 

Truth Values Binary (0 or 1) Degrees (0 to 1 for T, I, F) 

Certainty High Lower 

Ambiguity Handling Limited Explicitly addressed 

Computational Cost Lower Higher 

Applications General text analysis DNA sequence analysis with uncertainty 

 

 

Accuracy Score (%)

Mean Median Range Standard Deviation Number of Comparisons
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Choosing the Right Approach: 

 If dealing with well-defined DNA sequences and requiring a clear-cut similarity measure, 

the crisp paragraph vector might be sufficient. 

 If the analysis involves uncertainty due to factors like mutations or incomplete data, the 

neutrosophic paragraph vector offers a more comprehensive approach. 

Overall: 

The neutrosophic paragraph vector provides a valuable extension to the traditional crisp 

approach by incorporating uncertainty quantification. This can be particularly beneficial for 

analyzing DNA sequences where ambiguity and variability are inherent. 

 

5. Conclusions 

This study presented a novel approach for DNA sequence analysis that leverages the strengths 

of the paragraph vector algorithm, Word2Vec, and neutrosophic equations. The proposed method 

effectively calculates neutrosophic similarity values and accuracy measures between DNA 

sequences. This comprehensive analysis considers both structural and functional characteristics of 

the sequences, providing valuable insights for researchers. Additionally, the results are presented in 

a user-friendly format, making them readily accessible for further exploration and applications in the 

field of bioinformatics. This paves the way for advancements in various bioinformatics tasks, such as 

gene identification, disease diagnosis, and drug discovery. 

 

5.1 Future Directions 

 Explore the effectiveness of the proposed method on larger and more diverse datasets. 

 Investigate the integration of additional techniques for feature extraction from DNA 

sequences. 

 Develop web-based or user-friendly software tools to facilitate the application of this method 

by biologists and bioinformaticians. 

Overall, this study demonstrates the potential of the proposed approach for comprehensive DNA 

sequence analysis, opening doors for further innovation and advancements in bioinformatics 

research. 
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