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Abstract
INTRODUCTION: Finding biomarkers that are closely associated with cancer-related traits is critical to the advancement of cancer research, especially when it comes to personalised treatment. The objective of this research is to explore multiple biomarker categories, including genetics, proteins, and chemicals, in order to better understand the complex terrain of cancer.
OBJECTIVES: Few of the objectives include examining a variety of biomarker types, such as chemical, protein, and genetic markers and determining which important biomarker signatures correspond to each cancer hallmark.

Also the study aims to perform a comparative analysis to show how the SVM model's features incorporating identified biomarkers improves classification performance.
METHODS: The study includes NLP and ML techniques for the identification and classification of biomarkers for the hallmark of cancer dataset. 
RESULTS: The discovery of important biomarker signatures connected to every cancer hallmark is one of the study's primary findings. In addition, our new SVM-based classification model performed well in the multilabel text classification of PubMed abstracts, showing a significant improvement in performance when the biomarkers were used as features.

CONCLUSION: To sum up, this study makes a substantial contribution to the area of cancer research by identifying important biomarker signatures connected to many cancer hallmarks. 
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1. Introduction
Understanding and recognizing cancer's hallmarks, which are a collection of distinctive characteristics or abilities acquired by cancer cells throughout tumour formation, depends heavily on biomarkers. These characteristics include maintaining proliferative signals, growth inhibitors, and cell death, allowing unfettered cell reproduction, encouraging angiogenesis, boosting invasion and metastasis, and interfering with cellular energy regulation. Indicators or compounds that may be measured in tissues, blood, or other biological fluids are called biomarkers. They provide useful information about the presence, development, and behaviour of cancer. These biomarkers contribute to the characteristics of cancer as follows:
· Sustaining signals for cell proliferation: Biomarkers help detect mutations or changes in genes involved in cell growth and division. Examples include mutations in genes such as BRAF, EGFR, or HER2, indicating uncontrolled cell proliferation in specific cancer types[1].
· Evading mechanisms that suppress growth: Biomarkers identify abnormalities in genes that regulate cell growth inhibition. For instance, loss of tumor suppressor genes like p53 or overexpression of inhibitors like cyclin-dependent kinase inhibitors (CDKIs) contributes to uncontrolled cell growth[2].
· Resisting cell death: Biomarkers indicate the resistance of cancer cells to programmed cell death, known as apoptosis. Elevated levels of anti-apoptotic proteins like Bcl-2 or alterations in pro-apoptotic genes like BAX promote cell survival and treatment resistance [3].

· Enabling unlimited cell replication: Biomarkers identify the activation of telomerase, an enzyme that maintains telomere length during cell division. Telomerase activity is a hallmark of immortalized cancer cells and can be detected using biomarker tests[4].

· Promoting angiogenesis: Biomarkers help determine the presence of molecules that promote new blood vessel formation, such as vascular endothelial growth factor (VEGF). Increased levels of VEGF in tumors indicate their ability to induce angiogenesis, crucial for tumor growth and metastasis [5].

· Facilitating invasion and metastasis: Biomarkers indicate molecular changes that enhance cancer cell migration and invasion. For example, increased expression of matrix metalloproteinase (MMPs) or loss of adhesion molecules like E-cadherin promote cancer cell invasion and metastasis[6].

· Disrupting cellular energy regulation: Biomarkers identify metabolic alterations in cancer cells. For instance, increased levels of enzymes like lactate dehydrogenase (LDH) or altered levels of metabolites like glucose or lactate indicate changes in cellular energy regulation associated with cancer [7]
· By identifying the presence of these biomarkers, healthcare professionals can diagnose cancer, determine its stage, predict prognosis, and monitor treatment response. Biomarkers also play a crucial role in classifying hallmarks within the biomedical literature and advancing our understanding of cancer biology.

The paper is divided as follows section 2 discusses about the two datasets namely hallmark of cancer and the Biomarker dataset. Section 3 highlights the role of biomarkers for the hallmark of cancer dataset and in the medical research. Section 4 discusses various biomarkers identified for each classes of hallmark of cancer. Section 5 includes the proposed model where all 9 categories of biomarkers were added as features to the Support vector machine model along with the performance analysis and the finally section 6 draws the conclusion of the work discussed.

2. The Hallmark of Cancer dataset and MarkerDB dataset
The landmark publication "The Hallmarks of Cancer" by Douglas Hanahan and Robert A. Weinberg [8] served as the foundation for the development of the Hallmarks of Cancer dataset. This dataset includes the fundamental biological mechanisms and skills that cancer cells develop to support unchecked growth and invasion. It was initially released in 2000 and updated in 2011. These traits include proliferative signalling, eluding growth inhibitors, avoiding cell death (apoptosis), replicative immortality, inducing angiogenesis (the formation of new blood vessels to support tumor growth), and activating invasion and metastasis (the spreading of a tumor to other parts of the body).Gaining insights into the underlying mechanisms of cancer and discovering prospective targets for therapeutic intervention require an understanding of this dataset.

The study of biomarkers is done using the MarkerDB dataset [9], which is a readily available electronic database that aims to compile thorough data on selected pre- clinical and clinical biomarkers into a single resource. This database includes four biomarker categories—diagnostic, predictive, prognostic, and exposure—as well as five main types of biomarkers, including condition-specific, protein, chemical, karyotype, and genetic ones. This dataset includes comprehensive illness descriptions, biomarker names and synonyms, associated diseases or pathologies, and full biomarker descriptions in MarkerDB. Additionally, the database provides details on the ROC curves, specificity, and sensitivity of chemical and protein indicators. For SNP or genetic markers, variations are available, and sequence data is offered for genetic and protein markers. It also has the molecular structures for genetic and chemical markers, information about tissue or bio fluid sources for genetic and chemical markers, and information on chromosomal position and structure information for genetic and karyotype markers.

Summary Statistics of the biomarkers in MarkerDB:

· Protein markers with associated conditions and concentration (89) 
· Chemical markers with associated conditions and concentration (1089) 
· Genetic markers with associated conditions (25591)

· Karyotype markers with associated conditions
(40) Diagnostic 
· Chemical markers (1025)

· Diagnostic Protein markers (154) 
· Diagnostic Karyotype markers (40) 
· Predictive Genetic markers (205) 
· Exposure Chemical markers (72) 
Total 28,305 biomarkers
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Figure 1: Sample from MarkerDB dataset
Figure 1 shows the sample xml file of the MarkerDB dataset of a diagnostic protein biomarker named “Glycated Hemoglobin” gene name “HBA1”.
2.1. Types of Biomarkers in MarkerDB

(i) Protein markers, together with the associated concentrations, are specific proteins that may be detected in the body and connected to particular medical disorders. Analyzing the levels of these proteins in blood or other body fluids might reveal the existence and extent of a particular sickness. For instance, C-reactive protein (CRP), which is associated with inflammation, and troponin, which is associated with damage to the heart muscle (Scientific Reports, n.d.).

(ii) Chemical markers are the chemicals biomarkers that can be found in the body and signify the existence of a disease or other condition. It is possible to gauge their level or focus in order to identify or keep an eye on particular circumstances. Monitoring blood glucose levels, for instance, aids in managing diabetes, while keeping an eye on cholesterol levels can help evaluate the risk of cardiovascular diseases.

(iii) Genetic markers [10] are specific DNA variants or mutations that are linked to specific diseases or conditions. These indicators can aid in locating those who are more likely to contract specific diseases. The BRCA1 and BRCA2 gene mutations linked to breast and ovarian cancers are two examples [11].

(iv) Karyotype markers [12] are chromosome abnormalities or changes in a person's cells' makeup or quantity. Karyotyping comprises checking the chromosomes to look for these markers. A certain genetic disease or condition is associated with a particular karyotype marker. For instance, having an extra copy of chromosome 21 is associated with Down syndrome.

(v) Diagnostic chemical markers are specific chemical substances that are measured in the body to diagnose a particular disease or condition. These markers can include hormones, enzymes, or other compounds that are characteristic of a specific condition. Examples include measuring haemoglobin HBA1c levels to diagnose and monitor diabetes or detecting HIV antigen/antibody to diagnose HIV infection [13].

(vi) Diagnostic Protein markers: Just like diagnostic chemical markers, diagnostic protein markers are specific proteins quantified in the body to assist in diagnosing particular diseases or conditions. These proteins can be disease-specific or indicative of certain physiological processes. For instance, prostate-specific antigen (PSA) serves as a diagnostic marker for prostate cancer [14].

(vii) Diagnostic Karyotype markers: Diagnostic karyotype markers refer to specific chromosomal abnormalities or variations detected through karyotype analysis. These markers aid in diagnosing genetic disorders or conditions. Examples include the Philadelphia chromosome (t (9; 22)) associated with chronic myeloid leukemia (CML) and the 22q11.2 deletion linked to DiGeorge syndrome [15].
(viii) Predictive Genetic markers: Predictive genetic markers are particular genetic variations or mutations that can predict an individual's risk of developing a specific disease or condition. These markers enable assessing an individual's susceptibility to a particular condition even before symptoms appear. Notable Examples include certain variants of the APOE gene associated with an increased risk of Alzheimer's disease [16].

(ix) Exposure Chemical markers: Exposure chemical markers are substances or compounds present in the body that indicate exposure to specific chemicals or toxins. These markers can be measured in bodily fluids or tissues and help determine if an individual has been exposed to harmful substances. For example, urinary cotinine levels can indicate exposure to tobacco smoke or nicotine, while blood lead levels can indicate exposure to lead [17].
3. Role of Biomarkers identification in Hallmark of Cancer
The identification of biomarkers in the Hallmarks of Cancer holds immense significance in both cancer research and clinical applications. Finding clinically relevant biomarkers is a critical link between research results and real-world improvements in cancer treatment. Regarding early diagnosis, consider routine screenings made possible by these biomarkers, in which minute molecular alterations occur prior to clinical presentations, permitting prompt interventions and greatly enhancing treatment outcomes. Additionally, by providing clinicians with a more detailed picture of disease trajectories, the predictive significance of these markers helps them customize treatment approaches for specific patients. 

Imagine a situation where the targeted therapies chosen are determined by the molecular profile of the tumor, increasing therapeutic effectiveness and reducing adverse effects. Beyond this, dynamic monitoring of illness development is another real-world use that enables flexible treatment plans. In the end, these biomarkers' incorporation into clinical practice not only revolutionizes cancer care but also offers the potential to improve patient care by providing individualized, efficient treatments that improve quality of life. These real-world uses highlight how our study may influence many facets of cancer treatment, striking a chord with medical professionals, researchers, and the general public. 
Below are key reasons illustrating the importance of this process of identification: - [18]
· Early Detection and Diagnosis: Biomarkers facilitate the early detection and diagnosis of cancer, enabling timely interventions and potentially improving patient outcomes and survival rates.

· Prognostic and Predictive Assessments: Biomarkers help predict the prognosis of cancer patients and assess their response to specific treatments, paving the way for personalized and optimized therapeutic strategies.

· Treatment Monitoring: Biomarkers serve as indicators of treatment effectiveness, allowing clinicians to monitor responses and make necessary adjustments to treatment plans.

· Drug Development and Clinical Trials: Biomarkers are vital in the development of targeted therapies, identifying suitable patients for clinical trials and enhancing drug development success rates.

· Precision Medicine: Biomarkers enable precision medicine approaches, tailoring treatments to suit each patient's unique cancer characteristics, leading to more effective and less toxic therapies.

· Reduced Healthcare Costs: Accurate diagnosis and targeted treatments based on biomarkers can reduce ineffective treatments, unnecessary procedures, and hospitalizations, leading to cost savings in healthcare.

· Enhanced Patient Quality of Life: Biomarker-driven targeted therapies can yield better treatment outcomes with fewer side effects, improving the overall quality of life for cancer patients.

· Screening and Prevention: Biomarkers aid in cancer screening and risk assessment, identifying individuals at higher risk and enabling preventive measures.
· Advancing Cancer Biology: Studying biomarkers in the context of the Hallmarks of Cancer deepens our understanding of cancer's molecular mechanisms, fostering research progress and innovative therapeutic approaches [19].

· Non-invasive Monitoring: Certain biomarkers can be detected in bodily fluids, offering non-invasive monitoring through liquid biopsies for tracking cancer progression and treatment response.

In conclusion, identifying biomarkers in the Hallmarks of Cancer plays a critical role in cancer research and patient care. It contributes to early detection, personalized treatment, improved patient outcomes, and the advancement of precision medicine. Through the study of biomarkers, researchers can develop better therapies and contribute significantly to the ongoing battle against cancer.

Figure 2: Identification of few common Biomarkers in 6 Hallmark classes

4. Class wise Identification of Biomarkers in Hallmark of Cancer dataset
This section of the paper includes the identification of various biomarkers. As the HOC dataset includes the 1800+ abstracts of PubMed articles, each abstract has a multiple labels. We have taken 10 hallmark classes separately and treated their abstracts separately to identify the existence of the nine types of biomarkers as provided in the MarkerDB dataset. For each of the classes we were able to extract the biomarkers of different types like:- for various predictive genetic biomarkers like :- Iron, Histamine, Glycine, Glutathione, Ethanol, Epinephrine, Carnosine, Calcium, Cadmium, Biotin, Betaine, Arsenic etc. were present in various classes of hallmark.
On similar note in order to analyze the role of each type of biomarkers for different classes of hallmarks the below table discusses the summary of the class wise distribution for HOC. After identification the analysis part of this section also highlights the crucial biomarkers for each class and its significance for that class.
Table 1 Class-wise Identification of Biomarkers in HOC

	Class
	Sustaining proliferati ve signaling
	Evading growth suppressors
	Resisting cell death
	Enabling replicative immortality
	Inducing angiogenesis
	Activating invasion and metastasis
	Genomic instability and mutation
	Tumor promot ing inflam mation
	Deregulat ing Cellular energetics
	Avoiding immune destructio n

	Predictive_
Genetic_Bio markers
	39
	24
	46
	9
	7
	22
	29
	19
	7
	8

	Chemical_B iomarkers
	14
	7
	13
	5
	4
	5
	9
	8
	3
	5

	Protein_Bio markers
	14
	3
	14
	7
	5
	10
	13
	7
	4
	3

	Diagnostic_
Karyotypes_ Biomarkers
	1
	0
	0
	0
	0
	3
	0
	0
	0
	0

	Diagonistic_
Protein_Bio markers
	15
	8
	11
	3
	1
	2
	17
	7
	5
	2

	Genetic_Bio markers
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0

	Karyotype_ Biomarkers
	1
	0
	0
	0
	0
	3
	0
	0
	0
	0

	Diagnostic_
Chemicals_ Biomarkers
	11
	4
	10
	4
	4
	4
	7
	8
	2
	5

	Exposure_C hemicals_Bi
omarkers
	4
	4
	5
	2
	0
	1
	4
	1
	1
	0


Based on the table 1, the following is the interpretation of the crucial biomarker types for all ten classes of hallmarks are given below:
(x) Sustaining proliferative signaling (Class-1):

Crucial Biomarker Type: Predictive Genetic Biomarkers, Diagnostic protein biomarkers.

Interpretation: Genetic biomarkers are prominent in sustaining proliferative signaling, indicating the importance of genetic variations in driving cell proliferation in cancer.

(xi) Evading growth suppressors (Class-2):

Crucial Biomarker Type: Predictive Genetic Biomarkers.

Interpretation: Genetic biomarkers are crucial in evading growth suppressors, suggesting their role in circumventing mechanisms that control cell growth.

(xii) Resisting cell death (Class-3):

Crucial Biomarker Type: Predictive Genetic Biomarkers.

Interpretation: Genetic biomarkers play a crucial role in resisting cell death, indicating their involvement in apoptotic and survival pathways.

(xiii) Replicative immortality made possible(Class-4):

Protein and Predictive genetic biomarkers are a vital biomarker type (Class-4).

Interpretation: Genetic biomarkers may have an impact on cellular longevity and immortality and are crucial in permitting replicative immortality[20].

(xiv) Predictive genetic biomarkers are crucial for promoting angiogenesis. (Class-5)

Conclusion: Genetic biomarkers play a significant role in encouraging angiogenesis, which is the creation of new blood vessels to nourish tumors [21].
(xv) Invasion and metastasis activation (Class-6):

Predictive genetic biomarkers are a vital biomarker type.

Interpretation: Genetic biomarkers may have a role in boosting cancer cell migration and dissemination as they are essential in triggering invasion and metastasis.

(xvi) Predictive genetic biomarkers are a crucial type of genomic marker for genomic instability and mutation (Class-7).

Interpretation: Genomic instability and mutation are characterized by predictive genetic biomarkers that are strongly associated with genetic changes in cancer.
(xvii) Tumor-promoting inflammation (Class-8): Important biomarker types include chemical and diagnostic protein biomarkers.
Interpretation: Specific proteins and chemical compounds may be present in the inflammatory milieu, according to protein and chemical biomarkers that are important in tumor-promoting inflammation.
(xviii) Cellular energetics deregulation(Class-9)

Diagnostic protein biomarkers and chemical biomarkers are important biomarker types.

Conclusion: Protein and chemical biomarkers play crucial roles in the deregulation of cellular energetics, revealing how altered energy metabolism in cancer cells affects these indicators' activities.
(xix) Protecting the immune system(Class-10):

Diagnostic protein biomarkers and chemical biomarkers are important biomarker types. Conclusion: Protein and chemical biomarkers play an important role in preventing immune system damage, indicating that cancer may use these indicators to evade the immune system.

Overall, the significance of predictive genetic biomarkers, protein biomarkers and diagnostic protein biomarkers in various hallmark processes is highlighted by the interpretation of the key biomarkers for each of the 10 classes of hallmarks. Additionally, it emphasizes how crucial it is to take particular biomarker types—such as proteins and chemicals—into account when comprehending the tumor microenvironment, immune-related elements, and cellular energetics dysregulation in cancer. The same is depicted in figure 3 below, where a graph displays the distribution of different biomarkers for each class of hallmarks.
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Figure 3a: Frequency distribution of Biomarkers in Hallmark of Cancer Class “Sustaining Proliferative signalling”

[image: image3.png]g
<
&
3
=3
&
S
=
3
3
S

Class-2 Evading growth suppressors

Type of Biomarkers





Figure 3b: Frequency distribution of Biomarkers in Hallmark of Cancer Class “Evading Growth Suppressors”
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Figure 3c: Frequency distribution of Biomarkers in Hallmark of Cancer Class “Resisting Cell Death”
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Figure 3d: Frequency distribution of Biomarkers in Hallmark of Cancer Class “Inducing Angiogenesis”
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Figure 3e: Frequency distribution of Biomarkers in Hallmark of Cancer Class “Enabling Replicative Immortality”
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Figure 3f: Frequency distribution of Biomarkers in Hallmark of Cancer Class “Activating Invasion and Metastasis”

[image: image8.png]Count of Biomarkers

Class - 7 Genom

nstability and mutation

Type of Biomarkers




Figure 3g:  Frequency distribution of Biomarkers in Hallmark of Cancer Class “Genomic Instability and Mutation”
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Figure 3h:  Frequency distribution of Biomarkers in Hallmark of Cancer Class “Tumor promoting Inflammation”
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Figure 3i:  Frequency distribution of Biomarkers in Hallmark of Cancer Class “Deregulating Cellular Energetics”
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Figure 3j: Frequency distribution of Biomarkers in Hallmark of Cancer Class “Avoiding Immune Destruction”

5. Proposed Model

The research done so far in this aims to identify the biomarkers to specific cancer types using either multi-cancer gene expression or using the expert knowledge for manually identifying the biomarkers for different cancers. Our aim was to automatically retrieve the importance NER entities from biomedical abstracts and also finding out the crucial biomarkers and retrieving all the nine categories of biomarkers obtaining from the hallmark of cancer dataset.   

For the experimental purpose we have used the HOC dataset. Three phases for the proposed model are:- 

· Pre-processing phase :-

· Biomedical Feature Extraction along with Biomarkers

· Classification Model

In the pre-processing stage it includes cleaning the PubMed articles and removing the stop words, punctuations, lemmatization etc. In the next stage of feature extraction biomedical features were extracted where biomarkers were added as the features to the proposed model.

A crucial first step in the applications of speech recognition, machine learning, data mining, and many other fields is feature extraction. It is the process of taking the pertinent data that has been gathered from various sources and extracting it from its raw form. Relevant data in the form of features is retrieved for the model, particularly from the biological area. 

Since the biomedical dataset is being used for this experiment, we concentrated on obtaining domain-specific information from the pre-processed data. 
The following are a few of the features that were extracted: 

· The chemical entities' names 

· The protein's name 

· Information on cell lines: Terms including the cell types

· Information pertaining to DNA Information or RNA MeSH terms

Even though there are many tools available for entity recognition, as an example, biological entities can be recognized with the aid of the ABNER tool (Java, "ABNER: A Biomedical Named Entity Recognizer," n.d.). The entities used in our experiment were taken from scispaCy ("ScispaCy," n.d.). 

The spaCy models, which are helpful for processing scientific, biomedical, or even any clinical textual data, are included in the scispaCy model. Various models are available within these models that can be tailored to the exact type of entities that need to be retrieved, such as:

• The "en_ner_jnlpba_md" model [22] returns several entities, including names of proteins, DNA, RNA, CELL_LINE, and CELL_TYPE.

• From the input textual data, the "en_ner_bc5cdr_md" model [22] derives the names of the diseases and the chemical entities.  

For the biomedical NER (Named Entity Recognition) retrieval, both of the aforementioned models are employed.

In the last phase all the features namely: - biomedical features like Cell_line, RNA, DNA, Cell_type etc. were extracted along with all the nine biomarker categories as discussed above in section 2.1 which were provided as features to the SVM model for classification.
5.1 Performance Analysis
The proposed model is compared with (Baker et al., 2016) Baker model stated in the literature “Automatic semantic classification of scientific literature according to the hallmarks of cancer”. Our model shows comparatively better performance signifying the role and importance of nine biomarker categories as discussed above in section 2.1 for the classification task. As seen in (Baker et al., n.d.) the paper focuses on extracting the features and providing it to the classification model using the TFIDF vector to the svm model. In the method although the CNN model was used but still lacked in providing better results as compared to our proposed model which clearly highlights the importance of identifying the key features and biomarkers for the hallmark of cancer data.

 Even the comparison of the F1 Score of the proposed model shows a crucial role in assessing the model's ability to accurately and thoroughly capture these various traits while taking precision and recall into account. Finding biomarkers for every cancer hallmark is difficult, and doing so requires a system that can handle complicated molecular interactions. Because it is a composite metric, the F1 score works well for assessing how well the model performs in the face of this complexity. The capacity to maintain equilibrium between false positives and false negatives is essential in situations when the underlying biology exhibits complexity.

During the model training process, cross-validation methods like k-fold cross-validation were used. This strategy guards against overfitting and improves the model's reliability by guaranteeing that the identified biomarkers continually perform well. An independent dataset called BiomarkerDB was utilized to validate the biomarkers that were found. The found biomarkers' robustness and generalizability are confirmed by this dataset, which acts as an essential external validation.
Table 2: Performance comparison of the proposed model with SVM model and CNN Model 
	Classes [23] [24]

	

	
	Accuracy

[25]
(SVM)
	Accuracy

[24] (CNN)
	Accuracy Score

(Proposed Model)
	F1Score

(Proposed Model)

	Class 1
	88.9
	91.0
	99.5
	99.20

	Class 2
	91.7
	96.4
	97.14
	99.12

	Class 3
	95.5
	97.7
	99.59
	99.24

	Class 4
	97.4
	99.5
	99.52
	98.69

	Class 5
	98.4
	99.1
	99.59
	97.71

	Class 6
	94
	98.2
	99.72
	99.63

	Class 7
	91.7
	97.0
	99.59
	99.23

	Class 8
	95.9
	98.1
	99.12
	97.05

	Class 9
	99.6
	99.6
	99.59
	96.95

	Class 10
	96.1
	99.1
	99.79
	98.78

	
	
	
	
	

	Average
	94.92
	97.6
	99.32
	98.56


6. Conclusion and Future Work
As a result of our study's successful identification of significant biomarker signatures connected to the various hallmarks of cancer, a significant advancement in the field of cancer research can been made. The discovered biomarker signatures have the potential to significantly alter cancer diagnosis, prognosis, and treatment. They present beneficial chances for early identification, precise diagnosis, and individualized therapy approaches. These biomarkers have the potential to transform the way cancer is managed, resulting in better patient outcomes and a higher standard of living. The design of precision medicine strategies that are catered to specific patients can be beneficial by our findings, which also offer critical insights for the development of targeted treatments. This move toward more individualized treatment plans has the potential to reduce side effects and increase treatment effectiveness, ultimately altering the way that cancer is treated. As we move forward, the unveiled biomarker signatures will continue to drive important research, enabling further advancements in precision oncology and the quest for effective cancer treatments. The pursuit of harnessing these biomarkers for innovative diagnostic tools and therapeutic targets remains a promising avenue for future investigations. In essence, our study contributes significantly to the ongoing fight against cancer, offering hope for a brighter future where early detection and personalized treatments become the cornerstone of cancer management. As we unlock the potential of these biomarker signatures, we take a significant stride towards reducing the global burden of cancer and improving the lives of countless patients worldwide. Along with highlighting the potential of these biomarkers signatures the same can be seen from the experiment of our proposed model where the presence of the biomarkers have added a significant feature space and reflected an improved classification result when compared with the previous state of art model.
References
[1]
M. R. M. Hussain et al., “BRAF gene: From human cancers to developmental syndromes,” Saudi J Biol Sci, vol. 22, no. 4, pp. 359–373, Jul. 2015, doi: 10.1016/j.sjbs.2014.10.002.

[2]
D. Lai, S. Visser-Grieve, and X. Yang, “Tumour suppressor genes in chemotherapeutic drug response,” Biosci Rep, vol. 32, no. Pt 4, pp. 361–374, Aug. 2012, doi: 10.1042/BSR20110125.

[3]
“The role of BCL-2 family proteins in regulating apoptosis and cancer therapy - PMC.” Accessed: Aug. 06, 2023. [Online]. Available: https://www.ncbi.nlm.nih.gov/pmc/articles/PMC9597512/

[4]
C. D. Belair, T. R. Yeager, P. M. Lopez, and C. A. Reznikoff, “Telomerase activity: A biomarker of cell proliferation, not malignant transformation,” Proc Natl Acad Sci U S A, vol. 94, no. 25, pp. 13677–13682, Dec. 1997.

[5]
N. Nishida, H. Yano, T. Nishida, T. Kamura, and M. Kojiro, “Angiogenesis in Cancer,” Vasc Health Risk Manag, vol. 2, no. 3, pp. 213–219, Sep. 2006.

[6]
T. A. Martin, L. Ye, A. J. Sanders, J. Lane, and W. G. Jiang, “Cancer Invasion and Metastasis: Molecular and Cellular Perspective,” in Madame Curie Bioscience Database [Internet], Landes Bioscience, 2013. Accessed: Aug. 06, 2023. [Online]. Available: https://www.ncbi.nlm.nih.gov/books/NBK164700/

[7]
“Lactate metabolism in human health and disease | Signal Transduction and Targeted Therapy.” Accessed: Aug. 06, 2023. [Online]. Available: https://www.nature.com/articles/s41392-022-01151-3

[8]
D. Hanahan and R. A. Weinberg, “The Hallmarks of Cancer,” Cell, vol. 100, no. 1, pp. 57–70, Jan. 2000, doi: 10.1016/S0092-8674(00)81683-9.

[9]
“MarkerDB.” Accessed: Aug. 06, 2023. [Online]. Available: https://markerdb.ca/

[10]
“Genetic Marker,” Genome.gov. Accessed: Aug. 06, 2023. [Online]. Available: https://www.genome.gov/genetics-glossary/Genetic-Marker

[11]
N. Petrucelli, M. B. Daly, and T. Pal, “BRCA1- and BRCA2-Associated Hereditary Breast and Ovarian Cancer,” in GeneReviews® [Internet], University of Washington, Seattle, 2022. Accessed: Aug. 06, 2023. [Online]. Available: https://www.ncbi.nlm.nih.gov/books/NBK1247/

[12]
“Karyotype,” Genome.gov. Accessed: Aug. 06, 2023. [Online]. Available: https://www.genome.gov/genetics-glossary/Karyotype

[13]
A. R. Coelho et al., “Diabetes mellitus in HIV-infected patients: fasting glucose, A1c, or oral glucose tolerance test – which method to choose for the diagnosis?,” BMC Infect Dis, vol. 18, p. 309, Jul. 2018, doi: 10.1186/s12879-018-3221-7.

[14]
“Prostate-Specific Antigen - an overview | ScienceDirect Topics.” Accessed: Aug. 06, 2023. [Online]. Available: https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/prostate-specific-antigen

[15]
M. M. Sampaio et al., “Chronic myeloid leukemia-from the Philadelphia chromosome to specific target drugs: A literature review,” World J Clin Oncol, vol. 12, no. 2, pp. 69–94, Feb. 2021, doi: 10.5306/wjco.v12.i2.69.

[16]
“Alzheimer’s: Is it in your genes? - Mayo Clinic.” Accessed: Aug. 06, 2023. [Online]. Available: https://www.mayoclinic.org/diseases-conditions/alzheimers-disease/in-depth/alzheimers-genes/art-20046552

[17]
“Environmental tobacco smoke exposure is associated with increased levels of metals in children’s saliva | Journal of Exposure Science & Environmental Epidemiology.” Accessed: Aug. 06, 2023. [Online]. Available: https://www.nature.com/articles/s41370-023-00554-w

[1] [18]
A. B. D′Avó Luís and M. K. Seo, “Has the development of cancer biomarkers to guide treatment improved health outcomes?,” Eur J Health Econ, vol. 22, no. 5, pp. 789–810, 2021, doi: 10.1007/s10198-021-01290-4.

[19]
V. K. Sarhadi and G. Armengol, “Molecular Biomarkers in Cancer,” Biomolecules, vol. 12, no. 8, p. 1021, Jul. 2022, doi: 10.3390/biom12081021.

[20]
“Full Article.” Accessed: Aug. 06, 2023. [Online]. Available: http://2.mol.bio.msu.ru/biokhimiya/contents/v62/full/62111380.html

[21]
N. Murukesh, C. Dive, and G. C. Jayson, “Biomarkers of angiogenesis and their role in the development of VEGF inhibitors,” Br J Cancer, vol. 102, no. 1, pp. 8–18, Jan. 2010, doi: 10.1038/sj.bjc.6605483.

[22]
“scispaCy · spaCy Universe,” scispaCy. Accessed: Dec. 09, 2023. [Online]. Available: https://spacy.io/universe/project/scispacy

[23]
T. Gutschner and S. Diederichs, “The hallmarks of cancer: a long non-coding RNA point of view,” RNA Biol, vol. 9, no. 6, pp. 703–719, Jun. 2012, doi: 10.4161/rna.20481.

[24]
S. Baker, A. Korhonen, and S. Pyysalo, “Cancer Hallmark Text Classification Using Convolutional Neural Networks,” p. 26.

[25]
S. Baker, A. Korhonen, and S. Pyysalo, “Cancer Hallmark Text Classification Using Convolutional Neural Networks,” p. 9.



�Corresponding author. Email: shikha51_scs@jnu.ac.in







1





10
9

