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ABSTRACT

Typical pharmacological effect screening techniques use diluted natural ingredients that do not
segregate active components. For the last two decades, contemporary medicine has identified and
isolated potent active isomeric compounds. Multitarget therapies were a novel notion in the mid-
2000s, but they will be one of the more critical advancements in developing drugs in 2021. Target-
based drug development for effective natural anticancer therapeutics based on well-defined
fragments is being researched instead of naturally occurring combinations. This paper highlights
computer-aided/fragment-based structure deconstruction and an inter method for natural
anticancer medicines. The use of computer-aided drug development has increased (CADD). This
study focused on antitumor agents and computer-aided drug development.
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INTRODUCTION

The lymphatic system or circulation can transmit these cancerous cells to those other parts of the
body. [Vesteghem C 2020] Cancer research has been transformed by the emergence of big data in
biomedical research. It is second nature for scientists to deal with complex biological concerns and
collect data from various sources. Research institutions are generally agreed to be incapable of
producing enough data to fit predictive and prognostic models adequately. As a result, data
integration is essential for precision oncology. [Wise J., de Barron A. G 2019] Large-scale COVID-
19 and specific oncology programs face various challenges today. It is hard to record, store, and
reuse data. It is also problematic, expensive, and time-consuming to merge datasets from many
sources because of the various data needed and inadequate management in multiple healthcare
systems. Before the coronavirus epidemic, [Wilkinson M. D., Dumontier M., Aalbersberg 2016].
Several cancer research groups apply FAIR data principles to increase data interoperability and
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reusability by using standards, common metadata formats, and ontologies. [Vesteghem C., Brandum
R. F 2020] Cancer research teams and clinicians rely on good data stewardship to stay motivated.
As of 2016, the FAIR information principles have begun to resonate with scientists in the field of
health care. It is essential to make data FAIR easily shared, reduce duplication, and improve
machine discovery. As a result of COVID-19, cancer researchers can use their experiences to
prevent future medical and humanitarian catastrophes.

Dozens of initiatives, like VODAN BR, are harvesting semantic (meta) data from COVID-19.[Zong
N., Wen A., Stone D. J 2020] The researchers want to use artificial intelligence, machine learning,
and other data science approaches to connect individual patient data to a wide range of other
distributed datasets.[Douzas, G., Bacao, F., 2018] Following the FAIR principles will help enhance
global genomic research and discoveries. Sarcoma (cancer of muscle, bone, fat, cartilage, blood
vessels, or other connective tissues or supportive tissues), leukemia (cancer of blood-forming
tissues such bone marrow), lymphoma, and multiple myeloma are among the most prevalent
cancers (cancer of the immune system cells).[Konstantina Kourou 2015] Multiple stage processes,
including hereditary traits and environmental factors, can lead healthy cells to become cancerous.
Breast, lung, colon, rectal, prostate, skin, and stomach cancers are the most common kinds of cancer
detected by 2020 (figure 1). [WHO 2020] Every year, one in six people dies from cancer. Excess
BMI, alcohol consumption, a lack of fresh food in the diet, and lack of physical activity contribute
to about one-third of all cancer-related fatalities.[Douzas, G., Bacao, F., & Last, F. 2018] Around
30% of cancer cases in low- and lower-middle-income countries are caused by cancer-causing
viruses like hepatitis and HPV (HPV). Early presentation patients with limited access to diagnostics
and therapy are widespread in underdeveloped and emerging nations.  90% of high-income
countries have comprehensive treatment, while just 15% of low-income countries do. Cancer has a
substantial financial impact, and it is only increasing. Cancer caused $1.16 trillion in annual
economic damages in 2010. Patients’ AUC ranged from 70 to 85% for those in immediate danger
(severe-early, three days) to 50-60% for those in less immediate danger (severe-late, > 3 days) or no
danger (not-severe). A clinician's experience and judgment are augmented rather than replaced by
our technology, which may be helpful in sorting out the complicated web of interrelationships
between risk variables. So we employed data-driven variable selection and professional clinical
judgment to reduce overfitting and bias. Our research also sought to tackle two practical challenges
in treating COVID-19 patients. [Gupta S, Gupta MK 2021] Our model only incorporated data
available at or before the time of COVID-19 diagnosis (time zero) to represent clinicians'
knowledge at the time of diagnosis appropriately. As a result, the clinical variables considered by
the model may be inconsistent.[Gupta S, Gupta MK 2020] However, only 16.1% of our patients
(56/348) had to undergo D-dimer testing when diagnosed with COVID-19. We did not account for
people arriving at different stages of illness progression. This inconsistency would have to be within
a practical model. [Patel, S. S., Acharya, A., Ray, R. S 2020

A variety of advantages and disadvantages exist with machine learning. Using automated models
allows evaluating many more clinical characteristics as risk factors for sickness severity than
conventional modeling methods [Wang C., Yu Y., et al. 2020]. Which generally only look at a few
variables. Cross-validation decreases model overfitting and shows prognostic potential.
Unfortunately, the approach identifies traits linked to patient outcomes but not necessarily disease
causation.[Mulder, W. J., Ochando, J., Joosten, 2020] Although corticosteroids have been proven to
reduce blood glucose levels in COVID-19 patients, our model does not attempt to identify the
direction of this interaction. We explored combining expert clinical judgment with data-driven
methodologies to solve this problem. [Norgeot, B., Quer, G., Beaulieu-Jones 2020] However, it is
still challenging to discriminate between the relative worth of clinical experience and quantitative
data. Cancer will kill about ten million people by 2020, making it the leading cause of death in
future new cancer cases in 2020.
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Breast Cancer (2.26 million cases);

Lung Cancer (2.21 million cases);

colon and rectum cancer (1.93 million cases);
prostate cancer (1.41 million cases);

skin cancer (non-melanoma) (1.20 million cases); and

o g ~ w e

stomach cancer (1.09 million cases).

The most common causes of cancer death in the year 2020 were:

e lung (1.80 million);

e colon and rectum (935,000);

o liver (830,000);

e stomach (769,000); and

e Dreast (685,000).
Fig 1: Globally reported on New cases and death cases of cancer 2020
PREDICTION FOR ANTICANCER TARGETED DRUG

Targeted therapy uses medications that target malignant cells while sparing healthy cells. Cancer
cells frequently have gene abnormalities that set them apart from healthy cells. [Napoli, M., &
Flores, E. R. 2020]. The genes in a cell's DNA direct it to perform various tasks. Gene mutations
cause cells to act differently than normal cells. If a cancer cell's genes are altered, it can grow and
divide quickly. [Norgeot, B., Quer, G., Beaulieu-Jones, B. K 2020] Nonetheless, cancers come in
many forms, and not all cancer cells are the same. Changes in gene expression promote the growth
and spread of cancer cells, such as colon and breast cancer cells. Even if two people have the same
broad category of cancer, their specific type of colon cancer may vary (e.g., colorectal cancer).|
Bomane, A., Gongalves, A., & Ballester, P. J. 2019]. The environments where tumors grow thrive
and spread are not always the same. Some cancers contain proteins or enzymes that instruct cells to
grow and increase. Targeted medications can either block or turn off the signals that drive cancer
cells to grow or tell them to self-destruct. [Ebrahimkhani, S., Vafaee, F 2018] Researchers will
create more targeted cancer treatments as they learn more about cancer cell abnormalities.
Currently, only a few malignancies are frequently treated with this drug. Targeted therapy patients
usually require surgery or chemotherapy. [Tschandl, P., Rinner, C., Apalla 2020] The increased
availability of FDA-approved pharmaceuticals and quantitative biological data from the human
genome project has led to proposals for drug repurposing and network pharmacology. Cytotoxic
medicines target mitotic or DNA replication-related mechanisms to Kkill rapidly dividing
cells.[Setlow R. B. 2001]Targeted treatments stop cancer development and spread by interacting
with molecular targets involved in cancer growth, progression, and spread. [NIH 2021] In addition
to identifying new therapeutic targets, these successful medications and their data may help
researchers repurpose current drugs and learn more about computational pharmacology. Drug-
disease/target networks study will help us understand the molecular mechanisms behind therapeutic
benefits and update FDA-approved anticancer medications. The human genome has 30,000 genes,
of which 6,000-8,000 are known to be pharmacological targets.]WHO 2021b] But just a few
hundred of these proteins have been proven helpful in drug development. Unlike many other human
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diseases, cancer has many potential molecular targets for therapeutic effect. Traditional drug
research focuses on drug-protein interactions rather than the "one molecule, one target, one disease"
approach. Knowing that many target proteins are linked to numerous diseases has gone overlooked.
[Wogan, G. N., Hecht, S. S., Felton 2004] Furthermore, certain drugs' "poly-pharmacological”
properties can cause undesired side effects. Cancer drugs have the most side effects. The fact that
the same chemical can affect many routes is an example of a positive consequence. [Forli, S.; Huey,
R.; Pigque, M.E 2016] Several computer programs have also been used to investigate protein-drug
interactions. As a result, network-based and machine-learning-based models have become crucial.
These are some of the well-known computational models reviewed. [Popova, M.; Isayev, O 2018]
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Fig 2: drug discovery and development pipeline
Anti- Cancer drug discovery based on Al

Increasingly, organizations are setting "best practice” guidelines for developing and using Al
solutions that benefit patients. New checklists have been established to standardize and publicize
ML-based treatments. [Kortagere, S., & Ekins, S 2010] For Al systems to be used effectively in
clinics, both professionals and patients must trust their advice. [Bottaro, D. P., Rubin, J. S. 1991]
Human-computer interfaces that enable human-computer cooperation must be designed and tested
correctly. [Markham, A. 2019] Artificial intelligence in precision oncology is new. Proof-of-concept
experiments have expanded in recent years, hinting at the future of precision oncology. This
exploratory research raises reasonable expectations, but meaningful progress requires a deeper
understanding of the constraints already revealed. In the coming years, [Lennerz, J. K., Kwak, E. L.,
2011] Al may help develop precision oncology, benefiting patients worldwide.

Al For Next Generation of precision Oncology

Precision oncology uses medications that target a patient's tumor's genetic changes. In recent years,
molecular profiling has become more common in clinical oncology, and several molecularly
targeted drugs have been licensed to improve patient outcomes. Immune checkpoint drugs have
recently been approved for use in individuals whose tumors show symptoms of microsatellite
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instability. [Ferlay J, Ervik M, Lam F, Colombet M 2021] Personalized cancer medicine has
resulted in an unparalleled development of antitumor drug and diagnostic test options. Precision
oncology can improve patient care, reduce diagnostic testing costs, and improve clinical phenotype
prediction. They have potential. All stakeholders must acknowledge that these aims face significant
challenges. Al and ML can be applied to discover medically significant trends in large and
heterogeneous data sets. [ ML results tool 2021] As a result, machine learning (ML) may improve
patient care. Innovators in digital pathology and computer vision have shown how ML models may
improve diagnostic techniques with minimal human involvement. in clinical workflows to help
pathologists speed up clinical diagnosis by assisting generalist pathologists. Diagnostic radiography
is another area utilized to help detect cancer.[de Martel C, Georges D, Bray F 2020] Random fore
algorithms can successfully diagnose circulating microRNAs9. Other forms of machine learning
studies applied tA methylation profiles recorded in plasma cell-free nucleic acids exhibit robust
performance. [WHO 2020] The usage of Al-powered decision support systems for cancer patients
is also evolving. The most effective therapeutic approaches for treating cancer patients could predict
using machine learning (ML) models that incorporate tumor growth Kinetics, molecular profiling,
and pharmacological properties. [Wild CP, Weiderpass E 2020] This requires access to population-
scale data sets with clinical and molecular annotations. ML models may also increase prediction
accuracy by defining an optimal patient feature mix, incorporating non-genetic tumor traits.[ Al-
Salama, Z. T., & Keam 2019] ML models trained on response botanical experimental systems of
patient-derived xenografts or large-scale in vitro drug response studies tumor been used to predict
clinical features. Preclinical models are undeniably useful for drug development, but their efficacy
for precision oncology is unknown. Predicting the appropriate treatment procedures and patterns
remains a challenge despite substantial efforts. [Blair, H. A. 2018] But this new sector could
revolutionize precisionPredictingfor integrating digital technologies into clinical workflows will
help Al systems, despite significant efforts, succeed in medicine.[ S Anthony, C. Masuyer, G., D
Sturrock 2012] These "best practices" have led to the development and implementation of Al
systems that help patients the most. New checklists have been established to standardize and
publicize ML-based treatments. [Butrynski, J. E., D'Adamo, D. 2010] To be effective in clinics, Al
systems must be trusted by both professionals and patients. Users must standardize on Alpublicize
working principles and interpretability, and collaborative interfaces must be appropriately built and
tested. [Chao, W. R., Yean, D 2007] Atrtificial intelligence in precision oncology is new. Proof-of-
concept experiments have expanded in recent years, hinting at the future of precision
oncology.[Markham, A. 2017] Before Al has a meaningful impact on medicine, many difficulties
must be addressed. This exploratory research raises reasonable expectations, but effective practices
require a deeper understanding of the constraints already revealed. Al may help develop precision
oncology in the coming years, benefiting patients worldwide. [WHO 2019]
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Fig: 3 Al predictions for natural product
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Computational methodology and tools for a new target of natural products

Computational methods to discover new DTIs for natural compounds have recently gained
importance due to the vast growth of chemical bioactivity databases. [Mathi, P., Prasad, M. V. V. V
2018] Recent reviews discuss silico target prediction. Figure 3 shows Target-based, ligand-based,
chemogenomics-based, network-based, and finally, omics-based systems biology techniques
revealed new natural product targets.

Target-based cancer therapy

Il faut first find good targets that influence cancer cell growth and survival to develop targeted
treatments. [Drews, J. 2000] Targeted therapies are typically referred to as the product of "rational”
pharmaceutical design. One way to find potential targets is to compare the amounts of proteins in
cancer cells to healthy cells.[ Salmaso, V., Moro, S. 2018] A protein involved in cell proliferation or
survival may benefit oncogenic cells. An example of a target expressed at varying amounts in
different tissues is the human epidermal growth factor receptor. HER-2 is highly expressed on the
surface of some cancer cells. Trastuzumab (Herceptin), one of several HER-2-targeted therapies, is
approved for treating certain types of breast and gastric cancers that overexpress HER-2.[ EskKiler,
G. G. 2019]

Other proteins produced by cancer cells are mutant (altered). Many melanomas contain BRAF
V600E, a mutant cell growth signaling protein BRAF. Those with inoperable or metastatic
melanoma whose BRAF protein has been altered can use Vemurafenib (Zelboraf), a medication
with FDA approval. [Hollon, T. C. et al. 2020] They also look for chromosomal abnormalities
present only in cancerous cells. [Campanella, G., Hanna, M. G 2019] When chromosome
abnormalities result in fusion proteins, fusion genes (genes that incorporate parts of two genes) can
develop. Fusion proteins may help targeted cancer therapy. Imatinib mesylate (Gleevec) targets a
protein formed by two genes fused in specific leukemia cells. [Rydzewski, J.; Nowak 2018]

Chemogenomics based Cancer therapy

Contrary to the typical "one drug fits all" approach, precision medicine allows healthcare to be
personalized to each patient's molecular profile. Large-scale multi-omics programs revealed a
biologically convincing list of genes and proteins. [Ballester, P.J. 2019] Drug repurposing can show
cancer-associated proteins that new medicines can target. Cancer drug research aims to maximize
the possibility that compounds discovered by biochemical or phenotypic techniques will lead to
enhanced clinical efficacy and disease management. Compared to other treatments, cancer
[Coudray, N., Ocampo 2018] hallmark-targeting therapies may be better suited for therapeutic
repurposing than cell-based models. Various signaling pathways are implicated in the genesis of
cancer. Mono- or multi-hallmark drugs [Forli, S.; Huey, R.; Pique 2016], on the other hand, can
pharmacologically target many supporting ways, preventing adaptive resistance. Non-oncology
cancer-fighting medications have been grouped into monotherapies and combinations.[Rosales,
A.R.; Wahlers 2019]
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CONCLUSION

For our initial test, we looked at 348 cancer patients. Based on a patient's anticipated discriminative
capacity, models should assist doctors in ordering diagnostic tests in real-time. A new drug takes 12
years and $2.7 billion to develop. Lack of knowledge of molecular pharmacology makes developing
cancer drugs more difficult. So finding and developing new medicines is slow and costly. This
includes protein-interaction network analysis, drug target prediction, binding site prediction, and
virtual screening. These new methods may help find anticancer drugs, such as retro-synthetic
routine designs, drug scaffold assembly, and pharmaceutical binding affinity prediction. It creates
novel medicinal molecules by combining previously discovered drug discovery building blocks.
Machine learning (ML) improves medication screening and design, increasing efficiency and
precision. The relevance of combining models or effective methodologies (such as dimensionality
reduction) is often emphasized. To find novel natural product leads, scientists from many domains
must collaborate. Chemicals with diverse structures and mechanisms of action are found in natural
products using analytical and nanotechnology-based technologies. Biodiversity necessitates
chemistries. RNAi-specific delivery techniques have been developed to target tumors—indirect
target-ligand-RNAI molecule conjugation or packaging the RNAi molecules into a targeted delivery
vehicle. It will take less time to produce effective natural anticancer treatments. Multitarget
techniques to drug development have made designing cancer medicines with fewer adverse effects.
Advanced analytical and bioinformatics approaches, including machine learning, will help discover
natural anticancer drugs.
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