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Because of the wide range of tumor types, elevated toxicity, restricted effectiveness, and 

emergence of therapy tolerance, the problem of how to successfully discover new drugs 

for cancer patients remains unanswered. The majority of medications on the market 

today work by modifying several different cellular targets in order to produce their 

biological effects. A fresh framework known as polypharmacology, which is concerned 

with looking for several target medications to interfere with networks linked to disease, 

was created. The advancements in network biology have significantly improved our 

comprehension of the complex route connections in cancer. Hopkins pioneered network 

pharmacology, which improves the high rate of clinical success with fewer adverse 

effects. Network pharmacology may be deemed a suitable technique for drug discovery 

for complicated disorders like cancer when combined with comprehensive strategies 

grounded in polypharmacology and networking dynamics. Approaches like "-omics" 

are used in network pharmacology to detect differences at the fundamental molecular 

and cellular levels in cancer and other diseases in reaction to the particular medication 

and/or pathology. A deeper understanding of the causes of medication failure in terms 

of toxicity, side effects, and clinical efficacy may also be possible using networking 

pharmacology. Pharmacology networks are able to help avoid the problems associated 

with cancer treatment and expedite the development of novel chemotherapy drugs.  
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INTRODUCTION 

As a neoplasmic disease, cancer causes aberrant 

uncontrolled cellular division and the growth of 

cellular masses.According to the World Cancer 

Report, 1.16 million people were expected to new 

cases with 2.26 million deaths and 784,800 deaths 

over a five-year period prevalent incidents in 

India. The eight categories for cancer treatment, as 

specified by the National Cancer Institute, include 

immunotherapy, medications, surgery, targeted 

therapy, chemotherapy, and stem cell 

transplantation.1 Acquired drug resistance, which 

can arise from both targeted and cytotoxic 

chemotherapy treatments, is the result of certain 

medicines that have produced drug resistance 

following an initial positive response. Moreover, 

https://www.ijpsjournal.com/
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functional proteins and many gene connections 

have a role in cancer.Because of the wide range of 

tumor types, elevated toxicity, restricted 

effectiveness, and emergence of therapy tolerance, 

the problem of how to successfully discover new 

drugs for cancer patients remains unanswered.2 It 

is the inability for a "one gene, one drug, one 

disease" concept that leads for this anticancer 

treatment problem.3,4 As a result, scientific 

research is actively developing innovative, 

powerful, and nontoxic remedies.5 

Many scientific and technical advancements have 

affected pharmaceutical research during the 

previous few decades. The amount of new 

medications licensed or brought to clinical use 

during that time sharply decreased, despite 

enormous investments in medical research and 

development. It is often acknowledged that drug 

development attrition can be ascribed to elements 

like resistance to medicines, significant population 

heterogeneity, and toxicological results or 

therapeutic safeguarding for potential drugs in 

early-stage studies.6 The majority of medications 

on the market today work by modifying several 

different cellular targets in order to produce their 

biological effects. Polypharmacology is an 

emerging perspective, that emphasizes on finding 

multiple target drugs to break down networks 

linked to disease, was created as a result of the 

serendipitous consequences of pharmaceutical 

effect on many targets and conceptual examination 

of biologic connections.7,8 It has been 

demonstrated that single target medication 

interference is ineffective in treating complicated 

chronic conditions include neurological 

diseases, HIV and AIDS, cardiac ailments, and 

malignancy.9-11 On the other hand, medications 

with numerous targets may be most effective and 

least harmful.12 Therefore, signaling network 

analysis is a very appealing approach due to its 

ability to look into intricate relationships.13,14 

The advancement of computational methods has 

led to the suggestion that disease networks created 

using network biology can be effective tools for 

excluding pharmacological targets. 

Hopkins pioneered network pharmacology, which 

improves the high rate of clinical success with 

fewer adverse effects. This method has been 

responsible for about 40% of the current drug 

discoveries.3 Over the past few years, network-

based techniques like network pharmacology and 

network medicine have grown significantly.7,10,15 

A new area of study called network pharmacology 

offers a valuable resource for identifying fresh 

targets for thoughtful drug discovery.16 Systems 

polypharmacology techniques are frequently 

needed in drug discovery to address issues such 

developing resistance or ineffectiveness against 

single targeted molecules.17   The development of 

practical network interpreting and medication 

target estimation using open database sources are 

made easier by network pharmacy. By contrasting 

how a medication interacts with its target model, 

these methods aid in the investigation of the 

fundamental mechanisms by which medications 

impact the networks of biology.18 Natural plant 

products are generally acknowledged as a 

promising revolutionary antitumor drug discovery 

using a novel lead resource. The primary source of 

medications was thought to be a supplementary 

chemical compounds obtained from plants in 

ancient healthcare systems, including those in 

India across the globe because of their greater 

structural diversity, low toxicity and complexity of 

the body's metabolism instead of synthetic 

medications.19 Due to their availability in nature, 

these bioactive natural chemicals have the 

potential to block prospective targets, lower the 

cost of developing novel drugs, and offer the 

possibility of combination therapy.20 

Network Biology to Network Pharmacology  

The development of extremely powerful big data 

analysis technology has created new opportunities 

for the discovery of more fascinating and potent 

medicinal and diagnostic treatments.21,22 Knowing 

the extent to which the proteins obstruct the 

intricate regulatory apparatus's ability to function 

is essential.23 As a result, network biology formed, 

that maintains broad rules governing biological 

networks offer a novel theoretical framework that 
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eventually modifies our comprehension of the 

biology of illnesses. In the 21st century, a number 

of methods for building regulatory networks were 

put forth that investigated the association between 

illness phenotypes and genotypes using computer 

tools, mainly data mining.24 Network biology 

discoveries has demonstrated that focusing just 

one protein is ineffective for mitigating complex 

diseases.14,25 It led to the understanding of 

polypharmacology by drug developers, who had 

previously believed that it was an inadequate 

strategy which required to be eliminated in order 

to create a workable many target medication.26,27 

Extremely specialized single-target medications 

have dramatically changed to multi-targeted drugs 

using the advent of networking pharmacology as 

an entirely autonomous technique. The following 

century saw the convergence of 

polypharmacology and system biology in a 

number of health-related fields.28-30  

Transitioning from Polypharmacology to 

Network Pharmacology 

A synergistic approach that can inhibit the action 

of harmful proteins is highly preferred as it can 

target entire connections of biomolecules 

underlying the illness condition, as different 

components that are functional in plants for 

medicinal purposes lack robust relationships with 

the compliance network's effector proteins.31,32 

Combining network biology and 

polypharmacology can help comprehend the 

pharmacological activity of herbal remedies and 

expand our understanding of druggable 

targets.7,33,34 The outcomes of synergy and 

polypharmacology are preparing their way to 

uncover novel medications in the upcoming big 

data time period. The field of drug discovery is 

expanded by polypharmacology.35-37 Strong 

binding affinities serve as the defining 

characteristic of the ordered connections made 

between molecules. The development of 

licensable medications without adverse effects has 

been made possible by the integration of 

polypharmacology with advances in structural 

biology and chemoinformatics.38,39 

In silico analysis and virtual pharmacology may be 

helpful new techniques for studying herbal 

medicine. Primarily, one should take into account 

the underlying pharmacology. Certainly, before 

these substances are used in in vitro trials, 

advances will result from more comprehensive 

research on the availability of natural substances. 

Additionally, studying the pharmacodynamics of 

natural substances is essential to comprehending 

network pharmacology of medicinal plants and 

pharmacological combinations.18,40,41 

Is network pharmacology a good fit for drug 

development in cancer? 

Changes in multiple network of cells lead to the 

complex disease known as malignancy, and it is 

thought that sophisticated treatment strategies are 

needed.42,43 One of the major problems for the 

future is to identify medications that interact with 

many pathways or identify potential therapeutic 

combinations with the goal of reducing neoplastic 

disorders by understanding human cell signaling 

networks and the way they change in different 

types of tumor.44 Remarkably minimal functional 

consequences result from changing or eliminating 

a single protein, even in cancer. In order to achieve 

maximum efficacy, biological network 

interventions should be both numerous and highly 

selective in order to prevent harmful side effects 

on healthy organs.45 The advancements in network 

biology have caused a significant increase in our 

understanding of multifaceted route connections in 

cancer. This could facilitate a deeper 

comprehension of signature datasets that together 

unravel intricate drug action processes.46  

Network pharmacology may be deemed a suitable 

technique for drug discovery for complicated 

disorders like cancer when combined with 

comprehensive methods grounded in 

polypharmacology and network biology. As a 

result, pharmacology of networks is becoming 

more established in the field of cancer care.  

Molecular categorization of cancer subtypes  

The knowledge, diagnosis, and treatment of cancer 

depend heavily on the concept of cancer 

subtyping. The molecular classification of cancer 
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subgroups that are not histologically identifiable is 

aided by network pharmacology. Recently, the 

Cancer Genome Atlas Research Network (TCGA) 

finished a thorough molecular study of many 

malignancies; bladder urothelial 

adenocarcinoma47, gastric adenocarcinoma48, 

renal cell carcinoma (KIRC)49, endometrial cancer 

(UCEC)50, acute myelogenous leukemia (AML)51, 

breast cancer (BRCA)52, lung squamous cell 

carcinoma (LUSC)53, colon (COAD) and rectal 

(READ) adenocarcinomas54, serous ovarian 

carcinoma (OV)55 and glioblastoma multiforme 

(GBM)56. This analysis has demonstrated that 

founded on genetic modifications that align along 

common routes, three to four subgroups can be 

distinguished within every form of single-tissue 

carcinoma.57 A dense multinomial logit 

framework for extremely dimensional 

multinomial categorization with network 

constraints was created by Tian et al. and can be 

used to predict cancer subtypes.58 Graph-based 

logistic regression Zhang et al. created Laplacian 

regularization, an efficient approach identifying 

important pathways and modules connected to 

disease subtypes.59 

Frameworks of Network Pharmacology  

Network pharmacology emerged as a powerful 

tool for systematically shedding light on complex 

biological relationships. Approaches like "-omics" 

are used in network pharmacology to detect 

differences at the fundamental molecular and 

cellular levels in cancer and other diseases in 

reaction to the particular medication and/or 

pathology. The developed set of variables helps to 

generate networks from the level of genomics to 

the level of metabolomic with the goal to classify 

biological events in disease conditions. The 

abundance of multi-omics datasets for tumor 

creates novel pathways for merging data, 

promising a deeper comprehension of cancer and 

physiologically and therapeutically significant 

tumor classification.60 The "-omics" technologies 

have a few benefits and drawbacks: Using "-

omics" technologies, it is possible to effectively 

treat complex diseases like cancer that have 

complex genetic causes. In a single experiment, 

numerous genetic material, protein molecules, and 

other substances can be studied simultaneously. 

This enables the measurement of not only 

complete biological networks and well-known 

signaling pathways, but also novel processes and 

routes that are yet to be documented in a specific 

testing context. Without a doubt, it is the main 

advantage of modern technologies. One more 

important benefit is that it is possible to quantify 

the changes in cells brought about by intricate 

herbal blends. The reductionistic techniques of 

western science and medicine frequently fall short 

of providing a satisfactory investigation of the 

holistic approach of herbal treatment. Innovative 

network pharmacy techniques might provide fresh 

ways to holistic medicine.61 However, there are 

some drawbacks that need to be taken into 

account. Identifying causal mechanisms from 

background noise can be challenging when dealing 

with large volumes of generated data. Further 

validation tests are essential to validate the 

outcomes derived by "-omics" technology. 

Historically, network pharmacology has not 

conducted many time and concentration kinetics 

experiments because to the significant expenses 

involved. This carries the risk of missing the best 

drug concentrations and time periods to assess a 

pharmacological impact. Price reductions and 

other technological advancements could 

potentially mitigate this drawback. Another 

drawback is that less is known about many genes, 

making it challenging to understand how they 

manifest themselves in a functional setting.61 

Genomics 

Network pharmacology makes extensive use of 

genomics for tumor classification. For this goal, a 

novel and intriguing data source is somatic 

alteration screening. Hofree et al. grouped the 

somatic alteration patterns of the three main kinds 

of cancer (lung adeno carcinoma, ovarian and 

uterine carcinoma) listed in TCGA into substantial 

cancer subgroups that are biologically 

meaningful.62 Using the TCGA data on ovarian 

cancer, the AMARETTO algorithm was used. This 
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not only found known driver gene mutations but 

also discovered novel cancer driver genes of 

relevance.60 Single nucleotide polymorphisms 

(SNP) bioinformatic analysis could help with the 

management of adverse medication responses in a 

specific individual populations along with speed 

up the process of developing new treatment 

plans.63,64 It is commonly known that SNPs are 

important for drug transporters and enzymes that 

metabolize drugs. One openly available resource 

on the internet is the Pharmacogenetics and 

Pharmacogenomics Knowledge Base 

(PharmGKB) that provides details on how genetic 

variability and medication response interact.65 A 

gene identification technique called GATHER was 

created to examine genome patterns. Its 

fundamental component is a statistical basis that 

measures the importance of functional 

relationships.66 

Epigenomics 

To investigate gene-environment interactions and 

treatment success, using a systems biology 

perspective employing novel demonstrating 

approaches seems vital given the multitude of the 

mechanisms of biology and the effects of 

epigenetic modifications upon the expression of 

tumor phenotypes. A wealth of data containing 

genes that are prognostically relevant have been 

produced by the examination of epigenetic 

modifications.48,67 Seven genes were shown to be 

conserved throughout all stages of lung 

adenocarcinoma by epigenetic subnetwork 

analysis, which was carried out using a systems 

biology technique to characterize epigenetic genes 

stage-by-stage.68 According to reports, the 

methylation status of the genes HOXD3, 

ARHGDIB, and AGAP2 affects cytoskeletal 

architecture and cell signaling in squamous cell 

lung cancer. Additionally, the patients' prognosis 

was predicted by the methylation state of these 

genes.69 Gnad et al. identified abnormal epigenetic 

regulation genomes in tumor using heterogeneous 

gene translation and connection networking 

studies. They discovered that EZH2 was the most 

noticeably overexpressed epigenetic regulator in 

tumor and was categorized as an oncogene.70 

Toxicology also involves epigenomics. For 

example, certain epigenetic modifications brought 

about by the mycotoxin ochratoxin are linked to 

the toxin's carcinogenic potential.71 By identifying 

epigenetically dysregulated functional hotspots, a 

systems-based methodology has identified one 

important cancer inhibitor in endometrial 

carcinoma is heart and neural crest derivatives 

expressed 2 (HAND2).72 

Transcriptomics  

The research on silencing RNA (siRNA), 

messenger RNA (mRNA) and RNA that does not 

code using RNA sequencing, hybridization of 

microarrays, and other techniques have 

significantly advanced our knowledge of how 

chemotherapy works and how cancer 

progresses.58,73 

Lapatinib-regulated putative miRNAs were found 

using prediction techniques including TargetScan, 

miRanda, and PITA. miRNA/mRNA pairings, 

which are essential for the mobility and viability 

of cells, were identified using the MiRNA and 

Genes Integrated Analysis (MAGIA) method.74 

Furthermore, systems techniques have identified 

additional targets from the TCGA database that are 

drugable.10,75 In squamous cell lung cancer, two 

new miRNA species were found by the Bayesian 

network analysis of the KEGG lung tumor 

components: let-7a and miR-31. These miRNA 

species are tightly linked to the tumor suppressor 

gene CDKN2A and the IGF1R/RAS/MAPK 

pathway.69 Age-associated epigenetic alterations 

aggregated to cause the inhibition of expression of 

cancer growth factor-B and is a contributing factor 

to ovarian carcinogenesis, based on ovarian tumor 

transcriptomic profiling that is systems-based.76 

Proteomics  

Proteomic technologies represent a novel 

approach to illness detection and therapy response 

analysis. For reliable estimation of ligand-receptor 

and drug-target reactions, proteome and 

transcriptome data are frequently examined 

simultaneously. The use of linear and non-linear 

optimization models allows the relationship 
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between biologic elements in networks to be 

closely examined for pertinent and important 

pathways.77,78 In these analyses, the regression 

model and correlation coefficient selection are 

crucial. The correlation among abundance of 

proteins and transcription is clarified by the ZIP 

line regression paradigm more thoroughly than the 

Poisson regression model. It also explains why a 

large proportion of proteins have zero abundance 

because of technological constraints.79 For 

additional analysis of proteins, biological 

mechanisms, and molecule activity, such as those 

carried out by DAVID, SWISS Uniprot 

(http://www.uniprot.org/faq/45) or PANTHER 

(Protein Analysis Through Evolutionary 

Relationships) assesses properties of the 

protein.80,81 Proteomics facilitates patient 

classification for customized care. The analysis of 

secreted proteins in clusters without supervision is 

the conceptual idea. This makes it possible to 

group patients according to a certain proteome 

profile that is associated with the stage of the 

tumor and/or the way the medications are 

working.82,83 Phospho-proteomics, which enables 

the determination of the various phosphorylation 

states of proteins, is another proteome 

application.84 Drug actions and signaling network 

dynamics are predicted by optimization techniques 

like the ordinary differential equation, but they do 

not provide treatment with several targets.85 

Iadevaia et al. discovered medication 

combinations with optimal therapeutic outcomes 

by predicting how focusing on specific proteins 

affects the network as a whole using particle 

swarm optimization (PSO).86 Proteomic 

technologies, including pharmacoproteomics, are 

at the forefront of personalized medicine because 

gene transcript sequencing is ineffective in 

revealing signal transduction pathways and 

networks of interactions between proteins. 

Pharmacoproteomic techniques can be used to 

effectively treat metastatic malignancies in their 

advanced stages by predicting effective 

combinations of several targeted inhibitors. In 

regard to altered pathways of signaling in 

metastases located at various locations throughout 

the patient, these medications may be selected.87  

Metabolomics  

The study of how the genome controls the periodic 

production of cellular metabolites is known as 

metabolomics. The genome, namely the c-MYC 

gene, regulates cancer's imbalanced metabolic 

processes, including the Warburg effect of 

glycolysis.88 Thus, new directions for network 

analysis are made possible by cancer's genome-

wide metabolomic models (GSMM).89,90 Strong 

hints regarding the interactions between metabolic 

medications are provided by this, enabling the 

recommendation of anti-cancer medication 

combinations with the fewest negative effects on 

healthy human cells.91 For the scientific 

community to effectively exploit metabolomics 

data, they should be readily accessible via public 

metabolomic databases. Hur et al. have developed 

an integrated transcriptome dataset and public 

metabolomics library to facilitate the creation of 

theories regarding potential ways in which 

chemical substances derived from organic sources 

work. AtMetExpress, SetupX, Data Resources Of 

Plant Metabolomics (DROP met), The Medicinal 

Plant Metabolomics Resource (MPMR), and Plant 

Metabolomics are further instances of metabolic 

databases.92 Although there is excitement about 

the technical potential of metabolomics, it is 

important to recognize the limitations of this 

technology.89 Systems biological analysis in 

Recon1 GSMM using the E flux method revealed 

that the relevant genes' up- and down-regulation 

was not well correlated with alterations in thirteen 

different tumor cell lines' metabolic processes.93 

For metabolomics data to be used as instruments 

supporting cancer diagnosis and treatment, they 

must be carefully interpreted.  

Network pharmacology's therapeutic 

implications 

The inability to successfully transition single-

targeted drug development from pre-clinical 

studies to clinical settings increases questions 

about the appropriateness of this strategy to single 

target drug discovery. It is difficult even to employ 
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medications that act on specific targets that are part 

of strong biological networks since these targets 

are not fully understood or validated in patients.9 

Because of this, networking pharmacology is 

becoming more and more important and receiving 

a lot of interest within the field of current 

pharmaceuticals development.94 

Pleiotropic natural product-based strategies that 

target several proteins and pathways in networks 

linked to cancer could be promising. Throughout 

the world, traditional herbal treatments are crucial 

to maintaining health. Natural remedies are 

regarded as a viable source of novel effective 

compounds for developing medicines due to their 

low toxicity, biological activity and structural 

variety, attracting interest from all over the world 

to this field. One disease, one medicine, and one 

target is becoming less common in favor of "one 

disease, one drug, multiple targets."95,96  

The study of network pharmacology examines 

where and how to target in order to reduce disease 

traits like cancer growth. This helps develop 

treatments that don't cause side effects or drug 

resistance. The advantages of networking 

pharmacology are amplifying within medicine 

development, particularly in polypharmacology 

and repurposing drugs.97 The use of 

polypharmacology techniques aids in the 

discovery of substances with numerous modes of 

action and the ability to act concurrently through 

many targets.98 Compounds with 

polypharmacological qualities could result in the 

discovery of innovative medicinal applications for 

already-approved medications. This procedure is 

commonly referred to as "drug repurposing."99,100 

By combining network biology and 

polypharmacology, it is possible to investigate 

interactions between ligands and targets, that 

increases the range of targets that can be 

influenced by drugs and facilitates drug screening 

and development.7,101  Structure-based medication 

creation will be made easier by network-based 

methods, predict adverse drug side effects, and 

anticipate how pharmaceuticals will bind to 

biomolecules and signaling pathways.102  

Compared to ideas for creating single-specific 

medications over individual targets connected to 

tumor, network pharmacology offers fresh 

directions towards the creation of drugs which 

may be far more encouraging.7,103  Drug resistance 

is often associated with such treatments, despite 

the fact that this concept gained attention due to 

the possibility of having medications with less 

negative effects on normal tissues and a higher 

specificity towards cancer. Such a drug's 

ineffectiveness could be quickly caused by 

mutations in the appropriate target protein. On the 

other hand, if mutations occur in one of the targets, 

the efficacy of medications that target many 

targets remains unaffected. The majority of natural 

compounds hit numerous targets instead of just 

one in order to exhibit their bioactivity. As 

multitarget specific chemicals increase an 

organism's chances of survival in the fight for 

existence, it is possible that selective pressure 

during the evolution of life encouraged the 

formation of these compounds. 

Network pharmacology could offer special 

chances for methodical target identification and 

ways to target them using natural molecules that 

are multi-target specific.104 In complex protein 

networks, highly linked nodes are more 

susceptible than other nodes to pharmacological 

blockage of the entire network.105 Drugs, however, 

cannot inhibit every protein node in a network. In 

a specific network system, only 15% among the 

entire protein connections are believed to be 

druggable. Several approaches can be taken into 

consideration in order to produce logical 

phytotherapies based on network information: 

1) If the bioactive chemical elements of a plant 

or herbal mixture are known, then they can be 

taken into consideration. This strategy is 

primarily experience-based and is based on 

their application in traditional treatments. 

Herbal formulations resemble multidrug 

combination therapy including synthetic 

medications and polypharmacology in several 

aspects.106  
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2) Using selective polypharmacological 

techniques, single drugs and phytochemicals, 

respectively, has the potential to accomplish 

multi-target intended treatment.107,108 

3) Synthetic lethality is emphasized by recent 

ideas in network pharmacology.109 If linked to 

a cancer network, non-essential proteins in 

normal cells may become therapeutically 

relevant.110 Their concurrent suppression or 

elimination may lead to enhanced or even 

possibly complementary eradication of cancer 

cells.  Even when significant cancer-related 

targets are impacted, numerous single-gene or 

protein molecule failures show little to not 

any impact on the development of cancer.111  

In cancer therapy, what makes perfect sense in an 

organism's normal physiology presents significant 

treatment challenges. Using phytochemicals or 

complex herbal mixes that target numerous targets 

in cancer networks, polypharmacology could be a 

conceptual answer to this challenge instead of 

focusing on eliminating individual disease-

causing proteins. Green tea polyphenolics have 

several bioactivities against different diseases, 

including cancer, according to a network 

pharmacology approach. There were 200 human 

targets in total. The pathways of the pleiotropic 

effects of green tea polyphenolics on irritation, 

malignancy, diabetes, neurological disorders, 

heart disease, and muscle disorders were 

demonstrated in this study.112 Recently, the 

molecular effects of herbs on the human body were 

studied using an innovative unified infrastructure 

of Herbal Medicine Systems Pharmacology 

(HMSP). This platform facilitates processing of 

scientific information for the relationship between 

species and disorders associated with herbs, target 

fishing, medication target development, and 

ADME prediction.113  

The use of network pharmacology techniques will 

support customized medicine treatment plans. 

Through TCGA's genome-wide profiling of 

different cancer types, signals that could 

potentially forecast the clinical result following 

adjuvant chemotherapy were found. Thus, to 

control metastatic colorectal cancer, doctors can 

tailor medication therapy according to the unique 

genome for every individual's cancer thanks to 

data from network pharmacology.114,115 Based on 

the genetic profiling of 482 cell lines and 1019 

tumor samples, for a total of 4104 potential 

metabolic products have been anticipated. To 

confirm that these metabolites are suitable as 

biomarkers for therapy monitoring, more research 

is needed.116 Drug resistance may be overcome in 

part by using predictive biomarkers. 

Consequently, small compound antagonists of 

tyrosine kinase regarding non-small cellular 

pulmonary cancer possess a license to be used in 

clinical settings, marking a substantial 

advancement in customized healthcare.117,118  

Targeted medication resistance can be predicted, 

clinically detected, and treated via metabolic 

profiling. Myeloid cell metabolism profiling has 

been used to study imatinib resistance, which may 

help find reliable biomarkers for the treatment of 

drug-resistant malignancies.119 The prognosis 

prediction of cancer patients following patient 

survival analysis is a significant area of study in 

the field of cancer research. Network 

pharmacology could be an effective method for 

forecasting patient survival durations. Through the 

examination of meta-dimensional "-omics" 

information from TCGA, a new integrated 

approach is used to calculate filtered survivability 

rates among patients with breast tumor.120 In 

addition, a network-based analytic tool was 

created using TCGA data to identify gene-gene 

interactions connected to the clinical outcome of 

patients with ovarian cancer.121 

Revealing insights from network pharmacology 

One of network pharmacology's greatest strengths 

is its ability to monitor pharmacological activities 

in a very comprehensive way, which presents the 

possibility of finding new pathways. However, 

there is a chance that many genes that are not 

causally connected to a drug's action will also 

surface as a result of the discovery of many up- or 

down-regulated genes. Differentiating this 
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"background noise" from the signals that are 

mechanistically significant is the art.122 

Network pharmacology is a potent instrument that 

can provide testable ideas regarding the ways in 

which two or more pharmaceuticals interact 

synergistically. An effective technique for 

determining natural preparations' antagonism and 

synergistic actions in the mammalian body could 

be to analyze RNA microarray data of cells and 

compare the quantity of the genes that have been 

disrupted by botanical infusions using its specific 

medicinal composition. In human T98G neuroglial 

cells, we investigated monitoring gene activity 

both within the presence as well as absence of the 

herbal compound ADAPT-232 and its 

components. Tyrosol, eleutheroside E, salidroside, 

schizandrin B, and triandrin are among the 

bioactive natural compounds found in ADAPT-

232 which is a herbal blend consisting of Rhodiola 

rosea root, Schisandra chinensis berry, and 

Eleutherococcus senticosus root.123 It's interesting 

to note that the patterns of gene activity were 

impacted by the mixture of these individual 

phytochemicals. A collaborative connection 

between the chemicals throughout the blend was 

indicated by the activation of specific genes in 

combinations that the single drugs did not reveal 

to be unregulated. However, when the compounds 

were combined, there was an antagonistic 

interaction that resulted in the down-regulation of 

some genes, which was not observed when the 

compounds were treated separately. These 

findings suggest that the chemicals in a herbal 

mixture form a new entity with distinct 

pharmacological properties, such as enhanced 

pharmacological selectivity and reduced unwanted 

side effects, rather than just the sum of their parts. 

The Preparation from Rhodiola rosea SHR-5 and 

some of its constituent parts (triandrin, tyrosol, and 

salidroside)124, in addition to the authentic extracts 

of Radix Eleutherococci (ESE), Herba 

Andrographidis (APE), along with their set 

composition Kan Jang (KJ), were shown to have 

comparable experiences.125 Employing datasets 

with Genes that were markedly up- and down-

regulated were examined, and complex system 

studies of the consequences were performed, and 

predictions were made on the effects on cellular 

activities and illnesses.  

Microarray investigations, however, do not offer 

definitive evidence that Mammalian physiologic 

responses following consumption of natural 

mixtures or its component parts are, in fact, caused 

by the genes activated by these substances.  

These analyses, however, can offer insightful 

information about potential genes as well as future 

research directions and potential practical 

applications. 

Conclusions and perspectives 

The majority of single-targeted candidate 

medications rarely make it to the final stage of 

clinical trials, even with significant investments 

made in preclinical research. A small number of 

preclinical lead compounds—roughly ten 

thousand in number—have made their way into 

clinical practice over the last ten years. Single 

focused drug discovery was radically redesigned 

using network pharmacology. It might transform 

drug research and discovery in the future. A deeper 

understanding of the causes of medication failure 

in terms of toxicity, side effects, and clinical 

efficacy may also be possible with the use of 

network pharmacology. Numerous biomarkers for 

distinct cancer types are found through the 

molecular characterisation of cancer. Biomarkers 

shared by a variety of tumor types are very helpful 

as new diagnostic instruments.These biomarkers 

can be used in everyday therapy and diagnosis 

through the use of network-based algorithms. 

Martinez-Ledesma et al., for example, employed 

finding a multi-cancer indicator within 12 kinds of 

tumors that predicts individual survival results 

using a network-based clinical association (NCA) 

method.126 Approaches in network pharmacology 

could significantly reduce common medical 

procedure errors, for example receptive variability 

in general population and illness. Global 

populations exhibit heterogeneity, and genetic 

variations in pharmacologically significant genes 

that differ between geographic regions are 
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noteworthy.127 Furthermore, The presence or 

absence of viable treatment goals characterizes 

tumor heterogeneity.128 There are presently very 

few therapy options available for diverse 

populations with diverse cancers.In order to 

challenge conventional wisdom on medication 

development and increase our understanding of 

how drugs work, it is imperative that new network 

pharmacology techniques be developed. When 

network pharmacology techniques are applied 

properly, they can help avoid the problems 

associated with cancer medication treatment and 

expedite the development of novel antitumor 

medications. 
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