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ABSTRACT 

 The development of new drug is not only the main driving force for the development of pharmaceutical industry, but also plays a very important role in the 

social development. However, with the increasing demands, new drug development is facing great difficulties in recent years. The hypothesis of highly selective 

single-target is meeting the challenges because of its limitations. Network pharmacology has been one of the new strategies for new drug discovery based on single-

target drug research in recent years. This paper focused on the basis of network pharmacology and its research progress, discussed its development direction and 

application prospects, and analyzed its limitations and problems as well. The application of network pharmacology in new drug development is discussed by 

comparing its guidelines with those of traditional Chinese medicine theory and Effective Components Group hypothesis of Chinese medicines. 
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  1. INTRODUCTION 

 Drug discovery, the process by which new candidate medications are discovered, initially began with random searching of therapeutic agents from 

plants, animals, and naturally occurring minerals . For this, they depended on the material medica that was established by medicine men and priests 

from that era. This was followed by the origin of classical pharmacology in which the desirable therapeutic effects of small molecules were tested on 

intact cells or whole organisms. Later, the advent of human genome sequencing revolutionized the drug discovery process that developed into target based 

drug discovery, also known as reverse pharmacology[1]. This relies on the hypothesis that the modulation of the activity of a specific protein will have 

therapeutic effects. The protein that the drug binds to or interacts with is also referred to as a ―target.‖ In this reductionist approach, small molecules 

from a chemical library are screened for their effect on the target’s known or predicted function. Once the small molecule is selected for a particular target, 

further modifications are carried out at the atomic level to ameliorate the lock-and-key interactions. This one-drug/one target/one- therapeutic approach 

was followed for the last several decades. The information technology revolution at the end of 20th century metamorphosed the drug discovery process 

as well. Advancements in omics technologies during this time were used to develop strategies for different phases of drug research. Computational 

power was implemented in the discovery process for predicting a drug-likeness of newly designed or discovered compounds and ligand protein docking 

for predicting the binding affinity of a small molecule with a protein three- dimensional structure. In silico tools were developed to predict other 

pharmacological properties of the drug molecules such as absorption, distribution, metabolism, excretion, and toxicity—abbreviated together as 

ADMET. The technological advancements triggered discovery efforts in a direction to discover more specific magic bullets that were completely 

against the holistic approach of traditional medicine. This magic bullet approach is currently in decline phase. The major limitations of this drug 

discovery approach are side effects and the inability to tackle multifactorial diseases. This is mainly due to the linearity of this approach. 
 
During the peak, historical time of drug discovery and development of natural products based drugs had played a significant role due to their superior 

chemical diversity and safety over synthetic compound libraries . Currently, it is estimated that more than one hundred new, natural product based leads 

are in clinical development. Many active compounds (bio actives) from traditional medicine sources could serve as good starting compounds and 

scaffolds for rational drug design. Natural products normally act through modulation of multiple targets rather than a single, highly specific target. But in 

drug discovery and development, technology was used to synthesize highly specific mono-targeted molecules that mimic the bio actives from natural 
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compounds rather than understanding the rationale behind their synergistic action and developing methods to isolate the bio actives from natural 

resources. Researchers understand that most diseases are due to dysfunction of multiple proteins. Thus, it is important to address multiple targets 

emanating from a syndrome-related, metabolic cascade, so that holistic management can be effectively achieved. Therefore, it is necessary to shift the 

strategy from one that focuses on a single-target, new chemical entity to one of a multiple-target, synergistic, formulation-discovery approach . This 

tempted the research world to go back and extensively explore natural sources, where modern pharmacology had begun. This renewed research focus 

indicates the need to rediscover the drug discovery process by integrating traditional knowledge with state-of-the-art technologies .[2] 

2.NETWORK PHARMACOLOGY 

 A new discipline called network pharmacology (NP) has emerged which attempts to understand drug actions and interactions with multiple targets. It 

uses computational power to systematically catalogue the molecular interactions of a drug molecule in a living cell. NP appeared as an important tool in 

understanding the underlying complex relationships between botanical formula and the whole body. It also attempts to discover new drug leads and 

targets and to repurpose existing drug molecules for different therapeutic conditions by allowing an unbiased investigation of potential target spaces. 

However, these efforts require some guidance for selecting the right type of targets and new scaffolds of drug molecules. Traditional knowledge can play 

a vital role in this process of formulation discovery and repurposing existing drugs. By combining advances in systems biology and NP, it might be 

possible to rationally design the next generation of promiscuous drugs. NP analysis not only opens up new therapeutic options, but it also aims to 

improve the safety and efficacy of existing medications.[3] 

02 Concept and Significance of Network Pharmacology 

  

The efforts of molecular biology and genomics research have provided large data which helped in gaining new insights into drug discovery processes. 

Hopkin, the father of Network Pharmacology, explained that a single drug can target multiple nodes in the disease network [4]. Network pharmacology 

is based on the integration of multiple disciplinary concepts including molecular biology, biochemical biology and bioinformatics [4-5]. Network 

pharmacology has gained more interest due to high success rate in clinical investigation, less or affordable side effects, enhanced drug efficacy, 

regulation of the signaling pathway with multiple channels, interaction of multiple genes and proteins that could be easily be targeted causing the 

disease [6]. In addition, network pharmacology also helps in finding the disease node which is an important disease node. Beside these, it also increases 

the clinical candidates with potency and reduces the attrition rate in the disease network [7]. Around 40% of the current drug discoveries are contributed 

by network pharmacology rather than a magic bullet philosophy [6, 7]. 

3.RESEARCH APPROACHES AND AVAILABLE DATABASE RESOURCES 

A newly emerged area in the field of drug discovery is network pharmacology which uses mainly two approaches, establishing a network and 

utilization of public databases. Prediction of drug target disease network using HTS technology in combination with bioinformatics is among the other 

approaches in this area . In the area of network pharmacology, the approaches could be divided into computational and experimental approaches. The 

computational approaches mainly include graph theory, statistical methods, data mining, modeling, and information visualization methods. The 

experimental approaches include various high throughput omics technologies and biological and pharmacological experiments. In network 

2pharmacology, some common steps include data sources, big data analytics, network construction, interactions prediction and network analysis [8] 

3.1. Data source 

 Experimental verification and public databases are the two main sources of data collection in network pharmacology. By utilizing the existing research 

and available data, a target can be identified for the drug followed by an experimental validation. Another approach to collect data is omics technology 

[8]. The available databases and resources are summarized below. 

3.1.1. Drug Bank 

  

The Drug Bank database is an abundantly interpreted bioinformatics and cheminformatics resource. Drug Bank combines multi array 

information regarding the drug candidates. This information largely comes from pharmaceutical, chemical and pharmacological sources along 

with target information. Statistics of this database reported 7759 drug entities till now and 15,199 drug–target interactions.[8] 

3.1.2. TTD: Therapeutic Target Database 

  

Therapeutic Target Database (TTD) provides the information about some known and different aspects of a disease. This information largely 

includes proteins which are therapeutically significant, nucleic acid (DNA & RNA) targets, disease specific characterization, pathway 

information and consistent drugs acting on different targets. Like other databases, TTD also holds 1755 biomarkers for about 365 disorders and 

210 scaffolds. These 210 scaffolds are of around 714 drugs. TTD is also enriched with a variety of lead compounds. Targets and drugs included 

in TTD are of great clinical importance, under use and trials. These targets and drugs are found to be very useful in accelerating the process of 

modern in silico drug discovery and experiments.[9] 

3.1.3. Matador 

  

To obtain the information regarding multiple direct and indirect modes of drug–target interactions and protein– chemical interactions, 
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Manually Annotated Targets and Drugs Online Resource (MATADOR) is a frequently accessed database. Direct and indirect binding of proteins 

and chemicals could be accessed by searching a drug or a protein . [10] 

3.2. Data source 

  

Experimental verification and public databases are the two main sources of data collection in network pharmacology. By utilizing the existing 

research and available data, a target can be identified for the drug followed by an experimental validation. Another approach to collect data is 

omics technology [8]. The available databases and resources are summarized below. 

3.2.1. Drug Bank 

  

The Drug Bank database is an abundantly interpreted bioinformatics and cheminformatics resource. Drug Bank combines multi array 

information regarding the drug candidates. This information largely comes from pharmaceutical, chemical and pharmacological sources along 

with target information. Statistics of this database reported 7759 drug entities till now and 15,199 drug–target interactions.[8] 

3.2.2. TTD: Therapeutic Target Database 

  

Therapeutic Target Database (TTD) provides the information about some known and different aspects of a disease. This information largely 

includes proteins which are therapeutically significant, nucleic acid (DNA & RNA) targets, disease specific characterization, pathway 

information and consistent drugs acting on different targets. Like other databases, TTD also holds 1755 biomarkers for about 365 disorders and 

210 scaffolds. These 210 scaffolds are of around 714 drugs. TTD is also enriched with a variety of lead compounds. Targets and drugs included 

in TTD are of great clinical importance, under use and trials. These targets and drugs are found to be very useful in accelerating the process of 

modern in silico drug discovery and experiments.[9] 

3.2.3. Matador 

  

To obtain the information regarding multiple direct and indirect modes of drug–target interactions and protein– chemical interactions, 

Manually Annotated Targets and Drugs Online Resource (MATADOR) is a frequently accessed database. Direct and indirect binding of proteins 

and chemicals could be accessed by searching a drug or a protein . [10] 

 

3.2.4. Integrity 

  

This database covers a large number of clinical drug candidates corresponding to their drug targets, diseases and the statistics on clinical 

phases of the drugs.[16] 

3.2.5. FAERS 

  

The FDA Adverse Event Reporting System (FAERS) is a database that contains information obtained from an adverse event and 

medication error reports submitted to FDA on side effect keywords (adverse event keywords) for drugs. [17] 

3.2.6. Sider 

  

SIDER database collects information regarding the side effects (i-e frequency) of already approved drug candidates. Classifications, 

linking to further information such as drug– target associations, are also one of the major aims. [18] 

3.2.7. JAPIC 

  

Japan Pharmaceutical Information Center (JAPIC) covers the information regarding pharmaceutical circle in Japan. Information such as 

side effects for drugs (pharmaceutical molecules) is mainly added.[19] 

3.2.8. Chem Bank 

  

Chem Bank is a freely accessed database resourced with information about small molecules so that insights can be gained. Chem Bank is 

unique among small-molecule databases in the following three ways: its holds a large space for raw screening data storage, having rigorous 

definition of screening experiments in terms of statistical hypothesis testing and hierarchical metadata-based organization of related assays 

into screening projects.[20] 
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3.2.9. Cancer DR 

  

The Cancer DR offers information of 148 anti-cancerous agents, and their pharmacological profiling across 952 cancer cell 

lines. Comprehensive information, such as 1356 unique mutations, gene ontology, pathways, and phylogeny about the drug 

targets, is available in this database. The design of an effective and personalized cancer treatment and the identification of 

genes encoding drug targets could be easily mapped from this database.[21] 

 

3.2.10. Binding DB 

  

Binding DB is a public, web-accessible database of measured binding affinities, focusing chiefly on the interactions of 

protein considered to be drug-targets with small, drug-like molecules. As of May 4, 2022, Binding DB contains 41,296 

Entries, each with a DOI, containing 2,513,948 binding data for 8,839 protein targets and 1,077,922 small molecules.[22] 

3.2.11. Zinc 

  

ZINC is the largest database for ligand discovery, especially investigating novel drug candidates for biological targets. 

ZINC contains >20 million commercially available compounds for ligand discovery and virtual screening. [23] 

3.2.12. Cansar 

  

Cansar is a cancer research database information about biological data (annotations of biological data, screening of RNA 

interference and chemical agents, expression and 3D structural). The integration of this diverse data set aids in cancer 

research and discovery of drug candidates for the treatment of various cancers.[24] 

3.2.13. ASDCD 

  

DCDB is a database which holds information of antifungal drug research in order to help in drug combination analysis and 

new antifungal drug development. To date, 210 antifungal drug combinations and 1225 drug–target interactions involving 

105 individual drugs from >12 000 references have been resourced. [25] 

3.2.14. Dinies 

  

Drug–target interaction network inference engine is based on a supervised analysis. DINIES, is a web server to infer 

potential drug–target interaction network. DINIES can accept flexible input data, such as chemical structure, side effects, 

amino acid and protein domains. Furthermore, each data set can be transformed into a kernel similarity, and various state-of-

the- art machine learning methods are used to realize the drug–target interactions prediction.[26] 

 

3.2.15. Super Pred 

  

Anatomical Therapeutic Chemical (ATC) code and drugs targets are predicted by the online server Super Pred. For ATC 

code prediction, different criteria such as pipeline search could be used for the integration of 3D, 2D and frag The Binding 

DB has information about 1,132,739 experimentally measured protein-ligand binding affinities. Among these, 4,894,16 are 

small molecule such as ligands while 7020 (receptors) are protein targets. It has become one of the most extensive public 

databases of protein–ligand binding affinities. ment similarity. Drug target prediction is based on the similarity distribution, 

which can estimate individual thresholds and probabilities for a specific target by four input options. [27] 

3.2.16. Swiss Target Prediction 

  

Swiss Target Prediction is a web server to deduce the targets of bioactive small compounds based on the combination of 2D 

and 3D similarity values with the known ligands. Five different organisms, including Homo sapiens, Mus musculus, Rattus 

norvegicus, Bos taurus and Equus caballus can be inquired using Swiss Target Prediction.[28] 

3.3. Big Data Analytics 

  

For large and complex networks, the traditional approaches may not be sufficient to fully understand the disease 

network. Therefore, highly analytical techniques such as high- performance data mining, predictive analytics, text 
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mining, forecasting and optimization are required to unveil the hidden information. In addition, machine learning 

could be useful to addressing other needs [29,30]]. 

3.4. Network Construction and Interactions Prediction 

  

Understanding the network of the disease is the most important step of the network pharmacology. How to 

construct a network disease is another complicated aspect of this analysis but certain approaches have been made 

to understand and exploit it for new drug candidates [31]. Some known approaches are: gene locality [32], 

phylogenetic reconstruction [31], fusion of genes [33], correlated evolutionary rate [34], mirror tree [33], 

correlated mutations [35], homologous structural complexes [36] and prediction from primary structure [37]. 

Network construction and their interaction can be significantly done by using phylogenetic profiling. Node-based 

network mapping and as well as correlation-based is considered as the promising for future discoveries [38]. 

 

3.5. Network Analysis 

  

Network is a well-computed mathematical representation of various connected nodes and edges. A major portion 

of the network pharmacology is network analysis which mainly covers attribute analysis, topological analysis, 

network structure and stability, flow (flux) balance analysis and network models. A network analysis usually 

measures module, betweenness, hub, node, edge, shortest path and degree of hub gene. Fig. (1) shows the 

topological parameters of a network. [ 38 ] 

• Module: A group of nodes that act in concert to perform a specific function. 

• Hub: A node with high degree. 

• Degree: the number of edges connected to a node. 

• Betweenness: the number of shortest paths that go through a given specific node. 

• Shortest path: A minimum path between any two nodes in a network 

•  

 

 

  

Fig : (1) – The figure is describing a topology of a network . It includes modules, Between ,Hub 

, node, edge , shortest path and degree of hub gene . 
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3.5 Methods in Network Pharmacology 

  

3.5.1. Identification of Drug Target Interaction 

  

In genomic drug discovery, the identification of drug target interaction is considered as a key area of interest. The 

interactions of small molecules with different pharmaceutically important protein targets modulate its activity. The 

application of various biological assays for the high throughput screening of large chemical databases enabled the 

identification of drugs with different targets [39,40,41]. Chemical genomic research aimed to relate the chemical 

spaces with genomic spaces, however, the relationship of chemical and genomic is very limited. For example, the 

PubChem database has information about millions of compounds but information about the interactions with their 

targets is very limited [42]. The experimental determination of compound protein interactions or potential drug–

target interactions is time-consuming and cost-effective [43,44]. So, an effective in silico prediction method needs 

to be developed. 

3.5.2. Prediction of Drug-target Interaction Networks Via Chemical and Genomic Spaces 

  
In 2008 Yaminishi proposed three methods based on chemical and genomics spaces [45]. They obtained the drug 

target interactions from the Super Target, KEGG BRITE, Drug Bank databases and BRENDA [, 40,46,47 ]. The 

information about chemical data was obtained from the KEGG LIGAND database. The structure similarity was 

computed by the SIMCOMP methods [48]. The methods proposed are the nearest profile method, weighted profile 

method and bipartite graph learning method. Previously two research approaches have been used for the 

identification of drug-target interactions, the chemical biology and the traditional drug discovery approach. In 

traditional drug discovery, new lead compounds are identified for the few targets. In chemical biology, novel 

targets are identified for the few chemical compounds.. Among these methods, Bipartite graph learning method has 

the advantage to predict the interaction for previously unseen drug candidate compounds and target candidate 

proteins [45] while other methods, the nearest profile and weighted profile methods cannot predict the interaction 

for the previously unseen drug candidate compounds and target candidate proteins. The nearest profile method 

predicts the interaction based on the structure sequence similarity and hence may give false positive results. 

Because many target candidates such as enzymes share sequence similarity but bind to different chemicals. Some 

other methods such as docking simulation can predict the interaction but it needs three-dimensional structures of the 

target protein candidates [49,50]. Many of the pharmaceutically important drug targets are GPCRs and ion 

channels. Predicting the three dimensional structure of these proteins is a challenging 

  
task, hence, it limits the molecular docking approach to predict the drug target interaction. The Bipartite graph 

learning method does not need three dimensional structures. Therefore, bipartite graph learning method has an 

advantage that it is suitable for screening a huge number of drug candidate compounds and target proteins at a large 

scale. 

  

  

3.5.3. Prediction of Drug–target Interaction Networks Through Side Effect Similarity 

The treatment of human disease with selected drugs results in regulated recording of side effects. These side effects 

are directly attributed to the interaction of drugs with primary targets and off targets (additional target) and seem to 

be one of the most important scenarios [51-53]. The interaction of drugs with off-target derives unexpected and 

harmful results. But , sometimes these interactions have a beneficial effect and lead to a new therapeutic area for 

drugs [54]. For example, sildenafil was used to treat angina, but its side effect in human volunteers prolonged 

penile erections, which led to a new therapeutic area for sildenafil [54] . Monica Campillos et al. mentioned that 

unrelated drugs that share similar side effects, must have common off-targets [55]. For example, the two unrelated 

drugs, cisapride and astemizole, bind to the cardiac ion channel hERG, thus inhibit its activity and both cause 

cardiac arrhythmias [56]. Monica Campillos et al. take advantage of the side effect and developed a method for the 

side effect similarity and analysis, the likelihood of sharing the target of marketed available drugs [55]. Through 

in-vitro binding assays, they confirmed experimentally that the side effect similarity of unrelated drugs indeed shares 
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a common protein target. Through the application of side effect similarity, Monica Campillos et al. suggest new 

targets for marketed drugs of different therapeutic categories (Table 1). The new targets were found 

experimentally to bind with drug candidates with good binding affinity. Side effects open a new dimensional space 

for predicting the poly pharmacology of the drug [57]. Feixiong Cheng et al. developed a database for predicting the 

side effects named Meta ADEDB [58]. Taking the advantage of the side effects, Feixiong Cheng et al. found the 

network pharmacology of the drugs and found new potential targets [59]. 

 

Table 1. Experimentally validated off-targets for the marketed drugs through side effect similarity me 

Drug Off-target Ki (µM) 

Donepezil 5HTT 9 

Fluoxetine dopamine receptor (DRD3) 2 

Rabeprazole serotonin receptor (HTR1D) 7.6 

Rabeprazole dopamine receptor (DRD3) 1.6 

Paroxetine dopamine receptor (DRD3) 3.8 

Zaleplon HRH1 26 

Disopyramide HRH1 2.7 

Clomiphene HRH1 6.5 

Loratodine BZR 5 

Raloxifene Serotonin receptor (HTR1D) 0.3 

Acitretin HRH1 15 

Doxorubicin HRH1 10 

Ketoconazole serotonin receptor (HTR1D) 2.8 

3.5.4. Prediction of Drug–target Interaction Networks by Integrating the Pharmacological Space into 

Chemical and Genomic Spaces 

The in-silico prediction of the drug target interaction from heterogeneous biological data is important to discover 

the drugs and target candidates for the known disease. The chemical genomics has made it possible to relate the 

chemical space with genomic space, but genome wide detection of drug target interaction is the key issue in 

chemical genomic research [39-41]. Thus, in 2010, Yamanishi proposed a new method that relates the chemical 

space with the pharmacological space and the integration of drug target network topology [60]. They showed that 

the drug–target interaction is mostly correlated with a pharmacological effect similarity than with chemical 

structure similarity. Owing to the proposed method, the unknown drug target interactions are predict at a large 

scale from the information of genomic sequence, chemical structure and pharmacological effect. The method 

consists of two steps: (1) inference of the pharmacological information from the structure of a given compound via 

an algorithm developed by Scheiber [61] (2) prediction of the interaction between drug and target based on 
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the pharmacological effect similarity in the supervision of bipartite graph inference [45, 62]. In fact, the proposed 

method here is the extension of the work by Yamanishi .[45]. The performance of the proposed methods was 

evaluated for the four different classes of proteins to reconstruct the drug target interaction in terms of three inputs 

(i) similarity of the chemical structure (ii) true pharmacological similarity, and (iii) predicted pharmacological 

similarity. The four different classes include ion channels, enzymes, nuclear receptors and GPCRs. The statistics of 

the proposed method is summarized in Table 4. In Table 4, the input, and chemical structure similarity are based on 

the previous method [45] while the input, and true pharmacological similarity and predicted pharmacological 

similarity are based on the proposed method. The previous study in the same area uses side effect similarity, but the 

method is only applicable to the marketed information available of drugs with side effects [55]. Thus, the method 

proposed by Yamanishi in 2010 is able to predict the pharmacological information about not only the marketed 

drugs but also any drug candidate. 

3.5.5. Prediction of Drug–target Interaction Via Chemical protein Interactome (CPI) 

Approximately 90 percent of the drug candidates fail during the different developing phases before launching into 

the market. It makes the research and developing process extremely expensive and time-consuming. The 

identification of novel indication for the already available marketed drug might lower the research and development 

costs [54, 63]. The de novo development of a drug takes approximately 10-17 years with regulatory, efficacy and 

quality risk. The repurposing of the drugs has the advantage of decreased research and developing cost with 

launching time due to the previously collected pharmacokinetic, toxicology and safety data. The adverse side 

effects of the drug have been known as the leading cause of death of hospitalized patients and have been 

concerned word-widely [64,65]. 

These new indications and adverse side effects are caused by unwanted drug-protein interactions [66-71]. The 

prediction of this interaction is possible by mining the chemical- protein interactome (CPI) [73]. Several other 

techniques such as drug affinity pull-down and BIACORE biosensors can be used to predict unwanted or 

unexpected chemical-protein interactions [74,75] but CPI has an advantage of low cost. The first CPI released by 

the Lun Yang et al. contains 162 chemicals and 891 binding pockets [73]. The chemicals selected in the CPI are 

FDA approved drugs, each of which causes at least one of the major serious adverse drug reactions (SADRs) 

including deafness, cholestasis, Stevens-Johnson syndrome (SJS) and 

 

rhabdomyolysis. As the human knowledge about SADRs is limited, the target proteins in the CPI were selected 

from the literature and protein targetable databases [ 76-79]. Through the application of CPI, Lun Yang et al. 

harvested the genes responsible for the SJS [73]. The CPI has the advantage of predicting the specific alleles that is 

more sensitive to the drug attack. HLA-B*57 has been conformed as the susceptible gene of SADRs causing 

hypersensitive reaction in response to abacavir [79,80]. The structure of both the risk and non-risk allele of HLA-

B*57 is available [81,82]. Lun Yang . construct the CPI, containing interaction strength for the four structures of 

risk and non-risk allele with abacavir, allopurinol. The author found no specificity of allopurinol to any of the 

proteins. This result is in accordance with the fact that none of these alleles are the risk alleles for allopurinol-

induced SADRs. It’s clear from Table 5 that B*5703 is not the susceptible allele because abacavir cannot fit into 

the binding site of B*5703. While the allele B*5701is found to be the risk allele. The major difference between the 

two alleles lies in two polymorphisms (N114D, Y116S) from B*5703 to B*5701. Through CPI, it is deduced that 

B*5701 tends to be the risk allele compared to B*5703. 

Taking the advantage of CPI, Heng Luo et al. introduced a web server named DRAR-CPI [83]. The server contains 

385 human targetable proteins and 254 molecules with descriptions, indications and ADRs. The server accepts 

molecules in mol, ml2, mol2, pdb, sdf and SMILES. Dock programs implemented in the server are used to predict 

the binding energy of the submitted molecule and targets. The author developed an algorithm based on 

connectivity analytics [84] which calculate the positive or negative association scores between the submitted drug and 

the server molecules. The two-directional Z-transformation (2DIZ) is applied to 

association scores [85]. The target having association score less than 1 is treated as a favorable target while greater 
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than 1 is treated as unfavorable. It can also predict the off-targets for the submitted molecule so that users can 

predict potential indications or ADRs based on the association scores of their molecule across our library 

molecules. The reliability of the server was checked by comparing the predicted drug-drug associations and drug-

drug association through genee xpression profiles. The matching rate was found to be 74%. Heng Luo et al. found 

a new indication and ADRs for the Rosiglitazone, a drug used as an anti-diabetic through the application of DRAR-

CPI server [83, 86]. Several studies have been published, using DRAR-CPI server, regarding the discovery of the 

new indication and ADRs for the different drugs [87-95]. 

 

Owing to the complex network-based theory [96-99], Feixiong Cheng et al. proposed the three methods named 

target-based similarity inference (TBSI), network-based inference (NBI) and drug-based similarity inference 

(DBSI) [101]. The performance of these methods is checked with four benchmark data sets. Four major drug 

targets were included in these data sets named as ion channels, enzymes, GPCRs, nuclear receptors and GPCRs. 

After several statistical analyses, the NBI method was found to be the best. Based on the NBI method, the drug 

target interaction of the FDA approved and experimental drug was determined. New targets were successfully 

predicted for the five approved drugs following the NBI method [101]. The NBI method was further improved by 

Feixiong Cheng et al. by weighting the edge and nodes of the CPI to achieve the better accuracy of drug target 

interaction [102]. In the Edge Weighted Network-based Inference (EWNBI), each edge of the CPI is weighted 

according to the strength of the inhibitory activity or binding affinity of chemical and protein node [102]. In Node 

Weighted Network-based Inference (NWNBI), a new expression of initial resource distribution of nodes is used which 

takes into account the influence of resources associated with the receiver nodes in the CPI bipartite network [103]. 

This method is based on the general knowledge that the hub node with more resources is more difficult to be 

influenced. These two improved methods slightly outperformed the original NBI. 

Because of the lack of connections between the newly synthesized chemical or failed drugs, in phases II and III, and 

the existing DTI network, the aforementioned methods cannot predict the new potential targets for the known drugs 

unless the known target present in the existing DTI network. To overcome this pitfall, in 2016, Zengrui Wu 

proposed chemo informatics tool and an integrated network named substructure–drug–target network-based 

inference (SDTNBI) [104]. To bridge the gap between the newly synthesized structure and known drugs, SDTNBI 

uses a substructure which is shared by the chemical structures. The chemical substructure has a significant role in 

the computational evaluation of drug pharmacokinetics and DTI prediction suggested by the previous studies [105-

108]. Thus, SDTNBI can prioritize potential targets for old drugs, clinically failed drugs, and new synthesized 

chemicals at a large scale. However, several pitfalls exist in the SDTNBI, as they cannot predict the potential DTIs 

for the subject targets that are absent from the existing DTIs because of lack of connection among those targets and the 

known network. Moreover, it cannot predict the accurate DTIs for the new chemical molecule that shares no 

substructure or few substructures. 

Zengrui Wu have made an improvement in the original SDTNBI by introducing the three parameters [109]: (i) the 

initial resource allocation of different nodes (i.e. substructure nodes 

 

and target nodes), (ii) the weighted values of different edges (i.e. drug-substructure associations and drug target 

interactions), and (iii) the influence of hub nodes, respectively. The improved SDTNBI was named as a balanced 

substructure-drug-target network-based inference (b SDTNBI). Zengrui Wu et al. found the molecular mechanism of 

action (MOA) of tricyclic anti- depressant agent promethazine and clomipramine via b SDTNBI [109]. Previous 

studies suggested that both promethazine and clomipramine induce cell apoptosis in different cancer cells but the 

anticancer MAA of these drugs remains unclear [110-113]. Through b SDTNBI, promethazine and clomipramine 

were found to target the serotonin receptors (HTR1A and HTR1D) with high score. These receptors might be 

involved in different cancer types. Moreover, through b SDTNBI, several antidiabetics drugs such as pioglitazone, 

rosiglitazone and dapagliflozin were repurposed for cancer treatment by targeting the nuclear receptors such as CA1, 

PPARG, RARB, and RXRA [109]. Collectively, b SDTNBI would provide a powerful tool for the identification of 

chemical MOA in drug discovery and development. 
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3.5.6. Prediction of Drug-target Interaction Through a Network-based Random Walk with Restart on 

the Heterogeneous Network 

The drugs with similar structures often interact with similar proteins. Chen developed a model of Network based 

Random Walk with Restart on the Heterogeneous network (NRWRH ) that effectively predicts the drug target 

interaction based on the above assumption and by the integration of drug-drug similarity network, protein-protein 

similarity network and know drug- target interaction networks into a heterogeneous network [114]. For the 

integration of data and drug–target interactions prediction, NRWRH makes the full use of the network tool that is 

different from the traditional random walk with restart. In case of NRWRH, the random walk is applied to the 

heterogeneous network which consists of different sub-networks such as drug chemical structure similarity 

network, and target protein sequence similarity network and drug–target interactions network. This method has an 

advantage of predicting the novel target for the subject drug which has no known target. The potential target can be 

predicted based on the known targets of drugs, which are similar to given subject drug. 

3.5.7. Prediction of Drug –target Interaction Through A Rotation Forest- based Predictor 

Based on the hypothesis that drug target interactions are mainly determined by the primary structure of the target 

protein sequence and substructure fingerprints of drug molecules, Lei 

 

Wang et al. proposed a novel method for the drug target interactions [115]. In the proposed method, the 

interactions of the drug with the target are predicted under the theory that each drug-target interaction pair can be 

represented by the structural properties of the drugs and evolutionary information derived from proteins. The 

biological evolutionary information of the protein sequences is encoded as Position-Specific Scoring Matrix (PSSM) 

descriptor. The drug molecules are encoded as fingerprint feature vectors which represent the existence of certain 

functional groups. First, the protein sequence is converted into the PSSM matrix and then the auto covariance 

algorithm was used to extract features from PSSM containing biological evolution information to combine it with 

molecular substructure fingerprints information to form a feature vector. At last, the drug target interaction is 

predicted by a rotation forest (RF) classifier. The prediction accuracy of the proposed method was found to be 

71.1%, 84.1%, 89.1% and 91.3% for four data sets’ nuclear receptors, GPCRs, ion channels and enzymes, 

respectively. Later, in 2016, Yu-An Huang et al. proposed a model based on the same assumption of Lei Wang et 

al. [115,116]. Here the protein sequences were encoded by the Pseudo Substitution Matrix Representation (Pseudo 

SMR) descriptor due to which the influence of biological evolutionary information retained. The drug molecules 

were represented by the structural activity relationship (SAR). The extremely randomized trees (ETs) classifier 

was used instead of RF classifier to build the model for the four data sets’ nuclear receptors, GPCRs, ion channels 

and enzymes. The prediction accuracy of the Lei Wang et al. model was 81.67%, 82.99%, 87.87% and 89.85% for 

the four nuclear receptors. 

3.6. Network Cunstruction 

  

A network is the schematic representation of the interaction among various entities called nodes. In 

pharmacological networks, the nodes include bioactive targets, tissue, tissue types, disease, disease types, and 

pathways. These nodes are connected by lines termed edges, which represent the relationship between them [80]. 

Building a network involves two opposite approaches: a bottom-up approach on the basis of established biological 

knowledge and a top- down approach starting with the statistical analysis of available data. At a more detailed 

level, there are several ways to build and illustrate a biological network. Perhaps the most versatile and general way 

is 144 Innovative Approaches in Drug Discovery the de novo assembly of a network from direct experimental or 

computational interactions, e.g., chemical/gene/protein screens. Networks encompassing biologically relevant 

nodes (genes, proteins, metabolites), their connections (biochemical and regulatory), and modules (pathways and 

functional units give an authentic idea of the real biological phenomena. 
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Fig : Database relationship network. Source Yang M , Chen, J-L,Xu,L-W.,2013. Navigating traditional Chinese 

medicine network pharmacology and computational tools . 

 

Cytoscape , a Java-based open source software platform, is a useful tool for visualizing molecular interaction 

networks and integrating them with any type of attribute data. In addition to the basic set of features for data 

integration, analysis, and visualization, additional features are available in the form of apps, including network and 

molecular profiling analysis and links with other databases. In addition to Cytoscape, a number of visualization 

tools are available. Visual network pharmacology ,which is specially designed to visualize the complex 

relationships among diseases, targets, and drugs, mainly contains three functional modules: drug-centric, target-

centric, and disease-centric VNP. This disease-target-drug database documents known connections among 

diseases, targets, and the USFDA-approved drugs. Users can search the database using disease, target, or drug 

name strings; chemical structures and substructures; or protein sequence similarity, and then obtain an online 
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interactive network view of the retrieved records. In the obtained network view, each node is a disease, target, or 

drug, and each edge is a known connection between two FIGURE 5.5 Database relationship network. [89] 

Navigating traditional Chinese medicine network pharmacology and computational tools. Evid. Based 

Complement Alternat. Med. 2013: 731969. Network Pharmacology Chapter | 5 145 of them. The Connectivity 

Map, or the CMap tool, allows the user to compare gene-expression profiles. The similarities or differences in the 

signature transcriptional expression profile and the small molecule transcriptional response profile may lead to the 

discovery of the mode of action of the small molecule. The response profile is also compared to response profiles 

of drugs in the CMap database with respect to the similarity of transcriptional responses. A network is constructed 

and the drugs that appear closest to the small molecule are selected to have better insight into the mode of action. 

Other software, such as Gephi, an exploration platform for networks and complex systems, and Cell Illustrator, a 

Java-based tool specialized in biological processes and systems, can also be used for building networks . 

Network Pharmacology: An Appropriate Approach for Modern TCM Research 

  

Given the rapid progress in bioinformatics, systems biology, and polypharmacology, network- based drug discovery 

is considered to be a promising approach for cost-effective drug development. Systems biology examines biological 

systems by systematically perturbing them; monitoring the gene, protein, and informational pathway responses; 

integrating these data; and, 

 

ultimately, formulating mathematical models to describe the structure of the system and its response to individual 

perturbations. Based on a systems biology approach, the concept of network pharmacology was first proposed. 

Because network pharmacology can provide a full or partial understanding of the principles of network theory and 

systems biology, it has been considered the next paradigm in drug discovery .Furthermore, the network 

pharmacology approach has been used to study ―compound-proteins/genes-disease‖ pathways, which are capable 

of describing complexities among biological systems, drugs, and diseases from a network perspective, sharing a 

similar holistic philosophy as TCM. Applications of systems biology methods to determine the pharmacological 

action, mechanism of action, and safety of TCMs are invaluable for modern research and development of TCM. 

Thus, a new interdisciplinary method termed TCM network pharmacology has been proposed., which has initiated 

a new research paradigm for transforming TCM from an experience-based to evidence-based medicine. In this 

work, we first summarized the currently widely used databases and tools for TCM network pharmacology research. 

Second, we concentrated on the different applications of network pharmacology to TCM research, including TCM 

recipes, target prediction, and network toxicology. 

  

3.7. NETWORK ETHNOPHARMACOLOGY OF TRIPHALA 

  

  

Triphla is one of the most popular and widely used Ayurvedic formulations. Triphala contains fruits of three 

myrobalans: Emblica officinalis (EO; Amalaki) also known as Phyllanthus emblica; Terminalia bellerica (TB; 

Vibhitaka); and Terminalia chebula (TC; Haritaki). Triphala is the drug of choice for the treatment of several 

diseases, especially those of metabolism, dental, and skin conditions, and treatment of cancer. It has a very good 

effect on the health of heart, skin, eyes, and helps to delay degenerative changes, such as cataracts 

.Triphala can be used as an inexpensive and nontoxic natural product for the prevention and treatment of diseases 

where vascular endothelial growth factor Ainduced angiogenesis is involved . 

The presence of numerous polyphenolic compounds empowers it with a broad antimicrobial spectrum[46]. 

Triphala is a constituent of about 1500 Ayurveda formulations and it can be used for several diseases. Triphala 

combats degenerative and metabolic disorders possibly through lipid peroxide inhibition and free radical 

scavenging[90]. In a phase I clinical trial on healthy volunteers, immunostimulatory effects of Triphala on 

cytotoxic T cells and natural killer cells 
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have been reported. Triphala is shown to induce apoptosis in tumor cells of the human pancreas, in both in vitro and in 

vivo models. Although the anticancer properties of Triphala have been studied, the exact mechanism of action is 

still not known. The beneficial role of Triphala in disease management of proliferative vitreoretinopathy has also 

been reported .One of the key ingredients of Triphala is Amalaki. Some studies have already shown the beneficial 

effect of Amalaki Rasayana to suppress neurodegeneration in fly models of Huntington’s and Alzheimer’s 

diseases . Triphala is an effective medicine to balance all three Dosha. It is considered as a good rejuvenator 

Rasayana, which facilitates nourishment to all tissues, or Dhatu. Here we demonstrate the multidimensional 

properties of Triphala using human proteome, diseasome, and microbial proteome targeting networks. 

  

5.1 Triphala Bioactive 

  

The botanicals of Triphala—EO, TB, and TC—contain 114, 25, and 63 bioactives, respectively, according to 

UNPD data collected during June 2015. Of these, a few bioactives are common among the three botanicals. Thus, 

Triphala formulation as a whole contains 177 bioactives. Out of these, 36 bioactives were Score-1, based on 

Binding DB search carried out during June 2015. EO, TB, and TC contain 20, 4, and 20 Score-1 bioactives, 

respectively . The Score-1 bioactives that are common among three plants are chebulanin, ellagic acid, 

gallussaeure, 1,6-digalloyl-beta-D-glucopiranoside, methyl gallate, and tannic acid. This bioactive information is 

the basic step toward constructing human proteome and microbial proteome targeting networks.[98] 

5.2 Human Proteome and Diseasome Targeting Network of Triphala 

  

Thirty-six Score-1 bioactives of Triphala are shown to interact with 60 human protein targets in 112 combinations 

(Fig. 5.1 , a,b). Quercetin, ellagic acid, 1,2,3,4,6-pentagalloylglucose and 1,2,3,6-tetrakis-(O-galloyl)-beta-D-

glucose are the four bioactives that interact with the maximum number of targets: 21, 16, and 7, respectively. The 

other major bioactives that have multitargeting.[113] property include catechin; epicatechin; gallocatechin; 

kaempferol; and trans3,3’,4’,5,7-pentahydroxylflavane. 

                         (A) 
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FIG 5.1 A and B Bioactive targets network of Triphala . Dark green versus are the botanicals of Triphala and oval nodes are the bioactives where green 

represent score 1 bioactives. Blue diamonds denote targets. 

 

Include alkaline phosphatase (ALPL); carbonic anhydrase 7 (CA7); coagulation factor X (F10), DNA repair protein RAD51 homolog 1 (RAD51); GSTM1 

protein (GSTM1); beta-secretase 1 (BACE1); plasminogen activator inhibitor 1 (SERPINE1), prothrombin (F2); regulator of G- protein signaling (RGS) 

4, 7, and 8, tissue-type plasminogen activator (PLAT); and tyrosine protein phosphatase nonreceptor type 2 (PTPN2). The 60 targets of Triphala are 

associated with 24 disease types, which include 130 disease indications 

 

(b) 

 (Fig. 5.8). The major disease types in which Triphala targets are associated include cancers, cardiovascular diseases, nervous system diseases, and 

metabolic diseases. Analysis of existing data indicates that targets of 

 

Triphala bioactives are involved in the 40 different types of cancers making it the largest group of diseases, involving 

Triphala targets. This linkage is through the interaction of 25 bioactives and 27 target proteins in 46 different 

bioactivetarget combinations. The types of cancers which are networked by Triphala include pancreatic, prostate, 

breast, lung, colorectal and gastric cancers, tumors, and more. Quercetin, ellagic acid, pro delphinidin A1, and 

1,2,3-benzenetriol are the important bioactives; and RAD51, BACE1, F2, MMP2, IGF1R, and EGFR are the 

important targets that play a role in cancer. 

Triphala shows links to 18 indications of cardiovascular diseases through 12 bioactives and 11 targets. The 

cardiovascular diseases that are covered in the Triphala network include atherosclerosis, myocardial ischemia, 

infarction, cerebral vasospasm, thrombosis, and hypertension. The bioactives playing a major role in 

cardiovascular diseases are quercetin, 1,2,3,4,6-pentagalloyoglucose, 1,2,3,6-tetrakis-(O-galloyl)-beta-D-glucose, 

bellericagenin A1, and prodelphinidin A1, whereas the targets playing an important role are SERPINE1, F10, F2, 
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and FABP4. Triphala’s network to nervous system disorders contains 13 diseases in which the significant ones are 

Alzheimer’s disease, Parkinson’s disease, diabetic neuropathy, and retinopathy. In this subnetwork, 14 bioactives 

interact with 11 targets through 21 different interactions. Quercetin, 1,2,3,4,6-pentagalloyoglucose, 1,2,3,6-

tetrakis-(O-galloyl)-beta-D- glucose, and epigallocatechin-3-gallate are the most networked bioactives whereas the 

most networked targets are BACE1, SERPINE1, PLAT, ALDR, CA2. The association of Triphala with metabolic 

disorders is determined by six bioactives that interact with seven targets. The major metabolic diseases come in 

this link are obesity, diabetic complications, noninsulin- dependent diabetes, hypercholesterolemia, 

hyperlipidemia, and more. The bioactives having more interactions with targets are ellagic acid, quercetin, and 

bellericagenin A1, whereas the highly networked targets are IGF1R, FABP5, ALDR, and AKR1B1. Triphala 

bioactives are also linked to targets of other diseases comprising autoimmune diseases, ulcerative colitis, 

McCuneAlbright syndrome, psoriasis, gout, osteoarthritis, endometriosis, lung fibrosis, glomerulonephritis, and 

more. The proteome-targeting network of Triphala, thus, shows its ability to synergistically modulate 60 targets 

that are associated with 130 disease indications. This data is generated with the available information that included 

only one-fifth of the total number of bioactives. Further logical analysis and experimental studies based on the 

network result are needed to explore the in-depth mechanism of action of Triphala. For researchers in this area, 

these kind of networks can give an immense amount of information that can be developed further to reveal the real 

mystery behind the actions of traditional medicine.[101] 

 

5.3 MICROBIAL PROTEOME TARGETING NETWORK OF 

TRIPHALA 

Triphala is also referred to as a ―tridoshic rasayana,‖ as it balances the three constitutional elements of life. It 

tonifies the gastrointestinal tract, improves digestion, and is known to exhibit antiviral, antibacterial, antifungal, and 

antiallergic properties. Triphala Mashi was found to have nonspecific antimicrobial activity, as it showed a dose-

dependent inhibition of Gram- positive and Gram-negative bacteria Hydroalcoholic, aqueous, and ether extracts of 

the three fruits of Triphala were reported to show antibacterial activity against uropathogens with a maximum drug 

efficacy recorded by the alcoholic extract The methanolic extract of Triphala showed the presence of 10 active 

compounds using GC-MS and also showed potent antibacterial and antifungal activity. Triphala has been well 

studied for its antimicrobial activity against Gram-positive bacteria, Gram-negative bacteria, fungal species, and 

different strains of Salmonella typhi .Triphala showed significant antimicrobial activity against Enterococcus 

faecalis and Streptococcus mutans grown on tooth substrate thereby making it a suitable agent for prevention of 

dental plaque . The application of Triphala in commercial antimicrobial agents has been explored. A significant 

reduction in the colony forming units of oral streptococci was observed after 6% Triphala was incorporated in a 

mouthwash formulation . An ointment prepared from Triphala (10% (w/w)) showed significant antibacterial and 

wound healing activity in rats infected with Staphylococcus aureus, Pseudomonas aeruginosa, and Streptococcus 

pyogenes. The antiinfective network of Triphala sheds light on the efficacy of the formulation in the simultaneous 

targeting of multiple microorganisms. Also, this network provides information regarding some novel 

bioactivetarget combinations that can be explored to combat the problem of multidrug resistance. Among the 

bioactives of Triphala, 24 Score-1 bioactives target microbial proteins of 22 microorganisms. The botanicals of 

Triphala-EO, TB, and TCcontain 19, 3, and 8 Score1 bioactives respectively which showed interactions with 

microbial proteins. They act through modulation of 35 targets which are associated with diseases such as 

Leishmaniasis, malaria, tuberculosis, hepatitis C, acquired immunodeficiency syndrome (AIDS), cervical cancer, 

candidiasis, luminous vibriosis, yersiniosis, skin and respiratory infections, severe acute respiratory syndrome 

(SARS), avian viral infection, bacteremia, sleeping sickness, and anthrax. The microorganisms captured in the 

Triphala antiinfective network includes candida albicans, hepatitis C virus, human immunodeficiency virus 1, 

human papillomavirus type 16, human SARS coronavirus leishmania amazonensis, Mycobacterium tuberculosis, 

staphylococcus aureus, Plasmodium falciparum, and Yersinia 



International Journal of Research Publication and Reviews, Vol 3, no 9, pp 552-572, September 2022                                      567
 

enterocolitica. In Mycobacterium tuberculosis, dTDP-4-dehydrorhamnose 3,5-epimerase RmlC is one of the four 

enzymes involved in the synthesis of dTDP-L-rhamnose, a precursor of L-rhamnose. The network shows that 

Triphala has the potential to modulate the protein through four bioactives such as punicalins, terflavin B, 4-O-(S)-

flavogallonyl-6-O-galloylbeta- D-glucopyranose, and 4,6-O-(S,S)-gallagyl-alpha/beta-D-glucopyranose.[111] 

  

3.8. Application of network pharmacology 

  

   

NP has gained impetus as a novel paradigm for drug discovery. This approach using in silico data is fast becoming 

popular due to its cost efficiency and comparably good predictability. Thus, network analysis has various 

applications and promising future prospects with regard to the process of drug discovery and development. Table 

5.2 lists the important applications of NP[114]  

   

Applications of Network Pharmacology 

 

Traditional medicine  Scientific evidence for use of Ayurvedic medicine 

 Understanding the rationale of traditional formulations 

 Understanding the mechanism of action of Ayurvedic medicines 

 Safety and efficacy of Ayurvedic medicines 

 Possible substitutes for endangered botanicals 

 Network-based designing and prescribing of plant formulations 

 Analysis of multiple bioactives, studying synergistic action 

 Botanical biomarkers for quality control 

Pharmacology  To develop new leads from natural products ● Understanding the mechanism of action of 

drugs 

 Determining the possible side effects of drugs ● Predicting new indications 

 Predicting toxicity 

 Predicting possible drugdrug interactions 

 Rational design of drugs based on group of interacting proteins 

 Drug repurposing 

Drug research  Identifying novel drug targets 

 Reduced cost and time through in silico evaluation 

 Understanding the signaling pathway of disease types 

 Designing experiments based on drugs and targets 

 Therapeutics for  multigene-dependent diseases 

 Discovery of disease-causing genes 

 Diagnostic biomarkers 

 Studying drug resistance or antibiotic resistance 

 

3.9. LIMITATIONS AND SOLUTIONS 

  

NP has proven to be a boon for drug research, and that helps in the revival of traditional knowledge. Albeit there 

are a few limitations of using NP for NP has proven to be a boon for drug research, and that helps in the revival of 

traditional knowledge. Albeit there are a few limitations of using NP for 

1. NEP currently relies on various databases for literature and bioactive mining. Databases, though 

curated, may show discrepancies due to numerous sources of information, theoretical, and experimental 

data. Moreover, the botanicals that undergo certain preparatory procedures during the formulation of the 

medicine may have its constituents that have chemically changed due to the procedures; like boiling, 
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acid/ alkali reactions, interactions between the bioactives, etc. A way to navigate around this problem is 

to make use of modern, high-throughput chemical identification techniques like ultra-performance 

liquid chromatography electrospray ionizationt andem mass spectroscopy (UPLC-ESIMS/MS). This 

technique will help to identify the exact bioactives or the chemical constituents of the formulation, and 

will enrich the subsequent NEP studies. This is because the bioactives form the foundation of any 

traditional medicine network. 

2.  Absorption, distribution, metabolism, excretion, and toxic effects (ADMET) parameters 

associated with the bioactives/formulation when they are administered in the form of the medicine need 

to be considered in order to extrapolate in silico and cheminformatics data to in vitro and in vivo 

models. In silico tools that offer the prediction of these parameters can be depended on for this. But 

traditional medicines are generally accompanied by a vehicle for delivery of the medicine. These 

vehicles, normally various solvents—water, milk, lemon juice, butter, ghee (clarified butter), honey—

that alter the solubility of the bioactives, play a role in regulating ADMET parameters. 

Experimental validation studies are required to evaluate this principle of traditional medicine. 

3. Target identification usually relies on a single or a few databases due to the limited availability of 

databases with free access. This can occasionally give incomplete results. Also, there may be novel targets 

waiting to be discovered that could be a part of the mechanism of action of the bioactives. To deal with 

this discrepancy in the network, multiple databases should be considered for target identification. 

Integration of databases serving similar functions can also be a solution for this problem. In addition to 

this, experimental validation of the target molecules using protein protein interaction studies or gene 

expression studies will provide concrete testimony to the network predictions. 

4. A number of traditional medicines act through multiple bioactives and targets. Synergy in botanical drugs 

helps to balance out the extreme pharmacological effects that individual bioactives may have. The 

interactions of bioactives with various target proteins, their absorption into the body after possible 

enzyme degradation, their transport, and finally their physiological effect are a crucial part of traditional 

medicine. However, in vitro assays or in silico tools are unable to give a clear idea as to the complete 

and exact interactions in a living organism. NP is only the cardinal step toward understanding the 

mechanism of bioactives /formulations. But this gives an overview of the action of traditional medicine 

which can be used to design in vivo experiments and clinical trials. This saves time and cost of research 

and inventions. 

5. It is observed that formulations are working by simultaneous modulation of multiple targets. This 

modulation includes activation of some targets and inhibition of other. In order to understand this 

complex synergistic activity of formulation, investigative studies regarding the interactions of ligands 

with targets are to be carried out. This can be achieved by implementing high-throughput omics studies 

based on the network data.[100] 

 

3.10 CONCLUSION 

  

 Network pharmacological analysis presents an immense scope for exploring traditional knowledge to find solutions for the current problems challenging 

the drug discovery industry. NEP can also play a key role in new drug discovery, drug repurposing, and rational formulation discovery. Many of the 

bioactivetarget combinations have been experimentally studied. The data synthesis using NP provides information regarding the mode of action of 

traditional medicine formulations, based on their constituent bioactives. This is a kind of reverse approach to deduce the molecular mechanism of action 

of formulations using modern, integrated technologies. The current network analysis is based on the studies that have been conducted and the literature 

that is available. Hence, the data is inconclusive as a number of studies are still underway and novel data is being generated continuously. Despite its 

limitations, this still is a favorable approach, as it gives insight into the hidden knowledge of our ancient traditional medicine wisdom. NP aids the 

logical analysis of this wisdom that can be utilized to understand the knowledge as well as to invent novel solutions for current pharmacological 

problems. 
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