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Abstract 
Polypharmacology studies promiscuous drugs, which have the ability to interact with multiple 

targets. A few decades ago there was a paradigm shift from the traditional ‘one drug-one target’ 

approach to a ‘one drug-multiple targets’ approach. Currently, multi-target drugs are designed for 

complex diseases, and developed in case of drug resistance (desensitisation) and known drugs are 

repositioned, giving an existing drug a different therapeutic use. A wide variety of computational 

methods are available to identify new drugs via a ligand-based, structure-based or network-based 

approach. Here, we review virtual screening methods and their application in polypharmacology, 

including novel concepts developed for (rational) multi-target drug design. However, challenges 

remain including a lack of experimentally solved target structures, the need for more advanced 

computational methods, finding a combination of targets relevant for a disease, the selection of 

relevant protein conformations and the identification of initial hit compounds. The best approach to 

design a multi-target ligand is debatable and depends on the information that is available. Upcoming 

advancements in artificial intelligence (AI) and multi-omics will aid (network) polypharmacology. The 

ultimate goal is to process the high amounts of biomedical data with AI for personalized precision 

medicine. 

 

Layman’s summary 
Traditional drug design used the lock-key analogy. In this model the key represents a drug and the 

lock represents a target, which is most often a protein. According to traditional drug design a specific 

key was needed to open or to block the lock. The pharmaceutical industry used to search for such a 

key using different drug design methods. However, most drugs that are designed can actually bind 

and unlock or block multiple locks, i.e. targets. Drugs that can bind multiple targets are also called 

promiscuous drugs or multi-target ligands. Nowadays it appears that it is often beneficial if a drug is 

able to bind to multiple targets and thus unlocks or blocks multiple locks. As such a drug has less side 

effects and less chance for losing activity due to resistance. Multi-target drugs are now designed on 

purpose. Hence, a masterkey is needed to fit multiple locks. Especially in complex diseases, such as 

cancer, which affects many cell components, a masterkey is needed.  

How to design masterkeys? A masterkey can be designed by combining, fusing or merging known 

keys, that unlock or block a single lock. In addition, masterkeys can be designed from scratch. Via this 

approach targets (locks) have to be identified that are relevant for the disease. In the wet lab 

different keys can then be screened to find the ones that fit the locks and show a response. In 

contrast, virtual screening uses computer models to identify drugs that bind to a target. Using 

computers reduces cost and time, but has limitations as it is a computational model and does not 

represent the actual biological conditions. Consequently, after virtual screening the compounds that 

show the most promise are tested in the wet lab.  

Different virtual screening methods exist and can be divided in ligand-based, target-based and 

network-based. For ligand-based methods information about the lock is often unavailable and 

features of known drugs are compared to other potential keys, to find a new drug. Whereas for 

structure-based methods the target structure is needed. Here, keys are tried to fit the lock using 

docking approaches. Docking has limitations like taking into account the flexibility of the key and lock 

and bad predictions of the effect of the key. In the network-based approach the system is 

considered, which includes other targets and drugs to identify new drug-target interactions. With 

improvements in artificial intelligence (AI) more and more data of targets and drugs can be 

processed. This data can be used to train a machine, which could eventually predict new drug-target 

interactions. Although, still a lot of limitations need to be overcome in multi-target drug design. For 
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instance, most of the current methods were used for traditional drug design and more adjustments 

are needed for their use in multi-target drug design. Moreover, more data of target structures is 

needed. A lot of data on compounds and their activity for a wide range of targets is unknown, but 

needed to train the machine in AI methods. Network-based approaches and multi-target drug design 

hold a lot of promise, also towards future personal medicine development.  
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Introduction 
In 1907 Paul Ehrlich came up with the concept of a magic bullet, a drug that selectively targets one 

specific protein (Fig. 1).1 This ‘one drug, one target’ approach has predominantly been used to 

rationally design new drugs since the 70s, including the development of captopril (Capoten®).2,3 Also, 

imatinib (Gleevec®) is a specific kinase inhibitor that acts on BCR-ABL, a deregulated fusion protein, 

which is produced by fusion of the genes encoding the breakpoint cluster region protein (BCR) and 

Abelson (ABL) tyrosine kinase.4  

However, most drugs elicit their effect by interacting with multiple targets.5–7 Aspirin, a non-selective 

non-steroidal anti-inflammatory drug (NSAID), inhibits both cyclooxygenases COX-1 and COX-2.8 
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Inhibition of COX-1 has been associated with gastrointestinal bleeding. Therefore, selective COX-2 

inhibitors, e.g. celecoxib, rofecoxib, valdecoxib, were developed, but rofecoxib and valdecoxib were 

later withdrawn from the market, due to life-threatening cardiovascular side effects associated with 

their long-term use.9 Suggesting that high selectivity towards a specific target might have fatal 

effects.  

Another drug called clozapine, is a promiscuous drug, as it interacts with multiple targets, and has 

been used to treat resistant schizophrenia.10–12 In contrast, highly selective anti-psychotic drugs failed 

to reach the market, as they were too selective.11 Currently, the ‘one drug-one target’ paradigm has 

shifted to the design of compounds that act on multiple targets, except when there is a monogenetic 

cause, like for imatinib.13 Drugs that act on one target are prone to drug resistance (desensitisation) 

and reduced efficacy. Therefore, the concept of a magic bullet has now been updated with the idea 

of a magic shotgun, a drug that selectively targets multiple targets.10  

In polypharmacology new drugs are designed that have their effect by modulating multiple targets, 

which may involve multiple diseases.14 Polypharmacology can be used to find therapeutics for 

complex diseases, such as cancer, Alzheimer and schizophrenia. A multi-target drug should have a 

higher efficacy, have a lower chance for resistance (desensitisation) and have less toxicity. 

Combination therapies use a combination of drugs that work synergistically (Fig. 1).15 For COVID-19 

multi-target drugs and combination therapies have been investigated, including the Pfizers PF-

07321332/ritonavir.16 Ritonavir blocks CYP450 3A4 to increase the half-time of PF-07321332, so the 

dose of the medicine can be lower.16,17 Compared to combination therapies, multi-target drugs are 

expected to avoid possible drug-drug interactions and to have a more positive synergistic effect.15 

Polypharmacology can also be used to overcome drug resistance (desensitisation) and is used in drug 

repositioning. Sildenafil (Viagra), a PDE5 inhibitor, is nowadays used to treat erectile dysfunctions, 

but was originally designed to treat ischemic heart disease and hypertension.18 Multi-target agents 

were mostly discovered by serendipity, but more advanced methods enable rational design of multi-

target drugs.11 

Before the 1980s phenotypic screening was performed using in vivo methods (or cells) to discover 

new drugs.19 This approach guarantees a high efficacy. However, for phenotypic screening a disease 

model is difficult to define, animals are needed, lead optimization is complicated and the throughput 

is low. In the 1980s, target-centric screening (in vitro) was introduced, for which no animals are 

needed and high throughput is possible.20 Nevertheless, this method will not guarantee efficacy, as a 

molecular target alone is does not represent the disease, because a target is part of a (protein) 

network. 

The reductionist approach to develop a selective drug for a specific target was used with successful 

examples as imatinib and captopril.21 Now we are in a postreductionism era and the biological 

system is considered. As an example, kinase inhibitors are repositioned and multi-target drug design 

is chased to design new kinase inhibitors.4 Modern high-throughput screening (HTS), experimental 

screening of a library of compounds against biological targets, help to identify multi-target drugs.22 In 

addition, the design of multi-target compounds can be accelerated by in silico methods. Computer-

aided drug design (CADD) uses computational methods to search for potential new drugs and to 

predict ligand-target interactions.23 In 1997 the term virtual screening was introduced in the 

literature, which is an in silico method to screen compounds.24 However, HTS is the ‘gold-standard’ to 

identify compounds with biological activity.25 A recently published review discusses the 

computational side of polypharmacology.26 Here, a ligand-based, target-based and network-based 

approach are presented. 
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In this review, we discuss computational screening methods used in multi-target drug design and 

discovery. First, we present the traditional ‘one drug-one target’ drug design approach. Second, we 

describe the multi-target drug design approach. Lastly, we focus on virtual screening methods and 

their use in multi-target drug design. Here, we critically analyse the current methods used in multi-

target drug design and present the future challenges.  

For this article literature reviews, that were published within the last 5 years, were used as a starting 

point. Followed by a more in-depth study of older and more recent published articles covering 

specific topics regarding multi-target drug design and virtual screening approaches. 

 

Figure 1. Paradigm shift: from single-target to multi-target drug design. Traditionally the ‘one drug-one target’ approach 
was used to design new drugs. Currently, polypharmacology is used in drug design and discovery. Here, combination 
therapies are developed and multi-target ligands are designed.27  

Chapter 1: Traditional drug design 
The drug discovery and development route takes on average more than 10 years (Fig. 2).22 Stages of 

drug discovery and development typically consist of disease selection, target identification, lead 

discovery, preclinical studies, clinical trials and approval of the medicine.28 However, the cost and 

approval time of the drug also depends on whether or not there exists an urgent medical need.22 

Also, the cost to develop an orphan drug, which is designed for a rare or neglected disease, is 

considerably lower than for nonorphan drugs. New technologies help to accelerate the development 

of new drugs and pave the way for the development of personalized medicine. Finding a drug 

candidate from the lead discovery stage remains challenging. Leads often fail due to low efficacy and 

toxicity. 
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1.1 Target discovery 
Target identification is considered the first step in the drug discovery process.28 A biological target 

can for example be a protein, RNA and DNA. A good target should be disease relevant, druggable and 

safe to target. Target identification can be done at the start of the drug discovery process, followed 

by the screening of compounds during hit identification.29 This approach is known as target-based 

screening (Fig. 2A). Whereas in phenotypic screening the target is identified after lead finding (Fig. 

2B). During this approach compounds are identified that recover a disease phenotype. Therefore, 

phenotypic screening is a promising method to find new first-in-class drugs that act on a target, 

which could have initially been labelled as undruggable. Nevertheless, it remains a challenge to 

identify the target and clarify the mode of action of the identified hits. Different strategies can be 

followed to identify the target, using affinity-based or activity-based methods. New cell-based 

phenotypic assays, which make use of primary cells or stem cell derived human cells, enhance the 

number and types of cell-based disease models available and can be used for robotic screening.30 

Here, compounds that change the phenotype are identified as new active compounds. However, the 

disease relevance and screening throughput of the cell-based phenotypic assays still have to be 

improved. A combination of phenotypic and target based screening will be an optimal approach as 

they can complement eachother.31 

When in the drug discovery process the drug’s target and mechanism of action should be identified is 

debatable.32 Some argue target identification is not needed, as there are drugs on the market with an 

unidentified target and an unknown mechanism of action. However, knowing the drug target is 

beneficial as next generation drugs can be designed against the target. These next generation drugs 

will have a higher efficacy and less side effects. Nevertheless, if there is an unmet need for a (rare) 

disease, target identification at a later stage in the drug discovery pipeline may be substantiated.  

 

Figure 2: Target screening and phenotypic screening approaches in drug discovery and development. (A) The target 
screening approach starts with target identification. (B) In phenotypic screening the target is identified at a later stage in the 
drug discovery and development process. (C) Drug repurposing identifies known drugs for the treatment of a different 
disease. (D) Target identification of new targets in drug repurposing.30 

1.2 Lead discovery 
Lead compounds can be discovered via various screening methods, e.g. HTS, phenotypic screening, 

knowledge based screening, DNA encoded library technology, virtual screening and fragment-based 
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screening.33 The library used for screening can consist of natural compounds, synthetic compounds, 

computer generated compounds and biological agents.22 Natural compounds are structurally diverse 

and can be the starting point for a semisynthetic drug, a drug synthesized from a combination of 

natural and synthetic resources. In drug discovery natural drugs are less used as purification and 

characterization of the natural agents remains challenging.  

In HTS thousands of small molecules (< 500 MW) are screened against a target.22 The small molecules 

are relatively chemically stable, easily synthesizable and characterized for their reactivity. Depending 

on the screening method, hits can be identified that elicit a biological response. Currently, ultra HTS 

can perform 100,000 assays a day in contrast to less than 10,000 assays a day in traditional HTS.  

CADD reduces time and cost of drug discovery. CADD can be divided in ligand-based and structure-

based.23 The ligand-based approach is used when limited information on the target is available.22 This 

approach uses the physicochemical properties and biological activities of known compounds, which 

are used to design novel compounds. The structure-based approach uses the structure of the target 

to design compounds that fit in a binding site of the target. With CADD compounds can be designed 

that are active, easily synthesizable and have good ADMET (absorption, distribution, metabolism, 

excretion and toxicity) properties. During virtual screening also compounds that have never been 

synthesized can be screened. Also, with CADD penetration of the blood-brain barrier (BBB) can be 

predicted, as well as if the drug acts in the central nervous system. Furthermore, CADD is fast, 

reduces cost and less animals are needed for in vivo testing. A drawback of CADD is that it cannot 

predict the activity of the compound in the biological system, which consists of a whole network. 

Synergistic approaches use a combination of virtual screening and experimental methods. Virtual 

screening can be performed prior to HTS to reduce the number of compounds that need to be 

synthesized and tested.24 This prefiltering will result in a list of top 30-500 compounds that can be 

tested via experimental approaches. 

CADD can also be used for drug repositioning, interchangeable with drug repurposing, of existing 

drugs (Fig. 2C,D).22,34 New uses are identified and developed for the existing drugs, which become 

again first-in-class drugs.19 The use of existing drugs reduces development risks, as the drugs 

properties are already known. Thereby offering an advantage over the search for a new drug via the 

traditional de novo drug discovery process. Lead compounds often need to be optimized to minimize 

their toxicity and optimize the activity and pharmacokinetics. Furthermore, for oral availability the 

Lipinski’s rule of Five should be considered. Considering that the structure size will probably increase 

in the lead optimization phase and become more hydrophobic. For fragment-based lead discovery a 

rule of three has been suggested.  

Chapter 2: Multi-target drug design 

2.1 Multi-target drugs replace combination therapy? 
For certain diseases it is required to administer a cocktail of drugs that act on different targets.35 A 

common approach is the use of combination therapy, where two or more selective drugs are 

administered. Co-administration of drugs can result in a higher efficacy and lower toxicities, due to 

lower dosages used. This approach has been used in the treatment of complex diseases, such as 

cancer. Another benefit of a drug combination is the synergistic effect from the use of different 

drugs, where synergy means that the overall therapeutic effect of the combination is greater than 

the sum of effects caused by individual components.36 However, the number of different drugs, 

finding the appropriate dose regime and potential drug-drug interactions are a downside of 

combination therapies. For those reasons, the design of a single drug that can selectively bind 

multiple targets would be advantageous (Fig. 3). Main reasons for the development of multi-target 



8 
 

drugs are cases of resistance (desensitisation), drug repositioning and complex diseases.37 A multi-

target drug could act as an agonist on one target and an antagonist on another target. Designing a 

multi-target drug that acts on proteins from the same family is easier than targets across the human 

proteome.38 Currently, multi-target drugs exist in the treatment against complex diseases, such as 

schizophrenia, depression and cancer.5  

 

Figure 3. Different approaches in multi-target drug design in polypharmacology. Pharmacophores of known selective 
compounds can be combined to obtain a selective multi-target drug. This multi-target drug increases the efficacy compared 
to a drug targeting a single-target.14 

2.2 Target finding 
Selecting the drug targets in multi-target drug design remains a challenge.5 The targets should be 

important in the disease and targeted with some selectivity (Fig. 3). Moreover, it is beneficial if a 

drug that acts on both targets has additive or synergistic effects. When the targets belong to the 

same pathway there could be an additive effect. However, synergy can be obtained from targets 

belonging to complementary pathways. In the case of additive or synergistic effects lower doses of a 

drug are required for an effect than drugs acting on a single target. Subsequently, toxicity should be 

less as the dose is lower and off-target interactions should be minimized from the start. In addition, it 

is easier to design a ligand for similar targets, which are assumed to have a similar binding to 

compounds.39 Thus, targets across different protein classes with similar binding sites could be 

targeted simultaneously. 

Traditionally potential targets were identified using protein isolation and mass spectrometry.40 These 

experimental methods require a lot of time and are expensive. Therefore, in silico approaches are 

used to identify the potential targets of a compound, this is known as target fishing or reverse 

screening. With this method drug-target interactions (DTIs) can be identified, possible adverse 

effects and can be used in polypharmacology. 

2.3 Designing a multi-target drug 
Multi-target drugs were initially identified by serendipity, but are now rationally designed.11 Different 

approaches exist for the rational design of multi-target drugs.38 Multi-target drugs can be designed 

from known selective drugs, starting from their molecular properties and pharmacophores. These 

compounds can be divided according to their pharmacophore into three groups, namely linked 

pharmacophores, fused pharmacophores and merged pharmacophores (Fig. 3).41 Linked 

pharmacophores are two molecules that are conjugated via a linking group.42 However, these 

compounds are often very large and could prove too large to find their way to the targets they are 

supposed to bind. Then again, a linker can improve the solubility of the compound. This approach is 

also used to link a drug to an antibody, which helps the drug to reach the drug target. Cefiderocol is 
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an example of a compound designed by linking pharmacophores (Fig. 4A). Fused pharmacophores 

are two molecules that are joint without a linking group. The resulting molecule could still have a 

high molecular weight and high lipophilicity, which could limit the solubility of the compound. 

Rivastigmine and rasagiline were fused to create ladostigil, which acts on acetylcholinesterase and 

monoamine oxidases (Fig. 4B). Linked or fused pharmacophores may be cleavable depending on the 

type of linker and bonds. Merged pharmacophores often have a lower molecular weight as a part of 

the two molecules overlaps to create a new molecule. Ziprasidone is an antipsychotic drug, which 

was developed and optimized by merging the pharmacophores of dopamine and 5-HT2R (Fig. 4C). 

Finally, the position of linking, fusing or merging is important as the molecule needs to be able to 

interact with multiple targets. 

 

Figure 4. Pharmacophores multi-target drugs designed from existing pharmacophores. (A) Example of linked 
pharmacophores in cefiderocol. Ceftazidime derivative and catechol moiety with a cefepime derivative as linker. (B) Example 
of fused pharmacophores in ladostigil. Rasagiline is fused with rivastigmine. (C) Example of merged pharmacophores 
(dopamine and 5-HT2R pharmacophore) and optimization of the molecule to ziprasidone.42 

Another approach for the design of multi-target drugs is to start from dirty drugs, which are non-

selective drugs that can bind multiple targets.41 So, lead compounds could be promiscuous ligands. 

These could be optimized into a more selective multiple-target drug. For instance, olanzapine, an 

analog of clozapine, is a second-generation promiscuous drug against schizophrenia.43 Olanzapine 

has less severe side effects compared to clozapine. 

In addition, multi-target ligands can be rationally designed using de novo multi-target drug design.44 

Here, ligands can be built from scratch using fragment linking or growing. Moreover, multi-target 

ligands can be found using (virtual) screening approaches.5 

Chapter 3: Virtual screening in multi-target drug design 
Virtual screening methods can be divided in ligand-based and structure-based VS (LBVS and SBVS, 

respectively).45 Network-based approaches are promising, as they incorporate multi-omics methods 
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and systems biology.26 Here, the basis of the disease is studied by considering protein networks and 

the effects of a drug on a network. Also, a combination of LBVS and SBVS can be applied using 

sequential methods, parallel methods or hybrid methods (Fig. 5).46 In sequential methods ligands are 

often prefiltered using LBVS methods and SBVS is performed in the end. Parallel methods use both 

LBVS and SBVS independently and the best-ranked compounds are used for biological testing. LBVS 

and SBVS can be combined in a standalone method, known as a hybrid method. Interaction-based 

methods are an example of hybrid methods.  

 

Figure 5. LBVS and SBVS approaches can be combined, resulting in sequential methods, parallel methods or hybrid methods. 
Sequential methods start with LBVS methods to prefilter the compounds and followed by SBVS. LBVS and SBVS are 
performed independently in parallel methods and best-ranked compounds are selected. The hybrid approach integrates both 
LBVS and SBVS methods.47 

LBVS methods make use of the 2D or 3D chemical structure or molecular descriptors of known active 

compounds to find new ligands.26 The information of known ligands is used to search for similar 

structures and investigate the quantitative structure-activity relationship. Approaches for LBVS 

include 2D (fingerprint) and 3D similarity search methods (pharmacophore), 2D or 3D QSAR 

(quantitative-structure activity relationship) modelling and other, like shape-similarity (Fig. 6). SBVS 

makes use of the knowledge of the target binding site for receptor-based pharmacophore screening 

and docking. During the latter approach compounds or fragments are docked into the binding site, 

followed by scoring and ranking of the compounds. Postprocessing can be done, for example making 

use of rescoring using a different scoring function. Network-based methods use algorithms to predict 

DTIs. Also, target profiles of drugs can be analysed using multi-omics data. 
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Figure 6. General overview of LBVS and SBVS methods. LBVS methods include similarity searches, ligand-based 
pharmacophores and QSAR. SBVS uses docking and structure-based pharmacophores.24 

For multi-target drug design the traditional computational methods can be modified to be used in 

polypharmacology (Fig. 7).24 To predict targets of a multi-target ligand target fishing or in silico 

profiling is performed. This can be done with chemical similarity using bioactivity information of 

small compounds stored in databases. Here, targets with ligands similar to the query compound will 

be identified. Tools that can be used include a 2D or 3D similarity search, machine learning and 

docking. Target fishing makes use of reverse or inverse docking methods, these methods will later be 

explained in more detail.  

 

Figure 7. Computational methods used in multi-target drug design. Similarity searches and machine learning aim to identify 
novel multi-target drugs. Target fishing and reverse docking are used to identify the targets of a compound. In addition, 
multi-target drugs can be designed using a de novo based method. Furthermore, pharmacophores of known selective 
compounds can be used to design a multi-target drug.48 
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3.1 Ligand-based virtual screening 

3.1.1 Similarity searching 

A 2D similarity method can use molecular fingerprints of known ligands to find new compounds with 

a similar fingerprint in a library.24 There exist different similarity types and distance metrices. As an 

example, the Tanimoto coefficient takes on values between 0 and 1, which represent the similarity to 

the input query. In addition, other methods can evaluate the shape similarity of compounds.  

In traditional drug discovery SAR/QSAR (quantitative-structure activity relationship) models predict 

the activity of a compound against individual targets.26 QSAR uses the information about the activity 

of the ligand towards the target to obtain a relationship between compound features and the 

biological activity.24 To obtain a relationship both active and inactive compounds are used. With 3D-

QSAR methods steric and electrostatic energies of 3D conformations of analogs were calculated and 

correlated with their bioactivity.47 Currently, 3D-QSAR methods can also consider multiple 

conformations of a compound, which gives a better representation of the dynamic nature of ligands, 

in contrast to the use of only one static conformation of a ligand. 

For the design of multi-target drugs SAR/QSAR models are needed for all relevant targets, to predict 

the activity of a multi-target compound.26 The method used in single-target drug design can be 

adjusted to be used for multi-target drug design, if there is missing data.5 Here, families of 

compounds can be used instead of single compounds with known activity. Also, from the QSAR 

model new analogs of a multi-target lead can be designed to improve the activity and predict 

toxicity.47 QSAR models are an in silico method that can distinguish between antagonists and 

agonists. 

Multi-target QSAR (mt-QSAR) models can be used to virtually screen compounds based on more than 

one target.49 Furthermore, for multi-target drug design the metacore (MC) concept was introduced 

(Fig. 8).50 MCs can be extracted from the structural cores of analog series (ASs) and thus represent a 

set of Ass. For the development of multi-target drugs ASs can be selected that contain analogs with 

multi-target activity. Furthermore, the MCs will then contain cores that are linked to different target 

families. The relevance of MCs can be evaluated and used to design novel multi-target drugs. 

 

Figure 8. Metacores (MCs) are obtained from analog series (ASs). Here, the AS-cores were generated from two compounds.  
AS-cores can then be further reduced to a MC.50 
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In contrast to QSAR and chemogenomics, which only use information on ligand similarity, 

proteochemometric (PCM) modelling also incorporates information of the similarity of targets (Fig. 

9).51 PCM can predict the affinity of ligands for highly similar targets by using extrapolation. In 

addition, PCM can be used in polypharmacology and can aid the discovery of ligands for orphan 

receptors.  

 

Figure 9. Proteochemometrics combines ligand similarity with target similarity. In contrast, QSAR only uses ligand similarity. 
Here, heatmaps represent the similarity of different ligands or targets.51 

3.1.2 Ligand-based pharmacophores 

A pharmacophore consists of a framework with chemical features, such as hydrogen bond donors, 

hydrogen bond acceptors, charged groups or lipophilic groups, that are involved in the interaction 

between the ligand and macromolecular target.24,52 For each feature the spatial tolerance and weight 

can be altered by adjusting the size and importance.52 In addition, for hydrogen bonds and aromatic 

interactions a direction can be added to the feature. Also, an exclusion volume constraint can be 

used, which could impose a barrier for the binding of a certain ligand. Together the features are 

responsible for the biological activity of a compound towards the target.24 Pharmacophore modelling 

is usually performed in 3D.  

Virtual screening using pharmacophore models started in the late 80s and early 90s.52 

Pharmacophore models can be designed via a ligand-based or structure-based approach, which one 

is used depends on the information that is available of the target and ligands. There could be data 

available of the active ligands, the ligand in complex with its target or a structure of the target (apo). 

To elucidate the 3D pharmacophore different methods can be used, which can be divided into 

feature-based, substructure pattern-based or molecular field-based methods. Feature-based 

methods use geometric descriptors or molecular interactions to identify features. Substructure 

pattern-based methods define substructures, such as hydroxyl groups are defined as hydrogen bond 

acceptors or donors. Lastly, molecular field-based methods calculate the interaction energy using 

different chemical probes that sample the ligand or target. The interaction energy maps can be 

converted to chemical features. Combining 3D pharmacophores and molecular dynamics (MD) would 

help to sketch physiologically relevant interactions. Furthermore, machine learning and AI could 

make use of the 3D pharmacophore model.  

The ligand-based approach is chosen when there is no structural information available on the 

macromolecular target. In the ligand-based approach first the chemical features of the ligands, that 

are important for binding to a target are identified by using a set of known active compounds. 

Alignment of different conformations of the active compounds helps to identify the shared features 

(Fig. 10). When the compounds share a feature, it can become a pharmacophoric feature. From the 
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features a model is developed. Furthermore, to identify if a compound shares the pharmacophore a 

prefiltering step can be used. Here, the interfeature distances of a molecule are compared with 

feature combinations of the pharmacophore model, to check if a specific combination of features is 

present. Next, the compound is aligned by considering the placement of the pharmacophoric 

features. Also, the importance of the features can be related to the biological activities of known 

active compounds. Multiple low energy conformations for each molecule are used as the active 

conformations of molecules are often unknown. In addition, structural dissimilar molecules may have 

a different binding mode, which makes alignment difficult. Separate pharmacophores may be 

needed. A library of compounds is screened against the model and compounds that match the model 

are identified. 

Pharmacophore-based screening can be performed with a 3D pharmacophore obtained from ligan-

based or structure-based pharmacophore modelling. The models are screened against a library of 

molecules. These libraries are updated to contain the different conformers of the molecules, to 

account for the flexibility of the molecules. During the actual screening pharmacophoric features 

from the query pharmacophore and library compound are compared. From the library molecules 

that meet the requirements of the query pharmacophore are collected. For the comparison of the 

pharmacophoric features a fingerprint-based or 3D alignment-based approach can be used. 

Fingerprint-based methods check for the presence of certain features and convert it to fingerprint-

like descriptors to compare with the query pharmacophore. Alignment-based methods align the 

pharmacophoric features of a compound to a set of the pharmacophoric features of the query 

pharmacophore. When they are able to align there is a hit. As this approach is time consuming and 

expensive a pre-filtering step can be performed in which feature presence or distant checks can be 

done. Pharmacophore-based virtual screening can be followed by docking or molecular dynamic 

simulations to obtain further structural information. In contrast to in vitro HTS with virtual screening 

the hit rate is often higher and reduces the amount of molecules that need to be tested with 

experimental testing. 

Validation of the 3D pharmacophore models can be done if there is experimental data on binding 

ligands. Therefore, known active, inactive and decoy ligands are selected. The active molecules need 

to share the same binding mode with the target, as 3D pharmacophores are made for a specific 

binding pose. Also, the inactive molecules could be inactive due to different reasons, such as being 

unable to reach the target in cell-based assays or being insoluble. Rather decoys are used than 

inactive molecules, as these have similar physicochemical properties as active molecules and said to 

be inactive. For validation the set of ligands can be used to evaluate the 3D pharmacophore and if 

needed optimize further. Here, screening is performed and the number of correct identified actives 

and inactive molecules is checked. Metrics, like the yield of actives (YA), can be used for evaluation. 

YA represents the amount of actives found in the total hit list. Retrospective validation of the 3D 

pharmacophores can be described by plotting receiver operating characteristics (ROC) curves with 

active and inactive molecules identified in the hit list over time. This is an indication of the sensitivity 

and specificity of the 3D pharmacophore. Classic pharmacophore modelling will be improved with 

MD and machine learning (ML), which allow for flexibility and generating of 3D pharmacophores 

from data, respectively. For instance, dynophores (dynamic pharmacophores) incorporate MD in a 

3D pharmacophore. Combining pharmacophores is often used in multi-target drug design.42  
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Figure 10. Virtual screening using 3D pharmacophores generated by either LBVS and SBVS. Common features of known 
ligands or essential features in the binding site are selected to create a pharmacophore. This pharmacophore is evaluated 
using a ROC plot and is optimized. Next, the model is used for virtual screening to obtain putative hits and the model can be 
used in combination with e.g. MD. Eventually, hits are tested using experimental methods.52 

3.1.3 Machine Learning 

Machine Learning (ML) is a part of AI.53 ML has been used in (early) drug discovery pipeline, because 

it can process an enormous amount of data.54 It has been used to predict biological activities, DTIs 

and toxicity using ML methods, like Support Vector Machines, Naive Bayes, Random Forest and Deep 

Neural Networks. ML uses computer algorithms to learn from raw data and is later used to perform a 

certain task.53 Algorithms and a large amount of data are given to the machine to train the network. 

However, the specific model or formula to solve the problem at hand is not given to the machine. 

Supervised and unsupervised learning are two learning methods used in ML. Supervised learning is 

applied to be able to make predictions from data. Here, the machine is trained with known input and 
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output data. Later the machine will be able to predict the output from new input data. Unsupervised 

learning is used to cluster data by identifying hidden patterns. This method only uses known input 

data to train the network.  

In drug discovery the ML methodology that is most often used for the prediction of new drugs 

consists of 5 steps (Fig. 11).54 First, data is collected on small molecules and peptides, which are 

represented as SMILES or FASTA. The molecules in the data set must have characteristics of a 

potential drug, such as high specificity, low toxicity and good absorption. In addition, these molecules 

need to be relatively easy to handle in the production process. Second, mathematical descriptors are 

generated. Sequences are converted into matrices and the different compounds can be labelled. The 

dataset now consists of mathematical descriptors and can be processed by the ML model. For 

training and testing the dataset is divided in a training set and testing set. Training sets contain a 

larger amount of data than testing sets. Third, the amount of variables within the training set is 

reduced, as a part of the data is redundant, due to collinearities. Different methods exist to obtain a 

subset of variables from the training set. Fourth, the ML model will be trained. Before the actual 

training the appropriate algorithms with parameters have to be chosen. Next, the training data is 

used in subsequent runs, but iterations have to be limited to prevent obtaining a biased model. 

Cross-validation (CV) can be used to check if the model is unbiased and generalizable. From the 

original data a new training set and new validation set are used in each CV run. Thereafter, a model is 

selected, which has the highest performance on relevant parameters. Finally, the selected model is 

validated using the test set from the original set. Once the results are significant the model can be 

used for the prediction of new drugs. 

Deep learning (DL) is a subset of ML and works with artificial neural networks to detect features from 

enormous amounts of data.54 Input features are given to the input layer of a neural network. Next, 

nonlinear transformations are performed in multiple hidden layers. Finally, the output is generated in 

an output layer, often backpropagation of errors is used to limit the difference in expected and 

obtained output. Deep neural networks can be used for de novo drug design and bioactivity 

prediction. 

Recently, a generative neural network was modified for the use in de novo multi-target drug design.55 

Here, data sets of known multi-target ligands, single-target ligands and inactive compounds were 

extracted from publicly available experimental screening data. A generative model (REINVENT), used 

for traditional de novo design, was fine-tuned using transfer learning. Generative models are trained 

using datasets with the SMILES data of known compounds and fine-tuned to design compounds with 

desired properties. Fine-tuning via transfer learning includes the use of additional learning phases 

with smaller datasets of compounds that have the desired characteristics. The model learns common 

features and is able to generate new compounds with these properties. In this study, they acquired a 

model that could tell multi-target ligands apart from single-target ligands and inactive compounds. 

Also, the model could design new multi-target ligands, suggesting the application of the model in de 

novo multi-target drug design.  
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Figure 11. Machine Learning (ML) in drug discovery. Data of small molecules and peptides is collected and represented as 
SMILES or FASTA. Next, mathematical descriptors are generated using matrices and labelling. This dataset can be processed 
by the ML model. The dataset is divided in a training set and testing set. Only a subset of relevant features is used from the 
training set. The model is trained with the training data using multiple runs. Cross-validation can be used to check if the 
model is unbiased. Finally, a model is selected and validated using the test set. When the model is significant it can be used 
as a predictive drug model.54 

3.2 Structure-based virtual screening 
SBVS makes use of structural information that is available of the target, which are mostly proteins.24 

In general, the 3D structure of the target is solved by crystallography or another biophysical method, 

and can even be a homology model (Fig. 12). In contrast to LBVS no information is needed about the 

ligands. However, a priori knowledge about the target binding to known (endogenous) ligands will 

help to choose and optimize the best approach for finding or designing (new) ligands. As more 

structural information comes available, the SBVS approaches becomes more appealing for de novo 

ligand design. For instance, fragment-based de novo ligand design is used to develop new ligands. 

Furthermore, MD can be applied during SBVS for various reasons, like the influence of the solvent, 

the conformation of the ligand and target, and to investigate potential allosteric binding. Lastly, as 

mentioned earlier LVBS methods can be combined with SVBS methods.  
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For multi-target drug design there are more limitations for SBVS compared to traditional drug 

design.56 As the multi-target drug has to bind different targets, molecules that will fit these targets 

have to be found, limiting the ligand possibilities. In addition, the structure of many targets is not 

determined experimentally, so homology models have to be used. For the disease at hand it is likely 

that no structure is available for all targets, forcing the use of homology models. In the future, more 

structural models of on-targets and off-targets will help to find ligands that are selective toward the 

on-targets. For now we will outline two SBVS approaches, namely structure-based pharmacophore 

models and molecular docking approaches, and discuss their use in multi-target drug design. 

Followed by an example of SBVS used in dual-target drug design. 

Furthermore, especially in polypharmacology selection of the relevant protein conformation is a 

challenge.57 Artifacts in the binding site can result in potential biases and result in the selection of 

certain compounds over others during screening. Using an ensemble of protein conformations or 

allowing receptor flexibility during docking will improve the quality in single target VS. For multi-

target drug design using an ensemble of protein conformations will give a higher chance to find 

common binding site features and compounds with multi-target activity. In addition, for similarity of 

the binding site of the proteins also consider the presence of water molecules needed for ligand-

target interactions or unfavorable water molecules. Also, when there are more ligand-target complex 

structures available, ligand-based and structure-based approaches can be performed in parallel to 

identify similar protein conformations that can be used for docking. A ligand-based approach could 

be to identify a set of protein conformations that can bind similar (co-crystalized) ligands. With a 

structure-based approach similar features in the binding site can be identified between structures. 

Furthermore, with MD simulations and ML approaches the conformational landscape of proteins can 

be sampled. Selection of protein conformations in multi-target drug design will help to design and 

predict multi-target ligands better. 
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Figure 12. Schematic of the SBVS workflow. First, compounds can be pre-filtered from a library of compounds using for 
example compound similarity searches. The target structure is obtained from crystallographic data or a homology model is 
used. A structure-based pharmacophore model can be created, which can be used to screen compounds. This can be 
followed by SBVS using docking. The compounds are ranked and SBVS hits are selected. Biological assays can be performed 
to identify hits, which can be optimized into lead compounds.58 

3.2.1 Structure-based pharmacophores 

When the structure of a ligand-target complex or of only the target (apo) is available a structure-

based pharmacophore model can be developed.52 The structure of a ligand-target complex can be 

obtained from crystallization or by docking. When there are no known ligands for a certain target the 

apo structure can be used as a de novo approach to create a 3D pharmacophore. This approach can 

also be used if the ligand is known and a structure of the ligand-target complex is available. 

Advantageously, this will create a pharmacophore model for the binding site that is not biased by the 

presence of the known ligand. Therefore, a different region of the chemical space can be sampled.  

Feature-based methods can be used for both the complex structure as the apo structure. For the 

complex the ligand-target interactions are identified and result in the pharmacophoric features. In 
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contrast, for the apo structure fragments are docked into the binding site using a docking program. 

Fragments which are energetically suitably docked are used to create a 3D pharmacophore 

hypothesis. Also, molecular field-based methods can be used to obtain pharmacophoric features by 

using molecular interaction fields (MIFs) (Fig. 13). Beforehand a binding site is defined and a grid is 

placed and different probes sample the interactions that occur between functional groups of the 

ligand and target. Energies between the probe and target are calculated and make it possible to 

identify sites of favorable interactions. Together the interactions describe the MIFs, and maps are 

generated that show how the interaction energy alters between the probe and the target. Local 

minima of the MIFs are converted to pharmacophoric features per probe.  

For an apo structure too many possible features are generated and should be reduced before virtual 

screening. With too many features it will be very hard to obtain any hits, but there should be enough 

to obtain specificity.  

 

Figure 13. Calculation of MIF of a compound using a grid. (A) A grid is placed over the ligand. (B-D) A probe molecule is used 
to calculate the interaction energy at different grid points. (E) An example of a MIF.59 

3.2.2 Molecular docking 

Molecular docking is performed to predict the interactions between a compound and a target.60 

Often first the orientation of the compound in the binding site of the target is predicted, which is 

followed by scoring to assess their complementarity. 

Virtual libraries contain a set of compounds that are docked against a target.61 A crystal structure of 

the target was always needed to perform docking, but recent advancements have made it possible to 
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use homology models (possibly optimized with MD).25 Virtual compound libraries can be classified 

into general, focused and targeted.61 General libraries contain compounds for a large number of 

different targets. Focused libraries are more specific towards a family of related targets. Most 

specific is the targeted library, which contains a set of compounds meant for a single target. Library 

size can vary, but often consists of a high number of compounds. During docking the compounds or 

fragments from the library are docked and parameters are defined. Unfortunately, sampling of the 

conformations of the ligand and target is often limited.25 Also, different constraints can be used, such 

as distant restraints, which can keep the compound in the binding site.24 Scoring functions are used 

to rank the compounds. Often one scoring function is used, which can for example be force field 

based, empirical or knowledge based. However, scoring functions often do not resemble the 

experimental binding affinities.25 Post-docking refinement or rescoring can help to obtain better hits, 

as these methods use more rigorous binding free energy calculations or use machine learning scoring 

functions.24 Other types of rescoring approaches involve various types of molecular interaction 

fingerprints as the different ligands of a given target often share key molecular interaction patterns. 

MD can be applied to sample more of the conformational space of ligands, targets and ligand-target 

complexes and improve docking results.25 In addition, a validation can be done by re-docking the 

original ligands in the binding site.62 

In structure-based docking visual inspection is needed to evaluate the binding mode due to inherent 

inaccuracies.63 Often binding modes are inspected on criteria as shape, hydrogen bonds and 

hydrophobic contacts. However, human inspection has drawbacks, such as their experience and the 

number of poses they can correctly examine. In addition, docking methods have limitations like not 

taking into account protein flexibility, omitting part of the entropy and the use of inaccurate scoring 

functions. A study challenged experts to separate native and non-native poses by visual inspection. 

The results suggested visual inspection bias exists, but remains limited when discussing results with 

colleagues.  

In addition, to the insight in ligand-target interactions, molecular docking can be used for drug 

repositioning, reverse screening, prediction of adverse drug reactions and in multi-target dug 

design.25 Reverse docking is used to predict the targets of a ligand, a method that allows for target 

fishing and profiling (Fig. 14).25,64,65 In this approach the library consists of target structures and 

targets are ranked with scoring functions.25 Results of standard docking scoring functions are 

normalized to prevent biases or depending on the use of target. In RD the target flexibility is also 

limited.59 Combining ML methods with RD is also being explored to improve docking results.25 Some 

limitations of RD with ML are the need for more advanced computational approaches, the amount of 

data needed for training of the model and unavailability of some target structures. As more data on 

target structures comes available ML will be used more in the future.  
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Figure 14. Traditional docking and reverse docking. During traditional docking many ligands are screened against one 
target. In contrast, reverse docking uses one ligand, which is docked against multiple targets.65 

In polypharmacology molecular docking can be performed for de novo multi-target design, to find 

new drugs that bind selectively to a subset of targets relevant for a certain disease.44 This can be 

fragment-based de novo multitarget drug design via an iterative fragment-growing strategy.66 

Fragments are more promiscuous and combining them is a strategy to develop a multi-target ligand. 

Although the use of docking is especially challenging based on selection of protein conformations 

and structural similarity of the binding sites of targets.25 Therefore, docking is often combined with 

other in silico methods, for example pharmacophore modelling. A combination of in silico methods 

for the design of multi-target ligands needs to be decided on based on the available resources and 

biological data. 

Covalent docking in combination with quantum mechanics (QM) is the ‘gold-standard’ to design 

covalently binding drugs.52 Lower doses are needed for covalent-binding ligands as they remain at 

their target, which makes these ligands popular. However, QM calculations have a high 

computational cost and require much time. For these reasons pharmacophore models are often used 

in virtual screening of large libraries. 

Example of dual-target ligands designed using SBVS 

So far the pharmaceutical industry believes multi-target drugs to be a challenge to design, as the lead 

optimization step is complex .14 Recently, dual-target ligands against G‐protein coupled receptors 

(GPCRs) were designed using SBVS.67 This study was the first to report the use of SBVS to design 

ligands with activity against two distinct GPCRs. These dual-target ligands showed antagonistic 
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activity against the A2A adenosine receptor and agonistic activity against the D2 dopamine receptor. 

Both receptors are relevant for Parkinson's disease, a complex disease, for which traditional drug 

design is challenging. For A2AAR crystal structures were available and for D2R a homology model was 

used. The binding sites of the two targets were compared, and seemed to differ a lot from structural 

alignment (Ballesteros‐Weinstein residue numbering) and ChEMBL data (Fig. 15A). After inspection 

targeting of the orthosteric and secondary pockets seemed to be the best approach (Fig. 15B).  

A virtual library was designed using N‐methyl‐2‐aminoindane as core scaffold, which was positioned 

in the orthosteric site of D2R and secondary binding pocket of A2AAR (Fig. 15C). Building blocks were 

linked to the core scaffold to generate compounds for the compound library. The optimal length of 

the linkers needed to be find, so both the orthosteric and secondary binding pockets could be 

accessed. Building blocks were obtained from known single‐target A2AAR ligands from ChEMBL and 

commercial building blocks of the ZINC15 database. Structure‐based docking was performed using 

the compounds from the library. First, docking was performed against a crystal structure of A2AAR 

using thousands of different conformations and orientations of each compound in the binding site. 

The top-ranked compounds were visually inspected and ten were picked for synthesis based on 

interactions with key residues.  

 

Figure 15. Design of a virtual chemical library. (A) The binding sites of A2AAR and D2R were compared using structural 
alignment (Ballesteros‐Weinstein residue numbering) and ChEMBL data. (B) The orthosteric and secondary binding pockets 
of A2AAR and D2R were inspected and N‐methyl‐2‐aminoindane was used as core scaffold. (C) A virtual library was designed 
with N‐methyl‐2‐aminoindane as core scaffold and an additional linker. Different building blocks were linked to the core 
scaffold.67 

The binding of the ten synthesized compounds was assessed using a competition binding assay. One 

compound was selected as the most promising starting point for hit‐to‐lead optimization, with the 

best affinity for the A2AAR and reasonably high affinity for D2R. To improve affinity and optimize 

functional potency analogs were designed and tested to obtain structure–activity relationships. 

Selectivity of analogs was evaluated using closely related targets. One analog was selected, for which 

BBB permeation and in vivo testing was performed. The compound could cross the BBB and had an 

antiparkinsonian effect. In the future, such dual-targeting compounds could potentially be used by 

Parkinson patients and SBVS can be used to design multi-target drugs for other complex diseases.  
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3.3 Network-based 
Network pharmacology allows the repositioning of FDA-approved drugs for the treatment of other 

diseases.23 Polypharmacology holds the principle that targets which are molecularly similar are 

assumed to have a similar binding to compounds. Proteins with similar binding pockets across the 

human proteome hold potential to be targeted simultaneously.39 Identification of similar binding 

sites helps to discover new possibilities to design multi-target ligands in the system of (protein) 

interactions underlying a disease. The system describes the interactions from omics (proteomics and 

genomics) data, which also describes dynamic interactions.68 So, in systems biology the DTIs in 

biological networks can be studied with the help of computational resources. For network-based 

methods in drug target discovery it is important to consider the isoform level, especially the 

identification of the major isoform, which can be analysed with gene expression profiles and an 

isoform coexpression network.69 Insight in the major isoform and drug targeting of different isoforms 

can be obtained for drug discovery. In addition, the design of novel multi-target therapeutic 

strategies can be identified. Eventually, drug-drug networks, drug-target networks and disease-

specific protein-protein networks can be made.  

New DTIs can be identified with the network-based approach, as was done for GPCRs (Fig. 16).70 First, 

an atlas of the human GPCRs was made. Second, the network of DTIs was reconstructed. Here, they 

made a local DTI network using only drugs marked as ‘approved’ in the DrugBank. In addition, a 

global DTI network was made using drugs marked as ‘approved’ and ‘investigational’ in the 

DrugBank, purchasable GPCR ligands and multi-target GPCR ligands. Third, predictive models were 

made by using different network-based methods and chemical substructures. Fourth, 

computationally potential DTIs were predicted from a compound library. Fifth, from the compounds 

a selection was made of ligands that bound to one or multiple GPCRs that were relevant. Lastly, 

experimental assays were done, which validated the activity of the new ligands. 

The network-based approach has several advantages compared to methods like docking and 

machine learning.70 First of all, for network-based methods crystal structures of the GPCRs are not 

needed. Second, only knowledge of the active DTIs is needed, in contrast to machine learning, where 

both the active and inactive DTIs is required. Which is hard as there is a lack of high-quality data on 

inactive DTIs. Although the network-based approach is promising there are still improvements to be 

made. Orphan GPCRs, GPCRs without known endogenous ligands, cannot be incorporated into the 

network. Therefore, identifying their endogenous ligands would enable the incorporation of the  

orphan receptors. Furthermore, methods that are able to predict potential DTIs for orphan receptors 

are being developed, aiding the development of new drugs against orphan GPCRs.  

Systemic chemogenomics/QSAR can be used in phenotypic virtual screening.71 When the whole 

system is encoded the connection between the first ligand-target interaction and the final phenotype 

can be unravelled. Systemic chemogenomics/QSAR can be used to select ligands that induce the 

desired phenotype. Also, proteochemometric modelling can be used for drug repositioning.23  
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Figure 16. Network pharmacology used to identify new DTIs for GPCRs. (A) Information on human GPCRs was collected from 
different GPCR databases. (B) Drug-target network was reconstructed from drug-target databases and human GPCRs. (C) 
Network-based predictive models were made using network-based methods. (D) DTIs were predicted using a compound 
library. (E) Relevant GPCR ligands were selected from the compounds. (F) The ligands were validated with bioassays.70 

Discussion 
Traditional drug design rationally designed selective drugs for a specific target.13 However, most 

drugs are actually promiscuous.14 For complex diseases a multi-target drug is needed for better 

efficacy. Polypharmacology studies can be used to reposition drugs, overcome resistance, predict 

possible adverse effects and design multi-target drugs, e.g. for complex diseases. Virtual screening 

methods have been used and improved to be used in multi-target drug design.26 Here, we presented 

ligand-based, structure-based and network-based approaches used to screen for multi-target drugs. 

Traditional virtual screening methods have been modified for the use in multi-target screening, but 

still need to be improved. New methods and algorithms are needed and more data, such as 

structural data of targets and activity data of compounds for multiple targets. Novel concepts have 

been introduced for multi-target drug design. In ligand-based mt-QSAR and the introduction of MCs 

seem promising. Structure-based the use of reverse docking and de novo multi-target drug design. 

Network-based considers the system and uses omics data and AI to find DTIs. A lot of progress is 

being made to alter the use of methods for the use of multi-target drug design and concepts are 
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being introduced. However, more alterations are needed for the applicability in multi-target drug 

design 

Best in silico approach to design a multi-target drug 
The best approach to use virtual screening in the multi-target design process differs. As the available 

information about ligands and targets is different per disease. Maybe in the future there will be one 

approach for the design of new drugs, the network approach shows great promise. Here, high 

performance computers need to handle all the data and there should be enough (experimental) 

data. Therefore, current limitations need to be overcome. More and more progress is made to obtain 

structural data targets and identify orphan drugs and targets. In the end still experimental screening 

is needed, with HTS as the gold-standard. AI can be used in ligand-based and structure-based de novo 

multi-target drug design.72 Incomplete data of compound activities (negative and positive data, i.e., 

ligands bind on or off target) makes the design of multi-target drugs challenging. In addition, 

available data is often primarily for target classes as GPCRs and kinases. In the future we need more 

data on compounds and their activity for different targets, which means that also negative data 

needs to be published. When designing a network using incomplete data, this will result in a bias and 

will limit the applicability of the model. Use of DL in multi-target drug design holds much promise, as 

it could predict synergistic effects. However, the lack of data for training is limitation.  

Promiscuity and conformations of the ligand and target 
Computational methods are available to study the promiscuity of both drugs and targets.73 

Promiscuity of both the ligands and targets needs to be considered. While promiscuous ligands have 

been studied extensively the promiscuity of the binding site has been studied to a lesser extent. 

Drugability of the binding site needs to be evaluated. Dopamine and cocaine both bind to the 

dopamine transporter (DAT) using a different binding mode, with different interactions, thus have a 

different pharmacophore.74,75 Recently, a new allosteric binding site of cocaine of DAT was 

identified.76 Therefore, a pharmacophore model cannot describe the interactions of cocaine and 

dopamine, due to the different conformations of the DAT receptor during binding. In addition, 

flexibility of the binding site is of great importance. The use of MD in docking is needed to account 

for flexibility. Also, the binding of a drug to different protein classes or proteins from the same family 

need to be considered, which is linked to sampling of the entire chemical and biological space. 

Resistance and identification of novel modes of action  
Resistance (desensitisation) against newly discovered drugs should be circumvented and the 

probability of resistance should be minimized from the start.77 Next to the magic bullet and magic 

shotgun, the term magic bomb was introduced for a new mode of action against parasitic diseases.78 

Here, a prodrug is activated inside the parasite by reductive bioactivation, relying on electron 

transfer, which is followed by the formation of reactive radicals. These drugs are promiscuous as they 

target multiple proteins and try to prevent the emergence of resistance. Highlighting the emergence 

of new potential uses of multi-target approaches. 

New use of multi-target drug 
Synthetic lethality is the cell death due to multiple genetic events, e.g. in cancer, whereas a single 

genetic event will not result in cell death.79 Multi-target drugs can be designed that act on specific 

pathways involved in synthetic lethality. Polypharmacology studies both the on-target and off-target 

effects, indicating it can also be used to predict adverse reactions. In addition, a multi-target drug can 

act on different targets and may act agonistic and antagonistic. For the design of a multi-target drug 

more information is needed in advance to predict if it will be an agonist or an antagonist. The multi-

target drug has to remain long enough in the blood to be able to reach and act on multiple targets. 
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Furthermore, in each case we should investigate if weak partial inhibition is better than the full 

inhibition of a target. Additionally, the drug should have approximately the same affinity for the 

relevant targets. Finally, a multi-target drug should show synergy by modulating multiple targets. 

Towards precision medicine 
The term precision medicine has been coined, which takes into account the genes, environment and 

lifestyle of each person to create new treatments.54 This approach will eventually replace the ‘one-

size-fits-all’ approach. As only for the perfect patient the predefined dose of a drug is correct, each 

patient ideally needs a different dose. This also holds for the usage of combination drugs or multi-

target drugs. For the development of personal medicine new methodologies need to be developed. 

In addition, a lot of omics data is needed to find specific treatments. Furthermore, cell-based disease 

models (phenotypic) may aid the development of personal medicine. 

Conclusion 
In summary, multi-target drug design remains challenging, but recent and upcoming advancements 

show great promise. Methods are being updated and novel concepts are introduced to aid the design 

of muti-target drugs. In this review we highlighted the traditional drug design approach and the shift 

towards polypharmacology. Especially focussing on the virtual screening methods in drug design and 

their applicability in multi-target drug design. We introduced limitations and promising approaches in 

multi-target drug design. Future approaches will aid network-based drug design using omics data and 

AI methods.  
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