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Abstract 

Nipah Virus (NiV) came into limelight due to an outbreak in Kerala, India. NiV infection can cause severe respiratory 
and neurological problems with fatality rate of 40–70%. It is a public health concern and has the potential to become 
a global pandemic. Lack of treatment has forced the containment methods to be restricted to isolation and surveil-
lance. WHO’s ‘R&D Blueprint list of priority diseases’ (2018) indicates that there is an urgent need for accelerated 
research & development for addressing NiV. In the quest for druglike NiV inhibitors (NVIs) a thorough literature search 
followed by systematic data curation was conducted. Rigorous data analysis was done with curated NVIs for prioritis-
ing curated compounds. Our efforts led to the creation of Nipah Virus Inhibitor Knowledgebase (NVIK), a well-curated 
structured knowledgebase of 220 NVIs with 142 unique small molecule inhibitors. The reported IC50/EC50 values 
for some of these inhibitors are in the nanomolar range—as low as 0.47 nM. Of 142 unique small-molecule inhibi-
tors, 124 (87.32%) compounds cleared the PAINS filter. The clustering analysis identified more than 90% of the NVIs 
as singletons signifying their diverse structural features. This diverse chemical space can be utilized in numerous ways 
to develop druglike anti-nipah molecules. Further, we prioritised top 10 NVIs, based on robustness of assays, phys-
icochemical properties and their toxicity profiles. All the NVIs related information including their structures, physico-
chemical properties, similarity analysis with FDA approved drugs and other chemical libraries along with predicted 
ADMET profiles are freely accessible at https://​datas​cience.​imtech.​res.​in/​anshu/​nipah/. The NVIK has the provision 
to submit new inhibitors as and when reported by the community for further enhancement of the NVIs landscape.

Scientific contribution

The NVIK is a dedicated resource for NiV drug discovery containing manually curated NVIs. The NVIs are structurally 
mapped with known chemical space to identify their structural diversity and recommend strategies for chemical 
library expansion. Also, in NVIK a combined evidence-based strategy is used to prioritise these inhibitors.
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Introduction
Nipah Virus (NiV) is a deadly human and animal pathogen 
from the paramyxoviridae family of genus henipavirus. Its 
genome consists of a negative-sense  single-stranded RNA 
which encodes for six structural proteins including nucle-
ocapsid protein, phosphoprotein, large protein/RNA poly-
merase, glycoprotein, fusion protein and matrix protein [1]. 
The genome size of NiV is 18.2 kb and the viral particles vary 
in their morphology (spherical and filamentous) and size 
(40–1900 nm). Two genetic lineages of NiV from Malaysia 
and Bangladesh are known to infect humans [2]. Pteropid 
bats are the known reservoir of NiV and they are also able 
to spread to humans and some other species. This virus can 
cause lethal respiratory and neurological conditions across 
their hosts [3].

First human outbreak of NiV, was reported in 1998–1999 
in Malaysia due to zoonotic transfer in humans which were 
in direct contact with infected pigs [4] [5]. Following this, 
similar outbreaks with encephalitis were reported in 2001 
and 2003 in Bangladesh and serologically confirmed anti-
bodies were found in local Pteropus bats possibly acting as 
NiV reservoir [6, 7]. Since then, NiV outbreaks have been 
reported in India, Singapore and Philippines with 40–70% 
mortality [7]. The major transmission pathways of NiV in 

humans include transmission from bats (consumption of bat 
infected date palm sap by humans in Bangladesh), livestock 
(consumption of food infected with bat’s secretions follow-
ing transfer to humans) and human to human transmission 
[8, 9]. The virus had garnered attention due to its resurgence 
in the Kozhikode district of south Indian state of Kerala in 
2021, where it caused the death of a 12-year-old child. Nota-
bly, the district was the epicentre of the 2018 nipah outbreak 
in the state, first ever NiV outbreak in southern India [10, 
11]. In September 2023, sixth outbreak of NiV via zoonotic 
mode of transmission  was reported in India, resulting in 
total six cases with two deaths. The genome sequence analy-
sis of this outbreak of NiV clustered it into the Indian clade 
of 2018 and 2019 outbreaks [12].

NiV causes cell-to-cell fusion in the host forming multinu-
cleated cells called syncytia. This allows the virus to spread 
despite the absence of viral budding and greatly influences 
its infectivity [13, 14]. The incubation period of the virus 
ranges from 4 to 14 days [7]. Primarily the virus infects the 
central nervous system but the NiV strain from Bangladesh 
has been shown to have significant respiratory involvement 
[2]. The capacity of NiV to acquire frequent mutations, high 
mortality rate and non-availability of standard treatments 
makes it a potential bioterrorism agent [15, 16].
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Currently, there is no known treatment for the NiV. 
Broad-spectrum antiviral ribavirin has shown contradic-
tory results with even the most optimistic ones signifi-
cantly below 50% in causing reduction of the mortality 
rate [1718, 19]. Other small-molecule inhibitors, namely, 
favipiravir and remdesivir have shown positive results 
but their efficacy is still under investigation [20, 21]. Also, 
few vaccines namely- mRNA-1215 (status: completed, 
no results posted), PHV02 (status- active) and HeV-sG-
V (status: completed, results not available publically) are 
under various phases of clinical trials [22]. Despite being 
a lethal pathogen there is not a single drug under clini-
cal trial against this virus.  Due to several challenges in 
discovery and development of NVIs, along with lack of 
therapeutic intervention and the pathogenic propensity 
of the virus, nipah infections are included in the WHO’s 
list of priority diseases, and they have proposed strate-
gies, key activities and milestones to prevent and contain 
nipah infection in the South-East Asia region [23] [24].

Various methods including viral titre reduction assays, 
syncytium formation and screening of  large chemical 
libraries have been performed and led  to identification 
of NVIs such as sulfonamide antimicrobials with low 
EC50, broad-spectrum antiviral ribavirin, favipiravir- a 
purine analogue antiviral showing protection to  Syr-
ian hamster model challenged with a lethal dose of NiV 
and monoclonal antibodies to prevent the NiV fusion 
and entry [17, 20, 25–27]. Despite reports of NVIs, no 
systematic evaluation of the reported compounds is per-
formed. A few antiviral inhibitor databases and stud-
ies exists, namely, The Influenza Research Database [28, 
29], The Virus Pathogen Database and Analysis Resource 
[30] and Enamine antiviral-library [31] etc. They contain 
very limited or no information with the focus on NiV. 
The ones with focus on NVIs are either scattered datasets 
or curated versions with limited or no evaluation of the 

anti-Nipah compounds as starting points for drug dis-
covery and development of anti-Nipah inhibitor(s) [32].

Towards this, we adopted a crowdsourcing-based 
model to systematically  curate, evaluate and prioritise 
NVIs following combined evidence strategy and devel-
oped a dedicated resource for NVIs-NVIK. The NVIs 
were prioritised based on assay robustness, their toxic-
ity profiles and structural similarity with FDA approved 
drugs, Enamine  antivirals and other chemical libraries. 
In addition, the ADMET predictions were carried out 
using deep learning-based methods and the NVIs were 
also screened for the presence of PAINS substructures. 
Based on a combined evidence approach, a few candi-
date NVIs are proposed as starting points for drug dis-
covery of NiV. Further, to expand the chemical space, 
drug-like compounds similar to these prioritised candi-
dates are reported from FDA approved drugs, Enamine 
antivirals, ZINC lead-like compounds and COCONUT 
libraries. All these analyses and curated data is publically 
available on a web-based platform which also allows the 
submission and assessment of new molecules reported as 
NVIs. The NVIK is freely available at https://​datas​cience.​
imtech.​res.​in/​anshu/​nipah/.

Methods
NVIs data curation and structured representation
The biomedical and life sciences literature resource- Pub-
Med (https://​www.​ncbi.​nlm.​nih.​gov/​pubmed) & other 
web-resources were utilised for retrieval of publications 
related to NVIs. Studies related to NVIs were retrieved 
using the keyword ‘Nipah’ and at the time of curation 
(21 May 2024) this keyword listed 1517 papers (Supple-
mentary File 1). The papers with confirmed information 
regarding NVIs were shortlisted to perform manual cura-
tion and create a NVIK-Open resource sheet to organise 
data under following fields (Table 1).

Table 1  NVIK data structure showing various fields/parameters of the NVIs

S. no Feature Description

1 Compound ID & Name NVIC_ID (Internal ID for NVIK), Inhibitor Name (as reported in literature)

2 Compound representation and external 
IDs

SMILES format of compounds, InChIKey,
External IDs include PubChemID/DrugBank ID/ChemSpider ID

3 Physicochemical properties Molecular weight (MW), Number of H-bond acceptor (HBA), Number of H-bond 
donor (HBD), Number of rotatable bonds (RB), LogP, Topological polar surface area 
(TPSA)

4 Target Target reported as mentioned in literature, along with mechanism wherever reported

5 Assay Information Assay type, Assay description, Assay source, Assay cell type

6 Outcome Outcome of the assay, IC50 / EC50 in nM unit

7 Data Source Reference, preferably Pubmed ID, URL, Structure citation

8 Curator information Curator_email_id

https://datascience.imtech.res.in/anshu/nipah/
https://datascience.imtech.res.in/anshu/nipah/
https://www.ncbi.nlm.nih.gov/pubmed


Page 4 of 14Singh et al. Journal of Cheminformatics          (2025) 17:174 

The structure of the NVIs were either drawn using 
MarvinSketch 5.11.4 or retrieved from their correspond-
ing research paper, Pubchem, Chemspider and DrugBank 
identifiers. In order to ensure consistency, the NVIs were 
designated with a unique ‘NVIC_ID’ identifier and their 
corresponding IC50/EC50 were mentioned in nM con-
centration. In this way the NVIK-Open resource sheet 
is created and the email address of the curator (Curator_
email_id) is also provided in this sheet corresponding to 
their curated NVIs.

NVIK platform architecture
The NVIK is built using the LAMP stack: Linux (Ubuntu 
20.04.2 LTS), Apache/2.4.41 (Ubuntu), MySQL 8.0.26, 
and PHP 7.4.3.0. PHP handles the server-side operations, 
connecting with MySQL to manage the database of NVIs. 
The platform offers search features, including text, struc-
ture, and complex query-based searches,  to quickly find 
the required  information. This setup ensures that NVIK 
is secure, scalable, and user-friendly, making it a valuable 
tool for research and drug discovery. The NVIK home-
page is shown in Fig. 1 which provides an overview of the 
various data fields and features of the platform.

Utility
NVIK user interface
NVIK allows the user to Browse, Search and Submit 
NVIs. It also provides the physicochemical properties 

of NVIs, their ADMET predictions and database statis-
tics. The user can also access structural similarity data of 
NVIs with FDA approved drugs, Enamine antivirals and 
other chemical libraries.

NVIK search options
The user can search the database to retrieve the desired 
results using ‘Simple Search’, ‘Query Builder’ and 
‘Structure Search’ options. The ‘simple search’ option 
enables the user to perform text based search among 
all or selected fields of NVIK whereas in ‘query builder’ 
the user can customize the query using a combination 
of different data fields and logical operators to retrieve 
specific hits. Finally, the ‘structure search option’ ena-
bles the user to retrieve the structurally similar NVIs 
corresponding to their query molecule submitted 
in SMILES/SDF/MOL format or drawn using JSME 
browser.

Browsing interface
The ‘Browse’ option in the NVIK homepage directs the 
user to access the various fields of NVIK as shown in 
Fig. 2. The user can access the NVIK information field-
wise such as by inhibitor name, targets/mechanisms, 
assay type, IC50 and EC50 values. Apart from this the 
‘Browse’ option also provides a link to access inhibitors 
other than small molecules.

Fig. 1  NVIK homepage architecture illustrating various fields including ‘Browse’, ‘Search’, ‘Similarity’, ‘Statistics’, ‘Physicochemical properties’ 
and ‘ADMET’ options



Page 5 of 14Singh et al. Journal of Cheminformatics          (2025) 17:174 	

Clustering, Similarity analysis and visualisation 
of the small‑molecule NVIs
Clustering
The GenerateMD (https://​docs.​chema​xon.​com/​displ​
ay/​docs/​finge​rprin​ts_​finge​rprint-​and-​descr​iptor-​gener​
ation-​gener​atemd.​md) application program from Che-
mAxon was used to generate the chemical fingerprints 
(CF) of the NVIs and later were used for clustering using 
Jarp (version 6.0.2) (https://​docs.​chema​xon.​com/​displ​ay/​
docs/​Jarvis-​Patri​ck+​clust​ering), to get variable-length 
clusters at 0.15 dissimilarity threshold (1-Tanimoto coef-
ficient (Tc)).

Physicochemical property comparison and structural 
similarity of NVIs
The properties namely MW, HBD, HBA, LogP, TPSA 
and RB were calculated using RDKit (version 2024.03.5). 
Physicochemical properties-based comparison of the 
NVIs was done with FDA approved drugs (1123) (https://​
enami​ne.​net/​compo​und-​libra​ries/​bioac​tive-​libra​ries/​
fda-​appro​ved-​drugs-​colle​ction) and Enamine antiviral 
library (3200) (https://​enami​ne.​net/​compo​und-​libra​ries/​
targe​ted-​libra​ries/​antiv​iral-​libra​ry). Additionally, similar 
comparison was also done with the COCONUT (COl-
leCtion of Open NatUral producTs), which is a compre-
hensive resource of natural compounds (https://​cocon​ut.​
natur​alpro​ducts.​net/),  Pathogen box compounds, which 
contains structurally diverse library of compounds for 
infectious and neglected diseases (https://​www.​mmv.​
org/​mmv-​open/​patho​gen-​box/​about-​patho​gen-​box) and 
CAS (Chemical Abstracts Service) COVID-19  library 
which provides unique and unambiguous identifier to the 
compounds (https://​www.​cas.​org/​press-​relea​ses/​open-​
access-​covid-​19-​datas​et).

Further, structural similarity of the NVIs was car-
ried out with FDA approved drugs, known antivirals 

(Enamine), COCONUT and CAS libraries using Mor-
gan fingerprints (radius = 2, nBits = 2048) at Tc ≥ 0.8. 
The SwissSimilarity (http://​www.​swiss​simil​arity.​ch) [33] 
web server was used to find the number of Zinc lead-like 
compounds overlapping with NVIs using electroshape 
and Extended-Connectivity Fingerprints (ECFPs). Finally, 
Pan Assay Interference Compounds (PAINS) in NVIs 
were identified using RDKit (version 2024.03.5).

Visualisation
The circular plot of the NVIs common physicochemi-
cal properties were represented graphically using plotly 
(version 5.22.0) (https://​plotly.​com/​python/), which is an 
open-source, data-visualisation library in python. Dis-
tinct colours were used to represent different proper-
ties. The outermost circle/ring in the plot represents the 
aliphatic/cyclic nature of the compound and rest of the 
properties were represented as bar plots using barpolar 
graph object in plotly. The bar plots were sorted based on 
the molecular weights.

Utilising Deep Learning (DL) platforms for ADMET 
prediction of NVIs
Recently developed, web-based DL platforms namely 
admetSAR 3.0 [34] and DeepPK [35] were used to pre-
dict the ADMET properties of the NVIs. Both admetSAR 
3.0 and DeepPK are graph neural network based ADMET 
prediction models. The admetSAR 3.0 is a contrast learn-
ing based multitask graph neural network framework, 
which utilises transformation rules and scaffold hopping 
optimization strategies to provide predictions on 119 
ADMET endpoints. On the other hand, DeepPK uses 
449 graph-level features for DMPNN (Directed Message 
Passing Neural Network) based learning and Bayesian 
hyperparameter optimization to provide predictions on 
64 ADMET endpoints. The SMILES format of the NVIs 

Fig. 2  NVIK browsing option to access the various fields namely- Inhibitors, Targets/Mechanisms, Assay type, Cell type, IC50 (in nM), EC50 
(nM), Reference and Other Inhibitors of the curated small-molecule NVIs. This tab also provides the option to access other types of inhibitors 
including peptide-based inhibitors

https://docs.chemaxon.com/display/docs/fingerprints_fingerprint-and-descriptor-generation-generatemd.md
https://docs.chemaxon.com/display/docs/fingerprints_fingerprint-and-descriptor-generation-generatemd.md
https://docs.chemaxon.com/display/docs/fingerprints_fingerprint-and-descriptor-generation-generatemd.md
https://docs.chemaxon.com/display/docs/Jarvis-Patrick+clustering
https://docs.chemaxon.com/display/docs/Jarvis-Patrick+clustering
https://enamine.net/compound-libraries/bioactive-libraries/fda-approved-drugs-collection
https://enamine.net/compound-libraries/bioactive-libraries/fda-approved-drugs-collection
https://enamine.net/compound-libraries/bioactive-libraries/fda-approved-drugs-collection
https://enamine.net/compound-libraries/targeted-libraries/antiviral-library
https://enamine.net/compound-libraries/targeted-libraries/antiviral-library
https://coconut.naturalproducts.net/
https://coconut.naturalproducts.net/
https://www.mmv.org/mmv-open/pathogen-box/about-pathogen-box
https://www.mmv.org/mmv-open/pathogen-box/about-pathogen-box
https://www.cas.org/press-releases/open-access-covid-19-dataset
https://www.cas.org/press-releases/open-access-covid-19-dataset
http://www.swisssimilarity.ch
https://plotly.com/python/
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were used as input to get the ADMET predictions from 
both servers.

Combined evidence strategy for NVIs prioritisation
The curated NVIs were prioritized based on the robust-
ness of assays, physicochemical properties, PAINS filter 
and their toxicity profiles. The physicochemical prop-
erties based comparison of NVIs was done with FDA 
approved drugs and Enamine antivirals considering 
Lipinski [36] and Veber [37] rules. The toxicity profiles 
were analysed based on a set of toxicity endpoints. Finally 
a prioritised list of NVIs is reported using a combined 
evidence approach.

Results and discussion
NVIK statistics
The current version of the NVIK contains a total of 220 
NVIs (Supplementary File 2). There are a total of 142 
unique small-molecule NVIs with 178 entries as some 
compounds are reported in multiple studies. The IC50/
EC50 value is available for 66 (47.48%) inhibitors mostly 
ranging from 0.47 nM to 1030.79 µM and a few ranging 
from 1848.2 µM  to 7562.71  µM and structures are pro-
vided for all the 142 NVIs.

NVIK physicochemical properties and structural diversity
An overall distribution of physicochemical proper-
ties of NVIK is presented in Fig.  3 in which the NVIs 
are arranged in the ascending order of their molecu-
lar weights. The NVIs distribution of MW, HBA, HBD, 
RB, LogP and TPSA ranges between 55.84–1626.23 
(MW), 0–21 (HBA), 0–16 (HBD), 0–27 (RB), -10.36–
7.79 (LogP) and 0–463.93 (TPSA), respectively (Supple-
mentary File 2). Majority (137 out of 142) of the small 
molecule NVIs are cyclic in nature. The innermost con-
nection lines in this figure represent the unique cluster 
connections obtained through clustering analysis. Inter-
estingly, we can see compounds with different molecu-
lar weights are part of the same cluster (represented 
by those connections which are passing through the 
centre of the Fig.  3). These connections belong to fol-
lowing clusters- Clid52 (NVIC0054 (MW = 319.87  g/
mol; IC50 = 620  nM) and NVIC0117 (MW = 515.9  g/
mol)), Clid12 (NVIC0012 (MW = 504.43  g/mol) and 
NVIC0028 (MW = 344.31  g/mol), Clid12 (NVIC0028 
(MW = 344.31  g/mol) and NVIC0105 (MW = 504.43  g/
mol)) and Clid12 (NVIC0028 (MW = 344.31  g/mol) and 
NVIC0133 (MW = 666.57 g/mol)) with difference in their 
molecular weights. As seen in Fig.  3, Clid26 comprises 
of NVIC0026 (MW = 540.06  g/mol; IC50 = 70  nM) and 
NVIC0044 (MW = 469.97  g/mol; IC50 = 410  nM) which 
have similar structure and difference in their activity.

Clustering of 142 small molecule NVIs resulted in 12 
non-singleton clusters (9.6% of NVIs) (maximum number 
of compounds per cluster is four) and the remaining 113 
clusters (90.4% of NVIs) were singletons (one compound 
per cluster). Also, the average dissimilarity among NVIs 
was 0.80 which clearly shows the structurally diverse 
nature of the NVIs. Interestingly, a difference in IC50/
EC50 values were observed between the compounds of 
a particular cluster as shown in Fig. 4. For example, the 
Clid71 in Fig.  4 has 4 compounds in which NVIC0074 
has EC50 of 1.5 µM while other three compounds in the 
cluster namely NVIC0075 (EC50 = 3  µM), NVIC0076 
(EC50 = 4 µM) and NVIC0077 (EC50 = 3 µM) have rela-
tively higher EC50 values. Similarly, in Clid26, NVIC0026 
has an IC50 value of 0.07 µM while NVIC0044 has IC50 
of 0.41  µM. Same differences in IC50 values were also 
observed for Clid-16 and Clid-91 as shown in Fig.  4. 
These analyses suggest that small-molecule NVIs are not 
only diverse in their chemical structure but also minor 
structural variation within members of a cluster can lead 
to difference in their potency. In cases where activity val-
ues for one of the cluster members is reported, the activi-
ties of the other members can be explored utilizing the 
common and different structural features among these 
compounds.

Comparative distribution of physicochemical properties 
among NVIs, FDA approved drugs, enamine‑antivirals, 
and other chemical libraries
Physicochemical properties based comparative distribu-
tion of NVIs was done by plotting the percentage dis-
tribution of the six properties (MW, HBD, HBA, LogP, 
TPSA and RB) among compounds from NVIs, FDA 
drugs and enamine antivirals as shown in Fig.  5. Based 
on physicochemical properties as suggested by Lipin-
ski [36] and Veber [37], it is observed that the majority 
of NVIs are well-within their prescribed range for oral 
bioavailability.

It is observed that the distribution of these six proper-
ties for NVIs is similar to FDA drugs and also in some 
cases with enamine antivirals. Similar comparison was 
made with other chemical libraries, namely, COCONUT, 
Pathogen box and CAS compounds as shown in Fig.  6. 
Most of the NVIs also had distribution similar to the 
COCONUT and CAS libraries followed by the Pathogen 
box compounds.

Structural similarity of NVIs with FDA approved drugs 
and targeted libraries
Structural similarity analysis identified 27 NVIs 
(Tc ≥ 0.8) similar to the FDA approved drugs out of 
which 14 NVIs (Tc = 1) are structurally identical (Sup-
plementary File 3). The NVIs, including NVIC0015, 
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NVIC0065 and NVIC0117 are Remdesivir, Ribavi-
rin and Chloroquine which are approved antivirals; 
NVIC0096 (Cyclosporine) is an immunosuppressive 
agent; NVIC0102 is Bosutinib which is a kinase inhibi-
tor; NVIC0066 (Bortezomib) is antineoplastic agent 
and NVIC0061 is Gabapentin, an anticonvulsant 
according to the FDA Pharm Classes (https://​pubch​em.​
ncbi.​nlm.​nih.​gov/​source/​FDA%​20Pha​rm%​20Cla​sses). 
This shows that a substantial number of NVIs include 
FDA approved drugs with reported anti-Nipah activity. 

Such information can be vital towards developing the 
drug-repurposing strategies against NiV.

Further, we have identified 1314 high similarity hits 
(Tc ≥ 0.8) of NVIs in COCONUT natural compounds 
library (Supplementary File 4). We noticed that a sin-
gle NVI entry with Tc = 1 was matching with multi-
ple COCONUT identifiers (for example: NVIC0012, 
NVIC0024, NVIC0056, NVIC0133 and others showed 
hits to multiple COCONUT compounds). We recom-
mend not to consider Tc = 1 as an identical hit in this 

Fig. 3  Circular plot of 142 unique small molecule NVIs showing distribution of their physicochemical properties. The outermost ring 
represents the aliphatic (blue) and cyclic compounds (green) among NVIs. The NVIs are sorted according to the increasing order of their MW 
and the subsequent rings represent the MW, HBA, HBD, RB, LogP and TPSA values respectively. The innermost lines represent the connections 
among NVIs determined through clustering analysis in which the pointed cluster- Clid26 with two members as NVIC0026 and NVIC0044 are 
in the same cluster despite differences in their MW and IC50 values

https://pubchem.ncbi.nlm.nih.gov/source/FDA%20Pharm%20Classes
https://pubchem.ncbi.nlm.nih.gov/source/FDA%20Pharm%20Classes
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analysis as the Tc was computed using Morgan finger-
prints which performs substructure-based search and 
thus the resulting index is representative of substructure 
identity rather than the entire structural identity. The 
above explanation can be better understood by consider-
ing an example of NVIC0133 which has 5 COCONUT 
hits (CNP0264570.1, CNP0414235.2, CNP0264570.3, 
CNP0414235.1 and CNP0264570.2) with Tc = 1 in which 
CNP0264570.1, CNP0264570.2 and CNP0264570.3 has 
different molecular weights and number of aromatic 
rings as compared to NVIC0133 but still has Tc = 1 signi-
fying only the substructure identity. Similar comparisons 
with targeted libraries, namely, Enamine-antivirals found 
one hit with maximum Tc of 0.58 (maximum among all 
the antivirals) and among pathogen box compounds got 
one hit with maximum Tc of 0.85 (Supplementary File 5).

Further, PAINS substructure identification in small-
molecule NVIs led to screening of frequent hitters. 
PAINS substructures were identified in 18 out of the 142 
compounds. This shows that the majority (87.32%) of the 
curated NVIs were free from PAINS substructures.

ADMET predictions of the NVIs
DL based ADMET predictions of NVIs can be accessed 
at NVIK homepage as shown in Fig.  1. Many drugs fail 

to reach the market due to an imbalance between the 
pharmacokinetic and pharmacodynamic profile, which 
includes absorption, distribution, metabolism, excretion 
and toxicity (ADMET) characteristics [38]. Therefore, 
two DL methods namely admetSAR 3.0 and DeepPK 
were  applied to NVIK for prioritisation of drug-like 
inhibitors. The analysis was focused on the toxicity-based 
predictions from these servers owing to its importance in 
the drug discovery process to screen and prioritise com-
pounds based on their safety profile [41]. The admetSAR 
3.0 has 43 human health toxicity endpoints and Deep-
PK has 35 toxicity endpoints. Out of these, 10 common 
toxicity endpoints, namely, hepatotoxicity [(DILI (Drug 
Induced Liver Injury) in admetSAR 3.0; Liver Injury II 
in Deep-PK (as it considers only human hepatotoxicity)], 
hERG blockers [(hERG (< 1  μM > 10  μM) for admetSAR 
3.0 (as it is the best developed-model for the used data-
set) and hERG in Deep-PK], mutagenicity, respiratory 
toxicity, Glucocorticoid Receptor (GR), Thyroid Receptor 
(TR), Mitochondrial Membrane Potential (MMP), micro-
nucleus, Estrogen Receptor (ER) and p53 were selected 
based on their relevance to the current study. The admet-
SAR 3.0 predictions of the above-mentioned toxic-
ity endpoints identified 7 non-toxic NVIs (NVIC0012, 
NVIC0017, NVIC0028, NVIC0059, NVIC0105, 

Fig. 4  Structural representation of the clusters observed in the small-molecule NVIs. The IC50/EC50 values of NVIs are mentioned as reported 
in literature. Differences in IC50/EC50 values within the compounds of clusters having Clid, 16, 26, 71 and 91 is reported here. For NVIC0054 
minimum IC50 value is reported
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Fig. 5  Comparative distribution of six physicochemical properties among NVIs (green), FDA approved drugs (orange) and Enamine antivirals 
(purple). The x-axis represents a range of physicochemical properties, and the y-axis represents the percentage of compounds in that range for all 
three datasets
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Fig. 6  Comparative distribution of six physicochemical properties among NVIs (green), Pathogen box (sage), CAS (grey) and COCONUT (teal). The 
x-axis represents a range of various physicochemical properties, and the y-axis represents the percentage of compounds in that range for all four 
datasets
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NVIC0119 and NVIC0131) whereas Deep-PK predic-
tions identified two safe (NVIC0028 and NVIC0105) 
compounds which cleared all 10 toxicity endpoints, 
respectively (Supplementary File 6).

A favourable PK-PD profile requires that the drug is 
well absorbed, typically through the gastrointestinal tract 
if administered orally, achieving sufficient systemic circu-
lation. The NVIK consists of small molecule NVIs, most 
of which can be administered orally and hence F50 is an 
important criteria for classification.  The admetSAR 3.0 
predicted F50 value of 65 out of 139 (46.76%) NVIs to be 
greater than 0.5 whereas, for Deep-PK predictions, 75 
out of 139 NVIs (53.95%) were predicted as orally bio-
available. Once in the bloodstream, the drug should be 
efficiently distributed to its target tissues. Steady state 
volume of distribution (VDss) is reported to be opti-
mal (in between 0.71 L/Kg to 2.81 L/Kg) for 86 out of 
139 (61.87%) NVIs as per Deep-PK predictions whereas 
admetSAR 3.0 predicted distribution of 26 NVIs (18.7%) 
in the medium (13 out of 139 NVIs) and high (13 out of 
139 NVIs) range for VDss. This parameter is considered 
relevant because it is used to determine the effective dose 

[39]. The drug should undergo metabolism in the liver, in 
a way that minimises toxic metabolite production, ensur-
ing maintenance of therapeutic efficacy. admetSAR 3.0 
classified 15 out 139 (10.79%) NVIs as CYP2D6 inhibi-
tors while Deep-PK predicted 18 out of 139 (12.94%) 
NVIs as CYP2D6 inhibitors. Individuals with a deficiency 
of this enzyme are classified as poor metabolizers [40]. 
Finally, the drug must be eliminated efficiently via renal 
and hepatic pathways to prevent accumulation in the 
body cells. For half life, Deep-PK predicted 30 out of 139 
(21.58%) NVIs with half life ≥ 3 h while no conclusive half 
life estimates can be made from admetSAR 3.0 (Supple-
mentary File 6). These observations can facilitate prior-
itization of drug-like NVIs and offer starting points for 
expanding the chemical space for furthering drug discov-
ery efforts for this pathogen.

Using combined evidence‑based strategy for NVIs 
prioritisation
The small-molecule NVIs were prioritised based on 
robustness of assays, physicochemical properties and 

Table 2  Details of the top 10 prioritised small-molecule NVIs along with their biological activity, presence of PAINS flag, structural 
similarity with FDA drugs, other chemical libraries and number of toxicity endpoints cleared based on predictions from Deep-PK and 
admetSAR3.0

The prioritised NVIs identified as approved drugs are given with their DrugBank accession number. None of the compounds mentioned in this table showed similarity 
(Tc ≥ 0.8) with enamine-antivirals and pathogen box compounds
* Minimum value has been reported
** Minimum effective concentration in µg/ml

NVIK identifier
(Name)

IC50/EC50
(µM)

PAINS
flag

Tanimoto similarity (Tc) Swiss
similarity

Toxicity endpoints 
cleared (out of 10)

No. of FDA 
drugs(Tc ≥ 0.8)

No. of 
COCONUT 
molecules
(Tc ≥ 0.8)

No. of CAS 
molecules
(Tc ≥ 0.8)

No. of ZINC lead 
like molecules 
(Electroshape)
(Score ≥ 0.85)

DeepPK admetSAR 3.0

NVIC0015
(Remdesivir)

0.029* No DB14761 – 22 97 6 7

NVIC0054
(Chloroquine)

0.62* No DB00608 4 32 400 5 7

NVIC0066 (Bortezomib) 0.0027 No DB00188 1 - 400 6 6

NVIC0017
(Pyrazofurin)

0.281* No – 2 – – 8 10

NVIC0025
(ZHAWOC21026)

0.08 No – – – 400 7 6

NVIC0088
(MG132)

0.00047 No – 2 – 400 7 5

NVIC0110
(6-Azauridine)

0.25** No – 1 1 16 6 6

NVIC0114
(Gliotoxin)

0.149* No – 10 - 400 7 7

NVIC0134
(C1)

1.83 Yes – – – 400 5 5

NVIC0136
(F1)

4.15 No – – – 400 8 7
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number of toxicity endpoints cleared. Based on robust-
ness of the assays, we prioritised 16 NVIs (NVIC0014, 
NVIC0015, NVIC0016, NVIC0017, NVIC0025, 
NVIC0026, NVIC0044, NVIC0054, NVIC0062, 
NVIC0066, NVIC0067, NVIC0088, NVIC0110, 
NVIC0114, NVIC0134 and NVIC0136) with IC50 value 
ranging from as low as 0.47 nM (NVIC0088) to 4150 nM 
(NVIC0136). Three of these 16 NVIs are NVIC0015 
(GS-5734/Remdesivir), NVIC0054 (Chloroquine) and 
NVIC0066 (Bortezomib) and are approved drugs. In 
the prioritisation criteria, compounds which cleared at 
least five toxicity endpoints from both toxicity predic-
tion  servers were selected. From the  16 NVIs, 10 com-
pounds (NVIC0015, NVIC0054, NVIC0066, NVIC0017, 
NVIC0025, NVIC0088, NVIC0110, NVIC0114, 
NVIC0134 and NVIC0136) qualified in this criteria. 
The final priority list consisted of 10 small-molecule 
NVIs with reported IC50/EC50 values, cleared toxicity 
and PAINS filters as shown in Table 2. Structural similar-
ity (Tc ≥ 0.8) based mapping of the NVIs identified one 
hit each for three NVIs in FDA drugs and multiple hits 
for six and three NVIs in COCONUT and CAS librar-
ies (Supplementary File 7), respectively as shown in 
Table  2. Based on structural similarity with ZINC lead-
like library, no hits were observed for ECFP4 similarity 
search with set threshold score ≥ 0.85 and several hits 
were observed for electroshape based similarity search 
(Table 2) (Supplementary File 8).

We have developed a strategy to curate NVIs, perform 
their evaluation based on robustness of assays, physico-
chemical properties, structural diversity and ADMET 
predictions to prioritise a set of evidence based high 
confidence inhibitors for NiV. Further, to keep the NVIK 
updated and advance the prioritisation of potential NVIs, 
a web server is made  available at https://​datas​cience.​
imtech.​res.​in/​anshu/​nipah/.

Conclusion
In this study, we have developed NVIK, which is a 
dedicated resource for small molecule NVIs reported 
through experimental and computational approaches. 
We adopted a combined evidence strategy including 
assay robustness and toxicity endpoints to prioritise the 
NVIs. Our efforts led to the creation of a well-curated 
structured knowledgebase of 220 NVIs with 142 small 
molecule inhibitors. We also prioritised top 10 NVIs 
based on combined evidence and reported structurally 
similar compounds to these in FDA approved drugs and 
other important chemical libraries to develop strategies 
for NVIs library expansion using known chemical space. 
The WHO has clearly indicated a need to accelerate 
research & development for addressing NiV by including 

it in the list of priority diseases. We believe that this plat-
form will act as a centralized resource for the scientific 
community to access, submit and improve NVIs drug 
discovery landscape.
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