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combined network pharmacology 
and virtual reverse pharmacology 
approaches for identification of 
potential targets to treat vascular 
dementia
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Dementia is a major cause of disability and dependency among older people. if the lives of people with 
dementia are to be improved, research and its translation into druggable target are crucial. Ancient 
systems of healthcare (Ayurveda, Siddha, Unani and Sowa-Rigpa) have been used from centuries for 
the treatment vascular diseases and dementia. this traditional knowledge can be transformed into 
novel targets through robust interplay of network pharmacology (NetP) with reverse pharmacology 
(RevP), without ignoring cutting edge biomedical data. This work demonstrates interaction between 
recent and traditional data, and aimed at selection of most promising targets for guiding wet lab 
validations. PROTEOME, DisGeNE, DISEASES and DrugBank databases were used for selection of 
genes associated with pathogenesis and treatment of vascular dementia (VaD). The selection of new 
potential drug targets was made by methods of NetP (DIAMOnD algorithm, enrichment analysis of 
KEGG pathways and biological processes of Gene Ontology) and manual expert analysis. The structures 
of 1976 phytomolecules from the 573 Indian medicinal plants traditionally used for the treatment of 
dementia and vascular diseases were used for computational estimation of their interactions with new 
predicted VaD-related drug targets by RevP approach based on PASS (Prediction of Activity Spectra 
for Substances) software. We found 147 known genes associated with vascular dementia based on the 
analysis of the databases with gene-disease associations. Six hundred novel targets were selected by 
NetP methods based on 147 gene associations. The analysis of the predicted interactions between 1976 
phytomolecules and 600 NetP predicted targets leaded to the selection of 10 potential drug targets 
for the treatment of VaD. The translational value of these targets is discussed herewith. Twenty four 
drugs interacting with 10 selected targets were identified from DrugBank. These drugs have not been 
yet studied for the treatment of VaD and may be investigated in this field for their repositioning. The 
relation between inhibition of two selected targets (GSK-3, PTP1B) and the treatment of VaD was 
confirmed by the experimental studies on animals and reported separately in our recent publications.

Dementia is a group of neurological diseases that usually occur in old age and are characterized by a progressive 
loss of cognitive function, leading to deterioration in social and professional abilities associated with memory 
loss, learning, communication, and reasoning. Ten million people develop dementia every year. According to 
Global Dementia Observatory (GDB) the number of people with dementia will increase from 50 million to 152 
million by 2050. It is expected that the annual global cost of dementia will be doubled by 2030 up to US$ 2 
trillion1.
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The most common form of dementia is Alzheimer’s disease, which accounts 60–70% of cases. Vascular demen-
tia (VaD) is the second common form of dementia with significantly high risk of ischemic stroke2. Compared to 
Alzheimer’s disease, VaD receives relatively little research attention. Despite the suffering of patients and their 
families, the short life expectancy (the median survival time is approximately 3.3 years), and the social burden on 
society, no drug therapy has been approved for its treatment.3. The number of known drug targets is not enough 
for development of new effective medicines for the treatment of VaD4. Progress in this research area has been dif-
ficult as the exact nature of the relation between cerebrovascular pathology and cognitive impairment is not well 
understood5. Growing evidence suggests that vascular dementia is attributable to various risk factors including 
age, physical inactivity, obesity, diabetes mellitus, hypertension, high cholesterol, cigarette smoking, alcohol and 
tobacco use6.

The successful use of big data in drug discovery has been demonstrated in past few years. Therefore, it is 
reasonable why researchers are devoting their efforts toward building interactome, over wet lab experiments as 
they are time-consuming and costly. Interactome is a molecular interaction network of disease, and may provide 
mechanistic information of selected disease7,8. Although, interaction between network partners can reveal novel 
targets however, diseased networks did not directly give idea of best target selection, which instead was the major 
goal of our framework. Creation of the interactome followed by selection of precise and druggable targets is 
clearly work to do. It is a multidimensional process which requires interplay between system approaches that may 
be driven by traditional knowledge.

Ancient systems of healthcare (Ayurveda, Siddha, Unani and Sowa-Rigpa) have been used from centuries for 
the treatment of vascular diseases and dementia. However, the ingredients of plant extracts are complex (i.e., they 
may contain hundreds of compounds), and their mechanisms of action are not clearly understood9–12. The infor-
mation is diverse, and if collected and analyzed strategically, can fish targets from the interactome through robust 
interplay of network pharmacology (NetP) with reverse pharmacology (RevP). A key insight in this framework 
is that phytomolecules with known structure and biological activities are likely to interact with most promis-
ing target and thus, may guide target selection without ignoring mainstream path of transforming big data into 
interactome. This approach may reduce time, money and effort of drug development, to provide novel targets for 
guiding wet lab experiments.

To this end, this work demonstrates collection, analysis and transformation of cutting edge data into the 
interactome using methods of NetP (enrichment analysis of Gene Ontology biological processes and KEGG path-
ways, DIAMOnD algorithm) followed by collection of the traditional knowledge and target fishing from the 
interactome through lens of RevP using PASS (Prediction of Activity Spectra for Substances) software (Fig. 1). 
Selected targets may guide wet lab experiments or targeted by therapies for the treatment of vascular dementia 
by repurposing.

Methods
Databases. The following databases were used to identify genes associated with VaD, TIM (Traditional 
Indian Medicine) plants and phytochemicals with known structures and pharmacological properties:

Figure 1. General workflow of the study. MoA – Mechanism of Action, GSEA – Gene Set Enrichment Analysis.
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•	 PROTEOME database contains curated relationships between genes from humans or animals and diseases 
(https://portal.biobase-international.com/build_ghpywl/idb/1.0/html/bkldoc/index.html).

•	 DisGeNET (http://www.disgenet.org/web/DisGeNET/)13, Disease-Connect (http://disease-connect.org/)14 
and DISEASES (http://diseases.jensenlab.org/)15 databases contain information about relationships between 
human/animal genes and diseases that was accumulated from various sources mainly through text-mining 
approaches.

•	 DrugBank (http://www.drugbank.ca/)16 and ChEMBL (https://www.ebi.ac.uk/chembl/)17 databases were 
used to identify drug targets associated with VaD treatment.

•	 AYUSH RESEARCH PORTAL includes knowledge of Ayurveda, Yoga-Naturopathy, Unani, Siddha, Home-
opathy and Sowa-Rigpa (http://ayushportal.nic.in/Default.aspx).

•	 Dr. Duke’s Phytochemical and Ethnobotanical database includes data from plant, chemical, biological and 
ethnobotany searches (https://phytochem.nal.usda.gov/phytochem/help/index/about).

•	 PubChem (https://pubchem.ncbi.nlm.nih.gov/), which is the largest publicly available chemical database, was 
used for identifying the structures of phytomolecules18.

computational tools. The following computational tools and resources were used in the study:

•	 Progenesis SDF studio software (http://www.nonlinear.com/progenesis/sdf-studio/), which is free software 
to view and edit SDF and MOL files.

•	 KEGG pathways database (https://www.genome.jp/kegg/pathway.html) is a part of KEGG (Kyoto Encyclope-
dia of Genes and Genomes) is a free available resource, which particularly contains information on more than 
three hundreds signaling and metabolic pathways reflecting normal and disease states, e.g. “MAPK signaling 
pathway”, “apoptosis”, “vascular smooth muscle contraction”, and “Alzheimer disease”19.

•	 Gene Ontology (http://geneontology.org) is a knowledgebase of gene functions, which consists of three ontol-
ogies: biological function, molecular function and cellular component20.

•	 DAVID (The Database for Annotation, Visualization and Integrated Discovery), is a web service with tools 
for functional annotation of genes including the gene set enrichment analysis (https://david.ncifcrf.gov/)21.

•	 DIAMOnD (DIseAse MOdule Detection) is an algorithm for identification of network modules associated 
with diseases22.

•	 SIGNOR (SIGnaling Network Open Resource) 2.0 database is a free available resource including graphical 
representations of directed interactions between proteins (https://signor.uniroma2.it/)23.

•	 PASS (Prediction of Activity Spectra for Substances) software is a tool for computational prediction of 
biological activity spectra for substances based on their structural formulas (http://www.way2drug.com/
PASSOnline/)24.

Structures of phytomolecules. A total of 573 TIM plants that have been used for several centuries to treat 
dementia and associated risk factors were selected from the ancient Indian system of healthcare (i.e., Ayurveda, 
Siddha, Unani and Sowa-Rigpa), and these plants are considered to be safe and effective. We focused on specific 
risk factors such as diabetes, hypertension, high cholesterol, etc., because they are strongly associated with several 
vascular pathologies and events leading to VaD.

A special set of 2D-structures of 1972 main phytomolecules from the 573 medicinal plants was created as 
SD file using Progenesis SDF studio software. The set includes only single electroneutral organic structures with 
molecular weights ranging from 50 to 1250 Da and at least 3 carbon atoms to meet the requirements to use PASS 
(Prediction of Activity Spectra for Substances) software, which was utilized to predict the interactions of phyto-
chemicals with selected targets (see below). A diagram with the number of medicinal plants used for the treat-
ment of memory disorders and diseases leading to the development of dementia is shown in Fig. 2.

Some medicinal plants are simultaneously used for the treatment of different diseases. The lists of medicinal 
plants and phytomolecules are provided in the Supplements section (Data file S2 and S4, respectively).

Figure 2. Number of medicinal plants related to dementia treatment and associated diseases. AChE – 
acetylcholinesterase; PDE – phosphodiesterase.
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Gene set enrichment analysis. Gene set enrichment analysis is a method for identifying classes of genes 
or proteins that are over-represented in a large set of genes or proteins and may have an association with dis-
ease phenotypes. This method uses statistical approaches to identify significantly enriched or depleted groups 
of genes25. KEGG pathways and Gene Ontology (GO) enrichment analyses were created for VaD-related genes 
using DAVID.

“Biological function” terms of GO were used in the study. They describe participation of genes in processes 
at different levels, from cells to systems of organs, e.g., “positive regulation of apoptosis”, “regulation of blood 
pressure”, “molecular function” terms describe elementary activities of gene products at molecular level, e.g., ATP 
binding, kinase activity, “cellular component” terms describe localization of protein in the cell or extracellular 
environment, e.g., nucleus, plasma membrane. The ontologies have hierarchical structure, from the most com-
mon to the most specific terms, and can be presented as directed acyclic graph. The first levels of hierarchy are 
usually too common and do not provide any useful information, thus, in the current study, we used only terms 
beginning from third level.

DAVID performs enrichment analysis and allows revealing pathways and GO terms, which are “enriched” 
with genes from the selected list. To perform an analysis for VaD-related genes, we used “functional annotation” 
tool with default background gene set and threshold of 0.05 for the Benjamini-Hochberg corrected p-values. 
Since enriched GO biological processes were redundant, we performed clustering of corresponding terms based 
on overlaps in their genes. Finally, we manually merged all GO terms from clusters into more general processes 
reflecting VaD etiopathogenesis.

The PROTEOME database also contains a tool for disease enrichment analysis for sets of genes, which was 
used in the study.

DIAMOnD algorithm. It has been shown that functionally related proteins form dense communities in a 
protein-protein interaction network (i.e., network modules). However, proteins associated with diseases usually 
do not form dense modules, although they do tend to have immediate connections with each other or through 
a few neighbours. Therefore, disease modules exist in protein-protein interaction networks, but they are not as 
dense as functional modules. The DIAMOnD algorithm22 designed by Ghiassian and colleagues was used to 
identify network modules associated with VaD. This algorithm is based on estimating the significance of protein 
connections and includes four main steps: (1) calculation of the significance of connection of proteins in network 
with known VaD-related proteins using hypergeometric test; (2) ranking of proteins according to their respec-
tive p-values; (3) the protein with the highest rank and correspondingly the lowest p-value is added to the list 
of known VaD-related proteins; (4) the steps 1–3 are repeated, pulling in one protein at a time into the growing 
disease module until all network proteins are ranked. The rank of the protein, reflecting its possible relationship 
to disease, is simply an iteration of the algorithm, when the protein was included into the growing module. We 
chose DIAMOnD algorithm for the identification of new VaD-related genes, because it allows identifying disease 
modules rather than functional modules, which contain fewer hubs. This is important because drug action on 
hubs is associated with significant toxicity, thus, they cannot be selected as potential anti-VaD targets.

We chose the network that was used in a corresponding publication22 because it not only contains 
protein-protein interactions, but also includes direct and indirect interactions of other types: (1) regulatory 
interactions, which reflect the presence of transcription factor binding sites in the promoters of genes; (2) 
co-localization of two proteins in protein complexes; (3) metabolic enzyme-coupled interactions, where two 
enzymes are assumed to be coupled if they share adjacent reactions in the metabolic pathways; (4) signaling inter-
actions, which are the interactions between proteins from signaling pathways; (5) kinase-substrate pairs, which 
reflect the interactions between kinases and their substrates required for phosphorylation reactions. This network 
included 13,460 proteins and 141,296 interactions (i.e., protein-protein interactions, protein-DNA regulatory 
interactions and indirect interactions from metabolic pathways).

pASS software. The algorithm of PASS is based on atom-centric sub-structural MNA (Multilevel 
Neighbourhoods of Atoms) descriptors26 for structure representation and a Bayesian-like approach for creation of 
“structure-activity” relationships based on a training set24. The prediction results of PASS for a structure include 
a list of activities along with the probability of each activity being active (Pa) or inactive (Pi). PASS has a 25-year 
history of use for prediction of biological activity and more than 150 publications with independent experimental 
confirmation of prediction results, including studies of natural compounds27. The online version of PASS is freely 
available for prediction of single structures (http://www.way2drug.com/PASSOnline/)28. PASS 2014 version was 
used in this study for predicting interactions between phytomolecules and targets associated with VaD. PASS 
provides predictions for more than 7100 types of biological activities including more than 3500 mechanisms of 
action (MOAs). This version was created based on a training set with data on more than 900,000 structures of 
molecules with known biological activity and an average accuracy (AUC) of 0.95 calculated using a leave-one out 
cross-validation procedure. In this study, PASS was used for a reverse pharmacology assessment of interactions 
between the studied phytomolecules and select targets related to VaD. Unlike other computational tools predict-
ing interactions of compounds with protein targets (ChemProt29, SuperPred30, SEA31, SwissTargetPrediction32, 
TargetHunter33 and DRAR-CPI34), PASS predicts types of action of ligand on protein targets (e.g. activation or 
inhibition). It is very important for the analysis of possible role of the selected targets in pathogenesis of diseases 
and further planning of experimental studies. In 2018, Murtazalieva with co-authors published the article where 
showed advantages of PASS software in comparison with ChemProt, SuperPred, SEA, SwissTargetPrediction and 
TargetHunter35.
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Results
Selection of genes associated with vascular dementia. The list of genes associated with VaD was cre-
ated based on the data from databases with gene-disease relationships mentioned in the Methods section. During 
the creation of this list, the associations derived from text-mining results were manually checked by reading the 
corresponding publications. As a result, a list of 122 genes related to different types of VaD was obtained. Data 
from humans, rats and mice were evaluated in the analysis. Most of the gene relationships included changes in 
gene expression for VaD (72 genes) and gene polymorphisms (31 genes). Pharmacological activation or inhibition 
of 16 proteins is associated with improvements in VaD. From 122 VaD-related genes, 101 had data pointing to a 
correlation with VaD. The detailed descriptions of these genes are provided in the Supplements section (Table S1). 
Only 21 genes have more direct relationships: alterations in 4 genes cause VaD, and actions related to 17 genes 
may prevent VaD (Table 1). These genes may be considered as potential drug targets.

Identification of VaD-related pathways and biological processes. Enrichment analysis with Gene 
Ontology (GO) biological processes was conducted with the DAVID service based on the list of 122 selected 
genes related to VaD. Because GO has several levels of terms, all of the resulting GO biological processes were 
merged into 15 general processes associated with VaD according to the results of a literature analysis. Names, 
descriptions of the relationship to VaD and PubMed IDs (identifier of records in PubMed) for each selected GO 
biological process are shown in Table S2.

Enrichment analysis with KEGG pathways was performed and the VaD-related genes in the resulting pathways 
were manually analyzed. It allowed us to understand the relationships between KEGG pathways and VaD-related 
biological processes (Table S3). For example, the PI3K-AKT signaling pathway includes 20 VaD-related genes 
and the activity of most of those genes were decreased (Table 1, Table S1). The PI3K-AKT pathway map in Fig. 
S1 shows that VaD-related genes regulate processes associated with cell survival, angiogenesis and protein syn-
thesis. Disruption of these processes contributes to VaD. Thus, we may conclude that the PI3K-AKT pathway is 
important for pathogenesis of VaD. The complete list of VaD-related KEGG pathways is represented in Table S3.

Identification of VaD-related diseases. Disease enrichment analysis with 122 VaD-related genes was 
performed using disease-gene relationships from the PROTEOME database. Many of the revealed disorders 
were associated with pathogenic mechanisms of VaD, e.g., atherosclerosis, obesity, diabetes, and brain ischemia, 
whereas other disorders, e.g., Huntington’s and Alzheimer’s diseases, are also neurodegenerative diseases and may 
share pathogenic mechanisms with VaD. The names and effects of medicinal plants mentioned in Fig. 2 coincide 
with the treatment of many of these revealed disorders. The number of tumor diseases was also revealed because 
they share several biological processes with VaD, e.g., cell proliferation, apoptosis, angiogenesis, and autophagy 
(see Table S2). The top 50 enriched diseases are represented in Table S4. These results confirm that the set of genes 
associated with VaD was reasonable.

Name of protein Gene Type of VaD Sp Alteration Relationship to VaD Ref.

Collagen alpha-1(IV) chain COL4A1 VaD h mutation causes VaD 61

Methylenetetrahydrofolate reductase MTHFR VaD h polymorphism causes VaD 62–64

Neurogenic locus notch homologue protein 3 NOTCH3 CADASIL h
abnormal folding; 
absence; decreased 
processing; mutation

causes VaD 65–70

Serine protease HTRA1 HTRA1 CADASIL h mutation causes VaD 71

5-hydroxytryptamine receptor 1 A HTR1A VaD h activation may prevent VaD 72

Acetylcholinesterase ACHE VaD h inhibition may prevent VaD 73

Alpha-1A adrenergic receptor ADRA1A VaD h inhibition may prevent VaD 74

Brain-derived neurotrophic factor BDNF VaD r ↑ expression may prevent VaD 75

Cholinesterase BCHE Subcortical VaD h inhibition may prevent VaD 73

Gamma-aminobutyric acid type B receptor 
subunit 2 GABBR2 VaD r activation may prevent VaD 76

Indoleamine 2,3-dioxygenase 1 IDO1 VaD r, m inhibition may prevent VaD 56

Indoleamine 2,3-dioxygenase 2 IDO2 VaD r, m inhibition may prevent VaD 56

Kynureninase KYNU VaD r, m inhibition may prevent VaD 56

Kynurenine/alpha-aminoadipate 
aminotransferase, mitochondrial AADAT VaD r, m inhibition may prevent VaD 56

Kynurenine 3-monooxygenase KMO VaD r, m inhibition may prevent VaD 56

Peroxisome proliferator-activated receptor 
gamma PPARG VaD h activation may prevent VaD 77,78

Substance-P receptor TACR1 VaD r inhibition may prevent VaD 78

Tryptophan 2,3-dioxygenase TDO2 VaD r, m inhibition may prevent VaD 56

Type-2 angiotensin II receptor AGTR2 VaD m activation may prevent VaD 79

Sodium-dependent noradrenaline transporter SLC6A2 VaD m inhibition may prevent VaD 80

Aryl hydrocarbon receptor AHR VaD r, m inhibition may prevent VaD 56,81

Table 1. Twenty one genes associated with vascular dementia. Sp - species: h – human, r – rat, m – mouse.
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Identification of drug targets associated with VaD treatment. We collected data on 7 drugs that 
are used for treating VaD and their targets from the DrugBank and ChEMBL databases. The relationships 
between 24 drug targets and therapeutic effects were obtained using the existing literature and a database on 
“mechanism-effect” relationships in PharmaExpert software36,37. Only effects that may contribute to improvement 
of VaD were selected, e.g., nootropic or anti-atherosclerotic effects. Table S5 shows drug-target relationships that 
may contribute to VaD treatment for known drugs. Twenty nine genes coding revealed targets were added to the 
list of VaD-related genes. As a result, the final list of VaD-related genes included 147 genes.

Prediction of VaD-related proteins through a network-based approach. The DIAMOnD algorithm 
was used for identification of new drug targets based on known target-disease associations and the network interac-
tions to score all proteins in the network (see Materials and Methods). Therefore, it needs to determine a threshold 
for selecting proteins that are significantly important. The threshold was recommended by Ghiassian and col-
leagues22. We extracted two lists of genes from VaD-related GO biological processes and KEGG pathways (Tables S2 
and S3). We took into account only biological processes beginning from third level of GO hierarchy, because first 
two levels are too general that may introduce a significant bias into results of analysis. The obtained lists contain 
1679 and 3624 genes (after excluding VaD-related genes), respectively, that are functionally similar to VaD-related 
genes. The percentages of these functionally similar genes, which were included in a growing module at each iter-
ation of the algorithm, were calculated (Fig. S2). Both curves were saturated after the 600th iteration. Additionally, 
we performed similar analysis based on 5-fold cross-validation procedure: one-fifth of 147 VaD-related genes were 
excluded repeatedly as test sets, and the percentages of genes included in a growing module were calculated. The 
corresponding curves were also saturated after the 600th iteration (Fig. S2). Therefore, we choose 600 predicted 
proteins as a threshold for the VaD-related module. Thus, the obtained VaD-related module contained 747 pro-
teins, including 147 known VaD-related proteins as well as 600 predicted new proteins (see Fig. S3). The largest 
connected component contains 722 proteins. Unfortunately, 5 known VaD-related proteins were not represented in 
the network and they were not included in the analysis. All 600 new predicted VaD-related proteins along with the 
algorithm’s ranks are presented in Data file S1 of the Supplement Materials. One can use VaD-related module for 
analysis and revealing new perspective targets for the treatment of vascular dimension by Cytoscape. We provide 
the file (VaD-module.xgmml) in Supplement Materials, which can be loaded in Cytoscape38.

Since many known relationships between 147 genes and VaD were determined in rats and mice (see Tables 1, 
S1 and S5), it may cause false discoveries inflation during VaD module construction because a significant frac-
tion of corresponding associations may be species-specific. To estimate the influence of VaD-gene relationships 
determined in rodents on DIAMOnD prediction results, we excluded corresponding proteins from the list of 147 
proteins and re-estimated VaD-related module. We found that 598 out of 600 predicted proteins were observed 
in re-estimated module, and Spearman correlation coefficient between initial and recalculated ranks was 0.94 
with p-value < 10−16. We concluded that the presence of genes, whose relationships to VaD were determined in 
rodents, did not influence the obtained results.

Identification of significantly overlapped pathways with the list of predicted VaD-related proteins.  
We selected KEGG pathways which are associated with the list of 600 predicted VaD-related proteins according to 
two criteria: (1) a pathway contain at least 30 percentages of the proteins from the list and (2) average “600-rank” 
value of predicted VaD-related proteins in a pathway is at least 300. These thresholds were selected empirically 
based on the manual analysis of the obtained pathways and their possible relationships to VaD. According to the 
performed analysis, the pathways below the selected thresholds were usually not related to VaD. As a result a list 
of fourteen pathways, which is not intersected with the list of pathways from Table S3, was obtained (Table S6). 
Some of pathways have known associations to VaD, e.g. FoxO signaling pathway, Long-term potentiation and 
VEGF signaling pathway, whereas others, e.g. Fc gamma R-mediated phagocytosis and Prolactin signaling path-
way, are new. The first of two new pathways starts with immunoglobulin receptors and IgG Fc receptor I with rank 
275 among 600 predicted VaD-related proteins (see Data file S1). There is no evidence about its involvement into 
VaD pathogenesis; however the receptor is expressed on microglia and involved into Alzheimer’s pathology as 
well as up-regulated after ischemic stroke39,40. The second pathway starts from prolactin receptor with DIAMOnD 
rank 272, but the only evidence of its participation in VaD is that the receptor is expressed in astrocytes and acti-
vated by ischemia41. The discovery of potential links between Fc gamma R-mediated phagocytosis and Prolactin 
signaling pathway, and VaD may be a basis for further studies.

Identification of known VaD-related targets interacting with phytomolecules according to PASS  
prediction. We analyzed the list of 122 genes associated with VaD and selected 55 genes either associated 
with prevention of VaD (21 genes from Table 1) or correlated with VaD due to an increase in expression, activity 
or phosphorylation (34 genes from Table S1 with the appropriate description in the Alteration column). The 
additional 34 genes were selected to extend the field of the search. It was done because in most cases, blocking the 
action of proteins is easier than activating them from a pharmacological point of view. Thirty-four mechanisms of 
action (MOAs) predicted by PASS software (see Materials and Methods), which were related to actions conducted 
on the proteins of 29 genes, were selected. The names of the MOAs, number of active compounds and accuracy of 
their prediction are shown in Table S7. The predictions of these MOAs were made for the set of structures of 1972 
phytomolecules. Only 8 MOAs were predicted for at least one phytomolecule with a probability Pa (Pa means 
probability to be active, see Materials and Methods) of more than 0.5:

 (1) Acetylcholinesterase inhibitor – 11 molecules;
 (2) Adrenaline uptake inhibitor – 6 molecules;
 (3) Butyrylcholinesterase inhibitor – 5 molecules;

https://doi.org/10.1038/s41598-019-57199-9
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 (4) Excitatory amino acid transporter 2 inhibitor – 2 molecules;
 (5) Plasminogen activator inhibitor antagonist – 9 molecules;
 (6) Tumour necrosis factor antagonist – 14 molecules;
 (7) Indoleamine-pyrrole 2,3-dioxygenase inhibitor – 10 molecules;
 (8) Kynureninase inhibitor – 26 molecules.

Based on PASS prediction results, we also selected the plant (Physostigma venenosum) with four phytomol-
ecules (eseridine, physostigmine, physovenine, and eseramine) for which dual MOAs (inhibition of acetylcho-
linesterase and butyrylcholinesterase) and pharmacological effects related to the treatment of VaD (cognition 
disorder treatment and nootropic) were predicted with a probability Pa of more than 0.5 (Table S8). Eseridine is 
an inhibitor of acetylcholinesterase and butyrylcholinesterase42. Physostigmine has patents related to inhibition 
of acetylcholinesterase and the treatment of AD (EP0296560), enhancing memory (US5177101, US2007197663), 
inhibition of butyrylcholinesterase and treatment of Alzheimer’s disease as well as dementia (EP0949920). 
Physovenine was patented as an inhibitor of acetylcholinesterase and butyrylcholinesterase as well as for the 
treatment of AD and dementia (EP0949920, WO9902154). Eseramine has less inhibitory activity against acetyl-
cholinesterase compared to physostigmine with IC50 values of 9300 nM and 61 nM, respectively43. The presence 
of several active phytomolecules against acetylcholinesterase and butyrylcholinesterase may cause additive or 
synergistic effects of Physostigma venenosum in the treatment of VaD. Currently, it is known that this plant is 
used for the treatment of atherosclerosis (Data file S2).

Identification of new VaD-related targets interacting with phytomolecules according to 
pASS predictions. Six hundred genes is a rather large number and does not account for all proteins that 
are the products of these genes, although experimental data about known active and inactive compounds exist. 
Moreover, it is necessary to know how drugs should act on a target and whether they stimulate or inhibit its activ-
ity. We selected 175 genes from 600 genes, of which 178 related mechanisms of action were predicted by PASS. 
The mean accuracy (AUC value) of prediction calculated by a leave-one out cross-validation procedure was 0.969. 
The names of the MOAs, number of active compounds and AUC are shown in Table S9. Predictions of 178 MOAs 
were made for 1972 phytomolecules by PASS. The analysis of prediction results showed that only 25 MOAs were 
predicted for 5 or more phytomolecules with a probability Pa of more than 0.5. The literature and Cytoscape 
analysis of these 25 MOAs and MOAs related to the top 50 from 600 selected targets and predicted by PASS with 

Mechanism
UniProt 
ID Rank Effects Reference DrugBank

Nitric oxide synthase, brain 
inhibitor P29475 9 Neuroprotection, reducing oxidative stress in the 

brain, anti-depression, and anti-anxiety.
82–86 Ketamine; Methylene blue

Glycogen synthase kinase-3 
alpha inhibitor P49840 13

cognitive improvement, anti-diabetic, 
vasoprotective, Alzheimer’s treatment, bipolar 
disorder treatment

87–90 Fostamatinib

Bradykinin B2 receptor 
antagonist P30411 15

Reduces ischaemic infarct volume, reduces post-
ischaemic neuronal oedema, improves neuronal 
function recovery, reduces blood brain barrier 
disruption, protects memory deficits, angioedema 
treatment, blocks propagation of inflammation.

50,51,91–93 Icatibant

Extracellular calcium sensing 
receptor antagonist P41180 36

Neuroprotection from traumatic and ischaemic 
brain injury, blood pressure regulation, vascular 
tone regulation, regulation of synaptic plasticity, 
central control of systemic fluid and electrolytes, 
regulation of cytokine, NO and ROS production.

94–98 —

Alpha 2 A adrenergic receptor 
antagonists P08913 49

Increases special memory acquisition, learning 
and memory; potentiates inhibition of 
acetylcholinesterase; anti-diabetic (increases insulin 
secretion; reduces blood glucose).

99–109 Phentolamine; Mirtazapine; Yohimbine; 
Phenoxybenzamine; Propericiazine

Cystic fibrosis transmembrane 
conductance regulator agonist P13569 104 Neuroprotection, increases insulin secretion. 110–113 Bumetanide; Crofelemer; Ibuprofen; Dexibuprofen

Insulin-like growth factor 1 
receptor agonist P08069 109 Neuroprotection, anti-diabetic, dual action on 

atherosclerosis, hypotensive effect.
114–122 Mecasermin

Androgen receptor agonist P10275 289
Dual effects on cerebral ischaemia consequences, 
atherosclerosis treatment, anti-diabetic, anti-obesity, 
promotion of angiogenesis.

123–134

Oxandrolone; Testosterone; Nandrolone 
phenpropionate; Fluoxymesterone; Danazol; 
Nandrolone decanoate; Methyltestosterone; 
Oxymetholone

Glycogen synthase kinase-3 beta 
inhibitor P49841 296 Neuroprotectant, cognitive improvement, anti-

diabetic, vasoprotective, Alzheimer’s treatment
87,88,135 Fostamatinib

Protein phosphatase 1B inhibitor P18031 507
Angiogenesis promotion (anti-ischaemic effect), 
anti-diabetic, dual action on atherosclerosis, anti-
obesity.

48,49,136–139 Tiludronic acid

Table 2. Ten selected mechanisms of action related to the actions of phytomolecules on new targets, which may 
be used for the treatment of VaD. UniProt ID – identifier of protein in UniProt database, which is related to the 
appropriate mechanism of action; DrugBank – approved drugs with the appropriate mechanism of action from 
DrugBank database.
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Pa value less than 0.5 revealed 10 MOAs coinciding with potential treatment of VaD (Table 2). Table 2 shows also 
known approved drugs acting on the selected targets according to data from DrugBank16. These 24 drugs may be 
studied as drugs for the treatment of VaD and serve the basis of their repositioning.

Discussion
During the analysis of the literature and databases, including data on the relationships between genes and dis-
eases, we found 147 genes associated with VaD. Some proteins of these genes (e.g., acetylcholinesterase) are used 
as drug targets for the treatment of dementia. The proteins related to other genes may also be studied as potential 
drug targets for the treatment of VaD, especially the proteins mentioned in Table 1. Using systems biology and 
network pharmacology methods, we found 600 new potential drug targets that may be related to the treatment of 
VaD. These targets belong to different types of proteins according to the protein classification used in ChEMBL 
database (Fig. 3).

Figure 3. Distribution of new targets according to classes of proteins.

Figure 4. Mechanisms related to possible therapeutic effect of glycogen synthase kinase-3 alpha (GSK3a) 
inhibition. The red and blue colors of nodes represent the known information about the direction of changing 
of protein function or expression in VaD: increasing or decreasing, correspondingly. The cyan color of nodes 
represents proteins, whose relationships with VaD were predicted by DIAMOnD algorithm.
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Most of these proteins belong to kinases. The search for compounds, which includes selective inhibitors of a 
kinase, is a rather difficult task. Therefore, not all of the selected targets may be convenient for searching for drug 
candidates. From 600 selected genes, only 370 protein targets related to them had records in ChEMBL with data 
on testing compounds (Data file S1). The ChEMBL 22 database includes a list of drugs that interact with 106 
targets related to the selected genes. All of these targets may be considered druggable44. Data file S1 includes infor-
mation about the targets interacting with 692 known drugs in different stages of drug development. The names of 
692 drugs interacting with 106 protein-targets related to the selected genes are represented in Data file S3. These 
data may be used for repurposing known drugs.

The analysis of Protein Data Bank (PDB, https://www.rcsb.org) revealed 473 proteins that have at least one 
PDB record with 3D structures (Data file S1). Many of these targets may also be considered potential drug targets 
because the knowledge of 3D structures of the proteins promotes finding new active compounds45. Currently, 
only 36 targets have PDB records, including complexes between drugs and proteins with more than 70% of pro-
tein sequence identity. This estimation was made based on the analysis of data from the “Drug and Drug Target 
Mapping” section of the PDB (http://www.rcsb.org/pdb/ligand/drugMapping.do).

The information on the type of drug action on targets is necessary in the search for new drugs. To reduce the 
number of targets that need to be analyzed to reveal the type of drug action, we found proteins that interact with 
the studied phytomolecules. As a result, the 10 most promising mechanisms of action and appropriate targets 
were selected. These targets and MOAs should be studied further in the search for phytomolecules related to the 
treatment of vascular dementia. Our study also revealed possible relation between Fc gamma R-mediated phago-
cytosis and Prolactin signaling pathways and VaD that may be a basis for further studies.

The given results may be used for deeper analysis of networks explaining relations between selected targets 
and pathogenesis of vascular dementia. To display it we made such analysis for 3 new VaD-related targets from 
Table 2 (Glycogen synthase kinase-3 alpha; Protein phosphatase 1B and Bradykinin B2 receptor) and two targets 
with known associations to vascular dementia, which are not used for the treatment of vascular dementia at the 
present time, from Table 1 (Indoleamine 2,3-dioxygenase and 5-hydroxytryptamine receptor 1A) based on infor-
mation about directed interactions between proteins from SIGNOR 2.0 database23. Activating and inhibiting as 
types of interactions were used in the study. We calculated shortest paths from the appropriate target to proteins 
with known relationships to VaD and selected the paths with the appropriate targets interacting with VaD-related 
proteins directly or through one intermediate protein. All interactions between proteins of selected shortest paths 
were extracted. The relationships between proteins with known VaD-associations and corresponding pathological 

Figure 5. Mechanisms related to possible therapeutic effect of bradykinin B2 receptor (BDKRB2) antagonism. 
The red and blue colors of nodes represent the known information about the direction of changing of protein 
function or expression in VaD: increasing or decreasing, correspondingly. The cyan color of nodes represents 
proteins, whose relationships with VaD were predicted by DIAMOnD algorithm.

https://doi.org/10.1038/s41598-019-57199-9
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processes leading to the disease were found based on analysis of literature. In the Figs. 4–6, red edges are inhib-
iting interactions, green edges are activating interactions, blue nodes are proteins whose expression/function 
is decreased in vascular dementia, red nodes are proteins whose expression/function is increased in vascular 
dementia, solid and dotted lines are direct or indirect interactions through transcription regulation, respectively. 
The Figs. 4 and 5 shows mechanisms related to possible therapeutic effect of the inhibition of glycogen synthase 
kinase-3 alpha (GSK3A) and bradykinin B2 receptor (BDKRB2).

The therapeutic effect possibly related to the influence on processes taking place in the brain during ischemia, 
such as neuronal inflammation and apoptosis, oxidative stress, decrease in protein synthesis and neurotransmitter 
release, disruption of blood-brain barrier, and increase in angiogenesis. The modulation of these processes may 
cause neuroprotective effect and increase cognitive ability. The inhibition of GSK3A, PTP1B and BDKRB2 may be 
also associated with modulation of VaD risk factors, such as atherosclerosis and hypertension. The relationships 
between inhibition of three potential targets and influence on some brain related processes, as well as risk factors, 
were confirmed by analysis of the literature. Deficiency of GSK3A is known to be associated with enhanced insu-
lin sensitivity, glucose tolerance and attenuation of atherosclerotic processes46. The mutation in the corresponding 
gene affects long-term potentiation and depression; thus, inhibition of this kinase may be used to treat cognitive 
disorders47. Decrease in function of PTP1B is known to promote angiogenesis and attenuate atherosclerotic pro-
cesses48,49. Antagonists of BDKRB2 reduce ischemic infarct volume, blood brain barrier disruption and oxidative 
stress, improve neuronal function recovery and protect from memory deficits50,51. Knockout of BDKRB2 gene is 
also associated with decreased thrombosis52.

Figure 6. Mechanisms related to possible therapeutic effect of 5-hydroxytryptamine receptor 1A (HTR1A) 
activation. The red and blue colors of nodes represent the known information about the direction of changing 
of protein function or expression in VaD: increasing or decreasing, correspondingly. The cyan color of nodes 
represents proteins, whose relationships with VaD were predicted by DIAMOnD algorithm.
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The Fig. 6 shows mechanisms related to possible therapeutic effect of 5-hydroxytryptamine receptor 1 A 
(HTR1A) activation. Tandospirone, a partial agonist of HTR1A, is effective in the treatment of behavioral and 
psychological symptoms associated with dementia53. The activation of HTR1A is associated with neuroprotec-
tive, anti-inflammatory and anti-oxidative effects, as well as preventing of permeability changes in blood-brain 
barrier54,55.

The Fig. 7 shows mechanisms related to possible therapeutic effect of indoleamine 2,3-dioxygenase 1 (IDO1) 
inhibition. The IDO1 is one of the most important enzymes of kynurenine pathway, whose metabolites play 
important role in brain ischemia and VaD56. The decrease in function of IDO1 is known to be associated with 
protection against NMDA receptor-mediated excitotoxicity57 and atherosclerosis58.

These targets may guide wet lab experimentations or can be targeted directly by therapies (concept of repur-
posing). To confirm relations of selected targets with the treatment of VaD we made in vivo validation of two 
selected targets on mice. The experimental results of these studies were recently reported in our others publica-
tions59,60. Inhibition of glycogen synthase kinase-3 was studied using lithium carbonate, a classical inhibitor of 
glycogen synthase kinase-3 (GSK-3), on the mice model of mild chronic cerebral hypoperfusion59. This study 
confirmed relation between inhibition of GSK-3 and the treatment of VaD. It was shown that lithium carbonate 
reduces memory impairments, emotion and recognition, spatial and fear-motivated learning along with dimi-
nution glutamate-induced excitotoxicity in cerebral cortex and hippocampus, cholinergic dysfunction and oxi-
dative stress.59. The second selected target was protein tyrosine phosphatase 1B (PTP1B). The relation of PTP1B 
with VaD was studied by inhibition of sodium orthovanadate, on mice with homocysteine-induced endothelial 
dysfunction, cholinergic learning dysfunctionm, oxidative stress and memory impairments60. It was shown that 
sodium orthovanadate significantly improved memory impairment, the emotional and fear-motivated learning 
of mice60. Based on these studies we hope that others selected targets will also demonstrate relations with the 
treatment of vascular dementia.

conclusions
Our results showed that 10 new most possible drug targets related with the treatment of vascular dementia were 
selected based on using the combination of network pharmacology and reverse pharmacology approaches. 
Starting from the analysis of know drugs used for the treatment of symptoms of VaD and known associations 
between genes and VaD using gene set enrichment analysis and DIAMOnD algorithm, 600 new possible drug 
targets associated with the treatment of vascular dementia were selected. Because of the large amount of new 

Figure 7. Mechanisms related to possible therapeutic effect of indoleamine 2,3-dioxygenase (IDO) inhibition. 
The grey color of node highlights indoleamine 2,3-dioxygenases.
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possible drug targets were found, we estimated possible interaction between known phytocomponents of medic-
inal plants used for the treatment of VaD and related diseases by PASS prediction. It considerably reduced the 
number of potential VaD-related drug targets and displayed the way for the search of new medicinal plants 
which may be used for the treatment of VaD. Additional analysis between of selected targets and pathogenesis 
of vascular dementia based on the data from SIGNOR 2.0 database showed validity the selected targets and their 
influence on pathogenesis of VaD. Experimental studies of known inhibitors of two selected targets (glycogen 
synthase kinase-3 and protein tyrosine phosphatase 1B) showed their relation with the treatment of VaD on 
animal models. Others three targets (bradykinin B2 receptor, 5-hydroxytryptamine receptor 1A and indoleamine 
2,3-dioxygenase 1) are under the study. The analysis of FDA approved drugs showed that some of them interact 
with some new identified VaD-related drug targets. It may be used as a basis for the experimental and clinical 
studies directed on repurposing the appropriate drugs for the treatment of vascular dementia.
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