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Abstract. Malaria remains a major global health burden amid rising concerns 

over artemisinin resistance, highlighting the need for new antimalarial candidates 

with broader mechanisms of action. This study aimed to identify the antimalarial 

potential of Allium tuberosum phytoconstituents through an integrated network 

pharmacology and AI-assisted molecular docking approach. A total of 45 

bioactive compounds were retrieved from the KNAPSACK database, of which 7 

compounds met the ADMET screening criteria. Network pharmacology 

identified 88 shared targets between A. tuberosum and malaria-associated genes, 

with STAT3 selected as the primary hub gene based on CytoHubba MCC 

analysis. GO and KEGG enrichment analyses revealed significant involvement 

of oxidative stress response, nuclear receptor signaling, IL-17 signaling, and 

arginine metabolism pathways relevant to malaria pathogenesis. AlphaFold2 

predicted a STAT3 structure with a mean pLDDT of 83.8 and a pTM of 0.698, 

subsequently used for DiffDock-L binding pocket prediction and molecular 

docking. C7 showed the strongest binding affinity toward STAT3 (S-score 

−13.2736 kcal/mol), outperforming the reference compound (−8.5137 kcal/mol) 

through hydrogen bond interactions with GLU357 and GLN448 within the 

STAT3 SH2 domain. These findings suggest that A. tuberosum bioactive 

compounds, particularly C7, has potential to be candidate antimalarial agents 

targeting STAT3-mediated inflammatory pathways. Further in vitro and in vivo 

validation is required to confirm these findings. 

Keywords: Allium tuberosum, enrichment analysis, malaria, molecular 

docking, network pharmacology.  

1 Introduction 

Malaria remains a serious global health problem. It is caused by infection with parasites 

of the genus Plasmodium, transmitted through the bite of female Anopheles 
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mosquitoes. The World Malaria Report 2025 recorded approximately 282 million 

malaria cases and 610,000 deaths worldwide [1].  

Current first-line therapy for malaria generally relies on artemisinin-based 

combination therapy (ACT). ACT has proven effective in rapidly reducing parasitemia, 

but parasite resistance to artemisinin has been confirmed or suspected in several 

countries [2, 3]. This resistance threatens the effectiveness of standard therapies and 

has the potential to delay the achievement of global malaria elimination targets [1]. 

Furthermore, malaria involves complex pathogenic mechanisms, including host 

immune responses, inflammatory processes, and molecular interactions between 

parasites and host cells [4]. This situation often makes single-target therapeutic 

approaches less effective in addressing the complexity of this disease. Therefore, 

exploration of new antimalarial agent candidates with broader mechanisms of action is 

urgently needed. 

Medicinal plants have long been an important resource in modern drug development 

due to their diverse secondary metabolite content [5]. One plant with potential for 

development is Allium tuberosum (chives), a member of the Amaryllidaceae family rich 

in organosulfur compounds, flavonoids, terpenoids, and essential oils [6]. Various 

studies have reported that compounds in A. tuberosum have antioxidant, antimicrobial, 

anti-inflammatory, and anticancer activities [6–8]. The multicomponent nature of these 

natural products makes conventional pharmacological approaches that focus on a single 

drug-target relationship inadequate to comprehensively elucidate their mechanisms of 

action. However, to date, research specifically exploring the potential of A. tuberosum 

phytoconstituents as candidate antimalarial agents remains very limited [9]. The key 

molecular targets and biological mechanisms underlying the possible antimalarial 

effects of A. tuberosum compounds are also poorly understood. This research gap 

highlights the need for approaches that systematically integrate the relationships 

between bioactive compounds, protein targets, and disease pathways [17]. 

Network pharmacology has been widely used to uncover interactions between 

bioactive compounds, protein targets, and disease at the systems level [10]. 

Developments in artificial intelligence (AI) technologies, such as AlphaFold2 and 

DiffDock, enable the prediction of protein structures and protein-ligand interactions 

with greater accuracy and efficiency than conventional approaches [11]. To the best of 

authors' knowledge, no study has integrated network pharmacology and AI-based 

molecular docking to explore the antimalarial potential of A. tuberosum. Therefore, this 

study aims to identify key bioactive compounds from A. tuberosum, determine potential 

molecular targets related to malaria through network pharmacology, and evaluate their 

affinity and interaction patterns using AI-based molecular docking. The results of this 

study are expected to provide a scientific basis for the development of candidate 

therapeutic agents based on natural ingredients to support malaria elimination efforts 

in the future. 
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2 Materials and Methods 

2.1 Bioactive Compounds Identification 

A. tuberosum phytoconstituents were collected from the KNAPSACK database. The 

chemical structures and Simplified Molecular Input Line Entry System (SMILES) 

notation of each compound were then obtained from the PubChem database. These data 

served as the basis for further analysis. 

2.2 ADMET Prediction and Screening 

The pharmacokinetic and toxicity profiles of the identified phytoconstituents were 

evaluated using the DeepPK platform. Compounds with predicted oral bioavailability 

values ≥20% were retained for further analysis. Only compounds with a "Safe" 

classification for Ames mutagenicity, carcinogenesis, drug-induced liver injury (DILI 

I and II), and hERG blocker toxicity were selected for the next stage. 

2.3 Compound-Related Target Prediction 

Potential protein targets of the selected compounds were predicted using 

SwissTargetPrediction. SMILES notation was used as input, and only targets with a 

predicted probability greater than 0.05 were included in further analysis. 

2.4 Malaria-Related Target Identification 

Malaria-related genes were collected from the GeneCards database using the keyword 

"malaria." Only protein-coding genes were retained, and targets with a relevance score 

greater than 5.0 were selected. Duplicate data were removed before further analysis. 

2.5 Shared Target Identification and Compound-Target Network 

Construction 

Intersections between compound targets and malaria-related genes were identified 

using Venny 2.1. The overlapping genes were considered potential therapeutic targets 

of A. tuberosum against malaria and were subsequently imported into Cytoscape 

version 3.10.4 for network visualization and analysis. 

2.6 Protein-Protein Interaction Network Analysis 

Protein-protein interaction (PPI) analysis was performed using STRING with Homo 

sapiens as the reference organism. The minimum interaction score was set at 0.700 

(high confidence). The resulting interaction network was exported and visualized using 

Cytoscape version 3.10.4. 
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Hub genes were identified using the CytoHubba plugin. The Degree algorithm was used 

to rank target genes based on their relative importance in the interaction network. The 

highest-ranking gene was designated as the hub gene. 

2.7 GO and KEGG Pathway Enrichment Analysis 

Gene Ontology (GO) enrichment analysis, including Biological Process (BP), 

Molecular Function (MF), and Cellular Component (CC), as well as Kyoto 

Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis, was 

performed using ShinyGO version 0.85. The false discovery rate (FDR) threshold was 

set at 0.05. The 20 pathways with the highest significance were retained for 

visualization. 

2.8 AI-Assisted Protein Structure Modeling and Binding Pocket Prediction 

The complete amino acid sequence of the hub gene, STAT3 (UniProt: P40763), was 

obtained from UniProt. Three-dimensional protein structure prediction was performed 

using AlphaFold2 with default parameters. The model with the highest confidence level 

(Rank 1) was selected for further analysis. 

Potential ligand binding regions were identified using DiffDock-L, available through 

the NeuroSnap AI platform. The AlphaFold2 Rank 1 predicted STAT3 structure was 

used as the receptor, while the reference compound (PubChem CID: 2779853) served 

as a STAT3 comparison inhibitor. The protein-ligand complex with the highest 

confidence score was selected and exported in Structure Data File (SDF) format. 

2.9 Molecular Docking 

Receptor and ligand preparation was performed using the Molecular Operating 

Environment (MOE) version 2019.01. Conformation searches were performed using 

the LowModeMD algorithm. Subsequent protonation and energy minimization were 

performed with default settings. 

Molecular docking simulations were performed using the Dock module in MOE. 

Initial ligand placement was performed using the Triangle Matcher algorithm and 

assessed using the London dG scoring function. The resulting poses were then refined 

using the Induced Fit protocol and reassessed using London dG. The best binding 

conformation was selected based on the lowest docking score (S-score) and the best 

interaction. 

3 Results and Discussion 

3.1 Screening of Active Compounds and ADMET Analysis 

A total of 45 phytoconstituents of A. tuberosum were successfully collected from the 

KNAPSACK database. ADMET screening process using the DeepPK platform was 
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then performed on all these compounds. Seven compounds met the criteria for oral 

bioavailability ≥20% and were classified as safe for Ames mutagenicity, DILI, and 

hERG blocker (Table 1). Most of the selected compounds belonged to the steroidal 

saponin (Tuberoside) group, followed by one lignan and one organosulfur compound. 

Table 1. ADMET properties of selected phytoconstituents from Allium tuberosum 

Compound Structure Human 

Oral 

Bioavailabil

ity 20% 

Fractio

n 

Unboun

d 

Plasma 

Protein 

Binding

CYP 

Inhibi

tor  

Half-

life 

Toxicity 

(carcinogen

esis, DILI 

II, hERG) 

C1 0.582 0.4 -4.98 -  >= 3hs Safe  

C2 

 

0.692 0.93 18.88 2C19  < 3hs Safe 

C3 0.728 

 

0.53 0.64 -  >= 3hs Safe  

C4 0.824 

 

0.81 3.49 -  < 3hs Safe 

C5 

 

0.857 0.85 11.85 -  < 3hs Safe 

C6 

 

0.832 0.68 1.85 -  < 3hs Safe 

C7 0.65 

 

0.67 -11.3 - < 3hs Safe 

3.2 Network Pharmacology Analysis 

Potential protein targets of the seven selected compounds were predicted using 

SwissTargetPrediction, resulting in 197 unique targets. Malaria-related genes were 

collected from GeneCards, resulting in 2,262 genes after filtration. Intersections 

between the two datasets were identified using Venny 2.1, resulting in 88 shared targets 

between A. tuberosum and malaria (Fig. 1). These shared targets were considered 

potential therapeutic targets of A. tuberosum against malaria and were used for further 

network analysis. 
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Fig. 1.   Venn diagram showing the overlap between A. tuberosum (AT)-related targets and 

malaria-associated genes. 

3.3 Protein–Protein Interaction Network and Hub Gene Identification 

Protein–protein interaction analysis of the 88 shared targets resulted in a network with 

88 nodes and 175 edges (Fig. 2a). The average node degree was recorded at 3.98, with 

an average local clustering coefficient of 0.44. The PPI enrichment p-value was 

recorded at less than 1.0×10⁻¹⁶, indicating that the formed network contained 

significantly more interactions than would be expected randomly. This finding 

indicates that these targets are biologically closely related, rather than isolated. 

Hub gene identification using CytoHubba with the MCC algorithm yielded 10 genes 

with the highest topology scores: STAT3, HIF1A, HSP90AA1, MMP9, ESR1, AR, 

NR3C1, PTGS2, MMP2, and PPARG (Fig. 2b). These ten genes were closely 

connected to each other, indicating their central role in the network. Among these ten 

genes, STAT3 (Signal Transducer and Activator of Transcription 3) was selected as the 

primary hub gene for further analysis. 
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Fig. 2. PPI network and hub gene identification of the 88 overlapping targets. (a) Full PPI 

network constructed using the STRING database, where nodes represent proteins and edges 

indicate protein–protein interactions. (b) Top 10 hub genes ranked by Maximum Clique 

Centrality (MCC) showing a fully interconnected subnetwork centered on STAT3. 

3.4 GO and KEGG Pathway Enrichment Analysis 

Enrichment analyses of the 88 shared targets were performed using ShinyGO version 

0.85 (Fig. 3). Among the enriched Biological Process terms, response to oxygen-

containing compound and response to stress showed strong relevance to malaria 

pathogenesis, reflecting the oxidative stress generated during erythrocyte rupture and 

hemozoin release [12]. Response to lipid was also enriched, consistent with the 

disruption of host lipid metabolism that occurs during Plasmodium infection [13]. 

In the Cellular Component category, enrichment of cell surface, secretory vesicle, 

and extracellular space terms pointed to receptor-mediated host–parasite interactions 

and secreted inflammatory mediators, both of which underlie erythrocyte 

cytoadherence and immune cell activation during malaria infection [14]. 
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For Molecular Function, nuclear receptor activity and ligand-activated transcription 

factor activity emerged as the most significantly enriched terms. This finding aligns 

with the presence of several nuclear receptor hub genes (PPARG, ESR1, AR, NR3C1), 

known to regulate macrophage polarization and anti-inflammatory responses during 

malaria infection [15]. Metallopeptidase activity was also enriched, corresponding to 

the MMP9 and MMP2 hub genes, both implicated in blood–brain barrier disruption 

during cerebral malaria [16]. 

KEGG pathway analysis identified the IL-17 signaling pathway, arginine 

biosynthesis, and arginine and proline metabolism as the pathways most relevant to 

malaria pathogenesis. Involvement of the IL-17 signaling pathway supports a role for 

Th17-mediated immunopathology during Plasmodium infection [17]. Arginine 

biosynthesis and arginine and proline metabolism are closely linked to nitric oxide 

production, whose depletion is strongly associated with endothelial dysfunction and 

severe malaria [13]. In addition, enrichment of the PD-L1 expression and PD-1 

checkpoint pathway suggests a possible contribution to T cell exhaustion, a 

phenomenon well documented in chronic and severe malaria infection [18]. 

 

Fig. 3. GO and KEGG enrichment analyses of the 88 overlapping targets between Allium 

tuberosum and malaria. (a) Biological Process (BP), (b) Cellular Component (CC), (c) Molecular 

Function (MF), and (d) KEGG pathway enrichment results. 

3.5 AI-Assisted Protein Structure and Binding Pocket Prediction 

Three-dimensional structure prediction of STAT3 using AlphaFold2 produced five 

candidate models. The Rank 1 model, selected for subsequent analysis, showed a mean 

pLDDT of 83.8 and a pTM score of 0.698, indicating a reasonably high level of 

structural confidence for downstream docking analysis [19]. 

Binding pocket prediction using DiffDock-L on the Rank 1 STAT3 structure, with 

the reference compound (PubChem CID: 2779853) as ligand, generated a protein–

ligand complex with a confidence score of 0.13. This predicted binding region was 

subsequently used as the docking reference site for the seven candidate compounds. 
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3.6 Molecular Docking Analysis 

Molecular docking simulations showed that all seven candidate compounds 

successfully bound within the predicted STAT3 binding pocket (Table 2). C7 exhibited 

the strongest binding affinity, with an S-score of −13.2736 kcal/mol, followed by C6 

(−12.2037 kcal/mol) and C4 (−11.2476 kcal/mol). The reference compound showed an 

S-score of −8.5137 kcal/mol. With the exception of C3 (−8.0573 kcal/mol), all tested 

compounds showed stronger predicted binding affinity toward STAT3 than the 

reference compound. 

Table 2. Binding affinity (S-score) and interactions of the tested compounds against STAT3 

Compound RMSD 

Binding 

affinity 

(kcal/mol) 

Interacting 

Residue 

Interaction 

Type 

Distance 

(Å) 

Energy 

(kcal/mol) 

Ref. (CID: 1.2985 −8.5137 GLU272 H-donor 3.33 −0.6 

2779853)   GLN448 H-acceptor 2.49 −1.4 

C1 - −8.9552 GLU272 H-donor 3.26 −1.2 

   GLU272 H-donor 3.19 −0.6 

   GLU357 H-acceptor 3.05 −1.7 

C2 - −10.2486 HIS447  

(5-ring) 

H-pi 3.57 −0.5 

C3 - −8.0573 GLU272 H-donor 3.33 −1.3 

   HIS447 H-acceptor 3.13 −1.3 

C4 - −11.2476 TYR446 H-donor 2.83 −1.4 

C5 - −10.5731 GLU357 H-acceptor 2.81 −1.7 

C6 - −12.2037 TYR446 H-donor 3.01 −1.0 

   GLU357 H-acceptor 3.1 −1.6 

   GLN279 H-acceptor 3.02 −1.0 

C7 - −13.2736 GLU357 H-donor 2.88 −2.3 

   GLN448 H-acceptor 3.24 −0.7 

Interaction analysis showed that C7 formed a hydrogen bond with GLU357 as a 

hydrogen-bond donor (distance 2.88 Å; energy −2.3 kcal/mol) and with GLN448 as a 

hydrogen-bond acceptor (distance 3.24 Å; energy −0.7 kcal/mol) (Fig. 4). Notably, 

GLN448 was also engaged by the reference compound, suggesting that C7 occupies an 

overlapping binding region within the STAT3 pocket. C6 additionally interacted with 

TYR446 and GLN279, while C4 interacted with TYR446. GLU357, TYR446, HIS447, 

and GLN279 are residues located within the SH2 domain of STAT3, a region essential 

for STAT3 dimerization and transcriptional activation. These findings suggest that the 

top-ranked compounds, particularly C7, C6, and C4 may interfere with STAT3 

dimerization through occupation of this key regulatory region. 
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Fig. 4. Molecular docking visualization of several compound (C4, C6, and C7) and the reference 

ligand within the STAT3 binding pocket. The upper panel shows the overall binding region on 

the AlphaFold2-predicted STAT3 structure (gray ribbon), with the overlay of the DiffDock-

predicted reference pose (magenta), the MOE-redocked reference pose (green), and the docked 

compounds (yellow). The lower panels present close-up binding orientations and corresponding 

two-dimensional interaction maps of the reference ligand and compounds C4, C6, and C7, 

demonstrating their localization within the same predicted binding region of STAT3.  

This study has several limitations that should be acknowledged. As with any in 

silico-based study, the findings presented here require experimental confirmation. 

Target prediction and molecular docking results represent computational estimations 

rather than direct measurements of biological activity. Further in vitro antiplasmodial 

assays and in vivo validation are therefore needed to confirm the therapeutic potential 

of bioactive compounds identified in this study.  
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4 Conclusion 

This study demonstrates that bioactive compounds from Allium tuberosum show 

potential as antimalarial agent candidates, based on their favorable ADMET screening 

profile, their broad overlap with malaria-associated targets through network 

pharmacology analysis, their convergence on STAT3 as a central hub gene linked to 

malaria-relevant inflammatory pathways, and their strong binding affinity toward 

STAT3 in molecular docking analysis. Among the tested compounds, C7 exhibited the 

most favorable binding profile, surpassing the reference compound. Nevertheless, 

further in vitro and in vivo validation is required to confirm the antimalarial efficacy of 

these compounds. 
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