
  

e-ISSN 2289-599X| DOI: https://doi.org/10.11113/mjfas.v22n1.4974   166 

Wahyuningsih et al. | Malaysian Journal of Fundamental and Applied Sciences, Vol. 22 (2026) 166−186 

 
                                                     RESEARCH ARTICLE 

 

From Traditional Food to Nutraceuticals: 
LC-HRMS Identifies Leaves and Roots 
Antidiabetic Metabolites of Amaranthus 
spinosus L. and Amaranthus viridis L. from 
Buru Island (Wallacea Areas) 
Sri Wahyuningsih, Bambang Retnoaji, Rarastoeti Pratiwi, L. Hartanto 
Nugroho* 

Faculty of Biology, Gadjah Mada University, Yogyakarta 55281, Indonesia 
 

 

Abstract The leaves and roots of A. spinosus and A. viridis on Buru Island (Wallacea region) as 

antidiabetics have received little attention. The goal of this study was to identify active chemicals 

in the leaves and roots of these two plant species that could be used as antidiabetic 

nutraceuticals. The method in this research used five approaches: LC-HRMS, chemometric 

analysis, volcano plot, Venn diagram, and in silico. The results showed that the roots of both plant 

species had the highest chemical diversity, especially in the acid, lipid, and derivative groups. The 

specific compounds identified consisted of LAS (8), LAV, RAS (13), and RAV (14). In silico 

analysis indicated 25-Dihydroxyvitamin D3 and ursolic acid from the RAS sample as two of the 

best potential antidiabetic alternatives, with binding energies of (-10.1 kcal/mol) and (-9.7 kcal/mol) 

to the COX-2 protein, respectively. On the other hand, the positive control (diclofenac) showed a 

weaker binding energy of -7.5 kcal/mol. In conclusion, 25-Dihydroxyvitamin D3 and ursolic acid 

compounds have a strong inhibitory effect on COX-2 protein, indicating that they are viable natural 

candidates for the development of future antidiabetic therapies. 

Keywords: Amaranthus, antidiabetic, in-silico, LC-HRMS, metabolomic, nutraceutical. 

 

Introduction 
 

The historical consumption of Amaranthus species as a vegetable food and medicine is attributed to their 
abundance of nutrients and bioactive compounds, including flavonoids and betalains, known for their 
antioxidant and antidiabetic effects [1, 2]. A. spinosus and A. viridis, two Amaranthus species with a 
broad tropical and subtropical distribution, have a history of traditional uses attributed to their therapeutic 
properties. In vitro and in vivo tests confirm the leaf extracts and mixed organs from both species have 
potential antihyperglycemic efficacy [3]. However, both species remain understudied for some reason, 
with limited phytochemical data available. 

 

Phytochemical can study with metabolomic approach. This approach is a complete analysis chemical 
characterization, for discovering compound variety, and for increasing the use of the biological activity 
compounds in various food crops and medicinal species [3]. A previous study on Amaranthus species 
(A. hybridus, A. blitum, and A. caudatus) uses LC-MS/MS and ¹H-NMR found significant metabolic 
diversity in both wild and cultivated plants [3, 4]. This outcome is influenced by environmental conditions, 
production methods, organs, and plant age. Araujo-León et al. (2024) investigates the metabolomic 
profiles of A. cruentus leaves and flowers using HPLC and identified variation in the metabolomic profiles 
and distribution of flavonoids, cinnamic acid derivatives, and betalains between the two organs [5]. 

 

Currently, most metabolomic research on Amaranthus is limited to a specific group of species (e.g., A. 
cruentus, A. hybridus, A. tricolor, A. retroflexus) that focuses on the upper parts of the plant, namely 
edible leaves or flowers, with little attention paid to the roots or the distribution of antidiabetic metabolites 
in various organs [3, 5]. In fact, the combination of Amaranthus species roots and other medicinal plants 
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in vivo is antioxidant and hypoglycemic. These results indicate that there are various bioactive 
compounds associated with glucose, lipid, and oxidative stress regulation in hidden organs [6]. This 
discovery opens up a knowledge gap, notably in the comparative metabolomics in leaves and root 
organs both above and below the surface. Furthermore, systematic mapping of antidiabetic metabolites 
bases on LC-HRMS in the leaves and roots of A. spinosus and A. viridis, as well as explicit comparison 
of their metabolic signatures, is still unavailable. This gap limits the rational selection of plant parts for 
nutraceutical development and standardization. 

 

An additional gap that has not received much attention is geographical uniqueness. Indonesia has three 
main phytogeographical regions: the Sunda Shelf, the Sahul Shelf, and Wallacea, which support its 
biodiversity. Buru Island (Maluku) is part of Wallacea and has high plant endemism and ecological 
divergence compared to the surrounding continental shelf due to its complex geological history, seasonal 
monsoon climate, and strong isolation in the form of a sea barrier [7]. The species list for Indonesia and 
the Maluku Islands emphasizes that Wallacea harbors unique lineages and locally distinct assemblages 
of plants, characterized by adaptive traits specific to extreme environments. These environmental filters 
and evolution are thought to shape the repertoire of secondary metabolites, yet metabolomic studies 
explicitly related to Wallacean origins are still almost nonexistent [8]. 

 

This regional disparity must be acknowledged in the context of nutraceutical research. Metabolomic 
studies across many genera have shown that metabolic variations influenced by environmental and 
origin factors can facilitate the discovery of novel diabetic treatments. The Wallacea flora is distinctive 
due to its exposure to a temperature regime that differs from that of the Sunda and Sahul areas [7, 8]. 
Consequently, A. spinosus and A. viridis, representing worldwide populations of the species on Buru 
Island, may include a distinctive array of metabolites, potentially containing undiscovered antidiabetic 
chemicals or atypical combinations of established compound groups. 

 

Nutraceuticals represent a modern advancement that integrates conventional knowledge with precise 
analytical techniques, particularly Liquid Chromatography-High Resolution Mass Spectrometry (LC-
HRMS) [9, 10]. Unlike conventional phytochemical screening, LC-HRMS allows simultaneous detection 
and structural elucidation of hundreds of compounds down to picomolar concentrations with mass 
accuracy <5 ppm [10, 11]. This method has successfully identified 14 antidiabetic compounds in 
Artemisia annua, including sesquiterpene lactone derivatives that were not detected by traditional 
techniques [12].  

 

As a result, The present study addresses these knowledge gaps by applying LC‑HRMS–based 
metabolomics to identify and compare antidiabetic metabolites in leaves and roots of Amaranthus 
spinosus L. and Amaranthus viridis L. collected from Buru Island, a representative Wallacea locality [7, 
8]. By integrating organ‑specific metabolite profiling with prior pharmacological evidence on enzyme 

inhibition and glucose‑lowering actions of these species [3, 6], this work seeks to (i) map the distribution 
of candidate antidiabetic metabolites between leaves and roots, (ii) highlight chemotaxonomic and 
biogeographical features that distinguish Wallacean Amaranthus material from previously studied 
populations, and (iii) propose promising plant parts and metabolite classes for development into 
standardized nutraceuticals targeting diabetic. Therefore, the study provides one of the first 
metabolomics‑anchored contributions to valorizing Wallacea’s plant diversity in the context of metabolic 
disease prevention and functional food innovation. 

 
Materials and Methods 
 

Chemicals 
The Merck MeOH (Darmstadt, Germany) was used for sample extraction. MeOH (HPLC-grade), formic 

acid (0.1%), acetonitrile (ACN), water (H₂O), and nylon membrane filtration (0.2 µm) were produced by 
Fisher Scientific Korea Ltd. (Seoul, South Korea) and the United States for dilution and the mobile phase. 
The mobile phases consisted of solvent A (MS-grade water containing 0.1% formic acid) and solvent B 
(MS-grade acetonitrile containing 0.1% formic acid) for LC-HRMS analysis. 

 

Sample Preparation and Extraction 
Plant samples of A. spinosus and A. viridis were collected from open fields in the Lolong Guba sub-
district, Buru District, Maluku Province, Indonesia, in November 2024 (Figure 1). The plant materials 
were authenticated by Prof. Dr. Purnomo, M.S., at Gadjah Mada University and deposited in the 
Laboratory of Plant Systematics (Gadjah Mada University), Yogyakarta, Indonesia (Table 1). The ground 
leaves and roots (100 g) were dissolved with 99.8% MeOH (1 L) above room temperature for 48 hours, 
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evaporated with a rotary evaporator (RE-300; Stuart, UK) to produce a crude extract, and stored at 4°C. 
Additionally, the sample (10 mg) was mixed with MeOH (1000 µL, HPLC-grade) in a vortex over 1 minute 
and filtered with a nylon pore (0.2 μm) for LC-RHMS analysis [13, 14]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. The study area map of Lolong Guba Sub-district, Buru Regency, Maluku Province, Indonesia, illustrates 
the sampling locations of A. spinosus and A. viridis. The elevation profile, indicated by the gradient legend, shows 
the topographic variation across the region 

 

Table 1. Amaranthus species employed in this investigation 

 

 

 

 

 

 

 

LC-HRMS Analysis 
Thermo Scientific™ Vanquish™ Horizon Ultra-High Performance Liquid Chromatography (UHPLC) 
(Germering, Germany) and Thermo Scientific™ Orbitrap™ Exploris 240 High Resolution Mass 
Spectrometry (HRMS) (Bremen, Germany) were connected to an Optamax™ NG Heated Electrospray 
Ionization (H-ESI) with a DuoSpray ion source (negative and positive modes). Separation was 
accomplished on the Thermo Scientific™ Accucore™ (Lithuania) Phenyl Hexyl column (100 mm x 2.1 
mm x 2.6 µm) using a gradient mobile phase A: MS grade water with 0.1% formic acid and B: MS grade 
acetonitrile with 0.1% formic acid. Elution began at 5% B and steadily expanded to 90% in 16 minutes, 
remained at 90% for 4 minutes, and then returned to 5% B for 25 minutes. The column temperature was 
kept at 40°C, and the flow rate was set to 0.3 mL/minute. The injection volume was 5 µL. 

 

The MS platform was run in information-dependent acquisition (IDA) mode, with full MS/dd-MS2 (polarity 
switching), resolution of 60,000 FWHM, mass range of 70-800 m/z, data-dependent fragmentation (dd-
MS2) of 22,500 FWHM, and normalized collision energies of 30, 50, and 70 (nitrogen). The electrospray 
ionization (ESI) was executed at 320°C, utilizing an ion migration tunnel at 300°C and an ion spray 
voltage of 3500 V (positive mode) and 2500 V (negative mode). The sheath gas, auxiliary gas, and 
sweep gas were all set to 35 arbitrary units, 7 AU, and 1 AU, respectively. 

 

Data Mining and Statistical Examination 
LC-HRMS data was processed using Thermo Scientific Compound Discoverer 3.3 software (San Jose, 
USA), which included mzCloud Library, Chemspider Database, and Mass List Search, in accordance 
with standard protocols for peak selection, chromatogram deconvolution, isotope peak grouping, and 
alignment. Features were identified at a density threshold of ±5 ppm and grouped by retention duration 
(0.2 minutes) [14]. The LC-HRMS data emerged by principal component analysis (PCA) and partial least 
squares discriminant analysis (PLS-DA), with sum normalization and autoscaling [15]. VIP scores ≥ 1 
were implemented to determine distinct metabolites, as were volcano plots (FC > 1.5 and p-value < 
0.05). The Venn diagram tool, found at https://bioinformatics.psb.ugent.be/webtools/Venn/software 

No Species Registration and 
voucher number 

Origin Genus Habitat 

1. A. spinosus L. 00741/S.bt/x/2024 Vietnam & part of Africa Amaranthus Wild  

2. A. viridis L. 00740/S.bt/x/2024 America Amaranthus Wild 
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(UGent Bioinformatics & Evolutionary Genomics), was used to identify and continue to investigate these 
unique metabolites [14, 15]. 

 

In-silico Prediction 
 

Biological Activity Prediction as Antidiabetic  
The canonical SMILES of distinct compounds from the samples were acquired via PubChem 
(https://pubchem.ncbi.nlm.nih.gov/) and inserted in the PASSonline web server 
(http://way2drug.com/passonline/predict.php). [16, 17]. The biological activity potential as an antidiabetic 
emerged by the Pa (active) [18]. Pa>Pi is recognized as probable for a specific chemical. Substances 
with Pa > 0.7 exhibit strong empirical activity. Those with Pa values of 0.5–0.7 offer modest activity but 
are distinct from existing medicines. In contrast, Pa < 0.5 indicates lower experimental activity but a 
greater probability of identifying New Chemical Entities (NCEs). 

 

Toxicity Analysis Prediction   
The ProTox-3.0 online tool (https://tox.charite.de/protox3/) was utilized to measure the oral toxicity 
(mg/kg) values and toxicity classifications for each candidate. The platform is separated into five distinct 
classification processes: (1) acute toxicity (6 models); (2) organ toxicity (5 models); (3) toxicological 
endpoints (8 models); (4) toxicological pathways (12 models); and (5) toxicity targets (15 models) [19]. 

 

Swiss ADME Evaluation 
SwissADME is a tool that is used to estimate the ADME, pharmacokinetics, and drug-likeness properties 
of small molecules based on Lipinski’s Rule of Five on the website (http://www.swissadme.ch). The 
comprehensive approach, from uploading the compound to evaluating the outcome, starts with the user 
downloading a small molecular structure in SMILES, SDF, or MOL format, or drawing with the integrated 
modeler. Furthermore, the user uploads, clicks the run button, and the website will calculate the 
parameter value [17, 18]. 

 

 Molecular docking 
Ligand preparation: a total of compounds following RO5 from A. spinosus and A. viridis were used. The 
chemical structure of each compound was retrieved from the PubChem database and saved as an SDF 
format, which was then converted into PDB file format using BIOVIA Discovery Studio 2019. 

 

Protein preparation: The three-dimensional (3D) structure of the target protein associated with the COX-
2 diabetic protein was downloaded from the Protein Data Bank (PDB) database under PDB ID 1PXX and 
stored in PDB file format. This protein was in a complex with diclofenac. Additionally, water, natural 
ligands, and unnecessary components were removed from the protein structure [16]. 

 

Molecular docking simulation: Protein-ligand docking was performed using AutoDock Vina software 
integrated with PyRx 0.8. The docking output with a lower binding affinity score than the inhibitor indicates 
high potential as an antidiabetic [17, 19]. BIOVIA Discovery Studio 2019 is used for illustrating docking 
results, including the protein's ligand-binding location. 

 
Results and Discussion 
 

Morphological Features of Plant Materials 
Morphological features in plants are not just for description. They determine how plants survive and 
reproduce in different environments, underpin species identification and breeding, and strongly influence 
community and ecosystem processes over both present and past climates [20]. Figure 2 showed the 
differences in morphology between A. spinosus and A. viridis, including leaf color, root structure and 
color, and overall plant morphology. A. spinosus exhibited darker green leaves with a slightly glossy 
texture, while A. viridis displayed lighter green. That pigmentation is influenced by genetic (chlorophyll 
content) and environmental factors. The root of A. spinosus has a less dense but deeper taproot system 
with white and red coloration for adaptability, competitive development in dense environments, attraction 
of particular symbiotic microorganisms, and defense against heavy metals, fungus, and bacteria [20-22]. 
In contrast, A. viridis displayed a more fibrous and extensive root network with a pale white color 
correlated with environmental conditions, root structure, cell turgor rate, chlorophyll composition, or 
accumulation of compounds such as suberin, lignin, or phenolics for a chemical barrier against soil-borne 
fungi, reduced microbial attraction (many pathogens target pigmented tissues), reduced water loss, 
nutrient, and stress resilience [23-26]. 
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   A     B 

Figure 2. Morphological features of (A) A. spinosus and A. viridis (B) found in Lolong Guba sub-district, Buru Regency, 
Indonesia. Each panel displays an entire plant (top); leaves and roots (bottom) to illustrate the diversity in colour 

 

 

LC–HRMS Metabolomic Profiling Analysis 
The selection of analytical methods, particularly in metabolomic profiling, is a crucial step in research 
because it will affect the number of compounds detected. LC-HRMS is used because it is considered 
superior in mapping thousands of metabolites, proteins, and lipids and authenticating halal and haram 
foods comprehensively, both targeted and untargeted, which cannot be mapped by other instruments 
[12, 27]. In this study, based on the results of LC-HRMS analysis, ten groups of compounds were 
obtained, dominated by acids, lipids, and their derivatives in RAS and RAV samples (figure 3). The high 
levels of these two groups of compounds are due to organ function (physiology) and environmental 
adaptation [27-29]. 

 

The root systems are used to store and protect organs in the soil; consequently, they are additionally 
abundant in primary metabolites (e.g., organic acids, lipids, and their derivatives) associated with ion 
absorption, osmotic regulation, membrane structure, and signaling. Investigations of root exudates reveal 
the varied secretion of organic acids with significant internal concentrations. Moreover, roots have a 
higher concentration of organic acids and lipids than aerial portions, particularly under biotic and abiotic 
stress, as these substances serve as osmolytes, energy reserves, and structural elements for 
membranes and protective barriers [27-32].  

 

Furthermore, the reason for the increased concentration of these two groups of compounds is that the 
samples grew in the Wallacea region (including Buru Island). The unique environmental conditions 
(tropical climate, distinct dry and wet seasons, and soil deficient in nutrients) increase the production of 
primary and secondary metabolites as an adaptive response in osmotic adjustment and protection 
against oxidative stress. Environmental metabolomics research shows that soil factors significantly shape 
root metabolite profiles, more than aerial parts, because roots directly detect soil pH, salinity, heavy 
metals, and nutrient status. In A. viridis, exposure to metal stress (Pb) increases citric acid and other 
organic acids and alters lipid peroxidation status in roots. [27, 33-36]. 
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Figure 3. The accumulated concentration of phytochemical substances detected in (A) A. spinosus (LAS and RAS) 
and (B) A. viridis (LAV and RAV) metanol extracts utilizing LC-HRMS with negative (-) and positive (+) ionization 

 

 

Revealing Distinct Metabolites Between A. spinosus and A. viridis 
The compounds obtained from the LC-HRMS chromatograms of leaf and root extracts were processed 
using chemometric analysis (PCA and PLS-DA), followed by volcano plot and Venn diagram analysis to 
reinforce and visualize the different compounds produced by each sample. Chemometric analysis aims 
to identify and classify different thousands of metabolites in a single two-dimensional graph [37, 38]. In 
contradistinction to PCA, which only explores the total variance of the data without considering group 
labels, PLS-DA is designed to distinguish groups by maximizing the variance between classes [39, 40]. 

 

Figure 4 and Figure 5 showed the score plots of PCA and PLS-DA in the sample organ. Overall, PC1 
and PC2 values demonstrated over fifty percent of the variations, indicating the separation of compounds 
in each organ was attractive. These results are consistent with previous studies, which found that the 
cumulative variance explained by PC1 and PC2 in Amaranthus species is approximately 50% [41, 42]. 
PLS-DA is a discriminant analysis commonly used in metabolomic data analysis to classify data through 
data dimension reduction and combine regression models to obtain regression results based on specific 
discriminant thresholds. This model uses cross-validation with R² and Q² parameters. R2 explains the 
interpretability level of the model variables, and Q2 explains the predictability level of the model. 
Theoretically, good model results are obtained when the values of R² and Q² are closer to 1 and vice 
versa. Under normal conditions, the values of R2 and Q2 are greater than 0.05, and the disparity between 
the two should not be excessive. When the R2 value is low, the test set becomes unstable, whereas a 
low Q2 value suggests significant background noise in the test set or the existence of more aberrant 
items (outliers) in the model [42]. Cross validation of Q2 and R2 is used to select the number of 
components with the ideal range. R2 > 0.7 is considered substantial predictive ability, and Q2 should be 
close to R2, indicating that the data is fitting the model [43].  

 

The cross validation in the PLS-DA for this study showed R² = 0.99, Q² = 0.81 in leaves (LAS, LAV), R² 
= 0.99, Q² = 0.92 in roots, and a p-value in two sample organs from the permutation test (p > 0.05) 
(Figure 5a and Figure 5b). The high R² and Q² values suggest a significant internal consistency within 
the examined groups [43]. Furthermore, the insignificant p-value from the permutation test (p > 0.05) 
represents a potential risk of overfitting because of the high-dimensional structure of the data. Thus, this 
model is regarded as an exploratory instrument for discovering prospective biomarkers rather than a 
conclusive prediction classifier [43]. 
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Figure 4. Principal Component Analysis (PCA) score plots between A. spinosus and A. viridis Buru Island using 
MetaboAnalyst 6.0. (A) leaves (LAS and LAV); (A) roots (RAS and RAV) samples 
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Figure 5. Partial Least Squares-Discriminant Analysis (PLS-DA) score plots between A. spinosus and A. viridis Buru 
Island using MetaboAnalyst 6.0. (A) leaves (LAS, LAV); (B) roots (RAS, RAV) samples 

 

 

The top 15 metabolites (>1.0 scores) in VIP summarized the most influential metabolites responsible for 
organ type discrimination and were selected for future investigation [40, 43, 44-46]. Among the top 15 
discriminatory metabolites in leaves (LAS, LAV), pimelic acid, decanedioic acid, and oxohexenoic acid 
were identified as major contributors. In contrast, hexanoic acid, phosphatidic acid, and ursolic acid were 
identified as important for distinguishing root (RAS, RAV) organs (Figure 6b). A large number of these 
compounds have an extensive number of beneficial impacts, involving responses to inflammation, 
antioxidants [46–49], insulin sensitization, potential neurogenic effects, antiproliferative, antitumor, anti-
angiogenesis, antidiabetic, anti-obesity, anticancer, and metabolic-regulating effects, apoptosis cell, and 
anti-Krabbe disease (globoid cell leukodystrophy) [50–52].  
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Figure 6. Variable Importance in Projection (VIP) PLS-DA statistics between A. spinosus and A. viridis Buru Island 
using MetaboAnalyst 6.0 tools with Red signifies substantial concentrations and dark blue identifies impaired 
quantities. (A) leaves (LAS, LAV); (B) roots (RAS, RAV) samples 
 

 

Figure 7 showed the volcano plot analysis. This analysis illustrates the statistical test results of thousands 
of variables simultaneously, facilitating the identification of the most biologically significant changes. In this 
study, the volcano plot was used to reinforce the identification of key metabolites based on VIP scores. The 
position of the points and color variations indicated the level of change in expressed abundance. The X-
axis (Log2 FC) >1.5 indicates the extent of variation among groups, and the Y-axis (-log10 p-value) denotes 
the degree of statistically significant difference. The higher the position of a point on the Y-axis (origin 0.0), 
the lesser the p-value, which means the more significant the difference [53, 54]. 
 

Figure 7a showed that oxohexenoic acid, piperine, and arvenin III increased in the LAS sample and 
decreased in the LAV sample. Conversely, pimelic acid, decanedioic acid, and nonanoic acid increased in 
the LAV sample. Figure 7b shows that the compounds that increased in the RAS sample were hexanoic 
acid, ursolic acid, and L-aspartate, while in the RAV sample, they were phosphatidic acid, diffusoside C, 
and juniperic acid. These results show that each sample group has a unique chemical of what is happening 
inside the cells or tissues. The results in Figures 7a and 7b demonstrated that the statistical model 
effectively distinguished between the sample groups (LAS vs. LAV and RAS vs. RAV) according to their 
chemical compositions [53, 54]. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

      A             B 

Figure 7. Volcano plot illustrating the most discriminative metabolites. Blue dots indicate a significant decrease, red 
an increase, and grey no significant. (A) leaves (LAS vs LAV); (B) roots (RAS vs RAV) samples 
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Figure 8 shows a Venn diagram analysis that aims to visualize the comparison of metabolite composition 
among various sample groups. Unlike the volcano plot, which performs quality screening (vertical), the 
Venn diagram performs specificity screening (horizontal). However, both are instruments that work 
sequentially to filter the most valid biomarkers. Figure 8a displayed Venn diagram analysis for 48 different 
chemicals in leaves (LAS = 8, LAV = 13) and roots (RAS = 13, RAV = 14) in both Amaranthus species, 
indicating organ-specific metabolic pathways across aerial and subterranean tissues [56, 57]. Moreover, 
comparisons between species have similar compounds with 76 unique metabolites (Figure 8b). 
Furthermore, the detailed compounds can be shown in Table 2. This distinction confirmed that the 
differences in organs, genetics, and ecology factors have an impact on biosynthetic adaptations [58, 62, 
63]. 
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Figure 8. Venn diagram illustrating the distribution metabolites. (A) Comparison of compounds between different 
plant organs (leaf and root) within each species. (B) Comparison of shared and unique compounds between the two 
Amaranthus species 

 

Table 2 the 48 distinct compounds from leaves and roots A. spinosus and A. viridis species based on Venn diagram analysis 

 
No Copound Part CID/ ChemSpider ID Molecular formula Class 

1. N-Acetylanthranilic Acid LAS 6971 C9H9NO3 Acid 

2. Lignocerylserotonin* 156122 C34H58N2O2 Lipid and derivates 

3. Benzoic Acid 1094891 C19H17NO7S Lipid and derivates 

4. Octadecanamide 594460 C28H46N2O2 Acid 

5. Adonixanthin 16061189 C40H54O3 Lipid and derivates 

6. Juniperic acid 10466 C16H32O3 Terpenoid 

7. Sebacic acid 5192 C10H18O4 Acid 

8. Piperine  638024 C17H19NO3 Alkaloid 

9. Phaseolic acid 1 LAV 5281786 C13H12O8 Lipid and derivates 

10. Mesaconic Acid 638129 C5H6O4 Acid 

11. N-Palmitoyl Valine  11348810 C21H41NO3 Amino acid 

12. TEMPO  2724126 C9H18NO Lipid and derivates 

13. N-Acetylalanine  88064 C5H9NO3 Amino acid 

14. DL-Carnitine 288 C7H15NO3 Acid 

15. Heptanoic Acid  5283058 C22H38O5 Vitamin 

16. DL-Tyrosine  1153 C9H11NO3 Terpenoid 

17. Allantoic Acid/Allantoate 5287444 C4H7N4O4
- Phenolic 

18. Hydroxydecanoic Acid 56936290 C22H40O11 Glycolipid  

19. Undecatetrane  4656047 C14H22 Acid 

20. N-Palmitoyl Alanine  14961184 C19H37NO3 Vitamin 

21. Beta-Damascenone 5366074 C13H18O Acid 

22. Isoferulic acid RAS 736186 C10H10O4 Acid 

23. Octadecanoic Acid 45359277 C18H36O5 Acid 

24. Succinic acid semialdehyde 1112 C4H6O3 Amino acid 

25. Indoleacetylglycine/acetic acid 440806 C12H12N2O4 Antioxidant 

26. Hexadecanoic Acid 441449 C16H32O4 Amino acid 

27. Boc-Glycine 78288 C7H13NO4 Amines 

28. Phenyllactic Acid 1303 C9H10O3 Lipid and derivates 

29. Pentanorvitamin D3 9547499 C29H40O2 Amino acid 
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No Copound Part CID/ ChemSpider ID Molecular formula Class 

30. Ursolic Acid 64945 C30H48O3 Acid 

31. Dihydrocapsaicin 107982 C18H29NO3 Lipid and derivates 

32. L-Aspartate/ aspartic acid 5960 C4H7NO4 Terpenoid 

33. Hexanoic Acid 14490 C6H12O3 Amino acid 

34. 25-Dihydroxyvitamin D3 9547502 C29H42O4 Terpenoid 

35. 27-Norvitamin D3 RAV 9547284 C26H39F3O2 Vitamin 

36. Aconitic Acid 444212 C6H6O6 Acid  

37. Tetradecadienedioic acid 10405119 C18H30O6 Lipid and derivate 

38. Phosphatidic Acid 446066 C35H69O8P Lipid and derivates 

39. L-Proline 80817 C11H20N2O3 Amino acid 

40. Oleic Acid  445639 C18H34O2 Lipid and derivates 

41. L-α-Asparagine  6267 C32H31N3O7 Amino acid 

42. Phenaceturic acid 68144 C10H11NO3 Acid 

43. L-Hydroxyproline 5810 C5H9NO3 Amino acid 

44. Petroselinic Acid  5281125 C18H34O2 Lipid and derivates 

45. NONIOSIDE D  10741757 C18H32O12 Glycoside  

46. Gentisic Acid  3469 C7H6O4 Acid 

47. Decanoic acid 16061039 C10H17NO4 Lipid and derivates 

48. β-Alanine diacetic acid 535795 C7H11NO6 Other compound 

Note: * compound with ChEBI ID sources 

 

 

In Silico Analysis Prediction 
Biological Activity Prediction as Antidiabetic  
Utilizing PASSonline, a researcher may predict the biological activity of specified substances. This study 
is valuable, particularly in early-stage pharmacological and phytochemical research, because it is less 
expensive, faster, and more ethical [16-18]. However, using this web server still requires experimental 
confirmation. A total of 48 distinct metabolites revealed diverse antidiabetic activities with Pa values 
(Figure 9). Adonixanthin, ursolic acid, and phenyllactic acid in LAS RAS samples, as well as DL-carnitine 
and gentisic acid in LAV RAV samples, had a high Pa value for almost all bioactivity parameters. This 
result was relevant to previous studies on antioxidants, glucose metabolism modulation (enhancing 
uptake, storage, and oxidation), and insulin sensitivity improvement [64-66]. Ursolic acid (triterpenoid) is 
mediated through multiple mechanisms such as inhibiting α-amylase, α-glucosidase, aldose reductase, 
and glycogen synthase kinase-3 enzymes [65, 67]. 

 

Toxicity Analysis Prediction 
Acute Oral and Organ Toxicity Prediction Obtained by Protox-3.0 
Web Server Analysis Prediction  
The implication of the ProTox 3.0 web server is that detailed toxicity and mechanistic risk information 
can be obtained rapidly from structure alone, supporting safer chemical and drug design, earlier risk 
flagging, and reduced reliance on animal testing—while still requiring experimental validation for 
regulatory decisions [19]. Figure 10 shows the ProTox-3.0 analysis, which predicts acute oral toxicity 
with LD₅₀ values ranging from highly toxic (1 mg/kg, Class 1) to non-toxic (10,000 mg/kg, Class 6). The 

toxicity of pentanorvitamin D₃ and 25-dihydroxyvitamin D₃ in RAS A. spinosus leads to excessive levels 
of vitamin D along with insufficiency, increasing the probability of degenerative diseases such as 
diabetes [68]. DL-carnitine, L-α-asparagine, NONIOSIDE D, and decanoic acid are safe for LAV and 
RAV A. viridis, with varied toxicity depending on structure [69, 70]. 

 

Hepatotoxicity prediction assumes long-term (subchronic) effects influenced by specific metabolic 
pathways in the liver [71]. The prediction classifies benzoic acid, ursolic acid, piperine, and heptanoic 
acid (LAS, RAS, and RAV) as active in the liver, indicating potential hepatic effects despite their moderate 
LD₅₀ values (5000, 2000, and 1190 mg/kg) (Figure 11). These predictions are associated with hepatic 
metabolic mechanisms and pathways that influence bioactivation and compound toxicity potential [72-
74]. 
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Figure 9. Prediction of antidiabetic activity via PASSonline 
analysis for phytochemical compounds identified in 
different organs of A. spinosus and A. viridis. (A) leaf of A. 
spinosus (LAS), (B) leaf of A. viridis (LAV), (C) root of A. 
spinosus (RAS), and (D) root of A. viridis (RAV).  

 

 

Figure 10. Toxicity prediction using Protox 3.0 for 
phytochemical compounds identified in different organs of 
A. spinosus and A. viridis. The predicted acute oral toxicity 
(LD₅₀ in mg/kg) is displayed for compounds from (A) A. 
spinosus leaves (LAS), (B) A. viridis leaves (LAV), (C) A. 
spinosus roots (RAS), and (D) A. viridis roots (RAS).

 
Toxicological Endpoints Predicted Activity and Tox21 Nuclear 
Receptor Signaling Pathways 
The evaluation of toxicological profiles across different endpoints showed that ursolic acid, 
dihydrocapsaicin, undecatrane, and β-alanine diacetic acid in LAV, RAS, and RAV were predicted to 
exhibit potential carcinogenic effects attributed to their molecular similarities, chemical fragment 
properties, and ability to interact with toxicological targets (Figure 11) [77, 76], despite some biological 
literature reporting therapeutic or anticancer effects for these compounds [77, 78]. Moreover, 
dihydrocapsaicin has mutagenic potential. 

 

Nutritional toxicity was predicted activation for Boc-glycine, ursolic acid, dihydrocapsaicin, L-aspartate, 
25-dihydroxyvitamin D3, 27-norvitamin D3, and L-hydroxyproline in LAS, RAS, and RAV, suggesting 
potential disturbances in nutrient absorption at excessive doses. Fatty acids such as octadecanoic acid, 
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oleic acid, and petroselinic acid demonstrated PPARγ activation, which is expected because they are 
lipid signalling modulators [79, 80]. Interestingly, polar amino acids, L-α-asparagine/L-asparagine, 
exhibited a PPAR-γ activation of 99%, which is remarkably higher than that of common fatty acids. 
However, these findings require further investigation [80]. 
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Figure 11. Protox 3.0 analysis predicted toxicity for phytochemical compounds identified in leaves and roots of A. 
spinosus and A. viridis. (A) LAS; (B) LAV; (C) RAS; and (D) RAV. The coloured box illustrates the different activity 
of the substances, with green indicating inactive, and red indicating active 

 

 

SwissADME Prediction 
SwissADME is significant in early-stage drug discovery, allowing researchers to examine absorption, 
distribution, metabolism, and excretion (ADME) properties of many compounds without requiring physical 
samples [16]. This study supports the pre-filtration of compound collections by identifying molecules that 
are unable to exhibit beneficial drug-like qualities, and it contributes to the subsequent priority setting of 
screening results by analyzing ADME features of possible drug candidates. This facilitates the selection 
of molecules with a higher probability of becoming viable drug candidates [16, 17]. 
 
Based on this analysis of 48 metabolites from the leaves and roots of A. spinosus and A. viridis, it was 
found that the majority of the compounds tested met Lipinski's Rule of Five (RO5) criteria (Table 3). 
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However, there are several compounds that violate these rules, such as Lignocerylserotonin, which has 
a MW of 526.8 g/mol and a cLogP value of 6.77 in the LAS sample; Hydroxydecanoic Acid, which has 
HBD 6 and HBA 11 in the LAV sample; Phosphatidic acid, which has a BM of 648.9 g/mol and a cLogP 
of 9.36; and Nonioside D, which has an HBD of 7 and an HBA of 12 in the RAV sample, exceeding the 
ideal limits of BM 500 g/mol, lipophilicity (<5), HBD <5, and HBA <10 [16, 17]. These four compounds 
are a group of glycosides, glycolipids, lipids, and their derivatives that have long carbon chains. These 
conditions supported highly nonpolar and hydrophobic substances, significantly increasing the 
lipophilicity [81, 82]. Therefore, Nonioside D has a sugar unit that acts as both an HBD and an HBA. A 
single glucose unit has 5 HBDs and 6 HBAs. Therefore, a glycoside with two or more sugar units would 
easily exceed the HBD > 5 and HBA > 10 thresholds [16, 83]. 

 
Table 3. Lipinski’s molecular descriptors for 48 distinct metabolites from leaves and roots A. spinosus and A. viridis using 
SwissADME analysis 
 

No Copound Part MW (≤500) 
(g/mol) 

HBD 
(≤5) 

HBA 
(≤10) 

cLog P 
(<5) 

MR (≤10) n-ROTB 
(≤10) 

TPSA 
(Å²) 

1. N-Acetylanthranilic Acid LAS 179,17 2 3 1.23 47.71 3 66.4 

2. Lignocerylserotonin* 526.8 0 2 6.77 170.80 6 40.62 

3. Benzoic Acid 403,4 2 7 2.67 101.34 7 131.29 

4. Octadecanamide 442.7 3 2 7.16 139.62 20 65.12 

5. Adonixanthin 582,9 2 3 1.23 186,96 10 57.53 

6. Juniperic acid 272,42 2 3 4.30 81.96 15 57.53 

7. Sebacic acid 202,25 2 4 1.88 53.73 9 74.6 

8. Piperine  285,34 0 3 3.03 85.47 4 38.77 

9. Phaseolic acid 1 LAV 296.23 4 8 0.38 69.44 7 141.36 

10. Mesaconic Acid 130.1 2 4 -0.04 29.22 2 74.6 

11. N-Palmitoyl Valine  355.6 2 3 5.58 107.83 18 66.4 

12. TEMPO  156.25 0 2 0.57 49.78 0 3.24 

13. N-Acetylalanine  131.13 2 3 -0.33 30.92 3 66.4 

14. DL-Carnitine 161.2 1 3 -2.4 39.13 4 60.36 

15. Heptanoic Acid  382.5 3 5 3.65 109.32 13 94.83 

16. DL-Tyrosine  181.19 3 4 -0.49 47.52 3 83.55 

17. Allantoic Acid/Allantoate 175.12 4 4 -2.45 33.37 5 150.37 

18. Hydroxydecanoic Acid 480.5 6 11 0.38 115.56 12 175.37 

19. Undecatetrane  190.32 0 0 4.62 67.52 4 0 

20. N-Palmitoyl Alanine  327.5 2 3 4.92 98.22 17 66.4 

21. Beta-Damascenone 190.28 0 1 3.12 61.01 2 17.07 

22. Isoferulic acid RAS 194.18 2 7 0.85 61.51 6 118.51 

23. Octadecanoic Acid 332,5 4 5 3.26 93.9 16 97.99 

24. Succinic acid semialdehyde 102,09 1 1 -0.17 23.31 3 54.37 

25. Indoleacetylglycine/acetic acid 248.23 4 4 0.49 64.48 5 102.42 

26. Hexadecanoic Acid 288,42 3 4 3.32 83.12 15 77.76 

27. Boc-Glycine 175.18 2 4 0.50 42.05 5 75.63 

28. Phenyllactic Acid 166,17 2 3 1.02 43.96 3 57.53 

29. Pentanorvitamin D3 420,6 2 2 0.50 131.62 4 40.46 

30. Ursolic Acid 456,7 2 3 5.93 136.91 1 57.53 

31. Dihydrocapsaicin 307.4 2 3 3.70 90.99 11 58.56 

32. L-Aspartate/ aspartic acid 133.1 3 6 0.18 53.43 7 112.93 

33. Hexanoic Acid 132,16 2 3 0.44 33.89 5 57.53 

34. 25-Dihydroxyvitamin D3 454.6 3 4 3.70 134.15 4 73.22 

35. 27-Norvitamin D3 RAV 440,6 2 5 -1.42 121.59 7 40.46 

36. Aconitic Acid 174,11 3 6 -0.68 35.8 4 111.9 

37. Tetradecadienedioic acid 342,4 4 6 2.59 93.56 12 115.06 

38. Phosphatidic Acid 648,9 2 8 9.36 185.0 36 129.17 

39. L-Proline 228,29 2 4 0.04 64.37 5 83.63 

40. Oleic Acid  282,5 1 2 5.65 89.94 15 37.3 

41. L-α-Asparagine  132,12 3 4 -2.22 28.73 3 106.41 

42. Phenaceturic acid 193.2 2 3 0.83 50.6 5 66.4 

43. L-Hydroxyproline 131.13 3 4 -1.65 33.69 1 69.56 

44. Petroselinic Acid  282,5 1 2 5.7 89.94 15 37.3 

45. NONIOSIDE D  440,4 7 12 -1.76 97.08 10 195.6 

46. Gentisic Acid  154,12 3 4 0.74 37.45 1 77.76 

47. Decanoic acid 215.1 2 5 -0.47 53.83 8 92.92 

48. β-Alanine diacetic acid 205,1 3 7 -1.42 43.97 7 115.14 

Note: MW = Molecular weight; g/mol (range: <500); HBD = Hydrogen bond donor (range:≤5); HBA = Hydrogen bond acceptor 
(range: ≤10); cLogP = High lipophilicity (expressed as LogP, range: <5); MR = Molar refractivity (range: 40–130); n-ROTB: 
number of rotatable bounds; TPSA = Topological polar surface area; Å2. *Denotes violation of Lipinski’s RO5. 
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Molecular Docking 
Molecular docking is a simulation technique in computation that predicts the most ideal interaction 
response between small compounds (ligands) and active sites of protein targets in 3D structures 
(proteins, DNA, or RNA) with the objective to interpret fundamental chemical reactions at the molecular 
level [16]. This analysis was used in this study to predict the interaction and binding energy of A. spinosus 
and A. viridis leaf and root compounds with the protein involved in DM, cyclooxygenase‑2 (COX-2, PDB 
ID: 1PXX). The expression of this protein increases significantly when influenced by cytokines, 
hyperglycemia, oxidative stress, and other inflammatory stimuli, causing increased inflammation, 
metabolic abnormalities, and tissue damage in people with diabetes [16, 84].  

 

Table 4 showed the binding energy and RMSD (Root‑Mean‑Square Deviation) interaction between LAS, 
LAV, RAS, and RAV compounds from A. spinosus and A. viridis. Binding energy is one of the important 
parameters used in molecular docking analysis. This parameter provides information on the bond energy 
value to predict the affinity of complex bonds in determining the best compound that interacts with COX-
2. The bond value displayed is positive, which leads to bond destabilization, and negative, which 
indicates complex bond stabilization [85]. Table 4 presents the results of all binding energy values that 
are either negative or stable, which are advantageous for the active site of the COX-2 target protein. The 
analyzed samples reveal multiple substances in the lowest binding energies: benzoic acid (-9.1 
kcal/mol), adonixanthin (-9.2 kcal/mol), and piperine (-8.8 kcal/mol) in LAS; heptanoic acid (-8.1 kcal/mol) 
in LAV; indoleacetylglycine/acetic acid (-7.8 kcal/mol), pentanorvitamin D3 (-8.9 kcal/mol), ursolic acid (-
9.7 kcal/mol), and 25-Dihydroxyvitamin D3 (-10.1 kcal/mol) in RAS; and 27-Norvitamin D3 (-7.7 kcal/mol) 
in RAV, compared to diclofenac (-7.5 kcal/mol) as a positive control. Previous research has shown that 
benzoic acid, ursolic acid, piperine, heptanoic acid, and 25-hydroxyvitamin D3 have antidiabetic, anti-
inflammatory, and antioxidant properties by modulating and inhibiting the expression and signaling of 
various molecular targets, such as IR, IRS 1, Akt, GLUT4, AS160, IL 1β, TNF α, IFN γ, NF κB, STAT3/6, 
and the Akt/mTOR pathway [86-90].  

 

Of all the interactions, the COX-2-25-Dihydroxyvitamin D3 complex showed the smallest binding energy 
value, indicating it as the best ligand. This is because the smaller the binding affinity value, the stronger 
the affinity of the bond and the more advantageous it is [...]. These results provide an understanding that 
the 25-Dihydroxyvitamin D3 compound from the RAS sample has the potential to be a candidate inhibitor 
of the COX-2 protein. However, further experimental studies are still needed. 

 

Furthermore, the RMSD factor is useful for assessing position stability in molecular docking simulations 
since it represents the ordinary distance among atoms in the two contacting structures. The ideal RMSD 
value is ≤ 2.0 Å, 2–3 Å is acceptable, and ≥ 3 Å is incorrect [91]. The analysis results in Table 4 show 
that all RMSD values are 0, indicating that the simulations performed are valid. 

 

Table 4. The binding energy of COX-2 protein with 44 compounds and Diclofenac from leaves and root A. spinosus and A. 
viridis 

 
No Copound Part Binding 

energy 
(kcal/mol) 

RMSD (Å) 

1. N-Acetylanthranilic Acid 

LAS 

-6.6 0 

2. Benzoic Acid -9.1 0 

3. Octadecanamide -7.4 0 

4. Adonixanthin -9.2 0 

5. Juniperic acid -5.4 0 

6. Sebacic acid -5.8 0 

7. Piperine  -8.8 0 

8. Phaseolic acid 1 

LAV 

-7.2 0 

9. Mesaconic Acid -5.3 0 

10. N-Palmitoyl Valine  -6.1 0 

11. TEMPO  -5.3 0 

12. N-Acetylalanine  -5.6 0 

13. DL-Carnitine -5.3 0 

14. Heptanoic Acid  -8.1 0 

15. DL-Tyrosine  -6.2 0 

16. Allantoic Acid/Allantoate -7.0 0 

17. Undecatetrane  -7.3 0 

18. N-Palmitoyl Alanine  -5.5 0 

19. Beta-Damascenone -6.3 0 

20. Isoferulic acid RAS -6.8 0 
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No Copound Part Binding 
energy 

(kcal/mol) 

RMSD (Å) 

21. Octadecanoic Acid -6.4 0 

22. Succinic acid semialdehyde -4.4 0 

23. Indoleacetylglycine/acetic acid -7.8 0 

24. Hexadecanoic Acid -5.5 0 

25. Boc-Glycine -5.8 0 

26. Phenyllactic Acid -6.3 0 

27. Pentanorvitamin D3 -8.9 0 

28. Ursolic Acid -9.7 0 

29. Dihydrocapsaicin -6.9 0 

30. L-Aspartate/ aspartic acid -4.9 0 

31. Hexanoic Acid -5.0 0 

32. 25-Dihydroxyvitamin D3 -10.1 0 

33. 27-Norvitamin D3 

RAV 

-7.7 0 

34. Aconitic Acid -6.1 0 

35. Tetradecadienedioic acid -7.2 0 

36. L-Proline -6.1 0 

37. Oleic Acid  -5.6 0 

38. L-α-Asparagine  -5.4 0 

39. Phenaceturic acid -6.2 0 

40. L-Hydroxyproline -5.4 0 

41. Petroselinic Acid  -5.1 0 

42. Gentisic Acid  -6.7 0 

43. Decanoic acid -5.4 0 

44. β-Alanine diacetic acid -5.8 0 

45. Diclofenac Positive control -7.5 0 

 

 

Construction of the Hydrogen Bond among the COX-2 with 
Compounds based on Small Binding Energy 
 

Hydrogen bond formation is another parameter required in molecular docking analysis because it is 
related to other parameters. The software used to visualize bond distances and numbers is BioVia 
Discovery Visualizer 2025. The ideal hydrogen bond distance is between 1.5 and 2.6 Å because the 
strength of the interaction is influenced by the bond distance. The longer the hydrogen bond distance 
formed (>3.0 Å), the smaller the bond affinity, so that the ligand-protein complex interaction becomes 
weaker and easier to break [92]. A single hydrogen bond has an energy of 20-25 kJ/mol when 
contributing to protein structure stability [93]. Table 5 shows the molecular docking results related to the 
number of hydrogen bonds formed that interact with residues in each complex analyzed. 

 

The compound 25-Dihydroxyvitamin D3 interacts with the COX-2 protein with the smallest binding 
energy, forming four hydrogen bonds at the amino acid residues ASP229a, SER1143b, LEU224a, and 
ASN1375b with chains A and B at distances of 2.75, 3.44, 2.56, and 3.16, respectively. This is in contrast 
to diclofenac, which forms two hydrogen bonds at residues ARG2044c and GLY2045c on chain C at 
distances of 2.95 and 2.36 (Table 5 and Figure 12). Although the distance between hydrogen bonds in 
the diclofenac-COX-2 complex is smaller than in the 25-Dihydroxyvitamin D3-COX-2 complex, it should 
be noted that geometry (angle), number, stability during simulation, and other types of bonds that support 
it also influence the advantage of ligand-protein interaction [94]. Furthermore, when interacting with the 
target protein, the 25-Dihydroxyvitamin D3 compound binds to different chain residues (A and B) 
compared to the diclofenac compound, which binds only to chain B. Heteromer interactions form bond 
energy (free energy) that is almost always lower (more stable) in complete quaternary structures than in 
monomers. This makes the compound 25-Dihydroxyvitamin D3, which has potential as an antidiabetic 
agent through the inhibition of proteins involved in the inflammatory process by binding to amino acid 
residues from different chains. 
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Table 5. Hydrogen bond formation and interacting residues of COX-2 protein with each compound (small binding energy) that 
were analysed by Biovia Discovery Studio Visualizer 2019 

 
No Copound part Interacting residues No. of 

H-bond 
H-bonded 
residue 

Distance 
(Å) 

1. Benzoic Acid LAS PRO1153b, CYS1036b, ASN1034b, 
MET1048b, SER1049b 

3 ASN1034b, 
MET1048b, 
SER1049b 

3.18 
3.48 
3.05 

 

2. Adonixanthin CYS3036d, GLY3045d, GLU3046D, 
ALA3156d 

2 GLY3045d 
GLU3046D 

2.75 
3.54 

3. Piperine  ARG2044c, PRO2154c, ALA2156c, 
VAL2155c, LEU2152c, ARG2469c 

2 ARG2044c 
PRO2154c 

3.19 
3.72 

4. Heptanoic Acid  LAV CYS2047c, CYS2036c, PRO2153c, 
LYS2468c, GLN2024c, ASN2043c, 
ARG2044c, GLN3543d, TYR2130c, 
CYS2041c 

5 ASN2043c 
ARG2044c 
GLN3543d 
TYR2130c, 
CYS2041c 

2.68 
3.07 
2.92 
3.08 
3.10 

5. Indoleacetylglycine/acetic 
acid 

RAS PRO3154d, LEU3152d, ARG3469d, 
PRO3153d, GLN3461d, GLY3045d, 
GLU3465d, CYS3036d 

5 PRO3153d 
GLN3461d 
GLY3045d 
GLU3465d 
CYS3036d 

2.56 
2.95 
2.89 
2.33 
2.99 

6. Pentanorvitamin D3 ARG104b, PRO542a, PHE1371b, 
TYR1122b 

1 TYR1122b 3.22 

7. Ursolic Acid SER2143c, ASN2144c, GLU2140c 3 SER2143c 
ASN2144c 
GLU2140c 

2.74 
3.23 
2.53 

8. 25-Dihydroxyvitamin D3 LEU145a, ASP229a, SER1143b, 
LEU224a, ASN1375b 

4 ASP229a 
LEU224a 
LEU224a 

ASN1375b 

2.75 
3.44 
2.56 
3.16 

 

9. 27-Norvitamin D3 RAV TYR1136b, ASN1034b, GLN327a, 
SER1049b, TRP323a, GLU322a, 
ALA1156b 

5 ASN1034b 
GLN327a 

SER1049b 
TRP323a 
GLU322a 

2.47 
3.20 
3.06 
3.37 
2.25 

10. Diclofenac Control LEU2152c, CYS2047c, PRO2153c, 
ARG2044c, GLY2045c 

2 ARG2044c, 
GLY2045c 

2.95 
2.36 

Note: a = chain A; b = chain B, c = chain C, and d = chain D in protein target 
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Figure 12. Hydrogen bond formation and interacting residues of COX-2 protein from Biovia Discovery Studio Visualizer 2025 
and A blue dash presents the hydrogen bond. A. 25-Dihydroxyvitamin D3-COX-2; B. Diclofenac-COX-2 
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Conclusions 
 

This study definitively establishes the effectiveness of the traditional food sources, A. spinosus and A. 
viridis, as significant antidiabetic nutraceutical candidates. Researchers used LC-HRMS and 
comprehensive chemometric analysis to accurately define the detailed, organ-specific metabolomic 
profiles of leaves and roots collected from Buru Island's Wallacea Areas, revealing unique metabolic 
pathways between aerial and subterranean tissues.  Crucially, in silico predictions identified two key 
compounds with high antidiabetic activity and favorable toxicological profiles, including 25-
Dihydroxyvitamin D3 and ursolic acid from the RAS sample, compared with the positive control 
(diclofenac) when interacting with the COX-2 protein involved in diabetes. The heavy interaction is 
supported by many interaction types, such as hydrogen bonds and hydrophobic contacts in the active 
side of the COX-2 protein. However, the results of this activity are only predictions, requiring further study 
using molecular dynamics simulations to observe the dynamic interactions between proteins and ligands 
at the atomic level and to validate their inhibitory potential experimentally in order to obtain a 
comprehensive understanding of the activity of 25-Dihydroxyvitamin D3 compounds from RAS samples 
(A. spinosus roots). This study reveals that Amaranthus roots have considerable potential as 
nutraceutical and pharmaceutical candidates for diabetes management. 
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