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High throughput sequencing and metabolomics technologies have shown a way towards 
storing and evaluating s big scale datasets on experimental basis to draw significant patterns 
[1-2]. Deep learning techniques provide an effective way to study, store and predict 
molecular phenotypes associated with a given plant architecture and draw insightful 
conclusions from it. Different plants possess different metabonomic profiles and molecular 
fingerprinting which are obtained by multiomic analysis like NMR spectroscopy, isotopic 
labelling, LC-MS and GC-MS [3]. Deep learning tools [4-5] enlisted in table 1 can pick statistical 
similarity matches between the metabolic profiles retrieved from databases like 
KNApSAcK[6] , PlantCyc[7], BioCyc[8], KEGG[9]  and MetaPhen[10]  to predict gene mutation[11], 
genotype[12], metabolic pathway[13], ecological niche[14], enzyme-metabolite interactions[15] , 
Biotic and Abiotic Stress associated changes[16]. MS/MS data in combination with machine 
learning is to map the mass spectra into molecular fingerprints [17-18]. Various medicinal 
plants acquire their health beneficial properties because of their differential metabolite 
content profile which is mainly contributed by higher rate of secondary metabolism. Deep 
learning studies focussing on the prediction of health beneficiary metabolites are enlisted 
and described in table 1. Parallel use of deep learning and MRI scanning can be used for 
secondary metabolome profiling of live plants [19]. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

Table.1- Tools and applications of High-throughput metabolomic studies. 

S.No
. 

Secondary 
metabolites  

Algorithm Medicinal Effects REFRENCES 

1.  Phenolic 
Compounds,  
Flavonoids, 
Isocoumarins, 
Sesquiterpene, 
Lactones,  
Diterpenes 

ANN Anti-Inflammatory [20] 
 

2.  Phenol SVM 
RF 
RP 

Anti-Inflammatory,  
Antioxidant,  
Antimutagenic,  
Anticarcinogenic 

[21-22] 

3.  Alkaloids RF Pain-Relieving,  
Calming,  
Sleep-Inducing Properties 

[23] 

4.  Flavonoids, 
Anthocyanins,  
Tannins, 
Phenols 

MLP 
RF  
ANN 

Antioxidants [24] 

5.  Saponins KNN 
SVM 
GBM 
RF 

Toxicity Prevention,  
Decreased Blood Lipids, 
Lower Cancer Risks, 
Lower Blood Glucose 
Response 

[25] 

6.  Alkaloids,  
Glycosides,  
Saponins, 
Phenols, 
 Tannins,  
Proteins,  
Flavonoids,  
Terpenoids 

DL model Antibacterial,  
Antioxidant,  
Wound Healing, 
Anti-Inflammatory activities 

[26] 

         
     Metabolomics Tools- 
 

Weka project, R GUI, MetNet, MetaFIND, 
MetaGeneAlyse, FIEmspro, XCMS, PRIMe, 
MeltDB, Workflow4Metabolomics, 
MetaboAnalyst, Metabox, MetFrag, MZmine2, 
MetAlign, MS-Dial, eMZed, MzMatch, IDEOM, 
MET-COFEA, MAVEN, iMet-Q, MarVis, 
TracMass, MaxQuant, OpenMS, ProtMAX, MS-
Finder, Phenometer, ingerID, SIRIUS, 
Metaboanalyst, MeltDB 2.0, KNIME, WEKA, 
ORANGE, TensorFlow  

[27-28]. 
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