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Abstract 

Context: Type 2 dabetes mellitus (T2DM) remains a significant global health issue that is characterized by hyperglycemia, which has been used as a biomarker 

for T2DM screening and diagnosis. However, metabolic changes that lead to diabetes can occur several years before the onset of hyperglycemia. Differences 

in metabolites between two sample groups (T2DM and healthy controls) are considered to support the early diagnosis of T2DM. 

Aims: To analyze metabolites in blood plasma and find promising biomarkers for the early detection of T2DM. 

Methods: We obtained metabolite data from the Metabolomic Workbench and conducted in silico identification as well as validation using machine learning. 

Results: Out of a total of 65 samples, we identified 119 metabolites, with five metabolites showing the highest ANOVA values that could significantly 

differentiate the two sample groups: L-1-pyrroline-3-hydroxy-5-carboxylate, L-lysine, L-cysteine, tiglylcarnitine, and phenylacetate 113. Comparative 

toxicogenomics database (CTD) analysis indicated that L-lysine and L-cysteine are associated with phenotypes related to the progression of T2DM, including 

alpha-amino acid metabolism, apoptosis, and cell proliferation processes, glutathione biosynthesis, and xenobiotic transmembrane transport. These two 
metabolites are also linked to several diabetes-related biological pathways. Enrichment analysis revealed an association between these five metabolites and 

the processing pathways of lamin A and progeria-associated lipodystrophy. ADMET analysis shows that L-cysteine and tiglylcarnitine exhibited strong 

absorption, high clearance, and inability to penetrate the CNS.  

Conclusions: The analysis results can be considered in the selection of T2DM biomarkers; however, further comparative studies may be needed to confirm and 

possibly get more representative biomarkers.  
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Resumen 

Contexto: La diabetes mellitus tipo 2 (DM2) sigue siendo un problema de salud global significativo que se caracteriza por hiperglucemia, que se ha utilizado 

como un biomarcador para la detección y el diagnóstico de la DM2. Sin embargo, los cambios metabólicos que conducen a la diabetes pueden ocurrir varios 
años antes de la aparición de la hiperglucemia. Se considera que las diferencias en los metabolitos entre dos grupos de muestra (DM2 y controles sanos) 

respaldan el diagnóstico temprano de la DM2.  

Objetivos: Analizar los metabolitos en el plasma sanguíneo y encontrar biomarcadores prometedores para la detección temprana de la DM2. 

Métodos: Se obtuvieron datos de metabolitos del Metabolomic Workbench y realizamos una identificación in silico, así como una validación mediante 

aprendizaje automático. 

Resultados: De un total de 65 muestras, identificamos 119 metabolitos, con cinco metabolitos que mostraron los valores ANOVA más altos que podrían 

diferenciar significativamente los dos grupos de muestras: L-1-pirrolina-3-hidroxi-5-carboxilato, L-lisina, L-cisteína, tiglilcarnitina y fenilacetato 113. El 

análisis en la base de datos toxicogenómica comparativa (CTD) indicó que la L-lisina y la L-cisteína están asociadas con fenotipos relacionados con la 

progresión de la diabetes tipo 2, incluido el metabolismo de los alfa-aminoácidos, la apoptosis y los procesos de proliferación celular, la biosíntesis de 

glutatión y el transporte transmembrana de xenobióticos. Estos dos metabolitos también están vinculados a varias vías biológicas relacionadas con la 
diabetes. El análisis de enriquecimiento reveló una asociación entre estos cinco metabolitos y las vías de procesamiento de la lamina A y la lipodistrofia 

asociada a la progeria. El análisis ADMET muestra que la L-cisteína y la tiglilcarnitina exhibieron una fuerte absorción, alto aclaramiento e incapacidad para 

penetrar el SNC. 

Conclusiones: Los resultados del análisis pueden ser considerados en la selección de biomarcadores de diabetes mellitus tipo 2; sin embargo, pueden ser 

necesarios estudios comparativos adicionales para confirmar y posiblemente obtener biomarcadores más representativos. 

Palabras Clave: aprendizaje automático; metabolómica; diabetes mellitus tipo 2. 
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INTRODUCTION 

In 2019, it was reported that 463 million people 
worldwide were living with diabetes mellitus, and 
projections indicate that this number will rise to over 
784 million diagnosed cases by 2045, with the majori-
ty being type 2 diabetes mellitus (T2DM) (Arif et al., 
2021). Individuals with T2DM are at a 2 to 4 times 
higher risk of developing other diseases as complica-
tions of T2DM compared to those without the condi-
tion. These complications often result in death, with 
the World Health Organization reporting that 1.5 
million deaths are directly caused by diabetes each 
year. Consequently, T2DM ranks fourth among the 
global disease burdens, leading to a 2 to 3-fold in-
crease in medical expenditures (Zhang et al., 2010). 

Hyperglycemia is a hallmark of diabetes and has 
been used as a biomarker for diabetes screening and 
diagnosis. However, metabolic changes leading to 
diabetes can occur several years even before the onset 
of hyperglycemia (Ma et al., 2014). Lifestyle changes, 
particularly in diet and physical activity, can slow 
down or even prevent the progression of diabetes. 
This underscores the necessity of using biomarkers 
for screening and identifying individuals at risk for 
diabetes before hyperglycemia manifests (Wiviott et 
al., 2019). 

The development of T2DM is attributed to a com-
plex interplay between genetic variations, exposure to 
diabetes-promoting substances throughout life, phys-
ical activity, diet, and pollution. This intricate interac-
tion leads to alterations in the biological systems 
within an individual, resulting in metabolic changes 
(Sas et al., 2015). Ultimately, these metabolic changes 
cause variations in metabolites, which are the final 
products of metabolism. The method used to charac-
terize the metabolome or the collection of metabolites 
in a biological sample is metabolomics (Jin and Ma, 
2021).  

Metabolomics is currently one of the most fre-
quently used methods in the discovery of biomarkers 
for diabetes, as metabolites can provide up-to-date 
information on an individual's metabolic status. This 
information can also be used to analyze the molecular 
pathways involved in the development of diabetes 
(Rello et al., 2018). Additionally, the metabolome re-
flects a molecular profile that is closely linked to an 
individual's phenotype, integrating information from 
the genome, transcriptome, proteome, enzymes, and 
exogenous exposures (Patti et al., 2012). 

The metabolomic analysis utilizes data from high-
throughput metabolite screening machines such as 
mass spectrometry (MS). The resulting data are highly 

complex, necessitating analytical methods with high 
precision, such as machine learning (Wu et al., 2018). 
Machine learning (ML), a subset of artificial intelli-
gence (AI), is widely used to understand the structure 
or trends within large datasets collected or generated 
from high-throughput experiments. ML is employed 
to develop models capable of analyzing large-scale 
data and, through learning, solving complex prob-
lems. ML algorithms are fundamentally based on the 
ability to construct mathematical models from a set of 
sample data (Galal et al., 2022). 

In this article, we focus on the use of machine 
learning to analyze metabolomic data related to 
T2DM to identify potential biomarkers for screening 
and early identification of T2DM development. This 
approach aims to aid in the prevention and risk strati-
fication of diabetes.  

MATERIAL AND METHODS 

Metabolomic data collection 

The metabolomic data used in this study were ob-
tained from the Metabolomic Workbench 
(https://www.metabolomicsworkbench.org/) by 
entering the keyword "diabetes" in the query or 
search column. The search engine then retrieves rele-
vant data and displays the results in the view menu. 
Subsequently, the data were selected by choosing the 
species Homo sapiens and the most recent data collec-
tion time to reduce data bias. The selected data were 
obtained from LC-MS spectrometry with Project ID 
PR001666 and Study ID ST002681. This dataset con-
tains numerical screening results indicating the con-
centration and types of metabolites from human 
blood plasma from a total of 65 samples, categorized 
into two groups: 31 T2DM patients and 34 healthy 
controls. 

Biomarker prediction 

Biomarker prediction using machine learning was 
performed with Orange Data Mining software. The 
data obtained from Metabolomic Workbench were in 
.txt format and were converted to .xls format before 
being analyzed in Orange Data Mining, with sample 
data in rows and metabolite data in columns. The 
data were then imported into Orange Data Mining 
and normalized before analysis. The next step was 
data reduction by sorting the data based on ANOVA 
tests to identify metabolites that showed significant 
differences between sample groups. The results were 
visualized as a heatmap. The five metabolites with the 
highest ANOVA scores were selected, and the classi-
fication process continued based on the variation in 
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metabolite concentrations using the unsupervised 
statistical model, principal component analysis (PCA). 
The results of this classification were then visualized 
with a scatter plot. 

Cross-validation 

Cross-validation was performed using machine 
learning with Orange Data Mining software, employ-
ing four different algorithms: logistic regression, ran-
dom forest, support vector machine (SVM), and neu-
ral network. The validation of data involved analyz-
ing the AUC parameter and the confusion matrix, 
focusing on sensitivity, specificity, and accuracy. 

Metabolite phenotype analysis  

Phenotype analysis related to the five metabolites 
with the highest ANOVA scores was conducted using 
the Comparative Toxicogenomics Database (CTD) 
(http://ctdbase.org/tools/batchQuery.go). The anal-
ysis involved entering the list of metabolites resulting 
from classification and validation into the query and 
selecting chemicals as the input type. The type of data 
retrieved was phenotype associations, which were 
curated, and the analysis results were downloaded. 
The obtained data were in .txt format and needed to 
be converted to .xls format to facilitate analysis. 

Metabolite pathway analysis 

Metabolites can also be linked to metabolic path-
ways. Correlation analysis between metabolites and 
metabolic pathways was conducted using the Com-
parative Toxicogenomics Database (CTD) 
(http://ctdbase.org/tools/batchQuery.go). The anal-
ysis involved entering the list of metabolites resulting 
from classification and validation into the query and 
selecting chemicals as the input type. The type of data 
retrieved was pathway associations enriched, and the 
analysis results were downloaded. The obtained data 
were in .txt format and needed to be converted to .xls 
format to facilitate analysis. 

Metabolite enrichment analysis 

Enrichment analysis of metabolites resulting from 
classification and validation was conducted using 
data from MetaboAnalyst 6.0 
(https://www.metaboanalyst.ca/). The analysis em-
ployed Metabolite Set Enrichment Analysis (MSEA) 
by entering the names of the five metabolites, select-
ing compound names as the input type, and metabo-
lites as the feature type. Upon submission, the metab-
olite names and primary database sources containing 
information about each metabolite were displayed. 
Subsequently, the data were processed and cross-
referenced with existing databases such as the Kyoto 
Encyclopedia of Genes and Genomes (KEGG) and the 

Small Molecule Pathway Database (SMPDB). Finally, 
the results were downloaded for analysis. 

ADMET analysis 

Pharmacokinetic (PK) properties, including ab-
sorption, distribution, metabolism, excretion, and 
toxicity (ADMET), were analyzed using the pkCMS 
portal. Two key chemical descriptors closely associat-
ed with PK properties were evaluated: the 2D polar 
surface area (PSA_2D), which primarily influences 
fractional absorption, and atom-based lipophilicity 
(AlogP98). Drug absorption factors included mem-
brane permeability, intestinal absorption, skin perme-
ability, and interactions with P-glycoprotein (as sub-
strates or inhibitors). Drug distribution was evaluated 
based on the blood-brain barrier (logBB), CNS perme-
ability, and volume of distribution (VDss). Metabo-
lism was predicted using CYP models for substrate 
and inhibitor activity (CYP2D6, CYP3A4, CYP1A2, 
CYP2C19, and CYP2C9). Excretion predictions relied 
on total clearance models and renal OCT2 substrate 
activity. Toxicity assessments included AMES muta-
genicity, hERG inhibition, hepatotoxicity, and skin 
sensitization. All parameters were calculated and 
assessed for compliance with standard ranges. 
ADMET analysis was conducted by entering each five 
metabolites canonical SMILES retrieved from Pub-
Chem. The results were downloaded and presented 
as a table. 

RESULTS AND DISCUSSION  

Biomarker prediction 

This study utilized metabolite data sourced from 
the Metabolomic Workbench, characterized from 
human blood plasma using Liquid Chromatography 
Mass Spectrometry (LC-MS). LC-MS is a fusion of 
liquid chromatography analysis with mass spectrom-
etry detection capabilities. LC-MS is capable of sepa-
rating sample components (metabolites) based on 
differences in polarity, with charged ions subsequent-
ly detected by the mass spectrometer detector 
(D’Ovidio et al., 2023). The data from the Metabolom-
ic Workbench were prepared by ensuring that sample 
data were arranged in columns and metabolite data 
were arranged in rows, followed by data normaliza-
tion. Subsequently, the data were processed using 
Orange Data Mining with a workflow depicted in Fig. 
1. 

Based on the data analysis results, the data were 
sorted according to ANOVA values (Fig. 2), yielding a 
total of 119 metabolites. Five metabolites with the 
highest ANOVA values, significantly distinguishing 
between the two sample groups, were selected: L-1-
pyrroline-3-hydroxy-5-carboxylate, L-lysine, L-
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cysteine, tiglylcarnitine, and phenyllactate. These 
metabolites were then visualized in a heatmap plot. 
The heatmap plot was used to observe the overall 
differences in metabolite concentrations between the 
two different sample groups (Fig. 2). 

The sorted data were then classified using PCA 
and visualized with a scatter plot (Fig. 3). PCA is a 
technique for extracting patterns from complex and 
large datasets. The dataset used was transformed into 
two datasets: one emphasizing proportion variation 
and the other focusing on principal components (PC). 
PC1 encompasses more variation compared to PC2. 
This dataset was visualized with a scree plot (Fig. 3), 
which indicates the amount of variation obtained 
from each PC (Moreira et al., 2022). 

In the scree plot, the y-axis represents eigenvalues, 
while the x-axis represents principal components. 

Eigenvalues indicate the amount of variation present. 
Ideally, the curve should be steep with a sharp bend, 
and after the bend point, the curve flattens. The red 
line signifies the variation covered by each compo-
nent, while the green line indicates the total variation 
covered by the component. The red line is seen to 
sharply decrease initially, then curve and flatten, in-
dicating a high level of variation in the first group 
and less variation in the second group due to the de-
creasing amount of data. Furthermore, the third and 
subsequent groups show less variation, resulting in a 
flatter curve (Zhang and Castelló, 2017). Metabolites 
in the dataset from both sample groups can be distin-
guished through the scree plot, which shows a sharp 
decrease in the red line, and the differences in metab-
olites between sample groups are also visualized with 
a scatter plot (Fig. 4). 

 

 

Figure 1. Workflow of data analysis using Orange Data Mining. 

 
 

 

Figure 2. Heatmap plot of five metabolites with highest ANOVA values. 
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Figure 3. Scree plot of PCA analysis results. 

 
 

 

Figure 4. Scatter plot of PCA analysis results. 

Blue: healthy controls; Red: type 2 diabetes mellitus (T2DM). 

 
In the scatter plot in Fig. 4, there is a clear distinc-

tion between PC1 and PC2. This scatter plot also indi-
cates that the separation of samples, represented as 
points, occurs between T2DM patients and healthy 
controls. This is evidenced by the difference in me-

tabolites between T2DM patients, represented by red, 
and controls, represented by blue. Although some 
samples from T2DM are still mixed with controls, 
overall, the two sample groups can be distinguished.  
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Figure 5. Cross-validation results. 

(A) Confusion matrix for SVM algorithm; (B) Confusion matrix for random forest algorithm; (C) Confusion matrix for neural 

network algorithm; (D) Confusion matrix for logistic regression algorithm; (E) Machine learning validation results. 

 
Cross-validation 

Prediction of difference in metabolites between 
T2DM patients, represented by red, and controls, 
represented by blue, can then be fully achieved and 
validated through the use of machine learning and its 
various algorithms. Commonly used machine learn-
ing algorithms include support vector machine 
(SVM), random forest, neural network, and logistic 
regression. Cross-validation results with machine 
learning for each algorithm represented as a confu-
sion matrix can be seen in Fig. 5A-D. 

The confusion matrix represents the true positive 
(TP) values correctly classified, false positive (FP) 
values in the relevant class when they should belong 
to another class, false negative (FN) values in another 
class when they should belong to the relevant class, 
and true negative (TN) values correctly classified in 
another class. Performance metrics commonly used 
for classification based on these values include accu-
racy (ACC), precision (P), sensitivity (Sn), and speci-
ficity (Sp) (Bajaj and Sinha, 2022), which can be seen 
in Fig. 5E. 

Based on the cross-validation results, almost all al-
gorithms have AUC values > 70%, except for the SVM 

algorithm, which has an AUC value of 0.697. Fur-
thermore, the logistic regression algorithm obtained 
the highest AUC and precision values, at 0.782 and 
0.78, respectively. This indicates that the data used 
can be accurately, specifically, and sensitively ana-
lyzed and compared (Primajaya and Sari, 2018). The 
cross-validation results were then plotted into confu-
sion matrix. It can be observed that based on the lo-
gistic regression algorithm, 70.3% of metabolites can 
distinguish healthy controls from T2DM, and 71.4% of 
metabolites can distinguish T2DM from healthy con-
trol groups. The receiver operating characteristic 
(ROC) curve in Fig. 6 supports this, with the y-axis 
representing sensitivity and the x-axis representing 
specificity. If sensitivity increases while specificity 
decreases, the result will improve. 

Metabolite phenotype analysis 

Analysis of the phenotype was conducted on the 
five metabolites that distinguish between the two 
sample groups to determine the correlation between 
metabolites and T2DM by performing an analysis on 
the CTD website. The names of the five metabolites 
were entered into the query column, and the analysis 
was conducted by selecting the Phenotype Associa-

https://jppres.com/


Sari and Fadilah. Metabolomic analysis for type 2 diabetes mellitus 

 

https://jppres.com  J Pharm Pharmacogn Res (2025) 13(s1): S7 

 

tions Curated menu. The results obtained can be seen 
in Table 1. 

The phenotype associated with the metabolite L-
lysine is the process of alpha-amino acid metabolism. 
This phenotype is associated with the interaction be-
tween malaoxon and malathion, which leads to an 
increase in alpha-amino acid metabolism. This ulti-
mately results in an increase in the amount of lysine 
itself. Malaoxon is an organophosphate pesticide (di-
ethyl dimethylthiophosphate) succinate, which, in 
some studies, has been reported to be associated with 
the progression of diabetes (Donley, 2019; Hoyeck et 
al., 2022). 

The mechanism of action mainly used by the insec-

ticide malathion is the inhibition of the enzyme ace-
tylcholinesterase, which is in charge of hydrolyzing 
the neurotransmitter acetylcholine at cholinergic syn-
apses (Vale and Lotti, 2015). Aside from that, in hu-
man cells, malathion also induces the expression of 
several enzymes involved in xenobiotic metabolism at 
high concentrations, such as CYP3A4, and at low 
concentrations, CYP1A2 and CYP2B6 (Galántai et al., 
2011). The metabolism of malathion produces me-
tabolites with higher potency and toxicity, such as 
malaoxon, thereby causing the dependence on mala-
thion effects. Due to its participation in oxidative 
stress, malathion exposure has been shown to impair 
pancreatic islet secretion responses and glucose toler-
ance in animals (Hoyeck et al., 2022).  

 

 

Figure 6. ROC curve of machine learning validation. 

Pink: logistic regression; Dark yellow: random forest; Blue: neural network; Green: SVM. 

 

Table 1. Correlation of metabolites with phenotypes. 

Metabolite 
Phenotype analysis 

Interaction 
Phenotype 

L-Lysine Alpha-amino acid metabolic process. Malaoxon and malathion results in increased alpha-amino 

acid metabolic process, which results in increased abundance 

of lysine. 

L-Cysteine Apoptotic process, cell population proliferation. Cysteine inhibits the reaction of tosylphenylalanyl 

chloromethyl ketone results in increased apoptotic process 

and cell population proliferation. 

 Glutathione biosynthesis process. Lead results in decreased uptake of cysteine, which results in 

decreased glutathione biosynthetic process. 

 Xenobiotic transmembrane transport. Cysteine results in decreased xenobiotic transmembrane 

transport, which results in decreased import of gabapentin. 
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Table 2. Correlation of metabolites with biological pathways. 

Metabolite 
Biological pathway analysis 

Pathway ID Corrected p-value 

L-Lysine Insulin receptor signaling cascade. REACT:R-HAS-74751 0.118 

 Type II diabetes mellitus. KEGG:hsa04930 0.69E-21 

L-Cysteine Regulation of insulin-like growth factor (IGF) transport and 

uptake by insulin-like growth factor binding proteins (IGFBPs). 
REACT:R-HAS-381426 0.0913 

 Insulin resistance. KEGG:hsa04931 0.25 

 
Additionally, in vivo exposure to malathion has 

been reported to cause a decrease in glucose-
stimulated insulin secretion in rats (Pournourmo-
hammadi et al., 2007), as well as changes in the levels 
of antioxidant enzymes, such as glutamate dehydro-
genase (Aguilar-Garduño et al., 2013). Human expo-
sure to malathion has also been linked to metabolic 
changes, suggesting a connection between malathion 
exposure and the occurrence of chronic illnesses such 
as T2DM (Ramirez-Vargas et al., 2018). 

In a study conducted by Samimi in 2001, it was 
found that rat fetal fibroblasts exposed to malathion 
and malaoxon showed a decrease in lysine hydroxyla-
tion residues in acid hydrolysate lysate derived from 
fibroblast cells, and that the observed mechanism of 
decreased lysine hydroxylation is direct inhibition of 
lysyl hydroxylase enzyme by the insecticide. The 
above findings imply that direct inhibition of lysyl 
hydroxylase may be a mechanism by which malathi-
on and malaoxon function as iathrogens (Ireland et 
al., 2022; Samimi and Last, 2001). 

From the phenotype analysis results, several phe-
notypes related to the metabolite L-cysteine were 
identified, such as apoptosis and cell proliferation 
processes, glutathione biosynthesis process, and 
transmembrane xenobiotic transport. In glutathione 
biosynthesis, it is reported that the development of 
T2DM is caused by a deficiency in glutathione (GSH) 
precursors, leading to systemic and tissue oxidative 
stress. Several clinical studies, albeit with relatively 
small study populations, have shown that GSH and 
its precursors (N-acetyl-cysteine and glycine) can 
reduce oxidative stress and insulin resistance. These 
studies have been conducted almost exclusively in 
populations of adults at risk of developing T2DM 
(Tuell et al., 2024). 

Metabolite pathway analysis 

Pathway analysis was conducted on the 5 metabo-
lites that differentiate between the two sample groups 
to determine the correlation between metabolites and 
T2DM by performing analysis on the CTD website. 
The names of the five metabolites were entered into 

the query and analyzed by selecting the Enriched 
Pathway Association menu. The results obtained can 
be seen in Table 2. 

Metabolites directly associated with T2DM are L-
lysine and L-cysteine, which are also related to sever-
al biological pathways in the progression of T2DM, 
namely the insulin receptor signaling cascade, regula-
tion of insulin-like growth factor (IGF) transport, and 
uptake by Insulin-like growth factor binding proteins 
(IGFBPs), as well as insulin resistance with a p-value 
range from 6.69E-21 to 0.25. 

Metabolite enrichment analysis 

For the five obtained metabolites, enrichment 
analysis was also conducted using overrepresentation 
analysis (ORA), which was performed with the input 
compound names. In order to find out if any physio-
logically significant patterns could be found, the list 
of compounds was compiled using standard feature 
selection techniques, clustering algorithms, or com-
pounds with anomalous amounts found during single 
sample profiling (SSP) (Wieder et al., 2021). 

ORA was implemented using the hypergeometric 
test to evaluate whether a specific set of metabolites is 
indeed represented more than expected in the given 
list of compounds. In this analysis, a one-tailed p-
value was also obtained and adjusted for multiple 
testing. The results of the enrichment analysis can be 
seen in Fig. 7. 

From Fig. 7, it can be observed that there are two 
biological pathways associated with the five metabo-
lites with the highest enrichment ratio, namely the 
Lamin A processing pathway and the progeria-
associated lipodystrophy pathway. 

From the results of phenotype analysis, biological 
pathways, and enrichment, only a clear association 
between the metabolites L-lysine and L-cysteine with 
T2D could be obtained. Subsequently, in the enrich-
ment analysis, associations between all five metabo-
lites, namely L-1-pyrroline-3-hydroxy-5-carboxylate, 
L-lysine, L-cysteine, tiglylcarnitine, and phenyllactate, 
with biological pathways could be identified. 
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Figure 7. Dot plot of enrichment analysis results. 

 

However, further literature studies are needed to 
closely examine how these pathways relate to T2D or 
diabetes as a whole. The addition of samples or da-
tasets may be needed to obtain more representative 
results, which constitutes a limitation of this study. 

ADMET analysis 

An ADMET study evaluates a drug's pharmacoki-
netics, encompassing Absorption, Distribution, Me-
tabolism, Excretion, and Toxicity. It focuses on pre-
dicting a drug's behavior and effects within the body, 
such as the extent of absorption when taken orally or 
within the gastrointestinal tract. Poor absorption can 
impact distribution and metabolism, potentially re-
sulting in adverse effects like neurotoxicity or ne-
phrotoxicity. By examining how a drug molecule is 
processed and distributed in an organism, ADMET 
studies play a critical role in drug discovery (Flo-
res‐Holguín et al., 2021). Consequently, this analysis 
is a cornerstone of computational drug design. The 
ADMET analysis result can be seen in Table 3. 

The PSA_2D values are strongly associated with 
the absorption properties of compounds. All metabo-
lites show different PSA_2D values, ranging from 46 
to 102, indicating moderate polarity and good absorp-
tion potential in the body (Qian et al., 2018). Addi-
tionally, all metabolites were found to have ideal lip-
ophilicity (AlogP98 ≤ 5), indicating reduced absorp-
tion and permeation capabilities (Falcone and Pater-
son, 2016). 

The absorption characteristics of the compounds 
were assessed using Caco-2 permeability, intestinal 
absorption (human), skin permeability, and P-
glycoprotein interactions. Metabolites with a Papp 
coefficient >8 × 10⁻⁶ and a predicted absorption value 
>0.90 were deemed to have high Caco-2 permeability, 
making them easily absorbable; L-cysteine and tiglyl-
carnitine fell into this category. For intestinal absorp-
tion in humans, metabolites with an absorption rate 
below 30% were classified as poorly absorbed. All 
metabolites show a good absorption percentage. Skin 
permeability was evaluated using log Kp values, 
where compounds with log Kp > -2.5 were considered 
to have low skin permeability. All of the metabolites 
met this criterion. Additionally, P-glycoprotein, an 
ABC transporter responsible for drug efflux, was not 
identified as interacting with all metabolites, which 
may not be actively expelled from cells. 

The distribution of the compounds was examined 
through parameters such as distribution volume 
(VDss), fraction unbound (human), CNS permeabil-
ity, and blood-brain barrier permeability (logBB). A 
VDss < 0.71 L/kg (log VDss < -0.15) indicated low 
tissue distribution, whereas VDss > 2.81 L/kg (log 
VDss > 0.45) indicated high distribution. All metabo-
lites displayed high distribution (VDss > -0.15). For 
blood-brain barrier permeability, compounds with 
logBB > 0.3 were considered easily permeable, while 
those with logBB < -1 were less likely to cross. All 
metabolites showed difficulty crossing the barrier. 
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Table 3. ADMET analysis results. 

Properties A B C D E 

PSA 60.199 46.920 102.265 70.276 51.839 

AlogP98 -0.4727 -0.6719 -0.2894 0.6746 -20.597 

Absorption 

     

Water solubility (log mol/L) -2.887 0.629 -2.692 -2.139 0.315 

Caco2 permeability (log Papp in 10-6 cm/s) 0.724 0.408 0.967 1.162 0.315 

Intestinal absorption (human) (%absorbed) 62.414 75.654 98.922 78.543 90.639 

Skin permeability (log Kp) -2.736 -2.759 -2.735 -2.715 -2.911 

P-Glycoprotein substrate No No No No Yes 

P-Glycoprotein I inhibitor No No No No No 

P-Glycoprotein II inhibitor No No No No No 

Distribution 

     

VDss (human, log L/kg) -0.505 -0.323 -0.741 -0.994 -0.642 

Fraction unbound (human) (Fu) 0.463 0.876 0.515 0.549 0.831 

BBB permeability (logBB) -0.526 -0.399 -0.168 -0.229 -0.07 

CNS permeability (log PS) -3.501 -3.104 -2.973 -2.686 -3.095 

Metabolism 

     

CYP2D6 substrate No No No No No 

CYP3A4 substrate No No No No No 

CYP1A2 inhibitor No No No No No 

CYP2C19 inhibitor No No No No No 

CYP2C9 inhibitor No No No No No 

CYP2D6 inhibitor No No No No No 

VYP3A4 inhibitor No No No No No 

Excretion 

     

Total clearance (log ml.min.kg) 0.493 0.536 0.314 0.72 0.692 

Renal OCT2 substrate No No No No No 

Toxicity 

     

AMES toxicity No No No No No 

hERG II Inhibitor No No No No No 

hERG II Inhibitor No No No No No 

Hepatotoxicity No No No No No 

Skin sensitization No No No No No 

ADMET: absorption, distribution, metabolism, excretion, and toxicity; Papp: apparent permeability coefficient; AMES: assay of the ability of 

a chemical compound to induce mutations in DNA; Kp: skin permeability constant; Fu: fraction unbound; BBB: blood-brain barrier; BB: 
blood-brain; CNS: central nervous system; PS: permeability-surface area; A: L-1-pyrroline-3-hydroxy-5-carboxylate; B: L-lysine; C: L-

cysteine; D: tiglylcarnitine; E: phenyllactate. 

 
Regarding CNS permeability, most metabolites 

show logPS > -3, with L-cysteine and tiglylcarnitine 
being the exception, indicating they could not pene-
trate the CNS. 

Metabolic predictions focused on cytochrome P450 
enzymes, specifically CYP2D6 and CYP3A4. All me-

tabolites were not substrates for these enzymes. Addi-
tionally, all metabolites were not predicted to inhibit 
CYP2C19, CYP2C9, and CYP3A4, suggesting no po-
tential impact on liver metabolism. Drug elimination 
was influenced by molecular weight and hydrophilic-
ity. The total clearance rates showed that L-cysteine 
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had the highest clearance, followed by the other me-
tabolites. 

Toxicity predictions highlighted potential safety 
concerns. No metabolites were flagged as possibly 
toxic in the AMES test and hepatotoxicity. However, 
none of the compounds were predicted to inhibit the 
hERG channel or cause cardiotoxicity or skin sensiti-
zation. 

In summary, the ADMET profiles of most metabo-
lites have no significant effect. However, L-cysteine 
and tiglylcarnitine stood out due to their strong ab-
sorption, inability to penetrate the CNS, and high 
clearance. L-1-Pyrroline-3-hydroxy-5-carboxylate, L-
lysine, and phenyllactate posed a concern due to their 
potential blood-brain barrier penetration. These find-
ings underscore the need for closer scrutiny of these 
three metabolites in future studies. 

Additionally, it is important to conduct compara-
tive studies with other analytical tools, such as bi-
omarker analysis with the MetaboAnalyst website, 
which currently serves as another alternative for 
metabolomic analysis. 

CONCLUSION 

Metabolomic analysis using a machine learning 
approach identified five metabolites—L-1-pyrroline-
3-hydroxy-5-carboxylate, L-lysine, L-cysteine, tiglyl-
carnitine, and phenyllactate—as significant bi-
omarkers differentiating blood plasma from T2D pa-
tients and healthy controls. These metabolites were 
associated with pathways related to diabetes progres-
sion, including alpha-amino acid metabolism, apop-
tosis, and lamin A processing. ADMET profiling re-
vealed that L-cysteine and tiglylcarnitine exhibited 
strong absorption and high clearance, while other 
metabolites raised concerns about blood-brain barrier 
penetration, highlighting the need for further investi-
gation. The findings of the analysis can be considered 
in the selection of T2D biomarkers; however, repeti-
tion and addition of samples are needed to obtain 
more representative biomarkers. 
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