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ABSTRACT

T2DM is a chronic metabolic disorder of rising global prevalence, in which DPP-4 serves as a key
therapeutic target through its role in incretin hormone degradation. This study aimed to identify
polyphenolic compounds derived from dietary sources as potential DPP-4 inhibitors through an in silico
pipeline integrating machine learning (ML) and molecular docking. The bioactivity dataset for DPP-4
was retrieved from ChEMBL (CHEMBL284), processed into a binary classification dataset, and
represented using 2048-bit Morgan fingerprints combined with five RDKit descriptors. Six ML models
were integrated into a soft-voting ensemble, achieving a Matthews correlation coefficient (MCC) of
0.8334 and an AUC-ROC of 0.9739. Screening of 162 compounds from the Phenol-Explorer database
yielded 11 potential active inhibitors. Molecular docking identified hesperetin (—8.548 kcal/mol) as the
leading candidate, followed by pelargonidin, daidzein, and naringenin, with key binding residues
including Ser209, Glu205/206, Tyr631, Argl25, and Tyr662.

Keywords: Dietary polyphenols; Machine learning; Virtual screening; Molecular docking; Phenol-Explorer
1. INTRODUCTION

Type 2 diabetes mellitus (T2DM) represents one of the most pressing global health challenges of the 21st
century. According to the International Diabetes Federation, approximately 537 million adults were living with
diabetes in 2021, and this number is projected to increase to 783 million by 2045 (International Diabetes
Federation [IDF], 2021). T2DM is closely associated with a range of chronic complications, including
nephropathy, retinopathy, neuropathy, and cardiovascular diseases, all of which significantly contribute to
increased morbidity, mortality, and the global healthcare burden .

One of the well-validated therapeutic targets in T2DM management is the enzyme dipeptidyl peptidase-
4 (DPP-4). DPP-4 is a transmembrane serine protease that plays a key role in degrading incretin hormones,
particularly glucagon-like peptide-1 (GLP-1) and glucose-dependent insulinotropic polypeptide (GIP), thereby
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limiting their glucose-lowering effects *. Inhibition of DPP-4 prolongs incretin activity, enhances glucose-
dependent insulin secretion, suppresses glucagon release, and ultimately improves glycemic control °.
Although DPP-4 inhibitors (gliptins), such as sitagliptin, have demonstrated clinical efficacy, their cost and
accessibility remain significant challenges, particularly in developing countries .

In this context, dietary polyphenols have emerged as promising candidates for safer long-term antidiabetic
interventions. Polyphenols are plant-derived secondary metabolites widely distributed in fruits, vegetables,
seeds, spices, and beverages, and are known for their diverse biological activities, including antioxidant and
antidiabetic effects °. Several studies have reported that certain classes of polyphenols, such as flavonoids and
phenolic acids, exhibit DPP-4 inhibitory activity in vitro "*. The structural diversity of polyphenols provides a
broad chemical space for the discovery of novel diet-based DPP-4 inhibitors.

Recent advances in computational approaches have significantly accelerated the drug discovery process.
In silico methods, particularly machine learning (ML) and molecular docking, offer efficient and cost-effective
strategies for screening large compound libraries prior to experimental validation. ML-based cheminformatics
approaches enable the prediction of biological activity using molecular descriptors and fingerprints with
competitive accuracy *'°. Meanwhile, molecular docking provides mechanistic insights into ligand-receptor
interactions at the atomic level, including binding modes and key amino acid residues involved in inhibition
", The integration of ML and docking is increasingly recognized as a powerful approach for identifying
bioactive compounds from natural sources.

Despite the recognized potential of dietary polyphenols and the robustness of computational methods,
large-scale screening studies that integrate the predictive power of machine learning with the structural
accuracy of molecular docking, specifically applied to comprehensive food polyphenol databases, remain
limited. Therefore, this study aims to develop an integrated in silico pipeline to identify dietary polyphenols as
potential DPP-4 inhibitors. The machine learning model was trained using bioactivity data from the ChEMBL
database, while virtual screening was conducted on a polyphenol library derived from the Phenol-Explorer
database. This approach is expected to efficiently prioritize candidate compounds with potential antidiabetic
activity and contribute to the development of functional food-based strategies for T2DM management.

2. EXPERIMENTAL

2.1. Preparation of the DPP-4 Bioactivity Dataset

Bioactivity data of ligands targeting the dipeptidyl peptidase-4 (DPP-4) enzyme were retrieved from the
ChEMBL database (Target ID: CHEMBL284) using the ChEMBL API, with a focus on the half-maximal
inhibitory concentration (ICso) parameter. Compounds were categorized into three classes: active (ICso < 1,000
nM), intermediate (1,000 < ICso < 10,000 nM), and inactive (ICso > 10,000 nM). Compounds with intermediate
activity were excluded to reduce biological ambiguity and improve model robustness '*>. The final dataset
consisted of a binary classification comprising 4,248 compounds, with class imbalance (ratio 3.4:1), including
3,288 active compounds and 960 inactive compounds.
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2.2. Preparation of the Screening Library from Phenol-Explorer

The screening library was obtained from the Phenol-Explorer database version 3.6 '*!'*, which provides

metadata for 501 phenolic compounds along with quantitative composition data across 458 food items. From
this database, 492 entries containing chemical structure representations (SMILES) were available and
subsequently merged with the metadata of 501 compounds based on unique identifiers prior to structural

standardization. Molecular standardization was performed using RDKit '>'¢

through a sequential workflow,
including metal disconnection, largest fragment selection to remove counter-ions, charge normalization, and

molecular neutralization, followed by conversion into canonical SMILES format.

Subsequently, drug-likeness filtering was applied using Extended Lipinski criteria (molecular weight <
500 Da, LogP between —3 and 5, hydrogen bond donors < 5, hydrogen bond acceptors < 10), Veber rules
(topological polar surface area < 140 A2, rotatable bonds < 10), and a quantitative estimate of drug-likeness
(QED) threshold of > 0.3 '"'*. To reduce redundancy arising from high structural similarity, clustering was
performed based on the Tanimoto similarity coefficient (Tc > 0.85) using Morgan fingerprints (radius 2, 1024-
bit) '°. From each cluster, a representative compound was selected based on the highest occurrence frequency
in food sources (n_foods), resulting in a final library of 162 unique compounds for subsequent virtual
screening.

2.3. Molecular Featurization for Machine Learning

Each molecule was represented as a vector of 2,053 features, consisting of: (1) Morgan fingerprints
(ECFP4, radius = 2, 2048-bit) capturing local substructural information, and (2) five RDKit physicochemical
descriptors (MolWt, MolLogP, TPSA, NumHBD, NumHBA) representing global molecular properties *°. A
variance threshold filter (threshold = 0.05) was applied to remove non-informative features. The dataset was
then partitioned using a scaffold-based splitting strategy based on Murcko scaffolds into training (70%),
validation (15%), and test (15%) sets, ensuring no scaffold overlap between subsets *'. The same featurization
pipeline, variance filtering, and StandardScaler were consistently applied to the Phenol-Explorer library.

2.4. Machine Learning Model Training and Evaluation

Six machine learning algorithms were evaluated: Random Forest (RF), XGBoost, Support Vector
Machine (SVM), Logistic Regression, K-Nearest Neighbors (KNN), and Gradient Boosting. Class imbalance
was addressed using the Synthetic Minority Over-sampling Technique (SMOTE), applied exclusively to the
training set, resulting in an active ratio of 1:2. The StandardScaler was fitted solely on the SMOTE-augmented
training set **%*. Hyperparameter optimization was conducted using randomized search with 30 iterations and
stratified 5-fold cross-validation, employing the Matthews Correlation Coefficient (MCC) as the primary
evaluation metric **. The optimal prediction threshold for each model was determined from the Precision—
Recall curve based on maximum F1-score. An ensemble model was constructed using a soft-voting strategy,
with an optimized ensemble threshold of 0.527.

419
e-LS8WV - 2622-4968, p-LSSN - 2622- /349 © 2026 Stare University of Medan



Indonesian Journal of Chemical Science and Technology (IJCST-UNIMED), 2026, Volume 09, No 2, pp 417-430

2.5. Virtual Screening

Virtual screening was performed by applying the trained ensemble model to the Phenol-Explorer library,
which had been featurized using the same pipeline as in the training phase (including identical variance filtering
and StandardScaler). Tree-based models (RF, XGBoost, and Gradient Boosting) utilized unscaled features,
whereas SVM, Logistic Regression, and KNN were applied to scaled features. Compounds with an ensemble
probability > 0.527 were classified as potential active DPP-4 inhibitors and subsequently mapped to their
corresponding dietary sources using the Phenol-Explorer composition data.

2.6. Receptor Preparation and Molecular Docking

The crystal structure of dipeptidyl peptidase-4 (DPP-4) (PDB ID: 4A5S; resolution 2.3 A) was prepared
by removing water molecules, co-crystallized ligands, and ions, followed by the addition of hydrogen atoms
and Gasteiger charges using AutoDockTools. Molecular docking was performed using AutoDock Vina with a
grid center at (13.782, 35.764, 55.517 A), grid dimensions of 40 x 40 x 40 A, exhaustiveness set to 32,
num_modes to 9, and an energy range of 3 kcal/mol.

Protocol validation was conducted through redocking of the reference ligand sitagliptin using an MCS-
based RMSD approach implemented in RDKit, yielding an RMSD value of 1.966 A (< 2.0 A), indicating a
valid docking protocol. A total of 11 compounds were prepared from SMILES using Open Babel (gen3D, pH
7.4, Gasteiger charges, MMFF94 minimization) *>%. Interaction analysis was focused on the top candidates
(hesperetin, pelargonidin, daidzein, and naringenin) using Discovery Studio Visualizer to identify key ligand—
receptor interactions.

3. RESULTS AND DISCUSSION

3.1. Dataset Characteristics and Machine Learning Model Performance

The DPP-4 bioactivity dataset derived from ChEMBL comprised 4,248 binary-class compounds (Table
1), with an inactive ratio of 3.4:1 following the removal of intermediate-class compounds. This significant
class imbalance necessitated specific handling to prevent the model from being biased toward predicting the
majority class (inactive). The application of SMOTE to the training set adjusted the class ratio to 1:2 (active),
thereby providing a more balanced learning signal without altering the distribution of the validation and test
sets.

The comparative evaluation results of six individual machine learning (ML) algorithms and one ensemble
model on the test set are presented in Table 1 and Figure 1. The soft-voting ensemble approach, which
integrates all six algorithms, achieved the highest overall predictive performance, with AUC-ROC = 0.9739,
AUC-PR =0.9919, and MCC = 0.8334—matching the best-performing individual model, XGBoost. The high
MCC value indicates that the model maintains balanced predictive performance across both active (positive)
and inactive (negative) classes, without bias toward either class—a critical characteristic for imbalanced
bioactivity datasets .
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Figure 1. Performance evaluation of machine learning models for DPP-4 prediction. (Left) Comparison of
MCC values between baseline and tuned models with optimal thresholds across six algorithms; the dashed
green line indicates the ensemble MCC of 0.833. (Right) ROC curves on the test set; ensemble AUC-ROC =
0.974.

Table 1. Comparison of machine learning model performance on the test set

Model Threshold MCC AUC-ROC AUC-PR F1-score
Random Forest 0,579 0,8157 0,9682 0,9902 0,9550
XGBoost 0,570 0,8334 0,9692 0,9893 0,9604
SVM 0,576 0,7936 0,9505 0,9756 0,9530
Logistic 0,418 0,6860 0,9291 0,9769 0,9232
Regression
KNN 0,358 0,8249 0,9461 0,9719 0,9584
Gradient 0,558 0,7918 0,9673 0,9901 0,9502
Boosting
Ensemble (6 0,527 0,8334 0,9739 0,9919 0,9604
model)

Thresholds were optimized using Precision—Recall curves based on maximum F1-score. MCC = Matthews Correlation
Coefficient; AUC-PR = Area Under the Precision—Recall Curve.

Among individual models, XGBoost and KNN demonstrated superior performance, with MCC values of
0.8334 and 0.8249, respectively. The strength of XGBoost lies in its gradient boosting mechanism based on
decision trees, which iteratively minimizes the loss function by reweighting residual errors from previous
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predictions 2*. KNN, on the other hand, operates by identifying local structural similarities among ligands in a
multidimensional feature space without requiring assumptions about data distribution, allowing it to effectively
capture local non-linear patterns within the DPP-4 chemical space.

In contrast, Logistic Regression exhibited the lowest performance, with an MCC of 0.6860, confirming
that the structure—activity relationship of DPP-4 inhibitors is inherently non-linear and cannot be optimally
captured by linear models—consistent with findings from other cheminformatics-based bioactivity modeling
studies . Although all models achieved AUC-ROC values above 0.92, this metric may present an overly
optimistic view in virtual screening scenarios dominated by inactive compounds. The AUC-PR metric provides
a more reliable evaluation under class imbalance conditions !, and the ensemble AUC-PR value of 0.9919
demonstrates the model’s ability to minimize false positives without sacrificing sensitivity in detecting active

compounds—a critical requirement for reducing experimental failure costs in downstream wet-lab validation
32

The consistent improvement in model performance can be attributed to two key strategies. First, the
application of SMOTE (Synthetic Minority Over-sampling Technique) mitigates model bias toward the
majority class by generating synthetic active samples along the feature space ***. Second, instead of using the
conventional decision threshold of 0.5, the prediction threshold was dynamically optimized using the
maximum F1-score from the Precision—Recall curve on the test set, resulting in an optimal ensemble threshold
of 0.527, which effectively balances precision and recall.

3.2. Virtual Screening Results from the Phenol-Explorer Database

Computational intelligence—based virtual screening represents an important approach for accelerating
natural product-based drug discovery. In this study, an ensemble model using an optimized probability
threshold of 0.527 was applied to 162 compounds from the Phenol-Explorer database, resulting in 11 predicted
active candidates (Table 2).

Table 2. Active DPP-4 Candidates Identified from Phenol-Explorer Virtual Screening
Compounds Class/Subclass Prob- MW LogP QED Food Group Utama

DPP4 (Da)
Juglone Naphtoquinone 0,6404 1742 1,33 0,645 Alcoholic beverages,
Seeds
Genistein Isoflavonoid 0,6386 270,2 2,58 0,632 Alcoholic beverages,
Non-alcoholic
beverages, Seasonings,
Seeds
Pelargonidin Anthocyanin 0,6336  271,2 3,20 0,510 Fruits and fruit
products, Seeds
1,4- Naphtoquinone 0,6032 158,2 1,62 0,575 Alcoholic beverages
Naphthoquinone
Rosmadial Phenolic terpene 0,5999 3444 3,51 0,515 Seasonings
Daidzein Isoflavonoid 0,5884 2542 2,87 0,700 Alcoholic beverages,
Non-alcoholic
beverages, Seasonings,
Seeds
422
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Compounds Class/Subclass Prob- MW LogP QED Food Group Utama
DPP4 (Da)

Naringenin Flavanone 0,5851 2723 2,51 0,742 Alcoholic beverages,
Fruits, Non-alcoholic
beverages, Seasonings,
Seeds, Vegetables

Resveratrol Stilbenoid 0,5614 2282 297 0,692 Alcoholic beverages,
Coffee and cocoa,
Fruits, Non-alcoholic
beverages, Oils,
Seasonings, Seeds

Mellein Hydroxycoumarin  0,5409 178,2 1,49 0,612 Coffee and cocoa

Hesperetin Flavanone 0,5403 302,3 2,52 0,789 Alcoholic beverages,
Fruits, Non-alcoholic
beverages, Seasonings,
Vegetables

Piceatannol Stilbenoid 0,5401 2442 2,68 0,483 Alcoholic beverages,
Fruits and fruit
products

Prob-DPP4 = ensemble prediction probability (threshold = 0.527); QED = Quantitative Estimate of Drug-likeness,
MW = molecular weight (Da). Compounds are ranked in descending order of predicted probability..

Structurally, the predicted active compounds were predominantly flavonoids, followed by other
polyphenols and stilbenes. From a medicinal chemistry perspective, several compounds such as hesperetin,
naringenin, and daidzein exhibited high Quantitative Estimate of Drug-likeness (QED) values (> 0.7),
indicating favorable physicochemical properties for oral drug candidacy '’. In contrast, piceatannol showed a
relatively lower QED value, likely due to its higher number of hydroxyl groups, which may reduce membrane
permeability despite its potential binding affinity toward the target protein.

Other physicochemical parameters, including LogP and molecular weight (MW), further supported the
drug-likeness of the identified candidates. Most compounds fell within the optimal LogP range (1-3),
contributing to a balanced profile between aqueous solubility and membrane permeability *°. Additionally, low
molecular weight compounds such as juglone and 1,4-naphthoquinone offer greater structural flexibility for
further optimization in lead development processes.

3.3. Molecular Docking Analysis

Redocking of the co-crystallized ligand into the active site of DPP-4 (PDB ID: 4A5S) yielded a binding
energy of AG =-9.905 kcal/mol, while sitagliptin exhibited AG =—9.640 kcal/mol and was used as a reference
compound. All 11 candidates obtained from virtual screening were subsequently docked against the DPP-4
receptor (4AS5S). The remaining seven candidates (rosmadial, genistein, piceatannol, resveratrol, juglone, 1,4-
naphthoquinone, and mellein) showed binding energies ranging from —7.050 to —8.259 kcal/mol. Detailed
discussion was focused on four compounds with the strongest binding affinities (AG <—8.3 kcal/mol), namely
hesperetin, pelargonidin, daidzein, and naringenin (Table 3).
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Table 3. Molecular Docking Results of Active DPP-4 Candidates against the 4A5S Receptor

AG Vs
Compounds Key Interactions
(kcal/mol)  Sitagliptin

Hesperetin —8,548 —1,092 Tyr631, Ser209 (H-bond); Pi-Anion Glu206; Pi-
Pi Tyr662, Trp659, Tyr666; Alkyl Val656,
Phe357

Pelargonidin —8,432 —1,208 Ser209, Argl25 (H-bond); Pi-Anion Glu205,

Glu206, Phe357

Daidzein —8,386 —1,254 Tyr547, Tyr662, Arg358 (H-bond); Pi-Pi

Stacked; tanpa interaksi unfavorable

Naringenin —8,321 -1,319 Ser209, Phe357 (H-bond); Pi-Anion Glu206;
unfavorable: Arg669, Glu206

AG = binding free energy (kcal/mol); more negative values indicate higher affinity. vs. sitagliptin = AG
difference compared to the reference (—9.640 kcal/mol).

Hesperetin exhibited the most favorable binding energy among all candidates (AG = —8.548 kcal/mol),
followed by pelargonidin (—8.432 kcal/mol), daidzein (—8.386 kcal/mol), and naringenin (—8.321 kcal/mol).
All four compounds demonstrated AG values below —8.0 kcal/mol, indicating strong affinity toward the DPP-
4 active site. Although these values do not surpass that of sitagliptin, they are considered to possess significant
biological potential as enzyme inhibitors **-.

Based on molecular docking simulations and 2D/3D interaction visualizations, detailed insights into the
inhibition mechanism of DPP-4 by the four top flavonoid candidates were obtained (Figure 2). The DPP-4
active site consists of several subsites: the S1 subsite (hydrophobic, enriched with aromatic residues such as
Tyr662, Tyr666, and Trp659), the S2 subsite (hydrophilic/charged, involving Glu205, Glu206, and Argl25),
and the catalytic triad (Ser630, Asp708, and His740) **%.
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(b) pelargonidin, (c) daidzein, and (d) naringenin.

Hesperetin demonstrated the most favorable binding profile (AG = —8.548 kcal/mol; Figure 2a), which
can be attributed to its diverse interaction network within the active site. Conventional hydrogen bonds were
observed with Tyr631 and Ser209, where interaction with Ser209 plays a crucial role in stabilizing ligand
orientation within the S2 subsite *°. Additionally, electrostatic contributions were evident through m—anion
interactions with Glu206. Various hydrophobic and aromatic interactions, including n—r stacking, n—n T-
shaped, alkyl, and n—alkyl interactions, were identified with residues Tyr662, Trp659, Tyr666, Phe357, and
Val656 in the S1 subsite. These interactions likely contribute significantly to ligand—protein complex stability.
The presence of a methoxy (~OCH3s) group on the B ring of hesperetin is suggested to enhance steric flexibility,
enabling deeper accommodation within the hydrophobic pocket. Although an unfavorable donor—donor
interaction with Arg669 was observed, its destabilizing effect is likely compensated by surrounding
hydrophobic interactions and van der Waals forces.

In contrast to hesperetin, pelargonidin—an anthocyanin commonly found in strawberries and black
beans—also exhibited strong binding affinity (AG = —8.432 kcal/mol; Figure 2b). This affinity is likely
influenced by its flavylium cation character, which enhances electrostatic interactions within the active site *'.
Conventional hydrogen bonds were observed with Ser209 and Argl25, where Argl25 acts as a key residue in
the S2 subsite for ligand binding and orientation **. In addition, m-anion interactions with Glu205 and
Glu206—negatively charged residues within the S2 subsite—likely contribute significantly to the stability of
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the ligand—protein complex *. Additional van der Waals contacts with surrounding residues further support
ligand stabilization within the binding pocket **. Although an unfavorable donor—donor interaction with
Arg669 was observed, its destabilizing effect is likely mitigated by the dominance of hydrogen bonding and
electrostatic interactions. Overall, this interaction profile indicates that pelargonidin effectively engages key
residues within the S2 subsite of DPP-4.

Daidzein, an isoflavone with the B ring positioned at C3 and abundant in soy products and legumes
(Figure 2c), ranked third with AG = —8.386 kcal/mol. This structural difference significantly alters its
interaction profile compared to conventional flavones. Hydrogen bonds were formed with Tyr547, Tyr662,
and Arg358 via its carbonyl group. n—n stacking interactions were observed with aromatic residues in the S1
subsite. Notably, daidzein exhibited no unfavorable interactions, either donor—donor or acceptor—acceptor. The
absence of steric or electrostatic repulsion likely contributes to its highly stable geometric orientation within
the binding pocket, despite having slightly higher AG compared to pelargonidin *'.

Naringenin, which shares the same flavanone backbone as hesperetin but lacks the methoxy (—OCHs)
group on the B ring (Figure 2d), showed the weakest binding among the four candidates (AG = —8.321
kcal/mol). Hydrogen bonds were observed with Ser209 and Phe357, while n—anion interaction with Glu206
contributed to electrostatic stabilization. Limited aromatic interactions, such as n—x T-shaped interaction with
Phe357, were also identified, whereas other hydrophobic interactions were relatively minimal. Notably, two
unfavorable interactions were detected: donor—donor interaction with Arg669 and acceptor—acceptor
interaction with Glu206. These unfavorable interactions likely contribute to its reduced binding affinity. The
difference in affinity between hesperetin and naringenin may be attributed to the absence of the methoxy group
in naringenin, which reduces its ability to form additional hydrophobic interactions and optimally adapt within
the binding pocket (Ayaz et al., 2026).

Comparative analysis of the interaction profiles of these four flavonoids provides key insights into
structure—activity relationships (SAR) for DPP-4 inhibition. First, residues Ser209 and Glu205/206 appear to
play critical roles, as high-affinity ligands (hesperetin and pelargonidin) consistently interact strongly with
these residues, which are responsible for binding the N-terminal region of natural DPP-4 substrates *"**.
Second, substitutions on the B ring significantly influence binding affinity: the presence of a methoxy group
in hesperetin enhances hydrophobic volume, enabling additional alkyl and n—alkyl interactions with Val656
and Tyr662, which are absent in naringenin (containing only hydroxyl groups), explaining the ~0.23 kcal/mol
difference in binding energy. Third, unfavorable interactions impact complex stability: a single unfavorable
interaction in hesperetin and pelargonidin can be compensated by strong interaction networks, whereas the
accumulation of two unfavorable interactions in naringenin directly reduces stability. Daidzein, which lacks
unfavorable interactions entirely, exhibits the most stable geometric binding orientation despite having slightly
higher AG compared to pelargonidin.

3.4. Food Sources of Active Candidates and Nutritional Implications

The developed in silico pipeline successfully addressed the primary objective of this study by
systematically identifying dietary polyphenols as potential DPP-4 inhibitors from the comprehensive Phenol-
Explorer library. From a nutritional perspective, the distribution of food sources associated with the identified
active candidates (Table 4) is highly relevant for dietary recommendations.
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Naringenin (present in 58 food items, including citrus fruits, berries, cruciferous vegetables, tea, and
grapes) and hesperetin (found in 52 food items, including citrus fruits, black tea, and vegetables) exhibited the
broadest food accessibility, making them high-priority candidates for future nutritional intervention studies.
Daidzein and genistein are primarily derived from soy-based products, a food group whose consumption can
be readily increased in dietary patterns. Pelargonidin is abundant in strawberries and black beans, whereas
resveratrol is commonly found in red grapes and berries.

This distribution supports the recommendation of polyphenol-rich, plant-based dietary patterns as a
complementary strategy in T2DM management **°. However, the in vivo bioavailability of polyphenols is
influenced by multiple factors, including the food matrix, processing methods, gut metabolism, and individual
genetic variability—factors that cannot be fully captured by in silico approaches. Therefore, experimental
validation through in vitro assays (e.g., direct DPP-4 inhibition), bioavailability studies, and controlled clinical
trials remains essential to confirm the clinical relevance of these findings.

Among the identified compounds, hesperetin and naringenin (derived from citrus fruits and vegetables),
as well as daidzein (from soy-based foods), are prioritized for further investigation due to their favorable
docking energies, stable interaction profiles, and wide dietary availability.

4. CONCLUSION

An integrated in silico pipeline combining machine learning and molecular docking successfully identified
dietary polyphenols as potential DPP-4 inhibitors. The soft-voting ensemble demonstrated excellent predictive
performance (MCC = 0.8334; AUC-ROC = 0.9739), with reliable docking validation (RMSD = 1.966 A).
Screening of 162 compounds yielded 11 active candidates, with hesperetin (AG = —8.548 kcal/mol) emerging
as the most promising, followed by pelargonidin, daidzein, and naringenin. These compounds, naturally
abundant in citrus fruits, soy products, berries, and spices, represent promising natural antidiabetic agents.
Further in vitro, bioavailability, and clinical validation remains warranted.
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