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Abstract

Background: Dipeptidyl peptidase-4 (DPP4) is a key metabolic enzyme involved in post-
prandial glucose regulation through incretin hormone modulation, making it an important
target in nutrition and metabolic health research. Although dietary and plant-derived bioac-
tive compounds have been reported to influence DPP4, exploration of the food-associated
chemical space remains limited by its size and diversity. Methods: Here, we present an
integrated computational framework combining machine learning, molecular docking, and
molecular dynamics simulations to prioritize dietary and supplemental compounds with
potential interaction capacity toward DPP4. Supervised classification models were trained
on a curated DPP4 bioactivity dataset and evaluated using scaffold-based partitioning to
ensure chemically realistic generalization. Results: The top-performing random forest
model achieved robust performance across independent splits (mean AUC 0.889 ± 0.017;
average precision 0.959 ± 0.010) and was applied to screen 69,574 food-derived compounds.
Model interpretation identified recurring heteroaromatic and polar substructural features
associated with predicted interaction propensity. Structure-based screening further priori-
tized seven food-derived compounds, including lipid-associated coenzyme A derivatives,
which occupied the canonical DPP4 binding site with favorable docking scores (−13.12 to
−12.06 kcal/mol). Extended molecular dynamics simulations (500 ns) demonstrated stable
binding geometries, compact hydrogen-bond networks, and consistent engagement of
key DPP4 residues, including Glu205, Glu206, Arg125, and Tyr631. Conclusions: Overall,
our study provides a scalable computational strategy for identifying bioactive dietary and
supplemental compounds with potential relevance to metabolic regulation. The framework
supports nutraceutical research and functional food development by enabling targeted
experimental investigation of diet–enzyme interactions.

Keywords: food-derived compounds; machine learning identification; dipeptidyl peptidase-
4 (DPP4); dietary supplements; metabolic regulation

1. Introduction
Diet-associated metabolic dysregulation has become increasingly prevalent across

populations, with exaggerated postprandial glucose excursions emerging as a consistent
feature of contemporary dietary patterns [1]. Conventional nutritional frameworks have
largely emphasized macronutrient composition and energy balance, yet these approaches
only partially account for the marked interindividual variability observed in post-meal
metabolic responses [2]. Accumulating evidence indicates that meals deliver a complex
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mixture of low-molecular-weight bioactive constituents capable of influencing metabolic
processes beyond the effects of carbohydrates, fats, and proteins alone [3]. In this context,
postprandial metabolism is increasingly understood as a dynamic, enzyme-mediated sys-
tem in which dietary chemistry modulates hormonal signaling, substrate handling, and
glucose homeostasis over short temporal scales [4]. Such a perspective positions metabolic
regulation as an emergent property of interactions between dietary compounds and en-
dogenous enzymatic networks rather than a passive consequence of nutrient load alone [5].

At the molecular level, dietary exposure entails continuous contact between food-
derived small molecules and endogenous enzymes that govern digestion, nutrient absorp-
tion, and postprandial hormone turnover [6]. These enzymes operate as nutrient-response
regulators that integrate chemical cues from the diet into coordinated metabolic signaling,
rather than as fixed pharmacological targets [7]. Interactions involving food-derived com-
pounds are typically characterized by low affinity, reversibility, and strong dependence
on concentration, timing, and dietary context, distinguishing them from the sustained
binding profiles associated with therapeutic agents [8]. Within this framework, food
chemistry contributes to metabolic regulation by subtly shaping enzymatic activity and
signaling fluxes during the fed state, rather than through direct enzyme blockade [9]. An
enzyme-centered perspective therefore provides a mechanistically grounded approach for
studying nutritional modulation while remaining aligned with the transient and context-
dependent nature of dietary exposures [10]. Within this nutritional framework, dipeptidyl
peptidase-4 (DPP4) occupies a central position in the regulation of postprandial endocrine
responses [11]. DPP4 is widely expressed and rapidly engages following food intake, where
it governs the turnover of incretin hormones that coordinate insulin secretion, glucagon
suppression, and glucose disposal during the fed state [12]. Rather than representing a
pathological node, DPP4 functions as a metabolic checkpoint that fine-tunes hormonal
signaling in response to meal composition and timing [13]. Consistent with this role, a
growing body of nutritional and biochemical evidence indicates that dietary peptides,
flavonoids, and polyphenolic compounds can influence DPP4-associated pathways under
physiological conditions, often in a manner dependent on food matrix, co-ingestion, and
digestive processing [14]. DPP4 was selected as a nutritionally relevant enzymatic target
due to its central role in postprandial hormone regulation and glucose homeostasis [15].
Framed in this way, DPP4 provides a mechanistically coherent link between dietary chem-
ical diversity and short-term metabolic regulation without invoking disease-centered or
therapeutic interpretations [16].

The chemical landscape of the human diet encompasses thousands of structurally di-
verse small molecules originating from plant, animal, and microbial sources, many of which
remain incompletely characterized at the molecular level [17]. Systematic experimental
evaluation of this breadth of dietary chemical space is constrained by practical limitations,
including compound availability, matrix complexity, and the transient nature of postpran-
dial exposure [18]. In this situation, computational approaches offer a complementary
strategy for organizing and interrogating large collections of food-derived compounds [19].
Machine-learning methods, when applied with appropriate restraint, enable the identifi-
cation of recurring structural features and interaction patterns associated with enzymatic
engagement, thereby supporting hypothesis generation in nutritional biochemistry [20].
Importantly, such models are not intended to predict efficacy, potency, or physiological
outcomes, but rather to prioritize and contextualize dietary compounds based on shared
chemical characteristics relevant to enzyme interaction propensity [21]. This approach
provides a scalable means of exploring nutritional chemical diversity while maintaining
clear boundaries between predictive modeling and experimental validation [22].
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Accordingly, the present study is framed to examine dietary chemical space through
the lens of molecular interaction propensity rather than enzymatic inhibition and thera-
peutic modulation [23]. This study examines food-derived chemical structures as part of
everyday dietary exposure. Using machine-learning-based structure–activity modeling
together with curated biochemical data, we explore how recurring structural features in
dietary compounds may relate to interactions with dipeptidyl peptidase-4 under physiolog-
ical conditions. The analysis is intended to organize and interpret dietary chemical space
from a mechanistic perspective while recognizing that in silico predictions are hypothesis-
generating rather than confirmatory. Within this framework, the objective was to identify
food-derived compounds whose structural characteristics were associated with a higher
likelihood of interacting with DPP4, providing a basis for targeted experimental investiga-
tion in a nutritional context. Bioactivity data targeting dipeptidyl peptidase-4 (DPP4) were
obtained from ChEMBL v36 [24], curated, and standardized prior to molecular representa-
tion using circular fingerprints (Figure 1). To promote chemically realistic generalization,
scaffold-based dataset splitting was implemented during supervised model development.
Model interpretability and reliability were evaluated using feature attribution analysis
and applicability-domain assessment. The validated models were then applied to a large
food-derived compound library for virtual screening, followed by structure-based docking
and molecular dynamics simulations to characterize the binding stability and interaction
energetics of prioritized candidates. Molecular representation for supervised learning
was based on circular fingerprints together with standard physicochemical descriptors,
enabling the integration of substructural patterns and global molecular properties within
the classification framework.

Figure 1. Workflow for dietary chemical space mapping and DPP4 interaction propensity. Bioactivity
data for DPP4 were curated from ChEMBL v36 and standardized prior to molecular descriptor gener-
ation. Scaffold-aware dataset splitting enabled supervised machine-learning model development and
evaluation, followed by interpretability and applicability-domain assessment. Food-derived com-
pounds were subsequently screened in silico, and top-ranked candidates were subjected to structure-
based validation and molecular dynamics simulations to assess binding stability and energetics.
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2. Results
2.1. Assembly and Physicochemical Characterization of the DPP4 Bioactivity Dataset

A curated reference dataset describing chemical interaction profiles with dipeptidyl
peptidase-4 (DPP4) was assembled from ChEMBL using the target identifier CHEMBL284.
Following filtering and standardization procedures described in the Methods, the final
compound-level dataset comprised 3972 unique molecules, of which 3218 were classi-
fied as interaction-positive and 754 as interaction-negative based on the predefined pIC50

threshold. All compounds were associated with validated concentration-based bioactivity
measurements and had computable molecular descriptors. To contextualize the chem-
ical space represented in the curated dataset, global distributions of molecular weight,
lipophilicity, and polarity were examined. A bivariate projection of molecular weight
against calculated LogP revealed substantial overlap between interaction-positive and
interaction-negative compounds across the dominant region of chemical space (Figure 2A).
Both classes were primarily distributed between approximately 200 and 600 Da, with
LogP values spanning from low to moderately lipophilic ranges. No abrupt separation
between classes was observed along either axis, indicating that interaction status could not
be attributed to a single physicochemical dimension. Bubble scaling by topological polar
surface area further indicated broad TPSA variability within both classes, without discrete
clustering. Aggregate physicochemical profiles were compared using normalized radar
representations (Figure 2B). Interaction-positive compounds exhibited modest shifts toward
higher median molecular weight, lipophilicity, hydrogen bond acceptor count, and topolog-
ical polar surface area relative to interaction-negative compounds. In contrast, hydrogen
bond donor counts and rotatable bond numbers showed largely overlapping distributions
between the two groups. These differences were gradual rather than categorical, reinforcing
that the curated dataset reflects continuous variation in physicochemical properties rather
than distinct drug-like versus non-drug-like regimes. The distribution of standardized
activity values for interaction-positive compounds was examined following transformation
to pIC50 (Figure 2C). The resulting distribution was unimodal, centered in the mid-to-high
micromolar to low nanomolar range, with a gradual decline toward higher potency values.
No secondary modes or discontinuities were observed, consistent with aggregation across
heterogeneous assay formats and chemical series. The smooth distribution supported the
use of a single interaction threshold for downstream classification without introducing
artificial stratification. These analyses confirm that the curated CHEMBL284 dataset spans a
chemically diverse yet coherent interaction space, with substantial overlap in global physic-
ochemical properties between interaction-positive and interaction-negative compounds.
This structure is consistent with a nutritionally and chemically heterogeneous reference set
and provides an appropriate foundation for subsequent structure–activity modeling.
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Figure 2. Physicochemical landscape and activity distribution of the curated DPP4 dataset.
(A) Distribution of interaction-positive (n = 3218) and interaction-negative (n = 754) compounds
plotted as molecular weight versus calculated LogP. Bubble size represents the topological polar
surface area, illustrating the spread of polarity across chemical space. (B) Radar plot comparing
normalized median physicochemical properties of interaction-positive and interaction-negative
compounds, including molecular weight, LogP, hydrogen bond donors, hydrogen bond acceptors,
topological polar surface area, and number of rotatable bonds. Values were scaled to enable a direct
comparison across descriptors. (C) Distribution of pIC50 values for interaction-positive compounds
following activity standardization and aggregation at the compound level, showing a unimodal
activity profile across the dataset.

2.2. Scaffold-Based Partitioning and Dataset Composition Across Independent Split Seeds

To evaluate model performance under conditions of reduced structural overlap, the
curated DPP4 dataset was partitioned using a scaffold-based splitting strategy. Compounds
were grouped by Bemis–Murcko scaffolds derived from canonicalized structures, and all
molecules sharing the same scaffold were assigned to the same subset. This procedure
ensured that closely related chemical series were not distributed across training and evalu-
ation partitions. To assess the stability of downstream analyses with respect to stochastic
scaffold assignment, the splitting procedure was repeated using three independent ran-
dom seeds. Each seed generated a complete and non-overlapping partition of the dataset
into training, validation, and test subsets while preserving scaffold integrity. Across all
three seeds, the overall distribution of compounds and scaffolds across subsets remained
consistent, indicating that the partitioning strategy was robust to seed choice and did not
introduce systematic bias. Seed-specific statistics describing the number of compounds,
scaffold counts, and class composition within each subset are reported in Supplementary
Tables S1–S3, corresponding to seeds 1, 2, and 3, respectively. These tables document
the reproducibility of the scaffold-based splitting process and provide full transparency
regarding dataset composition used for model training and evaluation. All subsequent
modeling results were evaluated independently across the three scaffold split seeds and
summarized across seeds to account for partition-level variability.
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2.3. Supervised Classification Performance Under Scaffold-Based Evaluation

Model performance was evaluated using scaffold-based train/validation/test parti-
tions generated with three independent split seeds. Across splits, all models achieved strong
out-of-fold discrimination (AUC range 0.881–0.917; AP range 0.957–0.972) (Figure 3A). On
held-out test sets, the random forest classifier demonstrated the highest overall perfor-
mance, achieving a mean test AUC = 0.889 ± 0.017 and mean test AP = 0.959 ± 0.010
(Figure 3B). Logistic regression and gradient boosting showed comparable discrimination
with slightly lower precision, while the artificial neural network exhibited reduced stability
across scaffold splits. Threshold-dependent metrics, including Matthews correlation coef-
ficient and balanced accuracy, showed consistent ranking, with the random forest model
performing best overall (Figure 3A). Seed-resolved receiver operating characteristic and
precision–recall curves confirmed stable performance across independent scaffold splits
(Figure 3B; Supplementary Figures S1 and S2).

 

Figure 3. Comparative model performance under scaffold-based evaluation. (A) Heatmap summa-
rizing classification performance for logistic regression (LR), random forest (RF), gradient boosting
(GB), and artificial neural network (ANN) models. Test-set metrics include area under the re-
ceiver operating characteristic curve (AUC), average precision (AP), Matthews correlation coefficient
(MCC), and balanced accuracy, together with out-of-fold training AUC and AP. Values represent the
mean ± standard deviation across three independent scaffold split seeds. (B) Receiver operating char-
acteristic curves (top) and precision–recall curves (bottom) for the random forest classifier evaluated
across three scaffold split seeds. Left panels show out-of-fold training performance and right panels
show performance on the held-out test sets. Diagonal dashed lines indicate random classification.
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2.4. Structural Interpretation of the Top-Performing Model Through Substructure and
Shape Analysis

To examine the structural patterns underlying the predictions of the top-performing
classifier, feature attribution analysis was performed on the random forest model using
SHAP values. Contributions were evaluated independently across the three scaffold-based
split seeds to assess the consistency of substructure-level importance. Across all three
seeds, a recurrent set of fingerprint features dominated the attribution profiles (Figure 4A).
Several features, including those indexed as F1019, F1928, F446, F378, and F699, consis-
tently ranked among the highest contributors to model output. The relative ordering of
these features showed minor seed-dependent variation; however, their overall prominence
was preserved, indicating stable reliance on a shared subset of molecular substructures.
Visualization of the corresponding circular fingerprint environments revealed that the most
influential features mapped to chemically interpretable motifs, including heteroaromatic
ring systems, substituted bicyclic cores, and peripheral polar functionalities (Figure 4B).
These substructures were distributed across multiple scaffolds present in the dataset and
were not confined to a single chemical series, suggesting that the model captured recur-
ring local environments rather than scaffold-specific signatures. To further contextualize
these findings, the top thirty substructures ranked by mean SHAP value were extracted
and visualized (Supplementary Figure S3A,B). These features encompassed a range of
local chemical environments, with varying radii, reflecting contributions from both im-
mediate functional groups and extended substituent patterns. The presence of multiple
features associated with the same core motifs but differing radii indicates that both local
substitution and broader shape context influenced model predictions. Complementary
R-group analysis was conducted on high-scoring compounds to assess substituent-level
variability around dominant cores (Supplementary Figure S4). This analysis revealed that
structural diversity among the top-ranked molecules was primarily localized to peripheral
positions, while core scaffolds remained conserved. Substituent variation frequently in-
volved polar or heteroatom-containing groups, consistent with the substructure importance
profiles identified by SHAP analysis. These results demonstrate that the top-performing
model relied on a reproducible set of chemically meaningful substructures and shape
features across independent scaffold splits. The convergence of feature attribution, sub-
structure visualization, and R-group analysis supports the internal consistency of the
learned structure–activity relationships without invoking explicit mechanistic assumptions.
To further resolve substituent-level effects, pairwise combinations of R1 and R2 groups
were evaluated by aggregating mean screening scores across high-scoring compounds.
A heatmap summarizing the mean predicted scores for R1 × R2 combinations observed
in at least three compounds is provided in Supplementary Figure S5. This analysis high-
lights specific substituent pairings associated with elevated mean screening scores while
excluding sparsely represented combinations.
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Figure 4. SHAP-based interpretation of the random forest classifier evaluated across three inde-
pendent scaffold split seeds. (A) Shows SHAP beeswarm plots summarizing the distribution of
feature contributions to model output, with each point representing an individual compound–feature
instance colored by feature value. (B) Mean absolute SHAP values for the corresponding features,
indicating their relative importance. Across seeds, a consistent set of fingerprint-derived shape
features dominates model attribution, demonstrating the stability of learned structural patterns under
scaffold-based evaluation.

2.5. Performance Stratification by Scaffold Frequency and Calibration Analysis

To further examine model behavior under varying degrees of structural familiarity,
performance of the top-performing random forest classifier was stratified by scaffold fre-
quency observed in the combined training and validation sets. Test-set discrimination
metrics were evaluated across scaffold frequency bins, defined by the number of occur-
rences of each Bemis–Murcko scaffold in the training and validation data. Mean area under
the receiver operating characteristic curve, average precision, and Matthews correlation
coefficient varied across frequency strata, reflecting differential performance for scaffolds
represented at different frequencies in the training distribution (Supplementary Figure S6).
Calibration of the predicted probabilities was evaluated by comparing the mean predicted
probabilities with observed positive fractions for both out-of-fold training predictions and
held-out test predictions, averaged across scaffold split seeds. The resulting calibration
curves closely followed the diagonal reference for perfect calibration, with reported Brier
scores indicating comparable calibration behavior between the training and test predic-
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tions (Supplementary Figure S7). Corresponding scaffold frequency–stratified performance
trends for gradient boosting, artificial neural network, and logistic regression models are
reported in Supplementary Figure S8, showing analogous variation in discrimination and
threshold-dependent metrics across scaffold frequency bins.

2.6. Screening and Prioritization of Food-Derived Compounds

Following model selection and validation, the top-performing random forest clas-
sifier was applied to a curated food-derived chemical library assembled from FooDB.
After standardization and filtering, the final screening library comprised 69,574 clean com-
pounds, all of which satisfied the same preprocessing criteria used for model training
(Supplementary Table S4). Predicted interaction probabilities were generated for the full
library using an ensemble of models trained across three independent random seeds, and
the resulting predictions were averaged to obtain a final screening score for each com-
pound. The resulting screening score distribution showed a strong skew toward lower
predicted probabilities, with a progressively decreasing tail extending toward higher scores
(Figure 5A). To assess the relationship between predicted hits and the applicability domain
of the model, the screened compounds were projected into a low-dimensional chemical
space using UMAP and colored by applicability domain membership (Figure 5B). The
screening library contained 56,287 compounds outside the applicability domain and 3513
compounds within the applicability domain. Among the top 200 highest-scoring com-
pounds, 97 were located outside the applicability domain and 103 were located within the
applicability domain. The complete set of screening predictions for all 69,574 compounds,
including ensemble-averaged scores across three seeds and applicability domain assign-
ments, is provided in Supplementary Table S4. The top 200 highest-scoring compounds,
ranked by mean screening score, are reported separately in Supplementary Table S5.
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Figure 5. Large-scale screening of the food-derived compound library using the top-performing
model. (A) Distribution of ensemble-averaged screening scores predicted by the random forest
classifier for 69,574 clean food-derived compounds, where scores represent the mean predicted
interaction probabilities across three independent random seeds. (B) UMAP projection of the screened
food-derived library colored by applicability domain membership, with the top 200 highest-scoring
compounds highlighted. Points indicate compounds classified as within or outside the applicability
domain, illustrating the distribution of high-ranking predictions relative to the chemical space defined
by the training data.
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2.7. Selection of the Reference Crystal Structure and Validation of the Docking Protocol

Prior to molecular docking, the crystal structure of human dipeptidyl peptidase-4 was
selected based on resolution, completeness, and availability of a co-crystallized inhibitor.
The structure PDB ID: 4A5S represents human DPP4 crystallized in complex with a hete-
rocyclic DPP4 inhibitor and was determined by X-ray diffraction at a resolution of 1.62 Å
(Figure 6A). Analysis of the co-crystallized ligand interactions revealed a well-defined bind-
ing mode stabilized by a combination of hydrogen bonding and ionic interactions within
the active site (Figure 6B). The ligand formed hydrogen-donor interactions with Glu205
and Glu206, hydrogen-acceptor interactions with Arg125 and Tyr631, and ionic interactions
with Glu205 and Glu206, indicating cooperative electrostatic and hydrogen-bonding contri-
butions to ligand stabilization within the catalytic pocket. To validate the docking protocol,
the co-crystallized ligand was re-docked into the DPP4 active site (Figure 6C). The redocked
pose reproduced the experimental binding orientation with a root-mean-square deviation
of 0.327 Å relative to the crystallographic ligand position, confirming the reliability of the
docking setup. Docking results for the top 200 screened compounds against the DPP4
binding site are reported in Supplementary Table S6.

 

Figure 6. Crystal structure of human DPP4 and validation of the docking protocol.
(A) Three-dimensional structure of human dipeptidyl peptidase-4 (PDB ID: 4A5S) shown as a cartoon
representation, with α-helices shown in red, β-sheets in yellow, and loops in gray. The co-crystallized
ligand is shown in stick representation with carbon atoms in orange, nitrogen in blue, and oxygen
in red. (B) Binding-site view highlighting interactions between the co-crystallized ligand and key
residues, including Glu205, Glu206, Arg125, Tyr547, and Tyr631, illustrating hydrogen-bonding and
ionic contacts. (C) Superposition of the co-crystallized ligand (orange sticks) and the redocked pose
(blue sticks), showing close agreement between the experimental and predicted binding modes with
an RMSD of 0.327 Å.
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2.8. Prioritization of Food-Derived Compounds Based on Predicted Interaction Propensity

From the screened food-derived compound library, a subset of high-ranking candi-
dates was prioritized based on ensemble screening scores and favorable interaction patterns
within the DPP4 binding site. Selection was restricted to compounds exhibiting consistently
high docking scores and stable binding geometries relative to the reference structure. Seven
compounds met these criteria and were retained for detailed structural inspection (Table 1).
These candidates displayed docking scores ranging from −13.12 to −12.06 kcal/mol and
root-mean-square deviation values between 2.24 and 4.78 Å, indicating reproducible bind-
ing poses within the DPP4 catalytic pocket.

Table 1. List of seven food-derived compounds selected based on docking score and binding pose
stability against DPP4.

FoodDB ID Common Name 2D Structure Docking Score
(kcal/mol) RMSD (Å)

FDB029205 CoA-omega-COOH-
dinor-LTE4 −13.12 3.13

FDB023866 Clupanodonyl CoA −12.63 2.24

FDB023919 Hexacosanoyl-CoA −12.42 2.30

FDB029088

(3S)-Hydroxy-
tetracosa-

6,9,12,15,18,21-all-
cis-hexaenoyl-CoA

−12.40 4.78

FDB023380

3-Hydroxy-2,6-
dimethyl-5-
methylene-

heptanoyl-CoA

−12.21 2.36

FDB029144
18,20-Dioxo-20-CoA-

leukotriene
B4

−12.18 2.25

FDB030456 3-Oxo-
eicosatrienoyl-CoA −12.06 2.92

The prioritized compounds originate from lipid-associated biochemical classes present
in food systems, including long-chain acyl–coenzyme A derivatives and oxidized fatty acid
conjugates. Their molecular architectures combine extended aliphatic chains with polar
head groups, enabling the simultaneous engagement of multiple interaction regions within
the DPP4 binding cavity (Figure 7). Although intact coenzyme A-linked derivatives are
unlikely to be present in substantial dietary concentrations and may exhibit limited systemic
bioavailability, these structures are interpreted as representatives of broader lipid-associated
metabolic motifs rather than direct dietary effectors. Their prioritization reflects recurring
chemical features compatible with DPP4 interaction propensity rather than presumed
physiological exposure to intact CoA conjugates. Comparative interaction analysis relative
to the co-crystallized ligand revealed consistent engagement of conserved catalytic and
substrate-recognition residues, including Glu205, Glu206, Arg125, Tyr631, Trp629, and
Lys554. Interaction profiles were dominated by hydrogen bonding and electrostatic contacts
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involving phosphate and polar functional groups, complemented by hydrophobic and
aromatic interactions stabilizing the aliphatic scaffolds (Figure 7). A complete residue-level
interaction summary for all seven compounds is provided in Supplementary Table S7.

 

Figure 7. Docked binding poses of the seven selected food-derived compounds (FDB029205,
FDB023866, FDB023919, FDB029088, FDB023380, FDB029144, and FDB030456) shown within the
active site of human DPP4 (PDB ID: 4A5S).
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2.9. Conformational Stability of DPP4 Systems Assessed by Molecular Dynamics Simulations

To evaluate the structural stability of DPP4 in different binding states, 500 ns molecular
dynamics simulations were performed for the apo protein, the co-crystallized complex
(4A5S), and the seven selected food-derived compound complexes. Root-mean-square
deviation profiles of the protein backbone were monitored over the full simulation period
(Figure 8). The apo DPP4 system exhibited a gradual increase in RMSD during the initial
phase of the simulation, followed by stabilization at values fluctuating around the 1.4–1.7 Å
range for the remainder of the trajectory. After the early equilibration phase, fluctuations
remained moderate, indicating preservation of the global protein fold in the absence of
a bound ligand. The co-crystallized 4A5S complex showed comparable behavior, with
RMSD values stabilizing slightly lower than the apo system and remaining largely within
the 1.2–1.5 Å range across the simulation. Fluctuations were limited in amplitude and
evenly distributed over time, reflecting the structural consistency of the experimentally
resolved binding mode. Among the ligand-bound systems, FDB029205 displayed an
initial rise in RMSD followed by stabilization at values primarily within the 1.5–2.0 Å
range, with moderate fluctuations observed during the latter portion of the trajectory.
These deviations remained bounded, indicating a stable protein–ligand complex. The
FDB023866 system reached a stable RMSD plateau after early equilibration, maintaining
values predominantly between 1.8 and 2.2 Å, with slightly increased fluctuations relative
to the apo and co-crystallized systems but without evidence of progressive drift. For
FDB023919, RMSD values increased during the early simulation phase and subsequently
fluctuated around 2.0–2.4 Å, with transient excursions toward higher values observed
later in the trajectory. Despite these fluctuations, the system did not exhibit sustained
instability. The FDB029088 complex showed comparatively lower RMSD values among the
ligand-bound systems, stabilizing around 1.4–1.8 Å and maintaining consistent fluctuations
throughout the simulation, closely resembling the behavior of the co-crystallized control.
The FDB023380 system stabilized after initial equilibration, with RMSD values fluctuating
within the 1.6–2.0 Å range. Fluctuation amplitudes remained moderate over time, indicating
maintenance of a stable binding environment. For FDB029144, RMSD values remained
relatively constrained, stabilizing around 1.4–1.7 Å with limited variability, suggesting
a stable protein backbone throughout the simulation. Finally, the FDB030456 complex
exhibited RMSD stabilization within the 1.6–2.1 Å range, with gradual increases toward
the later stages of the simulation but without abrupt structural deviations. Overall, all
ligand-bound systems retained stable backbone conformations over 500 ns, with RMSD
values remaining within ranges comparable to or moderately higher than those observed
for the apo and co-crystallized controls. These results indicate that binding of the selected
food-derived compounds does not induce large-scale destabilization of the DPP4 structure
under the simulated conditions.
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Figure 8. Time evolution of backbone root-mean-square deviation for apo DPP4, the co-crystallized
complex (4A5S), and DPP4 complexes with the seven selected food-derived compounds (FDB029205,
FDB023866, FDB023919, FDB029088, FDB023380, FDB029144, and FDB030456) over 500 ns
of simulation.

2.10. Residue-Level Flexibility Analysis During Molecular Dynamics Simulations

Residue-wise root-mean-square fluctuation profiles were calculated for apo DPP4,
the co-crystallized complex (4A5S), and the seven ligand-bound systems over the 500
ns molecular dynamics simulations (Supplementary Figure S9). For the apo DPP4 sys-
tem, the majority of residues exhibited low RMSF values across the protein sequence,
indicating limited backbone mobility. A pronounced fluctuation peak was consistently
observed in a central region of the sequence, approximately spanning residues 180–220,
while smaller fluctuations were detected in terminal and loop regions outside this seg-
ment. The co-crystallized 4A5S complex displayed a closely similar RMSF profile, with
reduced fluctuations across most residues and a dominant peak localized within the same
180–220 residue region, suggesting that this segment represents an intrinsically flexible
region of the protein rather than a ligand-induced effect. Among the ligand-bound systems,
FDB029205 maintained low RMSF values across the majority of residues, with a single
dominant fluctuation peak again centered in the 180–220 residue range, comparable in mag-
nitude and position to that observed in the control systems. The FDB023866 system showed
a more pronounced fluctuation within this central region, with elevated RMSF values local-
ized primarily between 190 and 230 residues, while the remainder of the protein exhibited
constrained mobility. For FDB023919, RMSF profiles revealed a dominant fluctuation peak
in the same central segment, extending approximately from 180 to 220 residues, along
with minor fluctuations distributed across other loop regions. The FDB029088 complex
exhibited comparatively lower RMSF amplitudes across the sequence, with fluctuations
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largely confined to the ~180–210 residue region, indicating reduced residue-level mobility
relative to several other ligand-bound systems. The FDB023380 system showed elevated
fluctuations centered in the 190–230 residue range while maintaining low RMSF values
throughout the remaining structured regions of the protein. For FDB029144, residue-level
fluctuations remained limited across most of the sequence, with a modest peak observed in
the 180–220 residue region, closely resembling the behavior of the co-crystallized complex.
Finally, the FDB030456 complex displayed a dominant RMSF peak within the same central
region, approximately 180–230 residues, while all other residues exhibited low and stable
fluctuation values. Across all systems, residue-level flexibility was consistently localized to
a conserved central region of the DPP4 sequence, whereas the remaining residues displayed
low RMSF values. This pattern indicates that ligand binding did not introduce new flexible
regions but preserved the intrinsic dynamic behavior of the protein backbone.

2.11. Protein Compactness During Molecular Dynamics Simulations

To assess the global compactness of DPP4 across the simulated systems, the ra-
dius of gyration was monitored over the 500 ns molecular dynamics trajectories for the
apo protein, the co-crystallized complex (4A5S), and the seven ligand-bound systems
(Supplementary Figure S10). The apo DPP4 system displayed relatively stable radius of
gyration values throughout the simulation, with minor fluctuations around a consistent
baseline during the first ~400 ns. A gradual increase in Rg was observed toward the final
portion of the trajectory, indicating a modest expansion of the protein structure at later sim-
ulation times. The co-crystallized 4A5S complex exhibited stable Rg values across the entire
500 ns simulation, with only small-amplitude fluctuations and no pronounced long-term
drift, reflecting sustained global compactness in the presence of the co-crystallized ligand.
For the FDB029205-bound system, Rg values showed an initial increase during the early
phase of the simulation, followed by a plateau and moderate fluctuations across the remain-
ing trajectory. A gradual upward trend was observed toward the later stages, suggesting a
slight expansion while maintaining overall structural integrity. The FDB023866 complex
demonstrated stable Rg behavior after an initial equilibration period, with fluctuations
remaining within a narrow range across the simulation and no abrupt changes indicative of
large-scale conformational rearrangements. In the FDB023919 system, Rg values increased
during the early portion of the trajectory and stabilized thereafter, with moderate fluctua-
tions persisting throughout the simulation, indicating maintained compactness following
initial structural adjustment. The FDB029088-bound complex displayed relatively stable Rg
values across the full simulation window, with small-amplitude fluctuations and no evident
long-term drift, suggesting the preservation of global protein compactness. For FDB023380,
the radius of gyration increased during the first ~200 ns and subsequently stabilized, with
moderate fluctuations observed during the latter half of the simulation, indicating a stable
yet slightly expanded protein conformation. The FDB029144 system maintained consistent
Rg values throughout the simulation, with limited fluctuations and no discernible trends
toward expansion or contraction, closely resembling the behavior of the co-crystallized
complex. Finally, the FDB030456-bound complex showed a gradual increase in Rg during
the simulation, followed by stabilization in the later stages, with fluctuations remaining
moderate and comparable to those observed in other ligand-bound systems. Overall, the
radius of gyration analysis indicated that all systems retained stable global compactness
throughout the 500 ns simulations. Ligand binding did not induce large-scale unfold-
ing or collapse of the DPP4 structure, with observed variations reflecting moderate and
system-specific adjustments rather than extensive conformational destabilization.
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2.12. Collective Motions and Dominant Conformational Variability Revealed by Principal
Component Analysis

Principal component analysis was performed on the backbone trajectories to charac-
terize the dominant collective motions of DPP4 across the apo system, the co-crystallized
complex (4A5S), and the seven ligand-bound systems (Figure 9). The contribution of the
first eigenmode to the total conformational variance differed across systems, indicating
ligand-dependent modulation of large-scale protein motions. The apo DPP4 system ex-
hibited a first-mode contribution of 38.90%, reflecting moderate intrinsic flexibility. The
corresponding cartoon representation showed collective motions distributed across both
the α-helical and β-sheet regions, with visible concerted movements of peripheral domains
relative to the core structure. For the co-crystallized 4A5S complex, the first eigenmode
accounted for 41.90% of the total variance. The dominant motion was characterized by co-
ordinated rearrangements of surface-exposed helices, while the central β-sheet framework
remained comparatively constrained, indicating stabilization of the protein architecture
in the presence of the co-crystallized ligand. The FDB029205-bound system displayed a
first-mode contribution of 44.42%, with enhanced collective motion relative to both the
apo and co-crystallized states. Cartoon visualization revealed amplified movements in
loop regions and adjacent helices surrounding the binding cavity, while the overall fold
remained preserved. In the FDB023866 complex, the first eigenmode contributed 54.29%
of the total variance, representing a pronounced concentration of motion within a single
dominant mode. The associated structural representation showed extensive concerted
movements involving multiple helices and loop segments, indicating increased dynamic
coupling across the protein. The FDB023919-bound system exhibited a first-mode con-
tribution of 40.77%, comparable to the co-crystallized complex. The dominant motion
involved subtle bending and twisting of peripheral secondary-structure elements, with
limited displacement of the protein core. For FDB029088, the first eigenmode accounted
for 31.49% of the conformational variance, representing the lowest contribution among the
ligand-bound systems except for FDB029144. The corresponding motion was more evenly
distributed across higher-order modes, and the cartoon representation showed restrained
collective movements with reduced amplitude. The FDB023380 complex displayed the
highest first-mode contribution at 66.75%, indicating strong dominance of a single col-
lective motion. Structural visualization revealed large-amplitude concerted movements
spanning multiple secondary-structure elements, suggesting enhanced global flexibility
relative to other systems. In contrast, the FDB029144-bound system showed a first-mode
contribution of 25.71%, the lowest among all systems analyzed. The dominant motion
was comparatively subdued, with limited displacement observed in the cartoon repre-
sentation, indicating a more evenly distributed conformational variance across multiple
modes. Finally, the FDB030456 complex exhibited a first-mode contribution of 45.61%, with
collective motions involving coordinated shifts of helices and loop regions proximal to the
binding site while maintaining overall structural coherence. These results demonstrate
that ligand binding modulated the distribution and magnitude of dominant collective
motions in DPP4. Differences in first-mode contributions and associated structural move-
ments indicate system-specific effects on protein dynamics without inducing large-scale
structural disruption.
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Figure 9. Cartoon representations of the dominant collective motions projected along the first principal
component for the apo protein, the co-crystallized complex (4A5S), and the seven ligand-bound
systems. Structures are colored to indicate conformational progression from the initial state (0 ns) to
the final state (500 ns). The representations highlight large-scale concerted movements of secondary-
structure elements captured by the principal component analysis, illustrating system-dependent
differences in the amplitude and directionality of dominant motions.

To further characterize the conformational landscapes sampled during the simulations,
trajectories were projected onto the first two principal components (PC1 and PC2), and con-
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formational states were identified using k-means clustering (Supplementary Figure S11).
This analysis revealed distinct clustering patterns and transition pathways across the apo,
co-crystallized, and ligand-bound systems. The apo DPP4 system populated three well-
separated conformational clusters in PC space, indicating sampling of multiple metastable
states. Transitions between clusters occurred progressively along the trajectory, reflecting in-
trinsic conformational heterogeneity in the absence of a bound ligand. In the co-crystallized
4A5S complex, trajectory points followed a more continuous and curved distribution
across PC space. Clustering revealed defined conformational states connected by smooth
transitions, indicating restrained yet structured conformational exploration relative to the
apo protein. For the FDB029205-bound system, two dominant clusters were observed,
separated primarily along PC1. The trajectory exhibited directed transitions between these
states, suggesting ligand-associated modulation of dominant motions while maintaining
a limited number of preferred conformations. The FDB023866 complex sampled three
distinct clusters with pronounced separation along both PC1 and PC2. The distribution
indicated broader conformational sampling compared with the co-crystallized complex,
consistent with enhanced collective motion observed in the essential dynamics analysis. In
the FDB023919-bound system, four clusters were identified, distributed across PC space.
Transitions between clusters occurred sequentially, indicating progressive conformational
rearrangements rather than abrupt state switching. The FDB029088 system displayed three
primary clusters with moderate separation. The trajectory exhibited structured transitions
between these states, suggesting constrained but non-static conformational behavior. For
FDB023380, two dominant clusters were clearly separated along PC1, with a defined transi-
tion pathway between them. This behavior reflected strong dominance of a single collective
motion, consistent with the high variance captured by the first principal component. The
FDB029144-bound system exhibited three compact clusters with limited spread in PC space.
Transitions were localized, indicating restricted conformational exploration relative to other
ligand-bound systems. Finally, the FDB030456 complex showed three clusters arranged
along a directional path in PC space, with transitions indicating gradual shifts between
conformational states over the simulation. The PC1–PC2 projections demonstrated that lig-
and binding altered the distribution and connectivity of conformational states sampled by
DPP4. Differences in clustering patterns and transition pathways reflected system-specific
modulation of dominant motions without inducing a loss of structural coherence.

2.13. Free Energy Landscape of Dominant Conformational States

To further characterize the thermodynamic features underlying the dominant col-
lective motions, free energy landscapes were constructed by projecting the molecular
dynamics trajectories onto the first two principal components (PC1 and PC2) at 300 K
(Figure 10). The resulting Gibbs free energy surfaces revealed system-specific distributions
of low-energy basins corresponding to preferentially populated conformational states. The
apo DPP4 system exhibited multiple low-energy regions distributed across the PC space,
indicating the presence of several energetically accessible conformational basins. These
basins were moderately separated, reflecting intrinsic conformational heterogeneity in the
absence of a bound ligand. For the co-crystallized 4A5S complex, the free energy landscape
displayed more localized low-energy regions compared with the apo system. The dominant
basin was well-defined, with adjacent shallow basins connected through low-energy path-
ways, consistent with constrained conformational sampling. The FDB029205-bound system
showed a distinct organization of energy basins, with multiple localized low-energy regions
distributed along PC1. The separation between basins suggests preferential stabilization of
discrete conformational states during the simulation. In the FDB023866 complex, the free
energy landscape was characterized by several well-separated low-energy basins spanning
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a broad range of PC1 and PC2 values. This distribution indicates sampling of multiple
energetically favorable conformations, consistent with the broader conformational space
observed in principal component projections. The FDB023919-bound system exhibited
interconnected low-energy regions forming an extended basin across PC space. The conti-
nuity of these regions suggests gradual transitions between conformational states rather
than confinement to a single dominant minimum. For FDB029088, the free energy surface
displayed a limited number of low-energy basins with moderate spatial separation. The
basins were relatively compact, indicating restrained conformational variability compared
with systems exhibiting broader landscapes. The FDB023380 complex showed pronounced
low-energy basins with clear separation, particularly along PC1. These features indicate
the dominance of specific conformational states with a reduced population of intermedi-
ate regions. In the FDB029144-bound system, multiple shallow low-energy basins were
observed, distributed across PC space. The absence of a single sharply defined minimum
suggests balanced sampling across several energetically similar conformations. Finally,
the FDB030456 complex exhibited discrete low-energy regions separated by higher-energy
barriers, indicating the stabilization of distinct conformational states with limited intercon-
version during the simulation. The free energy landscapes demonstrate that ligand binding
reshaped the energetic topology of DPP4 in a system-dependent manner. Differences
in the number, localization, and connectivity of low-energy basins reflect modulation of
conformational preferences without evidence of large-scale destabilization.

Figure 10. Gibbs free energy landscapes of DPP4 constructed at 300 K by projecting molecular
dynamics trajectories onto the first two principal components (PC1 and PC2) for the apo protein, the
co-crystallized complex (4A5S), and the seven ligand-bound systems.
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2.14. Hydrogen Bond Persistence Analysis

Hydrogen bond occupancy was evaluated over the full simulation trajectories, with
interactions exceeding 10% bond lifetime considered persistent. A residue-wise overview
across all systems is provided in Supplementary Figure S12, with complete numerical
details reported in Supplementary Table S8. The co-crystallized 4A5S complex exhibited
persistent hydrogen bonding primarily involving Glu168 and Tyr593, consistent with stabi-
lization within the canonical binding region. Across the prioritized compounds, hydrogen
bond persistence patterns varied by system but were generally characterized by a limited
set of dominant, long-lived interactions supported by multiple secondary contacts. Several
complexes displayed highly stable interactions with catalytic and substrate-recognition
residues, including Glu168, Asp507, Tyr509, Tyr593, Arg522, and Hip702, with individual
bond lifetimes exceeding 60% in selected systems. Overall, the hydrogen bond persistence
profiles indicate system-specific but stable interaction networks, where a small number of
strong, sustained contacts are complemented by transient supporting interactions through-
out the simulations.

2.15. MM-GBSA Binding Free Energy Analysis

To further quantify interaction energetics, MM-GBSA binding free energy calculations
were performed on the equilibrated molecular dynamics trajectories for the co-crystallized
complex (4A5S) and all ligand-bound systems (Table 2). The total binding free energy
(∆GTOTAL) reflected system-specific balances between the gas-phase interaction energies
and solvation contributions. For the co-crystallized 4A5S complex, binding was charac-
terized by a strong electrostatic contribution (∆EEL = −216.86 ± 0.70 kcal/mol) that was
partially offset by a large polar solvation penalty (∆EGB = 234.30 ± 0.58 kcal/mol), re-
sulting in a total binding free energy of −36.38 ± 0.16 kcal/mol. In the FDB029205 com-
plex, van der Waals interactions (∆EVDW = −64.48 ± 0.57 kcal/mol) and electrostatic
interactions (∆EEL = −40.15 ± 0.61 kcal/mol) contributed to a gas-phase binding free
energy (∆GGAS) of −111.33 ± 0.75 kcal/mol. After the inclusion of solvation effects, the
resulting total binding free energy was −62.82 ± 0.43 kcal/mol. The FDB023866 sys-
tem exhibited a substantial electrostatic contribution (∆EEL = −164.18 ± 1.73 kcal/mol)
combined with favorable van der Waals interactions (∆EVDW = −55.00 ± 0.19 kcal/mol).
Despite a positive polar solvation term (∆EGB = 57.54 ± 2.07 kcal/mol), the total bind-
ing free energy reached −170.33 ± 1.34 kcal/mol. For FDB023919, binding free energy
was driven by both van der Waals (∆EVDW = −71.26 ± 0.19 kcal/mol) and electro-
static interactions (∆EEL = −112.97 ± 0.48 kcal/mol), counterbalanced by a polar solva-
tion contribution of 135.26 ± 0.74 kcal/mol. The resulting total binding free energy
was −58.78 ± 0.46 kcal/mol. The FDB029088 complex showed strong nonbonded inter-
actions, with ∆EVDWo f -85.13± 0.24 kcal/moland∆EELo f -101.63± 0.36 kcal/mol. These
contributions led to a gas-phase binding free energy of −186.76 ± 0.36 kcal/mol, which
after solvation correction yielded a total binding free energy of −157.22 ± 0.68 kcal/mol. In
the FDB023380 system, both van der Waals (∆EVDW = −48.27 ± 0.19 kcal/mol) and electro-
static interactions (∆EEL = −103.48 ± 0.55 kcal/mol) contributed to binding, accompanied
by a negative polar solvation term (∆EGB = −54.55 ± 0.76 kcal/mol). The combined ener-
getic contributions resulted in a total binding free energy of −214.39 ± 0.61 kcal/mol. For
FDB029144, the binding free energy reflected contributions from van der Waals interactions
(∆EVDW = −57.39 ± 0.13 kcal/mol) and electrostatics (∆EEL = −66.90 ± 0.51 kcal/mol),
offset by a polar solvation component of 46.60 ± 0.80 kcal/mol, yielding a total bind-
ing free energy of −84.88 ± 0.60 kcal/mol. Finally, the FDB030456 complex dis-
played moderate van der Waals (∆EVDW = −51.46 ± 0.14 kcal/mol) and electrostatic
contributions (∆EEL = −30.03 ± 0.36 kcal/mol) together with negative polar solvation
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energy (∆EGB = −10.78 ± 0.59 kcal/mol), resulting in a total binding free energy of
−99.17 ± 0.57 kcal/mol.

Table 2. MM-GBSA binding free energy decomposition for the co-crystallized complex (4A5S) and
ligand-bound systems calculated from molecular dynamics trajectories. Reported values include
van der Waals energy (∆EVDW), electrostatic energy (∆EEL), polar solvation energy (∆EGB), non-
polar solvation energy (∆ESASA), gas-phase binding free energy (∆GGAS), solvation contribution
(∆GSOLV), and total binding free energy (∆GTOTAL). Values are shown as the mean ± standard
deviation in kcal/mol.

Complex MM-GBSA Binding Free Energy Analysis (Units: kcal/mol)

∆EVDW ∆EEL ∆EGB ∆ESASA ∆GGAS ∆GSOLV ∆GTOTAL

4A5S −47.94 ± 0.12 −216.86 ± 0.70 234.30 ± 0.58 −5.88 ± 0.07 −264.80 ± 0.68 228.42 ± 0.58 −36.38 ± 0.16
FDB029205 −64.48 ± 0.57 −40.15 ± 0.61 51.24 ± 0.81 −9.42 ± 0.024 −111.33 ± 0.75 48.81 ± 0.69 −62.82 ± 0.43
FDB023866 −55.00 ± 0.19 −164.18 ± 1.73 57.54 ± 2.07 −8.67 ± 0.018 −219.19 ± 1.07 48.86 ± 2.06 −170.33 ± 1.34
FDB023919 −71.26 ± 0.19 −112.97 ± 0.48 135.26 ± 0.74 −9.81 ± 0.021 −184.24 ± 0.52 125.45 ± 0.73 −58.78 ± 0.46
FDB029088 −85.13 ± 0.24 −101.63 ± 0.36 41.22 ± 0.69 −11.67 ± 0.022 −186.76 ± 0.36 29.54 ± 0.70 −157.22 ± 0.68
FDB023380 −48.27 ± 0.19 −103.48 ± 0.55 −54.55 ± 0.76 −8.07 ± 0.014 −151.75 ± 0.52 −62.63 ± 0.75 −214.39 ± 0.61
FDB029144 −57.39 ± 0.13 −66.90 ± 0.51 46.60 ± 0.80 −7.18 ± 0.021 −124.30 ± 0.56 39.42 ± 0.79 −84.88 ± 0.60
FDB030456 −51.46 ± 0.14 −30.03 ± 0.36 −10.78 ± 0.59 −6.89 ± 0.017 −81.49 ± 0.34 −17.68 ± 0.59 −99.17 ± 0.57

∆EVDW: van der Waals energy, ∆EEL: electrostatic energy, ∆EGB: polar component of the solvation free en-
ergy, ∆ESASA: non-polar component of the solvation free energy, ∆GGAS: gas-phase binding free energy
(∆EVDW + ∆EEL), ∆GSOLV: solvation contribution to binding free energy, ∆GTOTAL: total binding free energy.

3. Discussion
DPP4 plays a central role in postprandial metabolic regulation by modulating the

activity of incretin hormones in response to food intake [25]. Here, we integrated machine
learning-based classification with structure-guided analysis to prioritize food-derived com-
pounds with the predicted interaction propensity toward DPP4, an enzyme central to
postprandial hormonal regulation. Using a chemically diverse reference dataset curated
from ChEMBL, models were trained and evaluated under scaffold-based partitioning to re-
duce structural redundancy between training and test sets. Under this stringent evaluation,
the top-performing random forest classifier achieved stable and reproducible discrimina-
tion, supporting its suitability for large-scale hypothesis generation across heterogeneous
chemical space. Application of this model to a curated food-derived library enabled the
prioritization of candidate dietary bioactives, which were subsequently examined using
docking and molecular dynamics simulations to assess interaction consistency and struc-
tural compatibility. Together, these results demonstrate that computational models can be
used to organize the complexity of food chemical space and guide downstream mechanistic
exploration of diet–enzyme interactions. Model performance under scaffold-based eval-
uation provides critical context for interpreting these findings. Unlike random splitting,
scaffold-based partitioning prevents closely related chemical series from being shared
between training and test sets, thereby imposing a more conservative and chemically
realistic assessment of generalization [26]. Across three independent scaffold split seeds,
the random forest model consistently achieved high test-set discrimination and precision,
indicating that predictions were driven by transferable local chemical environments rather
than the memorization of specific scaffolds. This behavior is further supported by the
overlap observed between interaction-positive and interaction-negative compounds in
global physicochemical space, where no single descriptor and threshold could separate the
two classes. Instead, predictive performance emerged from combinations of substructural
and shape-related features distributed across chemically distinct scaffolds. In nutritional
biochemistry, this is particularly relevant, as food-derived compounds span a broad and
continuous spectrum of molecular properties rather than discrete drug-like classes [27].
The ability of the model to retain performance under scaffold separation therefore sup-
ports its use as a prioritization tool for chemically novel dietary compounds, enabling the
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efficient narrowing of large food chemical libraries prior to structure-based analysis and
experimental follow-up [28].

Interpretation of the top-performing classifier revealed that predictive performance
was driven by a consistent set of substructural features rather than scaffold-specific sig-
natures. Across all three scaffold split seeds, the highest-contributing fingerprint features
mapped predominantly to heteroaromatic ring systems combined with peripheral polar
functionalities, including hydrogen bond-accepting heteroatoms and substituted aromatic
environments. These features recurred across chemically distinct scaffolds, indicating that
the model learned transferable local chemical environments associated with interaction
propensity rather than relying on global molecular similarity. The stability of feature
attribution across independent splits further supports this interpretation, as the relative
importance of dominant features showed only a minor variation between seeds. Such
convergence suggests that interaction-relevant information is embedded in recurring local
motifs that transcend individual chemical series. This observation is consistent with prior
computational analyses of DPP4, which frequently report the importance of electrostatic
complementarity and hydrogen-bonding capacity within the binding pocket [29]. However,
in the present work, these patterns emerged from data-driven attribution rather than pre-
defined interaction rules, supporting their relevance without implying a specific inhibitory
mechanism [30]. Application of the validated model to the food-derived chemical library
revealed important constraints on interpretability imposed by chemical space coverage.
Of the 69,574 screened compounds, the majority fell outside the model’s defined appli-
cability domain, reflecting the substantial structural divergence between food-associated
chemistry and the reference interaction dataset. Notably, approximately half of the top
200 highest-scoring compounds were located within the applicability domain, indicating
that high-ranking predictions were not exclusively driven by extrapolation beyond the
training space. Compounds scoring highly outside the domain should therefore be inter-
preted as signals warranting caution rather than definitive interaction candidates. This
distinction is particularly important at the scale of the present screening effort, which sub-
stantially exceeds the size of food-derived libraries typically examined in structure-based
studies. Whereas many natural-product docking workflows focus on hundreds to a few
thousand compounds, the present analysis required explicit domain control to contextu-
alize predictions across a chemically expansive library [31]. These results underscore the
need to pair large-scale nutritional screening with applicability-aware interpretation to
avoid the overextension of computational predictions.

Structure-based analysis provided an additional layer of validation by situating high-
ranking compounds within the known DPP4 binding environment [32]. Redocking of the
co-crystallized ligand reproduced the experimental pose with low deviation, confirming
the suitability of the docking protocol for comparative analysis. The seven prioritized
food-derived compounds exhibited favorable docking scores and reproducible binding
geometries, occupying the canonical catalytic pocket without inducing steric clashes or
aberrant orientations. Inspection of residue-level interactions revealed recurrent engage-
ment of Glu205, Glu206, Arg125, and Tyr631, residues that are well-established as central
contributors to ligand accommodation within DPP4. These contacts largely overlapped
with interaction patterns observed for the reference ligand, suggesting that prioritized
compounds align with established binding-site architecture rather than exploiting alter-
native or artificial interaction modes. Similar residue involvement has been reported in
docking studies of both pharmaceutical ligands and natural compounds interacting with
DPP4, where acidic residues and aromatic pocket contacts repeatedly emerge as stabilizing
elements [33,34]. In this context, docking serves not as proof of functional modulation,
but as a structural plausibility filter that supports the consistency of model-based prior-
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itization. Molecular dynamics simulations were used to examine whether the docked
poses of prioritized compounds were maintained over time and whether ligand association
perturbed the overall structural integrity of DPP4. Across all simulated systems, including
the apo protein, the co-crystallized complex, and ligand-bound states, backbone RMSD
values remained bounded over 500 ns, with no evidence of unfolding or large-scale desta-
bilization. Ligand-bound systems generally exhibited slightly higher fluctuations than the
co-crystallized control, but deviations remained within a narrow and stable range. These
observations indicate that the predicted binding modes persist under dynamic conditions
and are unlikely to be artifacts of static docking snapshots. Many previous DPP4 docking
and molecular dynamics studies relied on simulation windows of approximately 100 ns
and interpreted RMSD stability as support for pose plausibility [35]. In this context, the
extended simulation times employed here reinforce the consistency of the observed binding
configurations without implying enhanced affinity or functional modulation.

Analysis of hydrogen-bond persistence provided further insight into interaction sta-
bility at the residue level. Using a conservative occupancy threshold of greater than 10%,
each ligand-bound system displayed a limited set of dominant, long-lived hydrogen bonds
supported by multiple transient contacts. Notably, specific residues exhibited high per-
sistence in individual complexes, including Glu168 in the FDB029088 system, Hip702 in
the FDB029205 complex, and Tyr714 in the FDB023919 system, indicating compact and
system-specific interaction networks. Despite this variability, several residues recurrently
contributed across systems, reflecting the engagement of conserved regions within the
DPP4 binding environment. This pattern is consistent with prior docking and molecular
dynamics studies of DPP4, including peptide-focused investigations, which frequently
highlight residues such as Tyr547, Ser630, Arg125, and Glu205 as stabilizing interaction
partners [33]. The present findings align with this broader residue-level landscape while
extending it to chemically distinct, lipid-associated food-derived compounds. MM-GBSA
calculations were used to compare relative interaction energetics across systems rather than
to infer absolute binding strength. The co-crystallized complex exhibited a moderate total
binding free energy, providing a reference point for interpretation. Among the prioritized
food-derived compounds, calculated total free energies varied substantially, with some
systems displaying more favorable values driven by strong electrostatic contributions,
while others reflected a balance between van der Waals interactions and solvation effects.
These differences highlight heterogeneity in interaction modes rather than a uniform en-
ergetic profile. As is widely recognized, MM-GBSA estimates are sensitive to force-field
parameters, solvation models, and trajectory sampling, and therefore should be interpreted
qualitatively. Consistent with established practice in DPP4 computational studies, the ener-
getic analysis here serves as supportive evidence that complements docking and dynamics
results, rather than as a quantitative predictor of nutritional or biological impact [12].

DPP4 functions as a key enzymatic checkpoint in postprandial metabolism through its
role in regulating incretin hormone activity following food intake [16]. From a nutritional
perspective, this positions DPP4 as a plausible point of interaction for dietary compounds
that may subtly influence metabolic signaling. Previous studies have reported DPP4-
associated activity for food-derived peptides and selected polyphenols, supporting the
broader concept that components of the diet can engage this enzyme at the molecular
level [33]. The present work extends this framework by prioritizing small-molecule food
chemistry at scale, rather than focusing on individual compound classes and experimentally
preselected candidates. By combining machine learning with structure-based analysis, the
study provides a systematic approach for organizing food chemical diversity in relation to a
nutritionally relevant enzymatic target, without advancing claims regarding physiological
efficacy or health outcomes.
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4. Materials and Methods
4.1. ChEMBL Bioactivity Curation for DPP4 Interaction Potential Modeling

Bioactivity records associated with DPP4 were compiled from ChEMBL version 36,
accessed as a locally hosted SQLite database. The objective of this step was not to infer
pharmacological inhibition, but to assemble a structured reference set describing interaction-
relevant chemical features associated with DPP4. Target-specific records were identified
using the ChEMBL target identifier CHEMBL284. Activity annotations were restricted
to entries reporting quantitative concentration-based measurements and annotated with
defined response types, including IC50, Ki, Kd, and EC50. Only records expressed in
nanomolar and micromolar units were retained. To ensure assay-level reliability, only
measurements derived from assays with a confidence score of at least 7 were included.
Activity entries lacking a numeric standardized value were excluded. Measurements were
retained when the standardization flag indicated validated values or when the flag was
unassigned, consistent with common ChEMBL curation practice. Retrieved records were
annotated with molecular identifiers, canonical SMILES representations where available,
assay metadata, and source publication year. An initial extraction yielded 6344 activity
entries. Subsequent data refinement was applied to generate a harmonized modeling-ready
dataset. Records were retained only when the reported activity relationship was exact, non-
positive values were removed, and compounds lacking canonical SMILES were excluded.
Following this filtering, 5516 unique compound–activity records remained and were used
for all downstream analyses. Concentration values reported in micromolar units were
converted to nanomolar units to ensure numerical consistency across the dataset.

4.2. Post-Processing of DPP4 Interaction Annotations and Physicochemical Characterization

Activity records retained after initial curation were further processed to generate
compound-level interaction annotations suitable for quantitative modeling. Only entries
reporting IC50 measurements with exact relations were considered at this stage. Reported
concentration values expressed in nanomolar or micromolar units were standardized to
nanomolar units and transformed to a logarithmic interaction scale (pActivity) by conver-
sion to molar units followed by negative base-10 logarithm. Records yielding undefined or
non-positive transformed values were excluded. For compounds associated with multiple
activity records, measurements were aggregated at the compound level using a predefined
strategy. By default, the highest pActivity value per compound was retained, reflecting
the most favorable reported interaction under comparable conditions. Alternative aggrega-
tion strategies, including mean or median pActivity, were evaluated but not used for the
primary dataset. Compound-level interaction labels were assigned using a threshold of
pActivity ≥ 6.0, with entries meeting or exceeding this threshold classified as interaction-
positive and remaining entries classified as interaction-negative. A pActivity threshold
of 6.0 (corresponding to ≤1 µM activity) was selected because submicromolar potency is
commonly considered indicative of meaningful biochemical engagement in DPP4 assays
and is frequently applied as a practical boundary in structure–activity modeling stud-
ies. Exploratory evaluation of nearby cutoffs yielded comparable structural trends and
class distributions, supporting the robustness of this selection. Aggregation and label-
ing were performed after transformation to ensure consistency across units and assays.
Canonical SMILES representations were used to compute physicochemical descriptors with
RDKit [36]. Calculated properties included molecular weight, calculated octanol–water
partition coefficient, number of hydrogen bond donors and acceptors, topological polar
surface area, number of rotatable bonds, and ring count. Lipinski rule-of-five violations [37]
were recorded as summary indicators without applying exclusion criteria. Compounds
for which valid molecular descriptors could not be computed were removed from sub-
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sequent analyses. The final processed tables comprised row-level activity annotations
with transformed interaction values, compound-level aggregated interaction metrics, and
compound-level physicochemical descriptors.

4.3. Dataset Integrity Auditing and Canonicalization

An immutable copy of the input compound table was retained to preserve provenance
prior to structural processing. Each SMILES entry was re-evaluated using RDKit sanitiza-
tion to verify internal chemical consistency. Records that could not be converted into a valid
molecular graph were excluded, and the corresponding row indices and failure categories
were recorded in a separate structure audit file. For all valid structures, isomeric canonical
SMILES were generated and used as the sole structural identifier for downstream exports.
This identifier was applied exclusively for record tracking and did not alter previously
assigned interaction metrics, interaction labels, or physicochemical descriptors. A final
non-overlapping deduplication was performed at the canonical-structure level to remove
residual redundancy introduced during prior processing steps. When multiple records
mapped to the same canonical structure, interaction annotations were retained using a
fixed rule set without recalculation. Continuous interaction values were summarized by
retaining the maximum pIC50 per structure, binary interaction labels were propagated con-
servatively so that any interaction-positive record yielded an interaction-positive structure,
and auxiliary numeric fields were summarized by the median. Non-numeric annotations
were inherited from a representative record. The number of contributing source records
per canonical structure was retained as a metadata field. Outputs generated at this stage
included a structure-valid table, a canonical structure-level table intended for downstream
modeling, a log of excluded structures, and a machine-readable audit report summarizing
record counts and aggregation settings.

4.4. Scaffold-Based Data Splitting

Model evaluation used scaffold-based partitioning to reduce structural overlap be-
tween the training and held-out sets. The deduplicated structure table was used as input,
and split membership was assigned at the level of Bemis–Murcko scaffolds [38] computed
from the canonical SMILES representation. Scaffolds were generated with RDKit by ex-
tracting the Murcko framework for each molecule and encoding the resulting scaffold as a
SMILES string. Molecules for which a scaffold could not be generated were assigned an
empty scaffold label and treated as a separate group. All molecules sharing an identical scaf-
fold were allocated to the same subset. Scaffold groups were ranked by size and randomly
permuted under a fixed pseudorandom seed. Groups were then assigned sequentially to
training, validation, and test sets using target fractions of 0.8, 0.1, and 0.1, respectively,
without splitting any scaffold group across subsets. This procedure was repeated using
three independent seeds (1, 2, and 3) to assess the stability of performance with respect to
partitioning. For each seed, a split table was exported containing all original compound
annotations together with split membership (train, val, and test) and the seed identifier.
File-level checksums (SHA-256) were recorded for the deduplicated input and each split
output to support reproducibility. When binary interaction labels were present, the number
of interaction-positive compounds per subset was summarized for each seed.

4.5. Molecular Representation and Model Training

Morgan fingerprints [39] were used as fixed-length molecular representations. Fin-
gerprints were generated from canonical SMILES using RDKit with radius 2 and 2048 bits.
Chirality information was not included unless otherwise stated. Fingerprints were com-
puted once for the full deduplicated dataset and cached for reuse across split seeds, pre-
serving identical feature encoding across all model fits. Training and evaluation were

https://doi.org/10.3390/ph19030349

https://doi.org/10.3390/ph19030349


Pharmaceuticals 2026, 19, 349 27 of 39

conducted using scaffold-based splits (seeds 1–3). For each seed, the training and valida-
tion subsets were combined for model selection, and the test subset was held out and not
used during hyperparameter optimization. Hyperparameter tuning used stratified 5-fold
cross-validation implemented with RandomizedSearchCV. The optimization objective was
the mean cross-validated ROC–AUC, and each randomized search evaluated 25 sampled
configurations per model. All randomized procedures, including cross-validation shuffling
and parameter sampling, were seeded using the split seed. Parallel execution used all
available CPU cores supported by the estimator.

4.6. Models and Hyperparameter Search Spaces

Supervised classification models were trained on Morgan fingerprint representations
using multiple algorithmic families, including random forest, logistic regression, multilayer
perceptron neural networks, gradient boosting, and, where available, extreme gradient
boosting. Model selection was performed independently for each scaffold-based split
using randomized hyperparameter optimization restricted to the combined training and
validation subsets. Hyperparameters were optimized using RandomizedSearchCV with
stratified fivefold cross-validation and a fixed random seed. For each model, 25 param-
eter combinations were sampled, and mean cross-validated ROC–AUC was used as the
optimization criterion. Random forest models [40] were tuned with respect to ensemble
size, tree depth, node splitting constraints, and feature subsampling. Logistic regression
models [41] were optimized over regularization strength and penalty type using standard-
ized fingerprint inputs. Neural network models [42] were tuned over network architecture,
activation function, batch size, learning rate, and L2 regularization. Gradient boosting
models [43] were optimized over the number of boosting stages, learning rate, and tree
depth. Extreme gradient boosting models [44], when used, were tuned over boosting depth,
learning rate, subsampling ratios, and regularization parameters. The hyperparameter
configuration achieving the highest mean cross-validated ROC–AUC was selected for each
model and seed. Using the selected configuration, out-of-fold predictions were generated
on the training and validation data, followed by refitting on the full training and validation
set and a single evaluation on the held-out test set.

4.7. Model Selection, Prediction, and Performance Assessment

For each model and scaffold split, hyperparameter selection was based on the config-
uration achieving the highest mean ROC–AUC under stratified fivefold cross-validation
applied to the combined training and validation data. Using the selected configuration,
out-of-fold probability estimates were generated across the training and validation set by
refitting the model within each cross-validation fold and predicting only samples not used
for fitting. The selected model was subsequently refit on the full training and validation
data and evaluated once on the held-out test set, which was not used during model selec-
tion or tuning. Discriminative performance was quantified using ROC–AUC and average
precision for both out-of-fold training and validation predictions and test predictions. For
threshold-dependent evaluation, predicted probabilities were converted to binary class
assignments using a fixed threshold of 0.5, and Matthews correlation coefficient [45], bal-
anced accuracy, and confusion matrices were computed on the test set. Receiver operating
characteristic and precision–recall curves were generated for each model and split, with
out-of-fold training and validation predictions and test predictions overlaid within the
same panel.

4.8. Aggregation Across Scaffold Split Seeds

Performance metrics were aggregated across the three scaffold split seeds by collating
per-seed model evaluation outputs. For each model, per-seed summary tables were merged
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into a single long-format table containing seed identifiers and all reported metrics. Model-
level summary statistics were then calculated across seeds, reporting the mean and standard
deviation for ROC–AUC and average precision on the test set and on out-of-fold training
and validation predictions, together with threshold-dependent test metrics (Matthews
correlation coefficient and balanced accuracy). Models were ranked using the mean test
ROC–AUC across seeds as the primary criterion, with mean test average precision used as
a secondary criterion when required. Seed-specific prediction files were used to generate
per-model overlays of receiver operating characteristic and precision–recall curves, plotted
separately for the test set and for out-of-fold training and validation predictions. For each
model, receiver operating characteristic and precision–recall analyses were performed
across all scaffold split seeds, and performance was summarized using area under the
curve and average precision metrics.

4.9. Applicability Domain Analysis by Fingerprint Similarity

Applicability domain membership for test-set compounds was assessed using fin-
gerprint similarity to the corresponding training and validation set for each scaffold split
seed. Morgan fingerprints used for model development were reused without modification.
Pairwise similarity was quantified using the Tanimoto coefficient [46] computed between
each test compound fingerprint and all fingerprints in the combined training and vali-
dation set. For each test compound, two similarity summaries were calculated: (i) the
maximum Tanimoto similarity to any training or validation compound and (ii) the mean
similarity across the top five most similar training and validation compounds. Applica-
bility domain membership was defined using a fixed threshold applied to the maximum
similarity; compounds with maximum similarity ≥ 0.35 were classified as in-domain, and
remaining compounds were classified as out-of-domain. Model performance was then
stratified by applicability domain membership using the previously generated test-set
probability predictions for each model and seed. Discrimination was summarized sepa-
rately for in-domain and out-of-domain subsets using ROC–AUC and average precision
when both classes were present. Threshold-dependent performance was evaluated using
a fixed probability threshold of 0.5 and reported as the Matthews correlation coefficient
and balanced accuracy for each subset. Summary statistics were computed per seed and
aggregated across seeds by reporting the mean and standard deviation for each metric.

4.10. Error Analysis by Similarity, Physicochemical Strata, and Scaffold Frequency

Error patterns were analyzed on the held-out test set by stratifying prediction perfor-
mance across similarity- and chemistry-defined subsets. Test-set predictions and similarity
statistics derived from the applicability domain analysis were used as inputs. For each
model and scaffold split seed, test compounds were partitioned by maximum Tanimoto
similarity to the training and validation set using fixed similarity bins (0.00–0.20, 0.20–0.35,
0.35–0.50, 0.50–0.70, and 0.70–1.00). A binary domain stratum was defined using the same
applicability threshold applied to maximum similarity (in-domain, similarity ≥ 0.35; out-
of-domain, similarity < 0.35). Physicochemical slicing was performed using compound
descriptors computed previously. When available, molecular weight, LogP, topological
polar surface area, hydrogen bond donors, hydrogen bond acceptors, rotatable bonds,
and ring count were each discretized into quartiles based on the test-set distribution for
the corresponding seed. Prediction-confidence strata were defined by binning predicted
probabilities into quartiles. Scaffold-frequency slicing was performed using Bemis–Murcko
scaffolds [47] derived from the canonical SMILES. For each seed, scaffold frequency was
computed within the combined training and validation subset, and each test compound
was assigned the observed count of its scaffold in training and validation. Test compounds
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were then grouped into frequency bins defined as 0 (unseen scaffold), 1, 2–5, 6–20, and
≥21 occurrences in the training and validation set. Within each stratum, discrimination
was summarized using ROC–AUC and average precision when both classes were present.
Threshold-dependent performance was computed using a fixed probability threshold of 0.5
and reported as the Matthews correlation coefficient and balanced accuracy. Stratum-wise
metrics were calculated per seed and aggregated across seeds by reporting the mean and
standard deviation for each model and slice definition.

4.11. Model Interpretability Using SHAP

Feature attribution was performed for the top-ranked classifier using Shapley additive
explanations (SHAP) [48]. The best-performing model family was selected based on the
mean test ROC–AUC aggregated across the three scaffold split seeds. SHAP values were
computed independently for each seed using the trained model corresponding to that seed
and the Morgan fingerprint feature matrix used for model fitting. For each seed, SHAP
analysis was restricted to the combined training and validation subset. A random subset of
up to 2000 compounds from training and validation was selected for explanation without
replacement, and a background set of up to 200 training and validation compounds was
sampled to define the SHAP reference distribution. The explainer type was matched to
the estimator class: TreeExplainer was used for tree-based models, LinearExplainer was
used for linear models, and DeepExplainer was attempted for neural network models with
fallback to KernelExplainer when required. For binary classification, SHAP values were
extracted for the interaction-positive class. Global feature importance was summarized
using the mean absolute SHAP value across explained samples within each seed. Cross-
seed stability of feature attributions was assessed by aggregating feature importances across
seeds and reporting the mean and standard deviation of mean absolute SHAP values.

4.12. Structural Interpretation and Substituent Analysis

High-importance molecular features were identified from cross-seed SHAP values
of the best-performing model. The highest-ranking Morgan fingerprint bit indices were
mapped to their corresponding atom-centered environments using the same fingerprint
parameters as employed during model training. For each selected bit, compounds activat-
ing the feature were identified, and the encoded atomic environments were reconstructed
based on the fingerprint radius. These environments were used to delineate recurrent
local substructures associated with elevated predicted scores, providing fragment-level
attribution of model behavior. Series-level interpretation was conducted on the top-ranked
screening candidates by grouping compounds according to shared Murcko scaffolds. The
most frequent scaffold among the highest-scoring compounds was selected as the core,
subject to a minimum series size requirement. Compounds containing this scaffold were
retained, and R-group decomposition was performed using the selected core as the refer-
ence. Substituents at each attachment position were assigned, standardized to canonical
fragment representations, and summarized by frequency. For each R-group position, mean
ensemble prediction scores were calculated per substituent and compared against the
series-wide mean, excluding substituents below a minimum occurrence threshold. Rep-
resentative high-scoring compounds and their corresponding R-group assignments were
examined to support the qualitative assessment of scaffold-substituent patterns associated
with increased predicted activity.

4.13. Calibration Analysis and Decision Threshold Selection

Calibration of predicted probabilities was evaluated using out-of-fold predictions
from the combined training and validation set and independently on the held-out test
set. Calibration curves were constructed by binning predicted probabilities into ten equal-
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width intervals over [0, 1] and, within each bin, computing the mean predicted probability
and the observed fraction of positive labels. Calibration error was summarized using the
Brier score for both out-of-fold training and validation predictions and test predictions. A
fixed decision threshold was derived for each seed using only the out-of-fold training and
validation predictions. Candidate thresholds were evaluated over the empirical range of
predicted probabilities, and the threshold maximizing Matthews correlation coefficient was
selected; balanced accuracy was evaluated as an alternative selection criterion. The selected
threshold was then applied without modification to the corresponding test-set predictions
to obtain threshold-dependent performance estimates. At the selected threshold, Matthews
correlation coefficient, balanced accuracy, precision, recall, F1 score, and specificity were
computed on the test set. Thresholds and calibration metrics were summarized across
seeds by reporting the mean and standard deviation for each model.

4.14. Preparation of the Food-Derived Screening Library

A food-derived compound library (FoodDB) [49] was assembled for prospective
screening using the trained classifiers. Input records were imported from a delimited text
file containing a structural string representation and, when available, compound identifiers
and names. Each entry was assigned a stable public identifier. When an external identifier
column was provided, its string representation was used; otherwise, identifiers were gener-
ated sequentially. Structures were standardized by parsing each input SMILES using RDKit
and retaining only entries that could be converted to a valid molecular graph. Canonical
isomeric SMILES were generated for all valid structures and used as the internal represen-
tation for subsequent screening. When enabled, multi-fragment records were simplified by
retaining only the largest fragment by heavy-atom count to mitigate salt and mixture effects.
Entries lacking a valid canonical structure were removed. Redundancy within the screening
library was removed by deduplicating records on canonical isomeric SMILES, retaining the
first occurrence of each unique structure. The refined screening library consisted of three
fields per entry: public identifier, compound name, and canonical SMILES.

4.15. Fingerprint Generation for Food-Derived Screening Compounds

Molecular fingerprints for the food-derived screening library were generated using the
same representation and parameterization applied during model development. Fingerprint
settings were read from the training feature configuration and used without modification
to ensure feature compatibility between training and screening. Canonical SMILES from
the refined screening library were parsed with RDKit and converted to Morgan circular
fingerprints (ECFP) as fixed-length binary vectors using the training radius, bit length, and
chirality settings. Only molecules that could be parsed into valid RDKit molecular graphs
were fingerprinted. For each retained screening entry, the resulting fingerprint vector was
paired with the corresponding stable public identifier to preserve unambiguous mapping
between model outputs and screening records.

4.16. Virtual Screening, Applicability Domain Filtering, and Post-Screening Analysis

A food-derived compound library was curated by canonicalizing SMILES, removing
invalid entries, optionally retaining the largest fragment for multicomponent records, and
deduplicating by canonical SMILES. Morgan fingerprints were generated for all screening
compounds using the identical configuration applied during model training. The best-
performing classification model, selected a priori based on mean cross-validated ROC–AUC
across seeds, was applied to the screening library using an ensemble strategy in which
independently trained models from seeds 1–3 produced per-compound probabilities that
were subsequently averaged; the corresponding inter-seed standard deviation was retained
as a measure of prediction uncertainty. Compounds were ranked by the ensemble mean
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probability, and the top-ranked subset was retained for downstream analysis. Applicability
domain membership for screening compounds was assessed using fingerprint-based simi-
larity to the training distribution. For each screening compound, the maximum Tanimoto
similarity to the combined training and validation set (defined by the scaffold split for
seed 1) was computed, and compounds were classified as in-domain when the maximum
similarity was at least 0.35. Ranked hits were filtered accordingly to yield an in-domain
prioritized set. To characterize chemical space coverage and contextualize prioritized hits,
a two-dimensional embedding of the screening library was computed from the fingerprint
representation. Prior to embedding, dimensionality was reduced by principal compo-
nent analysis (up to 50 components, limited by sample size), followed by UMAP with
n_neighbors = 25 and min_dist = 0.10. For large libraries, the embedding was computed
on a random subsample while enforcing the inclusion of all top-ranked candidates. Re-
dundancy among top-ranked in-domain compounds was reduced by diversity selection
using Butina clustering on fingerprint distances (distance = 1 − Tanimoto) with a cutoff
of 0.35. From each cluster, the compound with the highest ensemble score was selected
as the representative, and the final shortlist was obtained by retaining the top-ranked
representatives according to the ensemble screening score.

4.17. Protein Structure Selection and Preparation

Atomic coordinates for human dipeptidyl peptidase-4 were obtained from the Protein
Data Bank (PDB ID: 4A5S) [50], corresponding to a crystallographic structure resolved in
complex with a heterocyclic ligand. The structure was selected based on resolution quality,
completeness of the catalytic domain, and clear definition of the active-site architecture.
The co-crystallized ligand was removed prior to downstream analyses and was used only
to delineate the binding region. Structural preprocessing was carried out using molecular
modeling software UCSF ChimeraX, version 1.6 (University of California, San Francisco,
CA, USA) [51]. All crystallographic water molecules and non-protein heteroatoms were
deleted. Residues with incomplete side-chain coordinates or unresolved regions were
identified from the deposited model and reconstructed using restrained comparative
modeling to preserve local backbone geometry [52]. Protonation states of ionizable residues
were assigned assuming near-physiological conditions (pH 7.4) using structure-based
pKa estimation, with manual inspection of residues lining the catalytic pocket to ensure
chemically consistent states. Protein termini were modeled in their zwitterionic forms.
Hydrogen atoms were added following protonation assignment, and standard protein force-
field parameters were applied. The refined structure was subjected to energy minimization
with positional restraints on heavy atoms to relieve local steric strain introduced during
reconstruction while maintaining the experimentally determined fold using AMBER24 [53].
The resulting minimized protein model was used as the receptor for subsequent molecular
docking calculations.

4.18. Ligand 3D Preparation for Docking

A ranked list of 200 candidate compounds was exported to a comma-separated file
containing compound identifiers and canonical SMILES strings. Ligand three-dimensional
coordinates were generated with RDKit. Each SMILES string was parsed into an RDKit
molecule object and explicit hydrogen atoms were added prior to conformer generation.
Initial 3D conformations were built using the ETKDGv3 [54] embedding procedure with a
fixed random seed to ensure reproducibility. Embedded structures were energy-minimized
using the MMFF94 force field with an iteration cap of 200 steps. Successfully minimized
ligands were written individually to Structure Data File (SDF) format using the compound
public identifier as the filename. Molecules failing SMILES parsing, embedding, or MMFF
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optimization were recorded with row index and failure category and exported to a separate
log file. SDF outputs were converted to MOL2 format using Open Babel with protonation
states assigned at pH 7.4 [55]. Protonated MOL2 files were subsequently converted to
PDBQT format using Open Babel utilities to generate docking-ready inputs. All ligand files
were stored using consistent base filenames across formats to preserve traceability between
the ranked hit list and downstream docking results.

4.19. Molecular Docking

Docking calculations were performed for the prepared set of 200 food-derived com-
pounds using AutoDock Vina (v1.2.5) [56]. The refined human dipeptidyl peptidase-4
structure (PDB ID: 4A5S) served as the receptor model. Prior to docking, the protein was
converted to docking-compatible format through the removal of residual solvent molecules,
addition of polar hydrogen atoms, assignment of partial atomic charges, and generation
of PDBQT coordinates. The docking search space was defined based on the location of
the co-crystallized ligand in the reference structure and encompassed the catalytic cavity
and adjacent subsites. The docking search space was defined based on the location of
the co-crystallized ligand in the reference structure and encompassed the catalytic cav-
ity and adjacent subsites. The grid box was centered at coordinates (center_x = 13.861,
center_y = 35.472, center_z = 53.306) with dimensions of size_x = 15.80 Å, size_y = 12.64 Å,
and size_z = 12.64 Å (grid spacing 0.316 Å), ensuring complete coverage of the DPP4 active
site region. Docking simulations were conducted with an exhaustiveness parameter of 20
to balance sampling depth and computational efficiency. The number of output binding
modes was set to 9, and the energy range parameter was set to 3 kcal/mol, consistent with
the default AutoDock Vina configuration. No fixed random seed was specified, allowing
for stochastic initialization by the Vina engine. Resulting poses were ranked by predicted
binding score, and the top-ranked pose for each compound was selected for subsequent
analysis. Protein–ligand interaction patterns were examined using automated interaction
profiling to identify hydrogen bonding, hydrophobic contacts, and other noncovalent
interactions within the catalytic pocket.

4.20. Molecular Dynamics Simulations

All-atom molecular dynamics simulations were conducted for human dipeptidyl
peptidase-4 in both unbound and ligand-associated states. Simulated systems comprised
the ligand-free enzyme and protein–ligand complexes formed with the seven selected
food-derived compounds (FDB029205, FDB023866, FDB023919, FDB029088, FDB023380,
FDB029144, and FDB030456). In addition, the crystallographic structure corresponding
to PDB ID 4A5S was included as a reference complex. Ligand selection was based on
combined docking score ranking and qualitative assessment of active-site interaction
patterns. Simulations were performed using the c suite with GPU acceleration. Protein
atoms were represented using the ff19SB force field [56]. Ligand topologies were generated
with GAFF2 parameters [57], and partial atomic charges were assigned using the AM1-BCC
scheme [58]. System assembly and parameterization were carried out with LEaP. Each
system was solvated in a truncated octahedral box of OPC water molecules, maintaining a
minimum solute-to-boundary distance of 12 Å. Counterions were added to neutralize the
systems, followed by the addition of monovalent ions to reach an ionic strength of 0.1 M.
Covalent bonds involving hydrogen atoms were constrained using the SHAKE algorithm,
allowing a time step of 2 fs. Long-range electrostatic interactions were treated with the
particle mesh Ewald method, and a 10 Å cutoff was applied to short-range nonbonded
interactions. Energy minimization was performed in two sequential stages, beginning with
steepest descent optimization (50,000 steps) followed by conjugate gradient (20,000 steps)
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refinement, with positional restraints applied to protein heavy atoms. Systems were
then gradually heated from near 0 K to 300 K under constant-volume conditions using
Langevin dynamics. Equilibration was carried out in the isothermal–isobaric ensemble
at 300 K and 1 atm. Production simulations were performed for 500 ns under constant
pressure and temperature. Trajectory coordinates were recorded at 50 ps intervals for
subsequent analyses.

4.21. Trajectory Processing and Alignment

Molecular dynamics trajectories were processed using CPPTRAJ [59] within the AM-
BER24 software package. Periodic boundary conditions were removed prior to analysis.
All frames were superimposed onto a reference structure derived from the equilibrated
phase using Cα atom alignment to eliminate overall translational and rotational motion.

4.21.1. Structural Stability and Conformational Flexibility

Backbone stability was assessed by calculating Cα root-mean-square deviation values
over the full duration of the production simulations relative to the equilibrated reference
structure. Residue-level flexibility profiles were obtained by computing Cα root-mean-
square fluctuations across all frames. Global compactness of the protein was evaluated by
monitoring the radius of gyration throughout each trajectory.

4.21.2. Essential Dynamics and Conformational Sampling

Collective motions were characterized through principal component analysis per-
formed on Cα positional fluctuations. Covariance matrices were constructed from aligned
trajectories and diagonalized to extract eigenvectors representing dominant modes of mo-
tion. Trajectory projections along the first two principal components were used to examine
large-scale conformational sampling. Conformational clustering was performed based on
backbone RMSD using a k-means algorithm applied to frames sampled at regular intervals.
Representative structures were selected from the most populated clusters according to
centroid proximity.

4.21.3. Free Energy Landscape Analysis

Two-dimensional free energy landscapes were generated by mapping trajectory pro-
jections onto the first two principal components. Free energy surfaces were calculated at
300 K using the Boltzmann relation, where conformational free energy was derived from
normalized probability densities. Energy minima were identified to delineate dominant
conformational basins sampled during the simulations.

4.21.4. Protein–Ligand Hydrogen Bond Analysis

Intermolecular hydrogen bonding between the protein and bound ligands was evalu-
ated across production trajectories using geometric criteria. Hydrogen bonds were defined
by a donor–acceptor distance threshold of 3.5 Å and a donor–hydrogen–acceptor angle
cutoff of 120◦. Occupancy and persistence metrics were calculated to distinguish stable
interactions from transient contacts within the binding region.

4.21.5. Binding Free Energy Estimation

Binding free energies were evaluated using the Molecular Mechanics-Generalized
Born Surface Area method as implemented in the MMPBSA.py [60] module of AMBER24.
For MM-GBSA analysis, structural snapshots were extracted from the final 100 ns of each
trajectory, corresponding to the equilibrated phase as assessed by stabilization of backbone
RMSD and protein–ligand interaction profiles. This yielded 2000 evenly spaced frames per
system for binding free energy estimation. The binding free energy was calculated as the
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difference between the free energy of the protein–ligand complex and the sum of the free
energies of the isolated protein and ligand, according to:

∆Gbind = ∆GR+L − (∆GR + ∆GL) (1)

The total free energy of each state was decomposed into molecular mechanics and
solvation components:

G = Ebond + EVDW + Eelec + GGB + GSA − TSS (2)

where bonded, van der Waals, and electrostatic terms were obtained from the molecular
mechanics force field, polar solvation contributions were estimated using the Generalized
Born model, and nonpolar solvation energies were derived from solvent-accessible surface
area. Entropic contributions were not included. All reported energy values are expressed
in kilocalories per mole.

4.21.6. Data Analysis and Modeling

All data processing, modeling, and analysis were performed using Python v3.10 [61].
Bioactivity data curation and transformation were conducted with pandas (v1.5.3) [62] and
NumPy (v1.23.5) [63]. Molecular representation, physicochemical descriptor calculation,
Bemis–Murcko scaffold generation, and fingerprint computation were performed using RD-
Kit (v2022.09.5). Machine-learning workflows, including model training, cross-validation,
and hyperparameter optimization, were implemented with scikit-learn (v1.2.2) [64]. Ex-
treme gradient boosting models, when used, were trained with XGBoost (v1.7.6) [65].
Scaffold-based data partitioning and fingerprint similarity calculations were carried out
using RDKit utilities (v2022.09.5). Dimensionality reduction and chemical space visualiza-
tion employed principal component analysis from scikit-learn followed by UMAP-learn
(v0.5.3) [66]. Model interpretability analyses were performed using SHAP (v0.41.0), with
explainer selection matched to estimator class. Visualization and figure generation used
Matplotlib (v3.7.1) and Seaborn (v0.12.2) [67]. Random seeds were fixed across all stochastic
procedures to ensure reproducibility, and intermediate datasets, split tables, and prediction
outputs were retained for downstream validation and auditability.

5. Conclusions
DPP4 represents a nutritionally relevant enzymatic interface linking dietary chemical

exposure to postprandial metabolic regulation. In this work, we applied an integrated
computational framework combining machine learning, structure-based screening, and
molecular dynamics simulations to systematically evaluate the interaction potential of
dietary and supplemental compounds with DPP4. By training predictive models under
scaffold-based evaluation and applying them to a large food-derived chemical library,
we identified recurring structural features associated with predicted interaction propen-
sity across chemically diverse compounds. Structure-based analyses placed prioritized
compounds within the established DPP4 binding environment and demonstrated stable
interaction patterns under dynamic conditions, supporting the internal consistency of the
computational prioritization. These findings do not imply pharmacological inhibition
or dietary efficacy. Instead, they illustrate how data-driven approaches can be used to
organize the chemical diversity of dietary and supplemental compounds and to generate
testable hypotheses regarding their potential interactions with nutritionally relevant en-
zymes. Overall, this study highlights the utility of machine learning-guided screening as a
complementary tool in nutritional biochemistry, enabling the systematic prioritization of
dietary compounds for focused experimental investigation. Integrating such computational
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strategies with biochemical and nutritional validation will be essential for advancing our
mechanistic understanding of diet–enzyme interactions within complex metabolic systems.

6. Limitations and Outlook
While the present study provides a systematic and internally consistent computational

assessment of dietary and supplemental compounds in relation to DPP4, experimental
validation will be required to further substantiate these predictions. In vitro assays can
be used to evaluate whether the prioritized compounds engage DPP4 under controlled
biochemical conditions, while in vivo studies may clarify how such interactions are influ-
enced by digestion, metabolism, and physiological exposure. These experimental steps
are essential for translating computational prioritization into biological context, but they
do not detract from the value of the current framework. Instead, they represent a logical
extension of a data-driven screening strategy designed to operate at a scale and chemical
diversity that is not readily accessible through experimental approaches alone. An addi-
tional methodological consideration concerns the molecular dynamics simulations, where
each complex was represented by a single 500 ns trajectory. Although this duration permits
substantial conformational sampling, molecular dynamics simulations remain inherently
stochastic, and replicate runs could further strengthen statistical confidence. In addition,
MM-GBSA energies are interpreted for relative comparison within the dataset rather than
as quantitative affinity estimates, particularly for large, flexible ligands where entropic
contributions are approximated. By narrowing large dietary chemical spaces to a focused
set of structurally plausible candidates, the present work establishes a strong foundation
for targeted in vitro and in vivo investigation of diet–enzyme interactions.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/ph19030349/s1. Figure S1: Receiver operating characteristic
curves for logistic regression, random forest, gradient boosting, and artificial neural network models
evaluated using three independent scaffold-based splits. For each model, curves are shown for
out-of-fold training predictions and for held-out test sets; Figure S2: Precision–recall curves for
logistic regression, random forest, gradient boosting, and artificial neural network models evaluated
using three independent scaffold-based splits; Figure S3A: Visualization of the thirty highest-ranking
fingerprint substructures based on mean SHAP value. Each substructure is annotated by finger-
print bit index and radius, illustrating recurrent local chemical environments and shape features
contributing to the random forest model output; Figure S4: R-group analysis of representative high-
scoring compounds identified by the random forest model, highlighting conserved core scaffolds
and variable peripheral substituents. Predicted scores are reported for each compound, and sub-
stituent variation is shown relative to shared cores to illustrate structural diversity among top-ranked
predictions; Figure S5: Heatmap showing mean screening scores for observed combinations of R1
and R2 substituents among high-scoring compounds predicted by the top-performing model. Only
substituent pairs represented by at least three compounds are shown; combinations with fewer
observations were masked. Mean scores are annotated within each cell together with the number
of contributing compounds; Figure S6: Mean test-set performance of the random forest classifier
evaluated across scaffold frequency bins defined by the number of occurrences of each scaffold
in the combined training and validation data. Panels report area under the receiver operating
characteristic curve, average precision, and Matthews correlation coefficient, averaged across three
independent scaffold split seeds; Figure S7: Calibration curves for the random forest classifier show-
ing the relationship between mean predicted probability and observed positive fraction. Curves
are shown for out-of-fold training predictions and for held-out test predictions, averaged across
three scaffold split seeds. The dashed diagonal indicates perfect calibration, and corresponding
Brier scores are reported in the legend; Figure S8: Mean test-set performance of gradient boosting,
artificial neural network, and logistic regression classifiers evaluated across scaffold frequency bins
defined by the number of occurrences of each scaffold in the combined training and validation
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data. Panels report average precision, area under the receiver operating characteristic curve, and
Matthews correlation coefficient, averaged across three independent scaffold split seeds; Figure
S9: Root-mean-square fluctuation profiles of DPP4 residues for the apo protein, the co-crystallized
complex (4A5S), and complexes with the seven selected food-derived compounds over 500 ns of
simulation; Figure S10: Radius of gyration (Rg) profiles of DPP4 over 500 ns molecular dynamics
simulations for the apo protein, the co-crystallized complex (4A5S), and the seven ligand-bound
systems; Figure S11: Two-dimensional projections of the molecular dynamics trajectories onto the
first two principal components (PC1 and PC2) for the apo protein, the co-crystallized complex
(4A5S), and the seven ligand-bound systems. Each point represents a trajectory frame colored ac-
cording to k-means clustering. Cluster centroids are indicated and annotated with the corresponding
simulation time (ns) at which the centroid structure occurs. Arrows denote transitions between
dominant conformational states along the simulation trajectory; Figure S12: Heatmap representa-
tion of hydrogen bond lifetime (%) for the co-crystallized complex (4A5S) and all ligand-bound
systems over the full simulation trajectories. Values indicate cumulative hydrogen bond occupancy
for each residue–compound pair, highlighting persistent interactions and their relative contributions
across systems; Table S1: Scaffold-based dataset partitioning using Bemis–Murcko scaffold-based
splitting with random seed 1; Table S2: Scaffold-based dataset partitioning using Bemis–Murcko
scaffold-based splitting with random seed 2; Table S3: Scaffold-based dataset partitioning using
Bemis–Murcko scaffold-based splitting with random seed 3; Table S4: List of 69,574 standardized
compounds with canonical molecular representations following preprocessing; Table S5: Top 200
food-derived compounds predicted by the machine learning model, including predicted scores and
applicability domain assignments for each compound; Table S6: Docking results for the top-ranked
compounds, including binding energies, interaction residues, and root-mean-square deviation values
obtained using the validated docking protocol; Table S7: Residue-level interaction fingerprint analysis
for the co-crystallized complex and ligand-bound systems, including hydrogen bonding and hy-
drophobic interaction types relative to the reference crystal structure; Table S8: Detailed residue-level
hydrogen bond occupancy analysis for the apo protein, the co-crystallized complex (4A5S), and all
ligand-bound systems.
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Abbreviations
The following abbreviations are used in this manuscript:

AD Applicability Domain
AUC Area Under the Receiver Operating Characteristic Curve
ANN Artificial Neural Network
AP Average Precision
BalAcc Balanced Accuracy
CoA Coenzyme A
CPPTRAJ Coordinate Processing and Trajectory Analysis
DPP4 Dipeptidyl Peptidase-4
ECFP Extended-Connectivity Fingerprints
EC50 Half Maximal Effective Concentration
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GB Gradient Boosting
GBSA Generalized Born Surface Area
HBD Hydrogen Bond Donor
HBA Hydrogen Bond Acceptor
IC50 Half Maximal Inhibitory Concentration
Ki Inhibition Constant
Kd Dissociation Constant
LogP Octanol–Water Partition Coefficient
LR Logistic Regression

References
1. Boutari, C.; Bouzoni, E.; Joshi, A.; Stefanakis, K.; Farr, O.M.; Mantzoros, C.S. Metabolism updates: New directions, techniques,

and exciting research that is broadening the horizons. Metab.-Clin. Exp. 2020, 102, 154009. [CrossRef]
2. Theodorakis, N.; Kreouzi, M.; Pappas, A.; Nikolaou, M. Beyond calories: Individual metabolic and hormonal adaptations driving

variability in weight management—A state-of-the-art narrative review. Int. J. Mol. Sci. 2024, 25, 13438. [CrossRef]
3. Alamgir, A. Phytoconstituents—Active and inert constituents, metabolic pathways, chemistry and application of phytocon-

stituents, primary metabolic products, and bioactive compounds of primary metabolic origin. In Therapeutic Use of Medicinal
Plants and Their Extracts Volume 2: Phytochemistry and Bioactive Compounds; Springer: Berlin/Heidelberg, Germany, 2018; pp.
25–164.

4. Machado, M.; Bautista-Hérnandez, I.; Gómez-García, R.; Silva, S.; Costa, E.M. Bioactive food proteins: Bridging nutritional and
functional benefits with sustainable protein sources. Foods 2025, 14, 3035. [CrossRef] [PubMed]

5. Sweetlove, L.J.; Fernie, A.R. Regulation of metabolic networks: Understanding metabolic complexity in the systems biology era.
New Phytol. 2005, 168, 9–24. [CrossRef]

6. Zhang, M.; Zhu, L.; Wu, G.; Zhang, H.; Wang, X.; Qi, X. The impacts and mechanisms of dietary proteins on glucose homeostasis
and food intake: A pivotal role of gut hormones. Crit. Rev. Food Sci. Nutr. 2024, 64, 12744–12758. [CrossRef]

7. Wu, Q.; Gao, Z.-J.; Yu, X.; Wang, P. Dietary regulation in health and disease. Signal Transduct. Target. Ther. 2022, 7, 252. [CrossRef]
8. Shiuan, D.; Tai, D.-F.; Huang, K.-J.; Yu, Z.; Ni, F.; Li, J. Target-based discovery of therapeutic agents from food ingredients. Trends

Food Sci. Technol. 2020, 105, 378–384. [CrossRef]
9. Zhang, Z.; Kumar Sharma, A.; Chen, L.; Zheng, B. Enhancing optimal molecular interactions during food processing to design

starch key structures for regulating quality and nutrition of starch-based foods: An overview from a synergistic regulatory
perspective. Crit. Rev. Food Sci. Nutr. 2025, 65, 4805–4821. [CrossRef]

10. Suárez, R.; Bautista-Valarezo, E.; Matos, A.; Calderón, P.; Fascì-Spurio, F.; Castano-Jimenez, J.; Zambrano-Villacres, R.; Sarno, G.;
Frias-Toral, E. Obesity and nutritional strategies: Advancing prevention and management through evidence-based approaches.
Food Agric. Immunol. 2025, 36, 2491597. [CrossRef]

11. Pechmann, L.; Pinheiro, F.; Andrade, V.; Moreira, C. The multiple actions of dipeptidyl peptidase 4 (DPP-4) and its pharmacological
inhibition on bone metabolism: A review. Diabetol. Metab. Syndr. 2024, 16, 175. [CrossRef]

12. Barchetta, I.; Cimini, F.A.; Dule, S.; Cavallo, M.G. Dipeptidyl peptidase 4 (DPP4) as a novel adipokine: Role in metabolism and fat
homeostasis. Biomedicines 2022, 10, 2306. [CrossRef]

13. Capuron, L. Role of inflammatory processes in depression. Basic Clin. Pharmacol. Toxicol. 2017, 121, 3–90. [CrossRef]
14. Grimble, G. The significance of peptides in clinical nutrition. Annu. Rev. Nutr. 1994, 14, 419–447. [CrossRef]
15. Deacon, C.F. Physiology and pharmacology of DPP-4 in glucose homeostasis and the treatment of type 2 diabetes. Front.

Endocrinol. 2019, 10, 80. [PubMed]
16. Afolabi, O.B.; Okafor, M.E.; Adewale, O.B.; Obafemi, T.O.; Ekundayo, B.E.; Adegboro, A.G. An overview of possible Inhibitors of

DPP-4 protein and their essential roles in the management of diabetes mellitus. In Proceedings of the 2024 IEEE 5th International
Conference on Electro-Computing Technologies for Humanity (NIGERCON), Ado Ekiti, Nigeria, 26–28 November 2024; IEEE: Piscataway,
NJ, USA, 2024; pp. 1–5.

17. Johns, T. The Origins of Human Diet and Medicine: Chemical Ecology; University of Arizona Press: Tucson, AZ, USA, 1996.
18. Shahidi, F.; Pan, Y. Influence of food matrix and food processing on the chemical interaction and bioaccessibility of dietary

phytochemicals: A review. Crit. Rev. Food Sci. Nutr. 2022, 62, 6421–6445. [CrossRef] [PubMed]
19. Cassotta, M.; Cianciosi, D.; Elexpuru-Zabaleta, M.; Pascual, I.E.; Cano, S.S.; Giampieri, F.; Battino, M. Human-based new approach

methodologies to accelerate advances in nutrition research. Food Front. 2024, 5, 1031–1062. [CrossRef]
20. Shinde, R.M.; Gupta, S.; Kuma, D.; Ansar, M.J. Enzyme Annotation and Pathway Reconstruction with Machine Learning. In

Genomic Intelligence; CRC Press: Boca Raton, FL, USA, 2024; pp. 119–136.

https://doi.org/10.3390/ph19030349

https://doi.org/10.1016/j.metabol.2019.154009
https://doi.org/10.3390/ijms252413438
https://doi.org/10.3390/foods14173035
https://www.ncbi.nlm.nih.gov/pubmed/40941156
https://doi.org/10.1111/j.1469-8137.2005.01513.x
https://doi.org/10.1080/10408398.2023.2256400
https://doi.org/10.1038/s41392-022-01104-w
https://doi.org/10.1016/j.tifs.2020.09.013
https://doi.org/10.1080/10408398.2024.2385028
https://doi.org/10.1080/09540105.2025.2491597
https://doi.org/10.1186/s13098-024-01412-x
https://doi.org/10.3390/biomedicines10092306
https://doi.org/10.1111/bcpt.12824
https://doi.org/10.1146/annurev.nu.14.070194.002223
https://www.ncbi.nlm.nih.gov/pubmed/30828317
https://doi.org/10.1080/10408398.2021.1901650
https://www.ncbi.nlm.nih.gov/pubmed/33787422
https://doi.org/10.1002/fft2.369
https://doi.org/10.3390/ph19030349


Pharmaceuticals 2026, 19, 349 38 of 39

21. Bhattacharjee, A.; Kumar, A.; Ojha, P.K.; Kar, S. Artificial intelligence to predict inhibitors of drug-metabolizing enzymes and
transporters for safer drug design. Expert Opin. Drug Discov. 2025, 20, 621–641. [CrossRef]

22. Reyed, R. Focusing on individualized nutrition within the algorithmic diet: An in-depth look at recent advances in nutritional
science, microbial diversity studies, and human health. Food Health 2023, 5, 5. [CrossRef]

23. Xiao, X.; Fu, L.; Zhang, Z.; Tu, Z.; Shen, N.; Fan, S. Recent Advances in Integrating Machine Learning with Omics Approaches in
Food Science and Nutrition Research. J. Agric. Food Chem. 2025, 73, 29998–30025. [CrossRef]

24. Mulvihill, E.E. Dipeptidyl peptidase inhibitor therapy in type 2 diabetes: Control of the incretin axis and regulation of postprandial
glucose and lipid metabolism. Peptides 2018, 100, 158–164. [CrossRef]

25. Simm, J.; Humbeck, L.; Zalewski, A.; Sturm, N.; Heyndrickx, W.; Moreau, Y.; Beck, B.; Schuffenhauer, A. Splitting chemical
structure data sets for federated privacy-preserving machine learning. J. Cheminform. 2021, 13, 96. [CrossRef]

26. Bhowmick, A.; Bandyopadhyay, A.; Sarkar, K. Unlocking the bioactive prowess and in-silico prediction of pharmacokinetics and
toxicity profiling of endophyte A. fumigatus. J. Sci. Res. 2025, 69, 17–30. [CrossRef]

27. Azevedo, L.; Granato, D.; Maltarollo, V.G.; Gonçalves, J.E. A mosaic-structured framework applied in the healthy food design:
Insights from integrated in silico and in vitro approaches. Curr. Opin. Food Sci. 2023, 52, 101047. [CrossRef]

28. Arulmozhiraja, S.; Matsuo, N.; Ishitsubo, E.; Okazaki, S.; Shimano, H.; Tokiwa, H. Comparative binding analysis of dipeptidyl
peptidase IV (DPP-4) with antidiabetic drugs–an ab initio fragment molecular orbital study. PLoS ONE 2016, 11, e0166275.
[CrossRef] [PubMed]

29. Fernández-Loría, C.; Provost, F.; Han, X. Explaining data-driven decisions made by AI systems: The counterfactual approach.
MIS Q. 2022, 46, 1635–1660. [CrossRef]

30. Rodríguez-Pérez, R.; Bajorath, J. Interpretation of compound activity predictions from complex machine learning models using
local approximations and Shapley values. J. Med. Chem. 2020, 63, 8761–8777. [CrossRef]

31. Tasnim, S. Quantitative Structure-Activity Relationship (QSAR) Modeling of Bioactive Compounds From Mangifera Indica For
Anti-Diabetic Drug Development. Am. J. Adv. Technol. Eng. Solut. 2022, 2, 01–32. [CrossRef]

32. Ahmed, S.S.; Rahman, M.O. From Flora to Pharmaceuticals: 100 new additions to angiosperms of Gafargaon subdistrict in
Bangladesh and unraveling antidiabetic drug candidates targeting DPP4 through in silico approach. PLoS ONE 2024, 19, e0301348.
[CrossRef]

33. Mathur, V.; Alam, O.; Siddiqui, N.; Jha, M.; Manaithiya, A.; Bawa, S.; Sharma, N.; Alshehri, S.; Alam, P.; Shakeel, F. Insight into
structure activity relationship of DPP-4 inhibitors for development of antidiabetic agents. Molecules 2023, 28, 5860. [CrossRef]

34. Meduru, H.; Wang, Y.-T.; Tsai, J.J.; Chen, Y.-C. Finding a potential dipeptidyl peptidase-4 (DPP-4) inhibitor for type-2 diabetes
treatment based on molecular docking, pharmacophore generation, and molecular dynamics simulation. Int. J. Mol. Sci. 2016, 17,
920. [CrossRef]

35. Gaulton, A.; Bellis, L.J.; Bento, A.P.; Chambers, J.; Davies, M.; Hersey, A.; Light, Y.; McGlinchey, S.; Michalovich, D.; Al-Lazikani,
B. ChEMBL: A large-scale bioactivity database for drug discovery. Nucleic Acids Res. 2012, 40, D1100–D1107. [CrossRef]

36. Bento, A.P.; Hersey, A.; Félix, E.; Landrum, G.; Gaulton, A.; Atkinson, F.; Bellis, L.J.; De Veij, M.; Leach, A.R. An open source
chemical structure curation pipeline using RDKit. J. Cheminform. 2020, 12, 51. [CrossRef]

37. Lipinski, C.A. Lead-and drug-like compounds: The rule-of-five revolution. Drug Discov. Today Technol. 2004, 1, 337–341. [CrossRef]
38. Langdon, S.R.; Brown, N.; Blagg, J. Scaffold diversity of exemplified medicinal chemistry space. J. Chem. Inf. Model. 2011, 51,

2174–2185. [CrossRef]
39. Pattanaik, L.; Coley, C.W. Molecular representation: Going long on fingerprints. Chem 2020, 6, 1204–1207. [CrossRef]
40. Pal, M. Random forest classifier for remote sensing classification. Int. J. Remote Sens. 2005, 26, 217–222. [CrossRef]
41. Sultana, J.; Jilani, A.K. Predicting breast cancer using logistic regression and multi-class classifiers. Int. J. Eng. Technol. 2018, 7,

22–26. [CrossRef]
42. Bhatikar, S.R.; DeGroff, C.; Mahajan, R.L. A classifier based on the artificial neural network approach for cardiologic auscultation

in pediatrics. Artif. Intell. Med. 2005, 33, 251–260. [CrossRef]
43. Peter, S.; Diego, F.; Hamprecht, F.A.; Nadler, B. Cost efficient gradient boosting. Adv. Neural Inf. Process. Syst. 2017, 30, 1–11.
44. Dhieb, N.; Ghazzai, H.; Besbes, H.; Massoud, Y. Extreme gradient boosting machine learning algorithm for safe auto insurance

operations. In Proceedings of the 2019 IEEE International Conference on Vehicular Electronics and Safety (ICVES), Cairo, Egypt, 4–6
September 2019; IEEE: Piscataway, NJ, USA, 2019; pp. 1–5.

45. Chicco, D.; Jurman, G. The advantages of the Matthews correlation coefficient (MCC) over F1 score and accuracy in binary
classification evaluation. BMC Genom. 2020, 21, 6. [CrossRef]

46. Rácz, A.; Bajusz, D.; Héberger, K. Life beyond the Tanimoto coefficient: Similarity measures for interaction fingerprints. J.
Cheminform. 2018, 10, 48. [CrossRef]

47. Bemis, G.W.; Murcko, M.A. The properties of known drugs. 1. Molecular frameworks. J. Med. Chem. 1996, 39, 2887–2893.
[CrossRef]

https://doi.org/10.3390/ph19030349

https://doi.org/10.1080/17460441.2025.2491669
https://doi.org/10.53388/FH2023005
https://doi.org/10.1021/acs.jafc.5c08522
https://doi.org/10.1016/j.peptides.2017.11.023
https://doi.org/10.1186/s13321-021-00576-2
https://doi.org/10.37398/JSR.2025.690103
https://doi.org/10.1016/j.cofs.2023.101047
https://doi.org/10.1371/journal.pone.0166275
https://www.ncbi.nlm.nih.gov/pubmed/27832184
https://doi.org/10.25300/MISQ/2022/16749
https://doi.org/10.1021/acs.jmedchem.9b01101
https://doi.org/10.63125/ffkez356
https://doi.org/10.1371/journal.pone.0301348
https://doi.org/10.3390/molecules28155860
https://doi.org/10.3390/ijms17060920
https://doi.org/10.1093/nar/gkr777
https://doi.org/10.1186/s13321-020-00456-1
https://doi.org/10.1016/j.ddtec.2004.11.007
https://doi.org/10.1021/ci2001428
https://doi.org/10.1016/j.chempr.2020.05.002
https://doi.org/10.1080/01431160412331269698
https://doi.org/10.14419/ijet.v7i4.20.22115
https://doi.org/10.1016/j.artmed.2004.07.008
https://doi.org/10.1186/s12864-019-6413-7
https://doi.org/10.1186/s13321-018-0302-y
https://doi.org/10.1021/jm9602928
https://doi.org/10.3390/ph19030349


Pharmaceuticals 2026, 19, 349 39 of 39

48. Mosca, E.; Szigeti, F.; Tragianni, S.; Gallagher, D.; Groh, G. SHAP-based explanation methods: A review for NLP interpretability.
In Proceedings of the 29th International Conference on Computational Linguistics, Gyeongju, Republic of Korea, 12–17 October 2022;
International Committee on Computational Linguistics: New York, NY, USA, 2022; pp. 4593–4603.

49. Atiya Ali, M.; Poortvliet, E.; Strömberg, R.; Yngve, A. Polyamines in foods: Development of a food database. Food Nutr. Res. 2011,
55, 5572. [CrossRef]

50. Sutton, J.M.; Clark, D.E.; Dunsdon, S.J.; Fenton, G.; Fillmore, A.; Harris, N.V.; Higgs, C.; Hurley, C.A.; Krintel, S.L.; MacKenzie,
R.E. Novel heterocyclic DPP-4 inhibitors for the treatment of type 2 diabetes. Bioorg. Med. Chem. Lett. 2012, 22, 1464–1468.
[CrossRef]

51. Cohen, N.C.; Blaney, J.M.; Humblet, C.; Gund, P.; Barry, D.C. Molecular modeling software and methods for medicinal chemistry.
J. Med. Chem. 1990, 33, 883–894. [CrossRef]

52. Eswar, N.; Eramian, D.; Webb, B.; Shen, M.-Y.; Sali, A. Protein structure modeling with MODELLER. In Structural Proteomics:
High-Throughput Methods; Springer: Berlin/Heidelberg, Germany, 2008; pp. 145–159.

53. Case, D.A.; Aktulga, H.M.; Belfon, K.; Ben-Shalom, I.Y.; Berryman, J.T.; Brozell, S.R.; Cerutti, D.S.; Cheatham, T.E., III; Cisneros,
G.A.; Cruzeiro, V.W.D. Amber 2023; University of California, San Francisco: San Francisco, CA, USA, 2023.

54. Wang, S.; Witek, J.; Landrum, G.A.; Riniker, S. Improving conformer generation for small rings and macrocycles based on distance
geometry and experimental torsional-angle preferences. J. Chem. Inf. Model. 2020, 60, 2044–2058. [CrossRef]

55. O’Boyle, N.M.; Banck, M.; James, C.A.; Morley, C.; Vandermeersch, T.; Hutchison, G.R. Open Babel: An open chemical toolbox. J.
Cheminform. 2011, 3, 33. [CrossRef]

56. Trott, O.; Olson, A.J. AutoDock Vina: Improving the speed and accuracy of docking with a new scoring function, efficient
optimization, and multithreading. J. Comput. Chem. 2010, 31, 455–461. [CrossRef]

57. Vassetti, D.; Pagliai, M.; Procacci, P. Assessment of GAFF2 and OPLS-AA general force fields in combination with the water
models TIP3P, SPCE, and OPC3 for the solvation free energy of druglike organic molecules. J. Chem. Theory Comput. 2019, 15,
1983–1995. [CrossRef]

58. Jakalian, A.; Jack, D.B.; Bayly, C.I. Fast, efficient generation of high-quality atomic charges. AM1-BCC model: II. Parameterization
and validation. J. Comput. Chem. 2002, 23, 1623–1641. [CrossRef]

59. Roe, D.R.; Cheatham, T.E., III. PTRAJ and CPPTRAJ: Software for processing and analysis of molecular dynamics trajectory data.
J. Chem. Theory Comput. 2013, 9, 3084–3095. [CrossRef]

60. Miller, B.R., III; McGee, T.D., Jr.; Swails, J.M.; Homeyer, N.; Gohlke, H.; Roitberg, A.E. MMPBSA. py: An efficient program for
end-state free energy calculations. J. Chem. Theory Comput. 2012, 8, 3314–3321. [CrossRef]

61. Hunt, J. Advanced Guide to Python 3 Programming; Springer: Berlin/Heidelberg, Germany, 2019.
62. Snider, L.; Swedo, S. PANDAS: Current status and directions for research. Mol. Psychiatry 2004, 9, 900–907. [CrossRef]
63. Harris, C.R.; Millman, K.J.; Van Der Walt, S.J.; Gommers, R.; Virtanen, P.; Cournapeau, D.; Wieser, E.; Taylor, J.; Berg, S.; Smith, N.J.

Array programming with NumPy. Nature 2020, 585, 357–362. [CrossRef]
64. Kramer, O. Scikit-learn. In Machine Learning for Evolution Strategies; Springer: Berlin/Heidelberg, Germany, 2016; pp. 45–53.
65. Chen, T. XGBoost: A Scalable Tree Boosting System; Cornell University: Ithaca, NY, USA, 2016.
66. Sainburg, T.; McInnes, L.; Gentner, T.Q. Parametric UMAP embeddings for representation and semisupervised learning. Neural

Comput. 2021, 33, 2881–2907. [CrossRef]
67. Bisong, E. Matplotlib and seaborn. In Building Machine Learning and Deep Learning Models on Google Cloud Platform: A Comprehensive

Guide for Beginners; Springer: Berlin/Heidelberg, Germany, 2019; pp. 151–165.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/ph19030349

https://doi.org/10.3402/fnr.v55i0.5572
https://doi.org/10.1016/j.bmcl.2011.11.054
https://doi.org/10.1021/jm00165a001
https://doi.org/10.1021/acs.jcim.0c00025
https://doi.org/10.1186/1758-2946-3-33
https://doi.org/10.1002/jcc.21334
https://doi.org/10.1021/acs.jctc.8b01039
https://doi.org/10.1002/jcc.10128
https://doi.org/10.1021/ct400341p
https://doi.org/10.1021/ct300418h
https://doi.org/10.1038/sj.mp.4001542
https://doi.org/10.1038/s41586-020-2649-2
https://doi.org/10.1162/neco_a_01434
https://doi.org/10.3390/ph19030349

	Introduction 
	Results 
	Assembly and Physicochemical Characterization of the DPP4 Bioactivity Dataset 
	Scaffold-Based Partitioning and Dataset Composition Across Independent Split Seeds 
	Supervised Classification Performance Under Scaffold-Based Evaluation 
	Structural Interpretation of the Top-Performing Model Through Substructure and Shape Analysis 
	Performance Stratification by Scaffold Frequency and Calibration Analysis 
	Screening and Prioritization of Food-Derived Compounds 
	Selection of the Reference Crystal Structure and Validation of the Docking Protocol 
	Prioritization of Food-Derived Compounds Based on Predicted Interaction Propensity 
	Conformational Stability of DPP4 Systems Assessed by Molecular Dynamics Simulations 
	Residue-Level Flexibility Analysis During Molecular Dynamics Simulations 
	Protein Compactness During Molecular Dynamics Simulations 
	Collective Motions and Dominant Conformational Variability Revealed by Principal Component Analysis 
	Free Energy Landscape of Dominant Conformational States 
	Hydrogen Bond Persistence Analysis 
	MM-GBSA Binding Free Energy Analysis 

	Discussion 
	Materials and Methods 
	ChEMBL Bioactivity Curation for DPP4 Interaction Potential Modeling 
	Post-Processing of DPP4 Interaction Annotations and Physicochemical Characterization 
	Dataset Integrity Auditing and Canonicalization 
	Scaffold-Based Data Splitting 
	Molecular Representation and Model Training 
	Models and Hyperparameter Search Spaces 
	Model Selection, Prediction, and Performance Assessment 
	Aggregation Across Scaffold Split Seeds 
	Applicability Domain Analysis by Fingerprint Similarity 
	Error Analysis by Similarity, Physicochemical Strata, and Scaffold Frequency 
	Model Interpretability Using SHAP 
	Structural Interpretation and Substituent Analysis 
	Calibration Analysis and Decision Threshold Selection 
	Preparation of the Food-Derived Screening Library 
	Fingerprint Generation for Food-Derived Screening Compounds 
	Virtual Screening, Applicability Domain Filtering, and Post-Screening Analysis 
	Protein Structure Selection and Preparation 
	Ligand 3D Preparation for Docking 
	Molecular Docking 
	Molecular Dynamics Simulations 
	Trajectory Processing and Alignment 
	Structural Stability and Conformational Flexibility 
	Essential Dynamics and Conformational Sampling 
	Free Energy Landscape Analysis 
	Protein–Ligand Hydrogen Bond Analysis 
	Binding Free Energy Estimation 
	Data Analysis and Modeling 


	Conclusions 
	Limitations and Outlook 
	References

