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Abstract

Background/Objectives: Type 2 diabetes mellitus (T2DM) is a multifactorial metabolic
disorder characterized by chronic hyperglycemia, oxidative stress, protein glycation, low-
grade inflammation, and dysregulation of signaling pathways, including those involving
nuclear factor kappa B (NF-κB). Isoflavones from Fabaceae species exhibit diverse biological
activities and may represent multifunctional candidates for addressing the interconnected
mechanisms underlying T2DM. This study performed a consensus in silico pharmacody-
namic screening of twelve representative Fabaceae isoflavones to prioritize compounds
with predicted antiglycating, deglycating, antidiabetic, antioxidant, and NF-κB-related
anti-inflammatory activities. Methods: Twelve representative Fabaceae isoflavones were
evaluated using a multimethod computational workflow. Antiglycating and deglycating
activities were predicted using IT Microcosm, antidiabetic and hypoglycemic activities
were assessed using Prediction of Activity Spectra for Substances (PASS), antioxidant po-
tential was evaluated using similarity-based prediction and quantum-chemical calculations,
and NF-κB-related anti-inflammatory activity was investigated using similarity-based
prediction combined with molecular docking. Molecular docking was applied specifi-
cally to the NF-κB-related anti-inflammatory analysis and did not contribute to the hy-
poglycemic/antidiabetic prediction. The individual predictions were integrated using a
consensus scoring strategy to prioritize compounds across multiple pharmacodynamic
domains. Results: The investigated isoflavones demonstrated moderate but broad pre-
dicted multifunctional activities. Malonylgenistin, biochanin A, and formononetin showed
the most favorable predicted antiglycating profiles. Genistin, acetyldaidzin, acetylglycitin,
and puerarin ranked highest in terms of predicted antidiabetic activity, whereas genistein
exhibited the strongest predicted antioxidant profile. Daidzin and genistin received the
highest integrated NF-κB-related computational rankings, although these predictions apply
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to intact glycosides rather than their expected in vivo hydrolysis products. Conclusions:
This study presents a consensus computational framework for the comparative prioritiza-
tion of Fabaceae isoflavones based on their predicted multifunctional pharmacodynamic
profiles. The results provide a rational basis for selecting candidate compounds for future
biochemical, cell-based, pharmacokinetic, and in vivo investigations, although it is empha-
sized that the present findings are based exclusively on computational predictions and
require experimental validation.

Keywords: type 2 diabetes mellitus; isoflavones; Fabaceae; molecular docking; NF-κB;
glycation; antioxidant activity; PASS; in silico screening

1. Introduction
Type 2 diabetes mellitus (T2DM) is a complex metabolic disorder in which persis-

tent hyperglycemia is accompanied by impaired insulin signaling, oxidative imbalance,
chronic low-grade inflammation, and the progressive accumulation of advanced glycation
end products (AGEs) [1–3]. These pathological events do not occur separately; instead,
they form an interconnected network in which hyperglycemia accelerates nonenzymatic
protein glycation and reactive oxygen species generation, whereas AGEs and their sig-
naling and inflammatory mediators further contribute to endothelial dysfunction, β-cell
impairment, insulin resistance, and tissue injury [4,5]. Consequently, the development of
pharmacologically relevant compounds capable of addressing several diabetes-associated
mechanisms in parallel remains important in medicinal chemistry, pharmacognosy, and
natural-product-based drug discovery [6,7].

Plant-derived polyphenols have received considerable attention in this context because
they frequently present combinations of antioxidant, anti-inflammatory, and metabolism-
modulating properties [7,8]. Among them, isoflavones constitute a structurally distinct
subclass of flavonoids occurring mainly in plants of the Fabaceae family. Compounds such
as daidzein, genistein, puerarin, formononetin, biochanin A, glycitein, and their glycosy-
lated or acylated derivatives are characteristic constituents of several Fabaceae sources,
including Pueraria lobata, Trifolium pratense, and soybean-derived materials [9–11]. Previous
studies have indicated that these molecules may influence oxidative stress, inflammatory
signaling, glucose metabolism, and glycation-related cellular damage, although their activ-
ity profiles differ depending on the chemical structure, substitution pattern, and biological
endpoint [9–11].

Botanical Fabaceae extracts usually consist of multiple structurally related isoflavones,
including aglycones, O-glycosides, C-glycosides, acylated glycosides, and methoxylated
derivatives. Therefore, their biological effects may result from the combined contribution
of several constituents rather than from a single dominant compound. Although individual
isoflavones have been investigated in relation to oxidative stress, inflammation, glucose
metabolism, and AGE-related cellular injury, these data remain dispersed across different
compounds, endpoints, and experimental or computational models [7,12,13]. Consequently,
comparative in silico prioritization of individual isoflavones provides a useful step toward
connecting the phytochemical composition of Fabaceae extracts with mechanism-oriented
biological validation.

Despite the availability of numerous studies on individual isoflavones, their compar-
ative multifunctional relevance to T2DM-associated mechanisms remains insufficiently
systematized. Most previous investigations have focused mainly on one compound, one
biological target, or one pharmacological effect [9,13]. In contrast, the pathogenesis of
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T2DM involves the convergence of several mutually reinforcing processes, including gly-
cation, oxidative stress, inflammatory activation, and impaired glucose regulation [7,14].
This creates the need for an integrated evaluation strategy that moves beyond single-
endpoint screening and considers compounds with balanced activity across several relevant
pharmacodynamic domains.

Consensus in silico screening represents an appropriate approach for this purpose
because it integrates structurally based, probability-based, similarity-based, quantum-
chemical, and docking-derived predictions into a unified prioritization framework [15].
Such an approach can reduce the dependence on a single computational method and facili-
tate the identification of compounds that warrant subsequent experimental testing. In the
present study, twelve representative Fabaceae isoflavones, such as daidzein, glycitein, genis-
tein, puerarin, daidzin, acetyldaidzin, glycitin, acetylglycitin, genistin, malonylgenistin,
biochanin A, and formononetin, were selected for comparative computational analysis. This
panel includes aglycones, C-glycosides, O-glycosides, acylated glycosides, and methoxy-
lated aglycones, thereby allowing the assessment of structurally related molecules with
distinct physicochemical and pharmacodynamic features. To our knowledge, no previous
study has performed a consensus comparison of structurally related Fabaceae isoflavones
across multiple diabetes-related pharmacodynamic domains by integrating similarity-based
prediction, quantum-chemical modeling, molecular docking, and consensus scoring within
a single prioritization framework.

The aim of this work was to perform a consensus in silico screening of twelve rep-
resentative Fabaceae isoflavones to compare their predicted antiglycating, deglycating,
antidiabetic, antioxidant, and NF-κB-related pharmacodynamic profiles within a unified
computational framework. Rather than evaluating isolated compounds or individual
biological endpoints, the study was designed to generate an integrated comparative
pharmacodynamic profile, identify domain-specific priority candidates, and establish
a consensus-based prioritization strategy for subsequent biochemical, cell-based, absorp-
tion, distribution, metabolism, excretion and toxicity (ADMET), and in vivo validation in
models relevant to T2DM and its complications. We hypothesized that structurally related
Fabaceae isoflavones would exhibit distinct computational profiles across diabetes-related
pharmacodynamic domains and that the consensus integration of complementary compu-
tational approaches would provide a more robust and informative prioritization than any
individual predictive method alone.

2. Results
2.1. Overview of In Silico Screening Outputs

The consensus in silico workflow generated a comparative pharmacodynamic pro-
file for twelve structurally related Fabaceae isoflavones. The evaluated panel includes
aglycones, C-glycosides, O-glycosides, acylated glycosides, and methoxylated aglycones.
Each compound was assessed across five diabetes-related activity domains: antiglycating
activity, deglycating activity, hypoglycemic/antidiabetic potential, antioxidant potential,
and NF-κB-related anti-inflammatory potential.

The computational outputs consisted of categorical predictions, similarity- and
probability-based indices, quantum-chemical thermodynamic parameters, docking-derived
affinity indices (generated exclusively for the NF-κB-related domain), and final consensus
classifications. For comparative interpretation, the outputs were converted into standard-
ized activity levels: high, moderate, or low. When the computational methods produced
partially divergent outputs, the final category was marked with a question mark, indicating
reduced confidence at the assigned level.
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Across the integrated screening profile, none of the twelve isoflavones were classified
as inactive in the overall multifunctional assessment. This result was not unexpected
because all the selected compounds share an isoflavone/chromone polyphenolic scaffold,
which is known to provide a baseline capacity for broad pharmacological interactions,
including antioxidant and signaling-related effects. Therefore, the absence of inactive com-
pounds should be interpreted as a scaffold-level baseline property rather than as the main
discriminating outcome of the screening. The most informative result was the domain-
specific differentiation among structurally related compounds. High predicted antigly-
cating activity was observed for malonylgenistin, biochanin A, and formononetin. High
predicted hypoglycemic/antidiabetic activity was observed for acetylglycitin, puerarin,
genistin, and acetyldaidzin. The antioxidant profile of genistein was the most consistent,
whereas those of daidzein, glycitein, puerarin, and formononetin were assigned to the high-
antioxidant category with reduced confidence. In the NF-κB-related assessment, daidzin
and genistin were associated with the highest final consensus classifications.

These results demonstrate that the studied isoflavones did not belong to a uniform
pharmacodynamic group. Instead, the screening revealed domain-specific activity patterns
that enabled the prioritization of individual compounds for different diabetes-related
mechanisms. The overall computational workflow and the main activity-specific priority
candidates are summarized in Figure 1.

 

Figure 1. Integrated in silico screening workflow and mechanistic prioritization of representative
Fabaceae isoflavones. (A) Representative selected isoflavones from the twelve-compound panel,
including aglycone and glycosidic structures. (B) Predicted pharmacodynamic domains relevant to
type 2 diabetes mellitus, including glycation/advanced glycation end product formation (purple),
oxidative stress (green), hypoglycemic/antidiabetic activity (blue), and NF-κB-related inflammation
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(red). The consensus computational workflow included similarity-based prediction, quantum-
chemical modeling, and molecular docking (exclusively for NF-κB-related anti-inflammatory predic-
tion). (C) Representative schematic visualization of the docking grid and ligand placement within
an NF-κB-related binding site. The lower panel summarizes the main domain-specific priority
candidates identified by consensus screening.

2.2. Predicted Antiglycating Activity

The predicted antiglycating activity of the twelve isoflavones was assessed using
the information technology (IT) Microcosm consensus strategy. The final classification
integrated conservative, normal, and risk-based prediction outputs (Table 1).

Table 1. Predicted antiglycating activity of the selected isoflavones using information technology
Microcosm consensus strategies.

Compound Conservative
Strategy Normal Strategy Risk-Based

Strategy % Agreement Final Consensus

Daidzein Moderate — — 33% Moderate?
Glycitein Moderate Moderate Moderate 100% Moderate
Genistein — — Moderate 33% Moderate?
Puerarin Moderate — — 33% Moderate?
Daidzin Moderate Moderate Moderate 100% Moderate

Acetyldaidzin Moderate Moderate Moderate 100% Moderate
Glycitin Moderate Moderate Moderate 100% Moderate

Acetylglycitin Moderate Moderate Moderate 100% Moderate
Genistin Moderate Moderate Moderate 100% Moderate

Malonylgenistin Moderate Moderate High 33% High?
Biochanin A High — — 33% High?

Formononetin High — — 33% High?

“—” indicates contradictory or nonconclusive prediction outputs. The additional “?” indicates
reduced confidence in the assigned activity level because of partial divergence or incomplete concor-
dance among computational outputs.

Three compounds were classified as having “high?” predicted antiglycating activity:
malonylgenistin, biochanin A, and formononetin. Malonylgenistin received a high final
consensus classification because the risk-based strategy indicated high activity, while
the conservative and normal strategies indicated moderate activity. Biochanin A and
formononetin were classified as high by the conservative strategy, although the normal and
risk-based strategies produced nonconclusive outputs.

The remaining nine compounds were classified as “moderate” or “moderate?”. For
glycitein, daidzin, acetyldaidzin, glycitin, acetylglycitin, and genistin, moderate classifica-
tion was supported by all three prediction strategies. Daidzein and puerarin were classified
as moderate mainly through the conservative strategy, whereas genistein was classified as
moderate through the risk-based strategy. Overall, the antiglycation prediction identified
malonylgenistin, biochanin A, and formononetin as the main priority candidates in this
activity domain.

2.3. Predicted Deglycating Activity

The predicted deglycating activity of the selected isoflavones was assessed using the
IT Microcosm consensus strategy. The final classification was derived from conservative,
normal, and risk-based prediction outputs (Table 2).

No compound was classified as having high predicted deglycating activity. Six com-
pounds were assigned to the moderate category: acetyldaidzin, acetylglycitin, biochanin
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A, formononetin, glycitin, and malonylgenistin. All these showed concordant moderate
classifications across all three strategies.

Daidzein, daidzin, genistein, genistin, and puerarin were classified into moderate
categories with reduced confidence because of incomplete agreement between the predic-
tion strategies. Glycitein was the only compound classified as low. Thus, the deglycating
endpoint was less differentiated than the antiglycating endpoint, with most compounds
showing moderate predicted activity and no compound reaching a high classification.

Table 2. Predicted deglycating activity of the selected isoflavones using information technology
Microcosm consensus strategies.

Compound Conservative
Strategy Normal Strategy Risk-Based

Strategy % Agreement Final Consensus

Acetyldaidzin Moderate Moderate Moderate 100% Moderate
Acetylglycitin Moderate Moderate Moderate 100% Moderate
Biochanin A Moderate Moderate Moderate 100% Moderate

Daidzein Moderate Moderate Low 67% Moderate?
Daidzin Moderate Moderate Low 67% Moderate?

Formononetin Moderate Moderate Moderate 100% Moderate
Glycitin Moderate Moderate Moderate 100% Moderate

Malonylgenistin Moderate Moderate Moderate 100% Moderate
Genistein Moderate Moderate — 67% Moderate?
Genistin Moderate Moderate Low 67% Moderate?
Puerarin Moderate Moderate Low 67% Moderate?
Glycitein Low Moderate Low 67% Low

“—” indicates contradictory or nonconclusive prediction output. The additional “?” indicates reduced
confidence in the assigned activity level because of partial divergence or incomplete concordance
among computational outputs.

2.4. Predicted Hypoglycemic and Antidiabetic Activity

The predicted hypoglycemic and antidiabetic potential of the twelve isoflavones was
evaluated using Prediction of Activity Spectra for Substances (PASS) and IT Microcosm-
derived activity indices. PASS provided probability-based outputs for hypoglycemic and
antidiabetic activity, whereas the final consensus index integrated PASS-derived and IT
Microcosm-derived estimates. No molecular docking-derived parameters were used in
the hypoglycemic/antidiabetic prediction or consensus ranking. The results are presented
in Tables 3 and 4. In the PASS-based analysis, puerarin had the highest integrated PASS-
derived index, with a consensus value of 3.0, followed by genistin, daidzin, acetyldaidzin,
and acetylglycitin, each with a PASS-derived consensus index of 2.5. Glycitin and malonyl-
genistin also showed favorable PASS-derived profiles, with a consensus index of 2.0. Lower
PASS-derived indices were observed for biochanin A, genistein, formononetin, daidzein,
and glycitein.

After integration with IT Microcosm-derived estimates, four compounds were clas-
sified as having high predicted antidiabetic activity: acetylglycitin, puerarin, genistin,
and acetyldaidzin. Their final consensus indices ranged from 1.9 to 2.3. Acetylglycitin
had the highest final consensus index (IndC = 2.3), followed by puerarin and genistin
(IndC = 2.0 each) and acetyldaidzin (IndC = 1.9). Six compounds were classified as moder-
ate: daidzin, malonylgenistin, biochanin A, glycitin, formononetin, and daidzein. Their
final consensus indices ranged from 0.8 to 1.5. Two compounds, genistein and glycitein,
were classified as having low predicted antidiabetic activity, with final consensus indices of
0.6 and 0.5, respectively.
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Table 3. Prediction of Activity Spectra for Substances (PASS)-based prediction of the hypoglycemic
and antidiabetic activity of the selected isoflavones.

Compound Hypoglycemic
Pa/Pi

Hypoglycemic
Ind

Antidiabetic
Pa/Pi

Antidiabetic
Ind

PASS Consensus
Pa/Pi

PASS Consensus
Ind

Puerarin 106.60 3 150.60 3 128.60 3.0
Genistin 163.50 3 71.56 2 117.53 2.5
Daidzin 147.75 3 71.11 2 109.43 2.5

Acetyldaidzin 161.00 3 27.89 2 94.45 2.5
Acetylglycitin 113.20 3 11.97 2 62.59 2.5

Glycitin 84.00 2 30.00 2 57.00 2.0
Malonylgenistin 59.63 2 32.47 2 46.05 2.0

Biochanin A 17.43 2 0.51 0 8.97 1.0
Genistein 15.57 2 0.55 0 8.06 1.0

Formononetin 8.58 1 0.28 0 4.43 0.5
Daidzein 7.69 1 0.27 0 3.98 0.5
Glycitein 6.93 1 0.13 0 3.53 0.5

Table 4. Final consensus prediction of the hypoglycemic/antidiabetic activity of the selected isoflavones.

Compound TMax IndM PASS Pa/Pi IndP IndC Final Level

Acetylglycitin 0.565 2.1 62.6 2.5 2.3 High
Puerarin 0.350 1.1 128.6 3.0 2.0 High
Genistin 0.531 1.5 117.5 2.5 2.0 High

Acetyldaidzin 0.736 1.3 94.4 2.5 1.9 High
Daidzin 0.434 0.5 109.4 2.5 1.5 Moderate

Malonylgenistin 0.599 0.9 46.0 2.0 1.5 Moderate
Biochanin A 0.566 1.3 9.0 1.0 1.1 Moderate

Glycitin 0.541 0.3 57.0 2.0 1.1 Moderate
Formononetin 0.611 1.7 4.4 0.5 1.1 Moderate

Daidzein 0.433 1.1 4.0 0.5 0.8 Moderate
Genistein 0.411 0.3 8.1 1.0 0.6 Low
Glycitein 0.561 0.5 3.5 0.5 0.5 Low

TMax is the mean maximum QL-modified Tanimoto similarity coefficient to reference compounds in
the information technology (IT) Microcosm. IndM is the IT Microcosm-derived activity index. IndP
is the PASS-derived activity index. IndC is the integrated consensus index.

2.5. Predicted Antioxidant Activity

The antioxidant potential of the selected isoflavones was evaluated using similarity-
based prediction and quantum-chemical modeling of hydroxyl radical oxidation. The
similarity-based approach generated TQL values and categorical antioxidant predictions,
whereas the quantum-chemical approach provided the selected Gibbs free energy value
for the most favorable modeled hydroxyl radical oxidation pathway. The integrated
results are presented in Table 5. The similarity-based assessment classified genistein
as the only compound with high predicted antioxidant activity. Seven compounds,
such as daidzein, glycitein, puerarin, daidzin, genistin, biochanin A, and formononetin,
were classified as moderate, whereas acetyldaidzin, glycitin, acetylglycitin, and mal-
onylgenistin were classified as low by this approach. The quantum-chemical model
produced a different distribution of activity categories. Daidzein, glycitein, puerarin,
acetyldaidzin, malonylgenistin, and formononetin were classified as above moderate on
the basis of the hydroxyl radical oxidation model. Genistein, acetylglycitin, and genistin
were classified as moderate, while daidzin, glycitin, and biochanin A were classified as
below moderate.

After the integration of both antioxidant prediction outputs, genistein, daidzein,
glycitein, puerarin, and formononetin were classified as high, indicating potentially high
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antioxidant activity but with reduced confidence due to partial disagreement between
the two methods. Genistin was classified as moderate, while acetyldaidzin and malonyl-
genistin were assigned to the moderate category with reduced confidence. Glycitin was
classified as low, whereas daidzin, acetylglycitin, and biochanin A were assigned to the low
category with reduced confidence because of partial divergence between the two antioxi-
dant prediction approaches. Overall, the results of the antioxidant prediction revealed that
genistein was the most consistent antioxidant candidate across the two computational ap-
proaches. Daidzein, glycitein, puerarin, and formononetin also showed favorable predicted
antioxidant profiles, although their final categories were assigned with reduced confidence.
The main numerical indices used for consensus classification, including antidiabetic IndC,
antioxidant TQL and ∆GMin, and NF-κB-related IndMC_BioS, IndDock, and IndNF-κB,
are summarized in Table S1.

Table 5. Integrated antioxidant prediction of the selected isoflavones based on similarity-based and
quantum-chemical approaches.

Compound Similarity-Based
Prediction TQL ∆GMin Quantum-Chemical

Classification % Agreement Final Antioxidant
Consensus

Daidzein Moderate 0.8917 −26.58 Above moderate 50% High?
Glycitein Moderate 1.0000 −28.70 Above moderate 50% High?
Genistein High 0.8218 −27.16 Moderate 50% High?
Puerarin Moderate 0.6103 −34.61 Above moderate 50% High?
Daidzin Moderate 0.9702 −36.06 Below moderate 50% Low?

Acetyldaidzin Low 0.7432 −38.95 Above moderate 50% Moderate?
Glycitin Low 0.9577 −36.92 Below moderate 100% Low

Acetylglycitin Low 0.8093 −39.75 Moderate 50% Low?
Genistin Moderate 0.9721 −35.21 Moderate 100% Moderate

Malonylgenistin Low 0.6818 −41.27 Above moderate 50% Moderate?
Biochanin A Moderate 0.9675 −28.09 Below moderate 50% Low?

Formononetin Moderate 0.9649 −27.74 Above moderate 50% High?

TQL is the maximum similarity coefficient of QL-modified Tanimoto compounds to antioxidant
reference compounds. ∆GMin is the lowest Gibbs free energy value among the modeled hydroxyl
radical oxidation pathways; ∆Gmin values were computed at the PM7 semiempirical level without
explicit solvent correction and are intended for relative comparison only. The additional “?” indi-
cates reduced confidence in the assigned activity level because of partial divergence or incomplete
concordance among computational outputs.

2.6. Predicted NF-κB-Related Anti-Inflammatory Potential

The NF-κB-related anti-inflammatory potential of the selected isoflavones was eval-
uated using similarity-based prediction and molecular docking. The similarity-based
analysis generated the IndMC_BioS index, whereas molecular docking generated binding
energy values and the corresponding IndDock values. These two outputs were integrated
into the final consensus index IndNF-κB, which was used to assign the final activity cate-
gory. The results are presented in Table 6. The similarity-based Microcosm BioS prediction
produced relatively low to moderate index values across the compound set. The highest
IndMC_BioS values were observed for daidzein and formononetin, whereas the lowest
values were observed for acetylglycitin, glycitein, and malonylgenistin. In contrast, the
docking-based assessment predicted favorable binding profiles for all twelve compounds,
with docking-derived indices ranging from 1.9 to 4.1.

The strongest docking-derived profiles were observed for daidzin and genistin, both of
which had an IndDock value of 4.1. Acetyldaidzin and malonylgenistin also had relatively
high docking-derived indices, with values of 3.6 and 3.1, respectively. The remaining
compounds showed moderate-to-favorable docking-derived indices ranging from 1.9 to
2.4. Integration of the similarity-based and docking-derived indices placed genistin and
daidzin in the highest NF-κB-related computational score tier, with IndNF-κB values of
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2.1 and 2.0, respectively. These values represent relative computational rankings within
the investigated compound panel and do not demonstrate functional NF-κB inhibition or
anti-inflammatory activity. The other ten compounds were classified as moderate, with
IndNF-κB values ranging from 0.5 to 1.4. No compound was classified as low in the
final NF-κB-related consensus assessment. Overall, the NF-κB-related screening identified
genistin and daidzin as the strongest candidates in this activity domain. The remaining
isoflavones received moderately integrated NF-κB-related computational scores. The
relatively narrow score range among these compounds indicates limited differentiation
within the applied computational framework, while daidzin and genistin ranked highest.
These results provide a relative ranking for follow-up testing but do not establish an
indication of NF-κB pathway modulation.

To provide a visual interpretation of the docking-based component of the NF-κB-
related screening, a representative schematic visualization was prepared for the two com-
pounds with the highest final NF-κB-related consensus scores, namely, genistin and daidzin
(Figure 2). Both compounds showed the strongest docking-derived profiles among the
evaluated isoflavones, with ∆E values of −9.4 kcal/mol and IndDock values of 4.1. The
predicted placement of these glycosidic isoflavones in an NF-κB-related binding site en-
vironment is shown in Figure 2, which highlights the possible formation of stabilizing
noncovalent interactions.

 

Figure 2. (A) Schematic docking visualization of genistin in the predicted NF-κB-related binding
region. (B) Schematic docking visualization of daidzin in the predicted NF-κB-related binding region.
The protein pocket is shown as a semitransparent gray surface, while the ligands are shown in gray
stick representation. Genistin is shown in green and daidzin in light blue; oxygen and nitrogen atoms
are shown in red and blue, respectively. Dashed black lines indicate possible noncovalent interactions
that may contribute to ligand stabilization within the binding region. Genistin and daidzin were
selected for visualization because they showed the highest docking-derived indices and the highest
final NF-κB-related consensus classifications among the studied isoflavones.
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Table 6. Integrated NF-κB-related computational ranking based on similarity and molecular docking.

Compound IndMC_BioS Docking Energy
∆E, kcal/mol IndDock IndNF-κB Final Level

Genistin 0.0 −9.4 4.1 2.1 High
Daidzin −0.1 −9.4 4.1 2.0 High

Acetyldaidzin −0.7 −9.0 3.6 1.4 Moderate
Glycitin 0.0 −8.2 2.4 1.2 Moderate

Formononetin 0.1 −8.1 2.3 1.2 Moderate
Malonylgenistin −0.8 −8.7 3.1 1.2 Moderate

Biochanin A 0.0 −8.1 2.3 1.1 Moderate
Daidzein 0.1 −7.8 1.9 1.0 Moderate
Puerarin −0.3 −8.1 2.3 1.0 Moderate
Genistein −0.7 −8.1 2.3 0.8 Moderate
Glycitein −1.1 −8.1 2.3 0.6 Moderate

Acetylglycitin −1.3 −8.1 2.3 0.5 Moderate

2.7. Integrated Multifunctional Consensus Profile and Domain-Specific Prioritization

The activity-specific outputs from the five predicted pharmacodynamic domains
(antiglycating, deglycating, hypoglycemic/antidiabetic, antioxidant, and NF-κB-related
anti-inflammatory activity) were integrated to generate a comparative multifunctional
profile for the twelve selected isoflavones (Table 7). All twelve compounds were classified
as having an overall moderate multifunctional consensus profile, reflecting the absence
of inactive compounds across the screening set and the presence of at least moderate
predicted activity in several domains for each isoflavone. However, the domain-specific
patterns differed considerably among compounds, allowing the prioritization of individual
candidates according to their strongest predicted activities.

Table 7. Integrated multifunctional consensus profiles of the selected isoflavones.

Compound Antiglycating
Activity

Deglycating
Activity

Antidiabetic
Activity

Antioxidant
Activity

NF-κB-Related
Activity

Overall
Consensus

Daidzin Moderate? Moderate? Moderate Low? High Moderate
Genistin Moderate Moderate? High Moderate High Moderate

Acetyldaidzin Moderate Moderate High Moderate? Moderate Moderate
Malonylgenistin High? Moderate Moderate Moderate? Moderate Moderate

Glycitin Moderate Moderate Moderate Low Moderate Moderate
Acetylglycitin Moderate Moderate High Low? Moderate Moderate
Biochanin A High? Moderate Moderate Low? Moderate Moderate

Formononetin High? Moderate Moderate High? Moderate Moderate
Genistein Moderate? Moderate? Low High? Moderate Moderate
Glycitein Moderate Low Low High? Moderate Moderate
Puerarin Moderate? Moderate? High High? Moderate Moderate
Daidzein Moderate Moderate? Moderate High? Moderate Moderate

The question mark indicates reduced confidence in the assigned activity category because of partial
divergence between computational outputs. Consensus was assigned on the basis of the integrated
profile across all five activity domains and was used for comparative prioritization rather than
confirmation of biological efficacy.

Malonylgenistin, biochanin A, and formononetin showed the most favorable pre-
dicted antiglycating profiles. Acetylglycitin, puerarin, genistin, and acetyldaidzin were
prioritized for their predicted hypoglycemic/antidiabetic activity. Genistein, daidzein,
glycitein, puerarin, and formononetin were all assigned to the high-antioxidant category
with reduced confidence (High?) due to partial divergence between the similarity-based
and quantum-chemical outputs, with genistein showing the most consistent profile among
them. With respect to NF-κB-related anti-inflammatory potential, daidzin and genistin were
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the strongest predicted candidates, with no other compound reaching a high classification in
this domain. No compound was classified as having high deglycating activity; this endpoint
was less differentiated overall, with most compounds falling into the moderate category.

When the five domains were considered together, the combined profiles of genistin and
puerarin were particularly favorable. Genistin strongly predicted antidiabetic activity and
NF-κB-related activity but moderately predicted antiglycating, deglycating, and antioxidant
activity. Puerarin combined high predicted antidiabetic activity with a potentially high
(although reduced confidence) antioxidant profile and moderately predicted antiglycating
and NF-κB-related activity. Formononetin and malonylgenistin were also notable for their
high predicted antiglycating activity, and acetyldaidzin and daidzin were distinguished by
strong domain-specific antidiabetic and NF-κB-related profiles, respectively. On the basis of
this combined evidence, genistin, puerarin, formononetin, malonylgenistin, acetyldaidzin,
and daidzin emerged as the priority compounds for further target interaction validation.

Genistin, acetyldaidzin, and daidzin are O-glycosides that are subject to extensive
intestinal β-glucosidase and microbial hydrolysis, such that the aglycone (and its phase-II
conjugates) rather than the intact glycoside is expected to be the dominant circulating
and tissue-exposed species in vivo [16]. Their prioritization here reflects the predicted
structure–target complementarity of the intact molecule and should not be read as an
indicator of achievable systemic exposure or in vivo efficacy of the parent compound.
Puerarin, in contrast, possesses a C-glycosidic bond that is resistant to β-glucosidase hy-
drolysis and shows demonstrable oral absorption in vivo [17], suggesting that its predicted
profile has greater direct pharmacokinetic plausibility. Experimental follow-up for O-
glycosidic candidates should therefore evaluate both the parent glycoside and its principal
aglycone/metabolite (genistein, daidzein) in parallel to establish which chemical form is
responsible for any confirmed activity.

Overall, the results of the integrated analysis indicate that no single compound was
superior across all five pharmacodynamic domains. Instead, the most promising candidates
differed according to the target activity domain, supporting a domain-specific validation
strategy rather than the selection of a single universally superior isoflavone.

To facilitate direct comparison of the final categorical outputs across all compounds
and activity domains, the consensus results are summarized as a unified heatmap matrix
in Figure 3.

The heatmap highlights the domain-specific nature of prioritization. No single com-
pound was superior across all five evaluated domains. Instead, malonylgenistin, biochanin
A, and formononetin were associated mainly with antiglycating potential; acetylglycitin,
puerarin, genistin, and acetyldaidzin, with predicted antidiabetic activity; genistein, with
antioxidant potential; and daidzin and genistin, with NF-κB-related anti-inflammatory
potential.

2.8. Pharmacokinetic and Toxicity Properties

The predicted absorption profiles clearly separated the isoflavone glycosides/conjugates
(genistin, acetyldaidzin, malonylgenistin, glycitin, acetylglycitin, and puerarin) from the
corresponding aglycones (daidzein, genistein, glycitein, formononetin, and biochanin A)
(Table 8). Most glycosylated derivatives displayed Caco-2 permeability coefficients below
the high-permeability cutoff (log Papp < −5.1, i.e., Papp < 8 × 10−6 cm/s), together with
low predicted human oral bioavailability at both the 20% and 50% thresholds, whereas the
aglycones consistently exceeded this cutoff and were classified as bioavailable, in agree-
ment with the well-documented requirement for pre-absorptive hydrolysis of isoflavone
glycosides by intestinal β-glucosidases prior to systemic uptake. This trend was not
fully uniform at the 20% bioavailability threshold, however: daidzin was the sole glyco-
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side classified as bioavailable at this lower threshold (low confidence), while remaining
non-bioavailable at the more stringent 50% threshold. This partial discordance indicates
that the glycoside/aglycone separation in predicted oral bioavailability is directionally
consistent—and fully concordant with the Caco-2 permeability data—but is not absolute
across every compound and every confidence tier and should therefore be interpreted at
the level of the overall structural trend rather than as a categorical rule applicable to each
individual glycoside. Human intestinal absorption was predicted to be favorable (>30%)
for most compounds, with malonylgenistin and puerarin being notable exceptions (nonab-
sorbed, low–medium confidence). None of the compounds were predicted P-glycoprotein
substrates with high confidence, and only formononetin and glycitein were flagged as
potential P-glycoprotein inhibitors (high confidence); given the generally low-to-medium
confidence associated with several of these calls, these absorption estimates should be
regarded as indicative rather than conclusive and would benefit from confirmation using
an experimental Caco-2 or PAMPA permeability assay.

Figure 3. Unified heatmap matrix of the final consensus pharmacodynamic classification of the
twelve selected Fabaceae isoflavones across five diabetes-relevant activity domains. Rows represent
individual isoflavones, and columns represent antiglycating, deglycating, antidiabetic, antioxidant,
and NF-κB-related anti-inflammatory activities. The cell colors indicate the final consensus activity
category: high (H), moderate (M), or low (L). An asterisk (*) indicates reduced confidence in the
assigned category due to partial divergence or incomplete concordance among the computational
outputs used for that domain.

https://doi.org/10.3390/ph19091353

https://doi.org/10.3390/ph19091353


Pharmaceuticals 2026, 19, 1353 13 of 38

Table 8. Absorption properties of selected isoflavones based on absorption, distribution, metabolism,
excretion and toxicity in silico screening.

Compound Caco-2
(log Paap)

Human Oral
Bioavailability 20%

Human Intestinal
Absorption

Human Oral
Bioavailability 50%

P-Glycoprotein
Inhibitor

P-Glycoprotein
Substrate

Daidzin −6.34 Bioavailable
(Low Confidence)

Absorbed
(Medium

Confidence)

Non-Bioavailable
(Low Confidence)

Non-Inhibitor
(High

Confidence)

Non-Substrate
(Low Confidence)

Genistin −6.64 Non-Bioavailable
(Low Confidence)

Absorbed
(Low Confidence)

Non-Bioavailable
(Medium

Confidence)

Non-Inhibitor
(High

Confidence)

Non-Substrate
(Low Confidence)

Acetyldaidzin −6.63 Non-Bioavailable
(Low Confidence)

Absorbed
(Low Confidence)

Non-Bioavailable
(Low Confidence)

Non-Inhibitor
(Low Confidence)

Non-Substrate
(Low Confidence)

Malonylgenistin −6.99
Non-Bioavailable

(Medium
Confidence)

Non-Absorbed
(Medium

Confidence)

Non-Bioavailable
(Low Confidence)

Non-Inhibitor
(High

Confidence)

Substrate
(Low Confidence)

Glycitin −6.54 Non-Bioavailable
(Low Confidence)

Absorbed
(Low Confidence)

Non-Bioavailable
(Medium

Confidence)

Non-Inhibitor
(High

Confidence)

Non-Substrate
(Low Confidence)

Acetylglycitin −6.60 Non-Bioavailable
(Low Confidence)

Absorbed
(Low Confidence)

Non-Bioavailable
(Medium

Confidence)

Non-Inhibitor
(High

Confidence)

Substrate
(Low Confidence)

Biochanin A −4.77
Bioavailable

(Medium
Confidence)

Absorbed
(High Confidence)

Bioavailable
(Low Confidence)

Non-Inhibitor
(High

Confidence)

Non-Substrate
(High

Confidence)

Formononetin −4.84
Bioavailable

(Medium
Confidence)

Absorbed
(High Confidence)

Bioavailable
(Low Confidence)

Inhibitor
(High

Confidence)

Non-Substrate
(High

Confidence)

Genistein −4.94 Bioavailable
(Low Confidence)

Absorbed
(High Confidence)

Bioavailable
(Low Confidence)

Non-Inhibitor
(High

Confidence)

Non-Substrate
(High

Confidence)

Glycitein −4.69 Bioavailable
(Low Confidence)

Absorbed
(High Confidence)

Bioavailable
(Low Confidence)

Inhibitor
(High

Confidence)

Non-Substrate
(High

Confidence)

Puerarin −6.44 Non-Bioavailable
(Low Confidence)

Non-Absorbed
(Low Confidence)

Non-Bioavailable
(Medium

Confidence)

Non-Inhibitor
(High

Confidence)

Non-Substrate
(Low Confidence)

Daidzein −4.89
Bioavailable

(Medium
Confidence)

Absorbed
(High Confidence)

Bioavailable
(Low Confidence)

Non-Inhibitor
(High

Confidence)

Non-Substrate
(High

Confidence)

Predicted blood–brain barrier permeability (log PS) followed the same glyco-
side/aglycone dichotomy observed for absorption: most glycosylated isoflavones yielded
log PS values below the Central Nervous System-negative threshold (≤−3) and were consis-
tently classified as non-penetrant (high confidence), while the aglycones showed higher log
PS values approaching or exceeding the Central Nervous System-positive threshold (≥−2),
with formononetin and biochanin A predicted as blood–brain barrier penetrant, albeit with
low-to-medium confidence. One glycoside, acetyldaidzin, was also classified as penetrant
(high confidence) despite a log PS value of −3.75 within the range otherwise associated
with non-penetrant glycosides, representing an exception to the glycoside/aglycone di-
chotomy and, like the genistein discordance noted below, illustrating the non-linear nature
of the classification boundary used by the underlying model. Genistein and daidzein, in
contrast, were predicted as nonpenetrant despite comparable log PS values, illustrating the
model’s nonlinear decision boundary and reinforcing the need for cautious interpretation
of borderline cases. Plasma protein binding was predicted to be moderate-to-high for
all the compounds (74.6–92.3%), which is consistent with the polyphenolic character of
isoflavones. The corresponding fraction unbound values (0.82–1.40) are reported on the
Deep-PK model’s native regression scale rather than as the literal complement of plasma
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protein binding and should not be read as the numerical unbound proportion of drug
in plasma; they are used here only for relative, within-panel comparison. The fraction
unbound values and steady-state volumes of distribution were both noticeably lower for
the aglycones (0.30–0.48 L/kg) than for the glycosylated forms (0.77–0.93 L/kg), suggesting
a more restricted predicted tissue distribution for the deglycosylated metabolites, possibly
reflecting their greater plasma protein affinity (Table 9).

Table 9. Distribution properties of selected isoflavones based on absorption, distribution, metabolism,
excretion and toxicity in silico screening.

Compound
CNS

Permeability
(log PS)

Predicted BBB
Classification

Fraction-Unbound
Model Output

(Deep-PK Native Scale)

Plasma Protein
Binding (%)

Steady State
Volume of

Distribution (L/kg)

Daidzin −3.46 Non-penetrable
(High Confidence) 1.13 91.84 0.86

Genistin −3.72 Non-penetrable
(High Confidence) 0.97 86.74 0.90

Acetyldaidzin −3.75 Penetrable
(High Confidence) 1.25 92.29 0.89

Malonylgenistin −4.08 Non-penetrable
(High Confidence) 1.10 80.26 0.93

Glycitin −4.09 Non-penetrable
(High Confidence) 1.17 91.47 0.77

Acetylglycitin −4.06
Non-penetrable

(Medium
Confidence)

1.19 91.28 0.83

Biochanin A −2.24
Penetrable
(Medium

Confidence)
1.20 81.33 0.36

Formononetin −1.85 Penetrable
(Low Confidence) 1.27 77.81 0.37

Genistein −1.94
Non-penetrable

(Medium
Confidence)

0.82 80.28 0.34

Glycitein −2.47 Non-penetrable
(High Confidence) 1.40 81.27 0.30

Puerarin −3.63 Non-penetrable
(High Confidence) 0.92 87.25 0.91

Daidzein −1.63 Non-penetrable
(High Confidence) 0.91 74.64 0.48

Blood–Brain Barrier values are reported as log PS (log units); Fraction Unbound (Human) is reported
on the Deep-PK model’s native regression scale and does not represent the literal 0–1 bound fraction-
unbound value of classical pharmacokinetics; Plasma Protein Binding is expressed as percent bound
(%); Steady-State Volume of Distribution is expressed in L/kg [18].

The in silico metabolism panel indicated that cytochrome P450-mediated interac-
tions were largely confined to the aglycone forms (Table 10). Biochanin A, formononetin,
genistein, glycitein, and daidzein were each predicted to inhibit multiple major CYP iso-
forms, most consistently CYP1A2, CYP2C19, and CYP3A4, with formononetin additionally
flagged as a CYP2D6 substrate and a CYP1A2 substrate and biochanin A/glycitein as a
CYP2D6 inhibitor; none of the glycosylated conjugates showed comparable CYP inhibitory
potential. Conversely, the substrate status of CYP2C9 was predicted almost universally
across the panel (11 of 12 compounds), suggesting that this isoform may play a role in the
oxidative metabolism of both glycosides and aglycones. Breast cancer Resistance protein
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inhibition was predicted for several aglycones as well as for malonylgenistin and acetyl-
glycitin, whereas none of the compounds were predicted to inhibit OATP1B1 or OATP1B3.
Collectively, these results point to the potential for CYP-mediated drug–isoflavone in-
teractions restricted mainly to the aglycone metabolites, a hypothesis that would require
confirmation through in vitro CYP inhibition assays before any pharmacokinetic interaction
can be inferred with confidence.

Table 10. In silico screening of the metabolic properties of selected isoflavones.

Compound BCRP
CYP 1A2 CYP 2C19 CYP 2C9 CYP 2D6 CYP 3A4

OATP1B1 OATP1B3
Inh. Sub. Inh. Sub. Inh. Sub. Inh. Sub. Inh. Sub.

Daidzin − − − − − − + − − − − − −
Genistin − − − − − − − − − − − − −

Acetyldaidzin − − − − − − + − − − − − −
Malonylgenistin + − − − − − + − − − − − −

Glycitin − − − − − − + − − − − − −
Acetylglycitin + − − − − − + − − − − − −
Biochanin A + + − + − − + + − + − − −

Formononetin + + + + − − + − + + − − −
Genistein + + − + − − + − − + − − −
Glycitein + + − + − − + + − + − − −
Puerarin − − − − − − + − − − − − −
Daidzein + + − + − − + − + + − − −

Note: BCRP—Breast Cancer Resistance Protein; Inh.—inhibitor; Sub.—substrate; + indicates predicted
inhibitor/substrate status; − indicates predicted non-inhibitor/non-substrate status, according to the
corresponding column.

The predicted total clearance was systematically greater for the glycosylated isoflavones
(7.30–11.18 mL/min/kg) than for their aglycone counterparts (3.04–4.55 mL/min/kg), sug-
gesting a comparatively faster predicted elimination of the intact conjugates, which may
in part reflect their more hydrophilic character (Table 11). All twelve compounds were
classified as having a short elimination half-life (<3 h), although the confidence associated
with this classification was generally low for the glycosides and medium for the aglycones.
Notably, Deep-PK reports elimination half-life as a binary categorical output (<3 h vs. ≥3 h)
rather than as a continuous point estimate; consequently, the half-life classification cannot
be directly cross-validated against the numerical clearance values in the same table using
standard pharmacokinetic relationships (e.g., t½ = 0.693 × Vd/CL), since no continuous
half-life value is available from the model, and the two endpoints represent independent
predictions rather than internally derived quantities. Given the short predicted half-lives
across the entire series, the plasma persistence of these isoflavones in vivo is likely to de-
pend substantially on continuous intestinal absorption/enterohepatic recirculation rather
than on slow systemic elimination, a point that in silico clearance and half-life predictions
alone cannot resolve and that warrants experimental pharmacokinetic verification.

Table 11. Excretion properties of selected isoflavones based on ADMET in silico screening.

Compound Clearance Half-Life of Drug

Daidzin 8.26 Half-Life < 3 h (Low Confidence)

Genistin 11.18 Half-Life < 3 h (Medium Confidence)
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Table 11. Cont.

Compound Clearance Half-Life of Drug

Acetyldaidzin 7.73 Half-Life < 3 h (Low Confidence)

Malonylgenistin 7.30 Half-Life < 3 h (Low Confidence)

Glycitin 7.65 Half-Life < 3 h (Low Confidence)

Acetylglycitin 7.34 Half-Life < 3 h (Low Confidence)

Biochanin A 3.04 Half-Life < 3 h (Medium Confidence)

Formononetin 4.55 Half-Life < 3 h (Medium Confidence)

Genistein 3.27 Half-Life < 3 h (Medium Confidence)

Glycitein 3.31 Half-Life < 3 h (Medium Confidence)

Puerarin 9.59 Half-Life < 3 h (Low Confidence)

Daidzein 3.17 Half-Life < 3 h (Medium Confidence)
Clearance is expressed as total predicted clearance in mL/min/kg body weight (composite, non-
organ-specific estimate). The half-life of drugs is reported by Deep-PK as a categorical classifica-
tion (<3 h vs. ≥3 h) rather than a continuous numerical value; the accompanying confidence tag
(low/medium/high) reflects whether the query compound falls within the applicability domain of
the underlying classification model, not a statistical probability of the class assignment [18].

The toxicity predictions revealed a consistent pattern in which the Ames mutagenicity
outcome mirrored the glycoside/aglycone divide observed for the ADME parameters:
all seven glycosylated isoflavones were predicted to be mutagenic (high confidence),
whereas all five aglycones were predicted to be nonmutagenic (medium-to-high confi-
dence) (Table 12). This finding is at odds with the substantial body of experimental and
epidemiological evidence supporting the safety of dietary isoflavone glycosides and should
therefore be interpreted with particular caution, likely reflecting a limitation of the under-
lying training data or structural applicability domain of the model rather than genuine
genotoxic potential; experimental Ames testing is recommended before any conclusions
are drawn. Carcinogenicity was predicted to be low for nearly the entire panel, with
genistein being the only exception (toxicity, low confidence). In contrast, hepatotoxicity
predictions (Liver Injury I and II) tended in the opposite direction of the mutagenicity
results: the glycosylated conjugates were largely classified as safe for Liver Injury I (low-
to-medium confidence), whereas all five aglycones were flagged as hepatotoxic; for Liver
Injury II, nearly the entire compound set, glycosides and aglycones alike, was classified
as toxic (medium confidence, except genistein, low confidence). Given the generally low-
to-medium confidence levels associated with several of these toxicity endpoints and the
apparent dietary safety data for isoflavone glycosides, these in silico toxicity flags should
be regarded as hypothesis-generating rather than definitive, and any conclusions concern-
ing the safety of these compounds should ultimately rely on dedicated in vitro/in vivo
toxicological assessments.

Table 12. Toxicity properties of selected isoflavones based on ADMET in silico screening.

Compound AMES
Mutagenesis Carcinogenesis Liver Injury I Liver Injury II

Daidzin Toxic
(High Confidence)

Safe
(High Confidence)

Safe
(Low Confidence)

Toxic
(Medium Confidence)

Genistin Toxic
(High Confidence)

Safe
(High Confidence)

Safe
(Low Confidence)

Toxic
(Medium Confidence)
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Table 12. Cont.

Compound AMES
Mutagenesis Carcinogenesis Liver Injury I Liver Injury II

Acetyldaidzin Toxic
(High Confidence)

Safe
(High Confidence)

Safe
(Medium Confidence)

Toxic
(Medium Confidence)

Malonylgenistin Toxic
(High Confidence)

Safe
(High Confidence)

Safe
(Medium Confidence)

Toxic
(Medium Confidence)

Glycitin Toxic
(High Confidence)

Safe
(High Confidence)

Safe
(Medium Confidence)

Toxic
(Medium Confidence)

Acetylglycitin Toxic
(High Confidence)

Safe
(High Confidence)

Safe
(Medium Confidence)

Toxic
(Medium Confidence)

Biochanin A Safe
(High Confidence)

Safe
(Low Confidence)

Toxic
(Medium Confidence)

Toxic
(Medium Confidence)

Formononetin Safe
(Medium Confidence)

Safe
(Low Confidence)

Toxic
(Low Confidence)

Toxic
(Medium Confidence)

Genistein Safe
(High Confidence)

Toxic
(Low Confidence)

Toxic
(Medium Confidence)

Toxic
(Low Confidence)

Glycitein Safe
(High Confidence)

Safe
(Medium Confidence)

Toxic
(Medium Confidence)

Toxic
(Medium Confidence)

Puerarin Toxic
(High Confidence)

Safe
(High Confidence)

Safe
(Low Confidence)

Toxic
(Medium Confidence)

Daidzein Safe
(High Confidence)

Safe
(Low Confidence)

Toxic
(Medium Confidence)

Toxic
(Medium Confidence)

3. Discussion
The present study applied a consensus in silico strategy to compare twelve structurally

related Fabaceae isoflavones across five pharmacodynamic domains relevant to type 2
diabetes mellitus: antiglycating, deglycating, hypoglycemic/antidiabetic, antioxidant, and
NF-κB-related anti-inflammatory activity. Rather than identifying a single compound with
superior predicted activity across all domains, the analysis demonstrated that different
isoflavones were preferentially associated with different pharmacodynamic mechanisms.
These findings indicate that Fabaceae isoflavones should be considered a chemically related
but pharmacodynamically heterogeneous group rather than interchangeable compounds.

The absence of completely inactive compounds should also be interpreted in the con-
text of their shared isoflavone/chromone scaffold with phenolic substitution, a structural
framework commonly associated with broad low-to-moderate biological reactivity, includ-
ing antioxidant and signaling-related effects. Consequently, the principal contribution of
the present screening lies not in demonstrating that these compounds possess biological
activity but in distinguishing their relative pharmacodynamic profiles and providing a
rational basis for mechanism-specific experimental prioritization.

This interpretation is consistent with the broader literature describing isoflavones as
pleiotropic natural products capable of affecting oxidative stress, inflammation, glucose
metabolism, and cellular stress responses [7,9,17,19,20]. However, the present work pro-
vides different types of contributions. Many previous studies have focused on individual
isoflavones, isolated biological targets, or single pharmacological endpoints [7,9,17,19,20].
In contrast, the current study compared a coherent panel of aglycones, C-glycosides, O-
glycosides, acylated glycosides, and methoxylated aglycones using the same integrated
computational framework. Therefore, the novelty of this work lies in the comparative,

https://doi.org/10.3390/ph19091353

https://doi.org/10.3390/ph19091353


Pharmaceuticals 2026, 19, 1353 18 of 38

mechanism-oriented prioritization of individual isoflavones across several pathways rele-
vant to diabetes.

Although deglycating activity is less frequently investigated than antiglycating activity
in antidiabetic drug discovery, its inclusion is biologically justified because protein glycation
is a major contributor to the development of diabetic complications. Chronic hyperglycemia
promotes the nonenzymatic glycation of proteins, nucleic acids, and lipids, leading to the
accumulation of AGEs, which contribute to oxidative stress, inflammation, endothelial
dysfunction, and tissue damage through AGE-dependent signaling pathways [21,22].

Importantly, antiglycation and deglycation represent distinct biological mechanisms.
Antiglycation prevents or inhibits the formation of early glycation products, whereas
deglycation involves the repair or removal of reversible early glycation adducts before irre-
versible AGE formation occurs. Once stable AGEs have formed, repair is no longer possible,
and damaged proteins must instead be eliminated through normal protein turnover. There-
fore, antiglycation and deglycation represent complementary rather than interchangeable
protective mechanisms against glycation-induced damage [21–24].

Accordingly, evaluating both predicted antiglycating and deglycating activities pro-
vides a broader assessment of the potential of candidate compounds to interfere with
glycation-associated pathology. Although deglycation remains a comparatively underex-
plored pharmacological endpoint, it represents a biologically meaningful mechanism that
complements conventional antiglycation strategies for limiting diabetes-related complica-
tions [21–24].

The observed distinction between the predicted antiglycating and deglycating profiles
is biologically meaningful and is consistent with the general concept that phenolic com-
pounds primarily interfere with the early stages of glycation through multiple mechanisms,
including the reduction in oxidative stress, the trapping of reactive carbonyl species, and the
modulation of protein glycation pathways [25–28]. Nevertheless, no compound was classi-
fied as highly deglycating, suggesting that the selected isoflavones may be more promising
for limiting glycation or AGE formation than for reversing already established glycation
products. Therefore, antiglycating and deglycating effects should be validated separately
using appropriate albumin-, collagen-, hemoglobin-, or AGE-crosslink-based assays.

The high ranking of puerarin is biologically plausible because this compound is
widely studied among Pueraria isoflavones and has been associated with glucose and lipid
metabolism, insulin resistance, and inflammatory regulation in experimental models [17,19].
The prioritization of genistin and acylated glycosides also highlights the possible impor-
tance of glycosidic and acylated substitution patterns in the computational recognition of
antidiabetic potential. However, this should not be interpreted as direct evidence that these
derivatives will be more effective in vivo. Isoflavone aglycones, O-glycosides, C-glycosides,
and acylated glycosides may differ considerably in terms of solubility, intestinal absorption,
microbial metabolism, conjugation, and systemic exposure [16].

An important caveat applies specifically to the glycosidic derivatives prioritized in the
antidiabetic (acetylglycitin, puerarin, genistin, acetyldaidzin) and NF-κB-related (daidzin,
genistin) domains. With the partial exception of puerarin, whose C-glycosidic bond is
resistant to intestinal β-glucosidase and microbial hydrolysis and which shows demon-
strable oral absorption in vivo [21], O-glycosidic isoflavones are extensively hydrolyzed
by intestinal mucosal and microbial β-glucosidases prior to systemic absorption such
that the aglycone (and its phase-II glucuronide/sulfate conjugates) rather than the intact
glycoside is the dominant circulating and tissue-exposed species [17]. This matters for
the present predictions, specifically because hydrolysis removes the sugar moiety that
contributes much of the structural bulk, polarity, and hydrogen-bonding pattern used
by the similarity-based (IT Microcosm, Microcosm BioS) and docking-based models to
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recognize a compound as active; a favorable predicted pose or descriptor neighborhood
for daidzin or genistin therefore does not necessarily transfer to the released aglycone,
daidzein or genistein, and vice versa. The effect can be compounded further downstream,
since aglycones such as daidzein are themselves substrates for additional gut-microbial
biotransformation—most notably conversion to equol and related metabolites—which can
yield circulating species with substantially different receptor affinity and redox behavior
than the parent compound modeled here and whose formation is highly variable between
individuals (“equol-producer” versus “nonproducer” phenotypes) [21,22]. Puerarin’s
C-glycosidic bond avoids the hydrolysis step itself, although its low aqueous solubility
and limited passive permeability independently constrain oral bioavailability [23]. The
present docking- and similarity-based predictions for genistin and daidzin against intra-
cellular NF-κB-related targets should therefore be interpreted as descriptors of intrinsic
structure-based target complementarity of the administered form rather than as evidence
of achievable in vivo target engagement by the intact glycoside. We recommend that exper-
imental validation of these candidates include the corresponding aglycones and predicted
microbial metabolites alongside the parent compounds and that pharmacokinetic profiling
be prioritized before any glycoside-specific mechanistic claim is advanced.

The classification of genistein illustrates the value of a multi-endpoint approach. Al-
though genistein is widely discussed in the literature as a biologically active isoflavone
with relevance to oxidative stress, inflammation, β-cell protection, and metabolic regu-
lation, it was not prioritized as a high antidiabetic candidate in the present consensus
model [9,20,24]. This should not be interpreted as evidence against its antidiabetic rele-
vance. Rather, these findings indicate that, within the specific computational framework
used here, genistein was more strongly represented as an antioxidant candidate than as
a direct hypoglycemic/antidiabetic candidate. This difference highlights how the same
molecule may be favorable in one pharmacodynamic domain but less prominent in another.

The partial difference between similarity-based and quantum-chemical predictions
highlights the complexity of antioxidant activity assessment. Because antioxidant activity
is strongly method dependent, the predicted rankings may vary according to the assay
system, radical species, reaction medium, and biological model used [27,29]. Structural
similarity to known antioxidant compounds does not necessarily correspond to thermody-
namic favorability in a radical-reaction model, and neither approach fully substitutes for
experimental antioxidant assays. For this reason, the uncertainty marks should be retained
in the final interpretation. Antioxidant candidates should be evaluated using both chemical
assays and cell-based oxidative stress models.

NF-κB-related analysis illustrates the value of integrating similarity-based prediction
with molecular docking when candidate compounds are prioritized. These findings are
consistent with published evidence that isoflavones can modulate inflammatory signaling
pathways, including NF-κB-associated mechanisms. However, the interpretation of the
docking-derived outputs requires caution. In the present study, molecular docking sug-
gested favorable binding profiles for all twelve compounds, whereas the similarity-based
indices provided greater discrimination among the compounds. This difference supports
the use of a consensus approach rather than relying on docking alone. Molecular dock-
ing estimates potential ligand–target affinity under simplified assumptions but does not
confirm cellular target engagement, transcriptional inhibition, cytokine suppression, or
pathway modulation [30]. Therefore, the prioritized compounds identified by the consen-
sus analysis should be considered candidates for subsequent NF-κB-related experimental
validation rather than confirmed NF-κB inhibitors.

Notably, the present docking analysis was designed as a consensus affinity-ranking
screen across the full compound panel, generating a mean docking energy and derived
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affinity index for every isoflavone against all nine validated NF-κB models (Table 6),
rather than as an exhaustive residue-level interaction study of each compound. Detailed
visualization of ligand–residue interactions (Figure 2) was limited to the two compounds
that achieved the highest final consensus NF-κB-related scores, namely, genistin and
daidzin, for which key stabilizing residues (Gln241, Arg187, and Tyr188) were identified
in the representative docked poses. Comprehensive interaction-level mapping for the
remaining compounds in the panel was outside the scope of this prioritization-oriented
screen and is recommended as part of the proposed follow-up structure-based validation
(e.g., extended pose analysis, cocrystallographic studies, or focused docking refinement)
for the compounds identified here as domain-specific priority candidates.

Taken together, the results support a domain-specific validation strategy rather than
the selection of a single universally superior isoflavone. The observed pharmacodynamic
heterogeneity suggests that different Fabaceae isoflavones may contribute to complemen-
tary biological mechanisms, including antiglycation, glucose homeostasis, antioxidant
defense, and NF-κB-related inflammatory regulation. This distribution may help explain
why isoflavone-rich Fabaceae extracts frequently exhibit broad biological effects, with indi-
vidual constituents contributing to different mechanistic components of the overall activity.

The present study has several limitations. First, all findings are derived from compu-
tational models and should therefore be regarded as hypothesis-generating rather than as
evidence of biological efficacy. A high predicted score, favorable similarity index, or strong
docking-derived affinity does not indicate pharmacological activity, target engagement, or
therapeutic effectiveness.

Second, the ligand-based prediction methods used in this study, including PASS, IT
Microcosm, and similarity-based approaches, infer biological activity primarily from the
chemical structure of the investigated compounds. Such methods are particularly suitable
for the early-stage prioritization of natural products because the evaluated pharmacody-
namic endpoints (antiglycating, deglycating, antidiabetic, antioxidant, and NF-κB-related
anti-inflammatory activities) represent complex systemic and multitarget biological pro-
cesses rather than the modulation of a single molecular target. However, these approaches
also have inherent limitations. They rely predominantly on two-dimensional molecular rep-
resentations and on the quality and diversity of the reference compounds used for model
development. Consequently, they do not explicitly account for three-dimensional pro-
tein structures, protein flexibility, induced-fit effects, or the physicochemical environment
governing ligand–target interactions, which may influence biological activity.

To partially address these limitations, the present study combined complementary
computational approaches, including ligand-based prediction, quantum-chemical mod-
eling, molecular docking specifically for the NF-κB-related anti-inflammatory analysis,
and in silico ADMET analysis. The consensus integration of independent computational
methods reduces the reliance on any single prediction strategy and provides a more robust
basis for comparative compound prioritization. Nevertheless, the consensus framework
remains a computational prioritization tool and cannot replace experimental validation.

Third, although in silico ADMET prediction was incorporated to complement the
pharmacodynamic assessment, these predictions remain computational estimates and can-
not substitute for experimental pharmacokinetic or toxicological evaluation. Parameters
such as intestinal absorption, metabolism, tissue distribution, plasma protein binding,
and toxicity should therefore be interpreted cautiously and verified experimentally before
biological conclusions are drawn. This is particularly important for isoflavones because
glycosylation, acylation, intestinal hydrolysis, and microbial biotransformation substan-
tially influence systemic exposure and biological activity. In particular, the compound-level
exceptions noted for daidzin (20% oral bioavailability) and acetyldaidzin (BBB penetra-
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tion) underscore that the glycoside/aglycone dichotomy observed across most ADMET
endpoints should be treated as a general trend rather than a categorical rule, and that indi-
vidual predictions—especially those with low or medium confidence—should be verified
independently before being used to support compound-specific pharmacokinetic claims.

Fourth, molecular docking simplifies the biological environment and may not ade-
quately account for protein flexibility, solvent effects, pH, competing ligands, intracellular
concentrations, or downstream signaling complexity. Similarly, the quantum-chemical
antioxidant classification relied on the semiempirical PM7 method without explicit solvent
modeling. Although this approach is appropriate for relative comparison across structurally
related compounds, the calculated Gibbs free energy values should not be interpreted as
quantitatively exact thermodynamic parameters. Confirmation using higher-level density
functional theory methods (e.g., M06-2X or ωB97X-D with an implicit solvation model
such as SMD) would further strengthen future antioxidant assessments.

Finally, independent prediction methods were expressed using a categorical consensus
framework supplemented by explicit percent agreement values rather than continuous
statistical measures of intermethod variability. Future developments may incorporate
normalized rank-aggregation approaches (e.g., Borda count or rank-by-rank consensus)
together with experimental benchmark datasets to further improve the robustness and
validation of consensus-based prioritization.

Future work should proceed through endpoint-specific validation of the compounds
prioritized by the consensus analysis. Antiglycation candidates should be evaluated using
established protein glycation models, whereas compounds prioritized for antidiabetic activ-
ity should be investigated in glucose metabolism, enzyme inhibition, insulin resistance, and
β-cell protection assays. The predicted antioxidant candidates should be validated using
complementary chemical assays, higher-level DFT calculations with implicit solvation, and
cell-based oxidative stress models. Likewise, NF-κB-prioritized compounds should be
examined using reporter assays, cytokine expression analysis, and inflammatory marker
evaluation. In parallel, the in silico ADMET predictions presented in this study should
be complemented by experimental pharmacokinetic and toxicological investigations to
verify the predicted absorption, metabolism, and safety profiles before advancing the most
promising candidates to in vivo studies.

To conclude, this study provides a structured computational basis for selecting individ-
ual Fabaceae isoflavones for further diabetes-related biological validation. Its main value
lies in comparative prioritization rather than experimental confirmation. These findings
support the view that structurally related isoflavones may contribute to antiglycating,
antidiabetic, antioxidant, and anti-inflammatory mechanisms and that consensus in silico
screening can serve as a useful first step in mechanism-oriented natural product research.

4. Materials and Methods
4.1. Selection of Isoflavones

A panel of twelve representative isoflavones was selected to provide a chemically
coherent yet structurally diverse dataset for consensus in silico pharmacodynamic screen-
ing. Compound selection was based on three main criteria: relevance to Fabaceae-derived
phytochemicals, occurrence in isoflavone-rich botanical sources, and suitability for compar-
ative evaluation across pharmacodynamic mechanisms associated with T2DM. The selected
panel was designed to move beyond the assessment of isolated aglycones and to include
glycosylated, acylated, and methoxylated derivatives, thereby allowing the influence of
substitution pattern and structural class on predicted activity to be considered.

The compounds investigated were daidzein, glycitein, genistein, puerarin, daidzin,
acetyldaidzin, glycitin, acetylglycitin, genistin, malonylgenistin, biochanin A, and for-
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mononetin. These molecules represent major structural subclasses of naturally occur-
ring Fabaceae isoflavones, including aglycones, C-glycosides, O-glycosides, acetylated
O-glycosides, malonylated O-glycosides, and methoxylated aglycones. These compounds
have been reported in Fabaceae-derived materials, particularly soybean, Pueraria spp., and
Trifolium pratense [31–40]. Detailed structural information, Fabaceae occurrence, and ratio-
nale for inclusion of the twelve selected Fabaceae isoflavones used for in silico screening
are provided in Table S2.

The inclusion of daidzein, glycitein, and genistein enabled comparison of parent agly-
cone structures, whereas puerarin was included as a representative C-glycoside. Daidzin,
glycitin, and genistin were selected as O-glycosidic derivatives, while acetyldaidzin, acetyl-
glycitin, and malonylgenistin were included to address the possible contribution of acy-
lation to the predicted pharmacodynamic behavior. Biochanin A and formononetin were
incorporated as methoxylated aglycones to compare methylated structures with their
corresponding nonmethylated analogs.

On the basis of these considerations, the final compound set provided a balanced
structural basis for evaluating how aglycone/glycoside status, acylation, C- versus O-
glycosidic linkage, and methoxylation may influence predicted antiglycating, deglycating,
antidiabetic, antioxidant, and NF-κB-related activity. The chemical structures and structural
classification of the twelve selected compounds are presented in Figure 4.

Figure 4. Chemical structures and structural classification of the twelve isoflavone compounds
included in the in silico screening study. The selected panel includes aglycone isoflavones, C-
glycosides, O-glycosides, acetylated O-glycosides, malonylated O-glycosides, and methoxylated
aglycones representative of Fabaceae isoflavones.
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4.2. Molecular Structure Preparation

The two-dimensional chemical structures of the twelve selected isoflavones were
prepared as the initial input dataset for subsequent computational analysis. Each structure
was checked for chemical correctness, including atom connectivity, bond order, valence
state, stereochemical consistency where applicable, and agreement between the compound
name and molecular structure. This step was essential to ensure that all subsequent
predictions were based on standardized and comparable chemical representations.

For descriptor-based prediction, the molecular structures were converted into standard
chemical file formats compatible with the applied in silico platforms. Structures were
prepared using ChemOffice/ChemFinder 20.1.1 and Chemaxon Marvin/MarvinSketch
17.1.23 [41], and the resulting files were saved in structured data files (SDF) or MDL
information system (MOL) format for subsequent computational workflows.

For calculations requiring three-dimensional molecular geometry, the two-dimensional
structures were converted into 3D conformations. Hydrogen atoms were added, and
the resulting structures were inspected to confirm a chemically reasonable geometry be-
fore optimization. Several conformers were generated for each compound, using Mar-
vin/MarvinSketch, and the lowest-energy conformer was selected for subsequent calcula-
tions. For quantum-chemical antioxidant modeling, both the parent isoflavones and their
proposed hydroxyl-radical oxidation products were prepared using the same procedure.
For molecular docking, the three-dimensional ligand structures were energy-minimized in
PyRx 0.8 using the integrated Open Babel module. The optimized three-dimensional ligand
structures with added hydrogen atoms were imported into PyRx 0.8, assigned AutoDock-
compatible atom types and Gasteiger partial charges, and converted to PDBQT format.

The standardized molecular structures were subsequently used as input data for
IT Microcosm-based prediction, PASS analysis, similarity-based antioxidant prediction,
quantum-chemical modeling, and NF-κB-related docking. A summary of the computational
platforms, input data, outputs, and their roles in the consensus workflow is provided in
Table S3.

4.3. Prediction of Antiglycating and Deglycating Activities Using an IT Microcosm

The predicted antiglycating and deglycating activities of the selected isoflavones were
evaluated using the IT Microcosm v.7.2 computational platform [42]. This method was
adopted because it enables structure-based prediction of pharmacological activity through
descriptor-based comparisons with reference datasets of compounds with previously
established experimental activity.

The standardized molecular structures of the twelve isoflavones were imported into
the IT Microcosm workflow and translated into QL structural descriptors. The QL de-
scriptor system provides a hierarchical representation of the chemical structure, including
atom-centered fragments, bond characteristics, path–length relationships, and higher-order
combinations of structural fragments. These descriptors were used to compare the investi-
gated isoflavones with reference datasets containing compounds classified according to
antiglycating and deglycating activity. The reference antiglycating and deglycating datasets
were derived from curated bioactivity data sources, including ChEMBL [43,44].

Predictions were performed separately for antiglycating and deglycating activity.
For each endpoint, the software generated categorical outputs corresponding to different
activity levels. The activity levels were expressed as high, moderate, low, or inactive,
depending on the agreement between the prediction strategies. Internally inconsistent or
contradictory outputs were treated as prediction refusal and were marked accordingly.

Three complementary prediction strategies were applied: conservative, normal, and
risk-based. A conservative strategy was used to identify the most stable and reproducible
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structure–activity patterns. The normal strategy allowed consideration of both common
and less frequent structural features associated with activity. The risk-based strategy
was included to account for potentially relevant but less conventional structural patterns,
particularly in cases where novel or less represented molecular features may contribute
to activity.

The IT Microcosm prediction framework has been described previously; therefore,
only the decision rules used for activity classification are summarized here:

High = Ahigh + Ahigh/moderate + Aactive

Moderate = Nhigh + Ahigh/moderate + Aactive

Low = Nhigh + Nhigh/moderate + Aactive

Inactive = Nhigh + Nhigh/moderate + Nactive

where A indicates a positive prediction and N indicates a negative prediction for the
corresponding activity level.

For each activity endpoint, the outputs obtained from the three strategies were inte-
grated into a final consensus classification. A compound was assigned to the High category
when at least one strategy indicated high predicted activity and the remaining outputs did
not contradict this assignment. A moderate category was assigned when the dominant
reliable pattern indicated moderate predicted activity. A low category was assigned when
the available outputs pointed to weakly predicted activity. When the prediction pattern
was incomplete or partially divergent, a question mark was added to indicate reduced
confidence in the final classification.

The final output of this stage consisted of compound-specific consensus predictions
for antiglycating and deglycating activities. These outputs were subsequently integrated
into the broader multifunctional pharmacodynamic profile of the twelve isoflavones.

4.4. Prediction of Hypoglycemic and Antidiabetic Activity

The predicted hypoglycemic and antidiabetic activities of the twelve selected
isoflavones were evaluated using PASS 10.4 Professional Extended [45,46]. PASS was
applied to estimate the probability that each compound may possess biological activities
relevant to glucose regulation and diabetes-associated pharmacodynamic effects on the
basis of its chemical structure. Molecular docking was not used for antidiabetic activity
prediction; docking was reserved exclusively for the NF-κB-related anti-inflammatory
analysis described below.

The prepared molecular structures were subjected to PASS analysis, and two activity
categories were selected: hypoglycemic activity and antidiabetic activity. For each com-
pound and each activity category, the PASS method generated two probability values: Pa,
which represents the probability of activity, and Pi, which represents the probability of
inactivity. A compound was considered to have predicted activity when Pa exceeded Pi.

To enable quantitative comparisons between compounds, the Pa/Pi ratio was cal-
culated for each activity. Higher Pa/Pi values were interpreted as indicating a stronger
predicted likelihood of the corresponding activity. The Pa/Pi values were then converted
into an activity index according to predefined activity ranges:

RA,C = PaA,C/PiA,C (1)

where RA,C is the likelihood ratio for activity A in compound C, PaA,C is the probability of
activity, and PiA,C is the probability of inactivity.
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The hypoglycemic and antidiabetic indices were subsequently combined to obtain an
overall PASS-derived estimate of diabetes-related activity for each compound.

IndPASS = (Indhypoglycemic + Indantidiabetic)/2 (2)

where IndPASS represents the integrated PASS-derived index of diabetes-related activity.
The PASS-derived outputs included the Pa/Pi values, activity indices, and predicted

activity categories for each isoflavone. Compounds with higher combined indices were
considered to have stronger predicted hypoglycemic/antidiabetic potential. To obtain the
final consensus antidiabetic profile, the PASS-derived index was subsequently integrated
with the IT Microcosm-derived index.

IndC = (IndM + IndP)/2 (3)

where Indc is the final consensus antidiabetic index, IndM is the IT Microcosm-derived
index, and Ind P is the PASS-derived index.

4.5. Similarity-Based Prediction of Antioxidant Activity

The antioxidant activity of the selected isoflavones was first evaluated using a
“similarity-based prediction approach” implemented in the TestSim 7.2 module of IT Mi-
crocosm. This method was used to estimate the antioxidant potential by comparing the QL
descriptor profile of each isoflavone with reference compounds previously characterized
for antioxidant activity.

The molecular structures were translated into QL structural descriptors and compared
with a reference database of experimentally studied antioxidant compounds. Structural
similarity between each investigated isoflavone and the reference compounds was as-
sessed using the QL-modified Tanimoto similarity coefficient [47]. The general form of the
Tanimoto coefficient is

T = c/(a + b − c) (4)

where T is the Tanimoto similarity coefficient, a is the number of descriptors present in
compound 1, b is the number of descriptors present in compound 2, and c is the number of
descriptors shared by both compounds.

In the IT Microcosm/TestSim workflow, this calculation was adapted to QL structural
descriptors. For each isoflavone, the maximum similarity value to antioxidant reference
compounds was recorded as the TQL. This value was used as a measure of structural
resemblance to compounds with known antioxidant activity.

On the basis of the similarity profile and the activity level of the most structurally re-
lated reference compounds, each isoflavone was assigned a predicted antioxidant category.
The similarity-based output classified compounds as high, moderate, low, or prooxidant.
This classification represented the first component of the antioxidant assessment.

Because structural similarity alone does not fully account for radical-scavenging
thermodynamics or redox behavior, the similarity-based prediction was subsequently com-
plemented by quantum-chemical modeling of hydroxyl radical oxidation pathways. The
two outputs were later integrated to obtain the final consensus antioxidant activity profile.

4.6. Quantum-Chemical Modeling of Antioxidant Potential

Quantum-chemical modeling was performed as a complementary approach to the
similarity-based antioxidant prediction. This analysis was used to estimate the thermody-
namic favorability of the reaction between the selected isoflavones and the hydroxyl radical
(•OH), which was selected as a model radical species relevant to antioxidant activity.
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For each of the twelve isoflavones, possible oxidation products were generated ac-
cording to the most likely hydroxyl radical oxidation pathways reported for flavonoid
and isoflavonoid structures [48]. On the basis of the chemical structure of the compound,
one or two possible oxidation pathways were considered. The parent isoflavones and
their corresponding oxidation products were prepared as separate molecular structures
for thermodynamic calculations. The compounds assigned to each modeled hydroxyl
radical oxidation pathway are summarized in Table 13. The detailed structures of the
corresponding oxidation products are provided in Figure S1.

Table 13. Modeled hydroxyl radical oxidation pathways used for quantum-chemical antioxidant
evaluation of the selected isoflavones.

Oxidation Pathway Isoflavones Included in the Pathway

Pathway 1 Acetyldaidzin, acetylglycitin, daidzein, daidzin, genistein, genistin, glycitein, glycitin,
malonylgenistin, puerarin

Pathway 2 Biochanin A, daidzein, formononetin, genistein, genistin, glycitein,
malonylgenistin, puerarin

For compounds with two possible oxidation pathways, both reactions were mod-
eled, and the pathway with the lowest Gibbs free energy value was selected for the final
antioxidant classification.

Conformational analysis was performed on the parent compounds and oxidation
products. For each structure, several conformers were generated, and the conformers
with the lowest energy were selected for further optimization. The selected conformers
were then optimized using the semiempirical PM7 method in MOPAC. Thermodynamic
parameters, including the enthalpy, entropy, and Gibbs free energy, were calculated under
standard conditions.

The Gibbs free energy change of the hydroxyl radical oxidation reaction was calculated
as the difference between the total Gibbs free energy of the reaction products and the total
Gibbs free energy of the initial reactants:

∆Grxn = ∑∆Gproducts − ∑∆Greactants (5)

where ∆Grxn is the Gibbs free energy change of the modeled oxidation reaction.
For compounds with two modeled oxidation pathways, the minimum Gibbs free

energy value was selected:
∆Gmin = min(∆G1, ∆G2) (6)

where ∆G1 and ∆G2 are the Gibbs free energy values of the first and second modeled
oxidation pathways, respectively.

The calculated Gibbs free energy values were used to assign relative antioxidant
classifications. Cluster-based classification was applied to divide the compounds into three
activity categories: above moderate, moderate, and below moderate. The classification
rules were as follows:

∆GC < ∆Gabove moderate → Above moderate

∆Gabove moderate ≤ ∆GC < ∆Gmoderate → Moderate

∆GC ≥ ∆Gmoderate → Below moderate

where ∆GC is the selected Gibbs free energy value for compound C.
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It should be noted that semiempirical PM7 calculations, while computationally effi-
cient for panel-wide comparative screening, carry known limitations for the quantitative
thermodynamics of open-shell radical reactions relative to higher-level DFT methods. Be-
cause all the compounds and their corresponding oxidation products were processed under
an identical PM7 protocol, the ∆Gmin values were used strictly for relative, tier-based
classification (above moderate/moderate/below moderate) rather than as absolute reaction
thermodynamics; this is consistent with the ordinal role of this block within the overall
consensus scoring framework. The quantum-chemical antioxidant classification was sub-
sequently integrated with similarity-based antioxidant prediction to generate the final
consensus antioxidant profile. The modeled oxidation products are shown in Figure S1,
and the ∆GMin values used for antioxidant consensus classification are summarized in
Table S1.

4.7. Prediction of NF-κB-Related Anti-Inflammatory Potential

The predicted anti-inflammatory potential of the selected isoflavones was evaluated in
relation to nuclear factor kappa B (NF-κB)-associated signaling. This pathway was selected
because NF-κB plays a key role in inflammatory responses associated with insulin resistance,
endothelial dysfunction, and diabetic complications [49]. A two-stage computational
strategy was adopted, consisting of similarity-based prediction using Microcosm BioS and
molecular docking against validated NF-κB-related protein models.

4.7.1. Similarity-Based Prediction Using Microcosm BioS

The first stage of the assessment of NF-κB-related activity was performed using the
Microcosm BioS v20.6.6 similarity-based prediction system [42,50]. The prepared molecular
structures of the twelve isoflavones were compared with those of reference compounds
previously associated with NF-κB inhibition or modulation.

Structural similarity was calculated using the QL-modified Tanimoto similarity co-
efficient. For each compound, the mean similarity value was recorded as TMean. Im-
portantly, IndMC_BioS is not the raw Tanimoto similarity coefficient itself, but a decile-
calibrated ordinal activity index derived from the empirical activity distribution of the
reference compound library. The reference database underlying Microcosm BioS contains
structure–activity data for 625,888 characterized compounds across 11,509 distinct biolog-
ical activities [15]; for the NF-κB-related endpoint specifically, R = 2140 experimentally
characterized reference compounds were available. For each reference activity, the experi-
mentally determined activity values of all reference compounds were ranked in descending
order and partitioned into ten deciles, each assigned an integer index ranging from −5
(lowest decile; inactive) to +5 (highest decile; very highly active), with the index 0 corre-
sponding to the median of the reference distribution. For each investigated isoflavone, the
L nearest reference compounds (by QL-modified Tanimoto similarity; L = 10 by default)
were identified, and the decile index associated with each nearest reference compound’s
experimentally known activity value was retrieved. The compound-specific IndMC_BioS
values reported in Table 6 were calculated as the mean decile index across the nearest refer-
ence neighbors. This procedure is conceptually a nonparametric, distribution-anchored
rank transformation of the raw similarity-based neighbor search, rather than an unscaled or
unbounded similarity score, and constrains IndMC_BioS to the same −5-to-+5 range used
for the docking-derived index (IndDock; see Section 4.7.2) by construction rather than by
post hoc rescaling. On the basis of the activity profile of the nearest reference compounds,
an activity index was calculated and expressed as IndMC_BioS. This index was used to
estimate the potential ability of each isoflavone to interact with or influence NF-κB-related
biological mechanisms.
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The same QL-modified Tanimoto similarity principle described in the antioxidant
similarity-based prediction section was applied here to identify the nearest reference neigh-
bors. However, in this case, the reference dataset consisted of compounds associated with
NF-κB-related activity rather than antioxidant activity, and unlike the purely similarity-
ranked antioxidant classification in Section 2.5, the NF-κB-related index additionally incor-
porates the decile-calibration step described above so that it is directly commensurate with
the docking-derived index prior to averaging in Equation (8).

4.7.2. Molecular Docking Protocol

The second stage involved molecular docking to estimate the predicted binding affinity
of the selected isoflavones toward NF-κB-related protein models. Docking was performed
using prepared three-dimensional ligand structures and NF-κB protein models (listed
in Table S4), using AutoDock Vina 1.1.2 as the docking/scoring engine, run within the
PyRx 0.8 virtual screening environment. The use of NF-κB structural models, including
PDB structures 1NFI and 3GUT, for molecular docking has also been reported in recent
studies [51–53]. AutoDock Vina calculations were performed using its empirical scoring
function, with an exhaustiveness value of 8 and a maximum of 9 output poses per run;
no manual reweighting of scoring terms was applied. The docking procedure aimed to
evaluate whether the selected isoflavones could form energetically favorable interactions
with NF-κB-associated binding sites.

To account for structural variability, an ensemble docking strategy was applied using
three structural models for each NF-κB protein/subunit considered in the analysis. The
final ensemble comprised three experimental PDB structures used to represent NFKB1
(p50; PDB IDs 2O61, 1SVC, and 3GUT), three ModBase homology models used to represent
NFKB2 (p52), and one experimental PDB structure (1NFI) together with two ModBase
homology models used to represent RELA (p65). The model identifiers, selected chains
where applicable, and docking-grid parameters for all nine models are provided in Table S4.

The docking regions for the nine structural models were defined during the original
modeling workflow with reference to available structural and literature information on
NF-κB ligand-binding regions. For the representative model illustrated in Figure 5, the key
residues contributing to ligand stabilization include Gln241, Arg187, and Tyr188 [51–53].
Detailed residue-level interaction analysis was performed only for the two top-ranked com-
pounds selected for representative visualization (Figure 2); for the remaining compounds,
the docking output used for consensus scoring was limited to the binding energy (∆E) and
derived affinity index (IndDock).

Before docking, the optimized three-dimensional ligand structures were prepared as
described in Section 4.2 and converted to AutoDock-compatible PDBQT format. Rotatable
ligand bonds were defined during PDBQT preparation, allowing torsional ligand flexibility
during docking. Protein models were constructed by removing nonessential molecules,
adding hydrogen atoms, assigning atom types, converting the receptor structures to PDBQT
format, and defining the binding regions used for docking. The receptor models were
treated as rigid, whereas ligand flexibility was sampled through rotation around the
assigned rotatable bonds. Docking was performed using AutoDock Vina 1.1.2 with the
default scoring function, an exhaustiveness value of 8, and a maximum of 9 output poses
per run. Docking calculations were performed for each ligand, and the best binding poses
were selected according to the lowest predicted binding energy [54]. As a single static
protein conformation may not fully represent the conformational flexibility of the NF-κB
binding site, an ensemble docking strategy was adopted. Docking was performed against
nine independently validated 3D structural models spanning three NF-κB isoforms: NF-
κB1 (PDB codes 2O61, 1SVC, and 3GUT), NF-κB2 (three homology models), and RELA
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(p65) (PDB code 1NFI and two homology models). For each ligand–model pair, the docking
was repeated five times independently (45 total runs per ligand across the nine models),
and the minimum (most favorable) binding energy obtained across replicate runs for each
NF-κB isoform was retained; the isoform-level values were then averaged to obtain the
mean docking energy (∆E) reported for each compound. A representative docking grid
used for molecular docking into the validated NF-κB binding site is presented in Figure 5.

Figure 5. Representative docking grid used for molecular docking of the selected isoflavones into
the NF-κB-related binding site in PyRx 0.8 (AutoDock Vina 1.1.2 scoring engine). The wireframe
box indicates the docking search space. The grid box was defined independently for each of the
nine validated 3D protein models (Section 4.7.2) to fully enclose the previously validated inhibitory
binding region.

The docking output was expressed as the mean docking energy (∆E, kcal/mol). More
negative ∆E values were considered to indicate stronger predicted binding affinity. To
allow integration with the similarity-based prediction results, the docking energies were
converted into a docking-derived activity index IndDock using the following equation:

IndDock = (−10∆E − 65)/7 (7)

where ∆E is the docking energy in kcal/mol.
This transformation was based on the validated docking-energy interval in which

∆E = −10 kcal/mol corresponded to the highest reference affinity and ∆E = −3 kcal/mol
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corresponded to the lowest reference affinity. Accordingly, the transformed index allowed
the docking-derived score to be compared with the Microcosm BioS activity index.

This design choice—anchoring IndDock to the validated reference docking-energy
interval (∆E = −10 to −3 kcal/mol) corresponding to the same experimentally defined
active/inactive reference compounds used to calibrate IndMC BioS—ensures that the two
indices averaged in Equation (8) are commensurate by construction, both being bounded,
reference-population-anchored ordinal scores on an identical −5-to-+5 scale, rather than
raw metrics from unrelated mathematical spaces.

For each protein model, the docking grid was centered on the validated NF-κB-related
inhibitory/regulatory binding region identified during the model validation procedure.
The grid box was adjusted separately for each model to fully include the corresponding
binding site residues and to allow ligand conformational sampling within the selected
pocket. The complete grid-box parameters, including the center coordinates, grid dimen-
sions, exhaustiveness, and number of generated poses, are provided in Table S4. For the
representative RELA (p65) model shown in Figure 5, the grid box was centered at X =
12.458, Y = −3.221, and Z = 27.904, with dimensions of 24.0 × 24.0 × 24.0 Å.

4.7.3. Consensus Classification of NF-κB-Related Activity

The final NF-κB-related activity score was obtained by integrating the similarity-based
index (IndMC_BioS) and the docking-derived index (IndDock). The average value was
calculated as the integrated consensus index (IndNF-κB) as follows:

IndNF−κB = (IndMC_BioS + IndDock)/2 (8)

On the basis of this integrated index, compounds were assigned to categorical activity
levels using predefined thresholds:

IndNF−κB ≥ 1.5 → High

0 ≤ IndNF−κB < 1.5 → Moderate

IndNF−κB < 0 → Low

The final outputs of this stage included the Microcosm BioS-derived similarity index,
docking-derived index, integrated NF-κB consensus index, and categorical prediction for
each isoflavone. These results were subsequently incorporated into the overall multifunc-
tional pharmacodynamic profile.

4.8. Consensus Scoring and Prioritization

A consensus scoring approach was applied to integrate the outputs obtained from the
different computational prediction blocks and to generate a comparative multifunctional
pharmacodynamic profile for the twelve selected isoflavones. A consensus analysis was
performed separately for each biological activity domain, and the results were subsequently
combined into an overall activity profile. The evaluated pharmacodynamic domains
included antiglycating activity, deglycating activity, hypoglycemic/antidiabetic activity,
antioxidant activity, and NF-κB-related anti-inflammatory potential.

The consensus framework intentionally assigned equal weight to each independent
computational approach. This decision was based on the fact that the integrated meth-
ods represent fundamentally different prediction paradigms, including similarity-based,
probability-based, quantum-chemical, and (for the NF-κB-related domain only) molecular
docking approaches, each employing different molecular representations, mathematical for-
malisms, and activity metrics. Because no experimentally validated reference dataset was
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available to justify objective optimization of method-specific weights, assigning unequal
weights would introduce additional subjective bias. Therefore, all the prediction methods
were considered independent sources of evidence contributing equally to the consensus
classification, which is consistent with the general ensemble-learning (bagging) principle
that combining diverse independent predictors improves the robustness of comparative
prioritization while reducing the reliance on any single computational method.

For each pharmacodynamic domain, the outputs from all relevant independent com-
putational methods were first converted into common categorical activity levels before
consensus integration. Clear agreement between methods supported direct classifica-
tion, whereas partial disagreement resulted in an uncertainty mark. This approach was
used to retain information about prediction confidence and to avoid overinterpretation of
inconsistent computational outputs.

The general interpretation rules were as follows:

Agreement between methods → Direct category

Partial disagreement between methods → Category?

Contradictory outputs → Cautious classification or prediction refusal

When computational outputs were partially divergent but still supported assignment
to a given activity level, an additional “?” mark was added to the activity category. This
mark does not indicate a separate activity level and does not change the assigned category
itself. Instead, it indicates reduced confidence in the presence of the assigned activity level
because of incomplete concordance among the computational outputs. Thus, “High?” was
interpreted as a high predicted activity level with reduced confidence, “Moderate?” as a
moderate predicted activity level with reduced confidence, and “Low?” as a low predicted
activity level with reduced confidence.

Because the consensus ranking integrates predictions generated using different com-
putational methods, complete agreement among all the methods is not expected. Computa-
tional uncertainty was therefore assessed qualitatively through the level of concordance
between independent prediction approaches rather than by continuous measures of inter-
method variability. The percentage agreement reported for each compound reflects the
consistency of the computational evidence supporting its prioritization. Greater agree-
ment indicates greater confidence in the consensus ranking, whereas lower agreement
reflects lower confidence rather than evidence against biological activity. Consequently, the
consensus ranking should be interpreted as a comparative prioritization framework for
selecting compounds for experimental validation rather than as a quantitative measure of
pharmacological efficacy.

Agreement was defined as the proportion of independent computational methods
supporting the final assigned activity category within each pharmacodynamic domain. To
quantify the degree of concordance underlying each categorical assignment, we additionally
report a percent agreement (%A) metric, calculated as the proportion of independent
prediction strategies/methods within a given domain that support the assigned category
out of the total number contributing to that domain’s consensus (e.g., 2/3 IT Microcosm
strategies or 1/2 antioxidant prediction approaches). A ‘?’ notation is retained as shorthand
for %A < 100% (i.e., partial rather than unanimous concordance) and are always reported
together with the corresponding %A values in Tables 1, 2 and 5.

For antiglycating and deglycating activities, the final consensus category was derived
from the conservative, normal, and risk-based strategies generated by IT Microcosm. A
compound was classified according to the dominant reliable prediction pattern across the
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three strategies. Contradictory or incomplete outputs were reflected by uncertainty marks
where appropriate.

For hypoglycemic/antidiabetic activity, PASS-derived indices and IT Microcosm-
derived similarity indices were integrated into a combined consensus index. Compounds
with higher integrated indices were assigned to stronger predicted activity categories. The
final classification was expressed as high, moderate, or low according to the predefined
index thresholds.

For antioxidant activity, two independent outputs were integrated: similarity-based
antioxidant prediction and quantum-chemical classification based on hydroxyl radical
oxidation modeling. When both methods supported a comparable activity level, the corre-
sponding category was assigned directly. When the outputs diverged, the final category was
assigned conservatively and marked with a question mark to indicate reduced confidence.

To determine the anti-inflammatory potential related to NF-κB, the Microcosm BioS
similarity-based index and the docking-derived index were integrated into a combined
consensus index (IndNF-κB). The final categorical classification was assigned using prede-
fined thresholds: high for IndNF-κB ≥ 1.5, moderate for 0 ≤ IndNF-κB < 1.5, and low for
IndNF-κB < 0.

After activity-specific classifications were assigned, all five domains were combined
into an integrated multifunctional profile for each compound. Compounds were prioritized
in two ways: first, according to their strongest predicted activity in individual domains,
and second, according to the breadth of their predicted activity across multiple domains.

Compounds classified as high in at least one pharmacodynamic domain were consid-
ered domain-specific priority candidates. Compounds showing at least moderate predicted
activity across most domains, with one or more high or potentially high classifications,
were considered to have broader multifunctional potential.

The validity of the consensus strategy was evaluated qualitatively by assessing (i)
the concordance among independent computational approaches and (ii) the consistency
between the consensus-prioritized compounds and published experimental evidence dis-
cussed in Section 3. Consensus scoring was used exclusively for comparative prioritization
and hypothesis generation and should not be interpreted as an experimental confirmation
of biological activity, therapeutic efficacy, or clinical relevance.

4.9. Reproducibility and Quality Control

Several quality control measures were applied to improve the transparency and
reproducibility of the in silico workflow. Before computational analysis, all molecular
structures were checked for consistency of compound names, atom connectivity, bond
order, valence states, and structural class. The same standardized structures were used
throughout the different computational blocks to ensure comparability between descriptor-
based prediction, PASS analysis, antioxidant modeling, and docking-based evaluations.

For descriptor-based prediction, all the structures were converted into compatible
molecular file formats before being imported into the corresponding software platforms.
The prediction outputs were recorded systematically for each compound and each activity
domain. When multiple prediction strategies were used, the individual outputs were
retained before consensus classification. This allowed the final activity category to be traced
back to the original computational results.

For the PASS-based prediction, both the Pa and the Pi values were recorded for
each selected activity. The Pa/Pi ratios, activity indices, and final classifications were
calculated using the same rules for all the compounds. This ensured uniform comparison
of hypoglycemic and antidiabetic potential across the twelve-isoflavone dataset.
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For quantum-chemical modeling, the parent compounds and oxidation products
were prepared using the same conformational and optimization workflow. The most
energetically favorable conformers were selected for thermodynamic calculations. Gibbs
free energy values were recorded for each oxidation pathway, and the lowest-energy
pathway was used for classification when more than one oxidation route was available.

The use of semiempirical PM7-derived quantum-chemical parameters as inputs to
classification-level structure–activity models has been independently validated within
our group’s broader computational pipeline. In parallel screening campaigns applying
the same PM7/MOPAC descriptor-generation protocol (parent and reaction-product opti-
mization, conformational sampling, and thermodynamic parameter calculation) to struc-
turally diverse reference compound sets, neural-network QSAR classifiers built on these
descriptors—including total molecular energy, heat of formation, and frontier orbital en-
ergies (E, H, E_HOMO, E_LUMO, ∆E_HOMO–LUMO)—were assessed by leave-one-out
cross-validation (LOOCV) against a training set of 212 compounds with experimentally
established activity. This validation yielded high classification performance across accuracy
(F_o), sensitivity (F_a), and specificity (F_n) metrics (e.g., F_o = 94.34%, F_a = 100.00%,
and F_n = 92.59% for a representative high-activity endpoint). These results indicate that,
although semiempirical PM7 calculations carry recognized limitations for the quantitative
prediction of absolute open-shell radical reaction thermodynamics relative to higher-level
density functional theory (DFT) methods, PM7-derived energetic descriptors retain strong
discriminatory power when used for relative, ordinal classification of structurally related
compounds—the role they occupy within the present consensus antioxidant assessment
(Section 4.6). Accordingly, the ∆Gmin values obtained here were treated as a basis for
tier-based ranking (above moderate/moderate/below moderate) rather than as standalone,
quantitatively exact thermochemical predictions, which is consistent with the consensus
philosophy of this study (Section 4.8).

For molecular docking, the ligand preparation procedure, protein preparation pro-
cedure, docking region, and scoring approach were kept consistent across the compound
set. Docking energies were recorded for each compound, and the same conversion rule
was applied to generate docking-derived indices. The docking-derived indices were then
integrated with similarity-based indices using the predefined consensus procedure [55].

All the categorical classifications were assigned according to predefined rules. Uncer-
tain or partially contradictory results were marked with a question mark to distinguish
them from fully concordant predictions. This approach was used to avoid overinterpreta-
tion of inconsistent computational outputs.

To support reproducibility, the Supplementary Materials include the structural clas-
sification of the compounds, the computational workflow summary, the key numerical
outputs used for consensus classification, the final consensus categories, and the modeled
oxidation products used in the quantum-chemical antioxidant assessment.

4.10. In Silico ADMET Prediction

The pharmacokinetic and toxicity profiles of the twelve selected isoflavones (daidzin,
genistin, acetyldaidzin, malonylgenistin, glycitin, acetylglycitin, biochanin A, formononetin,
genistein, glycitein, puerarin, and daidzein) were predicted in silico using the Deep-PK
web server (https://biosig.lab.uq.edu.au/deeppk/ (accessed on 23 July 2026)), a deep-
learning-based platform for pharmacokinetic and toxicity property prediction, analysis,
and optimization [18]. Deep-PK employs directed message-passing graph neural networks
(D-MPNN, Chemprop framework) combined with 216 graph-based structural signatures,
37 toxicophore counts, and 196 RDKit molecular descriptors as additional graph-level fea-
tures and provides predictions for 73 pharmacokinetic and toxicity endpoints together with
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9 general physicochemical properties, covering the absorption, distribution, metabolism,
excretion, and toxicity (ADMET) domains.

Two-dimensional chemical structures of the twelve isoflavones were retrieved from
PubChem, and the corresponding canonical SMILES (Simplified Molecular Input Line
Entry System) strings were used as inputs. Each SMILES string was individually submitted
to the Deep-PK prediction module, which internally performs molecular sanitization and
canonicalization using RDKit prior to model inference, as previously described for the
underlying platform [18]. All available endpoints relevant to the four core pharmacokinetic
domains and to toxicity were selected for prediction, including (i) absorption—Caco-2
permeability, human intestinal absorption, human oral bioavailability (20% and 50% thresh-
olds), P-glycoprotein inhibition and substrate status; (ii) distribution—blood–brain barrier
permeability/CNS penetration, plasma protein binding, fraction unbound (human), and
steady-state volume of distribution; (iii) metabolism—inhibition/substrate status for the
major cytochrome P450 isoforms (CYP1A2, CYP2C9, CYP2C19, CYP2D6, CYP3A4), breast
cancer resistance protein (BCRP) inhibition, and organic anion-transporting polypeptide
(OATP1B1/OATP1B3) inhibition; (iv) excretion—total clearance and elimination half-life;
and (v) toxicity—AMES mutagenicity, carcinogenic potential, and drug-induced liver injury
(DILI-I and DILI-II). Numerical (regression) outputs are reported using the model-specific
units defined for each endpoint (e.g., log Papp in cm/s for Caco-2 permeability, mL/min/kg
for total clearance), while categorical (classification) outputs are reported as the predicted
class (e.g., inhibitor/noninhibitor, bioavailable/nonbioavailable), following the reference
ranges and interpretive cut-offs established for the Deep-PK models (Deep-PK Theory
documentation, https://biosig.lab.uq.edu.au/deeppk/theory (accessed on 23 July 2026)).

For each prediction, Deep-PK additionally reports a confidence tag (low, medium, or
high) derived from whether the molecular weight of the query molecule and, for regres-
sion endpoints, its predicted value, which falls within the 95% distribution range of the
corresponding training dataset [18]. This confidence metric was retained alongside each
predicted value/class and is reported throughout the Section 2.8, as it reflects the degree
to which a given isoflavone lies within the applicability domain of the respective model
rather than the statistical probability of the prediction itself. All predictions were generated
using the default deep-PK models (a single 3-fold cross-validated ensemble per endpoint)
without further optimization or retraining, and the results were exported in tabular (CSV)
format directly from the web server for compilation into the summary tables presented
below (Tables 8–12).

Because deep-PK outputs represent machine-learning-based extrapolations from cu-
rated experimental training data rather than direct experimental measurements [18], all
predicted ADMET parameters were interpreted conservatively, with particular caution
applied to endpoints associated with low or medium confidence scores, and are intended
to guide subsequent experimental validation rather than to substitute for it.

5. Conclusions
This study presents a consensus in silico pharmacodynamic evaluation of twelve rep-

resentative Fabaceae isoflavones across five mechanistically relevant domains associated
with type 2 diabetes mellitus: antiglycation, deglycation, antidiabetic, antioxidant, and
NF-κB-related anti-inflammatory activity. Rather than identifying a single universally
superior compound, the consensus analysis demonstrated that different isoflavones were
prioritized for different pharmacodynamic endpoints. Malonylgenistin, biochanin A, and
formononetin showed the most favorable predicted antiglycating profiles; genistin, acetyl-
daidzin, acetylglycitin, and puerarin were prioritized for predicted antidiabetic activity;
genistein showed the most consistent predicted antioxidant profile, albeit with reduced con-
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fidence due to partial disagreement between the similarity-based and quantum-chemical
methods; and daidzin together with genistin achieved the highest integrated NF-κB-related
computational rankings, although it should be noted that predictions for the O-glycosidic
candidates (genistin, acetyldaidzin, daidzin) reflect the intact glycoside rather than the
aglycone species expected to predominate systemically following intestinal hydrolysis.

The combined use of complementary computational approaches, including IT Micro-
cosm, PASS, quantum-chemical antioxidant modeling, and molecular docking exclusively
for the NF-κB-related anti-inflammatory analysis, provided a comparative prioritization
framework that reduces the reliance on a single predictive method and facilitates the selec-
tion of candidates for subsequent investigation. The results also emphasize that structural
features, particularly glycosylation and acylation, substantially influence the predicted
pharmacodynamic profiles of Fabaceae isoflavones.

Taken together, these findings should be interpreted strictly as comparative in sil-
ico prioritization rather than evidence of biological activity. The reported activities are
computational predictions only and require confirmation through biochemical, cellular,
pharmacokinetic (including ADMET), and in vivo studies before any therapeutic potential
can be claimed.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/ph19091353/s1, Table S1: Key numerical outputs used for consensus
classification of the twelve isoflavones; Table S2: Structural information, Fabaceae occurrence, and
rationale for inclusion of the twelve selected Fabaceae isoflavones used for in silico screening; Table S3:
Computational methods, software, input data, and outputs used in the consensus in silico screening
workflow; Figure S1: Proposed oxidation products generated for hydroxyl-radical reaction modeling
of the selected Fabaceae isoflavones; Table S4: Three-dimensional structural models of NF-κB proteins
and docking-grid parameters used for ensemble molecular docking.

Author Contributions: Conceptualization, S.A.A., K.C. and E.G.K.; methodology, S.A.A., P.M.V.,
D.A.O., E.I.D. and I.G.D.; software, D.A.O. and E.I.D.; validation, S.A.A., D.A.O., K.C. and A.C.M.;
formal analysis, S.A.A., P.M.V., E.I.D. and D.A.O.; investigation, S.A.A., K.C. and P.M.V.; resources,
I.G.D. and E.G.K.; data curation, S.A.A.; writing—original draft preparation, S.A.A.; writing—review
and editing, D.A.O., E.I.D., I.G.D., K.V.S., E.G.K. and J.M.M.; visualization, S.A.A., J.M.M. and E.I.D.;
supervision, I.G.D.; project administration, S.A.A. and E.G.K. All authors have read and agreed to
the published version of the manuscript.

Funding: This research was funded by the Russian Science Foundation, grant number 16-15-00039-∏,
and within the framework of the State Assignment of the IIP UB RAS (project registration number
122020900136-4).

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The original contributions presented in this study are included in the
article/supplementary material. Further inquiries can be directed to the corresponding authors.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Chen, Y.; Meng, Z.; Li, Y.; Liu, S.; Hu, P.; Luo, E. Advanced glycation end products and reactive oxygen species: Uncovering the

potential role of ferroptosis in diabetic complications. Mol. Med. 2024, 30, 141. [CrossRef] [PubMed]
2. Weinberg Sibony, R.; Segev, O.; Dor, S.; Raz, I. Overview of oxidative stress and inflammation in diabetes. J. Diabetes 2024, 16, e70014.

[CrossRef] [PubMed]
3. American Diabetes Association Professional Practice Committee. 2. Diagnosis and Classification of Diabetes: Standards of Care

in Diabetes—2025. Diabetes Care 2024, 48, S27–S49. [CrossRef] [PubMed]

https://doi.org/10.3390/ph19091353

https://www.mdpi.com/article/10.3390/ph19091353/s1
https://www.mdpi.com/article/10.3390/ph19091353/s1
https://doi.org/10.1186/s10020-024-00905-9
https://www.ncbi.nlm.nih.gov/pubmed/39251935
https://doi.org/10.1111/1753-0407.70014
https://www.ncbi.nlm.nih.gov/pubmed/39435991
https://doi.org/10.2337/dc25-S002
https://www.ncbi.nlm.nih.gov/pubmed/39651986
https://doi.org/10.3390/ph19091353


Pharmaceuticals 2026, 19, 1353 36 of 38

4. Bennici, G.; Almahasheer, H.; Alghrably, M.; Valensin, D.; Kola, A.; Kokotidou, C.; Lachowicz, J.; Jaremko, M. Mitigating diabetes
associated with reactive oxygen species (ROS) and protein aggregation through pharmacological interventions. RSC Adv. 2024,
14, 17448–17460. [CrossRef] [PubMed]

5. Nxumalo, M.B.; Kumalo, H.M.; Maruma, L.; Tata, F.Y.; Ntanzi, N.; Khan, R.B. Oxidative stress, inflammation, and metabolic
dysregulation in type 2 diabetes: Therapeutic potential of Carica papaya. Health Sci. Rev. 2026, 20, 100274. [CrossRef]

6. Zhao, L.; Yuan, J.; Yang, Q.; Ma, J.; Yang, F.; Zou, Y.; Liu, K.; Liu, F. Diabetes and its complications: Molecular mechanisms,
prevention and treatment. Signal Transduct. Target. Ther. 2026, 11, 22. [CrossRef] [PubMed]

7. Kuryłowicz, A. The Role of Isoflavones in Type 2 Diabetes Prevention and Treatment—A Narrative Review. Int. J. Mol. Sci. 2021,
22, 218. [CrossRef] [PubMed]

8. Kamiyama, M.; Iijima, K.; Okuzawa, R.; Kawata, R.; Kimura, A.; Shinohara, Y.; Shimada, A.; Yamanaka, M.; Youda, A.; Iwamoto,
T. Mechanisms of the Effects of Polyphenols on Diabetic Nephropathy. Curr. Issues Mol. Biol. 2025, 47, 735. [CrossRef] [PubMed]
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