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Abstract: Flavonoids are known to showcase anti-inflammatory abilities. Hence, it is not a wild guess that

they might inhibit NOD-, LRR- and pyrin domain-containing protein 3 (NLRP3) inflammasome signaling,
implying these chemicals could inspire new drug candidates for this pathway. Thus, this work aims to identify
flavonoids as potential NLRP3 inhibitors, using virtual screening of 100 known compounds through
molecular docking, molecular dynamics, and MM/PBSA calculations. In this way, Dorsmanin C (DC) and
Poinsettifolin A (PA) were the best compounds after molecular docking, binding to critical residue Arg®’®,
which is essential for activity. In MD simulations, PA provides the best stability at the binding site of the
target, better than DC and NP3-146 (known inhibitor), demonstrated by RMSD, RMSF, Rq, and SASA plots.
Next, MM/PBSA calculations provide the best binding energy for NP3-146 compared to PA and DC, yet PA
still proves superior to DC regarding target affinity. Therefore, Poinsettifollin A is the most promising
candidate, highlighting it as a potential lead for developing novel anti-inflammatory drugs targeting NLRP3.
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1. Introduction

Inflammation is an organism'’s primary response as protection from infection or injury. In mammals,
inflammation causes vasodilation and permeation of the vascular endothelium through the recruitment
and activation of immune cells. The normal inflammatory response allows the removal of harmful
stimuli and the restoration of homeostasis. However, exacerbated inflammation can lead to chronicity
and harm the body [1,2]. The initiation of the inflammatory response depends on the recognition of
pathogen-associated molecular patterns (PAMPs) and damage-associated molecular patterns (DAMPS)
by pattern recognition receptors (PRRs), such as Toll-like receptors (TLRs) and Toll-like receptors
(TLRs), such as the nucleotide-binding oligomerization domain (NLRs) [3].

Inflammasomes, innate immunity components, are macromolecules originating from inflammatory
stimuli. Upon recognition of PAMPs and DAMPs, inflammasomes are activated within immune cells.
The best-described inflammasome is the NOD-like receptor family containing pyrin domain 3 (NLRP3),
which functions in innate immunity and mediates pathological conditions such as chronic inflammatory
diseases [4,5]. Therefore, NLRP3 is an important target of inflammation, and recognizing its
mechanisms is essential.

Among the compounds already reported anti-inflammatory activity are flavonoids, a class of
secondary plant metabolites. Several mechanisms have been demonstrated for anti-inflammatory
activity, such as inhibiting the enzyme cyclooxygenase-2 and lipoxygenases [6]. Furthermore, some
flavonoids regulate the transcriptional expression of pro-inflammatory enzymes, such as inducible nitric
oxide synthase, and pro-inflammatory cytokines, such as IL-1 and tumor necrosis factor-alpha (TNF-a).
Transcriptional factors are also influenced by flavonoids, such as nuclear factor-xB (NF-«kB) [7].

It is known that some flavonoids control the assembly of the NLRP3 inflammasome. Apigenin has
in vitro activity preventing the oligomerization of NLRP3 [8,9], while quercetin, luteolin, and apigenin
act to suppress NLRP3 and caspase-1 activation in human umbilical vein endothelial cells, and in vivo,
with rat and mouse models [10-12]. Thus, it should be noted that flavonoids influence the NLRP3
inflammasome pathway.

Computer-aided drug design (CADD) is helpful because it is fast and inexpensive, combining several
computational tools to identify and develop a lead compound. Molecular docking is the most used
method, with which the binding mode of a compound to the target is obtained. In addition, Molecular
Dynamics (MD) simulations provide the most accurate pose of the drug-target complex. CADD can be
used to discover anti-inflammatory lead compounds [13,14].

Here, we identified flavonoids with the potential against NLRP3 through molecular docking for
virtual screening of 100 known compounds identified as flavonoids, with subsequent analysis of MD
simulation and MM/PBSA calculations. Therefore, Poinsettifollin A was the most promising candidate,
highlighting it as a potential lead for developing novel anti-inflammatory drugs targeting NLRP3.
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2. Material and Methods
2.1 Target and Ligand Selection

100 flavonoids were selected from the ZINC20 [15] database and others from the database published by
Jiménez-Avalos and collaborators [16] (Supplementary Material). Conformational analysis of all ligands
was performed using MarvinSketch® software. The lowest energy conformer obtained out of 10 had its
conformation further refined by semi-empirical quantum mechanical energy minimization through
Austin Model 1 (AM1) in ArgusLab® [17] software. At the same time, The structure of NLRP3 was
obtained through a search on the UniProt website (www.uniprot.org) [18], obtained from the Research
Collaboratory for Structural Bioinformatics Protein Data Bank database (RCSB.org) [19], under the code
7ALV [20].

2.2 Virtual screening protocol validation

Afterward, the method for virtual screening using molecular docking in the chosen structure was
validated using GOLD® software [21]. All hydrogens were added, the co-crystallized ligand was
removed, and redocking was performed in the four scoring functions (ChemPLP, GoldScore,
ChemScore, and ASP) (Supplementary Material). This led to the lowest RMSD value of 0.549 A
obtained by the ChemScore function, chosen for docking assays. In addition, the Fit score value of 33.70
for the best pose was used as a starting point to select the best inhibitors for the MD simulations.

2.3 Molecular Dynamics Simulations

The best complexes after molecular docking were used Molecular Dynamics (MD) simulation with
web service SwissParam [22-24] (www.swissparam.ch), UCSF Chimera® software [25], and
GROMACS® software [26]. Hydrogens and charges were applied to the protein using the DockPrep tool
in UCSF Chimera®. In GROMACS®, the CHARMM36 force field was used, and topology was generated
in a triclinic box of 1.0 nanometers using H20 as solvent through the TIP3P solvation method Na* and
ClI" (0.15 M). At the same time, ligand topologies were obtained with SwissParam. Employing
GROMACS®, energy minimization for all systems was reached via the steepest descent algorithm in
under 1500 steps and balances for a constant number of particles, volume, and temperature (NVT) as
well as a constant number of particles, pressure, and temperature (NPT) were achieved at the temperature
of 300K after a simulation of 10 nanoseconds (ns). Next, with the system assembled, the simulation was
performed in 100 ns. Topology and trajectory files were retrieved after each simulation. Graphs for root
mean square fluctuation (RMSF) for each atom, root mean square deviation (RMSD), radius of gyration
(Rg), solvent-accessible surface area (SASA), and H-bonds were generated and plotted using
GROMACS® and Grace® software, respectively, for comparison and analysis of data.

2.4 Molecular Mechanics/Poisson-Boltzmann Surface Area (MM-PBSA) calculations

To further detail the quality of binding for each ligand using estimating binding energy to their
targets, Molecular Mechanics/Poisson- Boltzmann Surface Area (MM-PBSA) calculations combine
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molecular mechanics (MM), which models the molecular interactions using force fields, with the
Poisson-Boltzmann (PB) equation and solvent-accessible surface area (SASA) information [27]. In this
study, these calculations were performed using the gmx_MMPBSA tool [28], an adaptation of the
MMPBSA.py script [29], based on the trajectory files obtained after the previously described 100 ns,
selecting 101 frames in intervals of 100 frames across each complex’s trajectory. These frames are then
used as trajectory snapshots to calculate binding free energies for the ligand and receptor separately and
subsequently for the entire complex. A mean value throughout the simulation is obtained to evaluate a
ligand’s binding performance [29].

2.5 Literature review of chosen compounds after screening.

Furthermore, a brief review of the recent literature was performed, seeking evidence of anti-
inflammatory activity for the higher-scoring compounds in molecular docking. This procedure was made
using “flavonoids”, “anti-inflammatory,” and/or “inflammatory,” as well as their common names as
keywords, on the web collection of Web of Science, PubMed, and ScienceDirect.

3. Results and Discussion
3.1 Virtual screening

As described previously, the 100 flavonoids obtained previously were docked into the assigned
NLRP3 structure. The following table describes data obtained for the two best-performing ligands with
GOLD® and BIOVIA Discovery Studio® software [30], including RMSD values, fitness score values,
and ligand-target interactions identified in the cavity.

Hence, the two compounds with the highest fitness score values, Dorsmanin C and Poinsettifolin A
(Table 1), were chosen to proceed for further analysis. Both overcame the score assigned for the original
inhibitor, satisfying criteria previously defined in this method for predicted biological activity. All other
ligands failed to reach values near the obtained for both selected compounds and thus were not
considered relevant for analysis in this study.

It can be observed that both Dorsmanin C and Poinsettifolin A bind to critical residues for activity,
including Arg®?!, GIu®?, and Arg®’®, predicting binding similar to the one described for NP3-146 and
providing evidence to these compound’s NLRP3 inhibiting capabilities. However, it is worth noting that
Poinsettifolin A makes a hydrogen bond with Arg®’® while Dorsmanin C does not.
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Table 1. Fitscore values and ligand-target interactions for both compounds.

COMPOUND FITSCORE INTERACTIONS
ALKYL /PI-
H-BOND PI-CATION PI-SIGMA PI-PI T-SHAPED VDW
ALKYL
Dorsmanin C 40.35 Val*, Ala??’,  Met*®, Mets®1 Thr*°, Thr®°, Thr524,

Tyr'3, Ala%s,

Ar9578 ”e411 Tyr632 Ar9351 Pr0352 Leu355 G|n624 ”e623 Ser626 Phe410 Phe575
ASpBGZ' Tyr632 ’ ’ ’ ’ ’ ’ ’ ’

Val3s3, [1e574 Leu®:3, Leus?, Glut2, Gly229, 11e17

Arg351, Met4°8, Met%l, Thl’439, Thr659,
Pro®?, Leu%®,  Thr524 Phe*®, Phe®’, Ser®%®, Sert?, Leu*'s,
Val353, A|a227 G|y229, Gln225, Gln624, G|U3Gg, G|U629, ”9574’

Va|414

Asp662 Tyr632
Poinsettifolin A 38.92 Arg®’8 Ala??, Arg®® lle#t Tyrés?
Tyr443
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3.2 Molecular Dynamics Simulation Analysis

The analysis of plotted parameters previously established for the protein-ligand complexes yielded
notable trends. Regarding RMSD variation over time-related to complex stability (Figure 1), NLRP3
bound to Poinsettifolin A exhibited the lowest values, reaching stability at around 2 A. It is then followed
by itself bound to NP3-146, reaching stability at around 2.5 A, the unbound protein, stabilizing at around
3 A albeit destabilizing after 70 ns, and lastly, itself bound to Dorsmanin C, heavily destabilizing near
40 ns and displaying terrible performance. On the other hand, the ligand stability measured as RMSD
variation over time (Figure 2) showed NP3-146 ranking highest, stabilizing at 0.5 A, followed by
Poinsettifolin A, stabilizing at nearly 2 A and Dorsmanin C, not quite reaching stability with values
between 1 and 3 A.

In addition, in the RMSF per atom (Figure 3), a close trend of behavior was followed by complexes
of NLRP3 with Poinsettifolin A, with NP3-146, and the unbound protein itself. Yet, Dorsmanin C could
not follow the same performance as its’ complex reached higher levels of fluctuation.

The stability presented by Ry data (Figure 4) had NLRP3 in complex with Poinsettifolin A as the
most stable, stabilized at around 2.35 A, over NLRP3 in complex with NP3-146, reaching stability near
2.4 A at 60 ns, over the unbound protein, stabilizing near 2.4 A at 20 ns, and finally over NLRP3 in
complex with Dorsmanin C, heavily destabilizing after 40 ns as seen previously in complex RMSD
analysis.

The number of H-bonds formed between ligands and NLRP3 across the simulations varied across
complexes, with NP3-146 having the highest number, forming between 1 and 8 bonds throughout the
simulation (Figure 5), followed by Poinsettifolin A, with 0 to 4 bonds formed over time (Figure 6), and
Dorsmanin C which could not form more than 3 bonds at best (Figure 7).

Finally, the SASA plot (Figure 8) ranked highest for Poinsettifolin A, staying near 240 nm?2 until 45
ns and reaching the lowest graph values after that, followed by NP3-146 and Dorsmanin C, which
abnormally did not track any more values after 25. These findings offer valuable insights into the
analyzed protein-ligand complexes' relative stabilities and structural characteristics.

0.7 T T

— NLRP3
L —— NLRP3/NP3-146
NLRP3/DorsmC
06— — NLRP3/PoinsA

05 |

0.4 8

' *Juw
ol w* iy MW

RMSD (nm)

03

|
02 it

0.1 _

L | | L | L |
20000 40000 60000 80000 le+05
Time (ps)

Figure 1. RMSD plot for free protein (black) and in complex with NP3-146 (red), Dorsmanin C
(green), and Poinsettifolin A (blue).
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Figure 2. Ligand RMSD for NP3-146 (black), Dorsmanin C (red), and Poinsettifolin A (green).
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Figure 3. RMSF for each atom for the free protein (black) and in complex with NP3-146 (red),
Dorsmanin C (green), and Poinsettifolin A (blue).
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Figure 4. Rq plot for the free protein (black) and in complex with NP3-146 (red), Dorsmanin C
(green), and Poinsettifolin A (blue).
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Figure 5. H-bonds plots for NP3-146.
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Figure 6. H-bonds plots for Dorsmanin C.
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Figure 7. H-bond plot for Poinsettifolin A.
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Figure 8. SASA plot for the protein complexed with NP3-146 (black), Dorsmanin C (red), and
Poinsettifolin A (green).

3.3 MM/PBSA calculation

It is evident that none of the screened compounds managed to overcome NP3-146 in binding affinity,
as their total average free binding energy values are well over -46.23 kcal/mol (Table 2). Despite this
fact, Poinsettifolin A expectedly surpasses Dorsmanin C, maintaining its higher stability trend
throughout all computational studies.

Table 2. MM/PBSA calculation results for each compound studied in MD analysis.

Compound Binding Free Energy (kcal/mol)
Poinsettifolin A -23.0+6.34
Dorsmanin C -16.97 £ 6.01
NP3-146 -46.23 + 5.09

3.4 Literature review

Interestingly, the search yielded no results when inflammation-related terms were applied. Yet, when
phytochemistry terms were applied, 8 articles were found about the discovery, synthesis, and
characterization of Poinsettifolin A and Dorsmanin C, some showing other biological activities such as
antiproliferative, antioxidant, and antimicrobial.

From what evidence could be gathered, it was found that Escobar and collaborators accomplished
the first total synthesis of Poinsettifolin A, starting from commercially available materials, and biological
characterization showed that it seems to be essentially non-toxic to mammalian cells [31]. Thereby,
Poinsettifolin A is a promising anti-inflammatory agent of high novelty to be explored in vivo and in
vitro assays, as evidence about its’ anti-inflammatory activity is demonstrably sparse.

4. Conclusion

The investigation yielded noteworthy results, indicating that Dorsmanin C and Poinsettifolin A
emerged as the top-performing compounds among all 100 screened flavonoids. Both compounds not
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only met the screening criteria established during the validation of the docking method but also exhibited
predictable binding to the crucial residue Arg®’®, which is essential for activity.

In the MD simulations, Poinsettifolin A demonstrated a more stable binding to NLRP3 than DC and
NP3-146, a recognized inhibitor of this receptor. This stability was evidenced by lower RMSD, RMSF,
Rg, and SASA values evaluated for their complex.

Despite showing a relative underperformance in terms of hydrogen bonds and ligand stability
compared to NP3-146, Poinsettifolin A still displayed a superior affinity to the target NLRP3 compared
to Dorsmanin C. Furthermore, MM/PBSA calculations revealed a lower binding energy for NP3-146
compared to Poinsettifolin A and Dorsmanin C, emphasizing NP3-146's efficacy as an established potent
inhibitor. However, Poinsettifolin A's overall superior target affinity over Dorsmanin C places it as the
most promising candidate between the two.

Added to a perceived lack of yet published evidence about Poinsettifolin A’s anti-inflammatory
activity, it could be inferred that this compound has potential as a lead compound for developing novel
anti-inflammatory drugs, as suggested by in silico experiments detailed earlier. Follow-up assays of
biological activity in vitro and in vivo are required to confirm this hypothesis.
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