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1.  Introduction

Hyperuricemia, a metabolic disorder marked by rising incidence 
and prevalence among younger populations, increasingly draws global 
concern due to its capacity to cause serious health complications, 
including gout and uric acid nephropathy[1-3].  Current pharmacological 
strategies, primarily focus on reducing uric acid synthesis or promoting 
its excretion, often employ drugs like allopurinol, benzbromarone, and 
febuxostat[4-6]. However, these medications are frequently linked to 
severe side effects such as vomiting, nausea, and abdominal pain[7-8]. 
Xanthine dehydrogenase (XDH), under specific pathological conditions, 
can convert into xanthine oxidase (XO). Both of these enzymes play 
pivotal roles in the conversion of hypoxanthine and xanthine into uric acid.  
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These enzymes termed xanthine oxidoreductase (XOR), and they 
represent a critical target in regulating uric acid levels[9-11].

Sunflower (Helianthus annuus L.), a native of South America introduced 
to China in the 17th century, is widely cultivated in Northeast China[12]. 
Its receptacles, rich in medicinal properties and particularly effective in 
gout treatment, contain high levels of flavonoids known for their anti-
tumor, antibacterial activities, and capabilities in reducing blood pressure 
and glucose levels[13-14]. Studies on ethanol extracts from sunflower 
receptacles have demonstrated their potential in lowering serum uric acid 
levels and ameliorating symptoms of gouty arthritis in rat models[15]. Yet, 
the specific bioactive components and their mechanisms of action remain 
unidentified, posing significant challenges for production and safety in 
clinical applications[16].

In this context, computational chemistry emerges as a powerful tool 
in drug design, offering cost-effective virtual screening techniques to 
facilitate drug discovery[17]. Previous research has variably employed 
molecular dynamics (MD) and machine learning to explore allosteric 
inhibitors of XO, revealing critical insights into enzyme dynamics 
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and inhibitor efficacy[17-19]. This study explores the therapeutic potential 
of sunflower receptacle flavonoids against hyperuricemia through 
comprehensive analysis. The impact of various concentrations of 
sunflower receptacle ethanol extracts was assessed in rat models. A 
30% ethanol extract was found to substantially reduce uric acid levels, 
alleviate joint swelling, and mitigate liver and kidney damage. Through 
liquid chromatography-mass spectrometry (LC-MS) analysis, 16 active 
flavonoid molecules were identified, with quercetin standing out as a 

particularly effective XO inhibitor and apigenin 7-glucoside as a novel 
XO inhibitor. Further, Gaussian accelerated MD simulations, energy 
landscape analysis, and Markov state models (MSM) suggested that the 
inhibitory mechanism of quercetin is akin to that of allopurinol. These 
findings underscore the potential of sunflower receptacle flavonoids 
in managing hyperuricemia and pave the way for the sustainable 
development of plant-based therapeutic agents. The work flow of our 
study is shown in Fig. 1.
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Fig. 1 Work flow of this study.
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2.  Materials and methods

2.1 Materials

Sunflower receptacles medicinal material, supplied by Jilin 
Special Medical Food Co., Ltd. (China), was ground before use. 
Methanol and acetonitrile (chromatographic grade, Fisher, USA), 
formic acid (chromatographic grade, ROE, USA), 95% ethanol 
(analytical grade, Beijing Chemical Plant, China), ultrapure water 
(18.2 MΩ·cm), sodium formate, and leucine enkephalin (Milford, USA) 
were utilized. Hypoxanthine, potassium oxonate, and sodium urate 
were purchased from Sigma (USA), and uric acid assay kits were 
obtained from Wuhan Elabscience Biotechnology Co., Ltd. (China). 
Additional materials used in the study included quartz micro cuvettes 
from Tianjin Aoke Lopu Commerce & Trade Co., Ltd. (China), 
phosphate buffer saline quick-dissolving powder from Wuhan Sevier 
Biotechnology Co., Ltd. (China), and D101 macroporous adsorption 
resin from Beijing Solarbio Science & Technology Co., Ltd. (China). 

2.2 Animals

Male Wistar rats, aged 6−8 weeks (200−250 g) were obtained 
from Liaoning Changsheng Biotechnology Co., Ltd. (license No.: 
SCXK (Liao) 2020-001, certificate No.: YNPZXM202208). All 
animals were maintained in an SPF-grade laboratory environment at a 
controlled temperature of (25 ± 1) °C with a 12-h light/dark cycle. All 
experimental animal procedures adhered to the guidelines of the CAS 
Animal Ethics Committee, with approval granted on February 28, 
2022 (No.: YNPZXM202208).

2.3  Preparation of sunflower receptacles extracts

To prepare the extracts, 4 samples of 100 g each of sunflower 
receptacles material were taken, and each was dissolved in 500 mL of 
distilled water using ultrasonication. To each solution, 95% ethanol 
was added to achieve final concentrations of 20%, 30%, 40%, and 
50%. The solutions were then left to stand overnight. After settling, 
the supernatants were filtered and concentrated to a final concentration 
of 0.34 g/mL, suitable for dosing. The concentrated extracts were 
stored at 4 °C until further use.

2.4  Animal model and experimental design

Male Wistar rats weighing (200−250 g) were acclimatized for 10 days 
before being randomly divided into 8 groups: 1) Blank group: a 
healthy control group (n = 10) received twice-daily intraperitoneal 
injections of 0.5 mL/100 g body weight saline for 13 consecutive 
days. 2) Model group: a hyperuricemia model group (n = 10) was 
administered twice-daily intraperitoneal injections of a mixture 
containing 60 mg/mL each of hypoxanthine and potassium oxonate 
for 13 days. 3–6) Ethanol group (20%, 30%, 40% and 50%): these 
treatment groups received the same regimen as the model group for 
inducing hyperuricemia, and from the first day of injection, these groups 
were treated orally with 0.5 mL/100 g body weight of 0.32 g/mL different 
sunflower receptacles extract daily for 8 days. 7–8) Allopurinol group, 
benzbromarone group: these positive control groups also received the 
same regimen as the model group for inducing hyperuricemia, and 

from the first day of injection, these groups were also treated orally 
with 0.5 mL/100 g body weight of allopurinol, or benzbromarone 
daily for 8 days. According to the literature, the standard value for 
establishing a hyperuricemic rat model typically ranges from 120 
to 180 μmol/L or higher, depending on the species, sex, rearing 
conditions, and induction methods used[20-21]. In this study, after 
modeling, the serum uric acid level in hyperuricemic rats increased to 
136.12 μmol/L, more than twice that of the control group. Therefore, 
under the experimental conditions, the hyperuricemia model is 
considered to have been successfully established[20-21]. On the 6th day 
post-initial injection, the model and all treatment groups received an 
intra-articular injection of 100 μL sodium urate (30 mg/mL) into the right 
knee joint. Joint swelling was measured at 0, 2, 4, 6, 12, and 24 h post-
injection using a caliper to assess the extent of inflammation. On day 7, 
animals were fasted with water ad libitum and placed in metabolic cages 
to collect 24-h urine samples. These samples were then centrifuged at  
4 000 r/min at 4 °C, the supernatant was aliquoted and stored at −80 °C. 
One aliquot was used for uric acid analysis, while others were 
kept for future use. On day 8, 1 h after the last treatment, animals were 
euthanized; blood samples were collected and centrifuged at 4 000 r/min  
at 4°°C, with the supernatant aliquoted and stored at −80 °C. Kidneys, 
liver, and joints were harvested and fixed in 10% formalin for subsequent 
histological examination using hematoxylin and eosin (H&E) staining. 
This protocol ensured comprehensive data collection from both 
biochemical and histological analyses, providing insights into the effects 
of treatments on hyperuricemia and associated tissue inflammation.

2.5 Translation for LC-MS analysis of 30% ethanol extract 
from sunflower receptacles

A total of 20 g of sunflower receptacles were sieved through a  
40-mesh screen and immersed in 200 mL of 30% ethanol solution for 
1 h. The mixture was then refluxed twice, each time for 2 h[22]. After 
extraction, the filtrates were combined and concentrated by rotary 
evaporation at 60 °C. The concentrated extract was freeze-dried, 
packaged, and stored in a desiccator. For the analysis, 0.5 g of the dried 
extract was dissolved in 1 mL of 50% methanol[23]. The solution was 
vortexed for 10 min and sonicated for another 10 min. Subsequently, 
10 μL of the supernatant was taken for LC-MS analysis[24].

2.6 Virtual batch docking and machine learning affinity 
prediction

The receptor protein was constructed based on the bovine XOR 
enzyme (PDB ID: 3BDJ)[25], which consists of 1 332 residues. 
Using MODELER 10.1[26-27], homology modeling of the human XO 
was performed to include missing residues and structural domains. 
AlphaFold2 was also utilized for human XO modeling, and the 
Ramachandran plot results of the 2 structure were in Fig. S1. We chose 
the homology-modeled structure for its higher percentage of residues in 
the most favored regions (91.6%) and fewer in the additional allowed 
regions (8%). This modeled structure of 3BDJ was then saved as a PDB 
file and converted to pdbqt format using Open Babel[28] to transform small 
molecule SMILES formats into pdbqt format for the ligands. Molecular 
docking was carried out using AutoDock Vina 1.2.0[29], targeting the 
molybdenum cofactor[30] (MoCo) site within the XO crystal, which 
is the active site for substrate inhibition. The docking box was 
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set with dimensions of 30.0 Å × 33.75 Å × 21.0 Å and center 
coordinates of x = −22.708, y = 0.066, and z = −9.541. Following 
the identification of flavonoid small molecules via LC-MS[31], batch 
molecular docking was performed on 16 small molecules along with 
their target protein. The affinity between these active small molecules 
and XO was subsequently scored using the BatchDTA[32] model, 
which assesses drug-target interactions. This approach enabled a 
comprehensive evaluation of potential inhibitors based on their 
predicted interaction strength with the target enzyme.

2.7  Inhibitory effects of total extracts of sunflower and four 
anthraquinone compounds on XO 

Using a D101 macroporous resin column with 30% ethanol to extract 
and purify sunflower extracts[33], the obtained total sunflower extracts 
were used in this study. The reaction system consisted of xanthine, XO, 
inhibitors, and buffer solutions. The experiment used 1/15 mol/L PBS 
as the reaction system buffer, 1/15 mol/L PBS to dilute xanthine, and 
1/5 mol/L PBS to dilute XO to a concentration of 0.02 U/mL, while the 
xanthine reaction concentration was diluted to 0.5 mmol/L. According to 
the standard curve, different concentrations of inhibitors were prepared. 
The concentrations of aloe-emodin solution were 102.4, 204.7, 409.5, 
819.0, and 1 637.9 μmol/L; the concentrations of emodin solution 
were 25.8, 51.7, 103.4, 206.8, and 413.6 μmol/L; the concentrations of 
chrysophanol solution were 90.9, 450, 521, 759, and 1 921.9 μmol/L; the 
concentrations of rhein solution were 42, 84, 174, 345, and 693 μmol/L. The 
concentrations of the total sunflower extract solution were 43.5, 87, 175, 350,  
and 700 μg/mL[34]. The reaction was carried out at a constant temperature of  
25 °C, and after 25 min, the absorbance at 290 nm was measured using 
a UV spectrophotometer due to the characteristic absorption peak of 
uric acid at 290 nm[35]. The inhibition rate was calculated using the 
following formula:

Inhibition rate (%) =  × 100[36]                               (1)
1 − (A1 – A2)

A3 – A4

Where, A1 was absorbance at 290 nm, system containing inhibitor, 
xanthine, and XO; A2 was absorbance at 290 nm, system containing 
inhibitor and xanthine; A3 was absorbance at 290 nm, system 
containing xanthine and XO; A4 was absorbance at 290 nm, system 
containing only xanthine.

2.8 Study of  inhibit ion mechanism using gaussian 
accelerated MD simulations

MD simulations were conducted for 3 major molecules: quercetin, 
apigenin 7-glucoside, and rutin. Allopurinol, recognized as an 
effective inhibitor of XO, was used as a control in this study, while an 
apo protein served as a negative control. Conventional MD analyses 
of the 5 model systems were performed using the cuda module in 
Amber22[37] (University of California, San Francisco, CA, USA). 
The protein, ligand, and water molecules were parameterized using 
the force fields ff14SB[38], GAFF2[39], and TIP3P[40] in Amber22, 
respectively. A suitable amount of Na+ was added to neutralize the 
system[41]. All bonds involving hydrogen atoms were constrained using 
the SHAKE algorithm[42]. Periodic boundary conditions (PBC) were 
applied to the 3 systems to prevent edge effects. The initial structures for 

GaMD[43] simulations were obtained from well-equilibrated structures 
of cMD simulations. In this study, dual potential boosts were applied to 
the GaMD simulations, with boosts applied to the total potential energy 
and dihedral potential energy (igamd = 3)[44]. Potential energy boost helps 
accelerate the sampling of conformational space by lowering the energy 
barriers in the entire potential energy landscape, and dihedral potential 
energy boost is specifically applied to the dihedral angles of the molecular 
system, focusing on enhancing sampling around the dihedral degrees of 
freedom, which are often the slow degrees of freedom in biomolecular 
simulations. By doing so, it enables faster transitions between different 
conformational states that are separated by dihedral rotations. The 
dual potential boost parameters were defined by a preceding 50 ns 
cMD simulation. Subsequently, multiple GaMD simulations were 
performed for the 5 systems, saving coordinates every 10 ps, with a 
total simulation time of 500 ns for each system. The GaMD trajectories 
were used for subsequent analyses. Trajectory analyses, including root 
mean square deviation (RMSD)[45], radius of gyration (Rg)[46], solvent-
accessible surface area (SASA)[47], and root mean square fluctuation 
(RMSF)[48], were calculated using the Cpptraj module[49] of Amber22. 
Principal component analysis (PCA)[50], a widely used dimensionality 
reduction method describing the concerted motion of the entire protein, 
was also calculated using Cpptraj. The ddtpd software from Lu was 
used to construct free energy landscapes (FELs) to identify dominant 
conformations and their corresponding energy barriers[51].

2.9 Markov analysis

In this study, MSMs[52] were constructed using PyEMMA 2.5.7[53] 
following the workflow described below. First, the system was 
featurized by selecting the regions with the lowest RMSD from 
the MD trajectories, and segments 875−885 and 1 261−1 268 were 
chosen as region_1 and region_2, respectively. Next, time-lagged 
independent component analysis (TICA)[54] was used to reduce the 
spatial dimensions to 2 collective coordinates. This technique retained 
95% of the dynamic variance of the original data and identified the 
slowest modes in the feature space by maximizing the autocorrelation 
of the simplified coordinates. The conformations of each system were 
then clustered into microstates using the k-means algorithm. A sliding 
window method was applied to count the number of transitions 
between pairs of microstates within an appropriate lag time, 
constructing a transition count matrix. The Bayesian MSM estimator 
was then used to obtain the transition probability matrix. The 
timescales were investigated to determine when the system becomes 
Markovian. The Chapman-Kolmogorov test [55] was employed 
to assess the validity of the Bayesian Markov model, showing 
an almost perfect agreement between the estimated transition 
probabilities from the MD data and the predictions from the MSM, 
indicating the MSM’s validity. Subsequently, the Perron cluster 
cluster analysis (PCCA)[56] algorithm was used to further divide 
these microstates into macrostates. Finally, transition path theory 
(TPT)[57] was utilized to elucidate the transitions between these 
macrostates.

2.10 Data analysis

GaMD trajectories were used for subsequent analyses. RMSD, Rg, 
SASA, RMSF, and PCA were calculated using the Cpptraj module in 
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Amber22. Free energy landscapes were constructed from the GaMD 
trajectories using the ddtpd software developed by Lu to characterize 
dominant conformational states and the associated energy barriers. Unless 
otherwise stated, the same data-processing and analysis workflow was 
applied to all systems to ensure consistency and comparability.

3.  Result and discussion

3.1 Determination of the optimal ethanol concentration for 
extracting sunflower receptacles 

3.1.1 Joint swelling test 

Sunflower receptacles were reflux-extracted using 20%, 30%, 
40%, and 50% ethanol solutions. The 4 ethanol extract groups 
were evaluated alongside the blank group, the model group, and 
the allopurinol and benzbromarone groups. After intra-articular 
injection of sodium urate, the degree of joint swelling in rats over 

time is shown in Fig. 2. After 24 h, the joint swelling in rats treated 
with extracts from 20% and 50% ethanol-extracted sunflower discs 
were (34.78 ± 0.13)% and (31.62 ± 0.25)%, respectively, indicating 
poorer anti-swelling effects. For the 30% ethanol group, the joint swelling 
was significantly reduced to (21.74 ± 0.12)% after 24 h, much lower than 
the model group at (36.36 ± 0.12)%, and also lower than the allopurinol 
and benzbromarone groups, demonstrating a better anti-swelling 
effect. Additionally, the 40% ethanol group showed a swelling of  
(24.90 ± 0.23)%, which was also comparatively effective.

3.1.2 Serum uric acid and urinary uric acid levels

Serum uric acid is an important measure of hyperuricemia, and 
urinary uric acid levels are also related to the concentration of uric 
acid in the blood. The serum uric acid levels in each rat group are 
shown in Fig. 3A, and the urinary uric acid levels in Fig. 3B. The 
blank group had a serum uric acid level of (62.21 ± 13.89) μmol/L.  

Fig. 2 Changes in joint swelling percentage in different rat groups. (A) Schematic diagram of the experimental procedure. (B) Dynamic changes in the degree of 
joint swelling over time in each group. Comparison of the degree of joint swelling among groups at (C) 0, (D) 2, (E) 4, (F) 6, (G)12, (H) 24 h. Data are presented 

as mean ± SD. *P < 0.05, **P < 0.01 vs. the Model group at the corresponding time point.
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The model group showed a significantly higher level, confirming the 
effectiveness of our model; among the treatment groups, the positive 
control drug allopurinol showed the best reduction in serum uric 
acid levels, followed by the 30% and 40% ethanol extract groups. 
The blank group’s urinary uric acid level was (433.62 ± 70.00) μmol/L,  
which was significantly different from the model group (P < 0.01), 
indicating a sharp increase in urinary uric acid after model establishment. 
All treatment groups showed a significant decrease in urinary uric 
acid compared to the model group, with the best results seen in the 
allopurinol and 30% ethanol groups, due to the reduction of blood 
uric acid levels. The benzbromarone group had higher urinary uric 
acid levels, possibly due to its mechanism of inhibiting uric acid 
reabsorption and promoting excretion[58]. By comparing data with 
the 2 positive control drugs, allopurinol and benzbromarone, the 
extracts from sunflower receptacles did not increase urinary uric acid, 
suggesting that their mechanism of treating hyperuricemia might 
differ from that of benzbromarone and is not based on promoting 
excretion but rather resembles allopurinol by inhibiting XO to lower 
uric acid levels.

3.1.3  Drug hepatorenal toxicity

The impact of drugs on liver and kidney function has always 
been a key focus in drug development. The kidney morphology 
change grading table for each group is shown in Table S1, and 
the liver morphology change grading table is in Table S2. 
Fig. 4 displays the pathological morphology images of the 
kidneys and livers for each group. Pathological analyses of 
liver and kidney sections (Fig. 3) reveal that the animal model 
was successfully replicated with observable changes such as 
glomerular expansion and degeneration and dilation of renal 
tubules within the kidneys; the allopurinol and benzbromarone 
groups showed better results, reducing (P < 0.05) the extent 
of kidney damage and providing some protection of kidney 
morphology and function; the 30%, 40%, and 50% ethanol 
extract groups significantly alleviated (P < 0.01) kidney damage 
and effectively protected kidney morphology and function, 
performing better than the positive drug control groups. Compared 
to the normal group, no significant morphological differences 
were observed in the liver cells of the model group, indicating 

that the modeling drugs have not significantly altered liver cell 
morphology. No significant changes were observed in liver cells 
in the 30% ethanol extract group, but the 40% and 50% ethanol 
extract groups caused liver cell loosening and deformation. 
Currently,  the administration period is 7 days; to further 
evaluate hepatorenal toxicity, longer-term toxicity studies are 
necessary[59].

Animal studies have proven that flavonoid extracts from sunflower 
receptacles are effective in treating hyperuricemia, particularly the 
30% ethanol extract from sunflower receptacles, which not only 
reduces joint swelling, serum uric acid, and urinary uric acid levels 
but also protects the kidneys without harming the liver. Subsequently, 
the primary drug molecules and specific mechanisms of the 30% 
ethanol extract of sunflower receptacles for treating hyperuricemia 
were further explored.

3.2 LC-MS, active molecule virtual screening, and 
experimental identification

LC-MS identified 16 flavonoid molecules present in the 30% 
ethanol group. According to the results from animal experiments, 
these extracts did not increase urinary uric acid levels but instead 
reduced serum uric acid levels. This suggests that their mechanism 
for treating hyperuricemia may differ from the mechanism of 
benzbromarone, as benzbromarone promotes the excretion of uric 
acid. Instead, their mechanism is more similar to that of allopurinol, 
which lowers uric acid levels by inhibiting XO. Therefore, it is 
hypothesized that the primary mechanism of action in treating 
hyperuricemia involves the inhibition of XO. Therefore, molecular 
docking and the machine learning affinity evaluation method, 
BatchDTA, were employed to assess their potential affinity with XO, 
aiming to identify competitive inhibitors, as shown in Table 1. 

The top 4 ranked molecules were validated and their IC50 values 
were tested, the results were shown in Fig. 5. Among the sunflower 
receptacle flavonoids, quercetin showed the best inhibitory effect with 
an IC50 of 45.35 μmol/L. The overall inhibitory effect of total flavonoids 
was affected by some molecules with poor bioactivity, showing a 
higher IC50 of 441.8 μg/mL. Additionally, apigenin 7-glucoside is a 
newly discovered XO inhibitor previously unreported, with an IC50 

of 444.2 μmol/L. In comparison, the positive control drug, allopurinol, 
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Fig. 4 Pathological morphology images of the kidneys and livers for each group. (A, I) 20% ethanol group; (B, J) 30% ethanol group;  
(C, K) 40% ethanol group; (D, L) 50% ethanol group; (E, M) Benzbromarone group; (F, N) Allopurinol group; (G, O) Blank group; (H, P) Model group in liver 

and kidney. (Q) Liver grading chart; (R) Kidney grading chart. 

demonstrated a superior inhibitory effect with an IC50 of 22.78 μmol/L  
(Fig. S2). These findings highlight the potential of small-molecule 
compounds derived from sunflower head flavonoids as promising  
anti-hyperuricemic agents. Although their efficacy is lower than that of 
allopurinol, these natural compounds offer a valuable starting point for 
further optimization and development as lead molecules for the treatment 
of hyperuricemia.

3.3 Gaussian accelerated MD simulation

 To further investigate the mechanism of quercetin inhibiting XO, 
MD simulations were performed based on the molecular docking results. 
Rutin, apigenin 7-glucoside, and the positive control drug allopurinol, 
along with the apo protein, were used as control groups in a total of 
five systems. The initial docking structures used are shown in Fig. 6. 
Both apigenin 7-glucoside and quercetin interact with multiple residues 
through hydrogen bonds and stacking forces, whereas rutin mainly 
forms hydrogen bonds and involves fewer residues that contribute 
to binding strength, also showing some unfavorable interactions. 

Allopurinol primarily binds to XO through hydrogen bonds as well, 
and additionally, it has a π-anion interaction with ASP872.

3.3.1 Structural stability and dynamics properties

The RMSD illustrates the deviation of the complex from its initial 
conformation, with increases and fluctuations in RMSD indicating 
conformational changes during the simulation. Quercetin shows a more 
stable RMSD, indicating better protein stability (Figs. 7A and D). The 
solvent accessible surface area (SASA) describes the hydrophilicity 
of the protein; a smaller SASA indicates a more hydrophobic protein. 
The Rg reveals the compactness of the complex, with a smaller Rg 
indicating a more compact protein. The SASA (Figs. 7B and E) and  
Rg (Figs. 7C and F) of the quercetin group are smaller than those of the 
apo protein, similar to, and even better than, allopurinol.

As shown in Fig. 7G, the RMSF is lower, also indicating that 
quercetin can stabilize XO. In contrast, the poorer inhibitors, rutin 
and apigenin 7-glucoside, exhibit higher RMSF, indicating instability 
at multiple sites. Additionally, by analyzing the ligand RMSD, it 
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Table 1 
Data table of the identified molecule.

Identification Name Structure Neutral mass (Da) Observed (m/z) Error (× 10–6) MS+ and elevated energy (MSE, m/z) BatchDTA 
affinity

Autodock vinabind 
energyc (kcal/mol)

Quercetin 302.042 65 301.037 1 5.8 301.036 83, 151.004 04, 285.038 21, 
125.024 65, 107.013 27 6.221 169 949

−9.8

Acacetin 284.068 47 329.067 2 1.5 151.003 99, 241.157 67, 269.044 51 6.501 067 638
−9.4

Rutin 610.153 38 609.141 6 −7.4 463.088 41, 301.035 16, 127.076 84 6.051 778 793
−9.5

Apigenin 7-glucoside 466.121 3 491.118 5 −2.1 267.159 45 6.050 847 53
−9.1

Mikanin 344.089 6 343.083 6 3.8
167.035 41, 151.004 04, 133.029 85, 
120.996 33, 301.036 83, 313.035 98, 

328.053 33, 343.210 84
6.593 221 188

−8.5

Genistin 432.105 65 477.103 6 −0.6 353.088 61, 310.088 69 6.551 994 801
−8.3

Cynaroside 448.100 56 493.099 6 1.6 287.021 59 7.013 622 761
−7.8

Daidzin 461.110 73 461.109 7 1.7 251.092 68 6.714 657 307
−7.8

Nevadensin 344.089 6 343.083 6 3.8 315.19417, 313.23689, 313.03725 6.730 061 531
−7.6

Tricin 5-glucoside 492.126 78 491.117 2 −4.7 323.077 60, 167.035 50, 108.021 88 6.684 195 995

−7.6

Quercetin-3′-
glucoside 464.095 48 463.088 9 4.5 301.036 26, 335.020 81, 151.004 33, 

107.013 76, 273.035 95 6.095 970 154 −8.1

Isorhamnetin 
3-O-glucoside 478.111 13 477.103 6 −0.6 353.088 61, 179.035 85, 173.046 48, 

161.025 16 6.538 193 226 −7.4

Kaempferol 
3-O-rhamnoside 432.105 65 477.103 6 −0.6 285.182 68, 255.066 27 6.700 454 712 −7

Isoquercetin 464.095 48 463.088 6 0.9 191.056 64, 301.035 99, 151.003 60, 
125.024 28 6.103 028 297 −7.5

Tambulin 344.089 6 343.083 6 3.8 298.013 71, 315.194 17 6.576 121 807 −7

Astragalin 448.100 56 493.099 6 1.6 283.156 71 6.237 398 624 −7.2

is observed that quercetin and allopurinol are stably bound at the 
initially docked active site, resulting in low RMSD. Poorer inhibitors 
like rutin deviate from the docked active site, which likely leads to 
decreased inhibitory effects (Fig. 7H).

3.3.2 Binding energy and energy landscape

The results of the molecular mechanics Poisson-Boltzmann 
surface area (MM-PBSA) are presented in Table 2. This method 
evaluates the binding free energy between the ligand and the target 
enzyme, providing a quantitative measure of the interaction strength. 

Quercetin exhibited a binding free energy of (−17.13 ± 4.02) kcal/mol, 
indicating a stronger binding affinity than allopurinol, which showed 
a binding free energy of (−5.74 ± 3.21) kcal/mol. 

Fig. 8 displays the MM-PBSA energy contribution and the 
analysis of the number of hydrogen bonds for 4 systems. Quercetin 
forms a higher number of hydrogen bonds and exhibits a lower 
binding free energy, indicating stronger binding affinity, consistent 
with experimental results.

A PCA of all the Cα atoms, conducted for the 5 systems, is illustrated 
in Fig. 9. The free-energy landscape was constructed using the PCA 
results, identifying low-energy stable representative conformations. 
The energy landscape of quercetin distinctly shows differences between 
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Fig. 5 IC50 values for the top four molecules and total flavonoids from sunflower receptacles. (A) Total flavonoid extract from sunflower receptacles; (B) Rutin;  
(C) Quercetin; (D) Acacetin; (E) Apigenin 7-glucoside.
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Fig. 6 Molecular docking images of MD systems. The FES, FAD, and MoCo domains are shown in distinct colors. Green lines represent conventional hydrogen bonds, 
purple lines indicate π-π stacked and π-π T-shaped interactions, pink lines show π-alkyl interactions, and orange lines show π-anion interaction.  

(A) Structural domain of XO. (B) Structural diagram of XO. (C) Docking result of apigenin 7-glucoside. (D) Docking result of rutin. (E) Docking result of quercetin.  
(F) Docking result of allopurinol.
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Fig. 7 Structural stability analysis of 5 systems. (A) Time evolution of RMSD from their initial structures for the 5 systems. (B) SASA during a 500-ns  
MD simulation. (C) Rg for 3 systems during a 500-ns MD simulation. (D) RMSD relative frequency distribution, showing the range of RMSD values for 

each system. (E) SASA relative frequency distribution, showing the range of RMSD values for each system. (F) Rg relative frequency distribution, showing 
the range of RMSD values for each system. (G) RMSF for 3 systems. (H) Time evolution of RMSD for 4 inhibitory small molecules. Api, apigenin 

7-glucoside; Que, quercetin; Rut, rutin; Allo, allopurinol, Apo, apo protein.
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Table 2
Results of the MM-PBSA.

System Apigenin 7-glucoside Quercetin Rutin Allopurinol

ΔEvdW (van der Waals interaction energy) −36.46 ± 2.79 −35.24 ± 2.41 −42.20 ± 4.02 −21.36 ± 0.32

ΔEele (electrostatic interaction energy) −21.42 ± 3.72 −23.40 ± 6.64 −41.04 ± 3.29 −20.21 ± 0.78

ΔGgas (gas-phase free energy) −57.88 ± 2.81 −58.64 ± 6.02 −86.25 ± 3.25 −41.57 ± 4.35

ΔGsolv (solvation free energy) 35.46 ± 3.27 41.51 ± 4.37 72.63 ± 2.58 35.83 ± 3.99

ΔGtotal −22.42 ± 2.63 −17.13 ± 4.02 −13.62 ± 1.02 −5.74 ± 3.21
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Fig. 8 MM-PBSA energy contribution and hydrogen bonds. (A) Apigenin 7-glucoside. (B) Quercetin. (C) Rutin. (D) Allopurinol.
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inhibitory and non-inhibitory states, with an energy landscape pattern 
similar to that of allopurinol. Rutin and the apo protein exhibit similar 
energy landscapes (Figs. 9C and D), with no clear inhibitory states, 
distributing smoothly across the conformational space.

3.3.3 MSM 

To further explore the dynamic mechanisms of conformational 
transitions, an MSM analysis was conducted for 3 systems: 
allopurinol, quercetin, and the apo protein, as shown in Fig. 10. 
The state space of quercetin and the positive control allopurinol are 
similar, clearly showing differences between inhibitory and non-
inhibitory states, with a high flux into the inhibited state and shorter 

transition times. However, the transition from the inhibited to non-
inhibited state takes longer, indicating that this process is less likely 
to occur. Notably, for allopurinol (Fig. 10A), transitioning from a 
non-inhibited to an inhibited state (State1) takes only 0.01 and 0.03 ns;  
whereas for quercetin (Fig. 10B), moving from a non-inhibited to 
an inhibited state (State2) requires 0.7 and 1.23 ns; this suggests 
that in terms of the probability of conformational transitions, 
allopurinol is still superior to quercetin, indicating that there is room 
for improvement in quercetin. As for the apo protein group, the 
frequent transitions among multiple conformations correlate with the 
smooth energy landscape obtained from PCA, showing no distinct 
advantageous conformation.
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Fig. 10 MSM of 3 systems. (A) Allopurinol; (B) Quercetin; (C) Apo protein.
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Fig. 9 FELs of 5 systems. (A) Apigenin 7-glucoside; (B) Quercetin; (C) Apo protein; (D) Rutin; (E) Allopurinol.
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4.  Conclusion

This study explored the potential of flavonoid molecules from 
sunflower receptacles in treating hyperuricemia. Animal experiments 
identified 30% as the optimal ethanol extraction concentration, 
demonstrating good effects in reducing joint swelling, serum uric 
acid, and urinary uric acid levels, while also providing protection 
to the liver and kidneys. Using LC-MS, 16 flavonoid compounds 
were identified, and through virtual screening and validation, 
quercetin from sunflower receptacle flavonoid was found to be an 
effective inhibitor of XO with an IC50 of 45.35 µmol/L. There is 
a novel discovery that apigenin 7-glucoside inhibits XO activity. 
Subsequently, MD simulations and MSMs demonstrated that the 
mechanism of quercetin’s inhibition of XO is similar to that of 
allopurinol.

These findings highlight that flavonoid molecules from sunflower 
receptacles, especially quercetin, play a critical role in treating gout. 
This study provides evidence for the use of these natural compounds 
in medicine, and it demonstrates the feasibility of a combination 
of computational methods and experiments to identify and analyze 
potential drug candidates from plants.
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