Diabetes, Metabolic Syndrome and Obesity Dovepress

Taylor & Francis Group

ORIGINAL RESEARCH

The Effects of Specific Gut Microbiota on
Hyperuricemia — A Mendelian Randomization
Analysis and Clinical Validation

Dilinuer Aikepa"*, Yi He2*, Wuijin Chen®*, Meiting Liang4, Yongkun Du’, Xiaoyu Chen', Manxi Du',
Yugiu Zhu', Jianping Wang®, Yuping Sun®"”"8

'Department of Microbiology, Xinjiang Medical University, Urumgqi, People’s Republic of China; 2Department of Cell Biology and Genetics, Xinjiang
Second Medical College, Karamay, People’s Republic of China; 3Department of Morphological Center, Xinjiang Medical University, Urumgqj, People’s
Republic of China; “Department of Pathology, Xinjiang Second Medical College, Karamay, People’s Republic of China; *Department of Critical Care
Medicine, China-Japan Union Hospital of Jilin University, Changchun, People’s Republic of China; ®Department of Cardiology, The Fourth Affiliated

Hospital of Xinjiang Medical University, Urumgi, People’s Republic of China; “Key Laboratory of Xinjiang Uygur Autonomous Region, Laboratory of
Molecular Biology of Endemic Diseases, Urumgqi, People’s Republic of China; 8State Key Laboratory of Pathogenesis, Prevention, and Treatment of

High Incidence Diseases in Central Asia, Urumgi, People’s Republic of China

*These authors contributed equally to this work

Correspondence: Yuping Sun, Department of Microbiology, Xinjiang Medical University, No. 567 Shangde North Road, Shuimogou District, Urumqj,
Xinjiang, 830017, People’s Republic of China, Email sunyuping@xjmu.edu.cn

Background: Hyperuricemia (HUA) is a metabolic disorder caused by an imbalance between uric acid (UA) production and
excretion. It is closely associated with various diseases, including gout and kidney disease. The intestines play a significant role in
UA excretion, and emerging evidence suggests that gut microbiota modulate UA excretion and degradation. However, the specific
functional microbial biomarkers and their roles in HUA remain underexplored.

Methods: Based on this, we hypothesize that the Mendelian randomization (MR) analysis method can be used to identify and define
microbial biomarkers associated with HUA. Accordingly, we conducted an MR study using gut microbiota data from 18,340
participants across 24 distinct cohorts, including 129 HUA patients and 352,232 controls, to investigate the causal relationship.
Results: We found that the genus Ruminococcus was linked to a lower risk of HUA, while the family Clostridiaceae was associated
with a higher risk of HUA. Clinical validation showed that high Clostridiaceae and low Ruminococcus abundance could distinguish
HUA patients from healthy individuals, and the predictive diagnostic efficacy of Clostridiaceae was better. The combined model
further enhanced diagnostic accuracy.

Conclusion: Our findings provide important information on the micro-biome features of HUA and novel insights into the further
determination of the roles of the involved microorganisms, providing a reference for disease diagnosis and the development of
microbial therapies.
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Introduction
Hyperuricemia (HUA) is a metabolic disorder resulting from an imbalance between uric acid (UA) production and
excretion. If not treated promptly, HUA can lead to severe health consequences, including gout and kidney disease.' The
prevalence of HUA varies geographically, with reported rates of 16.4% in China,” 21% in the United States,” and 26.6%
in South Korea.* Factors such as high-purine diets, alcohol consumption, hypertension, hypothyroidism, and obesity
contribute to the rising incidence of HUA, making it a significant public health concern worldwide.’

The key to treating HUA is reducing UA production and accelerating its excretion. UA is primarily eliminated
through renal and intestinal pathways, with the latter accounting for approximately one-third of total UA excretion. For

patients with HUA and renal insufficiency, intestinal excretion becomes particularly important.® Studies found that the
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gut microbiome is vital in regulating UA excretion and degradation.”® Metabolites such as short-chain fatty acids
produced by gut microbiota stimulate intestinal motility, thereby promoting the excretion of intestinal UA.'*'?
Moreover, specific enzymes secreted by gut microbiota have been implicated in UA degradation.'*'* Despite these
advances, the precise identity of key microbial players and their mechanistic roles in HUA pathogenesis remain to be
fully elucidated. While preliminary studies have documented gut microbiome differences between HUA patients and
healthy individuals,'® large-scale cohort studies are essential to validate these findings and to pinpoint the specific
microorganisms involved in UA metabolism.

Considering the growing recognition of the gut microbiome’s role in HUA, we conducted a two-sample Mendelian
randomization (MR) analysis using 16S rRNA gene sequencing data from gut microbiomes. Our analysis included
a population of 352,232 healthy and 129 HUA patients, aiming to identify microbial biomarkers that distinguish HUA
patients from healthy controls. Through this approach, we sought to validate our findings using clinical sample data. Our
results revealed that microbial taxa of the family Clostridiaceae are enriched in HUA patients, while the genus
Ruminococcus exhibits significantly higher abundance in healthy individuals. Our findings offer novel perspectives for
identifying microbial groups that play a pivotal role in intestinal uric acid metabolism, providing valuable insights for the
prevention and diagnosis of hyperuricemia through gut microbial biomarkers, and highlighting potential targets for the
development of microbial-based therapeutics.

Materials and Methods

Study Design

This study employed Genome-Wide association studies (GWAS) data on intestinal microbiota from the Mibiogen
consortium and the GWAS data on HUA from the FinnGen research project to conduct a two-sample MR analysis to
explore the causal relationship between the abundance of 211 gut microbial taxa and HUA.'® Then, a reverse MR
analysis was performed to avoid the potential effects of reverse causality. Notably, we followed the STROBE-MR
statement strictly in this analysis.'” Finally, clinical samples were used to authenticate the MR findings, with the results
depicted through an ROC curve (Figure 1).

Data Sources

The MiBioGen consortium is an extensive repository, meticulously compiling and analyzing genome-wide genotype and
16S fecal microbiome data. This information-rich dataset encompasses 18,340 participants from 24 distinct cohorts,'®'
all from European populations.”” HUA data were collected from the FinnGen database. We identified Instrumental
variables (IVs) linked to HUA from the most recent release of the FinnGen research, which included R10 data from 129
cases and 352,232 controls.”' FinnGen is a significant database containing biological samples that have been genotyped

from 500,000 individuals of Finnish descent.??

Instrumental Variables
This study collected 211 bacterial features at five biological levels to analyze 211 bacterial taxonomic units and elucidate
the bidirectional causal link between HUA and the intestinal microbiota.

To guarantee the accuracy and validity of the findings on the causal association between the gut microbiome and
HUA, the criteria used in the selection of IVs were: (1) Based on prior MR investigations of the gut microbiota, SNPs
correlated with each specific gut microbiome were detected using the genome-wide significance threshold (P <
1x107%).% (2) To fulfill the criteria for MR analysis, we conducted a linkage disequilibrium (LD) examination
utilizing data from the European Thousand Genome Project, which requires an R? < 0.001 for IVs and LD =
10,000 kb. (3) We analyzed the reliability of the IVs by calculating the F-statistic, which quantifies the strength of
the genetic variant. IVs with F-statistics < 10 were deemed weak instrumental variables recommended for exclusion.**
When performing reverse MR analysis, the Wald ratio method was employed for MR analysis when only a single SNP
IV was available.
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Figure | Flowchart of the study design. (A) Data sources for outcome. (B) Quality control. (C) Two-sample MR analysis and reverse MR analysis. (D) Clinical validation.

MR Analysis

To assess if the gut microbiota and HUA are causally related, we conducted a two-sample MR analysis using summary

statistics from the MiBioGen and FinnGen consortia. All of the analyses were carried out via two-sample MR analysis

using R (version 4.3.1) and the R package for MR (version 0.5.7).°> The R? was calculated as follows:

- 2 x f* x MAF x (1 — MAF)]

 [2x 8% x MAF x (1 — MAF) + SE? x 2 x N x MAF x (1 — MAF)]

When evaluating how strongly IVs and exposure relate to one another, we computed the F-statistic using the formula:

(N—1-k)
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where R? is the proportion of phenotypic variation described by SNPs and k is the number of SNPs included in the
instrument.”® When the F-statistic’s threshold was more than 10, it was deemed statistically significant, meaning that
weak instrumental bias had no impact on the causal relationship.”’

Using the inverse variance weighted (IVW) method, we computed the MR estimate based on multiple IVs, with
significance determined by the magnitude of the P value.?® Then we utilized MR-Egger, the Weighted median (WM), and
MR-PRESSO to verify the stability of the IVW results.?’

Subsequently, sensitivity analyses were conducted to ensure the robustness of our results. Heterogeneity was
examined using Cochran’s Q-test (considered significant at P < 0.05).*°

Pleiotropy refers to a scenario where one genetic locus influences multiple phenotypes. MR-Egger evaluates whether
genetic variation exhibits pleiotropic influences on outcomes divergent from zero on average (directional pleiotropy) and
offers reliable estimates of causal impacts under the weaker InSIDE assumption.’' The WM method provides precise
estimates of causality. Outliers were detected and corrected after removing abnormal IVs using the MR-PRESSO test.>'
The outcomes from MR sensitivity analysis methods demonstrated robust concordance with the IVW approach (P <
0.05). Finally, a reverse magnetic resonance study examined the causative relationship between the intestinal microbiota
and HUA.

Clinical Validation

Study Population

In this study, participants aged between 20 and 60 were recruited from Balikun County Hospital in Xinjiang Province,
China, between September 2019 and July 2021. After the baseline demographic indicators were recorded, the patients
were categorized into a control group (n = 57) and an HUA group (men > 7 mg/dL; women > 6 mg/dL; n = 50) based on
their serum UA level.

To ensure comparability between groups, we excluded patients who had renal insufficiency, liver damage, gastro-
intestinal disease, neoplasia, or hematologic disease or who received antibiotics or microbial agents during the month
before the study. The Medical Ethics Committee of the First Affiliated Hospital of Xinjiang Medical University approved
this study. All procedures were performed according to the established rules of the ethics committee. All participants
received a thorough explanation before being included in the study and informed written consent was obtained from
them.

Sample Collection, DNA Extraction, and Sequencing

In this research, following defecation, fecal samples were promptly collected in a centrifuge tube that had been sterilized
and stored at —80°C for subsequent analysis. For every sample, a bead-beating technique was used to extract bacterial
DNA. DNA quality was assessed through electrophoresis on a 0.8% agarose gel.*> The V3-V4 region of the bacterial 16S
rDNA genes was then amplified using the extracted DNA as a template. Finally, Shanghai Pisenno Biotech Co.
performed the Illumina NovaSeq sequencing proc and the DNA extraction. After obtaining the raw sequencing data,
we obtained ASVs from the denoised reads using DADA2* and then mapped against the Greengenes database (13.8v)
by using the QIIME2 platform.** OTUs were classified with a 97% similarity threshold using Vsearch. The sequences
with the highest abundance were defined as representative sequences, which were subsequently annotated and blasted
against the SILVA database (release 123) employing the RDP classifier. Ultimately, an OUT table was made for
subsequent analysis.

Statistical Analysis

Initially, all datasets were assessed to ensure adherence to the normal distribution and variance homogeneity. Upon
meeting these criteria, group distinctions were evaluated using a paired #-test.>> To compare various groups, we utilized
a one-way analysis of variance (ANOVA).*® When the variables deviated from a normal distribution, either the Wilcoxon
rank-sum test’’ or the Kruskal-Wallis Rank test>® was used. This statistical methodology guarantees a thorough, precise,
and refined data evaluation. The chi-square test was employed for statistical data analysis and comparison.>® The
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discriminative capacity of the biomarkers was assessed by calculating the area under the ROC curve (AUC).* Statistical
analyses were performed using R version 4.2.0, with significance defined as P < 0.05.

Results

IV Selection

Following quality control procedures, 2818 SNPs linked to 211 bacterial species were chosen as IVs. The F-statistic,
ranging from 14.58 to 88.42 with an average value of 21.69, was used to assess the variability of the human intestinal
microbiota. All values exceeded the threshold of 10, indicating a decreased probability of bias occurrence.

Two-Sample MR

MR. Influence of the Gut Microbiota on HUA

We identified seven bacterial taxa that may have a potential causal relationship with HUA based on results from three
IVW analysis methods (Figure 2). According to the IVW results, the order Rhodospirillales (OR. 0.34, 95% CI.
0.14-0.81, P = 0.02), order Enterobacteriales (OR. 0.14, 95% CI. 0.02—0.87, P = 0.04), order Bacillales (OR. 0.44,
95% CI. 0.21-0.93, P = 0.03), family Enterobacteriaceae (OR. 0.14, 95% CI. 0.02-0.87, P = 0.04), genus unclassified
(id 2755) (OR. 0.29, 95% CI. 0.12-0.7, P = 0.01) and genus Ruminococcus (OR. 0.16, 95% CI. 0.04-0.62, P = 0.01)
were correlated with a lower risk of HUA. Conversely, the family Clostridiaceae (OR: 5.66, 95% CI: 1.47-21.77, P =
0.01) was associated with a high risk of HUA.

The WM method revealed that genus unclassified (id_2755) (OR. 0.31, 95% CI. 0.10-0.94, P = 0.04) and genus
Ruminococcus (OR. 0.17, 95% CI. 0.03-0.93, P = 0.04) were linked to a lower risk of HUA, and the family
Clostridiaceae (OR. 8.61, 95% CI. 1.49-49.60, P =0.02) were associated with a greater risk of HUA (Table S1). The
Weight mode method, MR-EGGER, MR-PRESSO test (Table S2), and scatter plot (Figure S1) indicated a lack of
horizontal pleiotropy or outliers, with a P value exceeding 0.05. Cochrane’s Q test (Table S2) revealed the absence of
significant heterogeneity among the chosen SNPs, with P values exceeding 0.05. However, the leave-one-out strategy
(Figure S2) showed that the outcomes were not significantly changed by eliminating any individual SNPs from the I'Vs.

Reverse MR Influence of HUA on the Gut Microbiota
The findings from the reverse MR analysis are presented in Figure S3, revealing no reverse causal relationship between
HUA and the seven specific intestinal microbiota taxa investigated (P > 0.05) (Table S3).

B

Taxa nSNP finngen_R9 OR(95%Cl) P-value
Family i

Clostridiaceae 10 | —— 566 (1.47-21.77) 0.012
Enterobacteriaceae 6 — i 0.14 (0.02-0.87) 0.035
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Figure 2 Investigating the causal relationship between specific gut microbiota and HUA. (A) Overview of IVW findings for gut microbiota and HUA. (B) IVW results
highlighting the causal connection between gut microbiota and HUA.
Abbreviation: IV, inverse-variance weighted.
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Clinical Validation

Patient Demographics and Clinical Characteristics

Subsequently, a retrospective clinical analysis was performed to investigate the relationship between HUA and the
intestinal flora. The study included 107 patients, as outlined in Table 1. Among them, 50 patients were allocated to the
HUA group, while 57 patients were assigned to the control group. Statistically significant differences were not observed
in age, BMI, SBP, DBP, AST, ALT, TC, LDL-C, or Cre between patients with and without HUA. However, in the group
with higher UA, the TG, HDL-C, BUN, UA, and GLU levels were greater.

HUA Altered the Diversity and Composition of the Intestinal Bacterial Community

The species accumulation curves shown in Figure 3A and the dilution curve illustrated in Figure 3B indicate that the
sample size was sufficient and that the sequencing depth met the required criteria. The alpha diversity indices, including
the Chaol index, Shannon index, and Simpson index, confirmed notable differences in gut microbial diversity between
the HUA and control groups (based on ANOVA or Kruskal-Wallis tests, Chaol index, P = 0.00021; Shannon’s index,
P =0.0049; Simpson’s index, P = 0.00094; Figure 3C). To better understand the differences in richness among the HUA
and control groups, a Venn diagram was generated to illustrate the overlap between groups (Figure 3D). We found that
the control group had 1226 OTUs, and the HUA group had 2938 OTUs, with 1653 overlapping OTUs. The findings
indicated differences in gut microbiota composition between the HUA and control groups.

Subsequently, to reinforce the evidence of variations in species diversity among the samples, PCoA, PCA, and NMDS
analyses were employed (Figure 4). The findings demonstrated a notable difference in the structure of the intestinal
microbiota between the HUA group and the control group. Overall, our findings suggest a considerable shift in the
composition of the intestinal microbial population within the HUA group.

Microbial Biomarker Detection in HUA Patients and Controls

Violin plots were constructed to compare the relative abundance of Clostridiaceae and Ruminococcus in the two groups,
and the HUA group exhibited a significantly elevated relative abundance of Clostridiaceae (Figure 5A). In contrast,
Ruminococcus exhibited a decreased presence within the same group (Figure 5B). Given the above results, ROC analysis

Table | Baseline Characteristics of the Included Participants

Characteristic | Control Group (n=57) | HUA (n=50) P-value
Age, years 47.58 £ 9.704 49.24 + 8.563 0.476
BMI, kg/m? 26.79 + 3.333 28.37 £ 3.139 0.210
SBP, mmHg 133.72 + 19.276 130.14 + 14.995 | 0.314
DBP, mmHg 79.42 + 11.002 79.96 £ 11.933 | 0.685
AST, U/L 24.58 + 10.348 23.62 £ 11.005 | 0.715
ALT, U/L 26.29 * 10.356 22.99 + 9.328 0.141
TC, mmol/L 351 £ 1413 5.01 £ 1.048 0.437
TG, mmol/L 1.06 + 0.331 2.22 £+ 0.870 <0.001**
HDL-C, mmol/L | 1.53 + 0.422 2.05 £ 0.627 <0.001**
LDL-C, mmol/L | 2.45 + 0.566 243 + 0.875 0.859
BUN, mmol/L 421 £ 1.283 5.73 £ 1.058 <0.001%**
UA, pmol/L 26821 + 41.853 487.43 + 73.643 | <0.001%**
Cre, umol/L 7233 £ 13.352 75.60 + 17.627 | 0.793
GLU, mg/dL 4.98 + 0.486 6.20 + 2.169 <0.001%*

Notes: Data are expressed as means + SD for continuous variables or numbers. ** denotes
P <00l

Abbreviations: BMI, body mass index; SBP, systolic blood pressure; DBP, Diastolic blood
pressure; AST, aspartate aminotransferase; ALT, alanine aminotransferase; TC, total choles-
terol; TG, Triglyceride; HDL-C, High-density lipoprotein cholesterol; LDL-C, low-density
lipoprotein cholesterol; BUN, blood urea nitrogen; UA, urea acid; Cre, creatinine; GLU,
blood glucose; HUA, Hyperuricemia Group.
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The figures within the overlapping regions denote the number of OTUs shared among their respective groups, while the figures within each distinct area indicate the number
of OTUs specific to the corresponding group. ** denotes P < 0.01; *** denotes P < 0.001.

was employed to evaluate Clostridiaceae and Ruminococcus to discriminate between HUA patients and healthy controls.
The analysis revealed that Clostridiaceae attained an area under the ROC curve of 0.879 (95% CI 0.815 to 0.944), while
Ruminococcus achieved an area under the ROC curve of 0.635 (95% CI = 0.528 to 0.743). Additionally, the combined
model incorporating both Clostridiaceae and Ruminococcus demonstrated an AUC of 0.881 (95% CI 0.817 to 0.946)
(Figure 5C), revealing that both individual algorithms exhibited consistent stability, with Clostridiaceae leading to
superior prediction results compared to Ruminococcus, while the combined model further enhanced diagnostic accuracy,

underscoring its potential as a noninvasive diagnostic tool for HUA.

Diabetes, Metabolic Syndrome and Obesity 2025:18 heeps: 1897



Aikepa et al

A B

Weighted UniFrac Distance UnWeighted UniFrac Distance
0.6 — ® A control 0.35 A\ control
® HUA 0.30 — ® HUA
0.5
A 0.25 )
0.4 4 .. 0.20 - S
[ J ® - ® A [ ]
0.3 v Py 0.15 A . :. ®
o2 A o e A og0 < 0.10 — " o® ..
d
%01 Ax AfA ° o, 005 A‘; 2 ®oqge
N 1 [ ] QL 0.00 A f A o o
3 “® ospe® o 3 A~ e
= 0.0 @, ) & 005 ah 4 X
o Al oo ¢ A i
° A »© A -0.10 | AA ? ) e
-0.1 - ® AL op ®
A ® -0.15 - A A
® - A e
0.2 — S - 2 )
-0.20 A
A o
-0.3 - 3 -0.25 — [ ]
T T T T T T T T T T T T -0.30 T T T T T T T
0.6 -0.5 -0.4 -03 -02 -0.1 0.0 0.1 02 03 04 0.5 03 -02 -0l 0.0 0.1 0.2 03
PCol [12.2%] PCol [13.7%]
0.3 - A o0 Stress = 0.268
A\ control : o A\ control
02 A = Ace ® HUA s A ® HUA
A X )
AThs @, AL A A A 5 e
—_ | 1.0 A A
o1 A A R °®
2 2 tA ® A AA t :~ ®
= 4 o 0.5
o 007 ‘A‘ A 2
I e® A g 0.0 o AA
[ J
-0.1 - @ '.' Z A‘}o % .o
. 00‘... ] . ..A ~ =
_ °®
-0-2 Al e o 1.0 ° e o
A
0.3 ® 1.5 % L] i
-0. e 1. . .
o e
0.4 o3 o T T T T T3 Toa 105 ! -2.0 — T T T T T T T T T
e e s s 0.0 0.1 093 . . -2.0 -1.5 -1.0 -0.5 0.0 05 1.0 1.5
PC1 [26.5%] NMDS!
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Discussion

In this study, we identified seven gut microbial taxa associated with HUA using GWAS summary statistics from FinnGen
and MiBioGen. Notably, the genetically defined abundance of Ruminococcus was found to be causally protective against
HUA (OR 0.16, 95% CI. 0.04-0.62, P = 0.01), while a genetically predicted increase in Clostridiaceae abundance was
associated with a causal risk effect (OR 5.66, 95% CI. 1.47-21.77, P = 0.01). Our results showed no significant
heterogeneity or horizontal pleiotropy, indicating a high degree of stability and reliability. Clinical sample validation
demonstrated that an elevated Clostridiaceae and a decreased prevalence of Ruminococcus could distinguish HUA
patients from healthy individuals, and the predictive diagnostic efficacy of Clostridiaceae was better. Furthermore, the
combined diagnostic model incorporating both Clostridiaceae and Ruminococcus exhibited an AUC of 0.881 (95% CI
0.817-0.946), further enhancing diagnostic accuracy. Our results highlight a significant relationship between specific
bacterial and HUA, highlighting the potential of integrating gut microbiota into diagnostic strategies and mechanistic
studies of HUA. While serum UA levels remain the standard for HUA diagnosis in clinical practice, accurately predicting
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Figure 5 (A) Differences in Clostridiaceae abundance between HUA patients and healthy controls; (B) Differences in Ruminococcus abundance among HUA patients and
controls; (C) ROC curve analysis for Clostridiaceae and Ruminococcus (compared with healthy controls). * denotes P < 0.05; *** denotes P < 0.001.

the onset and progression of HUA remains challenging. Our study established a diagnostic model for HUA utilizing gut
microbial biomarkers, which may assist clinicians in achieving more efficient and accurate diagnoses.

Accumulating evidence links specific dysbiosis of intestinal microbiota to aberrant purine metabolism in HUA.*' Recent
advances highlight that gut microbiota can affect urate homeostasis through enzymatic breakdown of urate,** regulation of
intestinal barrier integrity,"> and modulation of renal urate transporters.** For instance, gut microbiota-derived SCFAs
modulate renal URAT1 expression, thereby influencing urate reabsorption.* Additionally, recent studies have identified
a significant link between gut barrier dysfunction and elevated serum uric acid levels, highlighting the role of gut microbiota
in promoting systemic inflammation and contributing to urate accumulation.*® In this study, we observed lower abundance of
Ruminococcus in HUA patients. Previous studies have reported that members of this genus produce SCFAs, which play
a crucial role in maintaining intestinal health and regulating inflammation.*” SCFAs, such as butyrate, are known to enhance
colonic mucin synthesis through histone deacetylase inhibition,*® thereby reducing intestinal bacterial absorption of urate.
These mechanisms highlight the protective function of Ruminococcus in HUA by modulating both intestinal and renal urate
metabolism. Additionally, we observed higher abundance of Clostridiaceae in HUA patients. Research has shown that
Clostridium acidurici, a member of this family, can utilize purines like uric acid as carbon, nitrogen, and energy sources.*’
This process involves enzymes such as xanthine dehydrogenase and glycine cleavage systems.*” Another study showed that
Clostridiaceae encode a conserved gene cluster to metabolize uric acid into short-chain fatty acids, highlighting their role in
uric acid metabolism.”® Our findings provide novel genetic evidence indicating a causal relationship between Clostridiaceae
and HUA, which has not been confirmed in previous studies. Our findings suggest that the elevated presence of
Clostridiaceae could function as a noninvasive diagnostic biomarker for HUA, presenting a promising avenue for therapeutic
strategies. Further research is required to confirm and elucidate the underlying mechanisms involved.

This study has a few drawbacks. First and foremost, the results for Clostridiaceae were only achieved at the family level and
not at the genus or species level, which may be because the data used in the current study is only based on amplicon sequencing.
Therefore, in further studies, high-quality and in-depth metagenomic sequencing data are needed to obtain more precise results.
Second, although we found specific microbiota that could be associated with HUA, the correlation between gut microbes and UA
metabolism is intricate and varied. It is important to further investigate how these bacteria contribute to the development of HUA.
With the development of gut microbiome sequencing technology, further genetic association and clinical studies are needed for
in-depth elucidation and validation of the functions of specific relevant gut microbes using their culture representatives.
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Conclusion

In this study, we employed MR analysis to investigate the causal relationship between specific gut microbial taxa and HUA. Our
results identified seven bacterial species associated with HUA risk, with Clostridiaceae showing a significant positive association
and Ruminococcus demonstrating a protective effect. Clinical validation via ROC analysis confirmed that high Clostridiaceae
abundance and low Ruminococcus abundance could effectively distinguish HUA patients from healthy individuals. The
combined model incorporating both taxa showed an AUC of 0.881, further enhancing diagnostic accuracy. These findings
highlight the potential of gut microbial biomarkers as non-invasive diagnostic tools for HUA, offering a novel perspective on
disease pathogenesis and management. Furthermore, the identified microbial signatures may serve as therapeutic targets for
microbiota-based interventions. However, the mechanistic underpinnings of these associations require further exploration.
Future large-scale cohort studies are warranted to validate the clinical utility of these biomarkers and to investigate their potential
role in personalized medicine approaches for HUA.
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