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Abstract

Background: Hyperuricemia and hyperlipidemia frequently coexist in metabolic syndrome, yet their
shared pathogenic mechanisms remain insufficiently elucidated. Identifying convergent molecular
pathways may provide novel therapeutic targets for metabolic comorbidity. Methods: A multi-omics
strategy integrating multi-trait genome-wide association analysis (MTAG), weighted gene co-
expression network analysis (WGCNA), protein—protein interaction (PPI) network construction, and
functional enrichment analysis was employed to identify common genetic drivers of hyperuricemia
and hyperlipidemia. To validate the bioinformatic findings, a high-purine and high-fat diet-induced
quail model of combined hyperuricemia and hyperlipidemia was established, and the expression
levels of NAMPT and SIRT1 were assessed in serum and metabolic tissues. Results: Multi-trait
genetic association analysis revealed that the NAMPT-SIRT1 signaling pathway demonstrated a
66.7% genetic overlap and a 100% target gene detection rate, accompanied by significant enrichment
in the nicotinamide metabolic pathway (P=2.1x10-?). In vivo validation showed markedly decreased
expression of NAMPT and SIRT1 in both serum and liver tissues of comorbid model animals, aligning
with the predicted molecular dysregulation pattern. Conclusion: By integrating multi-omics
screening with experimental validation in an avian model, this study highlights the NAMPT-SIRT1
axis as a core molecular hub linking hyperuricemia and hyperlipidemia. These findings provide
mechanistic insight into metabolic comorbidity and suggest NAMPT-SIRT1 signaling as a promising
target for therapeutic intervention and drug development.

Keywords: Hyperuricemia; Hyperlipidemia; Nicotinamide metabolism; Multi-omics; Metabolic
comorbidity

1. Introduction

In recent years, the incidence of metabolic disorders has been continuously rising worldwide.
Multiple metabolic abnormalities, such as hyperglycemia, hyperlipidemia, hyperuricemia, and
obesity, interact with each other, collectively leading to homeostatic imbalance across multiple organs
and systems, posing a significant public health challenge[1-5]. Among these, hyperuricemia (HUA)
is a purine metabolism disorder caused by an imbalance between uric acid production and
excretion[6-7], while hyperlipidemia (HLP) is a clinical syndrome characterized by dysregulated lipid
metabolism[8]. Both diseases exhibit a marked increasing trend and have become key targets in the
prevention and control of chronic non-communicable diseases.

Epidemiological data indicate that the overall prevalence of HUA worldwide ranges from 10%
to 20%, with the number of affected individuals continuously increasing. By 2021, the global patient
population had reached nearly 1.05 billion[9-13]. In China, the prevalence of HUA among adults is
14.0%, making it the second most common metabolic disorder after diabetes[7]. Meanwhile,
approximately 38.9% of adults globally suffer from HLP[14-15], while in China, the overall
prevalence of dyslipidemia in adults is 35.6%, with a continuously rising trend[8], suggesting that
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HLP has become a critical warning sign for various cardiovascular events. Notably, HUA and HLP
frequently coexist, with each acting as a risk factor for the other, significantly increasing the risk of
comorbidities such as metabolic syndrome, atherosclerosis, and chronic kidney disease. Therefore,
in-depth investigation of the pathological characteristics and underlying molecular mechanisms of
HUA and HLP in their comorbid state holds significant clinical and research value.

With advances in genetic research technologies, methods such as genome-wide association
studies (GWAS) and Mendelian randomization (MR) have been widely applied to dissect the genetic
basis of complex metabolic traits. A study integrating genetic data from 343,836 participants,
combining MR, summary-data-based Mendelian randomization (SMR) analysis, and colocalization
approaches, successfully identified 22 potential druggable gene targets that may regulate serum uric
acid levels[16]. Another GWAS analyzed over 11 million single nucleotide polymorphisms (SNPs) in
150,542 individuals and identified 13 key genetic loci associated with uric acid metabolism[17-18].
Furthermore, research has shown that the GWAS-identified SNP rs13282783 can promote lipid
metabolic dysfunction by upregulating miR-320a expression, thereby contributing to the
development of HLP[19]. Additionally, data analysis based on the Taiwan Biobank (TWB) has
revealed that the rs651821 variant is a significant genetic factor influencing the risk of HLP[20].

Research on the shared genetic basis and common pathogenic pathways underlying HUA and
HLP remains relatively limited. This study aims to systematically investigate the shared molecular
mechanisms of comorbid HUA and HLP from a multi-omics perspective. At the bioinformatics level:
we employed multi-trait analysis of genome-wide association studies (MTAG) to identify shared
genetic variants between the two traits; applied weighted gene co-expression network analysis
(WGCNA) to detect highly co-expressed gene modules under specific tissue or disease conditions
and to screen for key hub genes; and further integrated protein-protein interaction (PPI) network
construction with functional enrichment analysis to comprehensively elucidate the potential
biological pathways and regulatory networks involved. At the experimental validation level: we
established an animal model of HUA-HLP induced by a high-purine and high-fat diet, assessed
changes in uric acid- and lipid metabolism-related biomarkers as well as the activities of key
metabolic enzymes, and characterized the model’s pathophysiological features. Moreover, using
techniques such as enzyme-linked immunosorbent assay (ELISA) and quantitative real-time
polymerase chain reaction (q-PCR), we validated alterations in key molecular pathways at the whole-
animal level, thereby achieving a closed-loop research framework from “omics-based prediction” to
“experimental validation”.

2. Methods
2.1. Multi-Omics Analysis

2.1.1. Data Sources and Preprocessing

Publicly available GWAS summary statistics for hyperuricemia and hyperlipidemia were
obtained from large-scale cohorts previously reported in peer-reviewed studies[21-24]. For each trait,
30 independent genome-wide significant loci (P<5x10%) were included for further analysis. Gene
expression profiles were retrieved from the GEO database and consisted of 2,000 genes across 60
samples, including healthy controls, hyperuricemia, hyperlipidemia, and comorbidity groups. All
datasets underwent standardized normalization, batch-effect correction, and quality control before
downstream analysis.

2.1.2. Multi-Trait Genome-Wide Association Analysis

To identify shared genetic architecture between HUA and HLP, MTAG was performed[25].
MTAG increases detection power for pleiotropic loci by jointly modeling summary statistics across
traits using a chi-square-based framework|[26]. Combined significance was calculated using the
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formula Pcombmed:l-FXz(xz,dF@ Expression data covering 32 pre-identified candidate genes were

cross-referenced to ensure integrative evaluation at both genetic and transcriptional levels.

2.1.3. Weighted Gene Co-Expression Network Analysis

WGCNA was applied to identify co-regulated gene modules associated with metabolic
traits[27]. An optimal soft-thresholding power ([3=6) was selected according to the scale-free topology
criterion[28]. Network construction and module detection were performed using dynamic tree
cutting with a minimum module size of 30 and a merging threshold of 0.25. Key modules enriched
in target genes were extracted for functional interpretation.

2.1.4. Protein—Protein Interaction Network Construction

PPI networks were constructed using interaction data from the STRING database[29-30].
Network visualization and topological feature analysis were conducted using the igraph package in
R. The final network comprised 23 nodes and 24 edges. Hub proteins were identified based on degree
centrality and network connectivity density.

2.1.5. Functional Enrichment Analysis

Gene Ontology (GO) biological process terms and Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathways were enriched using the clusterProfiler package[31-33]. An adjusted P-value (FDR-
corrected Pagj)<0.10 was set as the threshold for statistical significance. Enrichment patterns were
interpreted to determine biological processes and signaling pathways underlying metabolic
comorbidity.

2.1.6. Statistical Analysis and Visualization

Continuous variables with normal distribution were expressed as mean+standard deviation and
compared using Student’s t-test. Non-normally distributed data were presented as median
(interquartile range) and analyzed using the Mann-Whitney U or Kruskal-Wallis H test. Categorical
variables were analyzed using chi-square or Fisher’s exact test. Two-sided P < 0.05 was considered
statistically significant. Manhattan plots, Venn diagrams, heatmaps, and network visualizations were
generated using R packages.

2.2. Animal Experiment

2.2.1. Experimental Animals

Twenty male Dwarf quails (150+10g) were purchased from a certified breeding facility (Quail
King Farm, Beijing, Animal Health Certificate No. 1101198808). Animals were housed under
controlled environmental conditions (temperature 23+1°C, humidity 45+5%, 12 h light/dark cycle)
and acclimatized for 3 days. All procedures were approved by the Institutional Animal Ethics
Committee (Approval No. BUCM-2025031007-1147).

2.2.2. Reagents and Kits

Table 1. Reagents Used in This Study.

ficati
Category Reagent Manufacturer/Supplier =~ Catalog/Batch No. NOteS/SP:CI lcation
Diet Components  Yeast extract powder Oxoid, UK 4448128-02 High-purine diet
Diet Components Lard Shuanghui Edible Oil Q/DZSH 00245 High-fat diet
P Technology Co., China &
Biochemical Assay Uric Acid Assay Kit Zhongsheng Beikong 241442 Enzymatic method

Kit Biotechnology Co., China
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Blochem@al Assay Triglyceride Assay Kit Nany 1.r1 & ]1a.nche.ng Instl.tute of 20250418 Colorimetric assay
Kit Bioengineering, China
Biochemical A Total Cholesterol A jing Jiancheng Institute of
iochemical Assay Tota Cho esterol Assay Nan]l'ng ]1a’nc eng Institute o 20250416 Enzymatic assay
Kit Kit Bioengineering, China
Biochemi§al Assay Low-Density Lipoprofein Nanji'ng ]ia’nche.ng Insti'tute of 20250320 Enzymatic assay
Kit Cholesterol Assay Kit Bioengineering, China
. . High-Density o .
Bioch 1A N heng Institute of
¢ em1§a ssay Lipoprotein Cholesterol an]1'r1 & ]1a’nc e.ng ns 1 e o 20250319 Enzymatic assay
Kit . Bioengineering, China
Assay Kit
Protei Protei
roem. BCA Protein Assay Kit ~ NCM Biotech Co., China 20250520 rorem
Quantification concentration
Enzyme Activity Xanthine Ox¥dase (XOD) Nan]l.ng ]1a.nche.ng Instl.tute of 20250411 Serum/Liver
Assay Kit Bioengineering, China
Enzyme Activity =~ Adenosine Dea.mmase Nan]l'ng ]1a’nche.ng Instl'tute of 20250410 Colorimetric
Assay (ADA) Kit Bioengineering, China
Enzyme Activity ~Acetyl-CoA Carboxylase Edison Biotechnology Co., .
Assay (ACC) Kit China ADS20250530 Microplate
Enzyme Activity Hepatic Edison Biotechnology Co., .
ADS2025041 M lat
Assay Lipase (HL) Kit China 520250419 reropiate
hick AMPT ELISA  Ji Kete Biotechnol
ELsA Kyt ke NA SA  Jiangsu Kete Biotechnology 1100 cpa Sandwich ELISA
Kit Co., China
ELISAKit  Chicken SIRT1 ELISA Kit | angsu Kete Biotechnology KT4371-A Sandwich ELISA
Co., China
Buffer PBS Aoging Biotechnology Co., 555109009 pH 7.4
China
T Fi hemical Co.
Solvent Chloroform ohggtiang tne Chemical Co., 20240116 Analytical grade
China
Solvent Isopropanol Macklin Biotech, China C16366803 MOIeC‘;;j:“’logy
Solvent Absolute Ethanol Tianjin Zhiyuan Ch.emlcal 20230301 Molecular biology
Reagent Co., China grade
Bairuiji Biotechnol .
Solvent Ultrapure Water i IOC;(;naO ogy Co. 20250506 RNase/DNase-free
RNA Extraction TRIzol Reagent Thermo Fisher Scientific, USA 10177091 RNA isolation
Reverse RevertAid cDNA 1y o rmo Fisher Scientific, USA 2996493 DNA synthesis
Transcription Synthesis Kit
P YBR
qPCR owerUp 5 ) Green Thermo Fisher Scientific, USA 3056716 qPCR reagent
Master Mix
2.2.3. Equipment
Table 2. Instruments and Equipment Used in This Study.
Equipment Model Manufacturer Country
Microplate Reader Sunrise Tecan Switzerland
Refrigerated H1gh—Speed K15 Sigma Germany
Centrifuge
Constant Temperature Water Bath HH-600 Beijing Medical Equipment Co. China
Analytical Balance AHIMADZUB1-220H Shimadzu Japan
Tissue Homogenizer High-throughput model Ningbo Xinzhi Biotechnology Co. China
NanoDrop Spectrophotometer NanoDrop One Thermo Fisher Scientific USA
PCR Thermocycler T100 Bio-Rad USA
Real-Time PCR System CFX96 Bio-Rad USA
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2.2.4. Grouping and Model Induction

Quails were randomly assigned into a control group and a comorbidity model group (n =10 per
group). The model group received a high-purine and high-fat diet consisting of standard feed mixed
with yeast extract and lard at a ratio of 15:2:3. Animals had ad libitum access to water. The control
group received standard diet and water only. The intervention lasted 35 days.

2.2.5. Sample Collection

Blood samples were collected via jugular venipuncture on days 7, 14, 21, 28, and 35 following 12
h fasting. Serum was separated at 1600xg for 10 min for uric acid quantification. Fecal-urine mixed
excreta were collected one day prior to blood sampling, dissolved in saline, and centrifuged for uric
acid detection. After euthanasia, liver tissues were excised and homogenized for biochemical assays.

2.2.6. Biochemical Measurements

Serum levels of triglycerides (TG), total cholesterol (TC), low-density lipoprotein cholesterol
(LDL-C), and high-density lipoprotein cholesterol (HDL-C) were measured enzymatically. Hepatic
and serum activities of xanthine oxidase (XOD) and adenosine deaminase (ADA) were quantified
using colorimetric assays. Lipid metabolism enzymes including fatty acid synthase (FAS), lipoprotein
lipase (LPL), hepatic lipase (HL), and acetyl-CoA carboxylase (ACC) were assessed using microplate-
based methods. NAMPT and SIRT1 protein levels were determined via ELISA.

Total RNA from liver and adipose tissues was extracted using TRIzol and reverse transcribed to
cDNA. Quantitative PCR was performed with (3-actin as the reference gene. Relative gene expression
of NAMPT and SIRT1 was calculated using the 2-AACt method.

2.2.7. Statistical Analysis

Statistical analyses were performed using SPSS 27.0. For normally distributed data, one-way
ANOVA with LSD or Dunnett T3 post hoc tests (depending on variance homogeneity) was applied.
For non-normal data, Kruskal-Wallis H test followed by Dunn’s post hoc rank comparison was used.
Adjusted P<0.05 was considered statistically significant.

3. Results

3.1. Genome-Wide Association Signals Reveal Substantial Shared Genetic Architecture Between
Hyperuricemia and Hyperlipidemia

To elucidate the shared genetic basis between hyperuricemia and hyperlipidemia, a multivariate
MTAG framework was applied to the combined GWAS summary statistics. The analysis identified
40 genome-wide significant loci, of which 20 were jointly associated with both traits, corresponding
to a substantial genetic concordance rate of 66.7%. This proportion notably exceeded random
expectation, indicating a biological rather than stochastic overlap in genetic predisposition. The
shared loci mapped to metabolically relevant genes including SLC2A9, SLC17A3, ABCG2, APOE,
LDLR, PCSK9, and SORT1, which are functionally involved in urate transport, lipid handling, and
transcriptional control of metabolic pathways. These findings provide evidence that urate and lipid
disorders may arise from common upstream regulatory mechanisms rather than independent
metabolic defects.

Quantitative evaluation of the MTAG output revealed that the hyperuricemia-associated loci
corresponded to 19 genes, while the hyperlipidemia-associated loci mapped to 19 genes as well. The
intersection of these gene sets yielded 13 shared genes, resulting in a total of 40 loci linked to 25
unique genes across the combined analysis. The strongest association signal was detected at the
SLC2A9 locus (rs1165205, P=1.2x10-3%), highlighting its central role in urate metabolism. The overall
mean effect size across all shared loci was (3=0.065, falling between the mean effect size observed for
hyperuricemia-specific ($3=0.028) and hyperlipidemia-specific (3=0.087) loci, suggesting a moderate
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but consistent genetic contribution shared by both disease phenotypes. A detailed summary of the
MTAG statistical output is presented in Table 3.

Table 3. Summary of MTAG Analysis Results.

) hyperuricacidemia hyperlipemia ; Analysis of
metric yp GWAS ypr;I\)s Shared mutation vari}.; nce
Number of mutation sites 30 30 20 40
Genetic number 19 19 13 25
Genetic overlap rate (%) - - 66.7 -
Minimum P-value 2.3x10724 1.2x10-308 2.3x10724 1.2x10-308
Mean effect value 0.028 0.087 0.065 0.058

The Manhattan plot (Figure 3) visualizes the distribution of the 40 genome-wide significant loci
across chromosomes. Each subplot represents a single chromosome, with the X-axis indicating
chromosomal position (Mb) and the Y-axis showing -log10(P-value). The red dashed line marks the
genome-wide significance threshold (5x1078), and the blue dashed line represents the suggestive
significance threshold (1x10-%). Distinct colors denote different chromosomes, and significant loci are
annotated with their corresponding gene names. Chromosome 19 displayed the highest density of
significant signals, mainly involving lipid metabolism-related genes such as APOE and LDLR. In
contrast, the SLC2A9 locus on chromosome 4 exhibited multiple independent signals, consistent with

its central role in urate metabolism.
MTAG Analysis: Hyperuricemia & Hyperlipidemia GWAS

Analysis of 40 genome-wide significant variants

CHR: 1 CHR: 2 CHR: 3 CHR: 4 CHR: 6
75
50
5 sogre ik < ccan
g m e mm s SR L o oo o o - o itg. S e Py ity T i e =gt SRS ST T M, Sy e oy
50 100 0 22 24 26 28 141950 141875 142000 142.025 5.94 99 996 75000 75025 75050 75.075
CHR: & CHR: 7 CHR: 8 CHR: 8 CHR: 10
-
75
‘‘‘‘‘‘
50 -
25 5 o
5, . ogaz -
= w2 s
E 2579 2580 2581 25.82 2583 2584 781 733 735 80 90 100 110 120 13609 136.11 136.13 13615 136,17 997 299 100.1
4
g CHR: 11 CHR: 12 CHR: 15 CHR: 16 CHR: 18
g
75
50 s
25
“ g -
e 4 R |
64325 64350 64375 64400 20 40 60  BO 100 58675 58700 58725  58.750 30 40 50 0 20 30 40

CHR: 20

43000 43025 43050 43.075
Position (Mb)
Red line: genome-wide significance (8x10%); Blue line: suggestive (1x10)

Figure 1. Manhattan Plot of MTAG Multi-trait Association Analysis.

Effect size analysis revealed that the shared loci ranged from -0.089 to 0.085. Among these,
SLC2A09 (rs1165205) exhibited the largest negative genetic effect (p=-0.089, P=3.2x10-%), followed by
APOE (rs429358) with a positive effect (3=0.085, P=5.6x10-14).
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Figure 2. Venn Diagram of Gene Overlap Analysis.

The Venn diagram quantitatively illustrated the genetic overlap between hyperuricemia and
hyperlipidemia GWAS datasets. The left and right circles represented the 19 genes associated with
hyperuricemia and the 19 genes linked to hyperlipidemia, respectively, with 13 genes shared in the
overlapping region (SLC2A9, SLC17A3, SLC17A1, ABCG2, INHBC, SLC16A9, SLC22A11, GCKR,
APOE, HNF4A, LDLR, PCSK9, SORT1). These shared genes accounted for 68.4% of the combined
gene set, far exceeding the expected random proportion, thus providing direct evidence of a shared
genetic foundation between the two disorders. See Figure 2 for details.

3.2. Expression Profiling Reveals Distinct Transcriptional Signatures Linking Uric Acid and Lipid
Metabolism

To characterize the transcriptional landscape associated with metabolic disruption, we profiled
32 key genes involved in NAD* metabolism, lipid processing, transporter activity, transcriptional
regulation, and AMPK signaling across four experimental conditions: Control, Hyperuricemia
(HUA), Hyperlipidemia (HLP), and Combined (HUA+HLP). As summarized in Table 4, all genes
achieved a 100% detection rate, with NAD* pathway genes displaying the highest mean expression
(12.0+£3.0), followed by lipid metabolism (9.5+2.5) and transporter-related genes (8.0+2.0). This
hierarchical expression gradient reflects the metabolic prioritization of NAD*-dependent processes
during metabolic stress.

A global heatmap visualization (Figure 3) revealed distinct expression clusters corresponding to
functional gene categories. Notably, genes within the NAMPT-SIRT family (SIRT1, SIRT2, SIRT3,
NAMPT, and QPRT) aggregated into a single branch, indicating a highly synchronized
transcriptional response. In contrast, lipid regulatory genes (PPARA, PPARG, APOC, LDLR, CETP)
formed a secondary cluster with moderate fluctuation across HUA and HLP subgroups but displayed
pronounced suppression in the Combined state.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 3. Heatmap visualization of 30 key target genes across metabolic states, annotated by functional
categories and gene clustering hierarchy.

Compared with the Control group, NAMPT expression decreased by 23.5%, and SIRT1
decreased by 31.2% specifically in the Combined metabolic state, delineating a characteristic “NAD*
axis suppression signature”. This signature was accompanied by secondary downregulation of
AMPK signaling components and transcriptional mediators, suggesting a convergent metabolic
repression phenotype. Collectively, these findings support the hypothesis that the NAD*-SIRT1 axis
constitutes a core regulatory module in the molecular transition from isolated HUA/HLP to
combined metabolic impairment.

Table 4. Statistical summary of gene detection and expression variability across metabolic gene classes.

Mean

Number of Number of relevance ratio . Coefficient of
Gene category o expression ..
preset genes detected genes (%) variation
values
NAD*pathway genes 9 9 100 12.0£3.0 0.25
Lipid metabolism genes 8 8 100 9.5+2.5 0.26
Transcript protein gene 8 8 100 8.0£2.0 0.25
Transcriptional regulatory 5 5 100 7 8+1.8 023
genes
AMPK signal gene 2 2 100 8.5+2.2 0.26
amount to 32 32 100 9.2+£2.5 0.27

3.3. Metabolic Pathway Convergence Reveals Nampt-Sirt1 Axis As A Central Regulatory Hub

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202512.0761.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 9 December 2025 d0i:10.20944/preprints202512.0761.v1

9 of 31

To further dissect the interaction between uric acid and lipid metabolic processes, an integrated
pathway convergence analysis was conducted by overlaying MTAG-derived pleiotropic lodi,
WGCNA co-expression modules, and PPI centrality metrics. The convergence score analysis
demonstrated that the NAMPT-SIRT1 module achieved the highest network centrality score (0.89),
significantly surpassing lipid-only (0.63) and uric acid-associated modules (0.58). This underscores
that NAMPT-SIRT1 does not merely participate in independent metabolic branches but acts as a
shared upstream regulatory hub coordinating both urate metabolism and lipid homeostasis.

Table 5. WGCNA module analysis results.

Module percentage

Module color gene dosage Number of target genes %) major function
Turquoise 625 0 31.25 General metabolic processes
Black 615 0 30.75 Cellular process regulation
Red 352 0 17.6 signal transduction
Brown 284 0 14.2 transcriptional control
Blue 25 25 1.25 NAD* metabolic pathway
Pink 11 0 0.55 Protein modification
Green 11 0 0.55 cell cycle
Yellow 11 11 0.55 Lipid transport

Pathway overlay mapping revealed that suppressed NAMPT-mediated NAD* biosynthesis
directly attenuates SIRT1-mediated deacetylation activity, resulting in downstream repression of
AMPK activation and transcriptional dysregulation of genes such as PPARA, PPARG, and ABCG2.
Notably, ABCG2, a key urate transporter, demonstrated synchronous downregulation with SIRT1 in
the Combined metabolic state, indicating that lipid accumulation and uric acid retention are not
parallel but mechanistically coupled events mediated via NAD+* depletion.

(Only significant correlations shown, p < 0.05)
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MEred
MEyellow
MEbrown
MEpink
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Figure 4. Correlation heat map between modules.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202512.0761.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 9 December 2025 d0i:10.20944/preprints202512.0761.v1

10 of 31

Module Size Distribution

25
_ ’—n—‘ 11
H | =
5

i

600 -

500

400

200

Number of Genes

200

turguoise
yellow

Medules

Target Genes in Modules

Dius - bie 25)
O yelow (1)
eliow

Figure 5. Module analysis of weighted gene co-expression network analysis (WGCNA).

Furthermore, pathway architecture visualization identified a metabolic inflection node, at which
NAD-" shortage acts as a biochemical trigger that shifts cellular homeostasis towards dual-pathology
expression. In metabolic network topology, this node displayed a high interaction density, linking
oxidative stress genes, mitochondrial metabolic regulators, and urate transport components. The
structural convergence suggests that the transition from isolated HUA/HLP to combined HUA-HLP
is not additive but synergistic at the transcriptional regulatory level.

Collectively, these findings support a “metabolic axis theory”, in which the NAMPT-SIRT1
pathway functions as a biological switch that determines whether metabolic dysregulation remains
compensatory (monopathology) or progresses toward irreversible synergistic comorbidity (dual-
pathway collapse).

3.4. Identification of Hub Genes Within The Key Co-Expression Module

To further investigate the molecular determinants driving the comorbid phenotype of
hyperuricemia and hyperlipidemia, hub genes were extracted from the NAD* pathway-enriched Blue
module using intramodular connectivity (kME) and module membership (MM) thresholds (IMM| >
0.85, P < 0.01). A total of seven candidate hub genes were identified: SIRT1, NAMPT, SIRT3, QPRT,
PGC1A, PPARA, and ACOXI, representing the central regulatory axis of NAD*-dependent lipid
metabolic remodeling. Among these, SIRT1 and NAMPT exhibited the highest kME scores,
indicating a core driver role in maintaining module integrity and metabolic homeostasis.

Integration of PPI network topology parameters confirmed that SIRTI-NAMPT formed the
highest-confidence interaction pair, with degree centrality >2-fold higher than other nodes.
Functional enrichment mapping revealed tight convergence on NAD* salvage pathway activation,
fatty acid -oxidation, and AMPK/PPAR signaling cascades, suggesting that impaired NAMPT-
mediated NAD* biosynthesis could attenuate SIRT1 activity, subsequently disturbing lipid
catabolism and enhancing lipid accumulation under HUA-HLP metabolic stress.
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Figure 6. Protein-Protein Interaction Network of Key Metabolic Genes Identified by WGCNA and MTAG
Integration.

Furthermore, correlation analysis between module eigengenes and biochemical phenotype
scores showed that Blue module eigengenes were negatively correlated with serum uric acid (r=-0.42,
P<0.01) and triglyceride levels (r=-0.45, P<0.01), supporting the hypothesis that downregulation of
NAMPT-SIRT1 axis is a molecular hallmark of combined hyperuricemia and hyperlipidemia. These
findings establish the Blue module as a disease-relevant transcriptional signature and highlight
NAMPT and SIRT1 as potential dual-target regulatory nodes for metabolic intervention.

3.5. Functional Enrichment Analysis Reveals Nad* Biosynthesis and Lipid Transport As Central Pathways
In Comorbidity Mechanism

To further interpret the biological significance of hub genes identified from the WGCNA-PPI
integrated network, Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG)
enrichment analyses were performed. The enrichment spectrum demonstrated a distinct clustering
of biological processes associated with nicotinamide adenine dinucleotide (NAD*) biosynthesis, lipid
transport, fatty acid metabolic regulation, and uric acid catalytic pathways.
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Figure 7. Enrichment analysis of GO biological processes.

Notably, NAMPT, SIRT1, and QPRT were strongly enriched in the NAD* salvage pathway
(KEGG hsa00760, Fold enrichment=15.6, P=2.1x10"'?), representing the highest enrichment score
among all tested pathways. This observation is consistent with the upstream role of NAMPT in
maintaining intracellular NAD* availability, which is essential for SIRT1 activation and downstream
deacetylation-mediated metabolic regulation.

In parallel, ABCG2 and APOAI, as key lipid transport and urate efflux regulators, were
significantly enriched in cholesterol efflux and triglyceride clearance processes (GO:0033344,
GO:0010876), confirming their dual regulatory role in hyperlipidemia and hyperuricemia
pathophysiology. The strong co-enrichment of lipid transport nodes (APOA1-ABCG2 axis) with
NAD* metabolic regulators (NAMPT-SIRT1 axis) highlights a metabolic crossroad where lipid
accumulation and uric acid overproduction share a convergent regulatory checkpoint.
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Figure 8. KEGG pathway enrichment analysis.

The enrichment analysis (Figure 8) shows that Combined Group-specific clusters exhibited
significant downregulation of NAD* metabolic terms and upregulation of lipid accumulation
pathways, producing a distinct bidirectional shift compared with single-condition groups. This
pattern reinforces that HUA-HLP comorbidity is not a simple sum of two metabolic disorders, but
rather a coordinated network collapse, driven by NAD* deficiency—mediated regulatory failure.

3.6. Hua-Hlp Model Induced By Hyperpurine and Hyperlipid Diet

3.6.1. The Model Quails Exhibited Elevated Serum Uric Acid Levels Accompanied By Increased
Uric Acid Excretion.

Over the 35-day experimental duration, serum uric acid level and fecal uric acid content were
identified as key markers for assessing hyperuricemial®l. Throughout the experiment, it was observed
that the serum uric acid levels in the model group quails remained consistently elevated from the
14th day onward, which were significantly higher than those in the normal group (P< 0.05, P< 0.01,
P<0.001). Compared with the normal group, the UA levels in the feces-urine mixture of quails in the
model group were extremely significantly increased at 7 days, 14 days, 21 days, and 28 days (P <
0.001), while no significant difference was noted at 35 days (P>0.05). The detailed data are presented
in Table 6 and Figures 9-10. These results demonstrate that a high-purine and high-fat diet can induce
disorders in uric acid metabolism and an increase in uric acid excretion in model quails.
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Figure 9. Serum uric acid levels in quail at 7d,14d,21d,28d and 35d.
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Figure 10. UA levels in quail feces during experiments 7d,14d,21d,28d and 35d.

Table 6. UA levels in quail serum and fecal-urine mixtures on days 7d,14d,21d,28d, and 35d (umol/L, x + s).

Serum UA level (umol/L) Fecal urine mixture UA level (pumol/L)

7d Normal group (n=8/10) 257.53 +92.68 404.63 + 83.84
7d Model group (n=10) 320.30 £90.13 641.43 + 48.09%*
14d Normal group (n=10) 126.13 + 42.02 501.72 + 74.31
14d Model group (n=10) 421.77 +111.17%% 743.96 + 58.78##
21d Normal group (n=10) 115.11 + 33.48 243.00 +47.99
21d Model group (n=10) 223.28 + 41.96% 141.15 + 81.10%#
28d Normal group (n=10) 137.64 +44.93 399.85 + 148.05
28d Model group (n=10) 205.56 + 80.01* 550.54 + 84.26¢
35d Normal group (n=10) 123.04 +17.80 194.90 + 32.58
35d Model group (n=10) 225.50 + 93.41% 206.77 +50.01

Note: Compared with the normal group, ¥P<0.05, #P<0.01, and ##P<0.001.
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3.6.2. The Model Quails Exhibit Abnormal Serum Lipid Levels

The diagnostic criteria for dyslipidemia are defined as significantly elevated serum levels of TG,
TC and LDL-C, along with a significant reduction in HDL-C level. Throughout the experimental
period, the serum levels of TG, TC, LDL-C, and HDL-C in the model group exhibited significant
abnormalities, which persisted until the conclusion of the experiment (P < 0.05, P <0.01, P < 0.001).
These results demonstrate that a high-purine and high-fat diet can induce serum lipid metabolism
disorder in model quails.
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Figure 11. TG levels in quail serum at experimental days 7d,14d,21d,28d, and 35d.
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Figure 14. HDL-C levels in quail serum during experiments 7d,14d,21d,28d and 35d.
Table 7. Serum TG/TC/LDL-C/HDL-C levelsin quails at experimental days 7d,14d,21d,28d, and 35d.
(mmol/L, X =s)
TG TCHO LDL-C HDL-C
7d Normal group (n=10) 0.54 = 0.11 6.43 + 0.72 5.38 £ 1.30 9.77 + 1.00
7d Model group (n=10) 0.87 + 0.30% 8.20 £ 0.93#* 8.03 £ 0.84#* 8.28 + 2.03*
14d Normal group (n=10) 041 £ 0.22 8.42 + 1.83 373 £ 1.15 5.05 = 1.06
14d Model group (n=10) 0.92 + 0.16#* 9.62 = 1.89 6.04 + 0.55#¢ 3.67 £ 1.29¢
21d Normal group (n=10) 0.50 = 0.15 594 + 0.80 432 + 1.34 11.36 + 1.54
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21d Model group (n=10) 0.86 + 0.29¢ 9.27 + 0.83¢# 7.30 = 1.11# 9.55 + 1.00%
28d Normal group (n=10) 071 £ 0.14 11.16 + 1.85 529 + 1.15 13.11 + 1.75
28d Model group (n=10) 1.15 + 0.11## 18.37 + 4.03## 9.11 + 1.24% 10.31 + 0.83#*
35d Normal group (n=10) 0.76 + 0.24 10.83 + 1.88 522 + 091 6.60 + 0.81
35d Model group (n=10) 1.61 + 0.35#* 16.64 + 1.28# 8.01 + 1.64# 5.01 + 0.69%#

Note: Compared with the normal group, #P<0.05, #P<0.01, ##P<0.001.
3.7. Hua-Hlp Model Changes In Enzyme Activity Related To Uric Acid and Lipid Metabolism In Animals

3.7.1. Xanthine Oxidase and Adenosine Deaminase Activity

ADA and XOD are key enzymes in the purine metabolism pathway in vivo, with predominant
distribution in the liver 35%l. Compared with the normal group, the serum XOD activity in the model
group quails was significantly increased at 21 days, 28 days, and 35 days (P < 0.01, P < 0.001);
additionally, the hepatic XOD activity in the model group was extremely significantly elevated (P <
0.001). In contrast, although the serum ADA activity and hepatic ADA activity in the model group
were higher than those in the normal group at 21 days, 28 days, and 35 days, no statistically
significant differences were observed (P > 0.05). Collectively, the XOD activity in both serum and
liver was significantly increased; while the serum ADA activity showed unstable changes, the hepatic
ADA activity exhibited a significant elevation. These findings indicate that the uric acid production
pathway was relatively active.See Tables 8-9 and Figures 15-18.

Table 8. Serum XOD and ADA activity of two groups of quail (U/L x+s) .

Serum XOD Serum ADA
21d Normal group (n=10) 0.83+£0.30 729+271
21d Model group (n=10) 1.22 +0.21## 7.55 +1.86
28d Normal group (n=10) 0.80£0.12 1.91+0.22
28d Model group (n=10) 1.26 + 0.19%# 2.08 £0.40
35d Normal group (n=10) 0.45 £ 0.06 4.58+1.45
35d Model group (n=10) 0.85 + 0.23% 5.25+1.50

Note: Compared with the normal group, #P<0.01 and ##P<0.001.

Table 9. Liver XOD and ADA activity in two groups of quails (U/L x+s) .

Liver XOD Liver ADA
Normal group (n=10
3.85+0.64 1.50 = 0.67
)
Model group (n=10) 5.79 £ 0.69%# 1.43+0.32

Note: Compared with the normal group, ##P<0.001.
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Figure 15. XOD activity of quail serum in experiments 21d,28d and 35d.
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Figure 17. Serum ADA activity of quail in experiments 21d,28d and 35d.
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3.7.2. Acetyl-Coa Carboxylase, Hepatic Lipase Activity In Quail Liver

ACCis akey enzyme regulating TG synthesis. It participates in the fatty acid synthesis process!®-
3l and promotes TG production!®-4l. In this experiment, the hepatic ACC activity in the model group
quails was significantly increased (P < 0.001). Lipoprotein lipase (LPL) is mainly the gene expression
product involved in triglyceride metabolism!#'-l. HL and LPL belong to homologous proteases; they
can assist in the hydrolysis of LDL-C into very low-density lipoprotein (VLDL) and synergistically
promote TG clearance by HDL-C#4l. Compared with the normal group, the hepatic HL activity in
the model group was significantly decreased (P < 0.05), while no significant difference was observed
in the total lipase activity (P > 0.05). These results confirm that abnormal lipid synthesis and disrupted
lipid decomposition processes occurred in the liver cells of the model quails.See Table 10 and Figure
19.

Table 10. ACC, TL and HL activity in quail liver (x*s) .

Liver ACC Liver TL Liver HL
Normal group (n=10) 0.45+0.17 0.081 +0.01 0.80+0.01
Model group (n=10) 1.13 +0.18## 0.081 £ 0.02 0.06 + 0.03*

Note:Compared with the normal group, #P<0.05,##P<0.001.
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Figure 19. ACC, TL and HL activity in quail liver.
3.8. Hua-Hlp Model Animal Nampt, Sirt1 Level and Expression Changes

3.8.1. Serum Nampt and Sirt1 Levels

Compared with the normal group, the level of NAMPT in the serum of quails in the model group
was significantly decreased (P<0.001). Compared with the normal group, the serum SIRT1 level of
quails in the model group was significantly decreased (P<0.001). See Table 11 and Figure 20.

Table 11. Serum NAMPT and SIRT1 levels of quail (ng/L, x*s) .

Serum NAMPT Serum SIRT1
Normal group (n=10) 17.50 +2.30 42.38 £6.74
Model Group (n=10) 12.89 + 2.38### 29.91 + 6.30%#

Note: Compared with the normal group, #P<0.05, #*#P<0.001. .
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Figure 20. Serum NAMPT and SIRT1 levels of quail.

3.8.2. The Levels of Nampt and Sirtl In The Liver, Kidneys and Adipose Tissue

Compared with the normal group, the levels of NAMPT in the liver, kidneys and adipose tissues
of quails in the model group were significantly decreased (P<0.01, P<0.001). Compared with the
normal group, the levels of SIRT1 in the liver, kidney and adipose tissues of quails in the model group
were significantly decreased (P<0.001). See Table 12-13 and Figure 21-22.

Table 12. NAMPT levels in quail liver, kidney and adipose tissue (ng/L, x*s) .

Liver NAMPT Kidney NAMPT Adipose NAMPT
Normal group (n=8
1.51+0.33 2.69 +0.42 42.58 + 8.57
)
Model Group (n=8) 0.70 £ 0.16%* 2.26 + 0.36* 27.08 £ 6.04%

Note: Compared with the normal group, #P <0.01 and ##P <0.001.
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Figure 21. NAMPT levels in quail liver, kidney and adipose tissue.
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Table 13. SIRT1 levels in liver, kidney and adipose tissue of quail (ng/L,x+s) .
Liver SIRT1 Kidney SIRT1 Adipose SIRT1
Normal group (n=8
5.80+1.03 16.82 +3.26 156.12 + 38.88
)
Model Group (n=8) 2.59 + 1.05%# 14.50 £2.72 102.34 + 36.87¢

Note: Compared with the normal group, #P<0.01 and ##P<0.001.

T
Normal Model

T T
Normal  Model Normal Model

g
—~ -11]
. = s
- 8= 25 = -
?‘)8 1A gl) = 250
= - £ #
= 6 g 20 = 200
2 = g
= < 154 2 150
g 44 E S
) = 2
£ S 10+ g 100
= g ]
= 2- @ <
2 S 5+ = 50-
— 2 ‘@
= - S
= 0 = 0 z 0
7 =] =
2 =
=
7

Figure 22. SIRT1 levels in quail liver, kidney and adipose tissue.

3.8.3. Expression of Nampt and Sirt1Mrna In Liver Tissue

Compared with the normal group, quail liver NAMPTmRNA expression in the model group
was significantly reduced (P<0.05). Similarly, serum SIRTImRNA levels in the model group showed
decreased expression compared to the normal group (P<0.05). See Table 14 and Figure 23 for details.

Table 14. NAMPT and SIRTImRNA expression in quail liver (x +s) .

Liver NAMPTmRNA Liver SIRTImRNA
Normal group (n=6) 1.00 = 0.06 1.05+£0.41
Model Group (n=6) 0.61 £ 0.22¢ 0.58 + 0.10¢

Note: Compared with the normal group, #P<0.05.
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Figure 23. NAMPT, SIRTImRNA expression in quail liver.

3.8.4. Nampt and Sirt1Mrna Expression In Adipose Tissue

Compared with the normal group, the model group showed significantly reduced
NAMPTmMRNA expression in quail adipose tissue (P<0.01) and decreased SIRTImRNA expression in
serum (P<0.01). See Table 15 and Figure 24.

Table 15. NAMPT, SIRTImRNA expression in quail liver (x +s) .

Liver NAMPTmRNA Liver SIRTImRNA
Normal group (n=6) 1.01+0.13 1.02+0.22
Model group (n=6) 0.52 + 0.16* 0.67 £ 0.11*

Note: Compared with the normal group, #P<0.01.
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Figure 24. NAMPT, SIRT1 mRNA expression in quail adipose tissue.
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4. Discussion

4.1. Phenotypic Characteristics of The Hua-Hlp Animal Model

Clinical evidence consistently indicates a high rate of co-occurrence between HUA and HLP.
Analysis of data from the NHANES III study, which included 14,130 participants, revealed a
significant association between lipid profiles and serum UA levels. Specifically, serum levels of LDL-
C,TG, and TC were positively correlated with UA, whereas HDL-C showed a significant negative
correlation!“!. These findings have been corroborated by a large-scale cross-sectional study involving
104,328 men and 74,916 women, which employed quantile regression analysis and similarly
demonstrated a robust association between lipid parameters and UA levels, with the strength of the
association increasing across higher quantiles of UAI*I. Epidemiological data further highlight the
close interrelationship between the two conditions: approximately 60% of individuals with HUA also
suffer from HLP*l. According to the 2019 Chinese Guidelines for the Diagnosis and Management of
Hyperuricemia and Gout, as many as 67% of patients with HUA and gout have concomitant lipid
metabolism disorders!*l. Notably, among patients with HUA, 75%-80% present with HLP, while 82%
of those with HLP exhibit elevated UA levels!3l. This bidirectional comorbidity suggests a strong
pathophysiological link between the two metabolic disturbances.Moreover, elevated UA levels can
exacerbate lipid metabolic dysfunction, and conversely, dyslipidemia may impair uric acid excretion,
creating a vicious cycle that amplifies systemic metabolic stress!®!l. The coexistence of HUA and HLP
leads to synergistic detrimental effects, significantly increasing the risk of cardiovascular diseases,
including atherosclerosis, hypertension, and metabolic syndrome. This growing burden poses a
serious threat to public health. Therefore, there is an urgent need to deepen our understanding of the
phenotypic features and underlying pathological mechanisms of HUA-HLP comorbidity, which may
inform more effective prevention and treatment strategies.

In this study, quail (Coturnix japonica) were selected as the experimental animal model for
HUA-HLP comorbidity due to their unique physiological and metabolic characteristics. As avian
species, quails naturally lack uricase, the enzyme responsible for converting uric acid into soluble
allantoin, thereby closely mimicking human purine metabolism and the accumulation of uric acid as
the terminal metabolic product. Furthermore, quails are highly sensitive to diet-induced alterations
in lipid metabolism, making them susceptible to dyslipidemia upon high-fat dietary challenge. The
resulting metabolic phenotype aligns well with the clinical scenario of metabolic disorders driven by
dietary imbalance, rendering quail a suitable model for studying the co-occurrence of HUA and HLP.

The core phenotypic features of this model are the concurrent and sustained presence of uric
acid dysregulation and lipid metabolic abnormalities. Following induction with a high-purine and
high-fat diet, model quails exhibited early-onset hyperuricemia and dyslipidemia, characterized by
significant elevations in serum TG and TC. This was subsequently accompanied by decreased HDL-
C and increased LDL-C, culminating in a persistent state of multiple metabolic disturbances
throughout the experimental period.

At the mechanistic level, the purine metabolic pathway was markedly activated in the model
animals, with upregulated expression of key uric acid-producing enzymes, contributing to excessive
uric acid production. Concurrently, hepatic lipid homeostasis was profoundly disrupted: ACC
activity was significantly increased, indicating enhanced de novo lipogenesis, while HL activity was
markedly reduced, reflecting impaired lipid catabolism and clearance. These coordinated alterations
collectively promote hepatic lipid accumulation and systemic metabolic dysfunction, further
validating the reliability of this model in recapitulating the pathological features of HUA-HLP
comorbidity.

4.2. Integrating Multi-Omics Data To Analyze The Mechanisms of Hua-HIp Comorbidity

Current mechanistic studies on HUA-HLP comorbidity have primarily focused on oxidative
stress, inflammation, and insulin resistance. Researchers have established a rat model of HUA-HLP
using yeast extract powder and potassium oxonate, and lipidomic profiling revealed that
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glycerophospholipid metabolism disorder serves as a key pathological basis[52]. Evidence indicates
that lysophosphatidylcholine acyltransferase 3 (LPCAT3) regulates uric acid-induced lipid
disturbances by inhibiting phosphorylated signal transducer and activator of transcription 3 (p-
STAT3) and activating sterol regulatory element-binding protein 1c (SREBP-1c) signaling[53].
Moreover, exposure of HepG2 cells to high uric acid levels induces hepatic steatosis, characterized
by increased lipogenesis and triglyceride accumulation, while urate-lowering interventions have
been shown to ameliorate lipid metabolic abnormalities in experimental animals[54]. Additionally,
elevated soluble uric acid has been shown to trigger the activation of the NLRP3 inflammasome,
mediate endothelial cell pyroptosis, and promote lipid accumulation and atherosclerosis
progression[55].

The frequent clinical co-occurrence of HUA and HLP suggests shared core pathophysiological
mechanisms. Traditional genetic studies often analyze these traits independently, potentially
obscuring systematic identification of pleiotropic genetic variants underlying comorbidity. To
directly dissect this shared genetic architecture, we employed the MTAG. By leveraging genetic
correlations between traits, MTAG enhances the power to detect pleiotropic loci influencing both
phenotypes. This approach enables us to move beyond single-trait analyses and directly identify
candidate pleiotropic genes and central regulatory networks driving comorbid pathogenesis, thereby
providing a critical genetic entry point and theoretical framework for elucidating their common
molecular mechanisms[56].

In this study, we systematically investigated the shared pathogenic mechanisms of HUA and
HLP through an integrative multi-omics strategy combining MTAG, WGCNA, PPI network
construction, and functional enrichment analysis. Notably, the NAMPT-SIRT1 pathway
demonstrated a 66.7% genetic overlap rate, 100% target gene detection rate, and significant
enrichment in nicotinamide metabolism (P=2.1x10-?), providing robust data-theoretical support. Our
findings are substantiated by eight intercorrelated bioinformatics figures and four quantitative data
tables, collectively validating the central role of the NAMPT-SIRT1 pathway in the pathogenesis of
HUA-HLP comorbidity from multiple analytical perspectives.

4.3. Nampt-Sirt1 Pathway As A Metabolic Regulatory Hub For Hua-HIp: Evidence From Animal Models

Nicotinamide phosphoribosyltransferase (NAMPT) is the rate-limiting enzyme in the
mammalian salvage pathway that converts nicotinamide (NAM) into nicotinamide adenine
dinucleotide (NAD"), playing a central role in NAD* biosynthesis(57-%l. SIRT1, an NAD*-dependent
deacetylase, senses intracellular NAD* levels and couples cellular energy status to chromatin
remodeling and gene expression regulation. It participates in the modulation of hepatic glucose and
lipid metabolism, adipose tissue remodeling, insulin secretion, and other critical metabolic
processes!>-60l,

Clinical evidence indicates that the NAMPT-SIRT1 axis is significantly dysregulated in multiple
metabolic disorders. In patients with obesity-related metabolic dysfunction-associated fatty liver
disease (MAFLD), serum SIRT1 levels are markedly lower than in healthy controls, and hepatic SIRT1
protein expression is significantly downregulated. SIRT1 expression negatively correlates with liver
NAS score, and hepatic steatosis severity is significantly associated with reduced SIRT1 levelsl¢l. In
gout patients, NADH consumption is decreased and NAD* levels are reduced!62-¢%l. A study analyzing
blood samples from 80 gout patients and 80 healthy individuals revealed that both mRNA and
protein expression of SIRT1 in peripheral blood mononuclear cells (PBMCs) are significantly lower
during both acute and intercritical phases compared to controls®4l. In a cohort of 150 patients with
type 2 diabetes mellitus (T2DM), those with concomitant MAFLD exhibited significantly lower SIRT1
levels than those without MAFLD, and SIRT1 levels were negatively correlated with serum TG and
LDL-C levelsl®sl. In obese MAFLD patients, hepatic SIRT1 expression is markedly suppressed,
accompanied by significant alterations in the expression of lipid synthesis-related genes regulated by
SIRT1, including mTOR, SREBP2, and FASN!¢l. Furthermore, obese individuals exhibit lower serum
SIRT1 levels than lean controls, with SIRT1 levels negatively correlated with TC, TG, and LDL-C, and
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positively correlated with HDL-CI¢7l. Patients with non-alcoholic fatty liver disease show reduced
hepatic NAMPT and NAD* levels, and supplementation with NAD* precursors has been shown to
ameliorate hepatic steatosis, highlighting the therapeutic potential of this pathway!®®l. Collectively,
these findings indicate that dysregulation of NAMPT and SIRT1 is closely linked to multiple
metabolic disturbances and plays a pivotal role in the pathogenesis of complex metabolic disorders.

In the present HUA-HLP animal model, we found that NAMPT and SIRT1 levels were
significantly reduced in serum, liver, and adipose tissue of model quails compared to controls.
Moreover, mRNA expression of both NAMPT and SIRT1 in liver and adipose tissue was also
markedly downregulated. These findings confirm, at the whole-animal level, that the NAMPT-SIRT1
signaling pathway serves as a core molecular mechanism underlying HUA-HLP comorbidity. This
mechanism, validated through multiple in vivo experiments, can be summarized as follows: upon
intake of a high-fat, high-purine diet, NAMPT activity is inhibited, impairing NAD* biosynthesis and
leading to decreased NAD* levels!®7l. Reduced NAD* promotes the conversion of xanthine
dehydrogenase to xanthine oxidase, thereby enhancing uric acid production and triggering
hyperuricemial”>73l. Given that SIRT1 activity is strictly dependent on NAD* as a co-substrate, NAD*
depletion directly suppresses SIRT1 function, resulting in dysregulation of downstream regulators
such as PPARA, PPARG, and AMPK. This leads to impaired fatty acid oxidation, increased lipid
accumulation, and elevated triglyceride levels—hallmarks of lipid metabolic dysfunction!?-77,
Additionally, SIRT1 modulates the expression of ABCG2, a key urate transporter, thereby influencing
uric acid excretion and generation!7sl.

5. Conclusion

This study provides a comprehensive mechanistic interpretation of HUA-HLP comorbidity
based on the “NAD World” theory, identifying the NAMPT-SIRT1 axis as the central molecular
checkpoint integrating uric acid metabolism with lipid homeostasis. The strength of this work lies in
its translational multi-layered design—starting from genetic convergence analysis, followed by
network-based target prioritization and pathway enrichment, and ultimately validated through a
controlled animal model. These findings not only advance the theoretical understanding of metabolic
comorbidities but also propose NAMPT-SIRT1 as a promising therapeutic axis for precision
intervention. The integration of multi-omics analytics and experimental verification provides a
methodological paradigm that may accelerate drug discovery and individualized treatment
strategies in metabolic syndrome-related disorders.
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