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Background: Residual inflammatory risk (RIR), commonly indexed by high-sensitivity C-reactive protein (hs-CRP), reflects a persistent 
inflammatory burden that may not be captured by conventional metabolic indices. Whether RIR is associated with a higher heart failure (HF)- 
risk phenotype in metabolic syndrome (MetS), and whether it aligns with a coherent cross-level inflammatory signature, remains unclear.
Objective: To determine the association between RIR and a higher HF-risk phenotype in MetS, and to characterize related 
inflammatory signatures across clinical, bioinformatic, and experimental datasets.
Methods: This study integrated three complementary components. First, a propensity score-matched cohort of hospitalized patients 
with MetS was used to evaluate the association between RIR and a higher HF-risk phenotype. Second, curated disease-gene resources 
and GEO transcriptomic datasets were integrated for enrichment and network analyses to identify shared inflammatory features 
between MetS and HF. Third, an HFpEF mouse model induced by high-fat diet (HFD) plus transverse aortic constriction (TAC), 
together with brown adipose tissue (BAT) bulk RNA sequencing, was used to assess tissue-level transcriptomic context.
Results: In the propensity score-matched MetS cohort, high RIR (hs-CRP ≥2 mg/L) was associated with higher odds of HF-risk 
phenotype (NT-proBNP >125 pg/mL) within matched pairs (conditional OR 1.70, 95% CI 1.15–2.51; P = 0.0078). The association 
remained after additional adjustment (OR 1.59, 95% CI 1.06–2.37; P = 0.02) and was also observed using an alternative NT-proBNP 
threshold (>300 pg/mL; adjusted OR 1.55, 95% CI 1.14–2.10; P = 0.005). Cross-disease analyses converged on inflammatory programs 
involving cytokine and chemokine activity, IL-17 and TNF signaling, and extracellular matrix (ECM) remodeling, with six shared genes 
(CCL2, FOSL1, THBS1, ATP2A2, FASN, and CFH) identified at the MetS-HF interface. In vivo, HFD plus TAC produced an HFpEF 
phenotype with preserved ejection fraction, diastolic dysfunction, and myocardial fibrosis. BAT transcriptomics showed enrichment of 
immune and inflammatory pathways, including chemotaxis pathways, which overlapped with the discovery-level inflammatory signature.
Conclusion: In MetS, RIR was associated with higher odds of a HF-risk phenotype and aligned with a coherent inflammatory 
network characterized by cytokine-chemokine signaling and remodeling-related pathways. BAT transcriptomic changes provide 
supportive tissue-level context for this inflammatory signature. These findings are associative and hypothesis-generating, and further 
mechanistic studies are needed to define causal tissue-to-heart pathways.
Keywords: metabolic syndrome, residual inflammatory risk, heart failure risk phenotype, brown adipose tissue, transcriptomics

Introduction
Heart failure with preserved ejection fraction (HFpEF) has become an increasingly prevalent HF phenotype, particularly among 
older individuals with multiple cardiometabolic comorbidities. Obesity, hypertension, type 2 diabetes, and dyslipidemia are highly 
overrepresented in HFpEF, and the syndrome is characterized by concentric left ventricular remodeling, diastolic dysfunction, and 
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chronic low-grade systemic inflammation.1 In this context, MetS is increasingly recognized as an important upstream substrate for 
HFpEF. However, the multilevel pathways through which MetS-related metabolic disturbance and inflammatory burden align 
with a higher HF-risk phenotype remain incompletely understood.2,3

A growing body of evidence supports inflammation as a key non-metabolic dimension of cardiometabolic progres
sion. Even when conventional metabolic indices are broadly similar, a substantial proportion of patients exhibit 
persistently elevated inflammatory burden, a phenomenon conceptualized as RIR.4–6 In clinical practice, RIR is 
commonly indexed by hs-CRP, which reflects a pragmatic but incomplete measure of inflammatory burden and has 
been associated with adverse cardiovascular outcomes.7 It remains unclear whether RIR is associated with a higher HF- 
risk phenotype in MetS, and which tissue-level processes may contribute to this residual inflammatory state.

Adipose tissue dysfunction represents one plausible upstream contributor to RIR in MetS. Beyond quantitative 
expansion, adipose tissue undergoes immunometabolic remodeling, including impaired lipid storage, increased lipolysis, 
ectopic fat deposition, and dysregulated secretion of adipokines and cytokines. BAT, traditionally viewed as 
a thermogenic organ, is increasingly recognized as a metabolically active tissue with endocrine and immune features 
relevant to systemic energy homeostasis and cardiometabolic regulation.8,9

Recent advances in transcriptomics and network biology have enabled identification of shared molecular signatures across 
cardiometabolic conditions.10 Several bioinformatic studies suggest that MetS and HF may converge on pathways related to 
lipid metabolism, oxidative stress, extracellular matrix remodeling, and immune activation.11 However, such findings have 
seldom been integrated with clinically phenotyped MetS populations and organ-specific remodeling. To address these gaps, 
we designed an integrated translational study spanning four complementary levels of evidence: a propensity score-matched 
MetS cohort to assess the association between RIR and a higher HF-risk phenotype; discovery-level bioinformatic analyses to 
identify shared genes and regulatory networks between MetS and HF; an HFpEF mouse model to evaluate cardiac structure 
and function in vivo; and BAT transcriptomic profiling to assess its concordance with the discovery-level molecular 

Graphical Abstract

https://doi.org/10.2147/JIR.S595888                                                                                                                                                                                                                                                                                                                                                                                                                                                           Journal of Inflammation Research 2026:19 2

Chen et al                                                                                                                                                                           

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



signatures. Collectively, this study aimed to evaluate whether hs-CRP-defined RIR, cross-disease inflammatory network 
features, and BAT transcriptomic remodeling converge in the setting of MetS with higher HF risk.

Methods
Human Cohort and Definition of Residual Inflammatory Risk
This retrospective observational study was conducted at Guang’anmen Hospital, China Academy of Chinese Medical 
Sciences (Beijing, China). Consecutive hospitalized patients with MetS were identified from the department of general 
internal medicine between September 2018 and September 2021. MetS was defined according to the 2009 harmonized 
criteria (≥3 of 5 components; detailed diagnostic criteria are provided in Supplementary Table S1). Eligible participants 
had complete clinical and laboratory data required for HF-risk phenotype. Patients with conditions likely to substantially 
confound cardiometabolic status or biomarker interpretation, including severe systemic disease and missing key 
exposure, outcome, or covariate data, were excluded (Figure S1). RIR was defined as hs-CRP ≥2 mg/L. In sensitivity 
analysis, an alternative NT-proBNP threshold of >300 pg/mL was additionally evaluated.

Data Collection, Missing Data, and Propensity Score Matching
Demographic characteristics, lifestyle factors, comorbidities, medication history, and laboratory measurements were 
extracted from electronic medical records at the index visit. Missingness was quantified for all variables. Variables with 
>30% missing data were excluded, and remaining missing values were handled using multiple imputation by chained 
equations, with pooled estimates using Rubin’s rules. To reduce baseline imbalance, propensity score matching (PSM) 
was performed using 1:1 nearest-neighbor matching without replacement with a caliper of 0.2 standard deviations of the 
logit of the propensity score. The propensity score model included age, sex, smoking, alcohol use, chronic obstructive 
pulmonary disease, pancreatitis, chronic kidney disease, liver cirrhosis, renal insufficiency, ulcerative colitis, Alzheimer’s 
disease, and other prespecified major clinical confounders available in the electronic medical record. Covariate balance 
was assessed using standardized mean differences, with SMD <0.1 considered adequate balance.

Systems Bioinformatics and Network Analyses
Genes associated with MetS and HF were collected from the Comparative Toxicogenomics Database (CTD), GeneCards, 
and DisGeNET and were complemented with GEO transcriptomic datasets for MetS (GSE98895) and HF (GSE21610 
and GSE84796). To standardize input size across disease-gene resources, if the number of retrieved genes from an 
individual database exceeded 500, the top 500 ranked genes according to the native database ranking system were 
retained; otherwise, all retrieved genes were included. Detailed selection rules and access dates for each resource are 
provided in the Supplementary Methods. Differential expression analysis of GEO datasets was performed using the 
limma package, and genes with adjusted P <0.05 and absolute fold change >1.5-fold were defined as differentially 
expressed genes. Filtered gene lists were then deduplicated and merged within each disease, and overlapping genes 
between the MetS and HF gene sets were carried forward for enrichment and network analyses. Functional enrichment 
was performed using Enrichr, including Gene Ontology and KEGG pathway analyses, with FDR <0.05 considered 
statistically significant. Protein-protein interaction networks were constructed using STRING with a minimum interaction 
score of 0.4 and a maximum of 50 first-shell interactors, and disconnected nodes were excluded. Networks were 
visualized in Cytoscape (v3.9.1), and hub genes were identified using cytoHubba based on degree centrality. TF-gene 
and TF-miRNA co-regulatory networks were generated using NetworkAnalyst 3.0 with prespecified filtering parameters 
as described in the Supplementary Methods S5–S8.

HFpEF Mouse Model and Phenotyping
Male SPF C57BL/6J mice (8 weeks old, 22–25 g) were purchased from Beijing Vital River Laboratory Animal 
Technology Co., Ltd. (Beijing, China) and housed under specific pathogen-free conditions with free access to food 
and water. A total of 20 mice were used. After 1 week of acclimatization, mice were fed a high-fat diet (60% kcal from 
fat; Research Diets, D12492) for 4 weeks and were then randomized to sham or HFpEF groups using a computer- 
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generated random sequence by an investigator not involved in outcome assessment. Sham surgery consisted of 
thoracotomy and aortic dissection without constriction, whereas the HFpEF model was induced by transverse aortic 
constriction (TAC) using a 26-gauge needle. After surgery, high-fat feeding was continued for an additional 4 weeks 
before endpoint phenotyping and tissue collection.

For TAC surgery, mice were anesthetized with 0.5% sodium pentobarbital (10 mL/kg, intraperitoneally), and adequate 
anesthesia depth was confirmed by loss of tail-pinch reflex. Postoperative analgesia was provided with meloxicam (2 mg/kg, 
subcutaneously) once every 24 h for 72 h. Transthoracic echocardiography was performed using a VINNO 6 LAB system 
equipped with a high-frequency linear probe. M-mode and pulsed Doppler images were acquired to measure left ventricular 
ejection fraction (EF), early diastolic mitral inflow velocity (E), early diastolic mitral annular velocity (E′), and the E/E′ ratio. 
Blood pressure and heart rate were measured in conscious mice using a noninvasive tail-cuff system after at least 3 days of 
acclimatization, and at least five consecutive measurements with stable waveforms were averaged. Exercise capacity was 
evaluated using an incremental treadmill protocol to exhaustion. At sacrifice, heart weight-to-tibia length ratio, lung wet-to- 
dry ratio, and histological changes were assessed. Investigators performing echocardiography and histological quantification 
were blinded to group allocation, and measurements were obtained in randomized order across animals.

Inclusion criteria for animal analyses were successful completion of the assigned procedures and availability of analyzable 
data. Exclusion criteria were defined a priori and included perioperative death, unsuccessful TAC, and inadequate RNA 
sample quality for sequencing. At study endpoint, mice were deeply anesthetized with sodium pentobarbital as described 
above, followed by terminal blood collection and tissue harvest after confirmation of death by cessation of respiration and 
absence of reflexes. Additional ARRIVE-related details are provided in the Supplementary Methods S1–S4. No mice met 
a reduced ejection fraction threshold (<50%) at endpoint assessment.

BAT Collection, RNA Sequencing, and Differential Expression
Interscapular brown adipose tissue (BAT) was collected from individual mice immediately after euthanasia, snap-frozen in 
liquid nitrogen, and stored at −80°C until RNA extraction. For RNA sequencing, five biological replicates per group were 
analyzed (n=5 per group). Total RNA was extracted using TRIzol reagent, and RNA purity and concentration were assessed 
with a NanoDrop 2000 spectrophotometer, while RNA integrity was evaluated using an Agilent 2100 Bioanalyzer. RNA- 
seq libraries were prepared using the VAHTS Universal V10 RNA-seq Library Prep Kit and sequenced on an Illumina 
NovaSeq X Plus platform to generate 150-bp paired-end reads. Raw FASTQ reads were processed with fastp to remove 
adapters and low-quality bases. Clean reads were aligned to the mouse reference genome using HISAT2, and read counts 
were obtained using HTSeq-count. Principal component analysis and hierarchical clustering were performed in R to assess 
sample similarity. Differential expression analysis between sham and HFpEF groups was performed using DESeq2, and 
genes with adjusted Q <0.05 and absolute fold change >2 were defined as differentially expressed genes. GO and KEGG 
enrichment analyses were then performed for differentially expressed genes, with additional pathway analyses performed 
when appropriate as described in the Supplementary Methods S9–S12.

Statistical Analysis
Clinical analyses were performed in R (4.3.0). Continuous variables are presented as mean±SD or median (IQR), and 
categorical variables as n (%). Normality was assessed using the Shapiro–Wilk test before selecting parametric or 
nonparametric methods. Comparisons between two clinical groups were performed using the independent-samples t test 
or Mann–Whitney U-test, as appropriate, and categorical variables were compared using the chi-square test or Fisher’s 
exact test. All statistical tests were two-sided, and P <0.05 was considered statistically significant.

Ethics
The clinical study was approved by the Ethics Committee of Guang’anmen Hospital, China Academy of Chinese 
Medical Sciences (2023–123-KY), which also granted the waiver of informed consent because of the retrospective 
design and the use of de-identified data. The clinical study was conducted in accordance with the Declaration of Helsinki 
and followed the RECORD reporting guideline for studies using routinely collected health data. All animal procedures 
were approved by Institutional Animal Care and Use Committee (IACUC) of Guang’anmen Hospital, China Academy of 
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Chinese Medical Sciences (IACUC No. IACUC-GAMH-2023-029), and were conducted in accordance with the 
Regulations for the Administration of Affairs Concerning Experimental Animals, the Beijing Municipality Regulations 
on the Administration of Experimental Animals, and the Guiding Opinions on the Kind Treatment of Laboratory 
Animals. The study is reported in accordance with ARRIVE 2.0.

Results
Residual Inflammatory Risk Is Associated with a Higher HF-Risk Phenotype in MetS
Demographic and Clinical Characteristics of the Study Population
A total of 4481 hospitalized individuals were screened, of whom 1,991 met diagnostic criteria for MetS. A higher HF- 
risk phenotype was operationally defined as NT-proBNP >125 pg/mL. After propensity score matching, 938 patients 
remained for analysis (469 per group). Baseline characteristics are summarized in Table 1.

Conventional metabolic indices, including BMI, SBP, and fasting glucose, were broadly comparable between groups 
(P >0.05). In conditional logistic regression accounting for matched pairs, hs-CRP ≥2 mg/L was associated with higher 

Table 1 Baseline Characteristics of Metabolic Syndrome Patients with and Without Heart Failure Risk After Propensity 
Score Matching

Variables Total (n=938) MetS (n=469) MetS+HF-Risk (n=469) P value

BMI, median (Q1, Q3), kg/m2 27.5 (26.1, 29.2) 27.5 (26.1, 29.3) 27.64 (26.2, 29.1) 0.9

Age, median (Q1, Q3), years 72.0 (65.0, 79.0) 72.0 (65.0, 78.0) 72.0 (65.0, 79.0) 0.7

Smoking status, n (%) 0.96
No smoking 530 (56.5) 267 (56.9) 263 (56.1)

Current smoking 235 (25.1) 114 (24.3) 121 (25.8)

Former smoking 161 (17.2) 82 (17.5) 79 (16.8)
Unknown 12 (1.3) 6 (1.3) 6 (1.3)

Alcohol use, n (%) 0.95

No alcohol 640 (68.2) 319 (68.0) 321 (68.4)
Current alcohol 214 (22.8) 106 (22.6) 108 (23.0)

Former alcohol 70 (7.5) 36 (7.7) 34 (7.3)

Unknown 14 (1.5) 8 (1.7) 6 (1.3)
CKD, n (%) 0.83

No 839 (89.5) 418 (89.1) 421 (89.8)

Yes 99 (10.6) 51 (10.9) 48 (10.2)
Liver cirrhosis, n (%) 1

No 933 (99.5) 466 (99.4) 467 (99.6)

Yes 5 (0.5) 3 (0.6) 2 (0.4)
UC, n (%) 1

No 937 (99.9) 469 (100) 468 (99.8)

Yes 1 (0.1) 0 (0) 1 (0.2)
Pancreatitis, n (%) 0.5

No 936 (99.8) 467 (99.6) 469 (100)

Yes 2 (0.2) 2 (0.4) 0 (0)
Alzheimer’s disease, n (%) 1

No 934 (99.6) 467 (99.6) 467 (99.6)

Yes 4 (0.4) 2 (0.4) 2 (0.4)
SBP, median (Q1, Q3), mmHg 137 (125.0, 150.0) 136 (126.0, 148.0) 138 (124.0, 152.0) 0.3

DBP, median (Q1, Q3), mmHg 75 (68.0, 82.0) 76 (70.0, 82.0) 73 (67.0, 81.0) 0.03

Glucose, median (Q1, Q3), mmol/L 5.7 (5.1, 6.6) 5.7 (5.1, 6.6) 5.7 (5.0, 6.6) 0.5
SCr, median (Q1, Q3), µmol/L 68.0 (57.8, 81.0) 68.0 (58.0, 80.0) 68.0 (57.0, 82.0) 0.66

CRP, median (Q1, Q3), mg/L 1.0 (0.5, 2.7) 1.0 (0.5, 2.3) 1.0 (0.5, 3.3) 0.04

hs-CRP, median (Q1, Q3), mg/L 1.6 (0.8, 3.0) 1.4 (0.7, 2.6) 1.8 (0.8, 3.4) 0.001

(Continued)

Journal of Inflammation Research 2026:19                                                                                          https://doi.org/10.2147/JIR.S595888                                                                                                                                                                                                                                                                                                                                                                                                       5

Chen et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



odds of higher HF-risk phenotype compared with hs-CRP <2 mg/L (OR 1.70, 95% CI 1.15–2.51; P = 0.0078). This 
association remained after further adjustment for age, sex, and conventional metabolic indices (OR 1.59, 95% CI 
1.06–2.37; P = 0.02, Supplementary Table S2). In addition, representative leukocyte-derived indices and thromboin
flammatory markers were higher in the higher HF-risk phenotype group. Using an alternative HF-risk definition (NT- 
proBNP >300 pg/mL), the association persisted (adjusted OR 1.55, 95% CI 1.14–2.10; P = 0.005; Supplementary 
Table S3).

Cross-Disease Bioinformatic Analyses Reveal a Limited but Convergent Inflammatory 
Signature Between MetS and HF
Collection of MetS and HF Gene Sets
We first compiled candidate gene sets for MetS and HF. After merging and removing duplicates, the knowledge-based 
gene sets contained 1,227 genes related to MetS and 1,141 genes associated with HF. In parallel, GEO transcriptomic 
datasets provided an additional 4,666 and 423 protein-coding genes, respectively. Cross-disease comparison identified six 

Table 1 (Continued). 

Variables Total (n=938) MetS (n=469) MetS+HF-Risk (n=469) P value

HDL-C, median (Q1, Q3), mmol/L 0.72 (0.65, 0.81) 0.75 (0.67, 0.82) 0.71 (0.62, 0.79) <0.001

C4, median (Q1, Q3), g/L 0.2 (0.2, 0.3) 0.2 (0.2, 0.3) 0.2 (0.2, 0.3) 0.2
C3, median (Q1, Q3), g/L 0.9 (0.8, 1.0) 0.9 (0.8, 1.0) 0.9 (0.8, 1.0) 0.01

FIB, median (Q1, Q3), g/L 3.0 (2.5, 3.6) 2.9 (2.5, 3.3) 3.2 (2.6, 4.0) <0.001

FDP, median (Q1, Q3), µg/mL 2.6 (2.6, 2.9) 2.6 (2.6, 2.6) 2.6 (2.6, 4.2) <0.001
D-dimer, median (Q1, Q3), ng/mL 0.4 (0.2, 0.7) 0.3 (0.2, 0.5) 0.5 (0.3, 0.8) <0.001

ESR, median (Q1, Q3), mm/h 11.0 (6.0, 21.0) 8.0 (5.0, 12.0) 14.0 (6.0, 30.0) <0.001

WBC, median (Q1, Q3), ×109/L 6.5 (5.4, 7.8) 6.6 (5.4, 8.0) 6.4 (5.4, 7.6) 0.3
NEUT#, median (Q1, Q3), ×109/L 4.3 (3.4, 5.4) 4.2 (3.4, 5.1) 4.5 (3.5, 5.6) 0.006

NEUT%, median (Q1, Q3), % 67.3 (61.1, 73.6) 66.2 (59.0, 71.3) 68.8 (62.0, 75.2) <0.001

PLT, median (Q1, Q3), ×109/L 219.5 (182.0, 262.0) 220.0 (188.0, 262.0) 218.0 (175.0, 263.0) 0.2
Monocytes, median (Q1, Q3), ×109/L 0.4 (0.3, 0.5) 0.4 (0.3, 0.5) 0.4 (0.3, 0.5) 0.007

Lymphocytes, median (Q1, Q3), ×109/L 1.5 (1.1, 1.9) 1.6 (1.2, 2.0) 1.4 (1.1, 1.8) <0.001

NLR, median (Q1, Q3) 2.9 (2.1, 4.0) 2.7 (1.9, 3.6) 3.1 (2.3, 4.7) <0.001
MLR, median (Q1, Q3) 0.3 (0.2, 0.4) 0.2 (0.2, 0.3) 0.3 (0.2, 0.4) <0.001

NMLR, median (Q1, Q3) 3.1 (2.3, 4.4) 2.9 (2.1, 3.9) 3.4 (2.5, 5.1) <0.001

SIRI, median (Q1, Q3) 1.1 (0.7, 1.7) 0.9 (0.7, 1.4) 1.2 (0.8, 2.1) <0.001
SII, median (Q1, Q3) 602.6 (431.6, 953.8) 574.0 (423.8, 826.7) 656.8 (441.3, 1107.2) <0.001

NHR, median (Q1, Q3) 4.1 (2.9, 5.5) 3.8 (2.9, 4.9) 4.4 (3.0, 6.0) <0.001
MHR, median (Q1, Q3) 0.4 (0.3, 0.5) 0.3 (0.3, 0.5) 0.4 (0.3, 0.5) <0.001

LHR, median (Q1, Q3) 1.4 (1.0, 1.9) 1.5 (1.1, 1.9) 1.4 (1.0, 1.9) 0.1

PHR, median (Q1, Q3) 205.2 (164.1, 258.7) 201.6 (167.2, 247.5) 211.5 (162.1, 268.0) 0.08
AISI, median (Q1, Q3) 235.0 (145.1, 389.5) 209.3 (141.1, 321.2) 261.0 (155.5, 474.5) <0.001

TG/HDL-C ratio, median (Q1, Q3) 1.4 (1.0, 2.0) 1.4 (1.0, 2.0) 1.3 (1.0, 1.9) 0.3

Non-HDL-C, median (Q1, Q3), mmol/L 3.1 (2.5, 3.9) 3.3 (2.6, 4.0) 3.0 (2.4, 3.7) 0.003
Vascular inflammation index, median (Q1, Q3) 179.8 (125.5, 273.6) 182.6 (124.1, 278.8) 175.8 (126.0, 266.5) 0.5

TC/HDL-C ratio, median (Q1, Q3) 4.0 (3.3, 4.8) 4.0 (3.3, 4.8) 4.0 (3.3, 4.8) 0.9

AIP, median (Q1, Q3) 0.1 (−0.02, 0.3) 0.1 (−0.1, 0.3) 0.1 (−0.03, 0.3) 0.3

Notes: Data are presented as median (Q1, Q3) or n (%). 
Abbreviations: MetS, metabolic syndrome; HF, heart failure; CKD, chronic kidney disease; UC, ulcerative colitis; SBP, systolic blood pressure; DBP, diastolic 
blood pressure; SCr, serum creatinine; CRP, C-reactive protein; hs-CRP, high-sensitivity C-reactive protein; HDL-C, high-density lipoprotein cholesterol; FIB, 
fibrinogen; FDP, fibrin degradation products; ESR, erythrocyte sedimentation rate; WBC, white blood cells; NEUT, neutrophils; PLT, platelets; NLR, neutrophil- 
to-lymphocyte ratio; MLR, monocyte-to-lymphocyte ratio; NMLR, neutrophil-monocyte-to-lymphocyte ratio; SIRI, systemic inflammation response index; SII, 
systemic immune-inflammation index; NHR, neutrophil-to-HDL-C ratio; MHR, monocyte-to-HDL-C ratio; LHR, lymphocyte-to-HDL-C ratio; PHR, platelet-to 
-HDL-C ratio; AISI, aggregate index of systemic inflammation; AIP, atherogenic index of plasma. TG/HDL-C ratio denotes triglyceride-to-HDL-C ratio; TC/ 
HDL-C ratio denotes total cholesterol-to-HDL-C ratio; non-HDL-C denotes non-high-density lipoprotein cholesterol.
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overlapping genes (CCL2, FOSL1, THBS1, ATP2A2, FASN, and CFH) (Figure 1a). Given the relatively small overlap, 
these genes were interpreted as a limited but potentially informative point of convergence between MetS and HF and 
were carried forward for downstream enrichment, interaction, and regulatory analyses.

Functional Enrichment Analyses
To explore the biological context of the six shared genes, we performed GO and pathway enrichment analyses. The top 
enriched biological process terms were mainly related to regulation of endothelial and epithelial apoptosis, endothelial 
cell proliferation, inflammatory response, and cellular response to endoplasmic reticulum stress (Figure 1b). Cellular 
component terms highlighted the sarcoplasmic reticulum, extracellular matrix, and secretory granule compartments 
(Figure S2), whereas molecular function terms were enriched for chemokine and cytokine activity and growth factor 
binding (Figure S3). Pathway enrichment further implicated IL-17 signaling, complement and coagulation cascades, fatty 
acid metabolism, and cellular stress-response programs involving p53 signaling and transforming growth factor beta 
signaling (Figure 1d).

Figure 1 Cross-disease bioinformatic analyses of MetS and HF. (a) Venn diagram showing overlap between MetS and HF genes. (b) GO biological process enrichment of the 
six shared genes. (c) Protein-protein interaction network with first-shell expansion. (d) Pathway enrichment analysis of the shared-gene signature. (e) Hub-node 
identification based on degree centrality in the expanded interaction network. (f) TF-gene regulatory network of the shared-gene signature. 
Abbreviations: MetS, metabolic syndrome; HF, heart failure; GO, Gene Ontology; TF, transcription factor.
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Protein-Protein Interaction Network and Hub Identification
To place the six shared genes within a broader interaction context, we constructed a protein-protein interaction network 
with first-shell expansion. The resulting network contained 52 nodes and 352 edges (Figure 1c). Topological ranking 
identified THBS1, PLG, CXCL8, and SERPINE1 as the highest-degree hub nodes (Figure 1e). As the expanded network 
included first-shell interactors in addition to the six shared genes, these hub nodes were derived from the expanded 
interaction network rather than from the direct MetS-HF overlap set.

Upstream Regulatory Networks
The TF-gene regulatory network comprised 165 nodes and 242 edges, indicating that the shared-gene signature may be 
subject to extensive transcriptional regulation (Figure 1f). Among the six shared genes, FOSL1 and FASN showed 
relatively high connectivity, being regulated by 114 and 72 transcription factors, respectively. The TF-miRNA coregu
latory network contained 182 nodes and 226 edges, integrating 61 TFs and 116 miRNAs across five of the six shared 
genes (Figure S4). ATP2A2 displayed relatively dense connectivity in this co-regulatory network, suggesting that 
multilayer regulation may contribute to the observed cross-disease convergence.

Animal Validation: The HFpEF Model Shows Preserved Ejection Fraction, Diastolic 
Dysfunction, and Cardiometabolic Remodeling
As illustrated in Figure 2a, echocardiography showed preserved ejection fraction (Figure 2e), together with reduced E′ 
velocities (Figure 2c and d), elevated E/e′ ratios (Figure 2f), and increased LV mass and wall thickness (Figure S5a and b), 

Figure 2 HFpEF phenotype induced by HFD plus TAC. (a) Experimental timeline. (b) Representative gross heart morphology from sham and model mice. (c and d) Representative 
echocardiographic images. (e) Left ventricular ejection fraction (EF). (f) E/E′ ratio. Data are presented as mean±SD, with each dot representing one mouse (n = 10 per group). 
Statistical comparisons were performed using Mann–Whitney U-test, as appropriate. ***P < 0.001 vs sham. 
Abbreviation: ns, not significant.
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consistent with concentric hypertrophy and impaired relaxation. Representative gross cardiac morphology is shown in 
Figure 2b. Consistently, tail-cuff measurements showed higher systolic and diastolic blood pressure as well as an increased 
heart rate in HFpEF mice compared with sham group (Figure S5d–f). The HFpEF group also developed a typical metabolic- 
syndrome profile, with elevated fasting glucose, triglycerides, and LDL-C, together with reduced HDL-C (Figure S5c, g, h 
and i). Morphometric indices showed increased heart weight-to-tibia length ratio and a higher lung wet-to-dry weight ratio, 
accompanied by reduced exercise capacity, indicating cardiac hypertrophy, pulmonary congestion, and exercise intolerance 
(Figure S6a–c). Hematoxylin-eosin staining showed enlarged and disorganized cardiomyocytes (Figure S7), and Masson 
trichrome staining demonstrated increased interstitial and perivascular fibrosis in the HFpEF group compared with the sham 
group (Figure S8). Together, these findings indicate that the HFD plus TAC model recapitulated key features of an HFpEF 
phenotype, including preserved ejection fraction, diastolic dysfunction, structural remodeling, and cardiometabolic 
disturbance.

BAT Transcriptomic Profiling in the HFpEF Model
BAT transcriptomic profiling revealed marked remodeling in HFpEF mice compared with sham mice. Differential 
expression analysis showed substantial transcriptional changes in BAT from HFpEF mice (Figure 3a and b). Functional 
enrichment analyses showed overlap with the inflammatory and stress-response programs identified in the cross-disease 
discovery analyses. At the biological process level, top GO terms were enriched for immune and inflammatory processes, 
including inflammatory response, immune response, chemotaxis, chemokine-mediated signaling, cell migration, cellular 
response to interleukin-1, positive regulation of tumor necrosis factor production, and positive regulation of the MAPK 
cascade (Figure 3c). In parallel, KEGG analysis prioritized cytokine-cytokine receptor interaction, IL-17 signaling path
way, TNF signaling pathway, antigen processing and presentation, MAPK signaling pathway, and cell adhesion molecules 

Figure 3 BAT transcriptomic remodeling in the HFpEF model. (a) Volcano plot of differentially expressed genes in BAT. (b) Heatmap of representative differentially 
expressed genes. (c) GO biological process enrichment analysis. (d) KEGG pathway enrichment analysis. (e) Expression of three shared genes prioritized by co-expression 
analysis in BAT. (f) Category-specific summary of differentially expressed genes grouped into immune, mito-energy, inflammatory, and ECM-stress themes. RNA sequencing 
was performed using individual BAT samples (n = 5 per group).
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(Figure 3d). At the single-gene level, three shared genes prioritized by co-expression analysis were downregulated in BAT 
of HFpEF mice relative to sham mice (Figure 3e). Grouping differentially expressed genes into immune, mito-energy, 
inflammatory, and ECM-stress themes revealed distinct category-specific expression patterns across the two groups 
(Figure 3f).

Discussion
In this study, we used RIR as a clinically observable inflammatory phenotype and found that it was associated with 
a higher HF-risk state within MetS despite broadly comparable conventional metabolic indices. Cross-level analyses 
further showed that this phenotype aligned with a coherent inflammatory framework characterized by cytokine and 
chemokine signaling, enrichment of IL-17 and TNF programs, immune cell migration, and signatures linked to tissue 
remodeling. At the tissue level, BAT transcriptomic profiling revealed marked inflammatory and stress-response 
remodeling in the HFpEF model. Taken together, these findings support the interpretation that RIR reflects coordinated 
inflammatory signaling coupled with remodeling-related pathways, and suggest that this inflammatory dimension may be 
relevant to cardiometabolic HF risk and HFpEF remodeling.

Prior clinical evidence supports RIR as an important dimension of residual cardiovascular risk. RIR remains prognostically 
relevant among patients undergoing percutaneous coronary intervention, including those achieving low on-treatment LDL-C, 
and it also predicts unfavorable outcomes in cerebrovascular atherosclerotic disease settings.12 Clinical evidence further 
suggests that residual inflammatory risk may contribute to adverse cardiovascular outcomes beyond LDL-C-related risk.13 

Beyond atherothrombosis, inflammatory biomarkers including hs-CRP and interleukin-6 have been associated with incident 
HF, worse outcomes among those with established HF, and adverse cardiac remodeling, supporting the concept that a residual 
inflammatory milieu is relevant to HF phenotypes, including HFpEF, in cardiometabolic populations.14 In this context, our 
findings extend the RIR framework to MetS by showing that an inflammatory phenotype is associated with higher odds of 
a HF-risk state. Because echocardiographic data were unavailable in the clinical cohort, this phenotype should be interpreted 
as a higher HF-risk state rather than confirmed HF or HFpEF.

A central implication of our multi-level results is that RIR aligns with an inflammatory network characterized by cytokine 
and chemokine signaling, IL-17 and TNF programs. In the discovery-level analysis, the shared MetS-HF signature was 
enriched for inflammatory response and cytokine or chemokine activity and implicated IL-17 signaling among the top 
pathways. In BAT transcriptomics, the dominant enrichment pattern likewise concentrated on inflammatory response, 
chemokine-mediated signaling, chemotaxis and cell migration, and cytokine and chemokine activity. KEGG enrichment 
further prioritized cytokine-cytokine receptor interaction, IL-17 signaling pathway, TNF signaling, together with MAPK 
signaling and cell adhesion molecules. These convergent findings support the interpretation that RIR corresponds to an 
integrated cytokine and chemokine network with IL-17 and TNF inflammatory amplification, rather than being fully explained 
by conventional metabolic indices alone.15 This interpretation is consistent with current mechanistic understanding of HFpEF 
as a syndrome with prominent systemic and myocardial inflammatory activation, in which immune cell recruitment, cytokine 
signaling, and downstream stress pathways contribute to remodeling and functional impairment.15

Within the shared MetS-HF signature, several genes provide mechanistic plausibility for an RIR interpretation. CCL2 is 
a prototypical chemokine that promotes monocyte recruitment through CCR2 pathways, thereby sustaining inflammatory cell 
infiltration and remodeling. Monocyte and macrophage recruitment is a recognized driver of cardiac inflammation and fibrosis 
across injury contexts, supporting CCL2 as a biologically plausible upstream node linking residual inflammation to downstream 
cardiac risk.16 THBS1 is a matricellular protein at the interface of inflammation, thrombosis signaling, and tissue remodeling. 
One important mechanism is its capacity to activate latent transforming growth factor beta, providing a plausible route by which 
chronic inflammatory activation can couple to fibrotic remodeling; in addition, THBS1 has been increasingly linked to obesity, 
diabetes, and cardiometabolic disease contexts.17 CFH is a key regulator of the alternative complement pathway. Complement 
dysregulation is increasingly recognized as interwoven with lipid-inflammatory states and chronic inflammatory diseases, 
supporting a potential role for complement regulation as part of a residual inflammatory milieu in MetS-related HF risk.18 

FOSL1 is a stress-responsive AP-1 family transcription factor with documented roles in inflammatory gene regulation and 
cardiovascular injury responses. AP-1 factors are important regulators of injury-induced gene programs in cardiovascular tissues, 
providing a plausible transcriptional regulatory layer that can integrate inflammatory stimuli with broader remodeling 
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responses.19 Together, these nodes support a parsimonious RIR-centered interpretation, in which hs-CRP captures a residual 
inflammatory state corresponding to coordinated cytokine and chemokine signaling, immune activation, and stress-responsive 
transcriptional regulation.

The HFpEF model provided physiological context for interpreting this inflammatory framework. In vivo, HFD plus 
TAC reproduced preserved ejection fraction, diastolic dysfunction, concentric remodeling, fibrosis, pulmonary conges
tion, exercise intolerance, and cardiometabolic disturbance, thereby offering an experimental setting in which adipose 
and cardiac remodeling coexist. Within this context, BAT transcriptomic profiling showed marked remodeling, with 
enrichment of immune activation, cytokine and chemokine signaling, and inflammatory amplification pathways. These 
findings suggest that BAT may represent one tissue-level window into adipose inflammatory remodeling relevant to 
cardiometabolic HF risk, rather than direct proof that BAT alone drives myocardial remodeling.

This interpretation is biologically plausible in light of the emerging concept of adipose-heart crosstalk. Beyond 
thermogenesis, BAT is increasingly recognized as a metabolically active endocrine and secretory tissue capable of 
influencing peripheral organs, including the heart, through batokines, lipid mediators, and extracellular vesicle 
signals.20–22 Previous studies suggest that BAT factors such as FGF21 and 12,13-diHOME may attenuate pathological 
cardiac remodeling or improve cardiac function, and BAT extracellular vesicles have also been implicated in cardiomyocyte 
protection and interorgan communication.23–25 In addition, the heart and BAT may interact bidirectionally, in that cardiac 
stress signals such as sympathetic activation and natriuretic peptide pathways can modulate BAT activity, whereas BAT 
dysfunction in HF models has been linked to disturbed metabolic homeostasis and to accumulation of cardiotoxic 
intermediates that may further aggravate myocardial stress.25–28 Therefore, incorporating BAT into the present study is 
biologically reasonable, not because BAT has already been established as the dominant driver of HFpEF, but because BAT 
remodeling may reflect one component of a broader adipose-cardiac inflammatory-metabolic axis.

This framework is also relevant to the apparent directionality of our BAT results. In the present study, several shared genes 
were downregulated in BAT despite strong enrichment of inflammatory and chemokine-related programs at the pathway level. 
This pattern does not necessarily contradict an adipose-cardiac inflammatory framework. Instead, it may indicate that BAT 
remodeling in the HFpEF state includes loss of normal metabolic or secretory homeostasis alongside immune activation. 
Previous studies suggest that BAT status in HF may be dynamic rather than uniform, with possible early compensatory 
activation followed by thermogenic dysfunction, metabolic exhaustion, or altered secretory behavior during disease 
progression.29–32 In HFpEF models in particular, BAT mass and BAT-specific functional markers may change in different 
directions, suggesting that BAT remodeling may reflect a transition from adaptive activation to functional impairment rather 
than a single stable phenotype.33 Accordingly, the BAT transcriptomic changes observed here are better interpreted as 
evidence of tissue remodeling within an inflammatory-metabolic network than as proof of a unidirectional BAT-to-heart 
proinflammatory pathway.

Conclusion
By integrating discovery-level bioinformatics, a propensity score–matched MetS cohort, and experimental tissue-level 
analyses, this study identifies RIR as a clinically relevant inflammatory dimension associated with a HF-risk phenotype in 
metabolic syndrome. Elevated hs-CRP was independently associated with higher odds of HF-risk state despite broadly 
comparable conventional metabolic indices, supporting the view that cardiometabolic inflammatory burden is not fully 
captured by standard metabolic measures alone. Cross-level analyses further converged on cytokine and chemokine inflam
matory programs, including IL-17 and TNF signaling. In an HFpEF mouse model, BAT transcriptomic profiling showed 
inflammatory and stress-response remodeling that overlapped with these discovery-level signatures. Overall, these findings 
support the interpretation that residual inflammation is linked to a broader inflammatory network relevant to MetS-related HF 
risk and provide a rationale for further mechanistic studies of adipose-cardiac inflammatory communication in HFpEF.

Clinical and Translational Implications
Clinically, these findings suggest that RIR may help contextualize a higher HF-risk phenotype despite similar conven
tional metabolic indices. Translationally, the observed convergence on cytokine and chemokine programs, particularly 
IL-17 signaling, highlights candidate inflammatory processes for further investigation rather than definitive therapeutic 
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targets. These results support future studies incorporating longitudinal phenotyping, broader inflammatory profiling, and 
targeted mechanistic interventions to determine whether modulation of residual inflammation or adipose-associated 
inflammatory remodeling can improve risk stratification or inform preventive strategies for HF and HFpEF.

Limitations and Future Directions
This study has several limitations. First, the clinical analysis was retrospective and association-based, and therefore does 
not permit causal inference. Second, the clinical endpoint represented a biomarker-defined higher HF-risk phenotype 
based on NT-proBNP rather than confirmed HF or HFpEF, because echocardiographic data were unavailable in the 
human cohort. In addition, NT-proBNP levels may be influenced by renal function and obesity. Although major renal 
comorbidities were considered in the matching and adjustment strategy, residual confounding related to biomarker 
interpretation cannot be fully excluded. Third, RIR was defined using hs-CRP alone; additional inflammatory mediators 
such as IL-6 and TNF were not available in the clinical dataset, and thus the inflammatory phenotype cannot be 
considered comprehensive. Fourth, the cross-disease molecular overlap between MetS and HF was modest, with only 
six shared genes identified. Although the shared genes yielded biologically coherent enrichment patterns, the limited 
overlap indicates that the observed convergence should be interpreted cautiously and may be sensitive to the disease-gene 
selection strategy. Fifth, the multi-level integration in this study was primarily concordance-based. BAT was selected as 
a tissue-level window for adipose remodeling, but adult human HFpEF is also strongly influenced by other adipose 
depots, particularly visceral adipose tissue and possibly epicardial fat, and the shared-gene signature was not directly 
assessed in myocardial tissue. Finally, the animal study used only male mice, which may limit translational relevance 
given the recognized sex heterogeneity of HFpEF.

Future studies should combine longitudinal clinical phenotyping with broader inflammatory profiling to refine the 
temporal relationship between residual inflammation and HF risk in MetS. In parallel, multi-tissue validation, including 
visceral adipose tissue, epicardial fat, and myocardium, will be important to better define tissue specificity across the 
adipose-cardiac inflammatory-metabolic axis. Most importantly, targeted genetic or pharmacological perturbation experi
ments will be required to determine the causal directionality between BAT inflammatory remodeling and cardiac 
phenotypes and to clarify whether adipose inflammatory remodeling is a driver, amplifier, or bystander in MetS- 
related HF and HFpEF. Such studies may help define the causal architecture of this axis and evaluate its potential as 
a therapeutic target.
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