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Editorial on the Research Topic 


Adipose tissue dysfunction


For a long time, adipose tissue (AT) has been regarded as a functionally and anatomically simple to understand organ that only contributes to the insulation of the body, thermoregulation, and mechanical organ protection (1–3). Only in the past few decades, it has been recognized that AT is characterized by dynamic adaptations, heterogeneous cell populations, and astonishing plasticity (2–5). With the discovery that adipocytes secrete leptin (6) it became clear that AT is involved in many biological processes including regulation of energy homeostasis, glucose and lipid metabolism, blood pressure, and immune response (1–4).

With the growing interest in better understanding mechanisms causing obesity and obesity-related cardio-metabolic diseases and mortality (7, 8), AT research developed rapidly. Indeed, AT represents the main organ for energy storage under conditions of caloric surplus and releases lipids to protect our bodies against weight loss in prolonged periods of fasting or starvation. Both access to AT in people living with obesity (3, 4, 9), but also deficiency or a complete loss of AT in patients with lipodystrophy or lipoatrophy are associated with conditions that predispose to insulin resistance, type 2 diabetes, fatty liver disease, and other metabolic abnormalities (10, 11). Based on these observations, it has been proposed that impaired expandability of “healthy” subcutaneous AT may be a relevant mechanism linking obesity to its comorbid conditions (12). Supporting this hypothesis, it has been shown that transplantation of AT with a normal function led to beneficial effects on glucose and lipid metabolism in animal models (13).

The risk for many obesity-associated diseases increases linearly with an increase in fat mass (9). However, there are people with obesity who do not develop metabolic or cardiovascular diseases at the expected frequency or age of manifestation. This subgroup of people with metabolically healthy obesity has taught us about potential mechanisms for the link between fat accumulation and cardio-metabolic risk (14, 15). Among the biological mechanisms that link increased body fat mass to cardio-metabolic diseases, AT dysfunction is a major determinant of the individual obesity-associated risk (14, 15).

The concept of AT dysfunction (16) is not novel and has been described as adiposopathy (17), obesity-related adipose tissue disease (OrAD, 18), or sick fat (17). These terms summarize specific symptoms that are associated with abnormal AT function including ectopic fat deposition in visceral depots, the liver, pancreas, and other organs, adipocyte hypertrophy, a higher number of immune cells in AT, AT fibrosis, and secretion of pro-inflammatory, diabetogenic, and atherogenic signals from AT (4, 16, 17).

In principle, AT dysfunction can develop if AT in healthy subcutaneous (e.g. leg and hip fat) depots exceed their storage capacity or have (e.g. genetically determined) limited expandability. The inability of AT to respond to excess energy storage demands with adequate hyperplasia leads to hypertrophy of adipocytes that contributes to hypoxia, inadequate vascularization, AT stress and immune cell infiltration, autophagy, apoptosis, increased production of pro-fibrotic extracellular matrix proteins subsequently causing AT fibrosis.

Current AT research focuses on a better understanding of these mechanisms and specific factors with the ultimate vision to identify targets for the future treatment of obesity and AT dysfunction-related diseases. Within this Research Topic on “Adipose tissue dysfunction”, the complexity and fascination of AT research are reflected by eleven articles:

Pincu et al. summarize the current knowledge on histopathological characteristics of AT dysfunction and propose the term obesity-related adipose tissue disease (OrAD) to reflect the notion that abnormalities in AT of people with obesity predict future obesity-related endpoints and the response to specific anti-obesity interventions. The authors focus on adipocyte hypertrophy, AT inflammation, and fibrosis as major features of OrAD.

Our readers can find a complimentary review on immune cell regulation of white adipose progenitor cells by Altun et al. The mini-review discusses the heterogeneity in composition and fate of adipose progenitor subtypes and their interactions with different immune cell populations. More specifically, the review article by Zhu and Liu focuses on the role of activated NOD-like receptor family 3 (NLRP3) inflammasome and its interaction with autophagy mechanisms in the development of AT dysfunction.

The importance of AT immune cell infiltration in the context of AT dysfunction has been further elucidated in an original article from Strand et al. The group used a proteomics screen to identify novel surface proteins specific to M1-like- and M2-like macrophages that are fat-depot specifically associated with AT immunophenotypes.

In a sophisticated magnetic resonance imaging study, Zhang et al.support the concept that visceral AT, hepatic fat, pancreatic fat, and preperitoneal AT are associated with cardio-metabolic risk factors independently of BMI.

As lipodystrophy is considered a disease caused by AT dysfunction, our special issue includes an original article by Dattilo et al. in which the authors discovered a predictive role of circulation miRNA-320 for AT function in patients with lipodystrophy.

Ronningen et al. provide novel data on the role of N6-methyladenosine (m6A) - as one of the most abundant post-transcriptional modifications on mRNA – on fat depot determination.

In a large study of 5,821 adults, Sun et al. (reported that insulin resistance of AT is associated with hyperuricemia, pointing toward a previously unrecognized role AT in uric acid metabolism. The article collection is completed by novel data on associations between obesity subphenotypes and a higher risk of ischemic stroke (Zou et al.) as well as on subcutaneous fat accumulation and increased urinary stone risk in young people (Ye et al.).

We hope that you as our readers enjoy reading our Research Topic on adipose tissue dysfunction and agree with us that AT is a treasure box to identify mechanisms and targets for a better understanding of diseases that involve AT dysfunction.
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Background

Clear cell renal cell carcinoma (ccRCC) is one of the most lethal urologic cancer. Associations of both visceral adipose tissue (VAT) and subcutaneous adipose tissue (SAT) with ccRCC have been reported, and underlying mechanisms of VAT perhaps distinguished from SAT, considering their different structures and functions. We performed this study to disclose different miRNA-mRNA networks of obesity-related ccRCC in VAT and SAT using datasets from Gene Expression Omnibus (GEO) and The Cancer Genome Atlas (TCGA); and find out different RNAs correlated with the prognosis of ccRCC in VAT and SAT.



Methods

We screened out different expressed (DE) mRNAs and miRNAs of obesity, in both VAT and SAT from GEO datasets, and constructed miRNA-mRNA networks of obesity-related ccRCC. To evaluate the sensitivity and specificity of RNAs in networks of obesity-related ccRCC in both VAT and SAT, Receiver Operating Characteristic (ROC) analyses were conducted using TCGA datasets. Spearman correlation analyses were then performed to find out RNA pairs with inverse correlations. We also performed Cox regression analyses to estimate the association of all DE RNAs of obesity with the overall survival.



Results

136 and 185 DE mRNAs of obesity in VAT and SAT were found out. Combined with selected DE miRNAs, miRNA-mRNA networks of obesity-related ccRCC were constructed. By performing ROC analyses, RNAs with same trend as shown in networks and statistically significant ORs were selected to be paired. Three pairs were finally remained in Spearman correlation analyses, including hsa-miR-182&ATP2B2, hsa-miR-532&CDH2 in VAT, and hsa-miR-425&TFAP2B in SAT. Multivariable Cox regression analyses showed that several RNAs with statistically significant adjusted HRs remained consistent trends as shown in DE analyses of obesity. Risk score analyses using selected RNAs showed that the overall survival time of patients in the low‐risk group was significantly longer than that in the high‐risk group regardless of risk score models.



Conclusions

We found out different miRNA-mRNA regulatory networks of obesity-related ccRCC for both VAT and SAT; and several DE RNAs of obesity-related ccRCC were found to remain consistent performance in terms of ccRCC prognosis. Our findings could provide valuable evidence on the targeted therapy of obesity-related ccRCC.





Keywords: renal clear cell carcinoma, obesity, adipose tissue, micro RNA, messenger RNA



Introduction

Renal cell carcinoma (RCC) is one of the most lethal urologic cancer (1), encompassing histological subtypes of cancers derived from renal tubular epithelial cells (2). Approximately 2% of incidence and mortality of malignances can be attributed to RCC (3). Clear cell renal cell carcinoma (ccRCC) is the most common subtype of RCC, accounting for over 70% of cases (4). Obesity has been identified as one of the independent modifiable risk factors of RCC, and is involved in the development of more than 30%-40% of RCC cases (5). Published studies demonstrated that ccRCC risk was 1.5-fold higher in people with obesity than those with normal weight (6). Another longitudinal cohort study found that after an average follow-up of 11.3 years, large body mass index (BMI) at baseline was associated with the increased risk of ccRCC, hazard ratio (HR) per 1 kg/m2 increase of BMI was 1.09 with the 95% confidence interval (CI) of (1.02, 1.16) (7). Inflammatory cytokines released from adipose tissue has been considered playing a key role in the pathophysiology of obesity-related ccRCC (6). Results from a case-control study including 682 ccRCC cases implied that insulin resistance and inflammation driven by several obesity-related biomarkers might underlie the relationship between obesity and ccRCC (8).

Abdominal adipose tissue, including visceral adipose tissue (VAT) and subcutaneous adipose tissue (SAT), is not only a main storage of fat in mammals, but also an important endocrine organ secreting adipokines, such as cytokines, interleukins and other biologically active molecules (9). Both VAT and SAT have been reported to be positively associated with the prevalence/incidence of several cardiovascular diseases (10) and cancers (11, 12), including ccRCC. Greco, et al. found that both VAT and SAT areas measured using computed tomography (CT) were larger in ccRCC group compared to controls (13). However, no study has revealed if the mechanism of VAT underlying the relationship between obesity and ccRCC distinguished from that of SAT. We thought such heterogeneity perhaps existed, considering differences in levels of lipid mobilization, adipokine production and adipocyte differentiation between VAT and SAT (14, 15).

It has been well proven that gene expression profiles estimated using message RNA (mRNA) level could be an effective method to predict the pathophysiological mechanisms of several cancers (16–18). For an instance, a bioinformatic analysis performed by Zhou et al., showed that 5 genes, such as IGHA1 and IGKC were correlated with ccRCC (19). In addition, micro RNA (miRNA) is a class of well-characterized RNA without protein encoding potential. miRNAs can bind to their target genes, typically resulting in gene silencing by triggering the degradation of the target mRNAs, and associations of miRNAs with ccRCC have been reported (20–22). However, no miRNA-mRNA regulatory network relative to obesity-related ccRCC was given. On the other hand, whether ccRCC-relevant RNAs were different between VAT and SAT remained unknown.

Therefore, as shown in Figure 1, we performed this study aiming to disclose different miRNA-mRNA networks of obesity-related ccRCC in VAT and SAT using datasets from Gene Expression Omnibus (GEO); verify the obtained miRNA-mRNA pairs relevant to ccRCC using the dataset of The Cancer Genome Atlas (TCGA); and find out different mRNAs and miRNAs correlated with the prognosis of ccRCC in VAT and SAT. Findings in this study would be helpful to distinguish the molecular mechanisms of obesity-related ccRCC between VAT and SAT, and provide valuable evidence on the targeted therapy of obesity-related ccRCC.




Figure 1 | Flow chart of this study.





Methods


Selecting Microarray Datasets and Collecting Data

We first downloaded the microarray dataset (GSE24883) of mRNA expression profiles in both VAT and SAT based on the platform of GPL4133 from the GEO (https://www.ncbi.nlm.nih.gov/geo/) (23). The GSE24883 dataset included 64 samples of VAT, as well as paired SAT from 32 female participants, who were divided in 4 subgroups according to BMI, and the presence of the metabolic syndrome (MS) (24), i.e. lean (8/32), overweight (8/32), obesity (8/32), and obesity with MS (8/32). Whole transcriptome analysis was performed using DNA microarrays on VAT and SAT samples, and total RNA was hybridized to Agilent 44k whole human genome microarray (Agilent, Santa Clara, CA). Thereafter, miRNA expression profiles of VAT and SAT were obtained from datasets of GSE50574 (GPL16384) and GSE25402 (GPL8786), respectively. In GSE50574 datasets, 7 obese (BMI: 33-50 kg/m2) and 5 lean (BMI: 22-25 kg/m2) samples were included. Adipocyte-exosomal total RNA was extracted from VAT, and only mature human miRNAs were retained as Affymetrix 3.0 miRNA arrays (Affymetrix, Santa Clara, CA) (25). GSE25402 dataset included 30 obese (BMI> 30 kg/m2) and 26 non-obese samples (BMI< 30 kg/m2) healthy samples. Total RNA was extracted from abdominal subcutaneous white adipose tissue, and miRNAs were retained as Affymetrix multispecies miRNA-1 array (Affymetrix) (26). In addition, mRNA expression profiles of ccRCC (GSE46699, GPL570) was downloaded, and only 24 samples (patient-matched tumors and adjacent-normal tissues) from 12 obese participants (BMI> 30 kg/m2) were used for the following analyses, considering that we would like to find out if differentially expressed (DE) mRNAs of obesity in both VAT and SAT datasets were correlated with the presence of obesity-related ccRCC (27).



Identifying DE mRNAs and miRNAs of Obesity in VAT and SAT

Firstly, we downloaded the series matrix file of GSE24883 and the platform file of GPL4133. In accordance with the annotations, probe IDs in the matrix file were transformed into the gene symbols, and probes that did not correspond to the mRNA symbols were excluded. The average value of mRNA correlated with more than one probe was used as the final expression value (28). We then normalized the data of mRNA expression profiles using robust multi-array average (RMA) based on the limma package in R (v.4.0.3) software (29). Since samples in GSE24883 were divided into 4 subgroups, statistical comparisons were respectively performed between lean and other 3 subgroups with different obese statuses using the Bayesian method in limma package. By setting a cutoff threshold of P-value < 0.05 and |log2fold change (FC)| > 2, DE mRNAs of overweight, obesity and obesity with metabolic syndrome (MS) in both VAT and SAT were revealed. Consistent methods as above mentioned were respectively repeated in both GSE50574 and GSE25402 datasets to obtain the DE miRNA of obesity in VAT and SAT using the cutoff of P value < 0.05 and |FC| > 1.2 (25). Relevant volcano plots and heatmaps of both mRNAs and miRNAs were given using R software. Furthermore, for DE mRNAs of 3 obese statuses, Venn diagrams were generated using VennDiagram R package to disclose the common DE mRNAs in 3 obese statuses in both VAT and SAT.



Constructing miRNA-mRNA Networks of Obesity in VAT and SAT

Based on the up- and down-regulated DE miRNAs of obesity in VAT and SAT, miRNA-mRNA pairs were predicted using Targetscan database (30), followed by performing VennDiagram R package to obtain the intersections between predicted mRNAs in miRNA-mRNA pairs and DE ones of obesity in VAT and SAT, respectively. Secondly, we screened out the pairs including the DE mRNAs in the intersection, and then only retained those showing inverse relationship between miRNA and mRNA as the final miRNA-mRNA network considering the specific role of miRNA in degrading their target mRNAs (31, 32). Results were visualized using the Cytoscape software (v3.8.0). To investigate a comprehensive set of functional annotation of target mRNAs in networks of obesity, Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses (33) and gene ontology (GO) term enrichment analyses (34) were performed by using the Clusterprofiler package. The KEGG pathway and GO enrichment analyses of genes were based on the threshold of P‐value < 0.05.



Identifying DE mRNAs of ccRCC From miRNA-mRNA Networks of Obesity

Target mRNAs of miRNA-mRNA networks obtained from the former step in both VAT and SAT were respectively analyzed in the specific samples from obese participants of GSE46699 dataset. By running Bayesian method in limma R package, we identified the DE mRNAs of ccRCC in obesity with P-value < 0.05, and furthermore screened out those with same trends (up- or down-regulated) as shown in networks of obesity. Thereafter, miRNA-mRNA networks of obesity-related ccRCC in both VAT and SAT were constructed, and visualized using Cytoscape software.



TCGA Data Collection

The RNA sequencing (RNAseq) data from Illumina HiSeq RNA‐Seq platform and corresponding clinical follow‐up information were downloaded from TCGA (https://portal.gdc.cancer.gov/) database. Fragments Per Kilobase Million (FPKM) values of both mRNA and miRNA data were collected. For mRNA data, we transferred ENSAMBL IDs in the matrix file into gene symbols. As a result, 611 and 616 samples were respectively selected for mRNA and miRNA analyses from TCGA database by searching KIRC (kidney renal clear cell carcinoma), while clinical follow-up information were only collected among 537 samples.



Receiver Operating Characteristic Curve Analysis of RNAs in Networks of Obesity-Related ccRCC

To evaluate the sensitivity and specificity of both mRNAs and miRNAs in networks of obesity-related ccRCC in both VAT and SAT for distinguishing between normal and cancer tissues, ROC curve analyses were respectively conducted for mRNAs and miRNAs, and the area under curve (AUC) was calculated by running the code of “proc logistic” in the SAS software (v9.4). DE RNAs with both statistically significant odds ratios (ORs) and same trends as shown in previous obtained networks were retained to construct the updated networks in VAT and SAT. Sankey diagrams of networks were given using R software. To further verify the relationship of miRNA-mRNA pairs shown in Sankey diagrams, we then performed Spearman correlation analyses focusing on the specific RNAs in networks by selecting samples with both mRNA and miRNA data in TCGA dataset. miRNA-mRNA pairs with inverse correlation coefficients (r < 0 and P-value < 0.05) were considered as final networks.



Prognostic Signature Analysis of DE RNAs of Obesity-Related ccRCC

To differentiate the ccRCC prognostic signatures of DE RNAs of obesity between VAT and SAT, we performed Cox regression analyses to estimate the association of all DE mRNAs and miRNAs of obesity (which were not limited to those in networks) with the overall survival using the TCGA dataset of ccRCC. 530 and 516 samples with ccRCC were respectively selected for the analyses of mRNAs and miRNAs. Multivariable Cox proportional hazards regression analyses were performed by running SAS code of “proc phreg”, HR and relevant 95% CI were given. Regression models included unadjusted model and multi-adjusted model (adjusted for age, gender, as well as the tumor stage according to the tumor-node-metastasis (TNM) staging system of ccRCC). mRNA and miRNA with both statistical significant HRs (P-value < 0.05) and same trends as shown in previously performed DE analyses were then remained as candidates to calculate a risk score for each patient using regression coefficients of these eligible RNAs derived from Cox regression models. The formula was shown as follows: Risk score= expRNA1 * βRNA1 + expRNA2 * βRNA2 + expRNA3 * βRNA3 +……+ expRNAn * βRNAn, expRNA implies the expression value of RNA, and βRNA implies the regression coefficient of Cox regression model (17). In accordance with the risk scores, patients were divided into high- and low-risk groups, and 1-year ROC as well as Kaplan-Meier survival curves of the two groups were generated by running “timeROC”, “survival”, and “surviminer” R packages. Simultaneously, scatter plots of risk scores and survival time among patients, as well as heatmaps of RNA components used for calculating the risk score were given using R software.




Results


Identification of DE mRNAs of Obesity in VAT and SAT

By running limma R package among 64 samples in the dataset of GSE24833, we obtained DE mRNAs of overweight, obesity and obesity with MS in both VAT and SAT (Supplemental Tables 1 and 2). Volcano plots and heatmaps of DE mRNAs in VAT and SAT were respectively shown in Figure 2 and Figure 3. The amount of DE mRNAs of obesity in VAT was 136 (35 for overweight, 54 for obesity, and 61 for obesity with MS), and only 2 mRNAs (IQCF6 and FRAG1) were shared by all these 3 obesity components as shown in Venn diagram (Figure 2D). For SAT, the amount of DE mRNAs of obesity was 185 (50 for overweight, 54 for obesity, and 107 for obesity with MS), and only 3 mRNAs (JSRP1, MRS2 and STK40) were shared by all these 3 obesity components as shown in Venn diagram (Figure 3D).




Figure 2 | DE mRNAs of overweight (A), obesity (B), and obesity with MS (C) in VAT. The red points in the volcano plots represent upregulation and the green plots represent downregulation. The color in heatmaps from green to red shows the progression from low expression to high expression. The amount of DE mRNAs of obesity in VAT was 136 (35 for overweight, 54 for obesity, and 61 for obesity with MS). Venn diagram (D) shows that only 2 mRNAs (IQCF6 and FRAG1) were shared by all these 3 obesity components.






Figure 3 | DE mRNAs of overweight (A), obesity (B), and obesity with MS (C) in SAT. The red points in the volcano plots represent upregulation and the green plots represent downregulation. The color in heatmaps from green to red shows the progression from low expression to high expression. The amount of DE mRNAs of obesity in VAT was 185 (50 for overweight, 54 for obesity, and 107 for obesity with MS). Venn diagram (D) shows that only 3 mRNAs (JSRP1, MRS2 and STK40) were shared by all these 3 obesity components.





Construction of miRNA-mRNA Networks of Obesity in VAT and SAT

In the dataset of GSE50574, we screened out 52 DE miRNAs of obesity in VAT by comparing 7 obese to 5 lean samples. On the other hand, 25 miRNAs of obesity in SAT were obtained in the dataset of GSE25402. Values of |log2FC| and P were shown in Supplemental Table 3. Volcano plots and heatmaps of DE miRNAs of obesity in VAT and SAT were shown in Figures 4A, B. According to the miRNA-mRNA pairs predicted using Targetscan database, 17,423 and 16,612 target mRNAs were respectively obtained for 52 DE miRNA of obesity in VAT and 25 in SAT. By performing VennDiagram R package, the intersections of DE mRNAs of obesity and predicted target mRNAs in miRNA-mRNA pairs were 99 (Figure 4C) and 118 (Figure 4D) for VAT and SAT, respectively. By further screening out inverse miRNA-mRNA pairs including mRNAs in the intersection, the networks of obesity in VAT and SAT were constructed as shown in Supplemental Figure 1. In the network of VAT, 87 mRNAs and 27 miRNAs were included. In the network of SAT, 101 mRNAs and 16 miRNAs were included.




Figure 4 | DE miRNAs of obesity in VAT and SAT. 52 DE miRNAs of obesity were screened out in VAT (A), and 25 were screened out in SAT (B). The red points in the volcano plots represent upregulation and the green plots represent downregulation. The color in heatmaps from blue to yellow shows the progression from low expression to high expression. Venn diagrams (C, D) shows that the intersections of DE mRNAs of obesity and predicted target mRNAs in miRNA-mRNA pairs were 99 and 118 for VAT (C) and SAT (D), respectively.





Functional Annotation of DE mRNAs in Networks of Obesity in VAT and SAT

To gain insights into the different biological features of miRNA-mRNA networks of obesity in VAT and SAT, KEGG and GO analyses were respectively performed for target mRNAs. As shown in Table 1, target mRNAs in the miRNA-mRNA network of obesity in VAT were enriched in 6 pathways as following: nicotine addiction (hsa05033; genes: CHRNA7 and GABRA6); cholinergic synapse (hsa04725; genes: CACNA1F, CHRNA7, and SLC5A7); vascular smooth muscle contraction (hsa04270; genes: ARAF, CACNA1F, and CALCRL); mineral absorption (hsa04978; genes: ATP2B2 and MT1A); non-small cell lung cancer (hsa05223; genes: ALK and ARAF); arrhythmogenic right ventricular cardiomyopathy (hsa05412; genes: CACNA1F and CDH2). For the network of SAT, target mRNAs were enriched in 4 pathways as following: pancreatic secretion (hsa04972; genes: ATP1A2, PLA2G1B, and RAP1A); synthesis and degradation of ketone bodies (hsa00072; genes: HMGCS2); PPAR signaling pathway (hsa03320; genes: ACSL4 and HMGCS2); RNA degradation (hsa03018; genes: ENO2 and WDR61). Results of GO enrichment analyses were shown in Supplemental Figure 2. In brief, biological process (BP) functional enrichment found that target mRNAs of network of obesity in VAT were enriched in functions like cellular response to glucocorticoid stimulus, cellular response to corticosteroid stimulus, and eosinophil chemotaxis. Target mRNAs in SAT were enriched in functions such as cellular response to drug, DNA methylation or demethylation, and regulation of histone H3-K9 acetylation.


Table 1 | KEGG enrichments of target mRNAs in miRNA-mRNA networks of obesity in VAT and SAT.





Construction of miRNA-mRNA Networks of Obesity-Related ccRCC in VAT and SAT

In 24 samples (patient-matched tumors and adjacent-normal tissues) from 12 obese participants the dataset of ccRCC (GSE46699), we screened out 28 DE mRNAs of ccRCC (P-value < 0.05) among 87 target mRNAs in the network of obesity in VAT (Supplemental Table 4). By further selecting those with same trends (up- or down-regulated) as shown in the network of obesity, 14 mRNAs were retrained. In accordance with these 14 mRNAs, a miRNA-mRNA network of obesity-related ccRCC in VAT was constructed and visualized as Figure 5A. In this network, 23 miRNAs were included. Consistent methods were repeated among 101 target mRNAs in the network of obesity in SAT, and 21 mRNAs were finally retrained. By using these 21 mRNAs and 16 paired miRNAs, the miRNA-mRNA network of obesity-related ccRCC in SAT was constructed (Figure 5B).




Figure 5 | miRNA-mRNA networks of obesity-related ccRCC in VAT (A) and SAT (B). In VAT (A), 14 mRNAs and 23 miRNAs were included. In SAT (B), 21 mRNAs and 16 miRNAs were included. Green diamonds represent miRNAs, and pink ellipses represent mRNAs. The color from dark to light respectively represents up- and down-regulated.





Verification of miRNA-mRNA Networks of Obesity-Related ccRCC Using TCGA Dataset

We respectively selected 611 samples (including 72 controls) and 616 samples (including 71 controls) in the TCGA dataset of ccRCC to evaluate the sensitivity and specificity of both mRNAs and miRNAs in networks of obesity-related ccRCC. Among 14 target mRNAs and 23 miRNAs in the network of obesity-related ccRCC in VAT, 13 mRNAs and 8 miRNAs with same trends as shown in the network had statistically significant ORs (shown in Supplemental Table 5). Seven of 13 mRNAs that could be paired with 8 selected miRNAs were retrained, and ROCs were shown in Figures 6A, B. By performing consistent methods, 17 mRNAs and 2 miRNAs were respectively selected from 21 target mRNAs and 16 miRNAs in the network of obesity-related ccRCC in SAT, ORs and 95%CI were shown in Supplemental Table 5. Among 17 mRNAs, 3 were found to be paired with 2 miRNAs, and ROCs of them were shown in Figures 6C, D. Sankey diagrams of miRNA-mRNA networks were shown in Figure 6E, 18 and 5 miRNA-mRNA pairs in both VAT and SAT were included. Furthermore, 588 samples (71 controls) with both mRNA and miRNA data in TCGA dataset were selected to perform Spearman correlation analyses among these RNA pairs. After adjusted for group (tumor or adjacent tissue), 3 pairs showed inverse relationship with statistically significant correlation coefficients, including hsa-miR-182&ATP2B2 (r = -0.154, P-value < 0.001) in VAT, hsa-miR-532&CDH2 (r = -0.085, P-value =0.039) in VAT, and hsa-miR-425&TFAP2B (r = -0.125, P-value =0.002) in SAT (Figure 6F). By searching these 3 target mRNAs in GSE24833, all of them were DE mRNAs of obesity with MS.




Figure 6 | Verification of miRNA-mRNA networks of obesity-related ccRCC using TCGA dataset. For VAT, 7 mRNA (A) and 8 paired miRNAs (B) with statistically significant ORs were retrained. For SAT, 3 mRNA (C) and 2 paired miRNAs (D) with statistically significant ORs were retrained. miRNA-mRNA networks of obesity-related ccRCC were visualized using Sankey Diagram (E). Spearman correlation analyses (F) found that 3 miRNA-mRNA pairs showed inverse relationship with statistically significant correlation coefficients, including hsa-miR-182&ATP2B2 in VAT, hsa-miR-532&CDH2 in VAT, and hsa-miR-425&TFAP2B in SAT.





Construction of Prognostic Signature Based on DE RNAs of Obesity-Related ccRCC

We firstly screened out the DE RNAs (mRNAs and miRNAs) of ccRCC among DE RNAs of obesity. From 136 DE mRNAs and 52 DE miRNAs of obesity in VAT (shown in Figures 2 and 3A), 17 DE mRNAs and 44 DE miRNAs of ccRCC were respectively selected using the TCGA dataset. For DE RNAs of obesity in SAT, 24 mRNAs and 11 miRNAs were finally remained. Multivariable Cox regression analyses were performed among these eligible RNAs, crude and adjusted HRs for each RNA were shown in Supplemental Table 6. As results showed, 5 DE mRNAs (SORCS1, FLRT3, HIBADH, CATSPER1, and MAP3K8) and 5 DE miRNAs (hsa-miR-3130-2, hsa-miR-148b, hsa-miR-2681, hsa-miR-4487, and hsa-miR-3613) of obesity-related ccRCC with statistically significant adjusted HRs remained consistent trends (up- and down-regulated) as shown in DE analyses of obesity in VAT. For DE RNAs of obesity-related ccRCC in SAT, 4 mRNAs (ENO2, YY1AP1, FAP, IL10RB) and 1 miRNA (hsa-miR-425) were eligible for the following risk score analyses. By utilizing adjusted regression coefficients of these RNAs, we calculated risk scores of both mRNAs and miRNAs for each patient. Formulas were shown as following:

	

	

	

We divided patients into high- and low-risk groups according to the medians of risk scores. As shown in Figure 7A, AUCs of risk score models were 0.726 (mRNAs in VAT), 0.631 (miRNAs in VAT), and 0.680 (mRNAs in SAT). In addition, overall survival time of patients in the low‐risk group was significantly long than that in the high‐risk group regardless of risk score models (P-values < 0.001, Figure 7B). Distributions of RNA expressions, risk scores, and survival statuses for each patient were shown in Figures 7C–E.




Figure 7 | Risk score analyses of DE RNAs of obesity-related ccRCC in the prognosis of ccRCC. 5 DE mRNAs (SORCS1, FLRT3, HIBADH, CATSPER1, and MAP3K8), 5 DE miRNAs (hsa-miR-3130-2, hsa-miR-148b, hsa-miR-2681, hsa-miR-4487, and hsa-miR-3613) of obesity-related ccRCC in VAT, and 4 mRNAs (ENO2, YY1AP1, FAP, IL10RB) in SAT were used to calculate risk scores. AUC of risk score of mRNAs in VAT was larger than those of miRNAs in VAT, and mRNAs in SAT (A). Overall survival time of patients in the low‐risk group was significantly longer than in the high‐risk group regardless of risk score models (B). Distributions of RNA expressions, risk scores, and survival statuses for each patient were also shown (C–E).






Discussion

In recent years, obesity has become a worldwide health problem. Emerging evidence shows that obesity is a risk factor of various non-communicable diseases, including cancers (35), and main mechanisms could be partially attributed to the inflammation triggered by excess adipose tissue. Abdominal adipose tissue is a major storage of body fat, consisting of VAT and SAT. Differences in abdominal locations, structural compositions, metabolic activities, and functional significances between VAT and SAT implied that their pathophysiological mechanisms might be different (36), while no study has disclosed such heterogeneity. In our study, 136 and 185 DE mRNAs of obesity were respectively found in VAT and SAT using GEO datasets, while no RNA was overlapped between these two adipose tissues. DE genes between VAT and SAT have been reported in several published studies (37–39), our result was in line with previous findings, and implied that VAT and SAT perhaps differed in pathophysiological functions. Simultaneously, in accordance with miRNA datasets of GEO, different miRNA-mRNA regulatory networks of obesity in VAT and SAT were obtained. To further explore the heterogeneity in biological functions between VAT and SAT, KEGG and GO analyses were performed among mRNAs in obtained miRNA-mRNA networks of obesity. As we found, 6 and 4 non-overlapped biological pathways were respectively enriched for mRNAs in networks of both VAT and SAT. Results from enrichment analyses indicated that miRNA-mRNA regulatory networks we screened out were biologically functional, and also disclosed different pathophysiological mechanisms of obesity-related diseases potentially existing in VAT and SAT.

The association of ccRCC with excessively accumulated adipose tissue has been revealed in several studies. In a newly published study, both VAT and SAT areas measured using CT were found to be positively associated with ccRCC among Caucasian patients with different genetic background (40). There is a multi-center study from Chinese population showing that the mean VAT area measured by CT in ccRCC group was larger than that in non-ccRCC group by 25 cm2, and such difference was statistically significant (41). In another study, statistical differences of both VAT and SAT were found between ccRCC cases and controls, and smaller P-value (<0.001) for VAT was shown (13). Additionally, it has been reported that individuals with high levels of C-peptide, interleukin-6 (IL-6), tumor necrosis factor-α (TNF-α), as well as low level of adiponectin had significantly higher risk of ccRCC, all these biomarkers are obesity-related (8, 42). Even though associations of ccRCC with both biochemical and image-based indices of obesity have been estimated, relevant bioinformatic studies still remained limited. Zhou, et al. performed a data-mining study by combining GEO with TCGA datasets, and 5 genes correlated with both ccRCC and obesity were found (IGHA1 and IGKC were oncogenes, and MAOA, MUC20 and TRPM3 were tumor suppressor genes) (19). However, if RNAs regarding to obesity-related ccRCC were different between VAT and SAT still remained underdetermined. On the other hand, miRNAs from both plasma and tissue samples have been reported to be associated with ccRCC (22, 43), while miRNA-mRNA regulatory networks of obesity-related ccRCC were not given in the above mentioned bioinformatic study.

In our study, based on the obtained miRNA-mRNA networks of obesity in VAT and SAT, we only included samples of obese participants from the GEO dataset of ccRCC, and screened out specific networks of obesity-related ccRCC (14 mRNAs and 23 miRNAs were included in the network of VAT; 21 mRNAs and 16 miRNAs were included in the network of SAT). After further verified using TCGA dataset, 18 and 5 miRNA-mRNA pairs were respectively screened out for VAT and SAT, and only 3 pairs remained inverse relationship in Spearman correlation analyses (hsa-miR-182&ATP2B2, hsa-miR-532&CDH2 in VAT; and hsa-miR-425&TFAP2B in SAT). All these 3 miRNAs were shown to be associated with ccRCC, despite that reported target genes distinguished from those we found. For example, hsa-miR-182, and hsa-miR-532 could suppresses RCC migration and proliferation respectively via targeting insulin-like growth factor 1 receptor (IGF1R), or nucleosome assembly protein 1-like 1 (NAP1L1) (44, 45). In contrast, hsa-miR-425 could perform an oncogenic effect by promoting invasion and migration of RCC cell lines (46). Although all 3 genes of ATP2B2, CDH2 and TFAP2B have been reported to play a role in pathophysiology of various cancers (47–49), reports referring to the association with RCC remained limited. Zhang, et al. found that the elevation of CDH2 could promote growth, migration, and invasion abilities of RCC cells (49). According to the published evidence as above mentioned, all these 3 miRNA-mRNA pairs we screened out in VAT and SAT perhaps could play some potential roles in the pathogenesis of obesity-related ccRCC, while the following experimental studies verifying their regulatory relationships are still necessary.

Even though obesity have been generally identified as a risk factor of ccRCC, the paradox between obesity and ccRCC prognosis was still frequently disclosed (22, 50, 51). Sanchez, et al. combined 3 cohort studies (COMPARZ trial, TCGA cohort, and MSK immunotherapy study) and obtained the consistent results of survival advantage in obese patients with ccRCC (51). Findings from this study implied that the peritumoral adipose tissue might contribute to the better prognosis of ccRCC by acting as an immune reservoir. However, the potential roles of abdominal adipose tissue, as the main storage of fat, in the prognosis of ccRCC still remained unknown. Based on previously published findings showing the excess accumulated VAT and SAT were positively associated with the prevalence of ccRCC (13, 41), as well as what we found in this current study, we hypothesized that there probably could exist some DE RNAs of obesity-related ccRCC in VAT and SAT remaining consistent performance in terms of ccRCC prognosis, i.e. up-regulated DE RNAs of obesity-related ccRCC could be correlated with poor prognosis, and down-regulated ones could be correlated with better prognosis. As we found in the survival analyses, 5 DE mRNAs (SORCS1, FLRT3, HIBADH, CATSPER1, and MAP3K8) and 5 DE miRNAs (hsa-miR-3130-2, hsa-miR-148b, hsa-miR-2681, hsa-miR-4487, and hsa-miR-3613) of obesity-related ccRCC were found in VAT. For DE RNAs of obesity in SAT, 4 mRNAs (ENO2, YY1AP1, FAP, IL10RB) and 1 miRNA (hsa-miR-425) were found. Most of selected RNAs were reported to be relevant to prognosis of various cancers, while studies referring to their associations with RCC prognosis are still limited. Sun, et al. found that ENO2, i.e. enolase 2, was associated with worsened prognosis in papillary RCC and was related to glycolysis (52). hsa-miR-3613 and hsa-miR-425 were also shown to be associated with poor prognosis of ccRCC and chromophobe RCC, respectively (53, 54). Our subsequent risk score analyses by utilizing above selected RNAs also found that patients in the low‐risk group survived significantly longer than those in the high‐risk group regardless of risk score models. Findings in our survival analyses implied that there probably existed some potential mechanisms underlying the association between obesity and poor prognosis of ccRCC. However, factors correlated with ccRCC prognosis were complicated, and biological functions of relevant RNAs found in this study should be further verified.

Cautions should be paid when interpreting our findings. Firstly, although DE RNAs of obesity were estimated based on the adipose tissue samples (VAT or SAT), both GEO and TCGA datasets of ccRCC consist of samples only from tumor or adjacent tissues. Therefore, some RNAs only highly expressed in adipose tissue but not in tumor tissues perhaps could be eliminated. However, it was still reasonable to consider that the eventually selected DE RNAs of obesity-related ccRCC might have some potential pathophysiological effects underlying the association between obesity and ccRCC. Further studies directly focusing on the selected RNAs from adipose tissues of both ccRCC cases and controls would be necessary. Secondly, there are several noncoding RNAs such as circular RNA (circRNA) and long non-coding RNA (lncRNA), which could compete for miRNA binding, and thereafter regulate the expression of mRNA. However, we only constructed the miRNA-mRNA networks in this study since that datasets of circRNA or lncRNA cannot be simultaneously found for both VAT and SAT. Thirdly, only ccRCC was considered in our study, while the biological functions of VAT and SAT might be different in terms of other subtypes of renal cancer. The association of DE RNAs and miRNA-mRNA networks selected in our study with other renal cancers should be further estimated.



Conclusions

In this study, we respectively constructed specific miRNA-mRNA regulatory networks of obesity-related ccRCC for both VAT and SAT, and 3 RNA pairs (i.e. hsa-miR-182&ATP2B2, hsa-miR-532&CDH2 in VAT; and hsa-miR-425&TFAP2B in SAT) were finally screened out. This finding indicated that VAT and SAT might perform distinct functions in the pathogenesis of obesity-related ccRCC. On the other hand, several DE RNAs of obesity-related ccRCC were found to remain consistent performance in terms of ccRCC prognosis, implying that there probably existed some potential mechanisms underlying the association between obesity and poor prognosis of ccRCC. What we found disclosed heterogeneous molecular mechanisms between VAT and SAT in relation to the prevalence and prognosis of ccRCC, and could provide valuable evidence on the targeted therapy of obesity-related ccRCC.
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Supplementary Figure 1 | miRNA-mRNA networks of obesity in VAT (A) and SAT (B). In the network of VAT (A), 87 mRNAs and 27 miRNAs were included. In the network of SAT (B), 101 mRNAs and 16 miRNAs were included. Blue and green ellipses represent mRNAs, and pink diamonds represent miRNAs. The color from dark to light respectively represents up- and down-regulated.

Supplementary Figure 2 | Results of GO enrichment analyses in VAT (A–C) and SAT (D–F). (A, D): results of biological process (BP) functional enrichment in mRNAs of VAT (A) and SAT (D); (B, E): results of molecular function (MF) functional enrichment in mRNAs of VAT (B) and SAT (E); (C, F): results of cellular component (CC) functional enrichment in mRNAs of VAT (C) and SAT (F). The color from red to blue represents p-values.
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Background

To investigate the relationship between different classes of obesity and stroke, we conducted a stratified Mendelian randomization (MR) study.



Methods

The body mass index (BMI) data of 263,407 Europeans with three classes of obesity (obesity class I, 30 kg/m2 ≤ BMI < 35 kg/m2; obesity class II, 35 kg/m2 ≤ BMI < 40 kg/m2; obesity class III, 40 kg/m2 ≤ BMI) were extracted from the Genetic Investigation of ANthropometric Traits (GIANT) consortium. Summary-level data of stroke and its subtypes [ischemic stroke (IS) and intracerebral hemorrhage (ICH)] were obtained from the genome-wide association study (GWAS) meta-analysis, which was performed by the MEGASTROKE consortium. MR methods were used to identify the causal relationships.



Results

The MR analysis revealed that both obesity class I [odds ratio (OR) = 1.08, 95% CI: 1.05–1.12, p = 1.0 × 10-5] and obesity class II (OR = 1.06, 95% CI: 1.03–1.09, p = 1 × 10-4) were significantly positively related to IS, while obesity class III was not (OR = 1.01, 95% CI: 0.96–1.06, p = 0.65). In contrast to IS, there was no class of obesity associated with ICH risk. Further examination of the relationship between obesity classification and IS subtypes revealed that certain degrees of obesity were related to large artery stroke (LAS) (OR = 1.14, 95% CI: 1.04–1.24, p = 2.8 × 10-3 for class I; OR = 1.08, 95% CI: 1.01–1.16, p = 0.002 for class II) and cardioembolic stroke (CES) (OR = 1.11, 95% CI: 1.02–1.20, p = 0.02 for class I; OR = 1.08, 95% CI: 1.02–1.15, p = 0.007 for class II).



Conclusions

A higher risk of IS, but not ICH, could be linked to obesity classes I and II. A strong association between LAS and CES and obesity was observed among all IS subtypes in the obese population.





Keywords: stroke, obesity, Mendelian randomization, body mass index, genome-wide association study



Introduction

Stroke, the second leading cause of death and disability worldwide, has put huge economic pressure and healthcare burden on patients worldwide (1, 2). In 2017, there were about 6 million deaths due to stroke and a loss of 132.1 million stroke-related disability-adjusted life years (95% CI: 126.5–137.4) (2). A growing number of studies have confirmed the correlation between stroke and modifiable or non-modifiable risk factors such as smoking, drinking, hypertension, diabetes, and genetics (3). There is no doubt that the prevention and control of these risk factors will reduce the disease burden of stroke.

Obesity caused by abnormal metabolism, as one of the major health threats to all populations, is also viewed as a potential risk factor for stroke (4). As reported by the World Health Organization (WHO), approximately 1.9 billion adults are obese or overweight worldwide (5), and 3 million people died of obesity-related diseases in 2018 (6). Therefore, a large part of the disease burden of stroke may arise from obese people. Conventional observational studies may be affected by many confounders when investigating the causal relationship between exposure factors (obesity) and outcome effects (stroke). Factors such as the distribution of fat and the condition of health are difficult to control using typical analytic methods.

These shortcomings can be eliminated using Mendelian randomization (MR) studies. MR studies as nature’s randomized controlled trials are widely applied to assess the causality between exposure factors and outcome diseases (7). The MR method utilizes genetic variations, namely, single-nucleotide polymorphisms (SNPs), as mediating variables, which are objective factors free of influence from various confounding factors (8, 9). In MR studies, SNPs are used to determine whether an observational relationship between an exposure factor and an outcome disease is aligned with a causal effect (9). Therefore, MR studies have outstanding advantages in exploring the causal relationship between exposure factors and outcome diseases.

Previous studies have shown that obesity can lead to the accumulation of many human body adipose tissues, and adipose tissue can release a large number of inflammatory cytokines and anti-inflammatory factors, cytokines, and other factors (10–13). It also leads to a lack of oxygen to the body, oxidative stress, and chronic inflammation, causing blood vessel damage and extracellular matrix remodeling, such as pathological changes in vascular fibrosis (10, 13–16). All of these are potential stroke triggers that can accelerate brain vessel damage (17, 18). Observational studies have reported that obesity is associated with stroke, but the causality between them remains controversial (19, 20). Furthermore, in a previous MR study, abdominal adiposity has been shown to cause pathological processes in cerebrovascular diseases (21). Moreover, central adiposity has been reported to increase the risk of stroke (22). However, three other MR analyses (21–23) indicated that the BMI of obesity may not be related to stroke and its subtypes. This discrepancy may hinder the discovery of the inner links between obesity and stroke, which may be due to the irregular physiological status, different classes of obesity, or various subtypes of stroke. As reported in a genome-wide association meta-analysis study, different obesity classes presented obvious differences in genetics (24). Therefore, we speculated that only some obese people are at a higher risk of stroke, which may be due to genetic differences in their obesity classification. To confirm this assumption, we performed a stratified MR study to explore the causality between the classes of obesity and the risk of stroke.

Since the causal relationship between different obesity classes and risk of stroke with its subtypes is unclear, we conducted this stratified MR study to study the causal relationship.



Methods


Summary of Genome-Wide Association Study Data

The information on obesity exposure factors was acquired from the Genetic Investigation of ANthropometric Traits (GIANT) consortium (24), which is a publicly available database taken from the magnanimous data of genome-wide association study (GWAS). In detail, 263 and 407 Europeans were included to study the genetic factors associated with obesity (24). Obesity was divided into obesity class I (30 kg/m2 ≤ BMI < 35 kg/m2; 32,858 cases and 65,839 controls), obesity class II (35 kg/m2 ≤ BMI < 40 kg/m2; 9,889 cases and 62,657 controls), and obesity class III (40 kg/m2 ≤ BMI; 2,896 cases and 47,468 controls) (24).

The data on stroke and its subtypes in this study were acquired from the MEGASTROKE consortium (25) and the Common Metabolic Diseases Knowledge Portal (26). The summary statistics data of stroke were obtained from 446,696 subjects (40,585 cases and 406,111 controls). Among them, patients were ranked as having ischemic stroke (IS) (34,217 cases), large artery stroke (LAS) (4,373 cases), cardioembolic stroke (CES) (7,193 cases), and small vessel stroke (SVS) (5,386 cases) (25). Another common subtype of stroke is ICH, which was collected from another GWAS meta-analysis of 3,026 Europeans (about 1,545 cases and 1,481 controls) (26). Considering the different locations of hemorrhage, ICH was subtyped into lobar ICH (LICH, 686 cases) and non-lobar ICH (NLICH, 909 cases). Since this study was a retrospective study based on the public GWAS database as the published source, ethics approval was not required.



Instrumental Single-Nucleotide Polymorphism Inclusion Criteria

SNPs related to obesity were selected from a meta-analysis of GWAS data. Information including age, sex, height, hip circumference, waist–hip ratio, and health condition of these obese patients was also acquired. Different SNPs related to the obesity classes were selected to evaluate the causal relationship between obesity and stroke (including IS and ICH). We also relaxed the selection criteria to p < 1 × 10-6 to retain enough SNPs, which could be included for downstream studies and make our results more reliable, as reported in a previous study (7). The parameters r2 = 0.01 and kb = 10,000 were chosen to remove the SNPs that could not pass the linkage disequilibrium test.



Stratified Mendelian Randomization Analysis

Three R platform-supported packages, Mendelian randomization, TwoSampleMR (27), and Mendelian Randomization Pleiotropy RESidual Sum and Outlier (MR-PRESSO) (28), were utilized in this study. All analyses were completed using R (version 4.0.3) and R studio software.

The inverse-variance weighted (IVW) method was chosen as the primary method for analysis (29), which can obtain an accurate and stable estimate when the directional pleiotropy is of poor statistical significance (30). MR-Egger regression (31), weighted median estimation (WME) (32), and other robust MR methods were also used to show the causal association between each variable. MR-Egger regression methods can provide a robust estimate of the causal relationship when some instrumental variables violate the supposed selection criteria (31, 33). When the intercept term is close to zero, directional pleiotropy does not exist, and the results of the MR-Egger regression method will verge on IVW. WME has an advantage in controlling the Type 1 error rates of finite samples and has a stable estimator, although the invalid instrumental variables include values up to 50% (32).

In addition, to ensure the reliability and effectiveness of the MR study, the heterogeneity test, which can inspect the differences in all kinds of SNPs using Cochran’s Q statistics, was utilized to test the existence of heterogeneity (34). If there was heterogeneity in the larger sample, we needed to eliminate the SNPs that had small p-values by utilizing a random-effects model to assess the effect of MR. Therefore, we conducted a random-effects model to analyze the association between obesity class II and SVS, while the rest of the analyses adopted a fixed-effects model in this stratified MR analysis. Pleiotropy tests were performed in two ways: the intercept term of the MR-Egger regression method and the global and distortion test in the MR-PRESSO method (28). MR-PRESSO global and distortion tests, which could delete the SNPs gradually, were utilized to determine the presence or absence of abnormal values and to determine how to handle these accordingly (28). The leave-one-out sensitivity test was used to appraise whether the MR results were sensitized to single SNP changes (35). All of these parameters for model selection are listed in Table 3.



Assumptions of the Mendelian Randomization Study

Three core assumptions must be satisfied to obtain valid results from MR studies (36, 37). 1) Instrumental variables (SNPs) must not correlate with confounders. To estimate this assumption, we checked each instrument variable in phewascatalog.org (38), where no statistical significance (p < 1 × 10-6) of association was detected. In addition, we carefully checked the exposure factors in the GWAS Catalog database and found no correlation with previously reported confounding factors (p < 1 × 10-6) (39). We defined smoking, unhealthy diet, physical activity, and sedentary time as associated confounding factors (40–42). 2) The direct association between instrumental variables (SNPs) and exposure (obesity) must be reliable. As shown in Supplementary Tables S1–S3, we found that all included SNPs were significantly related to exposure (obesity). To assess the pleiotropy of the selected SNPs, F statistics was used (43). When F ≤ 10, the selected SNPs were viewed as weak instrument biases, and thus they could not explain the observed exposure associations well (44). The F values of the instrumental variables selected based on the exposure variable ranged from 22 to 306, the details of which can be found in Supplementary Tables S1–S3. 3) Instrumental variables (SNPs) should affect the outcome (stroke) only by exposure (obesity), and there should be no other pathways. In order to eliminate the impact of other potential paths, we conducted the MR-Egger regression method and MR-PRESSO global test and found no existence of pleiotropy. The influence of potential pathways was also excluded, as presented in the Results section below (Table 3) (36). All assumptions are shown in Figure 1.




Figure 1 | Conceptual framework figure of exploring the causal relationship in different obesity classes and stroke with its subtypes in the MR analysis. MR, Mendelian randomization; IS, ischemic stroke; LAS, large artery stroke; CES, cardioembolic stroke; SVS, small vessel stroke; ICH, intracerebral hemorrhage; LICH, lobar intracerebral hemorrhage; NLICH, non-lobar intracerebral hemorrhage; IVW, inverse-variance weighted; WME, weighted median estimation; MR-PRESSO, MR pleiotropy residual sum and outlier.





Statistical Analyses

The statistical significance of the p-value in the multiple comparisons was defined as 0.0056, contributing to a Bonferroni correction of nine tests in the primary analysis. Three exposures (obesity class I, obesity class II, and obesity class III) and three main outcomes (stroke, IS, and ICH) were counted. Since the total causal relationship was confirmed in the primary analysis and was only used for exploratory analyses, the subtype analysis was performed without conducting p-value corrections (45).




Results

In our study, MR analysis was used to explore the causal relationship between different classes of obesity and stroke with its subtypes, such as IS and ICH, as shown in Figure 1. SNPs were selected as instrumental variables, and different classes of obesity were viewed as exposure factors, while stroke and its subtypes were regarded as the outcome diseases in this study. Data for this study were derived from the different classes of obesity GWAS including 263,407 European populations and a 446,696 European stroke population.


Selected Single-Nucleotide Polymorphisms

The instrumental variable SNPs between the different classes of obesity and the risk of IS subtypes were screened (Supplementary Tables S1–S3). As a result, 29 SNPs, 21 SNPs, and five SNPs passed the screening rules for obesity class I, obesity class II, and obesity class III, respectively. Among them, rs13130484 was not detected in the GWAS of CES. Therefore, this variation was excluded from the analysis of the causal relationship between obesity classes I and II and CES. The instrumental variables of SNPs that matched ICH were selected from the obesity data. Consequently, there were 24 SNPs found for obesity class I, 19 SNPs for obesity class II, and four SNPs for obesity class III. In obesity class I with risk of ICH, rs1514177, rs17203351, rs523288, rs8028313, and rs9816226 were removed because they were palindromic with intermediate allele frequencies, and rs7531118 was not detected in the GWAS of ICH. rs7538571 was removed for intermediate allele frequencies in obesity class II and ICH. In obesity class III with a risk of ICH, rs13104545 was not detected in the GWAS of ICH.



Obesity Classes I and II but Not III Were Significantly Associated With the Risk of Ischemic Stroke

The IVW method was utilized for stratified MR analysis to assess the association between obesity and stroke. We found that the SNPs of obesity class I (OR = 1.08, 95% CI: 1.05–1.12, p = 7.4 × 10-6) and obesity class II (OR = 1.05, 95% CI: 1.02–1.08, p = 7 × 10-4) significantly increased the risk of stroke but not obesity class III (OR = 1.00, 95% CI: 0.94–1.06, p = 0.96). To determine the association between obesity classes and IS, which is one of the two common subtypes of stroke, we performed stratified MR analysis and found that genetic predispositions to obesity class I (OR = 1.08, 95% CI: 1.05–1.12, p = 1.0 × 10-5) and obesity class II (OR = 1.06, 95% CI: 1.03–1.09, p = 1 × 10-4) were positively associated with the risk of IS. However, no statistically significant causal relationship between obesity class III and the risk of IS could be established (OR = 1.01, 95% CI: 0.96–1.06, p = 0.65). These results are shown in Table 1. The power values of the relationship between stroke and obesity classes I, II, and III were 0.88, 0.66, and 0.82, respectively, which indicates that our negative observation for obesity class III is reliable.


Table 1 | MR stratification analysis of obesity classes I, II, and III with the risk of IS and IS subtypes using the IVW method.



In the stratified MR analysis for all three IS subtypes (LAS, CES, and SVS), we found that obesity class I (OR = 1.14, 95% CI: 1.04–1.24, p = 2.8 × 10-3) and obesity class II (OR = 1.08, 95% CI: 1.01–1.16, p = 0.002) could increase the risk of LAS but not obesity class III (OR = 1.04, 95% CI: 0.80–1.36, p = 0.75). The risk of CES was increased by obesity class I (OR = 1.11, 95% CI: 1.02–1.20, p = 0.02) and obesity class II (OR = 1.08, 95% CI: 1.02–1.15, p = 0.007) but was not related to obesity class III (OR = 1.02, 95% CI: 0.93–1.12, p = 0.64). Interestingly, obesity class I (OR = 1.07, 95% CI: 0.97–1.17, p = 0.17), obesity class II (OR = 1.03, 95% CI: 0.95–1.13, p = 0.42), and obesity class III (OR = 1.07, 95% CI: 0.98–1.17, p = 0.12) presented no causal relationship with SVS. The intercept from the MR-Egger regression (heterogeneity test) and Cochran’s Q statistics (pleiotropy test) did not show statistical significance between obesity class I, obesity class II, and obesity class III and the risk of stroke, IS, and other IS subtypes (Table 3).



Obesity Was Not Associated With Intracerebral Hemorrhage and Its Subtypes

As Table 2 shows, no causal relationship between obesity class I (OR = 1.05, 95% CI: 0.80–1.37, p = 0.75), obesity class II (OR = 1.07, 95% CI: 0.88–1.32, p = 0.49), and obesity class III (OR = 0.93, 95% CI: 0.76–1.11, p = 0.43) with a risk of ICH was found through the IVW analysis. Moreover, obesity class I (OR = 1.10, 95% CI: 0.81–1.51, p = 0.53), obesity class II (OR = 1.01, 95% CI: 0.80–1.28, p = 0.94), and obesity class III (OR = 0.95, 95% CI: 0.68–1.30, p = 0.74) were not related to the ICH subtype of LICH. Obesity class I (OR = 1.06, 95% CI: 0.78–1.45, p = 0.70), obesity class II (OR = 1.19, 95% CI: 0.91–1.55, p = 0.21), and obesity class III (OR = 0.98, 95% CI: 0.88–1.09, p = 0.89) were not associated with NLICH. No heterogeneity and pleiotropy could be detected between obesity classes I, II, and III and the risk of ICH and its subtypes, which indicated the reliability of our analysis (Table 3).


Table 2 | MR stratification analysis of obesity classes I, II, and III with the risk of ICH and ICH subtypes using the IVW method.




Table 3 | The outcome of the sensitivity analysis of obesity with the risk of stroke.





Validation of the Associations Using Various Stratified Mendelian Randomization Methods

To ensure the stability and reliability of the results, we used three other methods, MR-PRESSO, WME, and MR-Egger, to test whether the classes of obesity were associated with the risk of IS and ICH. As expected, obesity class I had a causal relationship with the risk of IS in the MR-PRESSO (OR = 1.08, 95% CI: 1.02–1.12, p = 2.0 × 10-4) and WME (OR = 1.08, 95% CI: 1.02–1.14, p = 5.9 × 10-3) analyses. Similarly, the MR-PRESSO (OR = 1.06, 95% CI: 1.03–1.09, p = 1.0 × 10-3) and WME (OR = 1.06, 95% CI: 1.01–1.11, p = 9.0 × 10-3) analyses confirmed the causal effect of obesity class II on the risk of IS. Obesity class III showed no association with the risk of IS in the MR-PRESSO, WME, and MR-Egger analyses, which is in agreement with our results calculated using the IVW method. Likewise, obesity classes I, II, and III were not correlated with ICH in the MP-PRESSO, WEM, or MR-Egger analyses. All these results were consistent with the IVW analyses in the previous section and are summarized in Figure 2.




Figure 2 | Various methods to assess the impacts of obesity class I, obesity class II, and obesity class III on IS (A) and ICH (B). (A) The causal effect of obesity and risk of IS. (B) The causal effect of obesity and the risk of ICH. IS, ischemic stroke; ICH, intracerebral hemorrhage; IVW, inverse-variance weighted; WME, weighted median estimation; MR-PRESSO, MR pleiotropy residual sum and outlier.





Single-Nucleotide Polymorphisms Affect the Causal Relationship Between Obesity Class I/Class II and Ischemic Stroke/Cardioembolic Stroke

As shown in Figure 3, IS, LAS, and CES were significantly associated with obesity classes I and II. As most MR studies reported, the SNPs that contributed to obesity class I and obesity class II also presented similar causality associations with IS and its subtypes (Figure 4). In the forest plot containing each SNP effect value, we found that all 29 SNPs were associated with the causal relationship between obesity class I and IS (Figure 4A). Among them, two SNPs (rs9816226 and rs8028313) of obesity class I may have contributed to the incidence of IS to a great degree. Similarly, three SNPs (rs17381664, rs12914773, rs2207139), which are the causes of obesity class II, can significantly increase the risk of IS, as shown in Figure 4B. Furthermore, we found that three SNPs (rs7138803, rs7141420, and rs527248) may be the potential reasons for why obesity class I can increase the risk of CES (Figure 4C), and one SNP (rs7138803) from obesity class II played an outstanding role in CES (Figure 4D).




Figure 3 | The scatter plot of obesity classes I and II with the risk of IS, LAS, and CES in the MR analysis. (A) Analysis of obesity class I and risk of IS. (B) Analysis of obesity class II and risk of IS. (C) Analysis of obesity class I and risk of LAS. (D) Analysis of obesity class II and risk of LAS. (E) Analysis of obesity class I and risk of CES. (F) Analysis of obesity class II and risk of CES. IS, ischemic stroke; LAS, large artery stroke; CES, cardioembolic stroke; MR, Mendelian randomization.






Figure 4 | Forest plot of SNPs of obesity classes I and II correlated with the risk of IS and CES. (A) The single effect of the SNPs in obesity class I and the risk of IS. (B) Single effects of the SNPs on obesity class II and the risk of IS. (C) Single effects of the SNPs on obesity class I and risk of CES. (D) Single effects of the SNPs on obesity class II and the risk of CES. IS, ischemic stroke; CES, cardioembolic stroke; SNP, single-nucleotide polymorphism.



In addition, no outliers could be gauged in the leave-one-out analysis between obesity and the risk of IS. In addition, no outliers were found between obesity classes I, II, or III and stroke and all subtypes in the MR-PRESSO global test (Table 3).




Discussion

To the best of our knowledge, this is the first study to investigate the causal relationship between different obesity classes and the risk of stroke and its subtypes, particularly conducted using the epidemiology data of a large number of patients from GWAS meta-analysis findings. Our findings confirmed that obesity classes I and II were associated with IS. Among the subtypes of IS, obesity classes I and II significantly influenced LAS and CES. Although suggested by their genetic characteristics, the causal relationship between obesity class III and stroke was not observed in our MR study. Whether the relationship between obesity class III and stroke exists in other populations needs to be confirmed with further research. In addition, ICH and its subtypes did not reach statistical significance with any class of obesity in this stratified MR analysis.

As our study indicated, there was no causal relationship between obesity class III and stroke, which is consistent with previous studies (22, 23). However, our results confirmed a specific correlation between obesity class I, obesity class II, and the risk of stroke, which is different from the results of previous studies (22–24). Our study focused on the relationship between different subtypes of obesity and found that only a certain degree of obesity increased the risk of stroke. This is in line with the common knowledge that different degrees of obesity have different effects on the metabolism and blood vessels of the body. Moreover, previous GWASs on obesity also confirmed genetic differences in obesity classification (24). Therefore, our findings on the association between obesity and stroke are potentially related to the degrees of obesity studied. Further studies are needed to explore the mechanism between different degrees of obesity and the occurrence of IS.

Different IS subtypes have different pathogenesis mechanisms; therefore, we further explored the influence of different obesity classifications on IS subtypes. In the subtype analysis of IS, obesity likely plays a critical role in the mechanisms of morbidity in LAS, which can be attributed to the atherosclerosis of large and medium-sized vessels due to the destruction of the microenvironment induced by the deposition of cholesterol via a macrophage-sterol-responsive network triggered by obesity (46, 47). Subsequently, the incidence of atherosclerosis can increase susceptibility to ischemic events (48–50) and LAS. In addition, abnormal massive accumulation of adipocytes in obese patients results in increased secretion of leptin, adiponectin, and pro-inflammatory cytokines, which subsequently aggravate the progression of atherosclerosis and thrombosis of cardiac and cerebral vessels and accelerate the development of LAS (49, 51, 52).

An association between genetic predisposition to obesity class I and the risk of CES was revealed in this study through MR analysis. Obesity is one of the most important predictors of atrial fibrillation and is associated with a decrease in systemic vascular resistance and an increase in cardiac output (53). A continuous state of the supercycle is prone to left ventricular diastolic dysfunction and left artery embolism, which could trigger atrial fibrillation and thus cause CES (53–55). The influence of obesity on atrial fibrillation frequently depends on the degree and duration of obesity (53, 56). In contrast, our study provided no significant evidence for an association between obesity and SVS (all p > 0.05). Convincing evidence has shown that obese individuals are more susceptible to atherosclerosis and insulin resistance (48, 57), while the association between SVS and insulin resistance and atherosclerosis has not been established (58).

Interestingly, we also found that a higher degree of obesity was not associated with a higher risk of stroke at the genetic level. Our MR analysis indicated that a higher BMI was only associated with a higher risk of stroke within a certain BMI range (30 kg/m2 ≤ BMI < 40 kg/m2), which is in contrast to a previous study (59). A systematic review and meta-analysis of BMI and stroke also showed that the relationship between BMI and stroke has a J-type distribution. With a BMI >25 kg/m2, the risk of stroke rapidly increases (60). The difference between our findings and the above report could be attributed to the potential influence of mediating variables in stroke such as hypertension and smoking (61, 62). Another potential interpretation is that morbid obesity (BMI >40 kg/m2) leads to a decrease in endothelial cell shear stress, which reduces the risk of atherosclerosis due to increases in blood vessel diameters and reductions of injuries in vascular endothelial cells (49, 63). In addition, an animal model study on the obesity paradox indicated that extremely obese mice were deficient in microRNA-155 (64), which acts on the 3-terminal noncoding region of nitric oxide synthase in vascular endothelial cells and regulates the function of vascular endothelial cells (65). Deficiency in microRNA-155 reduces the risk of atherosclerosis by improving the generation rate of vascular endothelium (64, 65). Moreover, in morbidly obese people, some factors secreted by adipocytes may play different roles. Adiponectin is an exceptive adipokine that can reduce the risk of atherosclerosis in the morbidly obese population by regulating the inflammatory reaction of the endothelium, inhibiting the scavenger receptor of macrophages, and inhibiting the transformation of macrophages to foam cells (49, 66, 67). Finally, the risk of stroke is reduced by the low occurrence of atherosclerosis in the morbidly obese population.

Although our study found that obesity class III was not associated with genetic risk of stroke, some studies have shown that obesity disrupts the balance between pro-inflammatory adipokines and anti-inflammatory adipokines (10–13). The equilibrium is transformed into pro-inflammatory mediators, and pro-inflammatory factors such as leptin, resistin, chemerin, visfatin, retinol binding protein 4, and lipocalin 2 may increase sharply, leading to chronic inflammation of the blood vessels (10, 68, 69). Chronic vascular inflammation and immune cell infiltration can promote remodeling of the extracellular matrix and vascular fibrosis (16, 70, 71). Therefore, class III obesity does not protect against stroke. Obesity classes I and II are associated with stroke, but the effects of unhealthy lifestyle obesity on the risk of stroke should be avoided.

Our study found that no class of obesity was related to ICH and its subtypes, which is different from previous observational studies. These may imply the existence of confounding factors in observational studies that interfere with causality (72, 73). Although several observational studies have considered various adjustments for confounding factors, some unknown confounders may not have been found (74). Taken together with previous reports (72, 75), hypertension, hyperlipidemia, diabetes, and other factors, but not obesity, may be the direct causes of ICH. In addition, a previous MR study confirmed that hypertension plays a role in mediating causality in abdominal obesity-induced stroke (21). Moreover, we carefully compared the previously published GWAS data on hypertension with the data on obesity included in this study and found that the genetic loci were different (24, 76). This also confirms that there is no genetic association between obesity and ICH and that hypertension may be the main cause of ICH. All these confounders may contribute more to ICH than the SNPs analyzed in our MR study.

The obvious advantages of our study lie in the following points. First, this MR analysis is the first study to explore the relationship between different obesity grades and stroke and its subtypes in a large sample size using the MR method. We also tested the heterogeneity, directional pleiotropy, and outliers using a variety of sensitivity analysis methods to confirm our results. Second, this study uncovered the association of class I and class II but not class III obesity with stroke for the first time. Finally, we found that some SNP sites could be potential predictors of IS and CES in class I and class II obese populations. These SNPs may be clinically significant for the prevention and treatment of IS and CES in obese people in the future.

This study had some limitations. First, the population was derived from Europe. To our knowledge, ethnic and regional differences can influence the incidence and prevalence of stroke and obesity (77). Developing regions such as Asia and Africa have higher stroke burdens (1) and have higher incidence and fatality rates due to stroke (2). However, current GWAS data for stroke in Asians and Africans were limited, which hampers the downstream analyses for other populations. Therefore, our results should be generalized with caution to other populations that are not of European descent, and further GWASs and MR studies for other populations are warranted to determine the causal relationship between obesity and the risk of stroke. Second, we found that some of the SNPs in obesity classes I and II were positively associated with IS, especially CES. These SNPs and their impact on the predisposition to stroke warrant close attention for stroke prevention in the obese population in further research. In clinical practice, these SNPs may have great significance in the prevention of IS, especially CES, for obese people with a certain BMI distribution (30 kg/m2 ≤ BMI < 40 kg/m2). Third, some personalized features of obese patients were not available in this study. For example, information about the distribution of fat and the diet of these obese patients would be helpful if available. As some studies reported, the differences between general obesity and central obesity also showed different impacts on the stroke risks (22). This also confirms the contribution of different obesity subgroups like patients with different fat distributions and indicated that the importance of analyzing from different obesity perspectives can explore the effects of different obesity classes on stroke. Therefore, in the future, the inclusion of different personalized characteristics can be considered in obese patients to explore the causal relationship between obesity and stroke in more detail.



Conclusion

In summary, we found that not all subtypes of stroke are associated with obesity, namely, ICH and its subtypes. Interestingly, different classes of obesity did not contribute equally to stroke, as obesity classes I and II were more likely to be the cause of stroke. Moreover, we found that some SNPs in class I and II obesity patients may be the possible culprits of IS, especially CES, in these populations. Future studies focusing on the function or intervention of these SNPs may provide a preventive solution for stroke in obese populations.
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Background

N6-methyladenosine (m6A) is one of the most abundant post-transcriptional modifications on mRNA influencing mRNA metabolism. There is emerging evidence for its implication in metabolic disease. No comprehensive analyses on gene expression of m6A regulators in human adipose tissue, especially in paired adipose tissue depots, and its correlation with clinical variables were reported so far. We hypothesized that inter-depot specific gene expression of m6A regulators may differentially correlate with clinical variables related to obesity and fat distribution.



Methods

We extracted intra-individually paired gene expression data (omental visceral adipose tissue (OVAT) N=48; subcutaneous adipose tissue (SAT) N=56) of m6A regulators from an existing microarray dataset. We also measured gene expression in another sample set of paired OVAT and SAT (N=46) using RT-qPCR. Finally, we extracted existing gene expression data from peripheral mononuclear blood cells (PBMCs) and single nucleotide polymorphisms (SNPs) in METTL3 and YTHDF3 from genome wide data from the Sorbs population (N=1049). The data were analysed for differential gene expression between OVAT and SAT; and for association with obesity and clinical variables. We further tested for association of SNP markers with gene expression and clinical traits.



Results

In adipose tissue we observed that several m6A regulators (WTAP, VIRMA, YTHDC1 and ALKBH5) correlate with obesity and clinical variables. Moreover, we found adipose tissue depot specific gene expression for METTL3, WTAP, VIRMA, FTO and YTHDC1. In PBMCs, we identified ALKBH5 and YTHDF3 correlated with obesity. Genetic markers in METTL3 associate with BMI whilst SNPs in YTHDF3 are associated with its gene expression.



Conclusions

Our data show that expression of m6A regulators correlates with obesity, is adipose tissue depot-specific and related to clinical traits. Genetic variation in m6A regulators adds an additional layer of variability to the functional consequences.





Keywords: RNA methylome, m6A methylation, epitranscriptome, obesity, transcription, fat distribution



Introduction

Obesity is a major health burden predisposing to a variety of serious co-morbidities including metabolic disorders (1). Increased fat storage in omental visceral adipose tissue (OVAT) strongly correlates with a higher risk of metabolic sequelae [such as insulin resistance, type 2 diabetes (T2D)], whilst accumulation of subcutaneous adipose tissue (SAT) is less correlated to metabolic alterations (2–4). Due to its multifactorial, complex nature, obesity is subject to regulation by genetic and non-genetic factors (5). In addition to dynamic epigenetic signatures regulating gene expression and function, epitranscriptomic regulation represent an additional layer of variability adding to the complexity of gene regulation and function (6). Among multiple mRNA modifications N6-methyladenosine (m6A) is the most abundant (7, 8) and is a reversible, epitranscriptomic mark, playing an essential role in RNA processing, particularly in regulating RNA stability and decay, RNA export, translation and splicing (9). Similar to DNA methylation and other dynamic epigenetic modifications, m6A is regulated by a number of regulators entitled as “writers”, “readers” and “erasers” (10). The abundance of m6A in mRNA is determined by the activity of the “writer” and “eraser” proteins. A multi-protein “writer” complex consisting of the two methyltransferases methyltransferase-like 3 and 14 (METTL3 and METTL14), along with several other co-regulators such as Wilms tumor 1-associated protein (WTAP), and vir like m6A methyltransferase associated (VIRMA) installs m6A predominantly at stop codons, 3´and 5´UTR regions (11). Further, m6A is dynamically removed by specific demethylases or “erasers” including fat mass and obesity associated (FTO) and AlkB homologue 5 (ALKBH5) (12, 13). Multiple “reader” proteins including YTH family proteins and insulin like growth factor 2 binding proteins (IGF2BPs) are responsible for translating m6A deposition into function (12). Readers such as YTHDF2 and YTHDF3 increase transcript decay, while in contrast IGFBPs (IGF2BP1, 2 and 3) function by stabilizing mRNA. Furthermore, YTHDF1 and YTHDF3 modify translation efficiency, while YTHDC1 influence alternative splicing and nuclear export of mRNA (14). The functional consequence of m6A is therefore highly dependent on the associated reader protein. Several studies indicated that m6A regulators are important players in metabolic diseases (15–18). Interestingly, genetic variants within the FTO gene are strongly associated with obesity (19) and robustly replicated in many studies (20). FTO-dependent m6A demethylation is functionally linked to adipogenesis in 3T3-L1 mouse adipocytes by overlooking alternative splicing (21). Zhao et al. (2014) further reported that m6A levels negatively correlate to FTO expression in adipogenesis and FTO siRNA knock down inhibits 3T3-L1 adipocyte differentiation. Recently, it was suggested that m6A modifications may be involved in adipose tissue expansion (22–24). So far, to the best of our knowledge, no attempts have been undertaken to investigate the role of m6A regulators in intra-individually paired samples of human visceral vs subcutaneous adipose tissue, their role in obesity and potential differential depot-specific correlation with anthropometric and metabolic traits. Here, we set out to describe (i) the gene expression profile of m6A writers, readers and erasers in visceral vs subcutaneous adipose tissue with a potential depot-specificity perspective; (ii) to analyze its relationship to clinically relevant traits of obesity in several well-described cohorts and (iii) to test whether SNP markers in m6A regulators associate with gene expression and clinical traits.



Methods


Study Populations


Adipose Tissue Leipzig Cohort

We have used data from the Adipose tissue Leipzig cohort (N=63, mean age 53 ± 16 years, mean BMI 36.1 ± 13.9 kg/m2) (25, 26), for which genome wide gene expression data are available for intra-individually paired samples of subcutaneous (SAT) and omental visceral adipose tissue (OVAT). Samples were taken at metabolic surgery or other procedures such as cholecystectomy as reported previously (25, 27). Patients were categorized based on BMI according to the WHO classification: lean ≥18; <25 kg/m²; overweight ≥25; <30 kg/m²; obese≥ 30 kg/m². This cohort comprises lean (N=23), overweight (N=3) and obese individuals (N=37). A range of anthropometric and metabolic variables available for this cohort were used in the here presented work. By using computed tomography measurements subjects with obesity were categorized in subcutaneous or visceral obese (CT-ratio represents the ratio of visceral/subcutaneous fat area). Another sample set of N=46 paired adipose tissue samples from SAT and OVAT from obese patients was used to support observed gene expression effects (10 samples overlapped with the initial Adipose tissue Leipzig cohort). RNA was extracted by using standard approaches (SIGMA ALDRICH, Saint Louis, USA and Qiagen, Hilden, Germany). RNA integrity and concentration were examined using Agilent 2100 Bioanalyzer (Agilent Technologies, CA, USA). RNA samples with RNA integrity values (RIN) of less than 5 were excluded from further analysis. All characteristics of the study populations are summarized in Table 1. The ethics committee of the University of Leipzig and the Regional Committee for Medical and Health Research Ethics for South Eastern Norway have approved all study protocols and written informed consents were collected from all study participants.


Table 1 | Main characteristics of the study populations.





Sorbs Cohort

In the present study a total of 1049 individuals from the Sorbs population, a German minority of Slavonic origin, were included (28). Of those, N=900 non-diabetic individuals (mean age 48 ± 16 and mean BMI 26.9 ± 4.9 kg/m2) were used for statistical analysis and a portfolio of clinical variables was available, including anthropometric and metabolic variables. The main study population characteristics are summarized in Table 1. The ethics committee of the University of Leipzig has approved the study protocols and written informed consents were collected from all study participants.




Extraction of Gene Expression Data

mRNA expression data for all described m6A regulators in paired human adipose tissue samples were extracted for the Adipose tissue Leipzig cohort from our own work published previously elsewhere (25) for a total of N=63 with expression data available for SAT in N=56 and OVAT in N=48 (overlapping data in SAT and OVAT N=41). Further, mRNA expression data from peripheral blood mononuclear cells (PBMCs) for m6A regulators were available for the Sorbs cohort and were extracted from a genome wide data set for N=1049 subjects (29). Briefly, Illumina human HT-12 expression chips were used to generate mRNA expression data for both studies. Expression data were background-corrected, log-transformed and quantile-normalized. Differential expression analysis was performed using the R package oposSOM (30).



Extraction of SNP Data

Genotype data of 41 single nucleotide polymorphisms (SNP) markers (24 SNPs in the METTL3 locus; 17 SNPs in the YTHDF3 locus) were extracted from a genome wide SNP data set available for 840 non-diabetic individuals from the German Sorbs population (31). All genotype data were analysed for being in Hardy-Weinberg equilibrium (HWE). We excluded one SNP marker in METTL3 and five SNP markers in YTHDF3 from further analyses because of being significantly different from HWE with p<0.05. Moreover, 14 SNP markers in METTL3 and six SNPs in YTHDF3 were in linkage disequilibrium (LD) and excluded from further analyses (Supplementary Figure 1).



Expression Measurements by Using Reverse Transcriptase Quantitative PCR (RT-qPCR)

RT-qPCR was performed in triplicates on a Quantstudio 7 Flex system (ThermoFisher Scientific) using target specific primers (Supplementary Table 1) and PowerUp SYBR green (ThermoFisher Scientific). Gene expression levels were calculated by relative quantification with PPIA as housekeeping gene (2 (-CT gene of interest – CT PPIA)). Primers were designed to cover all main transcript variants of the genes and to cross exon-intron borders.



Statistical Analyses

All statistical analyses were performed using SPSS statistics software 26 (SPSS, Inc. Chicago, IL) and GraphPad Prism 8 (GraphPad, San Diego, Ca, USA). Prior to analyses, data were tested for normal distribution by using both visual inspection of histograms and one-sample Kolmogorov-Smirnov test. Non-normally distributed variables were either logarithmically transformed to approximate normal distribution or non-parametric test were applied. Data are presented as mean ± standard deviation if not stated otherwise. Paired Student’s t-tests or Wilcoxon’s signed rank test were used to test for adipose tissue depot-specific gene expression whilst independent group statistics was used to test for differences between lean subjects and individuals with obesity. Linear regression analyses adjusted for age, gender and ln_BMI were performed to test for linear relationship between gene expression levels or SNPs and clinical variables (except for BMI in analyses where BMI was used as an independent variable). Genetic association analyses were performed for additive (mm vs Mm vs MM) or dominant (mm + Mm vs MM) mode of inheritance (m=minor allele; M=major allele). Different significance thresholds were applied to different sections of the work. For comparisons of means between lean and obese or SAT and OVAT, P<0.05 was used. When testing for correlations with clinical variables in two adipose tissue depots Bonferroni correction was used to take into account multiple testing (0.05/6 (highly correlated traits were reduced to three x 2 tissue depots=number of tests=6)). We lowered the study-specific significance threshold for these tests in adipose tissue to P=0.0083. All P-values > 0.0083 but < 0.05 were considered to be of nominal statistical significance. For genetic association analyses in the Sorbs cohort, we also applied Bonferroni correction taking into account clinical traits (N=3 after aggregating highly correlated traits) and the number of SNP markers tested (N=15). We lowered the study-specific significance threshold for this part of the analyses to P=0.0011 (0.05/45). All P-values > 0.0011 but < 0.05 were considered to be of nominal statistical significance. All P-values given are uncorrected for multiple testing.




Results


Expression of m6A Writers, Erasers and Readers in Human Adipose Tissue Differs Between Lean and Obese and Correlates With Clinical Variables

To evaluate the impact of gene expression level of m6A regulators on clinically relevant traits of obesity, we first tested whether m6A writers, erasers, and readers are significantly different expressed between individuals with obesity and lean subjects.



Gene Expression of m6A Writers, Erasers and Readers Correlates with Obesity

From our previously published genome-wide data set (Keller M et al., 2016), we extracted paired gene expression data from OVAT and SAT for 11 m6A regulators (Table 2 and Supplementary Figure 2). In OVAT, we identified by using independent t-tests or Mann-Whitney-U tests, the writers WTAP (ILMN_2279339; P=0.011) and VIRMA (P=0.028) as differentially expressed between lean and obese (Table 2). Further, we found the eraser ALKBH5 (P=0.023, Table 2) as well as the readers YTHDF1 (P=0.007), and YTHDF2 (P=0.045) differentially expressed between lean and obese. The most significant differences between the two groups were, however, found in SAT at the writer VIRMA (P=0.005) and the reader YTHDC1 (ILMN_1707506; P=9.26x10-5), both being significantly lower expressed in individuals with obesity. All data are summarized in Table 2. No significant relationship of gene expression of m6A regulators with T2D was observed (data not shown).


Table 2 | Comparison of mean gene expression of m6A regulators between lean and obese in adipose tissue.





Gene Expression Correlates Differentially With Measures of Obesity and Fat Distribution

The statistically significant association between gene expression of a number of m6A regulators and obesity led us to hypothesize that gene expression of these regulators correlates also with continuous traits related to obesity and fat distribution. Indeed, among non-diabetic individuals we find that gene expression of WTAP in OVAT correlates with body mass index (BMI) (P=0.003) and waist circumference (P=0.009). In line with this, expression of VIRMAin OVAT, which associates with obesity, shows a negative correlation with BMI (P=0.040). The expression of the eraser ALKBH5 in OVAT shows a nominal significant correlation with the amount of subcutaneous fat area (P=0.013) as well as the ratio of visceral to subcutaneous fat area (CT-ratio, P=0.004). All these bivariate correlations withstand adjustment for age and sex in linear regression analyses (all adjusted P-values are shown in Figure 1A).




Figure 1 | Association of gene expression with clinical variables of obesity and fat distribution in non-diabetic subjects (adipose tissue Leipzig cohort). Correlation of gene expression (log transformed, normalized intensities) with clinical variables of obesity and fat distribution in non-diabetic subjects. (A) in OVAT and (B) in SAT. P-values were calculated by using bivariate Pearson or Spearman correlation. Significant correlation results are shown for correlations that survive adjustment for age, and sex in linear regression analysis. BMI, body mass index; WHR, waist to hip ratio; OVAT, omental visceral adipose tissue; SAT, subcutaneous adipose tissue; Beta, non-standardized regression coefficient from linear regression; P=P-value; r, correlation coefficient from bivariate correlation.



In line with reduced gene expression of VIRMA in patients with obesity, we find in SAT gene expression of VIRMA correlated to BMI (P=0.021), waist to hip ratio (WHR) (P=0.012), percentage of body fat (P=0.0003), maximal adipocyte diameter in SAT (P=0.009) and OVAT (P=0.011), and leptin serum levels (P=0.016). Further, to substantiate evidence for a linear relationship, we performed linear regression analysis adjusted for covariates such as age and sex. All described correlations are also significant after such adjustment. All adjusted P-values are shown in Figure 1B.

These data indicate that expression of certain m6A regulators in adipose tissue is associated with obesity and a range of continuous clinical variables related to obesity and fat distribution. However, this seems also dependent on the respective adipose tissue depot. Therefore, we next tested the hypothesis that the expression of m6A regulators may be adipose tissue depot-specific.



Inter-Depot Specific Adipose Tissue Expression Between SAT and OVAT

By using paired statistics, we observed that gene expression of a number of m6A regulators is significantly different between OVAT and SAT (Table 3). We show that the writers METTL3 (P=0.014), WTAP (probe ILMN_2279339 P=0.031; and probe ILMN_1734544 P=0.022) and VIRMA (P=0.002) confer significant inter-depot specificity, with highest significance for VIRMA (Table 3). Moreover, highly significant differences were identified for the eraser FTO (P=2.257x10-4), the strongest obesity candidate gene identified in genetic studies (19). Further, two probes targeting the reader YTHDC1 (probe ILMN_1666111 P=0.047; and probe ILMN_1707506 P=0.045) showed borderline significance between the two adipose tissue depots. All data are summarized in Table 3. Among those five m6A regulator genes exhibiting significant depot specificity, the gene encoding the catalytic subunit of the m6A methyltransferase complex, METTL3, shows higher expression in OVAT whilst other subunits of the methyltransferase complex WTAP and VIRMA show higher expression in SAT. FTO is significantly higher expressed in SAT confirming previous data (32) whilst we found gene expression for two different probes targeting the reader YTHDC1 either increased or decreased in OVAT. All data are summarized in Figure 2.


Table 3 | Differential gene expression of m6A regulators between SAT and OVAT.






Figure 2 | Adipose tissue depot-specific differences in gene expression of m6A writers, reader and erasers (adipose tissue Leipzig cohort). Differences in gene expression (log transformed, normalized intensities) between SAT and OVAT. Data are presented as mean ± SD. P-values were calculated using paired samples t-tests or Wilcoxon signed rank test in n=41 and given as asterix (*P < 0.05; **P < 0.01; ***P < 0.001). OVAT, omental visceral adipose tissue; SAT, subcutaneous adipose tissue. The following Illumina probes are presented: METTL3=ILMN_1655635; WTAP_1=ILMN_2279339; WTAP_4=ILMN_1734544; VIRMA=ILMN_1813635; FTO=ILMN_2288070; YTHDC1_1=ILMN_1666111; YTHDC1_3=ILMN_1707506.



To verify these results, we performed RT-qPCR in another sample set (N=46) of intra-individually paired human adipose tissue samples of OVAT and SAT. Gene expression was measured for the following genes: writers: METTL3, METTL14, WTAP and VIRMA, erasers: FTO and ALKBH5 and readers: YTHDF1, YTHDF2, YTHDC1 and IGF2BP2. Interestingly, we confirm our finding of inter-depot specific expression for METTL3 (P=0.001, Figure 3) showing the same effect direction with higher expression in OVAT. In addition, we observed increased OVAT expression of the second main component of the methyltransferase complex METTL14 (P=0.012, Figure 3). No other differences were identified in this cohort. All data are summarized in Table 4.




Figure 3 | m6A writers showing significant differential gene expression in SAT vs. OVAT (RT-qPCR validation). Differences in gene expression between SAT and OVAT measured by RT-qPCR. Relative expression values using PPIA as housekeeping gene. Data are presented as mean ± SD. P-values were calculated using Wilcoxon signed rank test in n=46 individuals. (*P < 0.05; **P < 0.01). OVAT, omental visceral adipose tissue; SAT, subcutaneous adipose tissue.




Table 4 | Differential gene expression of m6A writers, erasers and readers between SAT and OVAT measured by RT-qPCR.





Gene Expression of m6A Erasers and Readers in PBMCs Correlates With Obesity

Based on our data from adipose tissue showing that gene expression of several m6A regulators correlates with obesity and clinical variables, we hypothesized that gene expression of m6A writers, readers and erasers in PBMCs might also be different between lean subjects and individuals with obesity. Therefore, we extracted gene expression data for m6A regulators from our existing genome wide data set (29) and tested for differences of the mean expression values between lean and obese by using independent t-test statistics. Our data show that none of the covered probes for the writers are different between the two groups (Table 5). However, we find a strong difference for the eraser ALKBH5 showing higher expression in obese (P=5.80x10-5), as well as for the two readers YTHDF1 (P=0.049) and YTHDF3 (P=0.003) both showing higher expression in lean individuals. To better understand whether the observed differences of means reflect an association of gene expression with BMI, we performed linear regression analysis adjusted for age and sex as additional confounders. These analyses resulted for YTHDF3 in a P=0.012 (beta -0.055; [-0.098; -0.012]), whilst no nominal significance was found for ALKBH5 and YTHDF1. Figure 4 illustrates the negative linear relationship between YTHDF3 expression and BMI. No significant association of gene expression of m6A regulators with T2D was observed (data not shown).


Table 5 | Comparison of mean gene expression of m6A regulators between lean and obese in the Sorbs cohort.






Figure 4 | Gene expression of YTHDF3 (PBMCs) in the Sorbs cohort correlates with BMI. Correlation of gene expression with BMI in the Sorbs population in non-diabetic subjects (N=875). P-values were calculated by using bivariate Spearman correlation (top P-value) and linear regression analysis for ln_BMI adjusted for age and sex (bottom line). BMI, body mass index; Beta=non-standardized regression coefficient from linear regression; P=P-value, r=correlation coefficient from bivariate correlation.





Genetic Variants in METTL3 and YTHDF3 Associate With Anthropometric and Metabolic Variables Related to Obesity

Our data have shown so far that (i) METTL3 expression is adipose tissue depot-specific with higher expression levels in OVAT in two sample sets and, (ii) that YTHDF3 gene expression in PBMCs differs between lean and obese and is negatively associated with BMI. To test the hypothesis that the observed effects may be at interplay with genetic variation, we analysed genotypes of 15 SNP markers (9 SNPs for METTL3 and 6 SNPs for YTHDF3) extracted from our existing genome wide data set (31). We performed genetic association analyses of these markers in N=840 non-diabetic individuals with anthropometric and metabolic variables available in the Sorbs (Table 1). We identified two SNP markers in the locus of the m6A reader YTHDF3 (rs2241754 upstream variant, and rs1435457 intronic variant) correlating with YTHDF3 gene expression. Carriers of the minor G allele of rs2241754 show nominal significantly lower expression levels compared to carriers of the major A allele (Figure 5A). Similar results were obtained for rs1435457 with decreased expression levels in minor A allele carriers (Figure 5A). Further, we observed that two SNP markers in METTL3 (rs1139130 intragenic coding and rs2242526 intronic variant) associate with BMI (Figure 5B), though these effects were not strong enough to withstand logistic regression analysis for obesity adjusted for age and sex (data not shown). These results imply that genetic variation in METTL3 and YTHDF3 is related to either BMI or gene expression which may potentially modulate a relationship between gene expression of m6A regulators and variables of obesity and fat distribution.




Figure 5 | Genetic variation in YTHDF3 and METTL3 associates with expression and BMI respectively (Sorbs cohort). Data are presented as boxplots with median and quartile distribution for SNPs in (A) YTHDF3 and (B) METTL3. P-values were calculated by using linear regression analyses adjusted for age, sex and BMI (except for ln_BMI) by using an additive or dominant mode of inheritance. Numbers of subjects per SNP are as following: METTL3: rs1139130 AA=209, AG=390, GG=241; rs2242526 GG=151, GC=415, CC=274; YTHDF3: rs2241754 AA=733, GG+GA= 107; rs1435457 CC=586, AA+AC=254. P=P-value; BMI-body mass index.






Discussion

In this work, we studied the gene expression profiles of major players of the m6A writer complex, several readers and the two known erasers in human adipose tissue and in PBMCs from different cohorts. This is the first report analysing m6A regulators in paired human adipose tissue biopsies (SAT and OVAT) and our results show, that (i) gene expression of some m6A regulators correlates with obesity and clinical variables; (ii) several regulators are differentially expressed between the two adipose tissue depots and (iii) genetic variation in selected regulators is related to both gene expression levels and BMI.


m6A Regulators in Adipose Tissue Correlate With Obesity and Clinical Variables

By comparing gene expression of m6A regulators in adipose tissue between individuals with obesity and lean controls, we identify several genes that associate with obesity in SAT and/or OVAT. These include the writers WTAP and VIRMA, the eraser ALKBH5, and genes encoding reader proteins such as YTHDF1, YTHDF2 and YTHDC1. These results imply a relationship of gene expression with weight and prompted us to further test for a correlation with clinical variables related to obesity. We observed significant correlations with clinical parameters for VIRMA, WTAP and ALKBH5.

VIRMA, (also known as KIAA1429) encodes a subunit of the m6A methyltransferase complex and is together with WTAP, METTL3 and METTL14, required for its methyltransferase activity (33). VIRMA acts as a scaffolding protein, guiding region-selective methylation by recruiting the catalytic core components METTL3/METTL14/WTAP to stop codons and 3’UTR regions, influencing alternative polyadenylation and splicing (34). VIRMA is dysregulated in several cancer types, influencing cell proliferation in both a m6A-dependent and a m6A-independent manner (35). Interestingly, we find that gene expression of VIRMA associates with obesity both in SAT and OVAT showing lower expression in obesity. In line with this, expression of VIRMA negatively correlates with BMI both in SAT and VAT. Moreover, SAT expression of VIRMA is consistently negatively correlated with WHR, body fat percentage, adipocyte diameter and leptin levels, all being clinical variables related to fat distribution and obesity. Collectively, these data imply that altered levels of this writer complex subunit, which may contribute to altered m6A deposition, is involved in obesity. To our knowledge, so far nothing is known regarding VIRMA in the context of adipose tissue and metabolic dysfunction in obesity. Our results suggest a role for VIRMA in adipose tissue biology and metabolism, particularly in SAT, and further functional studies are required to investigate the role of this m6A writer in obesity.

WTAP is another main subunit of the m6A writer complex (36). In adipose tissue originating from omental visceral depots WTAP expression is higher among individuals with obesity. In line with this, we also find a positive correlation of WTAP expression in OVAT with BMI and waist circumference implying a depot-specific role in obesity. Indeed, WTAP is differentially expressed between the two depots. However, among the 5 probes available in our dataset such correlations were only found for one probe (ILMN_2279339). In support of our data, WTAP has been shown to have an essential role in adipogenic differentiation in mouse 3T3-L1 preadipocytes (17), and may be involved in adipose tissue dysfunction observed in morbidly obese individuals.

ALKBH5 gene encodes one of the two known m6A demethylases and is reportedly involved in multiple biological mechanisms related to cancer such as proliferation (37) or metastasis (38). However, no direct role in metabolic diseases such as obesity is described so far. In adipose tissue, we find that subjects with obesity exhibit higher gene expression of ALKBH5 in both fat depots compared to lean individuals. Further, expression in OVAT is positively correlated with subcutaneous fat area and negatively related to CT-ratio, both measures of fat distribution. These data imply a potential role of ALKBH5 in obesity and its clinical variables, which warrants further functional studies.

Collectively, our results add to and support previously published data from porcine models, demonstrating that m6A levels associate with fat mass and are involved in adipogenesis and lipid metabolism, suggesting a possible role for m6A writers in obesity (39). No significant relationship of gene expression of m6A regulators with T2D was observed in our data set.



Adipose Tissue Depot-Specific Gene Expression of Major m6A Regulators

By comparing gene expression data from intra-individually paired adipose tissue depots, we find that multiple m6A regulators are differentially expressed between SAT and OVAT. Particularly, genes encoding the m6A writers show depot specific expression, with significant differences in almost all examined target genes. METTL3, WTAP (two out of 5 probes: ILMN_2279339 and ILMN_1734544) and VIRMA are all differentially expressed between SAT and OVAT in the microarray dataset. Depot specific gene expression of METTL3 was confirmed in another sample set of adipose tissue analyzed by RT-qPCR. Moreover, we find also for METTL14 a higher expression in OVAT compared to SAT. Several studies have reported an important role for m6A writer proteins in adipogenesis. METTL3, METTL14 and WTAP have been shown to be required for adipogenesis in mouse pre-adipocytes regulating mitotic clonal expansion (17, 40). Contrary to these data, adipogenic differentiation of porcine bone marrow derived stem cells is inhibited via METTL3 (41). Although contradictory results have been reported, results point towards an important role of m6A writers in metabolic disease and in adipogenesis, a role that may be dependent on species, fat depot or on the cellular context. Moreover, expression of METTL3, METTL14, and WTAP was reported to be increased in blood from patients with type 2 diabetes (T2D) (42), whilst METTL3 was reported to increase hepatic lipid accumulation through YTHDF2 dependent stabilization of PPARα (43). No evidence for differential gene expression in adipose tissue of VIRMA was previously reported, and collectively, our data indicate that inter-depot specific gene expression of m6A writers is involved in obesity.

In addition to writers, we also identified depot specific expression of the m6A eraser FTO, with higher expression in SAT, in line with previously published data (32) and data from the Genotype-Tissue Expression (GTEx) consortium (https://gtexportal.org). FTO-dependent de-methylation is reported to be essential for adipogenic differentiation (21), suggesting that depot specific expression may be involved in the reduced adipogenic capacity of OVAT (44). Further, the reader YTHDC1 is also differentially expressed between SAT and OVAT, showing differential expression in 2 out of 3 probes, however with different effect directions between the two probes (ILMN_1666111: higher expression in SAT, ILMN_1707506: higher expression in OVAT). As the probes target different transcripts of YTHDC1, these results may suggest that different transcript variants and alternative splicing of this gene may contribute to depot-specific differences. Further transcript variant specific studies are needed to validate potential depot specific expression of YTHDC1 isoforms. YTHDC1 is located in the cell nucleus, where it is involved in the nuclear export of m6A modified mRNAs as well as in m6A guided regulation of chromatin organization (45, 46). Differential expression of YTHDC1 may, therefore, potentially also influence chromatin organization in an adipose tissue depot-specific manner, adding another level of complexity to gene regulation by m6A.

Taken together, these results indicate a depot specific role of m6A regulators, potentially introducing inter-depot-specific variability in mRNA metabolism. Such variability may potentially impact on adipogenesis, adipose tissue expansion capacity or metabolism, reflected by its correlation with clinical variables. Whether the observed expression differences have such functional consequences, either by targeting specific transcripts in the different tissues or by inducing global differences in m6A deposition remains to be investigated.



The Role of m6A Regulators in Peripheral Blood Mononuclear Cells

In line with expression differences in adipose tissue between lean and obese individuals, we also found expression of m6A regulators associated with obesity in a dataset from PBMCs from the Sorbs population. In PBMCs, the eraser ALKBH5 and the readers YTHDF1 and YTHDF3 associate with obesity. ALKBH5 shows higher gene expression among individuals with obesity compared to lean subjects which is in line with our results from adipose tissue and thus, adding weight to a potential implication of ALKBH5 in obesity. YTHDF3 is together with YTHDF1 and YTHDF2 a cytoplasmic reader protein facilitating transcript turnover and translation (47). In contrast to our data from adipose tissue, we do not find similar effect directions for these reader proteins in PBMCs. However, in line with an association with obesity, expression of YTHDF3 is correlated to BMI. Altered gene expression of reader proteins in obesity may induce tissue specific functional consequences of m6A methylation and thus on RNA metabolism. However, no significant association of gene expression of any m6A regulator with T2D as a potential consequence of obesity was observed and functional studies are warranted to further evaluate potential biological consequences on RNA metabolism.

Taken together, these results show that expression of a number of m6A regulators is associated with obesity, both in adipose tissue and in PBMCs, suggesting that the m6A machinery is altered in obesity. However, what genes are affected appears to be tissue type dependent. Mapping of m6A modified transcripts and characterization of m6A readers and functional studies are required to further elucidate consequences of the observed differences.



Genetic Variation in m6A Regulators

METTL3 is differentially expressed between SAT and OVAT, whilst YTHDF3 associates with obesity and BMI in blood. Thus, we then performed genetic analyses of these selected m6A regulators in the Sorbs. We observe a correlation of two SNP markers in the YTHDF3 locus with its gene expression level suggesting that genetic variation underlying this reader protein may further impact on its potential role in obesity. However, no further relationships with any other clinical variables are observed and further genetic studies are needed to support or reject our results. Two SNP markers within the METTL3 gene correlate with BMI implying that genetic variability in METTL3 encoding the catalytic subunit of the m6A methyltransferase complex may influence clinical variables of obesity. No other clinical variables are related to the two SNPs. Our genetic data reveal a potential relationship of genetic variation in genes encoding m6A regulators with either clinical variables or gene expression. Whether such genetic variability impacts on the function of m6A regulators remains to be elucidated.



Limitations

This is to our knowledge the first study analyzing gene expression of m6A regulators in paired samples from different human adipose tissue depots. Further, to support our findings we have included another cohort for which both gene expression data from PBMCs and genetic data were available. Despite these strengths, we are well aware of several limitations at different aspects in our study. First, adipose tissue is a heterogeneous tissue consisting of many cell types other than adipocytes. We performed our analyses on whole adipose tissue and potential effects from cell type composition cannot be either excluded or estimated. No data are available to account for cell type differences or blood cell count by using bioinformatic approaches. Further studies measuring expression in purified adipocytes or performing single cell gene expression profiling are warranted to provide deeper insights into the contribution of different cell types in the tissue. Second, the cohorts used in this study are relatively small which may have led to false positive or false negative results. The effect sizes of the observed differences are small and further studies are required to elucidate whether results from this study are of biological significance. Therefore, the results presented here need to be interpreted with caution to avoid overestimating the observed effects.



Conclusion

Collectively, our data show that expression of m6A regulators is adipose tissue depot-specific and differentially related to clinical traits. We further show that several m6A regulators are associated with obesity. Taken together, these results point towards a potential role of m6A regulators in obesity and imply that expression of genes encoding writers, erasers and readers in adipose tissue may exert depot-specific effects on important pathways potentially related to adipogenesis or adipose tissue expansion. Genetic variation in m6A regulators adds an additional layer of variability to the functional consequences.
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Adipose tissue is essential for energy storage and endocrine regulation of metabolism. Imbalance in energy intake and expenditure result in obesity causing adipose tissue dysfunction. This alters cellular composition of the stromal cell populations and their function. Moreover, the individual cellular composition of each adipose tissue depot, regulated by environmental factors and genetics, determines the ability of the depots to expand and maintain its endocrine and storage function. Thus, stromal cells modulate adipocyte function and vice versa. In this mini-review we discuss heterogeneity in terms of composition and fate of adipose progenitor subtypes and their interactions with and regulation by different immune cell populations. Immune cells are the most diverse cell populations in adipose tissue and play essential roles in regulating adipose tissue function via interaction with adipocytes but also with adipocyte progenitors. We specifically discuss the role of macrophages, mast cells, innate lymphoid cells and T cells in the regulation of adipocyte progenitor proliferation, differentiation and lineage commitment. Understanding the factors and cellular interactions regulating preadipocyte expansion and fate decision will allow the identification of novel mechanisms and therapeutic strategies to promote healthy adipose tissue expansion without systemic metabolic impairment.
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Introduction

White adipose tissue (WAT) is an important endocrine organ playing a key role in energy homeostasis and insulin action (1–4). Therefore, its development and expansion is crucial to establish and maintain a functional metabolism. However, excessive fat accumulation results in obesity, predisposing most people to the development of insulin resistance and the metabolic syndrome. A gain in fat mass results in various changes in adipose depots including remodeling of the extracellular matrix (ECM), recruitment and activation of immune cells, upregulation of pro-inflammatory cytokines and changes in adipogenesis and adipocyte function (5). However, a number of studies described a metabolically healthy obese (MHO) phenotype (6–9). One characteristic of these subjects is that in contrast to metabolically unhealthy obesity (MUO), these individuals accumulate fat preferentially in the subcutaneous rather than visceral depots. Despite their adiposity MHO individuals are insulin sensitive, glucose tolerant and do not display ectopic lipid accumulation in organs such as the liver or skeletal muscle (7, 8). The underlying mechanisms and temporal stability of healthy adipose tissue expansion are still incompletely understood. However, it appears that there are principle mechanisms available allowing the metabolically safe storage of very large quantities of energy in adipose tissue without impairing adipose or systemic metabolic function. Various genetic polymorphisms, altering adipocyte function, could contribute to the MHO phenotype (10, 11). Differences in the preadipocyte pool, its size, composition and proliferative capacity as well as the interaction with other cells of the stromal compartment, especially the diverse immune cell populations could also play an important role in the MHO phenotype. However, these interactions in regulation of healthy adipose tissue expansion are less understood. In addition to white adipose tissue function, differences in brown fat function could also play a role in MHO. Brown adipocytes, in contrast to white adipocytes, do not act as site of energy storage, but rather dissipate energy to produce heat through UCP-1 mediated mitochondrial uncoupling (12, 13). Others and we have identified heterogeneity within murine brown adipocyte progenitors and brown adipocytes modulating overall brown fat activity and systemic metabolism (14, 15). Thus, inter-individual differences in brown adipocyte composition could also modulate the physiological response to weight gain. Moreover, the role of beige adipocytes, which refers to brown adipocyte-like cells within white adipose tissue depots, has also not been extensively studied in the context of MHO. However, in this review we will focus on factors and cell populations that regulate the fate of white adipose progenitor cells (APCs), preadipocytes and tissue homeostasis with a main focus on immune cells.



Adipose Tissue During Development and Obesity

In humans, white adipose tissue starts to develop around 14 weeks of gestation as mesenchymal lobules that differentiate into primitive fat lobules. This is initiated by mesenchymal cell condensation resulting in the development of a capillary network and vascularization, followed by the proliferation of preadipocytes and formation of definitive fat lobules, which can be observed before week 28. The number of fat lobules is determined by week 23, while the size continuous to increase until week 29 (16, 17). In mice, subcutaneous white adipose tissue (sWAT) develops prenatally, starting between E14 and E18, while visceral white adipose tissue (vWAT) develops starting at P1 (18). In humans, the total number of adipocytes increases during childhood and adolescence, reaching a constant number at around 20 years of age, irrespective of the overall fat mass stored in a person. This indicates that inter-individual differences in adipocyte numbers are defined early in life and not by weight gain in adulthood (19, 20). However, obesity can also increase the estimated number of adipocytes, albeit it remains unclear how the subjects in this study differ from those in other studies that have not observed this increase in adipocyte numbers in adulthood (21).

Regardless, turnover of adipocytes and progenitor proliferation appear much more dynamic. In mice, around 5% of preadipocytes replicate and 1-5% of adipocytes are replaced per day. In humans the annual adipocyte turnover is around 10% (19, 22). Thus, adipocyte death, de novo differentiation and proliferation of adipocyte progenitors need to be tightly regulated to maintain a constant adipocyte number throughout life. Moreover, species differences in turnover of adipocytes and adipocyte progenitor proliferation should be considered when translating murine research data to humans. This is especially true for any therapeutic strategies aiming to increase the number of thermogenic beige adipocytes in WAT through de novo differentiation or promoting hyperplasia over hypertrophy.

In addition, obese individuals generate a higher number of new adipocytes every year compared to lean individuals. Conversely, significant body fat loss can also induce proliferation of adipocyte progenitor cells, as this was observed following bariatric surgery (19, 21). Thus, both weight gain and loss can have effects on the adipocyte progenitor pool. In mice, two weeks of high fat diet (HFD) feeding increased the proliferation of preadipocytes in visceral adipose tissue either compared to mice fed a chow diet (CD) or switched to a CD from a HFD (23). This effect was lost after 7 weeks of HFD feeding. However, prolonged HFD feeding increased the number of de novo differentiated adipocytes. Thus, there are complex interactions between a hypercaloric state requiring additional storage of energy in fat, progenitor expansion, and adipose tissue growth by either increasing the number of adipocytes (hyperplasia) or increasing adipocyte size (hypertrophy) (19, 24).

Expansion of adipose tissue through an increase in adipocyte number requires regulated proliferation of the adipocyte progenitor population to prevent progenitor exhaustion enabling continued adipogenesis throughout life. Thus, a variety of cell types, such as immune, endothelial and nerve cells interact with different subpopulations of APCs and preadipocytes to regulate adipose tissue function and growth, as well as homeostasis of the preadipocyte pool.



Heterogeneity and Hierarchy in Adipose Progenitor Cells

The definition of what exactly is an adipocyte progenitor cell is often unclear. As previously discussed, various cell types, such as mesenchymal stem cell, pericytes, endothelial cells and others can give rise to adipocytes (5). Moreover, advances in genetic lineage tracing and single cell technologies have identified intermediate states and distinct adipocyte progenitor lineages, giving rise to distinct adipocyte subpopulations (25–27). Following the definitions suggested by Sakers et al., we use the term preadipocytes to refer to cells with the general ability to differentiate into adipocytes (25). In addition, we distinguish, where possible, APCs that have a higher proliferative capacity, stem like properties and are able to maintain the progenitor niche in the tissue. In the following sections, we use the more general term preadipocytes whenever it is unclear if APCs or preadipocytes were studied.

Analysis of the stromal vascular fraction (SVF) from WAT identified adipocyte progenitor populations that are Lin−:CD34+:CD29+:Sca-1+:CD24+ (CD24+) or Lin−:CD34+:CD29+:Sca-1+:CD24− (CD24-), which was confirmed using PDGFRα-cre dependent reporter mice. Around 53% of the stromal vascular cells are CD24- preadipocytes, while only 0.08% were CD24+ APCs. These studies established a principle hierarchy where CD24 expressing APCs give rise to committed CD24- preadipocytes (Figure 1) (28, 29). Moreover, transplantation of CD24+ APCs but not CD24- preadipocytes into A-zip lipodystrophic mice were able to form a complete functional WAT, demonstrating the role of APCs in regulating stromal interactions and tissue homeostasis. Moreover, Jiang et al. described differences in ‘developmental’ and ‘adult’ APCs, regulating adipose tissue development and maintenance, respectively (30). PDGFRα+ stromal cells are necessary for tissue formation and adipose tissue (AT) expansion during tissue development, whereas other APC populations contributed to adipocyte turnover and tissue homeostasis during adulthood (31). Additional studies identified further subtypes within the PDGFRα+ cell population, based on the effects of PDGFRα signaling to induce fibrosis (32). PDGFRα+ CD9high cells were proliferative and induced fibrosis, whereas PDGFRα+ CD9low cells showed an upregulation in pro-adipogenic transcription factors (Figure 1). However, PDGFRα+ CD9low cells almost completely disappeared with AT fibrosis upon HFD feeding (33). Recently, a highly proliferative dipeptidyl peptidase-4 (DPP4)+ APC population was identified that gives rise to highly adipogenic ICAM1+ preadipocytes as well as a CD142+ adipogenic cell population, which was further studied by DPP4-Cre mediated lineage tracing experiments (Figure 1) (26, 34). Moreover, various other cell surface molecules have been described to distinguish APC and preadipocyte populations and we recently showed that the amino acid transporter ASC-1 regulates the commitment of APCs to become either white or beige adipocytes (35, 36). These findings highlight the heterogeneity within adipose progenitors that gives rise to different subsets of committed preadipocytes in AT. It is important to understand the complexity and diversity that is created by these subpopulation of cells to understand the mechanisms underlying tissue homeostasis and expansion. Moreover, these cells also interact with and are regulated by other cell types, especially immune cells, resident in AT.




Figure 1 | Heterogeneity and interactions of adipose progenitor cells. There are different subtypes of APCs with self-renewal properties in adipose tissue that give rise to various subpopulations of committed preadipocytes (e.g. CD24-, ICAM1+ or CD142+ cells). This proliferative/self-renewal capacity is represented by a green arrow that give rise to the same cell type. Some of these progenitors generate preadipocytes that differentiate into white adipocytes, such as; ASC1+, CD24+, DPP4+, while some are responsible for vascular-APC interaction including PDGFRβ+PPARγ+, others contribute to fibrosis in the tissue like PDGFRα+CD9high cells and some like ASC-1- cells give rise to beige adipocytes. The figure was generated using BioRender.com.





Interaction of Preadipocytes With Other Stromal Cells

The nervous-endocrine-immune system is an integrated regulatory network playing an essential role in maintaining homeostasis of the organism, including the adipose tissue (37, 38). The vasculature and neurons supply the adipose tissue with essential inputs such as nutrients, growth factors and signals from the autonomic nervous system. Thus, it is not surprising that in addition to adipocytes also APCs and preadipocytes continuously interact with other stromal cell types to regulate their function. APCs interact with endothelial cells through PPARγ mediated expression of VEGF, inducing vascular sprouting (Figure 1). This explains the perivascular localization of APCs (39). APCs also express PDGFRβ regulating APC-vascular niche interactions. These interactions are reciprocal as APCs are essential for vascular expansion, while vascular sprouting is essential for APC maintenance and differentiation. Most importantly, however, these interactions are necessary for adipogenesis and AT expansion (39).

In addition to the systemic inputs, immune cells modulate adipocyte function, as well as preadipocyte proliferation and differentiation either directly or indirectly (40–43). Many studies described adverse effects of chronic inflammation during obesity associated adipose tissue expansion (44). However, local inflammation is also, to some extent, necessary for healthy adipose tissue expansion and the MHO phenotype. Inhibition of pro-inflammatory pathways impairs adipogenesis, leading to ectopic lipid accumulation and systemic glucose intolerance (45, 46). The underlying mechanisms are still incompletely understood, but immune cell mediated reconfiguration of the ECM is certainly important for adipose tissue expansion. Moreover, the integration of various hormones and cytokines, in addition to nutritional cues, regulate processes of progenitor quiescence, proliferation and differentiation. To this end, we discuss some of the key regulatory inputs of different immune cell types on preadipocyte proliferation, differentiation and lineage (white versus beige adipocyte) commitment.


Macrophages

Macrophages are abundantly present and extensively studied in adipose tissue (47, 48). They play an important role in tissue homeostasis and hypertrophy induced adipose tissue inflammation and the initiation of local and systemic insulin resistance (49, 50). In general, accumulation of macrophages in adipose tissue is associated with insulin resistance and MUO (51). More recently, this was further refined as specific macrophage subtypes in visceral adipose tissue were found to be increased in diabetic obese compared to non-diabetic obese subjects (52). Previously, based on in vitro data, macrophages in adipose tissue were categorized as either M1 or M2. M1 macrophages originate from the stimulation with lipopolysaccharide (LPS), interferon (IFN)-γ or TNF-α, mediating pro-inflammatory actions by producing TNF-α, IL-6, IL-1β and nitric oxide (NO). M2 macrophages originate from the stimulation with IL-4, IL-10, IL-13, showing an anti-inflammatory phenotype by producing IL-4 and IL-10 (Figure 2) (53, 54). However, albeit widely used, the M1/M2 classification was recently challenged (55). Thus, previous in vitro data might not directly translate to the role of macrophages in adipose tissue in vivo. scRNAseq analysis of human white adipose tissues identified resident macrophages with an M1/M2-like phenotype. In contrast to the classical description of macrophages in in vitro studies, these subtypes were referred to as perivascular, inflammatory and lipid-associated macrophages. However, the interaction of these macrophage subtypes on progenitor cell fate has not been studied (47, 48, 52). Nevertheless, macrophages regulate tissue function through modulating preadipocyte expansion and commitment.




Figure 2 | Direct and indirect interactions of immune cell with preadipocytes. Immune cells are one of the most diverse cell types constituting the microenvironment of AT. IL-33 mediated Type 2 Innate Lymphoid Cell (ILC2) activation induces secretion of IL-4 by eosinophils. This promotes both proliferation of IL4R expressing preadipocytes and their differentiation into beige adipocytes. Moreover, IL-4 along with Tregs promotes M1 to M2 macrophage polarization supporting M2 controlled survival of preadipocytes. On the other hand, Th1/17, Type 1 Innate Lymphoid Cells (ILC1) and Natural Killer (NK) cells secrete IFN-γ stimulating macrophage to polarize to the M1 phenotype, secreting pro-inflammatory factors, such as; TNFα, IL-6, IL-1β and nitric oxide (NO). This inhibits preadipocyte differentiation into white adipocytes and together with Mast cells induces a fibrotic phenotype. Mast cells also block proliferation of preadipocytes. Additionally, ILC1s kill macrophages and induce fibrosis in the tissue. The figure was generated using BioRender.com.



Relatively little is known on the role of macrophages and their secretome in regulating preadipocyte proliferation. Lacasa et al. used macrophage conditioned medium derived from in vitro differentiated blood monocytes of overweight patients. They showed increased proliferation but reduced differentiation of preadipocytes from non-obese donors when treated with the conditioned medium (56). Conversely, another human study found reduced preadipocyte proliferation when preadipocytes were exposed to macrophage conditioned media, which could be improved by antioxidant treatment (57). The discrepancy could be based on the different source of macrophages, as well as the physiologic and genetic background of the donors. A more detailed analysis of the impact of individual macrophage subtypes on preadipocytes is required to uncover the context specific role of macrophages on preadipocyte fate in humans.

Proliferation and differentiation are tightly linked with each other, as cell cycle exit is a prerequisite for adipocyte differentiation. Human and murine studies showed that M1 macrophages, the pro-inflammatory or classically activated macrophages, secrete factors inhibiting preadipocyte differentiation (56, 58, 59). The inhibitory effect was further confirmed by culturing CD14+ macrophages with preadipocytes of obese individuals, mediated by IKKβ/NF-κB signaling (60, 61). The block in differentiation was due to an impairment in the clonal expansion phase by inhibiting expression of cell cycle proteins such as; cyclin A, cyclin-dependent kinase 2, retinoblastoma protein, etc. (62, 63). Moreover, M1, pro-inflammatory macrophages promote preadipocytes to acquire a fibrotic phenotype, which is mediated through cytokines such as; TNF-α, IL-6 and IL-1β (Figure 2). This contributes to increased inflammation and tissue fibrosis impairing adipogenesis in both human and mice (56, 61, 64–66). However, these negative effects on preadipocyte differentiation were improved by growth hormone down-regulating IL-1β in macrophages (67).

Jang et al. compared high fat diet fed wild type to iNOS knockout mice and demonstrated that M1 macrophages produce nitric oxide impairing mitochondrial function by suppressing PGC1α expression. This inhibited adipocyte differentiation and promoted conversion of preadipocytes to a fibrotic phenotype (68). Furthermore, macrophages secrete the apoptosis inhibitor of macrophage, which also inhibited adipogenesis (69). In addition to proliferation and differentiation, maintenance and survival of existing preadipocytes is also controlled by macrophages, as macrophage conditioned medium promoted preadipocyte survival in a PDGF-dependent manner, which strongly stimulates PI3K-Akt and MEK-ERK1/2 pathways (70, 71). This effect was observed in M2 macrophages, activated by IL-4, but not activated M1 macrophages (72). Thus, the activation state of macrophages can have profound effects on preadipocyte survival, proliferation and differentiation and thereby shape the ability of the organism to store surplus energy in the future.



Mast Cells

Mast cells (MCs) are tissue resident cells of the innate immune system that accumulate in adipose tissue with obesity (73). As previously reviewed, MC recruitment and activation has pleiotropic effects on adipose tissue (74). Importantly, MC-released IFN-γ, chymase, tryptase, IL-6, and cysteinyl cathepsins promote adipogenesis as well as angiogenesis through direct actions on adipocytes and endothelial cells as well as macrophages (52, 75, 76). Moreover, MCs play an important role in the reconfiguration of the extracellular matrix. Thus, MCs are a highly dynamic and important part of the nervous-endocrine-immune system regulating adipose function. Current data on the role of mast cells on preadipocyte differentiation are restricted to murine studies and controversial. Hirai et al. showed that mast cell protease 6 (MCP-6) secreted by mature mast cells induces collagen V expression in obese adipose tissue, contributing to adipose tissue fibrosis inhibiting preadipocyte differentiation (Figure 2) (77). Mast cell deficient Kitw-sh/w-sh mice, which are fertile and non-anemic but also lack additional cell types mainly, melanocytes, and interstitial cells of Cajal, confirmed these previous findings and showed upregulated adipogenic capacity and preadipocyte proliferation (78). Similarly, mice where MCs were chemically inhibited as well as Kitw-sh/w-sh mice showed an increase in sWAT PDGFRα+ APC proliferation and induced beige (thermogenic) adipocyte differentiation (79). However, stimulation of MCs by calcium or high-glucose induced adipogenesis in 3T3-L1 preadipocytes through the production of 15-deoxy-delta-12, 14-prostaglandin J2 acting as an activator of PPARγ (80). Furthermore, Chen et al. demonstrated that mast cell derived heparin could act as the endogenous factor initiating fascial adipogenesis (81). These findings suggest an adipose depot specific effect of mast cells on adipocyte progenitors, dependent on other immune cells and the metabolic state of the organism. Moreover, available data on the role of MCs on adipocyte progenitors focus on studies in rodents, while the role in humans remains to be determined.



Innate Lymphoid Cells

Type 2 innate lymphoid cells (ILC2), which are part of the first line of the innate immune system, regulate type 2 immunity during tissue damage, parasite infection, and allergy (82–87). Apart from their role in wound healing, ILC2s also exhibit positive effects on metabolic homeostasis in visceral WAT, where they regulate eosinophils and alternatively activate macrophages (88). IL-33 mediated activation of ILC2s promote proliferation and commitment of APCs to become beige rather than white adipocytes (Figure 2) (89). In addition, an alternative pathway was described through the interaction of ILC2s with eosinophils, promoting secretion of IL-4, which activated IL-4R signaling in preadipocytes (89, 90). In the steady state, lacking IL-33, co-culture of adipose-derived ILC2s with 3T3-L1 cells induced adipocyte differentiation and lipid accumulation (91). Moreover, apart from ILC2s, ILC1s as well as NK cells play an important indirect role in modulating adipocyte-immune cell interactions. ILC1s kill adipose tissue macrophages and maintain macrophage homeostasis (Figure 2). However, this effect is abolished in obesity (92). Furthermore, adipose ILC1 secreted IFN-γ contributes to M1 macrophage polarization under HFD feeding (93, 94). Similar effects are also seen by NK cell activation (95, 96). Co-culture of ILC1 from obese subjects with lean stromal vascular cells upregulated the expression of fibrosis-related genes and ECM regulators, indicating that ILC1s promote fibrosis in obese adipose tissue (93).



T Cells

The direct effects of T cells on preadipocytes is unclear. Pan et al. showed that senescent T cells inhibit brown preadipocyte differentiation by secreting high levels of IFN-γ (97). Co-culture of active pan T cells with 3T3-L1 preadipocytes in vitro significantly suppressed differentiation (98). However, individual T cell subtypes play distinct roles in regulating inflammation in adipose tissue by modulating the switch between macrophage phenotypes. Pro-inflammatory T cells, such as; Th1 and Th17, activate pro-inflammatory macrophages by secreting IFNγ and IL-17. However, anti-inflammatory T cells, like Th2 and Foxp3+ Treg induced macrophage differentiation into the anti-inflammatory macrophages by secreting IL-4 and IL-13 (Figure 2) (99). Interestingly, the percentage of naive CD4+ and CD8+ T cells were significantly higher in insulin sensitive compared to insulin resistant obese individuals, whereas activated T cells and IL-6 levels were reduced (100). This suggests that T cells contribute to the low-grade inflammation observed in MUO, albeit the link to alterations in adipose tissue has to be made.

Here we provide an overview of selected adipose tissue resident immune cells and their role in modulating preadipocyte fate directly or indirectly (Figure 2). Due to the complex regulations between immune cells and with the various adipocyte precursor populations, the impact of these interactions on the MHO phenotype remains to be determined. Moreover, adipose tissue depot specific differences in progenitors and immune cell composition need to be considered to evaluate the role of individual immune cell populations on healthy AT expansion. Furthermore, it will be exciting to see additional in vivo data on the regulations and interdependence of progenitor cell proliferation and differentiation on each other.




Conclusion and Future Perspective

There is a rapidly increasing number of studies investigating adipocyte-preadipocyte-immune cell interaction. Thus, more and more details on the cellular subtypes and their regulation in obesity and the metabolic syndrome become available. Various computational approaches based on large–omics datasets are and will provide exciting new insights into the complex multidimensional spatial and temporal interactions of cell types, endocrine and nutritional inputs (47). This will allow a more holistic view on adipose tissues and their cellular interactions. However, these analyses are limited by the quality of the input data. Irrespective of the technical aspects of data acquisition, several points will need to be considered/improved to significantly advance our understanding of the control of adipocyte progenitor fate. One of the biggest limitations is the use of in vitro systems. Although simplification is important to identify molecular mechanism, the use of poorly defined progenitor or immune cell populations often results in data that cannot be translated to in vivo. Moreover, 2D cell culture models, most often do not allow “natural” cell-cell interactions, disregarding the effects of the ECM and biophysical properties such as oxygenation etc. Conversely, studying these mechanisms in vivo is also complex due to the lack of specific genetic models and low sample sizes. Moreover, the use of different mouse strains, in different life science disciplines, such as immunology and metabolism research also complicate the comparison of research data. To this end, novel developments such as spatial transcriptomics and single cell proteomics, could provide elegant ways to establish cell-cell interactions in vivo, most importantly in humans. Once these technical difficulties are solved, it will be fascinating to elucidate the reciprocal interaction of obesity and the metabolic syndrome with adipose stromal cell composition, function and activity. In summary, the expansion of adipose tissue, as well as the metabolic consequences of it in the context of MHO and MUO rely on a complex interplay between all cellular components, which should be studied as networks rather than linear interactions.
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Purpose

Ectopic fat accumulation and abdominal fat distribution may have different cardiometabolic risk profiles. This study aimed to assess the associations between various magnetic resonance imaging (MRI)-acquired fat depots and cardiometabolic risk factors.



Methods

A total of 320 subjects with median age of 59 years, 148 men and 172 women, were enrolled in the study. Visceral adipose tissue (VAT) area and fat fraction (FF), subcutaneous adipose tissue (SAT) area and FF at the L1–L2 levels, preperitoneal adipose tissue (pPAT) area and FF, hepatic FF, pancreatic FF, and intramuscular FF were assessed by MRI FF maps. The associations of various MRI-acquired fat depots with blood pressure, glucose, and lipid were examined using sex-stratified linear regression. Logistic regression stratified by sex was used to analyze the association of various MRI-acquired fat depots with the risk of hypertension, T2DM, and dyslipidemia.



Results

The intraclass correlation coefficient (ICC) values were >0.9, which suggested good interobserver and intraobserver agreement. VAT area, V/S, hepatic fat, pancreatic fat, and pPAT rather than SAT area were significantly associated with multiple cardiometabolic risk factors (all p < 0.05). However, the patterns of these correlations varied by sex and specific risk factors. Also, VAT and SAT FF were only significantly associated with multiple cardiometabolic risk factors in women (all p < 0.05).



Conclusions

VAT, hepatic fat, pancreatic fat, and pPAT were associated with cardiovascular metabolic risk factors independent of BMI. The patterns of these correlations were related to gender. These findings further the understanding of the association between ectopic fat deposition and cardiometabolic risk factors and help to better understand the obesity heterogeneity.
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1 Introduction

Obesity is becoming one of the most significant public health problems and a leading cause of preventable death. Fatty acids produced in the human body are predominantly stored in adipose tissue in the form of triglycerides (TG). As the primary site of excessive TG storage, subcutaneous adipose tissue (SAT) capacity is limited. When SAT cannot store excessive amounts of energy, excessive TG leads to the accumulation of triglycerides in visceral adipose tissue (VAT), preperitoneal adipose tissue (pPAT), and nonadipose tissues, such as the heart, liver, pancreas, and skeletal muscles. These fat depots are described as “ectopic fat depots” (1, 2), which have been identified as an essential diagnostic and prognostic marker for the onset, progression, and mortality risk of cardiometabolic disease (1, 3–9). Obesity is a heterogeneous condition, and some obese individuals can be metabolically healthy (10). Thus, specific patterns of body fat deposition may confer different cardiometabolic risks (11).

Previously, the assessment of abdominal fat distribution mainly relied on several anthropometric measures, e.g., body mass index (BMI), waist-to-hip ratio (WHR), or waist circumference (WC), and/or broadly available clinical tools, such as dual-energy x-ray absorptiometry (DXA) and bioelectrical impedance analysis (BIA) (12–15). Still, none of these approaches mentioned above can evaluate the regional fat distribution and ectopic fat deposition. By contrast, computed tomography (CT) and magnetic resonance imaging (MRI) can be used to visually evaluate the abdominal fat distribution and ectopic fat deposition. Particularly, they are noninvasive, fast, and accurate, making them an ideal clinical indicator for fat quantification and monitoring changes in visceral and ectopic fat over time. The MRI protocol for the iterative decomposition of water and fat with echo asymmetry and least-squares estimation-iron quantification (IDEAL-IQ) sequence is a new method to fat quantification and can lead to a more accurate measurement of fat content because of a low flip angle for suppressing the longitudinal relaxation effects, and multiecho acquisition permit correction of the transverse relaxation effects. It has also been widely used to assess the fat quantification of different tissues (16).

Cardiometabolic risk factors included hypertension, type 2 diabetes mellitus (T2DM), dyslipidemia, and others. The simultaneous coexistence of two or more risk factors in a person at the same time has been recognized as clustering of cardiometabolic risk factors (CCRFs) (17), while the synergy of CCRFs can increase the risk of cardiovascular disease. In the early stages of cardiometabolic risk factors, deleterious and progressive changes in each organ are often asymptomatic and possibly reversible. Thus, a lifestyle modification can reduce morbidity and mortality of cardiometabolic risk factor-related diseases (18, 19). Defining imaging markers of high-risk fat accumulation might have important implications for prediction of cardiometabolic risk factors and early prevention or therapeutic intervention. Currently, studies that performed a direct comparison between various MRI-acquired fat depots accumulated in six abdominal regions (VAT, SAT, pPAT, liver, pancreas, and muscle) and multiple cardiometabolic risk factors are lacking. Accordingly, it remains unknown which MRI-acquired fat depots contribute the most to the individual cardiometabolic risk factors.

The aim of the present study was to assess the association between the various MRI-acquired fat depots and cardiometabolic risk factors. We hypothesized that the association between each fat content and cardiometabolic risk factors varies with the type of fat depots; there are fat depots that are more strongly associated with cardiometabolic risk factors than others, and they may therefore serve as imaging biomarkers in prediction, early prevention, or therapeutic intervention of cardiometabolic risk factors.



2 Materials and Methods


2.1 Study Population

This single-center, retrospective study included 4,718 patients who underwent upper abdominal MRI examination between January 2017 and August 2020. The target population was the general population. Of these participants, those who met at least one of the following criteria were excluded: age <18 years (n = 9); a history of heavy drinking (alcohol consumption ≥30 g/week in men or ≥20 g/week in women in the last 10 years) (n = 78); evidence of cirrhosis, malignant liver tumor, large benign liver tumor, liver posthepatectomy, and decompensated liver diseases (n = 992); evidence of other liver diseases (n = 171), including viral hepatitis, autoimmune liver diseases, drug-induced liver injury, etc.; evidence of pancreas diseases (n = 840), including acute or chronic pancreatitis, autoimmune pancreas diseases, pancreas tumor, pancreas postpancreatectomy, pancreatic trauma; intrahepatic bile, or pancreatic duct dilation (n = 126); thyroid diseases (n = 62); evidence of ascites, mesenteric injuries, huge abdominal mass, abdominal wall edema, and postostomy (n = 31); radiotherapy, chemotherapy, immunosuppressive therapy, antiviral therapy, and endocrine therapy (n = 1213); pregnancy (n = 3); suspected secondary hypertension and other types of diabetes except T2DM (n = 11); missing cardiometabolic risk factors (n = 858); missing IDEAL-IQ sequence (n = 130); missing covariates (n = 2); weight change by more than 5% (within 1 month) (n = 185); poor image quality (poor signal-to-noise ratio or motion artifacts) (n = 8). Finally, a total of 320 subjects (148 men and 172 women) were included in the analysis.

This retrospective study was approved by review board of the First Affiliated Hospital of Dalian Medical University, and a waiver of informed consent was remitted.



2.2 MRI Examinations

In this study, the MRI scanner (GE Medical Systems, Inc., Waukesha, WI, USA) with an eight-channel phased-array body coil was used. The patients fasted for 4–6 h and were trained to exhale and hold their breath for more than 20 s before scanning. The subjects were placed in the supine position during examination. A three-plane localization imaging gradient-echo sequence was performed at the beginning of acquisition.

IDEAL-IQ sequence and routine MRI Ax T1 FSPGR, Ax T2 FSE, DWI sequence, and Dual echo sequence were acquired. MRI parameters were as follows: 3.0 T MRI IDEAL-IQ sequence: TR/TE = 6.9 ms/3.0 ms, slice thickness of 10 mm, 200 kHZ bandwidth, FOV = 36 cm × 36 cm, matrix = 256 × 160, flip angle = 3°, NEX = 1, breath holding for less than 24 s. 1.5 T MRI IDEAL-IQ sequence: TR/TE = 13.4 ms/4.8 ms, slice thickness of 10 mm, 125 kHZ bandwidth, FOV = 36 cm × 36 cm, matrix = 256 × 160, flip angle = 5°, NEX = 1, breath holding for less than 24 s. T1WI sequence: TR/TE = 210 ms/2.4 ms. T2WI: TR/TE = 8,571 ms/100 ms. Dual-echo sequence: TR = 190 ms, TE = 2, 4.3 ms. DWI sequence: TR/TE = 7,500 ms/58 ms, NEX = 4, b-value = 0, 600 s/mm2, FOV = 42 cm × 42 cm. The images were processed using IDEAL Research software provided by the manufacturer to generate water-phase, fat-phase, in-phase, out-phase, along with R2* and fat fraction (FF) maps.



2.3 MRI-Acquired Fat Measurements


2.3.1 Measurement of VAT and SAT

VAT and SAT were semiautomatically measured on the axial FF images by Image J (National Institutes of Health, USA), as previously described (23–25). The abdominal fat was determined at the L1–L2 level and did not include intestinal loops.

VAT was defined as intraabdominal fat (including intraperitoneal and retroperitoneal fat) bound by parietal peritoneum or transversalis fascia, excluding the vertebral column and the paraspinal muscles (23). The SAT was defined as fat superficial to the abdominal and back muscles (24). Area (cm2) and FF (%) of VAT and SAT were assessed. Meanwhile, visceral/subcutaneous adipose tissue area ratio (V/S) was also calculated.

In this study, the abdominal fat was measured at the L1/L2 level according to Kuk et al. (25). Most studies used the L4/L5 lumbar vertebra level for intraabdominal fat measurements to capture the highest percentage of body fat (7, 26). However, studies have shown that the cross-sectional areas of VAT and SAT measured at each level of T12-L5 are highly correlated with the volume of overall VAT and SAT (r = 0.89–0.98) (27). In addition, VAT significantly associated with metabolic syndrome regardless of measurement site (25, 28). Importantly, it was found that the VAT measured at L1–L2 level may predict the overall VAT more than L4/L5 level (28).

The MRI fat fraction map calculated from IDEAI-IQ was the most practical method to accurately assess ectopic fat deposition (29). In addition, several ROI sampling methods to assess ectopic fat deposition have been used in previous studies (1, 4, 24). Due to spatial heterogeneity in ectopic fat deposition, differences in the ROI sampling method can lead to fat quantification variability. To avoid such occurrences, a 3D semiautomatic segmentation method was used to assess the whole-hepatic FF, whole-pancreatic FF, and intramuscular FF in scan ranging.



2.3.2 Measurement of Hepatic FF

On the postprocessing platform (Intellispace Portal, ISP, Philips, Holland), the software algorithm defined the margins of the liver in three dimensions, and the whole liver was semiautomatically traced on FF maps. If the margins needed tweaking, the operator made corrections; if margins were included within the contours of liver segmentation, the main portal vein, inferior vena cava, and the gallbladder were manually removed. Liver was then segmented, and the whole hepatic FF was automatically calculated (Figure 1A).




Figure 1 | (A) Liver segmentation: the whole hepatic fat fraction was calculated using the 3D semiautomatic segmentation method. (B) Muscle segmentation: the arithmetic mean fat fraction of bilateral paraspinal muscles (including erector spinae and multifidus muscles) in the scanning range was calculated as the intramuscular fat fraction using the 3D semiautomatic segmentation method. (C) Pancreas segmentation: the whole pancreatic fat fraction was calculated using the 3D semiautomatic segmentation method. (D) Preperitoneal adipose tissue measurement: the area and the fat fraction of preperitoneal adipose tissue were measured using spline contour region of interest (ROI) method.





2.3.3 Measurement of Intramuscular FF

The same methodology was used to measure intramuscular FF, which referred to the arithmetic mean FF of bilateral paraspinal muscles (including erector spinae and multifidus muscles) in the scanning range (30) (Figure 1B).



2.3.4 Measurement of Pancreatic FF

The whole pancreatic FF was calculated using the same method avoiding extrapancreatic adipose tissue and vessel (Figure 1C).



2.3.5 Measurement of pPAT

pPAT was defined as the fat depot anteriorly seen from the anterior surface of the left lobe of the liver to the linea alba (31). pPAT area and FF were measured using the spline contour region of interest (ROI) method (Figure 1D).




2.4 Inter- and Intraobserver Variability

The intra- and interobserver variability of the MRI-acquired fat measurements was determined by repeated analysis of 30 randomly selected patients more than 4 weeks apart by the same observer and by the MRI-acquired fat measurements of the same patient by a second independent observer. Two radiologists were blinded to the grouping.



2.5 Cardiometabolic Risk Factors

Trained examiners measured systolic and diastolic blood pressure (BP) twice with 1–2 min intervals in the left arm after participants were seated and rested for 5 min; the mean values of the last two readings were used for analysis. Hypertension was indicated by systolic blood pressure ≥140 mmHg, diastolic blood pressure ≥90 mmHg, or on current antihypertensive drug treatment. Blood samples were collected in the morning from patients who fasted for ≥12 h prior to the blood draw. Fasting plasma glucose (FPG), TG, total cholesterol (TC), high-density lipoprotein cholesterol (HDL-C), and low-density lipoprotein cholesterol (LDL-C) were evaluated from the blood samples. FPG ≥7.0 mmol/L or current use of insulin or an oral hypoglycemic agent were classified as T2DM (32). High TG was defined as triglycerides ≥2.3 mmol/L (200 mg/dl) or on drug treatment to reduce lipid concentrations. High TC was defined as total cholesterol ≥6.2 mmol/L (240 mg/dl) or on drug treatment to reduce lipid concentrations. The cutoff point of HDL-cholesterol concentrations for defining low HDL-C was less than 1.0 mmol/L (40 mg/dl) or on drug treatment to elevate HDL-C. The cutoff point of LDL-C concentrations for defining high LDL-C was more than but equal to 4.1 mmol/L (160 mg/dl) or on drug treatment to decrease LDL-C. CCRFs were defined as the presence of two or more of these risk factors.



2.6 Covariates

Weight was measured in kilograms and height in meters that were then used to calculate BMI (weight divided by the square of height). Data on smoking status, alcohol intake, and family history of cardiometabolic risk factors were collected by an on-site physician-administered medical and through physical history interview during the regular clinical examination. For women, information on postmenopausal status was also collected.



2.7 Statistical Analysis

All data were analyzed using SPSS Ver.25.0 (SPSS Inc., Chicago, IL, USA). The Kolmogorow–Smironov test was used to test the normality of the variables in overall subjects. Normally distributed data were expressed as means ± standard deviations, and nonnormally distributed data were expressed as medians and ranges (25th and 75th percentiles). Nominal data were expressed as the frequency with percentage.

The comparisons between men and women were determined using two-sided t-tests or the nonparametric Mann–Whitney U-test for normally or nonnormally distributed data for continuous variables and the chi-square test for categorical variables.

The intraclass correlation coefficient (ICC) is defined as the ratio of the between-group variance to the total variance and is used to check the consistency or reliability of data measured multiple times on the same subject. The closer the ICC value is to 1, the closer the multiple measurement data of the same research object is, the higher the consistency of measurement results is. The generally accepted ICC evaluation criteria are as follows (33), when it is below 0.40, the consistency is poor; when it is between 0.40 and 0.59, the consistency is fair; when it is between 0.60 and 0.74, the consistency is good; and when it is between 0.75 and 1.00, the consistency is excellent.

To assess the associations between fat measurements, age and sex-adjusted correlation coefficients (r) among various MRI-acquired fat depots were computed. Correlation coefficients were interpreted as follows: weak, 0–0.4; moderate, 0.4–0.7; and strong, 0.7–1.0. This method was also performed to evaluate correlations of MRI-acquired fat depots and each cardiometabolic risk factor. Age-adjusted correlation analyses stratified by sex were also conducted.

Multivariable logistic and linear regression models were performed for the dichotomous and continuous outcomes, respectively. Odds ratios (ORs) from the logistic regression models and β-coefficients from the linear regression models, and their 95% CIs were used to assess the associations of the cardiometabolic risk factors per 1-SD increase in various MRI-acquired fat depots. Multivariable adjustments included age, sex, smoking status, current alcohol use, postmenopausal status (women only), and family history of cardiometabolic risk factors. Furthermore, an additional model-specific adjustment was applied for models as follows: antihypertensive treatment for the systolic and diastolic blood pressure models; diabetes treatment for the FPG model; lipid-lowering treatment for the TG, TC, HDL-C, and LDL-C models.

Additional models evaluated the associations between MRI-acquired fat depots and cardiometabolic risk factors after further adjustment for BMI to explore whether the associations persisted after adjusting for generalized obesity. Sex-specific multivariable-adjusted regression models were also performed.

A two-tailed p < 0.05 was considered to be statistically significant.




3 Results


3.1 Study Sample Characteristics

A total of 320 patients (148 men and 172 women) with a median age of 59 years (range from 19 to 90 years) and a mean BMI of 24.68 kg/m2 were finally included in the study. The patients’ demographic, clinical, lifestyle characteristics, and family history of cardiometabolic risk factors are shown in Table 1. Hypertension had the highest prevalence rate (40.94%), while high LDL-C was the least prevalent (9.38%). The prevalence rate of CCRFs was 33.75%. For fat measurements, men had higher BMI, higher SAT area, higher VAT area, higher VAT FF, higher V/S, higher pancreatic FF, higher intramuscular FF, and higher pPAT area, but lower SAT FF compared with women (all p < 0.05). For cardiometabolic risk factors, men had a higher prevalence of hypertension, T2DM, high TC, and low HDL-C than women (all p < 0.05).


Table 1 | Clinical characteristics of the study subjects.





3.2 Consistency Analysis

The data consistency is shown in Table S1. The ICC values were more than 0.9, which suggested good inter-observer and intra-observer agreement.



3.3 Correlations Among Fat Measurements

Age- and sex-adjusted correlation coefficients among fat measurements are shown in Table 2. Most of the fat measurements were associated with each other (p < 0.05), but the strengths of these associations greatly varied. Both hepatic FF and pancreatic FF had the strongest correlations with VAT area (correlation coefficients (r) = 0.313 and 0.367, respectively), but intramuscular FF had the strongest correlation with SAT area (r-value = 0.226). Different from other MRI-acquired fat depots, VAT FF, V/S, and pPAT area were not correlated with BMI (p > 0.05). However, the patterns of the correlations slightly varied in both men and women (Table S2).


Table 2 | The age- and sex-adjusted correlations among MRI-acquired fat measurements in all patients.





3.4 Correlations Between the MRI-Acquired Fat Measurements and Cardiometabolic Risk Factors

The age- and sex-adjusted correlations between MRI-acquired fat measurements and continuous cardiometabolic risk factors are described in Table 3. For all patients, SAT area was significantly correlated with most continuous cardiometabolic risk factors (r-value ranging 0.124 to −0.203), except for TC and LDL-C, and had the strongest correlations with HDL-C (r-value = −0.203). SAT FF was only significantly correlated with HDL-C (r-value = −0.120). VAT area was significantly correlated with all continuous cardiometabolic risk factors (r-values ranging from 0.124 to 0.285) and had the strongest correlations with FPG (r-value = 0.285). V/S was only significantly correlated with FPG (r-value = 0.205). Hepatic FF was significantly correlated with most continuous cardiometabolic risk factors (r-value ranging from 0.140 to 0.306), except for systolic BP and HDL-C, and had the strongest correlations with TG (r-value = 0.306). Pancreatic FF was significantly correlated with FPG, TG, and HDL-C (r-value = 0.245, 0.183, and −0.193, respectively). VAT FF, intramuscular FF, and pPAT area were not significantly correlated with any continuous cardiometabolic risk factors (all p > 0.05). Preperitoneal FF was significantly correlated with diastolic BP, FPG, and TG (r-value = 0.118, 0.122, and 0.174, respectively).


Table 3 | The age- and sex-adjusted correlations between MRI-acquired fat measurements and continuous cardiometabolic risk factors.



The results of correlations between the MRI-acquired fat measurements and cardiometabolic risk factors in the sex-stratified analyses are described in Supplementary Material I.



3.5 MRI-Acquired Fat Measurements as Factor Correlate With Continuous Cardiometabolic Risk Factors

Results of linear regression analyses for various MRI-acquired fat measurements for continuous cardiometabolic risk factors are shown in Table 4. For all patients, higher VAT area was associated with higher systolic BP, higher diastolic BP, higher FPG, higher TG, lower HDL-C, and higher LDL-C (β = 0.025, 0.018, 0.005, 0.003, −0.001, and 0.001, respectively). After further adjustment for BMI, these correlations continued to exist, except for systolic and diastolic BP (Figures 2A, B). Higher V/S was associated with higher systolic BP and higher FPG (β = 1.823 and 0.178, respectively), but the correlation was no longer significant after further adjustment for BMI. Higher hepatic FF was associated with higher FPG, higher TG, higher TC, lower HDL-C, and higher LDL-C (β = 0.080, 0.080, 0.038, −0.014, and 0.033, respectively), and after further adjustment for BMI, these correlations were still significant, except for HDL-C (Figures 2C, D). Although higher SAT area, higher SAT FF, higher pancreatic FF, and higher pPAT FF have a greater risk of multiple continuous cardiometabolic risk factors, after further adjustment for BMI, most of the correlations were not significant. Also, higher VAT FF, higher intramuscular FF, and higher pPAT area were not associated with any continuous cardiometabolic risk factors. The significant relationships between various MRI-acquired fat measurements and continuous cardiometabolic risk factors independent of BMI are shown in Figure 3.


Table 4 | Correlations between continuous cardiometabolic risk factors and MRI-acquired fat measurements.






Figure 2 | Association of VAT area (A) and hepatic FF (C) with continuous cardiometabolic risk factors and further adjustment for BMI (B, D) expressed by β-coefficients and 95% confidence intervals. For all patients, higher VAT area was associated with higher systolic BP, higher diastolic BP, higher FPG, higher TG, lower HDL-C, and higher LDL-C (A); after further adjustment for BMI, these correlations continued to exist, except for systolic and diastolic BP (B). Higher hepatic FF was associated with higher FPG, higher TG, higher TC, lower HDL-C, and higher LDL-C (C); after further adjustment for BMI, these correlations were still significant, except for HDL-C (D).






Figure 3 | Graphical summary of the important correlates between various MRI-acquired fat measurements and continuous cardiometabolic risk factors independent of BMI shown in the present study. VAT area and hepatic fat were significantly associated with multiple continuous cardiometabolic risk factors.



The results of MRI-acquired fat measurements as factor correlate with continuous cardiometabolic risk factors in the sex-stratified analyses are described in Supplementary Material II.



3.6 MRI-Acquired Fat Measurements as Factor Correlate With Dichotomous Cardiometabolic Risk Factors

Results of sex-specific logistic regression analyses for various MRI-acquired fat measurements for dichotomous cardiometabolic risk factors are shown in Table 5. For all patients, VAT area was significantly associated with increased risk of hypertension, T2DM, high TG, low HDL-C, and CCRFs, with ORs of 1.009, 1.005, 1.007, 1.007, 1.007, and 1.011, respectively. After further adjustment for BMI, these correlations continued to be significant (Figures 4A, B). V/S was significantly associated with increased risk of hypertension, T2DM, low HDL-C, and CCRFs, with ORs of 1.597, 1.780, 1.519, and 1.865, respectively. After further adjustment for BMI, these correlations continued to be significant (Figure 4C, D). Hepatic FF was significantly associated with increased risk of hypertension, T2DM, high TG, high TC, low HDL-C, high LDL-C, and CCRFs, with ORs of 1.063, 1.072, 1.144, 1.102, 1.094, 1.136, and 1.144, respectively. After further adjustment for BMI, these correlations continued to be significant, except for hypertension, T2DM, and low HDL-C (Figures 4E, F). Pancreatic FF was significantly associated with increased risk of hypertension, T2DM, high TG, low HDL-C, and CCRFs, with ORs of 1.066, 1.088, 1.062, 1.056, and 1.100, respectively. After further adjustment for BMI, these correlations continued to be significant (Figures 4G, H). pPAT FF was significantly associated with increased risk of high TG, high TC, low HDL-C, and CCRFs, with ORs of 1.075, 1.052, 1.062, and 1.075, respectively. After further adjustment for BMI, these correlations continued to be significant, except for high TG (Figures 4I, J). Although SAT area and SAT FF were significantly associated with increased risk of multiple dichotomous cardiometabolic risk factors, after further adjustment for BMI, most of the correlations were not significant. In addition, VAT FF, intramuscular FF, and pPAT area were not significantly associated with any dichotomous cardiometabolic risk factors. The significant relationships between various MRI-acquired fat measurements and dichotomous cardiometabolic risk factors independent of BMI were shown in Figure 5.


Table 5 | Correlations between dichotomous cardiometabolic risk factors and MRI-acquired fat measurements.






Figure 4 | Association of VAT area (A), V/S (C), hepatic FF (E), pancreatic FF (G), and pPAT FF (I) with dichotomous cardiometabolic risk factors and further adjustment for BMI (B, D, F, H, J) expressed by odds ratios and 95% confidence intervals. VAT area was significantly associated with increased risk of hypertension, T2DM, high TG, low HDL-C, and CCRFs (A); after further adjustment for BMI, these correlations continued to be significant (B). V/S was significantly associated with increased risk of hypertension, T2DM, low HDL-C, and CCRFs (C). After further adjustment for BMI, these correlations continued to be significant (D). Hepatic FF was significantly associated with increased risk of hypertension, T2DM, high TG, high TC, low HDL-C, high LDL-C, and CCRFs (E); after further adjustment for BMI, these correlations continued to be significant, except for hypertension, T2DM, and low HDL-C (F). Pancreatic FF was significantly associated with increased risk of hypertension, T2DM, high TG, low HDL-C, and CCRFs (G); after further adjustment for BMI, these correlations continued to be significant (H). pPAT FF was significantly associated with increased risk of high TG, high TC, low HDL-C, and CCRFs (I); after further adjustment for BMI, these correlations continued to be significant, except for high TG (J).






Figure 5 | Graphical summary of the important correlates between various MR-acquired fat measurements and dichotomous cardiometabolic risk factors independent of BMI shown in the present study. VAT area, V/S, hepatic fat, pancreatic fat, and pPAT were significantly associated with multiple dichotomous cardiometabolic risk factors.



The results of MRI-acquired fat measurements as factor correlate with dichotomous cardiometabolic risk factors in the sex-stratified analyses are described in Supplementary Material II.




4 Discussion

In this study, the main observations can be summarized as follows: firstly, most fat measurements were associated with each other, but the strength of these associations greatly varied. Both hepatic FF and pancreatic FF had the strongest correlations with the VAT area, but intramuscular FF had the strongest correlation with SAT area. Secondly, we found VAT area, V/S, hepatic fat, and pancreatic fat rather than SAT area were significantly associated with multiple cardiometabolic risk factors. However, the patterns of these correlations varied by sex and specific risk factors. In addition, VAT and SAT FF were only significantly associated with multiple cardiometabolic risk factors in women. Finally, we also identified differential correlations between pPAT and cardiometabolic risk factors, especially in men.


4.1 SAT, VAT, and Cardiometabolic Risk Factors

It is well documented that SAT and VAT are associated with different cardiometabolic risk factors; in particular, a more adverse effect may be attributed to VAT (8, 23, 32). Similarly, in this study, we found that VAT area and V/S were significantly associated with multiple cardiometabolic risk factors and these correlations remained after adjustment for BMI. SAT area was significantly associated with multiple cardiometabolic risk factors, but these correlations were no longer statistically significant after adjustment for BMI. Thus, the VAT area has a pathological role in developing cardiometabolic risk factors, whereas SAT area does not contribute to cardiometabolic risk factors beyond a measure of generalized adiposity. This could be due to several reasons: first, VAT has metabolic properties that are distinct from SAT (34); second, VAT is constantly releasing free fatty acids into portal circulation. Excessive intake of free fatty acids by hepatocytes can lead to insulin resistance and systemic hyperinsulinemia (35); third, excess VAT can lead to leptin resistance and increased leptin secretion (36); and fourth, VAT is a marker of ectopic fat deposition (24, 37). Our result suggests that VAT may be a better indicator for the risk of cardiometabolic risk factors. Thus, reduced VAT deposition risk may have beneficial influences in cardiometabolic risk factor control.

Interestingly, our results revealed that SAT FF and VAT FF were associated with multiple cardiometabolic risk factors independent of BMI in women. Adipose tissue with higher lipid content and lipolytic activity can increase systemic free fatty acids (38) and can also induce whole-body insulin resistance (39) and endothelial dysfunction (40). Thus, an increased fat fraction of adipose tissue may reflect worsening fat quality, which may concur with adipocyte hyperplasia and hypertrophy (41), eventually leading to an increased risk of cardiometabolic risk factors. To the best of our knowledge, this is the first study that assessed fat quality in VAT and SAT FF via MRI fat fraction maps to explore the association between VAT and SAT FF and cardiometabolic risk factors. Nevertheless, this finding was only observed in women in the present study. It may be explained by sexual dimorphism in the process of adipose tissue remodeling (41) and cardioprotective effects of estrogen before and after menopause (42). The precise mechanism for these sex differences is not clear and remains to be elucidated in future studies.



4.2 Hepatic Fat and Cardiometabolic Risk Factors

Several studies have reported that hepatic fat was associated with hypertension, T2DM, and dyslipidemia (32, 43). This may be explained by the joint role of VAT and hepatic fat in glucose and lipid metabolism (44). Because the portal vein drains most VAT, the hyperlipolytic state of adipocytes associated with VAT exposes the liver to high concentrations of free fatty acids and glycerol, leading to several impairments in liver metabolism, such as increased production of triglyceride-rich lipoproteins, as well as increased production of hepatic glucose (45). In the presence of hepatic steatosis, various intermediate lipid moieties generated during triglyceride synthesis (e.g., diacylglycerols and ceramide) have been shown to promote lipotoxicity and enhance hepatic insulin resistance (46, 47), likely by inhibiting insulin signaling pathways (48, 49). In addition, hepatic steatosis can accelerate the lipolysis and the secretion of very low-density lipoprotein, leading to dyslipidemia (50). Decreased insulin sensitivity and increased glucose production lead to decreased islet cell function and hyperglycemia (51), as well as increased release of inflammatory factors (such as IL-6, TNF-α, and C-reactive protein) (52, 53). Similarly, our study showed that hepatic FF was mainly associated with multiple cardiometabolic risk factors related to dyslipidemia traits, including high TG, high TC, high LDL-C, as well as measures of FPG, TG, TC, and LDL-C independent of BMI. This finding supports that hepatic fat may be associated with glycolipid regulation and metabolism. Thus, hepatic fat may be useful to identify those with higher risk of cardiometabolic risk factors.



4.3 Pancreatic Fat and Cardiometabolic Risk Factors

It was found that pancreatic fat bears adverse effects on the cardiometabolic health. In agreement with findings from previous studies, we found that pancreatic FF was significantly associated with multiple cardiometabolic risk factors, including hypertension, T2DM, high TG, low HDL-C, and CCRFs, and the correlations remained after adjustment for BMI. Zhou et al. (54) reported similarly a significant correlation of pancreatic steatosis with abdominal obesity, hypertension, hyperglycemia, and hypertriglyceridemia in a Chinese population. Bi et al. (55) systematically reviewed the association between pancreatic steatosis and metabolic comorbidities and indicated that pancreatic steatosis was significantly associated with an increased risk of metabolic syndrome and its components. However, the results in the literature showing correlations between pancreatic FF and cardiometabolic risk factors are often inconsistent, as previous studies found no significant differences in pancreatic fat fraction among subjects with normal glucose tolerance, prediabetes, and T2DM (56). These inconsistencies may be related to the small sample size, heterogeneous distribution of pancreatic fat, and genetic factors. Different from previous studies, pancreatic fat was more accurately evaluated using the 3D semiautomatic segmentation method in MRI fat fraction map in our study because of avoiding the effects of the heterogeneous distribution of pancreatic fat. Our results further confirm that assessment and monitoring of pancreatic fat may be used in the prediction of cardiometabolic risk factors and their early prevention.



4.4 Intramuscular Fat and Cardiometabolic Risk Factors

As with other ectopic fat depots, ectopic muscle fat has the potential of impairing insulin action through the inhibition of insulin signaling by lipotoxic diacylglycerols and ceramide and cause insulin resistance (57). Also, secretions of skeletal muscle adipocytes are able to impair insulin action and signaling of muscle fibers (58). In addition, T cells and macrophages accumulate in skeletal muscle fat of mice with diet-induced obesity. T cells and macrophages further impair metabolic functions of skeletal muscle cells through a paracrine mechanism (59). Yet, we found that it was not significantly correlated with any cardiometabolic risk factors (except for diastolic BP in women) in our study, which may be because diet and exercise can individually affect intramuscular FF (60). Further studies are required to address the role of intramuscular FF on cardiometabolic risk factors.



4.5 pPAT and Cardiometabolic Risk Factors

pPAT is a less-explored abdominal depot, and its nature has been debated. Although pPAT has sometimes been defined as VAT, it is actually SAT that is not located intraperitoneally and is connected to the systemic circulation rather than the portal circulation. Compared with VAT and SAT, adipose-derived stem/stromal cells derived from pPAT revealed highest capacity to generate new adipocytes by adipogenesis and low proinflammatory profile (61). Nevertheless, pPAT behaves like VAT and is correlated positively with hypertension, dyslipidemia, insulin resistance, cardiovascular disease risks, and obesity (5, 31). Compared with previous research, we found that pPAT area was significantly associated with hypertension, T2DM, high TG, low-HDL-C, CCRFs, and measures of TG and HDL-C independent of BMI in men rather than women. pPAT FF was significantly associated with low HDL-C and a measure of TG in women and CCRFs in men. Yet, the precise mechanism for this sex difference for pPAT is not clear. pPAT may play an important role in the occurrence and development of cardiovascular metabolic risk factors and the underlying mechanism remains to be elucidated in the future studies.

Our results showed that there was a BMI-independent association between ectopic fat depots and cardiometabolic risk factors, suggesting that ectopic fat depots might be more adequate indicators for the evaluation of cardiometabolic risk factors because BMI can neither reflect the regional body fat distribution nor distinguish between muscle and adipose tissue. Importantly, obesity is heterogeneity. Between 10% and 30% of obese individuals (defined by BMI) have been characterized as metabolically healthy obese. Yet, some nonobese individuals show evidence of metabolic complications typical for obesity (62). Thus, the use of BMI is only an approximation of the evaluation of the amount of fat mass and is inadequate to reflect the association between the obesity and cardiometabolic risk factors. However, the results about the strength of associations of fat depots and BMI with cardiometabolic risk factors are still inconsistent. Previous studies found that associations between fat depots and cardiometabolic risk factors were not independent of BMI and BMI seemed stronger associated with some indicators of cardiometabolic risk factors (63–65). Several potential factors may have contributed to this inconsistency. First, sex‐related differences: some studies showed that BMI may adequately capture cardiometabolic risk in men but not in women (63, 64). The exact mechanism underlying the sex difference is not known but may be related to the greater effect of free fatty acid mobilization from VAT into the hepatic portal circulation in women than in men (66). Second, racial/ethnic disparities: for each 1-unit increase in BMI, Asians had higher risk of hypertension and T2DM compared with non-Hispanic whites, Hispanics, and non-Hispanic blacks, indicating incremental weight gain in Asians is more detrimental (67). In addition, there are also racial/ethnic differences in prevalence of obesity, VAT, and NAFLD (68, 69). Due to genetic differences, NAFLD occurs not only in people with high BMI but also in people with low BMI. It was found that the G allele of PNPLA3 rs738409 was associated with increased risk of NAFLD in Asians (70) as well as in nonobese or lean individuals (71). Previous study showed that PNPLA3 polymorphism was associated with the rate of T2DM in Japanese population (72).



4.6 Strengths and Limitations

This study has some strengths. Initially, MRI fat fraction map was used to accurately evaluate the ectopic fat deposition in different parts of the abdomen, including VAT, SAT, pPAT, whole hepatic fat, whole pancreatic fat, and bilateral paraspinous muscle fat. Furthermore, it was the first paper to evaluate the VAT FF and SAT FF by MRI fat fraction map to explore the associations between VAT FF, SAT FF and cardiovascular metabolic risk factors. Finally, the subgroup analysis of gender stratification was performed to explore the gender differences in the association between various ectopic fat deposition and cardiovascular metabolic risk factors.

This study has several limitations. First, this was a cross-sectional study; thus, the causal relationship of MRI-acquired fat depots with cardiometabolic risk factors cannot be inferred. Well-designed prospective cohort studies are needed to elaborate the causality in the future. Second, selection bias was a major limitation of this study. Third, the sample size was small because of high cost of MRI measurements as well as strict exclusion criteria. Fourth, the intramuscular FFs in most previous studies were measured at L3 level (1, 3); however, we measured it using 3D semiautomatic segmentation ranging from T4 to T12. Fifth, data on mortality and exercise factors were unavailable in the current study; thus, we cannot evaluate these factors” influences on the observed associations. Sixth, compared with Asians, other ethnicities could have different types of ectopic fat deposition; therefore, the associations with cardiometabolic risk factors may be different, which limits the generalization of the presented findings beyond Asian populations. Sixth, FPG ≥7.0 mmol/L was used as a single diagnostic criterion for T2DM (32), which may have an impact on the results. Finally, those should be considered preliminary results. We will continue to conduct combined analysis of significant various MRI-acquired fat depots according to sex and specific risk factors, and then obtain personalized models in prediction, early prevention or therapeutic intervention of cardiometabolic risk factors in the further study.



4.7 Clinical Implications

This study adds an important facet to the obesity study spectrum in which, within the heterogeneity of abdominal fat distribution, VAT, hepatic fat, pancreatic fat, and pPAT were associated with cardiovascular metabolic risk factors independently of BMI. Regarding the preventive significance of this study, our findings support that only making recommendations based on BMI may lead to misclassification of high-risk individuals as “metabolically healthy obesity.” Those who are “metabolically unhealthy nonobese” and “metabolically unhealthy normal weight” will be misclassified as people with lower risk. Our study also demonstrated the patterns of these correlations varied by gender, supporting that gender should be considered an important point in classifying individuals at the high risk of cardiometabolic abnormalities. In addition, the result showed that pPAT should not be overlooked as pathologic fat depots contributing to cardiometabolic risk factors. It is necessary to explore the biology of various ectopic fat storage to precisely decipher the pathogenicity of excess adiposity in future studies.




5 Conclusion

VAT area, V/S, hepatic fat, pancreatic fat, and pPAT rather than SAT area were significantly associated with multiple cardiometabolic risk factors. However, the patterns of these correlations varied by sex and specific risk factors. In addition, VAT and SAT FF were only significantly associated with multiple cardiometabolic risk factors in women. These findings broaden the understanding of the association between ectopic fat deposition and cardiometabolic risk factors, thus further clarifying the heterogeneity of obesity.
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Obesity is a feature of metabolic syndrome with chronic inflammation in obese subjects, characterized by adipose tissue (AT) expansion, proinflammatory factor overexpression, and macrophage infiltration. Autophagy modulates inflammation in the enlargement of AT as an essential step for maintaining the balance in energy metabolism and waste elimination. Signaling originating from dysfunctional AT, such as AT containing hypertrophic adipocytes and surrounding macrophages, activates NOD-like receptor family 3 (NLRP3) inflammasome. There are interactions about altered autophagy and NLRP3 inflammasome activation during the progress in obesity. We summarize the current studies and potential mechanisms associated with autophagy and NLRP3 inflammasome in AT inflammation and aim to provide further evidence for research on obesity and obesity-related complications.
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1 Introduction

Owing to the rapid socioeconomic development and increasingly obesogenic environments, obesity has become prevalent worldwide in recent decades (1, 2). Obesity is a serious health issue. According to the latest national surveys based on Chinese criteria of obesity, the number of obese (body mass index (BMI) ≥ 28 kg/m2) adults has more than quadrupled and the number of overweight (BMI 24-27.9 kg/m2) has more than doubled in China (3–5). Data also showed that 16.4% of Chinese adults were obese and another 34.3% were overweight (6).

Obesity increases the risk of several inflammation-related complications, including type 2 diabetes and insulin resistance, cardiovascular diseases, hepatic steatosis and several types of cancer. Obesity and its complications involve plenty of etiological mechanisms, including disproportionate or unbalanced food intake and energy expenditure, and a complex interplay between genetic and environmental factors that have effects on hemodynamic, neurohormonal, and metabolic regulation, leading to oxidative stress, inflammation, apoptosis and lipotoxicity (7). The pathogenic progression of obesity-related complications is exacerbated by persistent adipose tissue (AT) inflammation (8, 9). Current approaches to obesity management are mainly containing lifestyle interventions (physical exercise and dietary modification) and non-lifestyle interventions (weight-loss medications or surgery). One recent review summarizes that natural and pharmaceutical agents display promise in alleviating endoplasmic reticulum stress and maladaptive unfolded protein response which improves obesity pathogenesis and management (10). How to effectively reduce AT inflammation is a challenging task in obesity management.

Recent research support altered (enhanced or inhibited) autophagy is major process regulating cellular metabolism and energy homeostasis, which has integrated into AT inflammation (11, 12). Obese individuals exhibited elevated release of inflammatory cytokines and raised infiltration of macrophages in WAT (white adipose tissue), including visceral white adipose tissue (vWAT) and subcutaneous white adipose tissue (sWAT) (13). The NOD-like receptor protein 3 (NLRP3) inflammasome has recently been demonstrated to detect nonmicrobial danger signals in dysfunctional AT and involved in obesity-related inflammation (14, 15). Moreover, WAT resists obesity-related inflammation through compensatory enhancement of autophagy. Thus, WAT from obese individuals presented increased levels of autophagic markers, autophagy-related genes (ATGs), microtubule-associated protein 1A/1B-light chain 3 (LC3), p62, and Beclin-1, at either gene and/or protein levels (11, 16, 17). Here, we focus on the mutual regulation and cellular mechanism between NLRP3 inflammasome and autophagy in AT during obesity.



2 Adipose Tissue Composition and Inflammation

To store extra energy and prevent ectopic lipid accumulation, AT mass expanses in two ways: hypertrophy (increasing the size of existing adipocytes) or hyperplasia (the differentiation of preadipocytes into adipocytes) (18). The quantity of adipocytes in AT is determined early in infancy and remains constant throughout maturity. The balance between hypertrophy and hyperplasia in adipocytes has a significant impact on energy metabolism in AT (19). AT is composed of various cell types in adult mammals, including adipocytes, macrophages, vascular endothelial cells, fibroblasts, preadipocytes, and other immune cells (20).

Preadipocytes develop into new adipocytes in response to sustained caloric excess, contributing to AT enlargement. For example, adipocytes with smaller lipid droplets can store lipids, convert excess free fatty acids (FFA) to triglycerides, and maintain an insulin-sensitive state. AT expansion by increasing adipogenesis can decrease cellular inflammatory cytokines and the number of hypertrophic adipocytes (21). Newly differentiated adipocytes have the potential of hypertrophy, which can grow to hundreds of microns in diameter (18). Larger adipocytes expand to the oxygen diffusion limit, resulting in cellular hypoxia. The small adipocytes gradually increase in size and contact surrounding cells, resulting in the increased extracellular matrix and mechanical pressure. When hypoxia is combined with mechanical and metabolic stress, small adipocytes enhance adipogenesis, lowering hypoxic stress and consequent inflammation in AT. It revealed that adipogenic capacity from preadipocytes enabled WAT in obese individuals to perform normal physiological functions (22).

As an endocrine organ, AT produces various proinflammatory cytokines and integrates immune signaling in dysfunctional metabolic status (23). Some cytokines, including tumor necrosis factor (TNF)-α, interleukin (IL)-1β, IL-6, IL-8, and monocyte chemotactic protein-1 (MCP-1), also indicated metabolic dysfunction of AT (24). Individuals with more hypertrophic adipocytes typically had higher levels of proinflammatory cytokines and lower levels of adiponectin and IL-10 (25, 26). Hypertrophic adipocytes drove collagen deposition and fibrosis, resulting in AT remodeling and insulin resistance (27–30). It has been suggested that FFA promotes inflammation mediated by Toll-like receptors (TLRs) in adipocytes and macrophages. FFA activated TLR 4/TLR 2, stimulated nuclear factor kappa B (NF-κB) and Jun amino-terminal kinase (JNK) signaling, induced the expression of inflammatory cytokine genes, such as TNF-α and IL-6, and aggravated insulin resistance in adipocytes and macrophages (31, 32). P38 mitogen-activated protein kinase (MARK) and Jnk were upregulated and activated in vWAT with increased numbers of hypertrophic adipocytes. The extent to which p38 MARK and Jnk were phosphorylated, particularly in vWAT, corresponded with fasting levels of triglycerides, insulin, and glucose (33). Another study confirmed that mice with AT-specific Jnk1 deletion were protected against diet-induced insulin resistance and inflammation (34). These results indicated that TLRs were connected to cytokine activation via NF-κB and JNK in adipocytes and macrophages.

Crosstalk between adipocytes and adipose tissue macrophages (ATMs) leads to chronic inflammation and accelerates the inflammatory process in AT (35). First, increased FFA and chemotactic factors, for example MCP-1, derived from adipocytes can enhance the accumulation and transition of proinflammatory M1 macrophage subsets rather than anti-inflammatory M2 macrophage subsets in the expanded AT (36). For example, AT from obese mice with high-fat diet (HFD) represented increased F4/80 and CD11b+ macrophages and elevated IL-6 and MCP-1 levels. The high double-positive CD11b+ and F4/80 macrophages and inflammatory cytokines were reduced in mice through docosahexaenoic acid supplement (37). Another study showed that n-3 PUFAs added to mice with HFD prevented macrophage chemotaxis, stimulated M2 polarization, and suppressed M1 polarization in AT from in vitro and vivo experiments (38). Second, with increased volume and number of adipocytes, hypertrophic adipocytes have to face heavier mechanical stress and hypoxia, which further exacerbated ATMs-related inflammation (39, 40). Selective Jnk insufficiency in macrophages decreased ATM infiltration and maintained insulin sensitivity in mice fed HFD. Hypertrophic adipocytes triggered the release of proinflammatory cytokines and then attracted more macrophages to AT through increasing the productions of reactive oxidative species (ROS) and endogenous redox stress (41–44). Notably, ATMs delivered proinflammatory signals to other organs, indicating a link between obesity and secondary organ damage, such as that in the liver, skeletal muscle, and pancreas (45).In vivo imaging studies showed that ATM migrated from the periphery of apoptotic adipocytes, such as crown-like structures, and resided in the cellular interstitium of other tissues (46) (Figure 1).




Figure 1 | Overview of the interaction between autophagy and NLRP3 inflammasome in adipose tissue inflammation (mainly adipocytes and macrophages). Activation of NLRP3 inflammasome by diverse metabolic stimuli (such as LPS, cathepsins, and mitochondrial dysfunction) via TLRs or PAMPs/DAMPs leads to metabolic and immune dysregulation, including insulin resistance, macrophage polarization (M2 to M1), hypoxia, impaired adipogenesis and increased fibrosis in adipose tissue. Detailed descriptions and explanations for each alteration can be found in Section 2 and Section 3. DAMPs, damage-associated molecular patterns; ECM, extracellular matrix; FFA, free fatty acids; IL-1β, interleukin 1β; LMP, lysosomal membrane permeabilization; LPS, lipopolysaccharide; ROS, reactive oxidative species; PAMPs, pathogen-associated molecular patterns; TLRs, Toll-like receptors. Image created with BioRender.com.





3 Obesity and Autophagy

Autophagy is an evolutionarily conserved process in all eukaryotes that transports damaged proteins and organelles to the lysosome for degradation. Autophagy is intimately involved in the development of obesity and obesity-related metabolism (47, 48) (Figure 1). Excessive autophagy is hypothesized to be another form of cell death known as autophagy-related cell death (49).


3.1 Autophagy and WAT Inflammation

Autophagy is associated with innate and adaptive immunity, the elimination of pathogens and intracellular waste, and the regulation of immune functions in immune and nonimmune cells, such as antigen presentation and cytokine synthesis and secretion (50, 51) (Figure 1). The outcome of autophagy is determined by the type of stimulus, the microenvironment, cell types, and other biological factors (52). Consistent with its role in pathogen degradation, the activation of pattern recognition receptors such as TLRs or nucleotide oligomerization domain-like receptors (NLRs) initiated autophagy by endogenously recognizing and binding microbial components, such as pathogen-associated molecular patterns (PAMPs) or damage-associated molecular patterns (DAMPs) (53). Once activated, autophagy suppresses inflammation by blocking the generation and secretion of proinflammatory molecules, including IL-1β degradation via autophagosomes and the direct inhibition of inflammasomes (53–56) (Figure 1).

The variations in autophagy between vWAT and sWAT must be investigated independently in obesity (57, 58). Kovsan et al. discovered that patients with vWAT accumulation had significantly higher mRNA levels of ATG5, LC3-I, and LC3-II than those with peripheral obesity. The researchers concluded that autophagic genes and proteins were expressed more abundantly in vWAT than in sWAT, independent of BMI or glycemic status (17). Numerous studies have examined the link between autophagy in WAT and adipocyte size in obesity (16, 17, 59). Adipocyte size was strongly correlated with ATG expression (16, 17). However, not all research has demonstrated a clear correlation between adipocyte size and adipocyte autophagic flux (16, 17, 59). Different methodologies may account for these discrepancies. The link between autophagy flux and hypertrophy in adipocytes should be further examined.

Compared to normoglycemic and lean individuals, AT from obese ones was characterized by increased autophagy, proinflammatory cytokines, and macrophage infiltration (13). In vitro, hypertrophic 3T3L1 adipocytes had decreased autophagy and increased inflammation. 3-Methyladenine, an autophagy inhibitor and lysosomal blocker, increased inflammatory cytokine expression (12). The outcome validated the connection in the opposite direction. The specific mechanism by which WAT alleviates nutritional stress at the molecular and cellular levels has not been determined.



3.2 Autophagy Flux Detection of WAT Fraction

Evaluating alterations of autophagy requires analyzing the autophagy flux of different cell types in WAT. Several studies have examined autophagy in mature adipocytes and stromal vascular fractions (SVFs) (11, 17, 60). Expressions of ATGs have been shown in mature adipocytes. The difference between the SVF and adipocytes depended on the analyzed ATGs, although it was unclear which component of AT influenced the overall autophagy level. Kovsan et al. discovered that visceral adipocytes had much higher gene and protein expressions of ATG5 and LC3 than subcutaneous adipocytes (17). Jansen et al. demonstrated that ATG5 and ATG7 expression levels were reduced in the SVF and adipocytes of the vWAT and sWAT of healthy individuals. However, the researchers discovered that ATG1 and ATG16L expression levels were lower in mature adipocytes than in the SVF, indicating the opposite of previously observed (11). On the contrary, Rodriguez et al. showed no significant change in Beclin-1, ATG5, or ATG7 expression between visceral adipocytes and the SVF in obese patients. Although not statistically significant, ATG7 expression tended to be higher in the SVF than in adipocytes (60). Increased autophagy in WAT was related to the metabolic state. Clinical studies have shown that the gene and protein levels of autophagic markers in sWAT and vWAT are favorably linked with plasma triglycerides, cholesterol, FFA, and the insulin resistance index but negatively correlated with adiponectin (11, 17). It was difficult to identify special cell clusters of WAT engaged in autophagy when confronted with various stress or metabolic signaling in obesity. Further study of autophagic activity should focus on cells directly isolated from AT in different metabolic states.

The polarization of macrophages and function-related autophagy in macrophages are critical for WAT immunological homeostasis. WAT of Atg7 mutant mice fed HFD had increased the infiltration and proportion of proinflammatory M1 macrophages and impaired systemic insulin sensitivity. Inhibition autophagy in vitro experiment was similarly characterized by increased ROS and IL-1β in macrophages (61–63). Recent research showed that Lc3 levels of macrophages in WAT from genetically modified obese mice were much higher than that of diet-induced obesity (DIO) animals. Additionally, the data indicated that the microenvironment of WAT could influence local ATMs by increasing autophagic flux (64). However, given that autophagy is considered to inhibit the inflammatory response (39), increased inflammation in WAT in genetically modified obese mice is perplexing.



3.3 WAT Autophagy: Animal Models

Due to the convenience and availability of animal models, systemic metabolic changes related to autophagy in WAT come from mice studies (Table 1). Genetic deletion of Atg7 or Atg5, which were essential autophagy genes in adipocytes, resulted in the impaired differentiation of white adipocytes. Atg7 or Atg5 knockout mice exhibited decreased diet-induced weight gain, increased WAT volume, and improved insulin sensitivity (65, 66). Additional studies indicated that p62 affects energy metabolism in AT by regulating the activity of mitochondria. P62 deficiency in adipocytes resulted in decreased mitochondrial activity. The activation of p38 targets was reduced by silencing p62, impacting signaling molecules that governed mitochondrial activity (67). Bif-1 is a protein that induces membrane curvature and is involved in controlling autophagy. Bax-interacting factor 1(Bif-1) deficiency increases the volume of AT and contributes to the development of insulin resistance. Obesity caused by Bif-1 deficiency decreased the expression of proteins involved in the autophagy-lysosomal pathway in adipose tissue, including Atg9a and Lamp1 (68). If adipogenesis was viewed as a mechanism for the healthy expansion of WAT, Atg-knockout mice with favorable metabolic profiles appear contradictory. These findings indicated that Atg5 or Atg7 deletion in mice enhanced oxidation during metabolic activity and reduced browning and fibrosis in WAT (65, 66, 71). The capacity of increased heat production and oxygen consumption may help to explain animals remaining in an insulin-sensitive state, even when WAT adipogenesis is decreased. The aforementioned findings indicated that autophagy was required for hyperplasia. Autophagy activation in AT may be necessary for adipogenesis and healthy expansion in obesity. Although data from autophagic gene knockout animal models have been acquired, the specific regulation of autophagic processes in obesity and related metabolic disorders is unclear.


Table 1 | Animal studies about autophagy and inflammation in obese models.



Research needs to explore the WAT autophagy state to elucidate the mechanisms of WAT dysfunction in obesity. There was impaired autophagy in WAT in DIO mice (12, 69). It reported that Lc3-II and p62 protein levels were increased in the vWAT of DIO mice, while Atg5 or Beclin-1 levels remained unchanged. Autophagic flux and autophagosome formation were enhanced in vWAT, and vWAT lysosomal function was impaired in DIO mice (69). Another study reported that DIO mice presented inhibited autophagy, but Lc3-II immunofluorescence analysis was not performed (12). In addition, Nuñez et al. described decreased levels of phosphorylated mTOR and increased Beclin-1 and p62 in DIO mice compared to lean mice (70), and there were reduced numbers of autophagosomes in AT of calorie-restricted obese mice compared with calorie-restricted lean mice. It was concluded that obesity and caloric overfeeding are associated with the defective regulation of autophagy in AT.

Another related issue was the exact step that regulated the autophagic process and was affected by DIO. Yoshizaki et al. showed that autophagy is impaired at an early stage of autophagosome formation in DIO mice and that lysosomal inhibition led to LC3-II accumulation (12). In contrast, Mizunoe et al. reported an increase in diet-induced autophagosome formation, an increase in Lc3-II and p62 after lysosomal inhibition, and the dysregulation of protease lysosomes, suggesting that the autophagic process may be gradually attenuated in DIO animals (69). Similar to other studies, these differences might result from different experimental approaches and uniform criteria were required to determine the autophagic status (52). Another problem was differences in the timing of diets from study to study, and the effects on autophagy may differ (12, 69, 70). Notably, there were inconsistent interpretations of the autophagic state in different studies. For example, it has been suggested that elevated p62 attenuates autophagy (69). It has also been suggested that elevated p62 enhances autophagy (70). It is difficult to draw a definite conclusion in these cases.



3.4 WAT Autophagy: Human Clinical Study

The convenience of obtaining AT compared to that of liver or muscle from humans has ensured research in obese individuals (Table 2). Regarding human studies, the overall trend was that WAT autophagy was increased in obese individuals (11, 13, 16, 17, 70, 72). Autophagy markers (Beclin-1, ATG5, ATG12, ATG7, LC3-I, LC3-II, and p62) in obese patients had higher mRNA or protein levels than those in lean individuals, and mammalian target of rapamycin (mTOR) expression was decreased, along with sWAT or vWAT (11, 13, 16, 17, 70, 72). Notably, not all studies analyzed the same autophagy markers, and the expression of these autophagy markers was analyzed independently in each study. Given the inconsistent conclusions on autophagic status in the WAT of DIO mice and obese subjects, it is necessary to confirm whether autophagic flux is accompanied by increased expression of autophagic proteins related to substrate recognition and autophagosome formation, such as LC3 or p62. There are two opposing situations: increased autophagic flux and impaired lysosomal degradation, leading to autophagosome accumulation. Autophagic flux assays could distinguish between these two conditions (52). Thus, in vitro experiments under lysosomal inhibitor conditions revealed enhanced autophagic flux in sWAT and vWAT from obese patients and DIO mice, and the findings suggested consistent WAT autophagic gene or protein expression in obesity (17, 69).


Table 2 | Clinical studies about autophagy and inflammation in obese individuals.



Studies on WAT autophagy have also been performed in humans with weight-loss operations, confirming that autophagy levels were elevated in obese states (70, 72). Nuñez et al. showed decreased Beclin-1 and autophagosomes in the sWAT of obese patients after bariatric surgery with or without diabetes (70). Some investigators have suggested that metabolic improvements after bariatric surgery are associated with sWAT autophagy. Soussi et al. indicated that autophagic flux in adipocytes was impaired in obese patients, while autophagic flux was restored after bariatric surgery (16). The study only compared the levels of LC3-II before and after surgery in response to lysosomal inhibition. Autophagic flux was not detected in the presence of lysosomal inhibition. In this context, autophagy plays a protective role against nutrient metabolism-related stress. However, the specific expression of ATGs in response to metabolic changes caused by surgery has not been investigated, and the function of operation-induced vWAT autophagy in systemic responses is unclear.




4 Obesity and NLRP3 Inflammasome

Unhealthy expansion of AT referred to the accumulation of inflammatory factors and destruction of cellular homeostasis. The canonical NLRP3 inflammasome consists of the NLRP3 receptor, the adaptor molecule apoptosis-associated speck-like protein with a CARD (ASC), and Caspase-1. NLRP3 inflammasome interacted with the adaptor protein ASC and then recruited inflammatory Caspase-1 to the complex, subsequently oligomerized into pentameric inflammasomes. Caspase-1 was a common effector molecule that cleaved the inactive precursors of IL-1β and IL-18 into their mature forms, and these factors are then secreted from cells. Transcription factor NF-κB was the most crucial signal in the activation of NLRP3 inflammasome. One study investigated mice fed HFD and found increased activity of NF-κB and systemic inflammation. Inflammasome-induced pyroptosis was alleviated by blocking NF-κB/Gsdmd signaling in AT of mice (73). In contrast to other inflammasomes, NLRP3 inflammasome may be activated in response to various stimuli (74). Evidence showed that ROS, lysosomal membrane permeabilization (LMP), and mitochondrial dysfunction were involved in NLRP3 inflammasome activation (75–77) (Figure 1).

A recent systematic review revealed increased NLRP3 and IL-1β in the sWAT and vWAT of obese individuals or mouse models (78). For example, increased gene expression of NLRP3 and its products IL-1β and IL-18 was found in the vWAT of metabolically unhealthy obese individuals compared to lean or metabolically healthy obese individuals or healthy controls (79). Alternatively, obese individuals with increased visceral fat ratios or increased vWAT and sWAT had elevated IL-1β, Caspase-1, and NLRP3 gene expression (80). A study in mice showed that Nlrp3 inflammasome recognized lipotoxicity-associated elevations in intracellular ceramide to trigger Caspase-1 cleavage in macrophages and AT, and the expression of inflammasome components in sWAT was positively linked with ceramide levels. In obese mice, knocking down Nlrp3 decreased Il-18 expression and effector T cells and increased naïve T cells in AT (81). Adipocytes but not SVF showed an increase in NLRP3 and IL-1β expression in the sWAT of obese females (82). Obese and type 2 diabetic patients exhibited decreased gene expressions of IL-1β and NLRP3 in sWAT and increased insulin sensitivity after diet intervention or exercise (81). Likewise, weight loss by bariatric surgery also reduced gene expression and secretion of IL-1β in the AT of humans and animals (81, 83–85). Other studies showed that inflammasome activators were decreased, and inflammasome inhibitors were increased after bariatric surgery (86–88). It was unclear whether these changes directly caused NLRP3 inflammasome declines in AT.


4.1 NLRP3 Inflammasome Regulation in WAT

The senescent WAT was associated with an inappropriate expansion of adipocytes, insulin resistance, and dyslipidemia (89). Inflammasomes in senescent WAT, each of which had its priming and stimulus, such as gut-derived endotoxin, adipocytokines, lipid metabolites, and mitochondrial dysfunction, played an essential role in chronic inflammation and insulin resistance (90–95). Adipocytes differentiate, hypertrophy, and die in response to nutritional status or environmental variables. Caspase-1 and IL-1β were expressed dynamically during the differentiation of adipocytes (96). Stienstra et al. found that Caspase-1 inhibition increased genes expression of adipogenesis in adipocytes, including adiponectin and peroxisome proliferator-activated receptor γ, and inhibited IL-1β but not IL-18 production in vitro. Caspase-1- or Nlrp3- promoted adipogenesis and improved AT function and insulin sensitivity in mice (96). A recent study showed that NLRP3 inflammasome was activated by LPS and palmitic acid, which contributed to adipogenesis and, conversely, inhibited the osteogenesis of stem cells in vitro (97). The reason for these differences may be the different activators of NLRP3 inflammasome or cell types. NLRP3 inflammasome was implicated in the downregulation of adipogenesis in the sWAT of obese adolescents (80). Impaired adipogenesis may affect de novo adipocyte recruitment and lead to preexisting hypertrophy of adipocytes. Studies showed that Nlrp3- or Caspase-1 prevented hypertrophy of adipocytes in DIO mice (81, 98). However, the mechanism of energy consumption requires a detailed examination of inflammasomes in the process of adipogenesis and lipolysis.

Autophagy is a conserved, lysosome-mediated catabolic mechanism that is responsible for degradation and recycling. Cysteine cathepsins in the lysosome are a cluster of compensatory proteases involved in various cellular processes such as proteolytic degradation through crossing or overlapping signaling pathways. Lysosomal cysteine cathepsins include cathepsins B (CTSB), C, F, H, K, L, O, S, V, and Z (99). Some researchers showed that the mRNA and serum levels of CTSS were positively correlated with BMI and were decreased by weight loss (100). Others demonstrated that CTSK, CTSB, and CTSL were expressed in AT and were elevated in obese humans and mice models (69, 101–103). CTSB has been implicated as a modulator of NLRP3 inflammasome activation through the release of the lysosomal enzyme due to LMP (77). According to one study, the overexpression of Ctsb in obese mice increased Caspase-1 in vivo and in vitro (69). Mizunoe et al. discovered that Ctsb overexpression inhibited the expression of Perilipin-1 in 3T3L1 adipocytes. Ctsb overexpression resulted in lipolysis and metabolic dysfunction in 3T3L1 adipocytes (104). Enhanced autophagy in db/db mice fed HFD showed the accumulation of autophagosomes and an increased ratio of Lc3-II to Lc3-I with low-grade systemic inflammation (105). Reduced protein expression of Perilipin-1 was related to the activation of inflammatory responses in obese individuals (106). Understanding the specific inflammasome pathways activated by cysteine cathepsins will be important for obesity-related metabolic diseases.



4.2 NLRP3 Inflammasome and AT Remodeling

Chronic and systemic inflammation underlined immune activation during obesity. Dysfunctional AT exhibits impaired angiogenesis, altered extracellular matrix (ECM) remodeling and fibrosis (43). One study showed that blocking the expression of NLRP3 inflammasome reduced AT inflammation and significantly attenuated fibrosis by decreasing the production of IL-1β (107). In addition, researchers have revealed that NLRP3 inflammasome in visceral adipocytes is regulated by exogenous (LPS, aluminum or TNF-α) and endogenous (ATP or TNF-α) factors and hypoxia. NLRP3 gene silencing reduced the expression and release of inflammatory markers, such as IL-1β and IL-6, IL-8, and TNF-α (107). NLRP3 inhibition in AT attenuated the expression of essential molecules involved in ECM deposition and fibrosis, including different collagens and proteases, such as collagen type I alpha 1 chain 1 (COL1A1), COL4A3, COL6A3, MMP2, and MMP9 (107, 107).

In addition, activation of NLRP3 inflammasome in AT exacerbated fibrosis, restricted the healthy expansion of adipocytes and increased circulating levels of FFA during obesity (28, 107). Such as palmitate decreased active AMP-activated protein kinase, blocked the unc-51–like kinase-1 autophagy signaling cascade, and reduced glucose tolerance and insulin sensitivity in HFD mouse models (108). Genes knockdown of Nlrp3 and Tlr4 prevented diet-induced AT fibrosis in mice by modulating upstream factors of the inflammatory response in immune cells (109). There had been few studies on inflammation in brown AT, but there was evidence that inflammation could impair thermogenesis and exacerbate the whitening of BAT (40). Mice with Atgl knockout exhibited increased whitening of BAT and the induction of Nlrp3 inflammasome expression (109). These results provided a helpful framework to understand the pathogenesis of obesity-associated diseases. A better understanding of the involvement of NLRP3 inflammasome pathway will inspire the development of therapeutics for reducing collagen deposition and fibrosis in AT.



4.3 NLRP3 Inflammasome and Obesity-Associated Liver Disease

Inflammasome activation also has been recently recognized to play a critical role in the development of obesity-associated liver disease. The histological evidence of hepatic steatosis from 9-month-old DIO Nlrp3- mice suggests that compared to WT mice, the ablation of NLRP3 resulted in reduction in hepatic steatosis. Obesity-related inflammasome activation in AT and liver was prevented, and insulin signaling was improved in Nlrp3- mice (81). Another study generated global and myeloid cell-specific conditional mutant Nlrp3 knockin mice, resulting in a hyperactive Nlrp3. It demonstrated that global and myeloid-specific NLRP3 inflammasome activation resulted in severe liver inflammation and fibrosis while identifying a novel mechanism of NLRP3-mediated liver damage (110).




5 Interaction Between Autophagy and NLRP3 Inflammasome

There is a reciprocal regulatory relationship between autophagy and inflammasome activation. Not only does autophagy or mitophagy affect NLRP3 inflammasome activation, but NLRP3 inflammasome activation also dictates autophagy or mitophagy status. Appropriate inflammasome activation helps the organism cope with external metabolic stress. Excessive activation of NLRP3 inflammasome intensified the development of inflammatory products (95, 111). Autophagy is an essential process for the recycling and removal of damaged proteins and organelles. Autophagy-mediated degradation relies on lysosomes to remove double-membraned organelles. The acidic environment and proteases in the lysosome ensure normal autophagy. Autophagy can remove NLRP3 inflammasome activators (ROS and damaged mitochondria) and degrade NLRP3 inflammasome components, reducing inflammasome activation and the inflammatory response. Moreover, NLRP3 inflammasome signaling pathways can regulate the autophagic processes necessary to balance the required inflammatory response and prevent excessive and detrimental inflammation (112–114). Defective mitochondrial function is among the upstream signals that activate NLRP3 inflammasome. Myoung et al. found that global or brown adipocyte-specific deletion of Pink1, a Parkinson disease-related gene involved in mitophagy, induced BAT dysfunction, and obesity in mice (115). However, Zhang et al. suggested that Nlrp3 may also serve as an upstream regulator for Parkin-mediated mitophagy in cardiomyocytes and is regulated by iNOS but unlikely mitochondrial ROS in Akt2−/− insulin resistance model (116). These data suggest that mitophagy and NLRP3 activation go both ways in regulating whole-body energy metabolism that might depend on certain cells or organs. Understanding the interrelation between these two essential biological processes is essential to comprehend the biological mechanisms and alleviate inflammation in obesity.


5.1 Autophagy Inhibits NLRP3 Inflammasome Activation

Recent studies have shown that autophagy mediates the activation of NLRP3 inflammasome. Activators of NLRP3 inflammasome can be removed by autophagy. Giordano et al. found that the increase in cholesterol crystals and accumulation of calcium and ROS in hypertrophic adipocytes in obesity triggered NLRP3 inflammasome with subsequent massive activation of Caspase-1 in sWAT and vWAT (117). Zhou et al. demonstrated that mitochondrial ROS was associated with NLRP3-dependent Caspase-1 activation and IL-1β release in monocytes and macrophages (118). 3-Methyladenine inhibited autophagy, which led to mitochondrial accumulation, generated ROS, and activated NLRP3 while enhancing inflammasomes. These inflammatory responses were reversed by ROS scavengers (118). Consistently, rapamycin (sirolimus) induced autophagy and suppressed the production of IL-1β and Caspase-1 activation (119). Disruption of autophagy could lead to the accumulation of damaged mitochondria. Autophagy maintained mitochondrial homeostasis by removing ROS produced by damaged mitochondria (118, 120). One study showed that deficiencies in mitochondrial clearance led to an increase in Nlrp3 inflammasome and brown AT dysfunction, which could be reversed through Nlpr3 deletion in Pink1-/- mice (115).

Inflammation in AT was improved by an interaction between adipocytes and macrophages with enhanced autophagy. Sirtuin 3 (SIRT3), an NAD+-dependent deacetylase, played an essential role in regulating macroautophagy and lipid metabolism. Sirtuin 3 regulated the 3T3-L1-mediated differentiation of adipocytes and activated the AMP-activated protein kinase-unc-51-like kinase 1 pathway in mature adipocytes by macroautophagy (121). The overexpression of Sirt3 inhibited Nlrp3 inflammasome by reversing mitochondrial dysfunction and activating AMPK in macrophages of vWAT. Moreover, activated autophagy attenuated inflammatory responses induced by the conditioned medium from macrophage in adipocytes and blocked the migration of macrophages toward adipocytes. This evidence suggested that autophagy regulated the activation of inflammasomes in a positive way.



5.2 Autophagy Targets NLRP3 Inflammasome Components

P62 was a ubiquitinated degradation substrate associated with autophagy. LPS induced NF-κB-dependent p62 expression in macrophages. P62 was recruited to the damaged mitochondria upon NLRP3 activation. P62 bound damaged mitochondria that underwent Parkin-dependent clearance and reduced Nlrp3 inflammasome activation in macrophages (122) (Figure 2). The possible mechanism was that inflammasome activation prevented p62-dependent degradation of inflammasome components. p62 recognized the adaptor protein ASC, an NLRP3 inflammasome component, which colocalized with autophagosomes. This result indicated that Nlrp3 inflammasome could be engulfed and degraded by autophagosomes. Autophagy inhibition and targeted p62 inhibition markedly enhanced NLRP3 inflammasome activation (123). Recently, it was proposed that phosphorylation of NLRP3 is inactivated in an autophagy-dependent manner (124). Phosphorylated NLRP3 interacted with p62 in an ASC-dependent way and then was sequestered in phagosomes for degradation (124) (Figure 2). Modification of NLRP3 inflammasome (e.g., phosphorylation and ubiquitination) and subsequent autophagic encapsulation prevented excessive inflammatory responses (123, 124).




Figure 2 | Graphical representation of p62 in the modulation of NLRP3 activation and degradation. p62 binds damaged mitochondria to reduce NLRP3 inflammasome activation. Phosphorylation or ubiquitination of NLRP3 interacts with p62 in an ASC-dependent manner and sequesters in phagosomes for degradation. Image created with BioRender.com.



In addition, autophagy controlled the production of IL-1β by targeting pro-IL-1β for lysosomal degradation (Figure 1). Harris et al. reported that rapamycin enhanced autophagy, induced the degradation of pro-IL-1β and blocked the secretion of mature cytokines in macrophages. Inhibition of autophagy promoted the processing and secretion of IL-1β (114). Zhang et al. observed that autophagy could degrade IL-1β during the maturation of autophagosomes (125). Similarly, inhibiting autophagy in THP-1 cells reduced IL-1β secretion and increased intracellular IL-1β levels following LPS stimulation (126). The regulation of IL-1β release by autophagic mechanisms is complex and requires further investigation, depending on conditions such as cell type, inflammasome activators, autophagy inducers, or autophagy inhibitors.



5.3 NLRP3 Inflammasome Regulates Autophagy in AT

The status of autophagy or mitophagy may depend on inflammasomes. It was discovered that NLRP3 inflammasome enhanced autophagy initiation by interacting with Beclin-1 (127). NLRP3 acted as a regulator of autophagy. In THP-1 cells, overexpression of NLRP3 inflammasome enhanced autophagy and expression of the LC3-II protein (128). Similarly, silencing NLRP3 decreased autophagy and decreased the conversion of LC3-I to LC3-II (129). In addition to NLRP3, Caspase-1 has been shown to control the autophagic process via substrate cleavage (130, 131). Yu et al. found that activating NLRP3 inflammasome resulted in Caspase-1-dependent mitochondrial arrest in macrophages, resulting in the buildup of mitochondrial DNA and defective mitochondria. Caspase-1-mediated Parkin cleavage enhanced Caspase-1-dependent mitochondrial clearance from macrophages during inflammasome activation (132). Overall, inflammasome activation of mature adipocytes are rarely studied. It is worth investigating whether activating NLRP3 inflammasome affects autophagy initiation in mature adipocytes.




6 Conclusions and Remarks

The review summarized the current studies and potential mechanisms associated with autophagy and NLRP3 inflammasome in AT inflammation. Although hyperplasia and hypertrophy of adipocytes in AT are vital determinants in the progress of obesity, proinflammatory cytokine secretion and immune cell migration are the driving forces for systemic inflammation and insulin resistance, promoting alterations in (suppressed or enhanced) autophagy and NLRP3 inflammasome. Although clinical trials and animal models evaluated autophagy and inflammatory levels in isolated AT components, challenges still need to be overcome before targeted therapeutics will be clinically helpful for controlling obesity. First, it is relatively difficult to evaluate autophagic activity at a specific stage of growth and development in humans. At present, the ATG-knockout model and the evaluation of overall autophagic activity mainly come from animal research. Second, there are differences in insulin resistance, basic metabolic rates and antioxidant capacity among obese individuals in different metabolic states, resulting in inconsistent levels of basic inflammation. A unified evaluation of the relevant indicators of the level of inflammation is needed. Third, the body is in a state of dynamic equilibrium. Moderate autophagy and inflammation reflect AT adjustment to external energy, which is beneficial for reducing ectopic lipotoxicity. When studying autophagy modulators and inhibitors of NLRP3 inflammasome activation, the effects on the total metabolic capacity of the organism should be considered.

In conclusion, targeting autophagy and NLRP3 inflammasome as therapeutic strategies is beneficial in managing AT inflammation and obesity-related complications. Further studies should manipulate the exact pathways associated with altered autophagy and activated inflammasomes, leading to possible treatments for patients suffering from obesity.
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A chronic low-grade inflammation, originating in the adipose tissue, is considered a driver of obesity-associated insulin resistance. Macrophage composition in white adipose tissue is believed to contribute to the pathogenesis of metabolic diseases, but a detailed characterization of pro- and anti-inflammatory adipose tissue macrophages (ATMs) in human obesity and how they are distributed in visceral- and subcutaneous adipose depots is lacking. In this study, we performed a surface proteome screening of pro- and anti-inflammatory ATMs in both subcutaneous- (SAT) and visceral adipose tissue (VAT) and evaluated their relationship with systemic insulin resistance. From the proteomics screen we found novel surface proteins specific to M1-like- and M2-like macrophages, and we identified depot-specific immunophenotypes in SAT and VAT. Furthermore, we found that insulin resistance, assessed by HOMA-IR, was positively associated with a relative increase in pro-inflammatory M1-like macrophages in both SAT and VAT.
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Introduction

Obesity is a major global health problem associated with high risk of developing co-morbidities, such as insulin resistance and type 2 diabetes (T2D) (1). Obesity-induced inflammation, which is typically chronic and low-grade, is considered to be a mechanistic link between obesity and insulin resistance (2, 3). The inflammation is manifested by accumulation of immune cells in the adipose tissue (AT), and elevated levels of pro-inflammatory cytokines such as tumor necrosis factor (TNF), C-C motif chemokine ligand (CCL) 2, and interleukin (IL)-6 that can block insulin signaling through various mechanisms (4).

Obesity-related adipose tissue inflammation is in large driven by infiltration of monocytes from the circulation that differentiates into pro-inflammatory macrophages (5, 6). Pro-inflammatory macrophages may also be derived from anti-inflammatory macrophages already present in the tissue that undergo a phenotypic switch in response to the stressed adipose tissue microenvironment (7, 8). Pro-inflammatory M1 macrophages are normally involved in clearing pathogens during infections while the anti-inflammatory M2 macrophages have functions in tissue repair. These subsets of macrophages can be identified by different surface receptors, such as CD80, CD86, CD206, and CD163 (9, 10). However, the pro- and anti-inflammatory macrophages located in the adipose tissue express somewhat different surface receptors, and they are therefore normally referred to as “M1-like” and “M2-like” macrophages (11, 12). In humans, the M1-like macrophages are typically characterized by co-expression of CD11c and CD206, and tend to gather around necrotic adipocytes, forming syncytial aggregates known as crown-like structures (CLS) (11). Indeed, the CLS have been demonstrated to be associated with insulin resistance in human obesity (13). The M2-like macrophages, on the other hand, express CD206 but not CD11c, and are normally dispersed throughout the tissue (11).

Individuals with central obesity that accumulate fat in the visceral adipose tissue (VAT) rather than in subcutaneous adipose tissue (SAT) generally have an increased risk for obesity-related metabolic disease (14–16). These individuals typically display higher levels of inflammation and infiltration of macrophages in their VAT (17, 18). However, other studies report that insulin resistance is associated with elevated amounts of macrophages in SAT instead of VAT (11, 13). Thus, the exact role of pro- and anti-inflammatory macrophages in SAT compared to VAT with respect to metabolic disease remains controversial. Furthermore, in recent years the M1-like/M2-like paradigm has been challenged by the identification of other pro-inflammatory adipose tissue macrophages (ATMs), the so-called metabolically activated macrophages (Mme’s), identified in adipose tissue of both rodents and humans (19, 20). These macrophages are activated by nutritional signals including glucose, insulin, and fatty acids and express surface receptors such as CD36, ABCA1, and PLIN2 that differ from the ones expressed by M1- and M2-like macrophages (19). Thus, the immunological landscape of adipose tissue and the difference between various adipose tissue depots is still not fully understood, and there is currently no established consensus regarding which surface receptors best define pro- and anti-inflammatory M1- and M2-like ATMs or the novel MMe’s in humans.

To better characterize the adipose tissue M1- and M2-like macrophages in humans and investigate their role in obesity-induced insulin resistance, we here analyzed M1- and M2-like macrophages in SAT and VAT in a sizeable cohort of individuals with obesity. We then performed a surface proteome characterization of M1- and M2-like macrophages and AT monocytes from human SAT in comparison to blood monocytes and validated key findings in another cohort of individuals with obesity. Next, we investigated how the levels of M1- and M2-like macrophages related to the degree of insulin resistance. Lastly, we explore how the macrophages related to other inflammatory features, such as the formation of CLS and AT pro-inflammatory gene expression. The results are discussed in relation to current knowledge about the links between inflammation and obesity-induced insulin resistance.



Material and Methods


Clinical Cohorts and Study Subject Details

The patient cohorts used in this study was approved by the Regional Committees for medical and health research ethics (REK 2015/2343 and REK 2010/502) and written informed consent was obtained from all participants. This study included two clinical cohorts consisting of individuals with obesity undergoing bariatric surgery at Voss Regional Hospital and with patients undergoing plastic surgery. The first cohort consisted of 57 individuals and was used for flow cytometry characterization of ATMs, gene expression and immunohistochemistry analysis. The second cohort contained 23 individuals and was used for verification of surface protein expression by flow cytometry. Clinical characteristics and biochemical measurements of the patients are presented in Tables 1 and 2. HOMA-IR was calculated with the HOMA2 calculator using fasting glucose and insulin levels (21). Liposuction aspirates from individuals undergoing plastic surgery were used for the surface proteome screening of ATMs. Buffy coats from anonymous donors were used both as controls and as blood samples for the surface proteome screening. The buffy coats were obtained from the Blood bank services as Haukeland University Hospital.


Table 1 | Individuals with obesity – cohort 1.




Table 2 | Individuals with obesity– cohort 2.





Isolation of PBMC From Blood Samples

PBMC were isolated from heparin blood samples or buffy coats using density gradient centrifugation. The blood sample was diluted in PBS (Sigma Aldrich), carefully layered on top of Lymphoprep (Stemcell Technologies) and centrifuged at 2000 rpm for 20 minutes with brake and acceleration set to 1. The leukocyte layer was isolated and washed in PBS and the cells were counted before staining for flow cytometry.



Isolation of Stromal Vascular Cells From Adipose Tissue Biopsies or Liposuction Aspirates

Stromal vascular cells (SVCs) were isolated from adipose tissue biopsies or liposuction aspirates. Adipose tissue biopsies from the subcutaneous and the visceral adipose tissue were collected during bariatric surgery and kept in Krebs Ringer Phosphate (KRP) buffer until further processing. Biopsies were cut into smaller pieces before enzymatic digestion with collagenase type I (Life Technologies, 0.66 mg/ml). Liposuction aspirates were washed in NaCl to get rid of excess blood and diluted in the same volume of Krebs Ringer Phosphate (KRP) buffer as the volume of the fat, before enzymatic digestion by Liberase (Roche, final concentration 0,078 Wünsch units/ml). Digestion was carried out for about 1 h with shaking at 37°C. The digested tissue samples were then filtered, and the stromal vascular cells were removed from underneath the floating layer of mature adipocytes. The SVCs were washed in PBS and centrifuged at 300 x g for 5 minutes to pellet the stromal vascular cells. The SVCs isolated from the liposuction aspirates were treated with red blood cell lysis buffer. The cells were counted, and freshly isolated SVCs were stained immediately for flow cytometry analysis.



Flow Cytometry

Macrophage surface protein characterization and verification of surface protein expression was performed on freshly isolated PBMC and SVC samples. Antibodies used are listed in Table S1 LIVE/DEAD Fixable Aqua Dead Cell Stain kit (Invitrogen, 1:100 dilution) was used to distinguish between live and dead cells during analysis. Staining was performed in FACS buffer (PBS with 2 mM EDTA and 2% FBS) for 20 min at RT in the dark. Following staining, the cells were washed twice in FACS buffer before the cells were fixed in 2% formaldehyde for 15 minutes. After washing twice, the cells were resuspended in FACS buffer and kept at 4°C in the dark.

Surface proteome screening was performed using the LEGENDScreen™ Human PE Kit (Biolegend, Cat# 700007). First, barcoding was performed to be able to separate PBMCs and SVC in the analysis. PBMCs were thawed and stained with CD45 BV650 (Cat# 304044), while the freshly isolated SVC were stained with CD45 AF700 (Cat# 304024). The PBMC and SVC were mixed and stained with a backbone panel containing the following antibodies: BB515 CD206 (Cat# 564668) from BD Biosciences, APC-Cy7 HLA-DR (Cat# 307617) and BV605 CD14 (Cat# 301834) from Biolegend and PE-Cy5.5 CD11c (Cat# MHCD11c18) from Life Technologies. The backbone staining was performed for 20 min at room temperature (RT) in the dark before washing. The cells were then added to the plates provided in the LEGENDScreen™ kit and the rest of the experiment was performed according to the manufacturer’s protocol.

All samples were run on an 18-color LSR Fortessa (BD Biosciences) with 407, 488, 561 and 640 lasers using the BD FACSDiva™ Software (BD Biosciences). Flow cytometry data was analyzed using FlowJo version 10 (Treestar, USA) with the DownSample and Uniform Manifold Approximation and Projection (UMAP) plugins. Acquired data was compensated in FlowJo using a compensation matrix generated based on antibody-stained control beads. For UMAP analysis, the different myeloid populations from blood, SAT or VAT were concatenated, generating 8 files. These files were then downsampled so that all samples contained the same number of events. The files were then concatenated for analysis. UMAP was run using all parameters from the verification panel.



Gene Expression Analysis

Total RNA was isolated from frozen adipose tissue using the RNA/DNA/Protein Purification Plus kit (Norgen Biotek Corp.). Briefly, approximately 100 mg of adipose tissue was cut, and the tissue was lysed in Buffer SKP (from the kit) using cold stainless-steel beads in a Tissuelyser (Qiagen) for 3 x 2 minutes at 25 Hz. RNA was then purified according to the protocol provided in the kit. cDNA was synthesized using 350 ng RNA input with the High-Capacity cDNA Reverse Transcription Kit (Applied Biosystems) and diluted 1:2 in PCR-grade water. Real-time qPCR was performed using SYBR Green I Master (Roche) on a Lightcycler ® 480 II (Applied Biosystems). Primers were purchased from Sigma (see Table S2). Gene expression was calculated relative to the expression of importin 8 (IPO8).



Immunohistochemistry and Determination of Adipocyte Cell Size

Adipose tissue biopsies collected during bariatric surgery were kept in Histocon transport solution (Histolab) before the tissue was fixed in 4% formalin (in PBS) for approximately 24 h. The tissue was then transferred to 70% EtOH before paraffin embedment, sectioning and staining with CD68. Antigen unmasking and deparaffinization were performed simultaneously using a PTLink machine (Dako, Denmark) containing Target Retrieval Solution, Low pH (Dako, Denmark). The sections were heated at 98°C for 24 minutes and cooled down to 58°C. The sections were then washed in PBS and incubated with 3% H2O2 (in H2O) for 10 minutes to block endogenous peroxidase activity, before washing again. The sections were then incubated with 2-3 drops of INNOVEX Background Buster (Biosciences, #NB306) for 20 minutes in a moisture chamber at RT. Following washing, the sections were stained with the primary antibody mouse-anti human CD68 (Thermo Fisher Scientific Cat# 14-0688-82) at a concentration of 0.05 mg/ml diluted in Normal Horse Serum 2.5% (ImmPRESS kit, Vector, MP-7402) over night at 4°C. Mouse anti-human IgG1 antibody (Abcam, ab18443) was used as isotype control. Following primary antibody staining, the sections were washed and incubated with 2-3 drops of the secondary antibody, horse anti-mouse IgG conjugated with HRP (ImmPress kit, Vector MP-7402) for 30 minutes at room temperature. After washing, the sections were incubated with DAB substrate (Vector, SK-4105) diluted in ImmPACT DAB diluent (Vector, SK-4105) for 10 minutes at RT before washing again. The sections were then counterstained with hematoxylin for 3 minutes before they were rehydrated in increasing concentrations of EtOH (70, 96 and 100%) and xylene. Lastly, the sections were mounted with cover glass using Pertex glue (Histolab. The slides were imaged using an Olympus BX61VS microscope with the imaging system Olympus VS120 S6 slide scanner. CD68+ macrophages in crown-like structures around adipocytes were identified. Crown-like structures were defined three or more macrophages surrounding an adipocyte (11). The images were processed in Image J (Fiji) with the plugin Adiposoft to measure adipocyte diameter (22). The median diameter was calculated for each sample.



Statistical Analysis

Data was analyzed using Prism version 9 (GraphPad). Correlation analyses were performed using SPSS (IBM) or R (https://www.r-project.org). D’Agostino & Pearson omnibus normality test was used to determine normality of the data. For normally distributed data, the t-test or one-way ANOVA with Tukey’s multiple comparisons test was used. When data was not normally distributed, the Mann-Whitney t-test or Kruskal-Wallis test with Dunn’s multiple comparisons test was used. Correlation analyses in SPSS were performed on log-transformed data using bootstrapped (bias-corrected and accelerated, BCa) confidence intervals. Details on statistical analysis are given in figure legends together with the number of subjects included in each analysis. A p-value of < 0.05 was considered statistically significant.




Results


Visceral Adipose Tissue Contains More M1-Like Macrophages Than Subcutaneous Adipose Tissue

We first set out to compare macrophage levels in SAT and VAT and to characterize adipose tissue M1- and M2-like macrophage composition in a depot-specific manner. Using flow cytometry, we analyzed stromal vascular cells from both SAT and VAT as well as peripheral blood mononuclear cells (PBMC) from a cohort of 57 individuals with obesity. The clinical characteristics of this cohort is summarized in Table 1. Macrophages and monocytes were identified based on their positive expression of CD45 and HLA-DR and lack of CD3, CD19, and CD56 expression (Figure 1A). Further, the macrophage population was divided into M1- (CD11c+CD206+) and M2-like (CD11c-CD206+) macrophages whereas monocytes were defined as CD11c+CD206- cells (Figure 1B). The total macrophage/monocyte population was larger in SAT compared to VAT (Figure 1C). However, the pro-inflammatory M1-like macrophage population was higher in VAT, whereas no differences were found in the amount ofM2-like macrophages between the two adipose tissue depots (Figure 1D). As expected, peripheral blood contained almost exclusively CD11c-positive monocytes, with a small, yet a detectable populations of CD11c+CD206+ myeloid cells (Figure 1D). Taken together, these data suggests that although SAT has the largest population of total monocytes and macrophages, pro-inflammatory M1-like macrophages are more abundant in VAT in individuals with obesity.




Figure 1 | Identification and characterization of macrophage populations in blood and adipose tissue of humans with obesity. (A) Flow cytometry gating scheme used to identify monocytes and macrophages. Arrows indicate the sequence of gating. (B) Representative flow cytometry plots showing CD206 and CD11c expression on monocytes (CD11c+CD206-), M1-(CD11c+CD206+) and M2-like (CD206+CD11c-) macrophages from PBMC, SAT, and VAT samples from one patient. (C) The total monocyte and macrophage population as a fraction of total CD45+ cells in PBMC (n=47), SAT (n=54), and VAT (n=54). (D) Monocytes, M1- and M2-like macrophages (MΦ) as a fraction of the total monocyte and macrophage population in PBMC (n=47), SAT (n=54), and VAT (n=54). (E) Representative stainings for the surface proteins shown in (F-L). (F-L) Scatter plots showing expression of surface proteins (F) CCR2, (G) CD44, (H) CD16, (I) CD14, (J) HLA-DR, (K) CD40, and (L) CD163 on monocytes (grey), M1 (red)-, and M2 (blue)-like macrophages (MΦ’s) from PBMC (n=47), SAT, and VAT (n=54). For (F, H, L) scatter plots showing percentage of cells expressing the proteins. For (G, I-K) scatter plots showing expression (mean fluorescence intensity, MFI) of surface proteins. For (C, D, F-L) line and error bars represent mean and SD. For (C, D), the Mann-Whitney U-test was used for comparison between groups. **p< 0.01, ***p<0.001. For (E-L), the Wilcoxon matched pair signed rank test was used for comparison between groups, *p < 0.05, **p < 0.001, ***p < 0.001.





Confirming the Pro- and Anti-Inflammatory Characteristics of M1-Like and M2-Like ATMs

Currently, there is a lack of consensus regarding which surface receptors best define M1- and M2-like macrophages in adipose tissue. We therefore investigated whether the stratification of macrophages into pro- and anti-inflammatory subsets based on expression of CD11c and CD206 could be further refined by assessing expression of other, known macrophage/monocyte surface receptors, such as CCR2, CD16, CD163, CD44, CD14, CD40, and HLA-DR (Figure 1E). Indeed, the M1-like macrophages (CD11c+ CD206+) expressed high levels of CCR2, an established pro-inflammatory, chemotactic marker (23), whereas CCR2-expression on the M2-like macrophages (CD11c-CD206+) was low (Figure 1F). CCR2 expression was also high on monocytes both in blood and adipose tissue. CD44 is another pro-inflammatory receptor (12) that displayed a similar pattern to CCR2, although with somewhat higher expression on M2-like macrophages compared to CCR2 (Figure 1G). CD14 and CD16 have also been described as pro-inflammatory ATM surface receptors (24). In line with this, we found CD16 expression on more of the M1-like macrophages than the M2-like macrophages. However, about 80% of the M1-like macrophages did not express CD16 (Figure 1H), suggesting the existence of CD16+/- M1-like macrophage subpopulations in both SAT and VAT. CD14 was more highly expressed on macrophages than on monocytes, but there was no difference in CD14 expression between the M1- and M2-like macrophage populations (Figure 1I). In agreement with their high capacity for antigen presentation, M1-like macrophages expressed the highest levels of HLA-DR in both fat depots and in the blood (Figure 1J). The same pattern was observed for CD40 (Figure 1K), which is expressed at higher levels on activated macrophages and is known to be expressed on recruited ATMs (24). CD163 has been described as an anti-inflammatory macrophage marker (25). Accordingly, CD163 was expressed on a higher percentage of the M2-like macrophages relative to the M1-like macrophages in VAT. However, this was not the case in SAT, and it should be noted that expression of CD163 varied considerably within both the M1- and M2-like cell populations (Figure 1L).

Taken together, the positive expression of CD44, HLA-DR, CD40, and in particular CCR2, support the pro-inflammatory identity of M1-like macrophages. M2-like macrophages displayed low levels of CCR2 and at the same time expressed somewhat higher levels of CD163 than M1-like macrophages, supporting their anti-inflammatory nature. The large variation in the expression of several surface receptors on both the M1- and the M2-like macrophages suggest that subpopulations within both pro- and anti-inflammatory ATMs exist, potentially with different functional patterns.



Identification of Novel Adipose Tissue Macrophages Surface Proteins Using a Proteome Screen

With the aim to identify novel surface receptor expression for detailed characterization of macrophages and monocytes in the adipose tissue, we performed a flow cytometry-based surface proteome screening using the LEGENDScreen™ kit. SVF isolated from SAT and PBMCs isolated from blood donors were pre-stained with a backbone panel allowing for the identification of myeloid cells from the AT as well as blood monocytes (CD45+CD14+HLA-DR+ cells), and then evaluated for surface expression of 315 distinct proteins. The experimental overview is presented in Figure 2A.




Figure 2 | Surface proteome analysis of adipose tissue macrophages. (A) Experimental overview of the surface proteome screening using the LEGENDscreen™ kit. (B) Expression of surface proteins on blood monocytes (Blood-mono) and AT myeloid cells. Heatmap based on the percentage of cells expressing each surface protein, with a cut-off of minimum 20% expression by at least one of the populations. (C) Expression of surface proteins on AT M1- and M2-like macrophages and monocytes (mono). Heatmap based on the percentage of cells expressing each surface protein, with a cut-off of minimum 20% expression by at least one of the populations. Representative staining of a selection of surface proteins expressed on M1-like (dark green) or M2-like (light green) ATMs.



Among the commonly expressed surface markers by AT- and blood monocytes, the blood monocytes generally expressed higher levels of many of the analyzed markers (Figure 2B). Also, a number of surface proteins seemed to be unique for blood monocytes, including CD99, CD87, CD102, CD13, CD93 and CD61, whereas only three markers, CD274, CD83, and CXCL16, were unique to the AT monocytes (Figure 2B). It is worth noting that the blood and AT samples were not obtained from the same donors.

We further compared the expression of the surface proteins on AT monocytes (CD11c+CD206-), M1- (CD11c+CD206+), and M2-like (CD11c-CD206+) macrophages (Figure 2C). A substantial overlap was observed between the surface proteome of macrophages and monocytes and when comparing M1- and M2-like macrophages, but we also identified distinct M1- and M2-like macrophage and monocyte/macrophage proteins (Figure 2C). M1-like macrophages expressed the surface proteins CCR2, CD48, CD371, CD85a, CD49d, CX3CR1, and CD52 at higher levels than the M2-like macrophages, while CD116, CD51, CD26, and integrin α9β1 were expressed at higher levels on the M2-like macrophages. AT monocytes displayed a surface receptor expression pattern similar to the M1-like macrophages, still, several surface proteins were expressed on M1-like macrophages but not on AT monocytes, such as CD40, CD74, FcϵRIα, integrin β5, and CD276. The last two were also expressed on M2-like macrophages, indicating that these receptors separate ATMs from AT monocytes.



Verification of Identified ATM Surface Proteins and Comparing Their Expression in SAT and in VAT

Based on degree of differential expression and novelty, we next selected some surface proteins for a more detailed characterization of macrophages from both subcutaneous and visceral adipose tissue in a new cohort of individuals with obesity (N=23). This allowed for validation of the protein expression on ATMs obtained from the proteomic screen as well as exploring the expression of these surface proteins on ATMs from individuals with obesity. We analyzed expression of the surface proteins CCR2/CD192, CD85a, CD48, and CD371, which were found to be highly expressed on M1-like macrophages and the proteins CD26, CD116, CD51 and integrin α9β1 that were expressed at higher levels on the M2-like macrophages. We confirmed that expression of CCR2 was high on M1-like macrophages and AT monocytes and low on M2-like macrophages (Figure 3A) and this protein was expressed at higher levels on M1-like macrophages from VAT compared to SAT. CD85a was also highly expressed on M1-like compared to M2-like macrophages, however, this protein was also expressed on a smaller population of M2-like macrophages (Figure 3A). CD48 and CD371, known to be involved in regulation and initiation of immune responses (26), were also expressed more highly on M1-like compared to M2-like macrophages (Figure 3A). However, on average only around 50% of M1-like macrophages expressed these proteins, and with expression varying from low (around 10%) to higher (around 80%), which could be indicative of subtypes of M1-like macrophages.




Figure 3 | Verification of surface protein expression on M1- and M2-like adipose tissue macrophages from humans with obesity. (A) Scatter plots showing expression of surface proteins CCR2, CD85a, CD48, CD371, CD26, CD116, CD51, and integrin α9β1 on monocytes (grey), M1 (red)-, and M2 (blue)-like macrophages (MΦ’s) from PBMC (n=17), SAT (N=23), and VAT (n=23). (B) UMAP plots showing expression of the surface proteins analyzed in (A) with blue indicating low and red indicating high expression as well as UMAP plots colored according to cell origin (top) and tissue origin (bottom).



CD26, also known as dipeptidyl peptidase-4 (DPP-4), was expressed on around 70% of M2-like macrophages and 50% of M1-like macrophages from the screening. However, the validation showed that this protein was expressed at low levels on both M1- and M2-like macrophages, and expression was not different between the two ATM populations (Figure 3A). CD116, also identified as a M2-like specific marker from the screening, was expressed at higher levels on M1-like macrophages and was quite lowly expressed on M2-like macrophages, suggesting that this might be an M1-like rather than a M2-like macrophage marker (Figure 3A). Another surface protein found to be more highly expressed on M2-like macrophages in the screening was CD51 and this protein was expressed on higher levels on M2-like macrophages compared to M1-like macrophages, but only in VAT (Figure 3A). Integrin α9β1 was found to be highly expressed on M2-like macrophages, and a higher expression on M2-like compared to M1-like macrophages was confirmed in both SAT and VAT in the validation cohort (Figure 3A). However, the overall expression was found to be low on both M1- and M2-like macrophages in contrast to what was observed in the screening.

The single-parameter flow cytometry shown in Figure 3A gives an overall representation of each surface marker expression on the different cell types; however, it does not provide information about the combination of different surface proteins on each cell. Thus, we performed UMAP analysis to investigate multivariate relationships between the phenotypic markers (Figure 3B). To this end, monocytes, M1-, and M2-like macrophages from peripheral blood, SAT and VAT were electronically barcoded, concatenated, and analyzed. We observed that myeloid cells from peripheral blood (pink) clustered separately from the adipose tissue myeloid cells (purple and orange), indicating tissue-specific expression patterns. Also, separate clusters were observed for monocytes (grey) and M1-like macrophages (red) from the peripheral blood, which was also true for monocytes, M1- and M2-like macrophages in the adipose tissue. Here, the monocyte and M1-like macrophage clusters were closer together compared to the M2-like macrophages, indicating their similarities. Interestingly, the M2-like macrophages from SAT and VAT seemed to localize in two clusters, indicating that these cells might be phenotypically different depending on the adipose depot where they reside.

The high-dimensional UMAP analysis confirmed that CCR2 and CD116 were highly expressed on monocytes and M1-like macrophages and lowly expressed on M2-like macrophages. The expression patterns of CD48 and CD371 were similar, but highly expressed only in a subgroup of the M1-macrophages. The VAT M2-like macrophages displayed a higher expression of both integrin α9β1 and CD51, and there was a separate population of SAT M2-like macrophages that expressed higher levels of CD26, CD116, and CD51. The UMAP analysis also confirmed overall low expression of CD26. However, this protein seemed to be differentially expressed between distinct myeloid populations, including a group of monocytes that expressed high levels of CD116, CD26, and CD85a and low levels of CD48, further supporting the existence of monocyte/macrophage subsets.

Taken together, we verified CCR2, CD85a, CD48 and CD371 as proteins expressed at M1-like macrophages. Additionally, CD116 was found to be highly expressed on M1- compared to M2-like macrophages. Expression of CD26 was overall low but enriched in some clusters, whereas CD51 and integrin α9β1 seems to be distinctly expressed on M2-like macrophages.



Adipose Tissue Macrophages Associate With Insulin Resistance and Circulating Lipids

Next, we wanted to investigate how the M1- and M2-like macrophage composition in the adipose tissue of individuals with obesity was related to systemic insulin resistance and other parameters relevant for metabolic function in the total patient cohort (Cohort 1 and 2, N=80). Insulin resistance, assessed by homeostatic model assessment for insulin resistance (HOMA-IR), was positively correlated with M1-like macrophages (r=0.319, p=0.014) and negatively correlated with M2-like macrophages (r= –0.325, p=0.012) in VAT, but not in SAT. Additionally, HOMA-IR was correlated with the pro-inflammatory M1/M2 ratio in VAT (r=0.331, p=0.011). Because BMI is a potential confounder for associations with metabolic parameters, we performed a partial correlation analysis (Figure 4A). The correlation between HOMA-IR and M1-like macrophages, M2-like macrophages and the M1/M2 ratio in VAT was still statistically significant after correcting for BMI. Additionally, the M1/M2 ratio in SAT now displayed a positive correlation with HOMA-IR. Further, serum triglyceride levels correlated negatively with M2-like macrophages and positively with the M1/M2 ratio in both adipose tissue depots, whereas HDL levels were positively correlated with M2-like macrophages in VAT. Interestingly, there were no significant correlations between ATMs and circulating CRP levels.




Figure 4 | Insulin resistance, dyslipidemia, and inflammatory markers in SAT and VAT. (A) Pearson correlations between monocytes, M1-, and M2-like macrophages and M1/M2 ratio in SAT and VAT and biochemical parameters, corrected for BMI (n=80). Size and color intensities of circles indicate correlation coefficients. Red squares indicate significant (p<0.05) correlations. (B) Relative gene expression of CD68, MCP1, TREM1, TNF, IFNG, IL6, CD163, and TREM2 for n = 46 (39 matched) SAT and VAT samples. Results are presented as fold changes (2-ΔΔCT) of target gene and normalized to IPO8. Expression levels of the SAT samples were set to 100%. (C) Representative pictures showing from SAT and VAT samples stained with CD68 antibody identifying crown-like structures (CLS) defined as three or more macrophages surrounding an adipocyte. (D) Graph showing numbers of CLS in SAT and VAT for n = 46 (39 matched) SAT and VAT samples. (E) Graph showing median adipocyte size in µm2 in SAT and VAT for n = 53 SAT and VAT samples. Bars in (B) represent mean and error bars represent SD. For (D, E) line represents the mean and error bars represents SD. The Wilcoxon matched pairs signed rank test was used for comparison between SAT and VAT in (B, D). The paired t-test was used for comparison between SAT and VAT in (E). *p < 0.05, **p < 0.01, ***p < 0.001.



Taken together, these results indicate that, independently of BMI, insulin resistance is associated with an elevated ratio of M1- to M2-like macrophages in both SAT and VAT. M1/M2 ratio in both adipose tissue depots correlated positively with triglycerides, and this seemed to be driven by a negative correlation between M2-like macrophages and triglycerides.



Insulin Resistance, CLS and Transcriptional Inflammatory Markers in SAT and VAT

In the first cohort of 57 individuals with obesity we next compared adipose tissue inflammation in SAT and VAT of individuals with obesity by measuring inflammatory gene expression and performing immunohistochemistry analyses of crown-like structures (CLS). The gene expression level of the general macrophage marker CD68 was higher in SAT than in VAT (Figure 4B), in agreement with the flow cytometry data of elevated macrophage/monocyte levels in SAT (Figure 1C). The same was the case for CCL-2, encoding the cytokine MCP-1, which is associated with infiltration of monocytes (23). The pro-inflammatory genes TNF and TREM1 were also expressed at higher levels in SAT compared to VAT. However, no differences between SAT and VAT were found in the expression of two other pro-inflammatory genes, IL6 and interferon (IFN)-γ. The two anti-inflammatory genes analyzed showed opposite expression patterns to each other, with TREM2 being elevated in SAT, whereas CD163 expression was higher in VAT. Thus, these gene expression data did not reveal clear differences in inflammation between the AT depots.

Furthermore, we found that CLS, made up of CD68-positive macrophages surrounding adipocytes, were present in both SAT and in VAT (Figure 4C), similar to what has been observed by others (27). However, there were in general very few CLS observed in our cohort, and we found no significant differences in the amount of CLS between SAT and VAT (Figure 4D). CLS are expected to form around large, dying adipocytes, and we therefore performed histological measurements of adipocyte size. We found a higher median adipocyte size in SAT compared to VAT (Figure 4E), however, when investigating the association between gene expression, numbers of CLS, adipocyte size, and insulin resistance or circulating lipid parameters, we found only weak, non-significant correlations (data not shown).

Taken together, these data support larger adipocytes and somewhat higher expression of macrophage-related genes in SAT as compared to VAT. However, the lack of depot-specific differences in the number of CLS and the measured transcriptional inflammatory markers suggest that any difference in inflammatory tone between SAT and VAT in our cohort of individuals with obesity is moderate. Moreover, we found no clear associations between these markers of adipose tissue inflammation and circulating biochemical markers for metabolic dysregulation.




Discussion

Recent investigations, including single-cell transcriptional studies, have revealed that adipose tissue harbor various macrophage subpopulations, including metabolically activated macrophages, and antioxidant macrophages (Mox) (19, 28, 29). Similar to the M1- and M2-like ATMs, these cells respond to changes in adipose tissue microenvironment during obesity, also displaying pro- and anti-inflammatory properties (19). However, the literature regarding which combination of surface proteins that define the different ATM subtypes in humans is still ambiguous. Here, we used a surface proteomics approach to identify novel proteins for a more detailed characterization of human M1- and M2-like ATMs, defined as myeloid cells that co-express CD11c and CD206 or CD206 only, respectively (11).

The pro-inflammatory nature of M1-like ATMs was first confirmed by their elevated expression of CCR2, CD44, HLA-DR and CD40 relative to M2-like cells. The proteomics screen and subsequent verification analysis, further identified CD85a, CD48, CD371, CX3CR1 and CD116 as additional M1-like macrophages-specific markers. To our knowledge, CD85a, CD48, and CD371 have not previously been reported to be expressed on ATMs. CD48 and CD371 are involved in regulation and initiation of immune responses (26, 30), and CD85a and CX3CR1 are known to be expressed on various myeloid cell types (31, 32). Indeed, all these markers were also expressed on monocytes, which is in agreement with known functional similarities between AT monocytes and M1-like macrophages, such as their ability to infiltrate into the AT (24, 31). Interestingly, the surface proteome screening demonstrated generally low expression of proteins on the tissue-resident M2 macrophages, and only the expression levels of the two integrins CD51 and integrin α9β1 were confirmed to be expressed at higher levels on the M2-compared to M1-like macrophages. Nevertheless, an UMAP analysis, which includes signals from all the surface markers in the panel simultaneously, revealed two distinct M2-like populations in SAT and VAT, respectively, possibly with functional differences. This emphasizes the potential of using multiple markers to characterize ATM composition with high resolution.

The literature concerning depot-specific differences in adipose tissue macrophage subtypes is contradictory. While some studies claim that infiltrating pro-inflammatory macrophages are most abundant in VAT (14, 17), others report higher levels of M1-like macrophages in SAT (11). In our study, the flow cytometry data indicated a higher relative abundance of total macrophages and monocytes in SAT, but still the pro-inflammatory M1 macrophages were more abundant in VAT, supporting previous findings that AT inflammation in splanchnic areas is of clinical relevance in obesity (15).

The pro-inflammatory M1/M2 ratio in both SAT and VAT correlated positively with HOMA-IR and circulating markers of dyslipidemia in our study, in agreement with the notion that inflammation in both these adipose tissue depots may contribute to metabolic dysfunction (33). These correlations were for most parts intact when correcting for BMI, suggesting that BMI variation among individuals with obesity is of minor importance for these associations. Interestingly, the significant correlations between adipose tissue M1/M2 ratio and circulating triglyceride levels seemed to be mainly driven by the inverse association with M2-like macrophages levels, suggesting a protective role for M2 macrophages in the development of dyslipidemia. This is in line with recent findings of accumulating anti-inflammatory, lipid-metabolizing macrophages in the adipose tissue, acting to prevent metabolic derangements during overnutrition (29). In fact, these lipid-associated macrophages (LAMs) formed CLS for lipid transfer into the macrophages in order to prevent adipocyte hypertrophy and loss of systemic lipid homeostasis under obesity conditions, a process that was dependent on Trem2 expression (29). Accordingly, others have shown that CLS contain anti-inflammatory Mox macrophages, characterized by expression of HO1 and Txnrd1 (31). In this sense, CLS occurrence in adipose tissue is not necessarily a measure of inflammation, and the low levels of CLS macrophages found in our study may thus represent a weakened protective mechanisms rather than low inflammation, although a more detailed characterized of these CLS will be necessary before making firm conclusions about their role in obesity-related adipose tissue inflammation.

Interestingly, a very recent study found that pro-inflammatory ATMs were not related to adipose tissue insulin resistance in humans (34). In that study, adipose tissue insulin resistance was elegantly measured, using state-of the-art tracer methods to determine the insulin concentration necessary to suppresses adipose tissue lipolysis by 50% (IC50). It was found that adipocyte size is the major driver for adipose tissue insulin resistance, and that any positive associations between adipose tissue inflammation and adipose tissue insulin resistance could be explained by the confounding effect of adipocyte hypertrophy (34). This was the case both when measuring inflammatory gene expression and pro- and anti-inflammatory ATMs by immunohistochemistry, defined as CD14- and CD206-positive cells, respectively. In fact, our transcriptional data supported this notion, as we did not find any significant association between adipose tissue inflammatory gene expression levels and HOMA-IR. However, the inflammatory gene expression levels represent an average from many cell types, and is less accurate than flow cytometry data that provides a distinct, high-resolution measure of macrophages per se. The flow cytometry data should thus be considered a more representative measurement for ATM status than both gene expression data and low-resolution IHC single-markers measurements (34). Of note, in our study the positive association between pro-inflammatory ATMs and HOMA-IR remained statistically significant even after correcting for adipocyte size, and our data is thus in line with the established idea that inflammatory mediators in the obese adipose tissue represent a mechanistic link that can lead to systemic insulin resistance (35). The discrepancy between the studies may, in addition to the abovementioned methodological issues, be explained by the different measures of insulin resistance; HOMA-IR reflects the balance between hepatic glucose output and insulin secretion by the β-cell (36), whereas the IC50 reflects lipolytic activity in the adipose tissue. Thus, further investigation of the role of ATMs in adipose tissue insulin resistance should be investigated using more high-resolution methods in future studies.

Therapeutic use of anti-inflammatory agents has been suggested for the treatment of metabolic disease (35). Indeed, targeting classical inflammatory molecules including IL-1, IL-6 and TNF have been shown to reduce the risk of diabetes and improve insulin sensitivity in some studies, although with variable effects (37–39). These treatments normally target circulating cytokines, even though interactions with paracrine/autocrine signaling within the tissue may be more relevant (40). Thus, targeting the local inflammation in the adipose tissue may be a valid treatment strategy, and ATMs are considered important targets for the treatment of chronic inflammation and obesity-related metabolic diseases (41, 42). It is, however, still not clear whether accumulation of pro-inflammatory ATMs is a cause or a consequence of insulin resistance, and to what extent immune cell infiltration and activation have beneficial or detrimental effects on adipose tissue homeostasis (29, 43, 44). Thus, interventional strategies focusing on ATMs will require a thorough understanding of the balance between beneficial versus pathological immune cell subsets and how they contribute to metabolic homeostasis. In conclusion, our study confirms a positive association between pro-inflammatory ATM ratio in both SAT and VAT and insulin resistance, measured by HOMA-IR. We also provide novel ATM surface markers that may enable detailed characterization and functional measurements, as well as act as potential targets for therapeutic manipulation of adipose tissue macrophages in the treatment of metabolic disease.
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Obesity is a heterogenous condition that affects the life and health of patients to different degrees and in different ways. Yet, most approaches to treat obesity are not currently prescribed, at least in a systematic manner, based on individual obesity sub-phenotypes or specifically-predicted health risks. Adipose tissue is one of the most evidently affected tissues in obesity. The degree of adipose tissue changes – “adiposopathy”, or as we propose to relate to herein as Obesity-related Adipose tissue Disease (OrAD), correspond, at least cross-sectionally, to the extent of obesity-related complications inflicted on an individual patient. This potentially provides an opportunity to better personalize anti-obesity management by utilizing the information that can be retrieved by assessing OrAD. This review article will summarize current knowledge on histopathological OrAD features which, beyond cross-sectional analyses, had been shown to predict future obesity-related endpoints and/or the response to specific anti-obesity interventions. In particular, the review explores adipocyte cell size, adipose tissue inflammation, and fibrosis. Rather than highly-specialized methods, we emphasize standard pathology laboratory approaches to assess OrAD, which are readily-available in most clinical settings. We then discuss how OrAD assessment can be streamlined in the obesity/weight-management clinic. We propose that current studies provide sufficient evidence to inspire concerted efforts to better explore the possibility of predicting obesity related clinical endpoints and response to interventions by histological OrAD assessment, in the quest to improve precision medicine in obesity.
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Introduction

Recent decades had seen tremendous advances in the ability to personalize treatment to the specific patient based on numerous parameters, resulting in improved care (increased efficacy, less side-effects, etc.). In the treatment of cancer, the diseased tissue – the tumor – is routinely assessed macroscopically, microscopically, and molecularly; advanced imaging technologies are used to determine the extent/spread (or ‘stage’) of the disease, and liquid biopsies – cancer-related mutations that are captured in blood samples and serve as biomarkers or indicators of the tumor driving mutations – are increasingly used. These assist in determining prognosis of the patient and predicting response to different treatments, based on which the most efficacious treatment(s) is being offered, and non-efficacious or possibly harmful treatments avoided. The above personalized/precision care approach hardly reflects the situation in current obesity care (Figure 1). Obesity is still formally defined anthropometrically by body mass index (BMI), and although personal characteristics and preferences of the patient are taken into consideration to offer the best possible care, only limited investigations are routinely performed to predict future development of obesity-related complications or the response to different modes of therapy. This is despite the fact that with its enormous prevalence, obesity is clearly not a single entity, and its heterogeneity likely encompasses potentially definable sub-phenotypes that would respond differently to specific treatments. Indeed, debatable entities reflecting obesity sub-phenotypes, such as ‘metabolically-healthy’ versus ‘metabolically-unhealthy’ obesity had been proposed. Yet, largely, these definitions rely on whether the patient had already-developed health implications of obesity rather than attempting to predict their occurrence. Jointly, the clinical resolution at which obesity is currently defined is hardly helpful in optimizing care and intervention options to the individual patient, largely failing to provide prognosis, or predict side-effects or efficacy of available and emerging interventions.




Figure 1 | Obesity diagnosis and treatment workflow in the mirror of cancer clinical workup. In a newly-suspected cancer patient, routine workup consists of clinical assessment of the patient (1), various imaging modalities (2) aimed at estimating the extent of tumor invasiveness and spread, sampling of the tumor (3) for microscopic (histopathological) examination (4) and frequently also molecular profiling (5), and nowadays also liquid biopsies (6) attempting to capture free tumor-related molecules (mostly cancer-DNA) secreted by the tumor into the circulation. Data from all above-mentioned procedures is gathered to assemble disease stratification- both anatomical-morphological (grading/staging) and molecular. Based on such stratification, optional treatment approaches can be considered in light of the predicted resistance/response to therapy and estimated severity of toxic effects, and precise disease-appropriate therapy may be determined. Obesity care still awaits a similar personalized approach: While clinical assessment (1) is obviously performed, imaging techniques (2) are rarely performed to estimate the extent/spread of obesity (adipose tissue distribution, adipose tissue thermogenesis, etc.). Adipose tissue sampling (3) is hardly ever performed beyond experimental/research set-ups, and thus histopathological as well as molecular assessment of the diseased tissue is not routinely performed. Overall, obesity workup is deprived of many technologically-available means that could allow to examine if such studies could be used for disease stratification and better personalization of the treatment of people living with obesity.



Human adipose tissue is one of the most evidently altered tissues in obesity. Intriguingly, some of these alterations are clearly more evident – in their prevalence and/or extent – in obesity phenotypes with greater metabolic risk, as assessed mainly in cross-sectional studies. Such alterations, sometimes collectively related to as adiposopathy, and which we herein propose to name Obesity-elated Adipose tissue Disease (OrAD), include features such as adipocyte hypertrophy, adipose tissue inflammation and adipose tissue total and pericellular fibrosis. Many of these OrAD features can be assessed using rather basic histopathological examinations, and/or molecularly. Adipose tissue distribution and the extent of ectopic fat accumulation may be viewed as a key feature of OrAD, providing prediction of obesity-related clinical endpoints (1, 2). Indeed, high waist-to-hip ratio – an anthropometric measure of central adiposity and/or limited lower-body fat expandability (3), has been recently shown as a central component of a proposed new definition for impaired metabolic health, also among patients with obesity, and to predict all-cause and cardiovascular mortality (4). Some studies have also attempted to identify molecular patterns that could potentially help personalize obesity care (discussed briefly later) (5, 6). However, this review will focus on histopathological OrAD features that had been shown to predict subsequent clinically-relevant obesity outcomes – risk of developing obesity-related diseases, and response to intervention. We emphasize OrAD features that can be easily assessed and implemented by many centers treating obesity, and provide a practical guide approach to implement them in the obesity clinic routine. We hope to convey the message that adipose tissue retains clinically-relevant information that is readily available, and which is currently under-utilized in the quest to better personalize obesity care.



Histopathological OrAD Features That can Predict Obesity Outcomes

The following sections will each deal with a specific OrAD histopathological feature for which we found peer-reviewed publications that provide proof-of-principle that they may predict future development of obesity endpoints and/or response to anti-obesity intervention. Available literature on each OrAD feature were divided into 4 categories, i.e., tiers, representing different “levels of linkage” between the specific OrAD feature and obesity related endpoints: Tier 1 includes examples of cross-sectional studies of a single time point, demonstrating association between an OrAD feature and an obesity phenotype. Tier 2 highlights longitudinal studies that describe a correlated change between an OrAD feature and a clinical characteristic based on two time-point assessment. (Note: We prioritized studies that demonstrate correlated change between both the OrAD feature and the clinical parameter over studies that merely describe a significant change (delta) in the OrAD parameter per-se). Tier 3 highlights studies describing possible mechanisms for the link between the OrAD feature and clinically-relevant endpoint(s). Tier 4, the focus of this review, are follow-up studies that demonstrate association between baseline OrAD feature, and subsequent (incident) development of obesity-related endpoint and/or response to intervention. In line with the focus of this review, studies in tiers 1-3 will be mentioned only briefly and summarized in a designated table for each OrAD feature, and tier 4 studies will be discussed in more detail.


Adipocyte Size

Adipose tissue can expand by recruiting more adipocytes – i.e., hyperplasia, likely from adipocyte progenitor cells present within the tissue, and/or by increasing adipocyte size/volume (hypertrophy) (7–9). Indeed, the adipocyte can uniquely vary in size, ranging from <20 to 300 µm in diameter (10). Cross-sectional studies, even if not unanimously, link larger adipocytes with clinical parameters consistent with greater metabolic risk [Table 1, tier 1, and excellently reviewed in (10, 44)]. Yet, some studies questioned whether these cross-sectional associations are superior to, or provide associations independent of, measures of total body mass and/or fat distribution (45–47). These inconsistencies in the literature possibly suggest context-specificity – i.e., differences between ethnicities, sex, BMI range, and the specific fat depot studied [ (11, 44), and further discussed below]. Longitudinal studies demonstrate that decrease in adipocyte size that accompanies weight loss associates with improved obesity-related disease endpoints in some (Table 1, tier 2), though not all studies (48, 49), and pioglitazone treatment actually induced improved insulin sensitivity that associated with increase, not decrease, in adipocyte size (50). Mechanistically, several underlying processes were proposed to explain the link between enlarged (hypertrophic) adipocytes and metabolic dysfunction (Table 1, tier 3), most notable of which are: i. larger adipocytes have altered metabolic and endocrine functions compared to their smaller counterparts. In particular, they seem to be more insulin resistant, and more lipolytic (35–37). The latter feature results in greater release of non-esterified (free) fatty acids to the circulation, which in turn may contribute to metabolic dysfunction and cardiometabolic risk (51). ii. Large adipocytes are more pro-inflammatory: they secrete pro-inflammatory cytokines and chemokines that support inflammatory cell accumulation (31, 32). In addition, hypertrophied adipocytes tend to die via an unclear/non-classical cell-death program (necrosis, apoptosis) (33), which nevertheless seems to be pro-inflammatory, or at least contribute to macrophage recruitment to the tissue. Recently, the link between pro-inflammatory cytokine secretion by larger adipocytes was attributed to a state of premature senescence, and a senescence-associate secretory profile (SASP) (34).


Table 1 | OrAD feature - Adipocyte size.



Beyond association studies linking adipocyte hypertrophy with obesity phenotype (tier 1-2), prospective studies demonstrate that adipocyte size predicts subsequent, clinically-relevant, obesity-related outcomes (Table 1, tier 4). In Pima Indians who had normal glucose tolerance at baseline, abdominal subcutaneous adipocyte cell size predicted incident T2DM during a mean follow-up of 9.3 years (38). Although adipocyte cell size correlated with insulin resistance, the two factors contributed independently to incident T2DM risk: The risk of developing T2DM among those with abdominal subcutaneous adipocytes in the 90th size percentile was 5.8-fold greater than those in the lower 10 percent, after adjusting in the multivariate Cox regression analysis for sex, age and percent body fat (which were non-predictive of T2DM), and for insulin sensitivity and acute insulin response to a glucose load, which were also identified as independent predictors of incident T2DM (38). This finding was then corroborated by a study that followed 234 Swedish women over a 25 year period (39). A stepwise multivariate model adjusted for age, family history of T2DM and waist-to-height ratio (the strongest independent predictor in this study), demonstrated a hazard ratio of 1.54 for every standard deviation increase in abdominal subcutaneous adipocyte size. Interestingly, femoral subcutaneous adipocyte size did not remain an independent predictor of T2DM in the multivariate models, despite correlating with abdominal subcutaneous adipocyte size (39).

Prediction of obesity intervention outcome by adipocyte size assessment was proposed by a 2-center, French-German study (20). Though statistical models fell short of detecting a strong independent prediction, an association was found between subcutaneous mean adipocyte size and resolution of metabolic risk/dysfunction: Six months after bariatric surgery, women whose composite phenotype of T2DM or a high risk for developing T2DM had been resolved had smaller mean adipocyte size at baseline, compared to women whose metabolic dysfunction did not resolve postoperatively (20). A different result was obtained in a Swedish study that observed greater improvements in insulin sensitivity following weight loss among those with hypertrophic subcutaneous adipocytes at baseline (43). Two cohorts were examined to explore this relationship in response to moderate (~7%) weight loss (induced by dietary intervention, n=100), or more pronounced weight loss (33%, induced by gastric bypass surgery, n=61). Baseline adipocyte size per-se positively correlated with the subsequent improvement in insulin sensitivity (delta-HOMA-IR) only in the surgery intervention group. Yet, when adipocyte morphology value was considered – an index of adipocyte volume to total fat mass used to dichotomously classify patients to those with hyperplastic versus hypertrophic adipocytes (further discussed below) – this association was evident in both cohorts. In addition to greater improvement in insulin sensitivity, larger adipocytes predicted greater reductions in diastolic blood pressure, but not in blood lipid parameters (43). Importantly, other baseline clinical parameters, such as anthropometric measurements, did not predict the degree of metabolic improvement in response to weight loss intervention, suggesting the potential unique clinical value in assessing this OrAD feature.

Jointly, current studies assessing the possibility to predict obesity-related outcomes by adipocyte size are promising, but seem too few to propose clear guidelines before additional studies are available. Notably, tier 4 studies (Table 1) suggest that larger subcutaneous adipocytes may predict different outcomes in different clinical settings: In observational prospective studies they may reflect higher risk of future metabolic deterioration; In acute, experimental weight-gain settings, larger subcutaneous adipocytes may predict less weight gain and a lower decline in insulin sensitivity; As predictors of post-bariatric/metabolic surgery, results are inconsistent, and may also require single-center assessment of adipocyte size. Finally, although subcutaneous and visceral adipocyte size are correlated, they may have differing predictivity of clinical endpoints. Since visceral fat biopsies are only available in patients undergoing abdominal surgery, current information is more limited regarding the association between visceral adipocyte size and subsequent clinical endpoints.


Additional Considerations Related to Adipocyte Size Assessment for Clinical Applications

- Which fat depot? Visceral (mainly studied is omental) adipose tissue is considered to be already a pathogenic/ectopic depot (2), and is therefore more intuitively connected to OrAD. Indeed, omental adipocyte size was repeatedly associated with metabolic (14, 15, 18, 19, 46, 47, 52) and cardiovascular dysfunction (42, 46). However, as described throughout this section, subcutaneous adipocyte size also correlates with these outcome measures – albeit to a lesser degree (15, 47, 52). Additionally, subcutaneous adipose tissue is clinically-accessible by a percutaneous biopsy, a minimally-invasive procedure under local anesthesia. Such procedure is reminiscent not only of percutaneous biopsy of solid tumors, but also of liver biopsy that is quite routinely preformed in the hepatology clinic. Six of the seven tier 4, predictive studies (Table 1) demonstrate that abdominal subcutaneous adipocyte size may also be predictive of obesity-related outcomes. Possibly, this relates to the fact that subcutaneous adipose tissue constitutes the largest fat depot in the human body, so merely by its mass, changes in this depot might exert significant impact at the whole-body level. However, even within subcutaneous adipose tissue anatomical location may impact the effect of increased adipocyte size, as abdominal subcutaneous adipocyte size was found superior to femoral adipocyte size estimation in predicting incident T2DM (39). The possible predictive value of adipocyte size in other depots such as omental adipose tissue, and even in sub-compartments of subcutaneous fat [superficial and deep subcutaneous fat, whose mass is differently associated with obesity-related morbidity (53)], require further research.

- Method for determining adipocyte size: Adipocyte size measured (estimated) by histological sections is likely the most available approach in most clinical settings, as it can be analyzed manually or in a semi-automated manner using image analysis software by a pathologist (Box 1). Yet, this clearly provides an (under)estimation of true adipocyte size, rather than an absolute size determination, and has additional biases detailed elsewhere (10, 44). Other methods include microscopic assessment of isolated adipocytes obtained by collagenase digestion of fresh tissue, osmium tetroxide-fixed isolated adipocyte size estimation, and scanning electron microscopy. Each of these approaches has its potential biases (10, 44, 55), and may be limited to centers with specialized labs that have established the technique. In general, the different methods do correlate quite well with each other, and, cross-sectionally, with adiposity measures (52). Yet, absolute size determination is crucial if one also seeks to calculate adipocyte number (55), which may be an independent parameter that associates with obesity-related endpoints.

Adipocyte size versus adipocyte morphology, and adjustment approaches - Although adipocyte size – diameter or calculated volume – has been used and shown to associate with obesity-related phenotypes, adipocyte morphology value may be a stronger predictor (43). This parameter is derived from the curvilinear association between adipocyte volume and total body fat mass (19, 44, 56), and subtracting the expected adipocyte volume from the actual measured adipocyte volume. An adipocyte morphology value above the expected denotes hypertrophy, whereas a negative value (i.e., below expected) denotes hyperplasia. Studies have also reached different conclusions on whether adipocyte size associates with clinical parameters independently of (i.e., when adjusted for) adiposity measures. This may be attributed to the adjustment for different adiposity measures (BMI, total body fat mass, regional fat, etc.). Since several studies showed that abdominal subcutaneous adiposcyte size was no longer associated with insulin resistance following adjustment for visceral fat volume, Tchernof et al. proposed that “excess visceral adipose tissue accumulation and subcutaneous fat cell hypertrophy may represent markers of a common phenomenon: limited hyperplasic capacity of adipose tissues“ (44).

Which size parameter should be looked at? Adipocyte size may not be normally distributed, particularly when adipocyte volume is used (43), and bi-modal and skewed distributions have also been proposed (44, 52). This suggests that perhaps beyond mean (average, or even median) adipocyte size, other adipocyte size measures should be considered, including the maximal adipocyte size, or conversely – the percent of small adipocytes (57), large adipocytes (58), etc. Although measuring the larger and smaller range of adipocyte size may be particularly challenging methodologically (44), such measures may prove to disclose clinically useful associations with obesity and treatment related outcomes.

What do larger adipocytes mean for adipose tissue biology? Having larger mean adipocyte size, or an adipocyte morphology above the expected value, defines hypertrophic adipose tissue expansion (43). Yet, it remains controversial how this relates to the adipose expandability theory – i.e., whether it reflects decreased or rather improved capacity of adipose tissue to expand in response to excess calories, and protect from ectopic fat accumulation and insulin resistance. In fact, some studies suggest that higher mean adipocyte size but lower fraction of large adipocytes (higher percentage of small adipocytes), may actually represent impaired capacity to retain metabolic health in response to overfeeding or obesity (40, 41, 58). This was attributed to decreased lipogenic/adipogenic capacity (of the small adipocytes), and to a pro-inflammatory skeletal muscle response, possibly secondary to rapidly hypertrophying small adipocytes.




Adipose Tissue Inflammation

The link between obesity and adipose tissue inflammation had been extensively studied over the past 25 years, initially implicating obesity-associated changes in adipose tissue cytokines and later adipose tissue immune cells [references (59) and (60, 61) are considered as milestone studies that sparked research in these directions, respectively]. Excellently reviewed in recent years (62, 63), adipose tissue inflammation engages multiple arms of the immune system, with marked alterations in inflammatory gene expression and immune cell populations. Initially (and still largely) considered to offer a (causal) link between obesity and the development of adipose tissue and whole-body metabolic dysfunction and increased cardiometabolic risk, in reality this link is largely more complex, and less established in humans than in rodent models. Not only causality may be bi-directional (64), inflammation in general, and specifically in adipose tissue, cannot be simplistically viewed only as a pathological process, but as a dynamic process that is ignited in response to multiple perturbations, with the initial aim of restoring homeostasis. In established obesity, the chronic nature of low-grade adipose tissue inflammation, which in humans sometimes lasts decades, may be a major feature that is not necessarily fully captured by rodent studies. Indeed, pre-clinical and some clinical studies questioned the putative causal association between adipose tissue inflammation and metabolic dysfunction in obesity. Complementarily, adipose tissue inflammation may be in some instances a beneficial phenomenon of adipose tissue remodeling that eventually contributes to improved whole-body metabolic health and homeostasis, particularly in the early response to excessive weight loss.

Cross-sectionally, multiple human studies demonstrated activation of various inflammatory pathways in adipose tissue of patients with obesity versus people without obesity. Beyond lean-obese comparison (i.e., within the obese population), cross-sectional studies provide links between a higher pro-inflammatory state, particularly in visceral adipose tissue, and greater obesity-related cardiometabolic complications (selected studies are presented in Table 2, tier 1). Yet, even at this tier, some immune cells (e.g. macrophages) have been shown to positively associate with metabolic dysfunction, while others (e.g. mast cells) exhibited negative association (i.e., higher abundance of mast cells associated with better metabolic profile). Longitudinal co-association studies [Comprehensively reviewed in (82), and specifically in the response to bariatric surgery in (84), and selected publications presented in Table 2, tier 2], have somewhat surprisingly shown even more inconsistencies: Improvements in metabolic dysfunction following lifestyle, pharmacological or surgical interventions were associated with relatively mild, or even without any decline in adipose tissue inflammation parameters. Here, again, which inflammatory parameter was assessed, what was the intervention, and particularly follow-up duration, are likely major determinants of the results and conclusions. Overall, tier 2 studies may suggest that early improvement in metabolic dysfunction following weight loss may not require resolution of adipose tissue inflammation. In the excessive weight-loss response to bariatric surgery, some inflammatory markers (neutrophil or macrophage infiltration and related chemokines and cytokines) may even be increased up to 6 months postoperatively, followed by a gradual decline (85). An additional ‘uncoupling’ between adipose tissue inflammation and insulin resistance was demonstrated in the response to experimental weight gain, which induced insulin resistance without apparent stimulation of systemic or adipose tissue inflammation (81).


Table 2 | OrAD feature - Adipose tissue inflammation.



Nevertheless, several mechanisms have been proposed to explain the apparent link between adipose tissue inflammation and obesity-related complications, most notable of which is adipose tissues’ contribution to systemic inflammation and obesity-related decline in vascular-protective adipokines (e.g. adiponectin, Table 2, tier 3). Yet, such mechanistic propositions are frequently indirect. Clinically, attempts to relieve obesity-related cardiometabolic complications (i.e., T2DM and related elevated cardiovascular risk) using available anti-inflammatory interventions has raised high hopes (86, 87) but was largely met with somewhat limited results. These call, again, for the need to better understand adipose tissue inflammation and its specific mediators that may link to obesity-related complications, and/or to find biomarkers that can identify humans with a defined obesity sub-phenotype, who would benefit from specific anti-inflammatory intervention(s) – i.e., predictive (tier 4) studies.

In light of this apparent need, it is surprising that while a relatively rich body of literature examines cross-sectionally or longitudinally the association between parameters of adipose tissue inflammation and obesity phenotypes, tier 4 predictive studies are surprisingly scarce (Table 2, tier 4). In two independent cohorts we have shown that higher expression of mast cell specific genes, which we found to be indicative of adipose tissue mast cell abundance assessed histologically, predicted the degree of subsequent weight loss induced by bariatric surgery (70). In the Israeli cohort (n=18), those who expressed mast cell -specific chymase CMA-1 above the median exhibited weight loss that was nearly 2-fold greater than those who were “CMA-1-low”. CMA-1 expression in subcutaneous adipose tissue also predicted greater weight loss 1-year post surgery in an independent, German cohort (n=56). In this cohort, in omental adipose tissue, other mast cell genes [tryptase 1 (TPSB1) and c-kit (KIT)] positively correlated with the degree of weight loss. Despite extensive literature search, we could not find additional tier 4 predictive studies that explore whether baseline markers of adipose tissue inflammation correlate with future obesity-related endpoints and intervention outcomes. This surprising paucity in the literature is further discussed in the final section of this review.



Adipose Tissue Fibrosis

Fibrosis is the pathological deposition of extracellular matrix (ECM) in a tissue, such that it replaces portions of the tissue parenchyma, changes the tissue’s physical properties, and impairs its function.

This elaborate process is reviewed in detail in references (54, 88, 89). Briefly, while the ECM in healthy adipose tissue is constantly being deposited and degraded as part of normal adipose tissue homeostasis, when excessively deposited, adipose tissue becomes fibrotic. As discussed in the previous sections, obesity manifests with pathological adipose tissue expansion. Adipocyte hypertrophy is associated with adipocyte cell death and inflammation, which trigger dysregulated ECM deposition and fibrosis. Moreover, increased cross-linking of ECM proteins in obesity stiffens adipose tissue and exerts mechanical pressure on hypertrophied adipocytes, resulting in further adipocyte death, lipid spillover and exacerbation of tissue and systemic inflammation.

Cross sectional association studies in humans with obesity (Table 3, tier 1) show that increased degree of obesity and fat mass associate with increased adipose tissue fibrosis (90) and non-alcoholic fatty liver disease (NAFLD) (96). However, conflicting evidence exist regarding how adipose tissue fibrosis associates with metabolic dysfunction in obesity. Although some studies suggest that decreased fibrosis in both subcutaneous and visceral (omental) fat depots is associated with at least some aspects of metabolic disease (98, 99), most reports provide evidence that metabolic dysfunction (e.g., insulin resistance) associates with increased adipose fibrosis, both in subcutaneous (91, 94, 106, 107) and omental (94, 95) adipose tissues.


Table 3 | OrAD feature - Adipose tissue fibrosis.



Longitudinal studies in humans (Table 3, tier 2) show that fibrotic markers increase post experimental weight gain (90), and decrease with weight loss (80, 92, 100). Interestingly, even moderate 5% weight loss induced by lifestyle modification was sufficient to reduce the expression of several ECM genes in adipose tissue, whereas inflammatory gene expression did not change (80). This suggests that during moderate weight fluctuations, metabolic changes may be more closely associated with changes in fibrotic gene expression in adipose tissue than with markers of adipose tissue inflammation. Nevertheless, in response to more pronounced weight loss, such as following bariatric surgery, adipose tissue fibrosis was not reduced despite improvements in metabolic outcome measures (i.e., decrease insulin resistance) (94, 101, 108). Possibly, this is reminiscent of the effect reported by some studies in response to bariatric surgery on adipose tissue inflammation in the first 6 month (Table 2, tier 2).

Proposed mechanisms (Table 3, tier 3) implicate hypoxia and/or activation of hypoxia inducible factor 1 (HIF-1) as central mediators between adipose tissue fibrosis and metabolic complictions of obesity [reviewed in (88, 102, 103)]. Of particular interest is adipose tissue Collagen 6A3 (Col6A3), which correlates with adiposity (BMI and fat mass) (90, 91), metabolic dysfunction (91), and with reduced PPARϒ expression. Evidence suggests that Col6A3 acts to propagate a fibro-inflammatory phenotype by promoting reduction in tissue oxygenation and inducing HIF-1α expression (104), while PPARγ activation inhibits Col6A3 expression (69, 73) and promotes adipogenic differentiation, adipose tissue vascularization and suppression of HIF-1α (73).

Beyond association studies, several human studies demonstrate that assessing the degree of adipose tissue fibrosis predicts subsequent clinically-relevant outcomes of intervention in persons with obesity (Table 3, tier 4). In a comprehensive effort to accurately characterize fibrosis in different adipose depots and define its clinical relevance, 9 healthy-weight controls and 65 patients with obesity, who met the criteria for bariatric surgery (BMI >40 or >35 kg/m2 with at least one comorbidity), were recruited. Participants were analyzed before, and 3, 6 and 12 months postoperatively. Preoperative total and pericellular fibrosis in subcutaneous adipose tissue, measured by picrosirius red staining, correlated with percent fat loss at 3, 6 and 12 months postoperatively (Total fibrosis: 3 months, R=-0.39, p<0.005; 6 months, R=-0.31, p<0.05; and 12 months, R=-0.30, p<0.05. Pericellular fibrosis: 3 months, R=-0.23, p<0.05; 6 months, R=-0.32, p<0.05; and 12 months, R=-0.30, p<0.05) (98). After clustering the participants into 3 groups based on the percent fat loss (using a k-means algorithm), baseline pericellular fibrosis was significantly higher in cluster C, in which participants lost the least weight postoperatively. A later study by the same group, examined a sub-cohort of 243 out of 404 bariatric surgery patients at baseline, and 3, 6, and 12 months postoperatively (97). Biopsies were collected during surgery, and used to assess fibrosis in liver, subcutaneous and omental adipose tissues by picrosirius red staining. Adipose tissue fibrosis in both subcutaneous or omental depots were associated with liver fibrosis and measures of adiposity (body weight, percent fat and BMI). Participants were further divided into ‘good responders’ (GR), who lost >34.8% of baseline BMI 12 months after surgery, and ‘less responsive’ (LR), who lost <25%. In a multivariate analysis, higher total subcutaneous adipose tissue fibrosis adjusted for age, diabetes and circulating IL-6 characterized the LR group (OR [95% CI] = 1.58 [1.10-2.28]) (97). These data suggest that subcutaneous adipose fibrosis can be used to predict weight loss outcome of bariatric surgery. This can assist in improving the preoperative expectation from the surgery, and if bariatric surgery is performed, to consider intensified postoperative intervention to optimize the weight-loss response to the surgery (as further discussed in subsequent section of this review). Indeed, for such clinical purposes, histology-based tool to grade the degree of adipose tissue fibrosis from surgical biopsies was established, and exhibited successful prediction of weight loss following bariatric surgery in 183 patients with severe obesity (105): Fibrosis score of Adipose Tissue (FAT score) is a semiquantitative tool that uses subcutaneous adipose surgical biopsies to evaluate adipose tissue fibrosis following picrosirius red staining. It utilizes a 4-stage fibrosis rating scale where Stage 0=no apparent perilobular (PLF) or pericellular (PCF) fibrosis; Stage 1= moderate PLF and/or PCF; Stage 2= severe PLF or severe PCF; and Stage 3 = severe PLF and severe PCF. FAT score was associated with adipose tissue fibrosis and with increased M2 macrophage infiltration, but not with adipocyte size. Importantly, higher FAT score was correlated with lower weight loss 12 months following bariatric surgery, and a baseline FAT score ≥2 was associated with a 3-fold increased risk of reduced weight loss response to bariatric surgery (OR [95% CI] = 3.2 [1.7 – 6.1]). When testing the ability of the FAT score to predict weight loss post bariatric surgery, the authors compared 3 prediction models and concluded that there is merit and added value in incorporating assessment of subcutaneous adipose pathology in prediction of weight loss response to bariatric surgery (105).

It is noteworthy that all 3 tier 4 studies (97, 98, 105) were by K. Clément and co-workers, representing the development and experience of a single center. Clearly, given the possible impact of the findings, it is imperative that these results are replicated and reported by additional centers, so that analysis of adipose tissue fibrosis could be considered as part of the routine clinical toolkit in the treatment of obesity.


Additional Considerations Related to Adipose Fibrosis Assessment for Clinical Applications

- Which fat depot(s)? The few studies that assessed fibrosis in both subcutaneous and omental adipose tissue reached conflicting conclusions: While Muir et al., report no differences in adipose fibrosis assessed using both picrosirius red staining and fibrotic gene expression between subcutaneous and omental depots (99), Divoux and colleagues demonstrate different collagen patterns between the 2 tissues (98). Moreover, these authors report increased total fibrosis percent (picrosirius red staining) in participants with obesity compared to non-obese controls in subcutaneous, but not omental fat.

- Method for obtaining adipose tissue biopsy: The two most common techniques to obtain adipose tissue samples are surgical biopsies and needle-aspirated biopsies – each has its own pros and cons. A recent study compared the two techniques side by side and found that the biopsy technique affects adipose tissue gene expression profile. Specifically, needle-aspirated core biopsies were more fragmented due to the mechanical shear stress applied while the tissue is forced through the needle. As a result, needle-aspirated biopsies do not effectively aspirate the fibrotic fraction of subcutaneous adipose tissue, contain an unrepresentative smaller stroma-vascular fraction and thus misrepresent adipose tissue fibrosis (109).

- Emerging imaging approaches to assess adipose tissue fibrosis: A few non-invasive approaches have been proposed for assessing adipose tissue fibrosis. Transient Elastography provides assessment of adipose tissue stiffness by measuring the shear wave velocity of the tissue’s response to vibration, correlating with the degree of fibrosis assessed histologically (98, 110). Recently, a new MRI application was validated against adipose tissue histology, successfully quantifying fibrosis in subcutaneous adipose tissue (111). Potentially, by creating a 3D fibrosis assessment of the subcutaneous adipose tissue, this approach may be less prone to sampling biases, which is common in histological assessment, particularly of biopsies obtained by needle aspiration.

- How fibrosis is quantified: Percent pericellular and percent peri-lobular fibrosis might be more sensitive measurements compared to total percent fibrosis, and may therefore prove to provide more clinically relevant information. For example, when comparing fibrosis in subcutaneous and omental adipose tissues from participants with obesity and non-obese controls, percent pericellular fibrosis, but not percent total fibrosis, differed between the groups in both depots (98).

- Patients’ characteristics might impact adipose tissue fibrosis: Differences in adipose tissue fibrotic response to obesity and weight loss exist between different ethnic groups, for example Caucasian vs Asian-Americans (112) or Asian-Indian (113). Some studies show sex differences in adipose fibrosis (90), and aged individuals exhibit increased adipose tissue fibrosis [reviewed in (114)].





Incorporating OrAD Assessment in the Obesity Clinic

There is a growing “need to go beyond BMI” notion in clinical obesity medicine in the quest for better personalizing the treatment of people with obesity, and assessment of the health of the adipose tissue is certainly a potential avenue. Hence, in previous sections we provided examples for clinically-valuable information obtainable from mostly standard pathology assessment of adipose tissue biopsies in order to use such information as a decision-making tool. We hereby describe how adipose tissue biopsies and OrAD assessment could be incorporated into the obesity clinic, with relevance to patients undergoing bariatric/metabolic surgery, those offered non-surgical interventions, and even as part of the decision-making process between these two options. We consider both primary and secondary prevention concepts related to obesity and its related complications.

Adipose tissue biopsies during bariatric/metabolic surgery – When a person with obesity undergoes bariatric surgery (or for that matter, any elective intra-abdominal surgical procedure), sampling abdominal subcutaneous and omental adipose tissue could easily be incorporated as a standard care procedure. This is because, first and foremost, adding an excision of a few grams of adipose tissue is surgically simple, fast, and runs nil or very low added risk for the patient. Conceptually (medically), it is equivalent to sampling the diseased tissue in other medical circumstances, such as in oncological surgeries. As discussed above, rather standard histopathological assessment (Box 1) can already provide enormous amount of information, and does not require a special setting beyond that available in most operating rooms – placing the biopsies immediately in formaldehyde, and sending to the affiliated department of pathology.





Adipocyte cell size, amount of fibrosis and degree of inflammation can all be evaluated on a paraffin block section stained with standard hematoxylin & eosin (H&E). The main advantage of this method is its availability practically in all medical centers (which have a pathology department). Additionally, this technique allows examination of tissue architecture and performance of histochemical and immunohistochemical stains. A. Adipocyte size can be measured either manually or by using automated cell size analyzer on cytology specimens. Additionally, adipocyte cell size can be estimated manually on H&E-stained slides according to the average amount of adipocytes per 10 high-power fields (HPFs); one can also use software analysis for this purpose. B. Degree of Inflammation can be evaluated based on H&E-stained slides. Immunohistochemical stain for CD45 (Leukocyte Common Antigen) would highlight all inflammatory cells, making this estimation easier and possibly more accurate. In addition, identification of specific inflammatory cells can be achieved using immunohistochemical stains: CD68 for macrophages, CD3 for T-lymphocytes, CD20 for B-lymphocytes, CD57 for NK cells and CD117 (c-Kit) or tryptase for mast cells. C. Amount of fibrosis can be assessed based on H&E-stained sections or preferably using Masson’s Trichrome stain that would highlight connective tissue fibers, staining them in a blue hue. Picrosirius red and immunohistochemical stain for specific collagens would also emphasize collagen fibers.

Subcutaneous adipose tissue needle biopsy or minimally invasive, small open surgical biopsy in the non-surgical patient with obesity – This clinical setting is more complex, as it requires subjecting patients to a procedure which is still non-standard in most clinics. Subcutaneous (usually abdominal, at the lower quadrant) adipose tissue biopsy is minimally-invasive, is performed under local anesthesia, but even if of very low risk for the patient does run added risk of local hematoma, infection, and pain. Conceptually, subcutaneous adipose tissue needle biopsy can be viewed similarly to liver biopsy in the clinical workup of patients with liver disease, and is associated with lower risks. Yet, while as discussed above in this review, such procedure can impact therapeutic options by improving the prediction of expected outcomes, it is still investigational, and requires institutional ethical committee approval, patients’ written informed consent, and careful personalized cost-benefit assessment.

Below are a few example scenarios for how might OrAD assessment inform the obesity clinician and improve precision care.

Predicting post-operative weight loss response- After bariatric/metabolic surgery, OrAD features indicative of predicted low postoperative weight-loss response to the bariatric surgery [high SC fat fibrosis score (105), low omental fat mast cell count (70), possibly adipocyte cell size (20)], may suggest the consideration of intensified post-operative intervention to ensure optimal weight loss. Possibilities may include intensifying post-operative life-style interventions and/or pharmacotherapy. Once more data are available – both on OrAD and on long-term follow-up endpoints, it would be important to determine if OrAD features can predict failure to maintain long-term weight loss induced by bariatric surgery (Box 2), as it is increasingly recognized that over a third of patients regain >25% of their maximal postoperative weight loss (115).


 Box 2: Major outstanding questions 

	- Can OrAD features predict intervention outcomes:


	- response to emerging anti-obesity pharmacotherapy;


	- a-priori identify successful weight-loss responders to incretin receptor agonists;


	- post-bariatric/metabolic surgery weight regain.


	- “Composite OrAD score” – would a composite score that integrates different OrAD features improve predictability of obesity-related endpoints and/or intervention outcomes?


	- Reversibility of OrAD features in the response to intervention: Could a second, early post-intervention initiation OrAD assessment serve to predict long-term successful response?


	- Could repeated OrAD assessment of the metabolically-healthy patient with obesity identify pending metabolic/health deterioration?


	- Could OrAD assessment predict less-conventional obesity-related risks, such as obesity-related cancer, cognitive decline, etc?


	- Is OrAD a marker or a therapeutic target on its own? Would improving OrAD features improve obesity related outcomes?




Predicting postoperative effect on cardiometabolic risk - OrAD features indicative of lower chances of reducing obesity-related cardiometabolic risk following bariatric surgery could support considering interventions aimed at secondary prevention. Although suggested to predict incident T2DM in observational studies (38, 39), the predictive value of adipocyte size assessment in the post-bariatric surgery patient is still unclear (Table 1, tier 4). Moreover, when attempting to predict postoperative diabetes remission, adipocyte size was not found to differ between patients with obesity and T2DM who exhibited 1y postoperative diabetes remission or not (116). Yet, a current debate is whether to discontinue all anti-diabetic medications including metformin after bariatric/metabolic surgery in the post-operatively normoglycemic patient. Possibly, a higher OrAD burden may provide a rationale for postoperative continuation of metformin.

Primary prevention in patients with “metabolically-healthy” obesity – Subcutaneous adipocyte size had been shown to predict deterioration of glycemic control even in patients with normal glucose tolerance, and beyond other risk factors (38, 39). Although further demonstration in other cohorts would be valuable, existing studies already suggest such association in diverse populations. Hence, larger adipocyte size [which may require threshold assessment in the specific clinic (20)] may indicate a need for intensified measures for primary prevention of metabolic deterioration. Collectively, in this setting, assessing OrAD in subcutaneous adipose tissue can assist in refining/sub-classifying the metabolically-healthy obese phenotype, highlighting those at greater cardiometabolic risk despite their current intact metabolic profile.

Additional outstanding questions that could inspire future studies to assess the clinical value of OrAD assessment are presented in the following section and in Box 2.



Outstanding Questions, and Future Directions

In modern medicine, sampling the diseased tissue in order to extract clinically-useful information that directs treatment is a common practice. We hope that this review conveys the message that adipose tissue in obesity is a potentially rich source of clinically-meaningful information that should be utilized in the hope of improving precision medicine for the care of patients with obesity. Studies that actually demonstrate that routine assessment of OrAD features could guide personalized care by providing prediction of prognosis and/or response to anti-obesity intervention are still too few to be translated into clinical guidelines. But they do provide a proof of principle that is sufficient to motivate joint efforts to extract such clinically-useful information. Standard laboratory techniques available in most centers, particularly pathology labs, can already provide enormous amount of information on OrAD features, which then needs to be linked to relevant endpoints and post-intervention outcome assessment (Box 1). There is no doubt that predicting intervention outcome(s) will become an increasing need with newly-emerging options for anti-obesity treatments in the upcoming future.


Molecular Signatures of Adipose Tissue

This review focused on histopathological assessment of OrAD, but molecular tools should also be considered. Indeed, multiple molecular differences between people without or with obesity have been reported, and have greatly contributed to current understanding of OrAD. Yet, fewer studies assessed, even cross-sectionally, molecular differences within the heterogenous group of persons with obesity in the quest to explain obesity sub-phenotypes (15, 75). Molecular OrAD patterns associated with longitudinal changes were shown using both coding and non-coding (micro-RNA) RNAs. For example, successful maintainers of weight loss exhibited an increase in oxidative phosphorylation gene expression, and a decrease in cell-cycle and inflammatory genes in subcutaneous fat, while unsuccessful weight loss maintainers exhibited the opposite gene expression change (117). Using micro-RNAs, changes in subcutaneous adipose tissue expression of several miRNAs associated with the magnitude of decreased weight, waist circumference or fat mass loss, with no difference between different dietary intervention strategies (118). Moreover, prospectively, the viscera/subcutaneous fat expression ratio of miRNA-122 predicts the degree of weight loss 1y after bariatric surgery (n=61) (5).

Modern ‘omics’ technologies will clearly advance the information one would be able to extract from any biological sample, including adipose tissue biopsies. Various whole tissue ‘omics’ approaches hold the promise of discovering novel outcome predictors in an unbiased manner. One pioneer attempt tested the ability to a-priori predict the response to a 10w hypocaloric diet by a single, snap-shot assessment of global subcutaneous adipose tissue gene expression using microarrays (6). Global gene expression was able to differentiate between the groups with a maximal prediction accuracy (depending on the model used) of 61%. A stringent identification of differential gene expression between subsequent responders (who lost 8-12 kg) and non-responders (who lost up to 4 kg) using 3 statistical approaches uncovered 9 validated differentially-expressed genes among the n=53 microarrays. Yet, using these genes to predict response did not improve the maximal accuracy (of ~80%), that was obtained by using the 34 differentially-expressed genes identified when relieving the FDR criterion to 8% in the Significance Analysis of Microarray (SAM) procedure. The authors of this study concluded that the predictive performance of this approach was insufficient to be helpful in the clinical setting, and suggest that perhaps a second sample aimed at assessing the initial response to the intervention could better predict the final response to the intervention (6).

Finally, single-cell transcriptomics technologies, such as single-cell RNA-sequencing of the stromal-vascular cells of adipose tissue, or single-nucleus RNA-sequencing that can also capture adipocytes, provide new opportunities to uncover the cellular landscape, and cell-type specific gene expression changes in adipose tissue, at an unprecedented resolution (119). These will allow to determine whether specific cellular composition of adipose tissue – either specific cell types, and/or sub-populations of adipocytes - could effectively predict intervention outcome. For example, it’s plausible that greater proportions of functionally-beneficial adipocytes such as adiponectin producing/insulin sensitive, and/or thermogenic adipocytes, may be expected to not only positively affect whole-body metabolic state cross-sectionally, but to also predict lower risk of developing obesity co-morbidities. If this proves to be true, single-nucleus RNA-sequencing could serve to refine the definition of metabolically-healthy obesity, and prevent un-necessary primary prevention interventions for obesity-related comorbidities in such patients.



“The Liquid Biopsy Concept” – Can OrAD be Estimated by Blood Sampling?

This review proposes histopathological OrAD assessment as a possible tool to better sub-phenotype patients by predicting obesity related clinical outcomes. A plethora of studies attempt to identify circulating biomarkers (metabolites, miRNA and other epigenetic markers) for the same purpose, related or not to OrAD. Yet, assuming that OrAD is a powerful predictor of obesity outcomes, an additional outstanding question is whether it can be estimated by sampling peripheral blood. This approach, reminiscent of the concept of liquid biopsy in oncology, may be particularly important for providing OrAD assessment of the visceral fat depot in the non-surgical patient, and has been previously attempted (120). As one example, peripheral blood monocyte sub-classes were shown to correlate with lipid storage of omental adipose tissue macrophages (121), which in turn were shown to associate (cross-sectionally) with a worse metabolic phenotype in obesity (122). Circulating blood metabolomics could uncover correlates of OrAD features such as adipocyte diameter, and associate with obesity phenotypes (123). Other circulating biomarkers indicative of OrAD and specifically of adipose tissue communication with other organs that determine obesity-related endpoints, such as fatty liver and cardiac health, should undoubtedly be further explored for clinical use. These include, among others, adipokines and circulating extracellular vesicles, which in obesity are likely significantly contributed by adipose tissue. The adipokine adiponectin is one such example: As it is produced solely by adipocytes, particularly by insulin-sensitive cells, circulating adiponectin levels may indicate improved adipose metabolic function (i.e., lower adiponectin reflecting OrAD). Indeed, although the association between circulating adiponectin and cardiovascular morbidity and mortality is complex and may greatly depend on the health status of the investigated population (124), several studies demonstrated that low circulating adiponectin (total or high molecular weight) were independent predictors of incident metabolic syndrome or T2DM (125, 126).




Conclusion

Both the motivation to increase precision care in obesity medicine, and the logic of attempting to estimate OrAD to predict clinically-relevant outcomes in obesity care, are clear. Current literature provides some proof-of-principle studies for the possibility that OrAD assessment should be better utilized to enhance precision medicine of patients with obesity. Yet, in some cases (particularly adipose tissue inflammation), the scarcity of predictive studies is surprising in light of the relatively large body of association studies. In particular, longitudinal co-association studies seemingly include all the information required for testing a prediction hypothesis. Current literature remains blind to whether such hypotheses were tested and found to be negative, but remained unpublished. Notably, as an exception, it was reported that adipocyte size and morphology at baseline could not distinguish between patients who exhibited post-bariatric surgery diabetes remission (116). Alternatively, association studies that assessed at least two time-points (baseline and follow-up) may have been underpowered to provide significant predictive data. Therefore, to advance this line of research and clinical practice it would be important to: i. conduct prediction analyses on already available datasets; ii. encourage the report of negative findings, particularly of sufficiently statistically-powered studies; iii. consolidating data from different centers to enable analyses on heterogenous and larger patient databases (i.e., perform meta-analyses); iv. Using advanced approaches, such as deep learning and artificial intelligence, to detect predictive algorithms of OrAD-based clinically-important endpoints.
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Lipodystrophy (LD) indicates a group of rare disorders, with generalized or partial loss of white adipose tissue (WAT) often associated with metabolic derangements. Heterogeneity/wide spectrum of the disease and lack of biomarkers make diagnosis often difficult. MicroRNAs are important to maintain a correct WAT function and WAT is a source of circulating miRNAs (cmiRs). miRNAs from 320 family were previously detected in the WAT and variably associated to the metabolic syndrome. Our aim was then to investigate if LD can result in altered abundance of cmiRs-320. We collected samples from a cohort of LD subjects of various subtypes and from age matched controls. Use of quantitative PCR determined that cmiRs- 320a-3p, 320b, 320c, 320e are upregulated, while 320d is downregulated in LD. CmiRs-320 power as classifiers was more powerful in the most extreme and defined forms of LD, including the generalized and the Dunnigan subtypes. cmiR-320a-3p showed significant inverse relationships with plasma leptin (P < 0.0001), typically low in LD. The hepatic enzymes gamma-glutamyl transferase (GGT), aspartate aminotransferase (AST), alanine aminotransferase (ALT) and the marker of inflammation C-reactive protein (CRP) were inversely related to cmiR 320d (P < 0.05, for CRP and GGT; P < 0.01, for AST and ALT). Gene ontology analysis revealed cell-cell adhesion as a process regulated by 320 miRNAs targets, thus disclosing a novel route to investigate origin of WAT loss/dysfunction. In conclusion, cmiRs-320 constitute novel biomarkers of LD, abundance of miR320a-3p is inversely associated to indicators related to WAT function, while downregulation of cmiR-320d predicts an altered hepatic profile and higher inflammation.
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Introduction

Lipodystrophy (LD) designates a heterogeneous group of rare disorders, characterized by dysfunction and lack of white adipose tissue (WAT) with a prevalent loss of the subcutaneous (SAT) (1). The spectrum of the disorder is broad and the current classification scheme distinguishes 4 major categories: Congenital Generalized LD (CGL), a very rare disorder with known pathogenetic mechanism due to defects in genes involved in lipid droplet formation (1–3); Familial Partial LD (FPL), the most common form of LD in adults (4); Acquired Partial and Generalized LD (APL and AGL), with variable onset (5) and causes still to be elucidated, although an imbalance in the immune response has been hypothesized (6). Other forms include those associated with progeria, often presenting generalized fat loss (7). Besides, there is a relatively frequent form of LD occurring in human immunodeficiency virus (HIV) infected patients as a consequence of antiretroviral therapy (8), which will not be herein investigated. Metabolic and endocrine derangements, that paradoxically mimic those found in morbid obesity (9), often affect LD subjects: triglyceride overload due to overfeeding or reduced/null capacity to store energy in excess results, in fact, in dysfunctional WAT and consequent dysmetabolism including insulin resistance, dyslipidemia and hepatic steatosis (9, 10). Notwithstanding the heterogeneity of LD, there are considerations that apply to the entire spectrum of the disorder that is worth considering: 1. If we exclude CGL and some forms of FPL (11), for which we have a known cause-effect relationship between gene defects and impaired lipid droplet formation (3), the mechanisms of the other types of LD are to be defined. 2. In most LD patients, especially in the acquired forms, WAT loss is noticed and clinically evaluated when the extension of fat disappearance is advanced and metabolic health compromised, while it would be helpful to diagnose this condition as early as possible.

Among other factors, microRNAs (miRNAs) play a relevant role in the regulation of adipocyte biology (12); loss of function of the miRNA processing enzyme Dicer results in a LD and insulin resistant mouse (13) and adipose tissue-specific ablation of Dgcr8, a key regulator of miRNA biogenesis, results in dysfunctional adipose tissue (14, 15). MiRNAs bind to messenger RNAs, modulate their stability and availability to be translated, their dysregulation being implied in the onset of multiple disorders including cancer, neurodegenerative diseases, and diabetes (16). These small RNAs can be released by cells into the blood flow and reach distant tissues to act as gene expression modulators (17). Of note, WAT releases miRNAs into the circle and analyses conducted in HIV-associated LD revealed a downregulation of WAT expression of Dicer (13), and consistent alterations in the levels of both circulating and adipose tissue miRNAs (cmiRs) (18, 19).

In the present study we chose to focus our attention on 5 miRNAs belonging to the same family, i.e. 320 (from now on referred to as miRs-320), as they present features that are relevant for a better understanding of WAT dysfunction and loss: 1. they were previously reported to be present in the WAT (20) and play a pivotal role in the adipogenic versus osteogenic switch of human mesenchymal stem cells (21); 2. miRs-320 were found to be significantly associated with visceral adipose tissue levels, a depot which is overrepresented in various forms of LD at the expense of SAT loss (22); 3. miRs-320 are overexpressed in metabolically stressed 3T3-L1 murine adipocytes, where they suppress glucose uptake and lipogenesis, while inducing lipolysis via the insulin-phosphatidylinositol 3-kinase pathway and endoplasmic reticulum stress signaling (23, 24).

In search of novel biomarkers of LD and of molecular mechanisms underlying its pathogenesis and/or downstream targets, we characterized the circulating levels of miRs-320 (cmiRs-320) in subjects affected by the disease considered either as a single heterogeneous cohort or sub-grouped in the various subtypes; we investigated the relationship between cmiRs-320 and the clinical profile, and we finally performed gene ontology search on cmiRs-320 targets to get insights into the biological meaning of our findings. Our experimental design is represented in the flowchart of Figure 1A.




Figure 1 | Experimental design and discovery study. (A) Flowchart depicting the experimental design consisting in: quantitation of cmiRs-320 levels and further characterization steps as indicated. (B) Bar graphs of 320 family miRNAs in subcutaneous WAT and subfractions. Data are expressed as mean ± SEM for 3 independent samples.





Materials and Methods


Study Population

Patients attending the outpatient clinic for obesity and lipodystrophies at the University Hospital of Pisa were prospectively enrolled in the study. Medical history, clinical and laboratory data were collected and anthropometric measures were taken by standardized methods throughout the study. We recruited: patients with LD, the diagnosis of LD sub-type was made based on the published criteria (2, 25); obese subjects with a BMI > 35 Kg/m2 associated to at least 2 metabolic derangements; healthy controls (HC) recruited among subjects undergoing routinary endocrinological tests with no comorbidities. Eligible were all patients between 2 and 80 years old and criteria for exclusion were presence of malignancy or diseases that may influence miRNA expression (26). A subgroup of controls, herein defined adult healthy controls (AHC), was selected for a proper age matching with FPLD1 subjects (see also Supplementary Table 2). Patients’ recruitment and informed consent were carried out in accordance with approved guidelines from the Local Ethical Committee (CEAVNO, Protocol number D 19440).



Human Samples

Plasma: Whole blood was collected into EDTA tubes (BD Vacutainer, Franklin Lakes NJ, USA) and plasma obtained by centrifugation at 3000 rpm, 4°C, 15 minutes, prior to a second centrifugation at 12600 g, 4°C for 10’ and storage at −80°C for subsequent analysis. Aliquots of plasma from the samples were thawed only once. We estimated cell and hemolysis contamination in our plasma samples by: 1. eye judgement checking the sample against a colorimetric scale, 2. comparing the levels of a miRNA highly expressed in red blood cells (hsa-miR-451a) and one unaffected by hemolysis (hsa-miR-23a-3p) (27). In all our samples we have found the ΔCt (miR-23a-3p - miR-451a) is smaller than five, showing the absence of hemolysis.



WAT Samples and Isolation of Adipocyte Fraction (AF) and Stromal Vascular Fraction (SVF)

Biopsies of SAT were obtained during elective surgery and one aliquot promptly frozen into liquid nitrogen and stored at -80°C. Fresh SAT was sub-fractionated into SVF and AF as previously described (28). Briefly, the subcutaneous WAT biopsy obtained during elective abdominal surgery was cut in little pieces and incubated 1 hour at 37°C with 2 mg/ml collagenase Type 1 (Sigma-Aldrich, St. Louis, MO, USA). The digestion was stopped by adding 3 volumes of DMEM completed with 10% FBS, then the homogenate was filtered through a 100 “mesh. The filtrate was then centrifuged 1,000 g for 5 min at RT in order to separate AF in the upper phase and SVF in the lower phase. The two cell fractions were separately collected in different tubes for further processing.



RNA Isolation, cDNA Synthesis and MiRNA Quantification

cmiRs were extracted from 200 µL aliquots of plasma using a miRNeasy Serum/Plasma Kit (Qiagen, Hilden, Germany), following the manufacturer’s protocol. During the extraction process 3.5 μl (1.6 × 108 copies/μl) of C. elegans’miR-39 miRNA mimic spike-in control (cel-miR-39) was added to monitor the RNA isolation before purification. miRNAs were isolated from tissues using a miRNeasy micro Kit (Qiagen, Hilden, Germany) following the manufacturer’s protocol. The quality and integrity of RNA samples were evaluated using a RNA 6000 Nano LabChip on an Agilent 2100 Bioanalyzer (Santa Clara, CA, USA). RNA eluted in RNase-free water was stored at −80°C until use.

3.75ul of RNA extracted from plasma and 500ng of RNA extracted from cells were reverse transcribed using Mir-X miRNA First-Strand Synthesis Kit (Takara, Mountain View, California, USA) following the manufacturer’s protocol. cDNA templates were then diluted 4X and 20X respectively in nuclease free water and 1ul were used in qPCR reactions. qPCR was performed using SYBR Green-based technology.

For normalization of miRNA expression: in plasma samples the exogenous spike-in control cel-miR-39 was measured by means of cel-miR-39 miScript Primer Assays (Qiagen); in all the other samples the expression of small nuclear RNA U6 served as control of equal loading (U6 Forward and Reverse Primers from Takara).

The ΔΔCt comparative method was used for data analysis and measurements with cycles greater than 36 were considered undetectable. miRNA values were expressed using the following procedure: in each case the mean of the control group was calculated and each value was then divided by that number and multiplied by 100.

A list of forward primers used for qPCR detection and their sequence is provided below.

hsa-miR-320a-3p 5’-AAAAGCTGGGTTGAGAGGGCGA-3’

hsa-miR-320b 5’-AAAAGCTGGGTTGAGAGGGCAA-3’

hsa-miR-320c 5’-AAAAGCTGGGTTGAGAGGGT-3’

hsa-miR-320d 5’-AAAAGCTGGGTTGAGAGGA-3’

hsa-miR-320e 5’-AAAGCTGGGTTGAGAAGG-3’

The reverse primer (mRQ) was included in the Mir-X™ miRNA First-Strand Synthesis Kit (Takara, #638313) and its sequence is patent pending.



Gene Ontology Analysis

Target gene prediction for 320 miRNAs was performed using miRDB with a target score cut off set at 60. The identified proteins were ranked according to their prediction score and analyzed through Gene Ontology enrichment analysis and visualization tool GOrilla, publicly available as a web-based application at: http://cbl-gorilla.cs.technion.ac.il, which uses a statistical model that supports the discovery of GO terms enriched at the top of a ranked list, enabling a threshold to be determined in a data driven manner and providing an exact p-value for the observed event. GOrilla output is a series of GO terms associated to a P value, an FDR and an enrichment score, where p-value for the observed enrichment is calculated taking threshold multiple testing into account; FDR q-value is the correction of the above p-value for multiple testing using the Benjamini and Hochberg (1995) (29) method.

Enrichment (N, B, n, b) is defined as follows:

N - is the total number of genes

B - is the total number of genes associated with a specific GO term

n - is the number of genes in the top of the user’s input list or in the target set when appropriate

b - is the number of genes in the intersection

Enrichment=(b/n)/(B/N) (30)

IPA (Qiagen, Hilden, Germany) was employed to establish the network among proteins (as identified by GOrilla) and to graphically elaborate this information.



Laboratory Tests

Venous blood samples were obtained after an overnight fasting for measurement of serum glucose, HbA1c, triglycerides, total cholesterol, LDL-C, HDL-C, CRP, ALT, AST, GGT. Serum leptin was measured by enzyme-linked immunosorbent assay (ELISA) (Mediagnost, Germany).



Statistics

Statistical analysis was performed using GraphPad Prism 8 software. Student’s t-test or Mann–Whitney test were used for pair comparisons for normally or not normally distributed data, as appropriate. Parametric One-way ANOVA followed by Bonferroni post-hoc test or Kruskal-Wallis followed by Dunn’s Multiple Comparison test were respectively used for normally or not normally distributed data. Non-parametric correlation analysis (Spearman) was performed. P<0.05 was considered statistically significant.




Results


MiRs From 320 in LD

To substantiate the rational of our study, i.e. analysis of miRs-320 in LD, we first wanted to confirm their expression in WAT. To this end we used biopsies from 3 subjects for whom we could establish the presence of miRs-320 in intact SAT and in both the Adipocyte and Stromal Vascular Fraction (AF and SVF). As a measure of miRNA abundance for each sample we calculated the delta Ct between the miRNA of interest and U6, a small nuclear RNA, that for its stability and relatively high expression, is widely used as internal reference gene for miRNA quantification (31): as shown in Figure 1B delta Cts are always <8, indicating that both WAT fractions may be sources of miRs-320. We next wanted to better characterize their expression in LD.

MiRs-320 were then analyzed in the plasma of patients with or without LD. As shown in Figure 2A studies conducted by quantitative PCR in a cohort of healthy controls and affected patients (23 HC vs 32 LD, see clinical characteristics in Table 1) proved that cmiRs 320 were differentially expressed in LD versus HC. In the case of miR-320d the circulating levels were lower in LD as compared to HC; in all the other cases (miR-320a-3p, 320b, 320c, 320e) there was a significant upregulation. Corresponding delta Ct values are also reported in Supplementary Figure 1 (SF 1). To evaluate the relevance of the 5 miRNAs as biomarkers of LD, we conducted an analysis of Receiver Operating Characteristic (ROC) that revealed an area under the curve (AUC) ranging from 0.71 to 0.81, with p-values between 0.0001 and 0.007 (SF 2A). To improve the power of the classifier, we tried several combinations of the miRNAs delta Cts (Cts miR of interest – Cts Cel-miR-39) as a possible discriminating measure between HC and LD: the sum of the measure concerning miR-320a-3p, miR-320b, miR-320c and miR-320e was the best solution providing an AUC of 0.85 (P < 0.0001). The optimal cut-off point of the combination was determined as being ≤24.48 (sensitivity: 75.00; specificity: 85.71) (SF 2B).




Figure 2 | Relative level of cmiRs-320 in LD and HC subjects. (A) Scatter plots with error bar of cmiRs 320 in a) LD (n = 32) versus HC (n = 23). (B) in APL (n = 12), CGL (n = 9), FPL (n = 11) versus HC. Each asterisk denotes a pairwise comparison of 2 groups. (C) FPLD1 (n = 6) versus an ad-hoc selected group of age matched controls Adult Healthy Controls (AHC) (n = 14) and FPLD2 (n = 8) versus HC. Data, expressed as percentage of the mean of HC or AHC (in the case of FPLD1), are shown as mean ± SEM (standard error of the mean). *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001, by Student’s t test or Mann-Whitney as appropriate.




Table 1 | Physical and clinical parameters of subjects enrolled in the study*.



We then wanted to investigate if in the different subtypes included in the large cohort of LD patients the differences in cmiRs 320 were confirmed. To this end we considered 3 subtypes: CGL, FPL and APL. For all the comparisons we confirmed differences with the same sign found in whole cohort which in most cases (except 2) were significant. Within these 3 categories, the capacity of cmiRs-320 to act as disease classifier is more powerful for CGL (Figure 2B; Supplementary Table 1, ST 1). Multiple comparison analysis (one-way ANOVA) revealed no significant differences among LD subtypes for cmiRs-320. In the analyses presented so far we did not include subjects with Familial Partial LD, type 1 (FPLD1 or Köbberling): the reason is that they show significantly higher age and BMI compared to the rest of the LD cohort and required an ad-hoc group of properly matched controls (Adult Healthy Controls, AHC, clinical characteristics of FPLD1 and AHC in ST 2). In Figure 2C the analysis of cmiRs-320 in FPLD1 subjects are reported next to the analysis for FPLD2, or Dunnigan. As for FPLD1 subtype, there is no specific candidate gene and a polygenic mode of inheritance has been postulated (32) for a phenotype with a wide spectrum and consequent challenging diagnosis, that presents with reduction of fat in the extremities and accumulation in the central part of the body, similar to visceral obesity. FPLD2, on the other hand, collects individuals with a defect in the gene coding for lamin A/C, characterized by dramatic loss of fat at the extremities/trunk and typical accumulation around the neck (33). Symptoms manifestation usually starts after puberty (4), metabolic derangements are present with variable degree of severity. Of interest, all cmiRs-320 significantly discriminate FPLD2 subjects from HC; conversely FPLD1 subjects are overlapping with AHC in all cases (Figure 2C; ST 1).

Alltogether these results indicate cmiRs-320 as an additional tool to mark the LD disorder and reiterate the importance of considering each LD subtype as a different condition of WAT dysfunction.



Relationship Between CmiRs-320 and Metabolism

Our effort was then to understand the role of the metabolic derangements often affecting LD subjects in driving cmiRs-320 dysregulation. As dysmetabolism found in LD reminds that associated to obesity, we analyzed the concentration of cmiRs-320 in the plasma of a cohort of subjects with obesity (OB), displaying lipid and hepatic profiles similar to those with LD (Table 1), and we reasoned that if altered metabolism drives cmiRs-320 abundance, similar changes should be observed in LD and OB with respect to HC. In 3 cases (320b, c, e) the OB group shows a trend similar to LD, when compared to HC, albeit no statistically significant; in the case of miRs-320a-3p we found a change of opposite sign in LD and OB (Figure 3A). As a second approach we investigated the relationship between cmiRs-320 and clinical parameters relevant in defining the metabolic profile. Correlation analysis performed for the total population (LD + OB + HC) indicates that miR320a-3p shows the highest number of significant associations and it is inversely related to BMI, glucose, HbA1c, total cholesterol, low density lipoprotein-cholesterol (LDL-C) and leptin (Figure 3B and Table 2), whereas miR320d is the only member of family 320 showing significant and inverse relationships with the 3 hepatic enzymes gamma-glutamyl transferase (GGT), aspartate aminotransferase (AST), alanine aminotransferase (ALT), and with C-reactive protein (CRP). Similar analyses were performed for all the other miRNAs and the results are shown in Table 2.




Figure 3 | Relationship between cmiRs-320s and metabolism. (A) Scatter plots with bar of circulating miRNAs from the 320 family in HC, LD and OB subjects. All data are expressed as percentage of the mean of HC and are shown as mean ± SEM. *P < 0.05, **P < 0.01, ***P < 0.001 and ****P < 0.0001 by one-way ANOVA or Kruskal-Wallis, as appropriate. (B) Correlation analysis between BMI, glucose, total cholesterol, HDL-C, LDL-C, plasma leptin, triglycerides, CRP and cmiRs-320a-3p in the total population (LD + OB + HC). Spearman’s r and relative p-value are indicated.




Table 2 | Results of correlation analysis for clinical parameters with relative levels of cmiRs-320.





Gene Ontology and Pathway Analysis

To search for a biological significance of these findings and investigate the involvement of specific regulatory networks, we performed the in silico prediction of target genes possibly modulated by miRNA 320s by integrating the use of the publicly available applications miRDB and TargetScan. Gene ontology (GO) enrichment analysis was performed on targets by using GOrilla, a web-based application, that identifies enriched GO terms for biological processes in ranked lists of genes. Highly significant GO terms associated to biological processes were identified, including: homophilic cell adhesion via plasma membrane adhesion molecules (P = 5.97E-10, false discovery rate, FDR, 3.93E-6); cell-cell adhesion via plasma membrane adhesion molecules (P = 6.31E-8, FDR 2.08E-4); nervous system development (P = 8.82E-6, FDR 1.93E-2); cell-cell adhesion (P = 1.66E-5, FDR 2.74E-2); biological adhesion (P = 2.89E-5, FDR 3.8E-2). In Figure 4A a graphical output of this result. A comprehensive Table showing the detail of these in silico results is shown as ST 3. Figure 4B shows the 320 miRNAs target proteins interaction network. The classes of proteins mostly represented are membrane and adhesion proteins: among others, gamma protocadherins constitute a substantial proportion of the protein forming the network and are highly interrelated.




Figure 4 | Gene ontology and pathway analysis. (A) Visualization of enriched GO terms for a ranked list of 320 miRNA targets (from the publicly available platform GOrilla). The white to red scale indicates progressively increased significance of the enrichment. (B) Graphical representation of the network generated by the proteins included in the enriched GO terms (elaborated using IPA, Qiagen, Hilden, Germany).



In silico analysis suggests that miRs-320 target proteins which are highly aggregated in defining the capacity of cells to build contacts, and strengthen the architecture of tissues.




Discussion

MiRNAs are necessary to maintain WAT homeostasis as demonstrated in experimental animal models, and LD conditions associated to HIV result in their altered production and release (13, 18). Based on these lines of evidence we wanted to investigate if in different forms of human LD, of genetic or acquired origin, with partial or total loss of WAT, signatures of the disease may be tracked in the blood as variations in the level of circulating miRNAs. Indeed, we found a dysregulation of the miR-320 family, reportedly present in WAT (24) and implied as permissive for adipogenesis of human mesenchymal stem cells (34), however not previously associated to in vivo conditions of adipocyte dysfunction. In this regard it is worth observing that when plasma miRnome profiling was conducted in subjects with HIV-associated LD versus controls, cmiRs 320 were not identified as dysregulated (35). Even if both associated to fat loss the HIV-related and not related forms of LD are profoundly different; in addition, subjects enrolled in that study did not show significant metabolic alterations, differently from our cohort. Furthermore, our findings suggest that cmiRs 320 discriminate more powerfully LD subtypes with a known genetic origin and defined phenotype (i.e. CGL and FPLD2) than forms with an unknown origin and subtle phenotype: it is thus somewhat expected that in HIV-associated forms of LD, highly variable in terms of fat loss and redistribution, cmiRs 320 may not be significantly dysregulated.

Interestingly, we found that miRs-320 a3p, b, c and e are elevated, whereas d is reduced in LD. While we are not able to predict the consequences of this opposite regulation, it is worth mentioning that in at least one case, miRNA family 200, different members have opposite effects on their target c-JUN, with miR-200a inhibiting its production and miR-200b acting in non-canonical way and inducing its expression (36): we cannot exclude a similar scenario for miRNAs 320. Elaborating on the same subject we also have to consider that the five 320 members (a-e), are coded by loci in different chromosomes (chr) (320a, chr8; 320b, chr1; 320c, chr18; 320d, chr13 and chrX; 320e, chr19 and therefore their transcription is under the control of 6 independent cis regulatory elements: of note miR-320d is the only coded by 2 loci in 2 different chromosomes (X and 13) (37, 38).

Despite the high degree of speculation that elaborating on altered concentrations of circulating miRNAs may involve, we will herein discuss different levels of direct and less direct implications suggested by the LD-related changes in the cmiRs-320.

The first level stems from the use of cmiRs-320 as novel biomarkers of LD. The power to discriminate between affected and not affected individuals becomes even stronger for the specific subtypes CGL and FPLD2, that, although different in terms of extension of fat loss, share the certainty of the diagnosis based on well-defined phenotypes and genetic testing. At the other extreme FPLD1, for which cmiRs-320 seem totally useless as classifier. Despite recurrent in families, a genetic cause of FPLD1 has yet to be identified and subjects described in previous studies are usually women in their mature age, characterized by peripheral LD, and one or more of the following features: central obesity and components of the metabolic syndrome, including diabetes, hypertension, and presence of hypertriglyceridemia (39). Consistent with this description the average BMI of FPLD1 subjects participating to this study defines them as overweight. Compared to the other subtypes, FPLD1 presents then with a more subtle phenotype, which in the clinical setting may partly overlap with the physiological loss of gluteofemoral fat frequent upon aging (40) and, for other aspects, with metabolically complicated obesity (32, 41). In summary, the discrepancy with the other LD subtypes emerged from the present analysis of cmiRs-320 is not a unicum but adds up to other features in describing FPLD1 as an atypical (less defined) form of LD.

The second question is whether cmiRs 320 differential level is downstream of metabolic derangements present in LD, that mirror obesity-associated metabolic syndrome. The fact that for 1 out of 5 miRNAs (320a-3p) the sign of the regulation with respect to control is opposite in LD and OB suggests that dysmetabolism may contribute, but is not sufficient to explain the change. One other way to elaborate on this aspect is to evaluate if metabolic syndrome signatures of LD subjects, namely, higher TG, CRP and hepatic enzymes and lower HDL-C, consistently associate to the sign of change of cmiRs-320. Given that cmiRs-320, except d, are higher in LD we would expect a positive association with metabolic/inflammatory parameters if the latter served as a trigger for their elevation. What we found, instead, is that where present, significant relationships were inverse. There are 2 cases, however, in which we could hypothesize an impact of dysmetabolism on cmiRs. These are represented by the relationship between cmiR-320b negatively associated to HDL-C, and that between cmiR-320d, which, being downregulated in LD, is inversely associated to the concentration of hepatic enzymes and of CRP. In line with our results, lower level of serum exosomal miR-320d was found in hepatocellular carcinoma (42). Based on these evidences, dyslipidemia seems then to moderately contribute to the LD associated dysregulation of cmiR-320 b, while liver dysfunction and inflammation, abundantly interrelated conditions (43), seem to predict the downregulation of cmiR-320d.

Of note miR-320a-3p, besides showing the highest number of inverse relationships with clinical parameters, is also inversely related to BMI and plasma leptin. Notwithstanding the tight relationship between the 2 parameters (44), to consider is that both reflect WAT mass, while leptin is also tightly related to WAT function (44, 45). Circulating levels of miR-320a-3p predict therefore the salient aspects of the disease, i.e. reduced WAT mass and function.

A third interesting level of speculation emerges from gene ontology search, carried out on miRs-320 targets: there are in fact strong and highly significant indications that cell-cell adhesion and migration are modulated by proteins targeted by these miRNAs, including integrin 1 beta (ITG1B) and several protocadherins. Noteworthy, the expression of ITG1B in WAT is positively associated with body fat mass in humans (46), consistent with a putative downregulation in LD, possibly triggered by the upregulation of miRs-320. Integrins, which act also as receptors and constitute the most well studied molecules in the organization of the extra cellular matrix (ECM) (47), reside at the cell surface and require inside-out activation to reach a higher affinity for the ECM components. This activation process is facilitated by binding of intracellular adaptor proteins like Kindlin. ITG1B deletion specifically in adipocytes reduced capacity to increase WAT mass in mice exposed to high fat diet (46). Even more compelling evidences indicate kindlin as implied in a correct WAT function, as its deletion in the adipocyte leads to a mouse model with LD and severe metabolic alterations (48). These findings and our in silico data stimulate considerations on the role that an impaired cell-cell adhesion, migration and cross talk might have in the onset of human LD, a condition in which the WAT loses its architecture and undergoes a process of deaggregation and sometimes redistribution. Ground to this hypothesis is provided by the decrease in the expression of many genes involved in cell adhesion observed in 3T3-L1 adipocytes treated with ritonavir and lopinavir (49), two protease inhibitors used to treat HIV infected patients and implied in the onset of the HIV-associated form of LD (50).

This study has some limitations and questions that remain to be addressed: 1. relatively small number of recruited patients, due to the low prevalence of LD and of its subtypes; 2. no direct biological evidence to link cmiRs-320 dysregulation with LD pathogenesis and 3. The source/s of dysregulated cmiRs-320 are to be elucidated. Although they may originate from dysfunctional WAT, it is counterintuitive to reconcile increase of cmiRs-320 with dramatic fat loss, for instance in the CGL subtype. Our data, however, suggest that the stromovascular component of the adipose tissue, preserved also in the extreme generalized forms of LD (51, 52), may contribute to their release and availability of WAT biopsies from LD subjects will be essential to get insights into this matter.

In conclusion, altered abundance of circulating levels of miRNAs from 320 family constitutes a novel signature of lipodystrophy. cmiRs-320 are inversely associated with several components of the metabolic syndrome and higher abundance of cmiR-320a-3p, typical of LD, predicts lower plasma leptin. In silico results indicate that targets of miRs-320 influence cell-cell adhesion, thus suggesting this process as a novel direction to investigate the origin of LD.
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Objective

Adipose tissue plays a crucial role in serum uric acid (UA) metabolism, but the relative contribution of adipose tissue insulin resistance (IR) to serum UA levels and hyperuricemia have not explicitly been illustrated. Herein, we aimed to investigate the association between the adipose tissue insulin resistance index (Adipo-IR) and hyperuricemia in this cross-sectional study. The homeostasis model assessment of insulin resistance (HOMA-IR) index, another widely applied marker to determine systemic IR, was also explored.



Methods

A total of 5821 adults were included in this study. The relationship between Adipo-IR or HOMA-IR and serum UA levels was assessed by multivariate linear regression. Binary logistic regression analyses were applied to determine the sex-specific association of the Adipo-IR tertiles and HOMA-IR tertiles with hyperuricemia. Participants were then divided into normal BMI (18.5 ≤ BMI < 24) and elevated BMI (BMI ≥ 24) groups for further analysis.



Results

Both Adipo-IR and HOMA-IR were positively correlated with serum UA (P < 0.001). Compared with the lowest tertile, the risks of hyperuricemia increased across Adipo-IR tertiles (middle tertile: OR 1.52, 95%CI 1.24-1.88; highest tertile: OR 2.10, 95%CI 1.67–2.63) in men after full adjustment (P for trend < 0.001). In women, only the highest tertile (OR 2.09, 95%CI 1.52-2.87) was significantly associated with hyperuricemia. Those associations remained significant in participants with normal BMI status. As for HOMA-IR, only the highest tertile showed positive relationships with hyperuricemia in both genders after full adjustment (P for trend < 0.001). The association between HOMA-IR and hyperuricemia disappeared in men with normal BMI status.



Conclusions

Adipo-IR was strongly associated with serum UA and hyperuricemia regardless of BMI classification. In men with normal BMI, Adipo-IR, rather than HOMA-IR, was closely associated with hyperuricemia. Altogether, our finding highlights a critical role of adipose tissue IR on serum UA metabolism and hyperuricemia.
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Introduction

Uric acid (UA), the final degradation metabolite of endogenous and exogenous purine, is produced from the liver, intestine, and muscles and mainly excreted through the kidney (1, 2). Hyperuricemia, a serious threat to public health, is attributable to the imbalance between UA synthesis and clearance (3). Hyperuricemia is not only the precursor of gout and kidney stones but also the obvious risk factor of metabolic syndrome, hypertension, cardiovascular disease, and chronic kidney disease (1, 3–5). Recent studies confirmed that adipose tissue was another major organ responsible for UA production (2, 6); meanwhile, the causal role of adiposity in hyperuricemia has been established in many studies, highlighting the importance of adipose tissue on UA metabolism (7, 8). Regardless, there are no existing studies specifically addressing the exact role of insulin resistance (IR) in adipose tissue played in serum UA levels and hyperuricemia.

Adipose tissue is an insulin-sensitive organ essential for glucose and lipid metabolism (9). Under normal circumstances, insulin stimulates glucose uptake and lipogenesis while suppressing the lipolysis of fat cells. Adipose tissue IR is marked with the blunted antilipolytic effect of insulin and consequently increased FFA release from adipose tissue (10). Excessive circulation FFA delivery to liver and muscles thereby results in ectopic fat storage in these organs and subsequent hepatic and muscle IR. Therefore, the assessment of adipose tissue IR is vital as it is the early metabolic defect prior to systematic IR. The determination of lipolysis fluxes by isotope-labeled tracing through the multistep pancreatic clamp and hyperinsulinemic–euglycemic clamp techniques used to be the gold-standard measurement methods for accessing adipose tissue insulin sensitivity, which is somehow expensive, time consuming, and inapplicable to large-scale populations (11, 12). Recently, a surrogate index, adipose insulin resistance (Adipo-IR) index, calculated as fasting plasma free fatty acid (FFA) (mmol/L) × fasting plasma insulin (FINS) mIU/L concentrations, has been validated to be a unique, simple and reliable predictor of adipose tissue IR in obesity-related metabolic disorders (11–15). For instance, our previous study confirmed that Adipo-IR progressively increased from overweight to class III obesity (15). In addition, Adipo-IR has been proven to be the major determent of hepatic fat content and the fibrosis degree of Nonalcoholic fatty liver disease (NAFLD) (10, 16). Adipo-IR is also correlated with abnormal glucose intolerance and metabolic syndrome (9, 13). Results from the San Antonio Metabolism Study and two other prospective studies revealed that Adipo-IR rose progressively during the development of Type 2 diabetes mellitus (17–19). A prospective study further indicated that elevated Adipo-IR was associated with a higher risk of incident dysglycemia (20). Nonetheless, the association between Adipo-IR and hyperuricemia has never been elucidated.

Different from Adipo-IR, the homeostatic model assessment of insulin resistance (HOMA-IR), calculated as fasting plasma glucose [(FBG) (mmol/L) × FINS mIU/L)]/22.5, is a widely applied parameter that focuses on glucose metabolism and mainly introduced to demonstrate systemic IR, especially the hepatic IR (21–23). Although a high correlation between the two indexes has been observed, recent studies indicated their discordance in reflecting whole-body metabolism (24, 25). Compared to HOMA-IR, Adipo-IR was more related to visceral obesity, serum TG, and liver fibrosis (24). A previous study has indicated the association of HOMA-IR with hyperuricemia (21, 26). Nevertheless, the distinct association of the two indexes with serum UA levels and hyperuricemia has not been compared and elucidated.

This study aimed to demonstrate the impact of adipocyte IR on serum UA and hyperuricemia by using the Adipo-IR index for the first time, additionally, to compare the distinct roles of Adipo-IR and HOMA-IR played in hyperuricemia in both male and female subjects with a different BMI status.



Methods


Study Population

This cross-sectional study included 5,925 participants in Northern China who underwent routine physical examination between April 2017 and August 2021 in Beijing Chao-yang Hospital. We excluded participants under 18 years old (n = 5), with missing UA data (n = 8), missing HbA1c value (n = 10), missing blood pressure value (n = 66), and with reduced renal dysfunction (n = 15), a final number of 5,821 subjects were included in the final analysis. Ethical approval was obtained from the ethics committee of Beijing Chao-yang Hospital. All participants signed written informed consent in the study.



Anthropometric and Biochemical Measurements

Height, body weight, systolic blood pressure (SBP), and diastolic blood pressure (DBP) were measured by the same trained team using standard methods as previously described (27). The venous blood samples were collected after overnight fasting. Serum UA levels were determined using a Siemens Advia 2400 biochemical analyzer (Siemens Healthcare Diagnostics Inc., Tarrytown, New York, USA). The FFA, total cholesterol (TC), triglyceride (TG), low-density lipoprotein cholesterol (LDL-C), high-density lipoprotein cholesterol (HDL-C), and serum creatinine (Scr) were measured by colorimetric enzymatic assays using a biochemical auto-analyzer (Hitachi 7170). FBG, FINS, and glycated hemoglobin (HbA1c) levels were detected as previously described (28). The estimated glomerular filtration rate (eGFR) was calculated as previously described (29).



Definition of Variables

Hyperuricemia was defined as serum UA ≥ 420 μmol/L in men and ≥ 360 μmol/L in women. Hypertension was identified as SBP ≥ 140 mmHg, DBP ≥ 90 mmHg, or a self-reported previous diagnosis of hypertension by a physician. Diabetes was determined as FBG ≥ 7.0 mmol/L, HbA1c ≥ 6.5% or self-reported previous diagnosis of diabetes by a physician. Dyslipidemia was defined as TC ≥ 6.22 mmol/L, TG ≥ 2.26 mmol/L, LDL-C ≥ 4.14 mmol/L, HDL-C < 1.04 mmol/L, or a self-reported previous diagnosis of hyperlipidemia by a physician. Adipo-IR was calculated by the formula: Adipo-IR= FFA (mmol/L) × FINS (mIU/L). HOMA-IR was calculated by the following formula: HOMA-IR = FBG (mmol/L) × FINS (mIU/L)/22.5. Body mass index (BMI) was calculated as weight divided by height squared (kg/m2). Participants were divided into normal weight (18.5 ≤ BMI < 24) and elevated weight (BMI ≥ 24) subgroups as previously described (30).



Statistical Analysis

The IBM SPSS Statistics software, version 25 (IBM Corporation, Armonk, NY, United States), the Graphpad 7.0 software and the MedCalc version 17 software were used for data analysis. Basic characteristic analysis was conducted in participants with hyperuricemia and non-hyperuricemia. We performed analysis separately in men and women to avoid potential sex influences on the proportion of hyperuricemia. The Shapiro–Wilk test was used for normality test and data were expressed as mean ± standard deviation (SD) for continuous normally distributed variables, median (upper and lower quartiles) for continuous skewed distributed variables and number (%) for categorical variables in this study. The difference of normally distributed variables between two groups was calculated with unpaired Student’s t test. The Mann–Whitney U test and Kruskal–Wallis test were applied to compare the difference of continuous skewed variables between two groups or three groups, separately. For categorical data, the chi-square test was used as appropriate for categorical variables. The linear trends of hyperuricemia proportion across the Adipo-IR and HOMA-IR tertiles were tested by the Cochran Armitage trend test.

Sex-specific linear regression analysis was accessed to explore the association of serum UA (dependent variable) with Adipo-IR and HOMA-IR (independent variable). UA was Ln-transformed for analysis due to skewed distribution. The variables without collinearity were selected for adjustment. Model 1 was without adjustment; Model 2 was adjusted for age, BMI, SBP, TC, H-DLC, TG, HbA1c, and eGFR; and Model 3 was conducted by excluding participants with diabetes and was adjusted for Model 2.

Adipo-IR and HOMA-IR were then divided into tertiles, Adipo-IR, male: lowest tertile ≤ 2.87; middle tertile 2.88–5.30; highest tertile ≥ 5.30; Female: lowest tertile ≤ 2.96; middle tertile 2.97–5.11; highest tertile ≥ 5.11; HOMA-IR, male: lowest tertile ≤ 1.44; middle tertile 1.45–2.41; highest tertile ≥ 2.41; Female: lowest tertile ≤ 1.25; middle tertile 1.26–2.01; highest tertile ≥ 2.01. The sex-specific associations of Adipo-IR tertiles or HOMA-IR tertiles with the prevalence of hyperuricemia were detected by binary logistic regression analyses, with the lowest tertile as the reference. Model 1 was crude, model 2 was adjusted for age, BMI, HbA1c, eGFR, hypertension and dyslipidemia. Model 3 was conducted by excluding participants with diabetes and was adjusted for Model 2. Further analyses were conducted in BMI subgroups (normal BMI and elevated BMI). Age, HbA1c, eGFR, hypertension, and dyslipidemia were adjusted. Additionally, the association of per SD increase of both indexes with hyperuricemia were analyzed, respectively. Data were summarized as odds ratios (ORs) and 95% confidence intervals (CIs). Furthermore, we use the receiver operating characteristic (ROC) curve analysis to compare the predictive powers of the two indexes for hyperuricemia among men and women. The comparison of the area under the curve (AUC) was analyzed by Delong’s ROC test. For the above analysis, Two-tailed P values <0.05 were considered statistically significant.




Results


Characteristics of Participants With Hyperuricemia and Non-Hyperuricemia

As presented in Table 1, the prevalence of hyperuricemia was 35.2% in men and 13.3% in women. The Adipo-IR and HOMA-IR and BMI levels were all higher in participants with hyperuricemia than individuals without hyperuricemia in both genders (P < 0.001). Female subjects with hyperuricemia were older and were more prone to have metabolic disorders such as diabetes, hypertension, and dyslipidemia than non-hyperuricemia subjects (all P < 0.001). Interestingly, male participants with hyperuricemia were significantly younger (P < 0.001) and the proportion of individuals with diabetes was smaller (P = 0.012) compared to non-hyperuricemia subjects. Additionally, the proportions of individuals with hypertension were comparable among male participants with and without hyperuricemia (P = 0.232).


Table 1 | Basic characteristics of the participants with and without hyperuricemia.





Association of Serum UA Levels With Adipo-IR or HOMA-IR Index by Linear Regression Analysis

The correlation between Adipo-IR or HOMA-IR and serum uric acid by spearman analysis was presented in Supplementary Table 1. Both Adipo-IR and HOMA-IR showed positive correlations with UA in both genders (all P < 0.001). The correlations existed in both normal BMI and elevated BMI subgroups (all P < 0.001). Further linear regression analysis indicated that higher Adipo-IR or HOMA-IR levels were associated with higher Ln UA levels in both genders (Table 2) (all P < 0.001). The positive correlations remained in both genders after full adjustment (all P < 0.001). As the proportion of diabetes was distinct in men and women, we excluded participants with diabetes and found consistent positive relationships between both the indexes and Ln UA in both genders (all P < 0.001). Furthermore, the serum UA levels (all P < 0.01) as well as the ratio of hyperuricemia (P for trend < 0.001) exhibited increasing trends from the lowest to highest tertiles of the two indexes in both genders (Figure 1 and Supplementary Figure 1).


Table 2 | Linear regression analysis for association of Adipo-IR and HOMA-IR (independent variables) with LnUA (dependent variable).






Figure 1 | The serum UA levels (A, B) and prevalence of hyperuricemia (C, D) across the Adipo-IR tertiles. Data were expressed as median (upper and lower quartiles) or proportion (%). P trend: from test for linearity.





Association of Adipo-IR and HOMA-IR With Hyperuricemia by Logistic Regression Analyses

The association of sex-specific Adipo-IR and HOMA-IR tertiles with the prevalence of hyperuricemia is shown in Table 3. The lowest tertile was used as the reference. Overall, the risk of hyperuricemia increased across Adipo-IR tertiles and HOMA-IR tertiles (all P for the trend <0.001). In the crude model, the ORs of middle and highest Adipo-IR tertiles for hyperuricemia in men were 1.71 (95% CI 1.41–2.08) and 2.82 (95% CI 2.33–3.41), respectively. After adjusting for confounders, the ORs of the middle and highest Adipo-IR tertiles for hyperuricemia were 1.52 (95% CI 1.24–1.88) and 2.10 (95% CI 1.67–2.63), respectively. Among women, only the OR of the highest Adipo-IR tertile for hyperuricemia was statistically significant compared to the lowest tertile, either in a crude (OR 3.53, 95%CI 2.66–4.70) or fully adjusted model (OR 2.09, 95%CI 1.52–2.87) (all P for trend < 0.001). Similar relationships between Adipo-IR and hyperuricemia were observed in non-diabetic participants. Furthermore, we observed a 24% and 47% higher risk of hyperuricemia with each SD increment in Adipo-IR in men and women, respectively.


Table 3 | Logistic regression analysis for association between Adipo-IR or HOMA-IR and hyperuricemia.



As for the HOMA-IR index, similar to Adipo-IR, the highest tertile of HOMA-IR showed higher hyperuricemia risk in women (Model 1: OR 3.20, 95%CI 2.42–4.23; Model 2: OR 1.74, 95%CI 1.26–2.42; Model 3: OR 1.60, 95%CI 1.15–2.24). Meanwhile, in men, different from Adipo-IR, only the highest tertile HOMA-IR (OR 1.61, 95%CI 1.28–2.03) showed a positive relationship with hyperuricemia after full adjustment.



Association of Adipo-IR Tertiles and HOMA-Tertiles With Hyperuricemia by Logistic Regression Analyses in Normal BMI and Elevated BMI Subgroups

To evaluate the association of Adipo-IR and HOMA-IR with hyperuricemia among participants with normal weight, we conducted a subgroup analysis in participants with normal BMI or elevated BMI status. The UA levels and the proportion of subjects with hyperuricemia showed an increasing trend from the bottom to top Adipo-IR and HOMA-IR tertiles even in normal BMI subgroups of both genders (Figure 2 and Supplementary Figures 2–4) (P for trend < 0.001). In the normal BMI subgroup, one SD increase in Adipo-IR showed 48% (P for trend = 0.025) and 52% (P for trend = 0.002) higher risks for hyperuricemia in men and women, respectively. By contrast, one SD increase in HOMA-IR was not associated with higher hyperuricemia risk in men (Figure 3) (Table 4). When Adipo-IR and HOMA-IR were entered as tertiles, both the middle and highest Adipo-IR tertiles showed significantly positive association with hyperuricemia in men irrespective of BMI classification. In contrast, no association was observed between HOMA-IR tertiles and hyperuricemia in male normal BMI subgroup (Table 4).




Figure 2 | The serum UA levels (A, B) and prevalence of hyperuricemia (C, D) across the Adipo-IR tertiles in normal BMI and elevated BMI subgroups. Data were expressed as median (upper and lower quartiles) or proportion (%). P trend: from test for linearity.






Figure 3 | Logistic regression analysis for the OR of per SD increment of Adipo-IR or HOMA-IR for hyperuricemia risk in normal BMI (A) and elevated BMI (B) subgroups. Models were adjusted for age, HbA1c, eGFR, hypertension, and dyslipidemia. .




Table 4 | Logistic regression analysis for association between Adipo-IR or HOMA-IR and hyperuricemia in both normal BMI and elevated BMI subgroups.





The AUC of Adipo-IR and HOMA-IR for Hyperuricemia

Supplementary Figure 5 displays the ROC curves related to the diagnostic ability of Adipo-IR and HOMA-IR for hyperuricemia incidence among men and women, respectively. In women, the AUC for Adipo-IR (0.667, 95%CI 0.649–0.684) and HOMA-IR (0.654, 95%CI 0.636–0.672) were comparable (P = 0.18), whereas in men, Adipo-IR showed larger AUC (0.624, 95%CI 0.607–0.642) than HOMA-IR (0.604, 95%CI 0.586–0.622) (P = 0.003), which implied a closer relationship between Adipo-IR and hyperuricemia.




Discussion

This is the first study exploring the relationship between Adipo-IR and UA as well as hyperuricemia in a Northern Chinese population. Our study revealed that Adipo-IR was positively associated with serum UA levels and hyperuricemia. This relationship was independent of age, BMI, eGFR, diabetes, dyslipidemia, and hypertension. Furthermore, we found that HOMA-IR was not as good as Adipo-IR to predict hyperuricemia in men, especially in a normal BMI status, indicating a possibly closer relationship between Adipo-IR and serum UA metabolism compared to hepatic insulin resistance.

Adipose tissue is an essential endocrine organ for UA metabolism. Theoretically, xanthine oxidoreductase (XOR) is the responsible enzyme for the final step of UA production. Apart from the small intestine and liver, adipose tissue is another major organ with abundant expression and activities of XOR and is indispensable for UA production and secretion (6, 31). The causal role of obesity to elevated serum UA levels has been well established for years (7, 8). Genetically, adiposity was also considered to be positively associated with serum UA concentrations and the risk of gout (7, 8). Consistent with this, XOR was reported to be a regulator of adipogenesis and correlated positively with adipose mass. Obese adipose tissues own higher XOR activities and thereby possess a higher ability for UA secretion (31). The elevated XOR activity during obesity may be related to hypoxia and active lipid metabolism consuming nicotinamide adenine dinucleotide phosphate. Reciprocally, long-term elevated UA levels could result in a pro-inflammatory state of adipose tissue by inducing monocyte chemotactic protein 1 release and thus causing a vicious cycle (32).

IR has been suggested to be the mediator between obesity and hyperuricemia (33). The amelioration of IR decreased the serum UA level independent of weight loss, while the UA-lowering therapy did not change insulin sensitivity in hyperuricemia subjects (34, 35). By contrast, other studies indicated that hyperuricemia could be detected before hyperinsulinemia (3, 36).In a prospective study, elevated serum UA could predict IR in 15 follow-up years (4). Although current studies indicated a reciprocal causation between IR and hyperuricemia, it is doubtless that compensatory hyperinsulinemia is the bridge between IR and hyperuricemia (37). Compensated hyperinsulinemia caused by IR could decrease the renal clearance of UA, as has long been proven (26, 38, 39). Admittedly, both compensated hyperinsulinemia during hepatic IR or adipose IR could contribute to reduced UA excretion. It is noteworthy that adipose IR precedes hepatic IR or systemic IR during the course of obesity. Current evidence has revealed that visceral obesity, more closely linked to adipose dysfunction, was more responsible for hyperuricemia than overall adiposity (40, 41). Although subcutaneous fat constitutes a major proportion of total fat, visceral fat contributes more to serum UA levels. The possible explanation may be that visceral fat has a stronger lipolysis ability and attributes to adipose IR to a greater degree. Firstly, compensatory hyperinsulinemia caused by excess visceral fat IR could decrease the renal clearance of UA as described above. Secondly, a stronger lipolysis of visceral adipose tissue can increase the flow of FFA to the liver, accelerating the de novo lipogenesis in the liver. The increased need for nicotinamide adenine dinucleotide phosphate (NADPH) in this process is accompanied by activated PPP pathways and purine synthesis. Therefore, the above process resulted in the acceleration of hepatic UA production. Consistently, studies indicated that Adipo-IR increased proportionally with visceral fat (41). In our study, we firstly used the simple Adipo-IR index to demonstrate the role of IR in adipose tissue played in UA metabolism and found a positive relationship between them beyond total adiposity, further implying the pathogenic effect of adipose tissue dysfunction in serum UA homeostasis.

As a simple serum index, Adipo-IR has been validated against the cumbersome isotope- tracing experiment for accurately accessing adipose insulin sensitivity. Adipo-IR was shown to be positively correlated with BMI (15, 18, 25). Additionally, previous studies indicated that the Adipo-IR index could reflect the state of adipose tissue IR only in subjects with overweight and obesity (11, 14). Recently, growing studies indicated that Adipo-IR could mirror metabolism disorders regardless of obesity. Adipo-IR showed strong correlations with both the hepatic fat and fibrosis of NAFLD patients independently of BMI and Type 2 diabetes mellitus (10, 42). Obese subjects with normal insulin-sensitive adipose tissue seldom develop ectopic fat deposition in the liver (43). In our study, Adipo-IR was shown to be an independent risk factor for hyperuricemia even in participants with normal BMI, indicating the critical role of adipose tissue function beyond fat mass on UA metabolism.

Theoretically and practically, Adipo-IR is highly correlated with HOMA-IR (25, 32, 42). However, the discordance between the two indexes for demonstrating metabolic diseases has gained great attention recently (24, 44). One study claimed that elevated Adipo-IR was more closely linked with visceral adiposity and hypertriglyceridemia, while elevated HOMA-IR was associated with a lower basic metabolic rate (24). Another study indicated that Adipo-IR was more closely associated with developing prediabetes relative to HOMA-IR (13, 18), indicating a more initial role of adipose tissue IR for glucose dysregulation. Furthermore, compared to HOMA-IR, Adipo-IR was more related to the severity of fibrosis in NAFLD and could be more critical for aortic valve calcification (10, 45). These inconsistencies are possibly due to the differential metabolic effects of adipose tissue and other metabolic organs, more importantly, the pathogenic role of adipose tissues in those diseases.

Several studies indicated a positive relationship between HOMA-IR and hyperuricemia (21). It was not equivalent to the exact role of adipose tissue IR on hyperuricemia. In addition, the present study revealed that Adipo-IR was more closely related with hyperuricemia than HOMA-IR, verifying a more essential role of adipose tissue IR on serum UA metabolism, at least in men. One explanation may be that FFA outweighs glucose for the initiation of hyperuricemia. Another factor that cannot be ignored is sex hormones. Consistent with our results, L.-K. Chen et al. claimed a positive association between serum UA and HOMA-IR in older women but not in men among a Taiwan population (46). Another study revealed a sex-difference association between metabolically healthy obese status and hyperuricemia (47). Further studies are warranted to explore the sex-related roles of IR in hyperuricemia.

Previous studies indicated a bell-shaped relationship between HbA1c, FBG, and serum UA levels (1, 2, 48, 49). UA was positively correlated with FBG and HbA1c before the onset of diabetes (2). However, in individuals with diabetes, UA would be decreased as urine glucose facilitated the excretion of UA (49). Therefore, we also evaluated the relationship between Adipo-IR and uric acid in the non-diabetes participants. We got the conclusion that Adipo-IR correlated well with serum UA levels irrespective of the blood glucose status.

There are some limitations to this study. First of all, the direct causal relationship between Adipo-IR and hyperuricemia cannot be inferred from the observational association in this research. Secondly, the serum UA level is also affected by other confounding factors, such as alcohol consumption, purine-rich diets, diuretic therapy, and genetic risk (4, 7, 50), which we did not collect in this study. Furthermore, the variables that reflect the content of visceral fat, such as waist circumference or the percentage of the body fat, were not collected in this study. Finally, all the participants were of yellow race. This may limit the generalizability of our results to other races. Consequently, more studies are needed to demonstrate the causality, and to extend our findings in different ethnicities and regions.



Conclusion

To summarize, this is the first study to explore the association of Adipo-IR and serum UA as well as hyperuricemia. Our study indicated a critical role of adipose tissue IR on serum UA metabolism in both normal weight and overweight/obesity participants.
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Background

Urinary stones usually start at a young age and tend to recur. Therefore, preventing stone occurrence and recurrence in young people is crucial. We aimed to investigate the association between subcutaneous adipose tissue, visceral adipose tissue, and stone episodes in young people.



Methods

We retrospectively studied patients aged below 40 years with kidney or ureteral stones. Data on demographic and metabolic characteristics, urolithiasis history, subcutaneous fat area (SFA), and visceral fat area (VFA) were collected. We evaluated the association between SFA or VFA and the occurrence or recurrence of stone episodes using binary logistic regression and Poisson regression analyses.



Results

In total, 120 patients were included. Abdominal obesity, overweight or obesity, dyslipidemia, metabolic syndrome, SFA, and VFA increased with the number of stone episodes (all p < 0.05). The increase in SFA was independently associated with episode occurrence (p = 0.015). Patients with an SFA > 97 cm2 had a higher risk of episode occurrence. SFA and VFA accumulation were independently associated with episode recurrence (all p < 0.05), and SFA had a stronger association than VFA did.



Conclusions

In young people, SFA accumulation is an independent and early risk factor for the occurrence and recurrence of stone episodes. Subcutaneous fat could be a convenient and effective indicator to assess the risk of stone episodes before the development of metabolic disorders.
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Introduction

Urolithiasis is one of the diseases that often affect young people. Among people under 40 years of age, nearly 1 in 10 suffers from urolithiasis (1, 2). Young people are the main workforce in society, and an early onset of stones may affect their work and personal lives constantly. The prevention of stone occurrence in young people is also more cost-effective than management of stones in elderly people. Therefore, it is important to study and reduce the risk factors of urinary stones in young people. Many studies have shown the relationship between urolithiasis and metabolic disorders, especially metabolic syndrome (MetS) (3–5). Therefore, the earlier the metabolic disorder is controlled, the more likely it is to prevent urinary stones. However, most of the metabolic disorders that are found to be related to urinary stones are the result of a long-term decompensation of the metabolic system. Few studies have investigated stone formation in young people. The accumulation of subcutaneous adipose tissue (SAT) occurs when the metabolic imbalance is compensable. Some studies on Asian and African populations have shown a relationship between SAT and MetS (6–8). However, current studies seem to show that visceral adipose tissue (VAT) is more closely related than SAT to stone formation in patients of all ages. Most current studies have investigated the effect of metabolic disorders on the urinary component instead of the stone episodes that really affected young people’s quality of life and work.

In this study, we aimed to investigate the association between SAT, VAT, and urinary stone episodes, with the intention of identifying the risk factors of the stone episodes, and then provide effective methods and a theoretical basis for stone prevention among young individuals.



Materials and Methods


Patients

This was a retrospective study involving patients from PRE-STONE, a metabolic evaluation database established by Peking Union Medical College Hospital. The inclusion criteria for the patients were as follows: the patients had to be (1) aged 18 years or over but below 40 years; (2) diagnosed with kidney or ureteral stone by either a definite kidney or ureteral stone history or abdominopelvic non-contrast computed tomography (NCCT); and (3) have completed metabolic evaluation in our hospital between May 2016 and January 2019. The exclusion criteria were as follows: (1) patients on lipid-lowering medications; (2) patients taking stone-related medications such as potassium citrate, allopurinol, or thiazides; (3) patients with a known metabolic or anatomic cause of urolithiasis; or (4) patients with a history of bariatric surgery or surgery in the upper urinary tract. A stone episode was defined as the onset of renal colic, hematuria, hydronephrosis, UTI, or flank pain related to urinary stones. The occurrence of stone episodes was defined as the presence of at least one stone episode. Recurrence of stone episodes was defined as the occurrence of at least two episodes. Only stone episodes that occurred in the past 10 years were considered for the purposes of this study.



Data Collection

Demographic and clinical data, including age, gender, history of stone episodes, family history of kidney or ureteral stone, past medical history, medications, vital signs, laboratory blood tests, and imaging examinations were recorded. Two urologists, both with three years of experience in the metabolic evaluation of urinary stones, collected the demographic and clinical data, and evaluated the history of SF with regard to stone episodes by face-to-face consultation. The results of blood tests were collected from clinical laboratory, and imaging examinations were collected from Picture Archiving and Communication Systems (PACS).



Diagnostic Criteria

The definition of MetS proposed by International Diabetes Federation in 2005 (9) was adopted. In this study, a body mass index (BMI) of 28 kg/m2 or more was considered obesity and a BMI of 24 kg/m2 or more, but less than 28 kg/m2, was considered overweight (10). Abdominal obesity was defined as a waist circumference of 90 cm or more in males and 80 cm or more in females (11). Diabetes mellitus (DM) was considered if the patient had a fasting blood glucose level of 7.0 mmol/L or more, or a history of DM, or was taking antidiabetic medications (12). Dyslipidemia was defined as the occurrence of one of the following disorders: hypercholesterolemia (>5.17 mmol/L), hypertriglyceridemia (≥ 1.7 mmol/L), low levels of high-density lipoprotein cholesterol (<1.04 mmol/L for males and <1.30 mmol/L for females), or high levels of low-density lipoprotein cholesterol (>3.36 mmol/L) (13). Renal insufficiency was considered with estimated glomerular filtration rate (eGFR) <90 mL/min (14). The value of eGFR was calculated using the Modification of Diet in Renal Disease (MDRD) Study equation (15).



Visceral and Subcutaneous Adipose Tissue Assessment

Visceral fat area (VFA) and subcutaneous fat area (SFA) were measured at the umbilical level on an NCCT axial slice and used as an indicator to estimate the total amount of abdominal VAT and SAT. The adipose tissue area was delineated by two urologists using ImageJ software (http://rsb.info.nih.gov/ij/). The VFA and SFA were measured as pixels within an attenuation range of −250 to −50 Hounsfield units, also using the ImageJ software (16). The data of SFA and VFA were converted to one tenth of the original value (10 cm2). All NCCT examinations were performed using a third-generation dual-source computed tomographic (CT) system (Somatom Force, Siemens Healthcare, Forchheim, Germany) with a regular dose of 120 kV and a slice thickness of 5 mm. The scan was performed by technicians in the Department of Radiology of our hospital.



Statistical Analysis

Demographic and clinical data were expressed as means ± standard deviation for continuous variables with a normal distribution and as percentage for categorical variables. Between-group comparisons for categorical variables were performed using chi-squared test. One-way analysis of variance (ANOVA) was used for evaluation of continuous variables with a normal distribution, and non-parametric analysis was performed for continuous variables with an abnormal distribution. The association between the occurrence or recurrence of stone episode and SFA or VFA was calculated using the binary logistic regression model (age, gender, family history of stone, MetS, and renal insufficiency were included as covariates). The association between SFA or VFA and the number of stone episodes was assessed using Poisson regression. Covariates in Poisson regression included age, gender, family history of stone, MetS, and renal insufficiency. A receiver-operating characteristic (ROC) curve analysis was used to evaluate the effects of SFA and VFA in estimating the occurrence of stone episode. The area under the curve (AUC) was used to evaluate the performance of variables in identifying stone episodes. All tests were of two-tailed type, and a p value of <0.05 was considered statistically significant. Statistical analysis was performed using IBM SPSS Statistics for Windows, version 23.0 (IBM Corp., Armonk, NY, USA).




Results


Demographic and Metabolic Characteristics

Based on the inclusion criteria, 131 patients were included in this study. Of these, 11 were excluded, including nine patients who had a known metabolic or anatomic cause of urolithiasis (five patients with polycystic kidney, two with medullary sponge kidney, one with calyceal diverticula, and one with renal tubular acidosis), one patient who was using the lipid-lowering medication atorvastatin, and one who was using stone-related medication potassium citrate. Therefore, a total of 120 patients, including 86 (71.7%) men and 34 (28.3%) women, were enrolled in this study. The patients had an average age of 31.9 ± 5.2 years. We observed that the proportion of abdominal obesity, overweight or obesity, dyslipidemia, and MetS, as well as the values of SFA and VFA, increased significantly with the increase in the number of stone episodes (p < 0.05). However, there were no statistical differences between stone episodes and family history, hypertension, DM, or renal insufficiency (p > 0.05; Table 1).


Table 1 | Demographic and metabolic characteristics of SFs with different stone episodes.





SFA Accumulation as an Independent Risk Factor of Stone Episode Occurrence and Recurrence

In all SFs, the increase in SFA was significantly associated with the occurrence of stone episodes (OR, 1.150; 95% CI, 1.028–1.286; p = 0.015) after adjustment. These factors, including MetS (OR, 3.271; 95% CI, 0.858–12.463; p = 0.083), were not related to the occurrence of stone episodes. Even in SFs without MetS, the increase in SFA was still significantly associated to the occurrence of stone episodes after adjustment (OR, 1.131; 95% CI, 1.006–1.271; p = 0.039). No significant association was found between VFA and the occurrence of stone episodes (p > 0.05; Table 2).


Table 2 | The relationship between SFA, VFA, and the occurrence of stone episode.



SFA and VFA were all associated with the recurrence of stone episodes, and SFA has a stronger association (OR, 1.145; 95% CI, 1.021–1.284; p = 0.021) than VFA (OR, 1.113; 95% CI, 1.035–1.197; p = 0.004) after adjustment. In SFs without MetS, SFA is still associated with the recurrence of stone episode (OR, 1.115; 95% CI, 1.004–1.239; p = 0.042), although the relationship was not statistically significant after the adjustment (p > 0.05; Table 3).


Table 3 | The relationship between SFA, VFA, and the recurrence of stone episode.



The Poisson regression in Table 4 showed a significant association between SFA and number of stone episodes in all SFs (beta, 1.037; 95% CI, 1.000–1.076; p = 0.049). The number of stone episodes increased by 3.7% on average for every 10 cm2 increase in the SFA (p = 0.049) after adjustment. The association between SFA and the number of stone episodes was also significant before adjustment (beta, 1.054; 95% CI, 1.006–1.104; p = 0.026) and less statistically significant after adjustment (beta, 1.058; 95% CI, 0.998–1.121; p = 0.060) in SFs without MetS. However, no significant association was observed between VFA and the number of stone episodes (p > 0.05).


Table 4 | The relationship between SFA, VFA, and the number of stone episodes in all SFs and those without MetS.





SFA as an Indicator to Identify the Occurrence of Stone Episodes

In this study, ROC curves were plotted to compare between VFA and SFA in terms of the predictive power for the occurrence of the stone episode. The ROC curve analysis with the AUC of VFA and SFA are demonstrated in Figure 1. The AUC of SFA (AUCSFA = 0.718; 95% CI, 0.624–0.812) was significantly more than the AUC of VFA (AUCVFA = 0.594; 95% CI, 0.490–0.698), and SFA was adopted as an indicator of the stone episode occurrence. The cutoff point of SFA for predicting the occurrence of stone episode was 97 cm2 in all SFs based on ROC curve analysis, with sensitivity of 72.2%, specificity of 66.7%, and the Youden index of 0.389; while the cutoff point of VFA was 174 cm2, with a sensitivity of 61.1%, specificity of 56.2%, and a Youden index of 0.173.




Figure 1 | Receiver operating characteristic (ROC) analysis and area under the curve (AUC) for the predictors of the occurrence of stone episode. The AUC values of subcutaneous fat area (SFA) and (visceral fat area) VFA were 0.718 and 0.594 with 95% confidence interval (CI) of 0.624–0.812 and 0.490–0.698, respectively. The cutoff point of SFA was 97 cm2 and that of VFA was 174 cm2. ROC analysis was performed for the occurrence of stone episode based on sensitivity of 72.2%, specificity of 66.7%, and the Youden index of 0.389 for SFA and sensitivity of 61.1%, specificity of 56.2%, and the Youden index of 0.173 for VFA.






Discussion

Many studies have shown the association between urolithiasis and MetS or its components (3–5). VAT seems to have a closer relationship with urinary stone than SAT does among people of all ages (17–19). SAT is insulin-sensitive and is considered an “energy sink” to store excess energy physiologically, the visceral fat begins to increase when the subcutaneous adipose tissue is unable to handle the calorie surplus due to excess energy accumulation (6).Thus, the accumulation of SAT should happen earlier than the increase in VAT and MetS. Theoretically, it should be more effective to reduce the risk of stone episodes by reducing the SAT when the SFs are young. However, few studies have reported the association between SAT and stone episodes among young people.

Metabolic disorders are associated with stone episodes. Demographic results in this study showed that the prevalence of abdominal obesity, overweight or obesity, dyslipidemia, and MetS significantly increased with the number of stone episodes in young SFs (p < 0.05). This is consistent with the current understanding that metabolic disorders are associated with urolithiasis in SFs of all ages (3, 20). However, there are still some controversies on the effect of hypertension and DM on urolithiasis (21). A prospective study showed that hypertensive patients tended to have a higher risk of stone formation; however, SFs in this hypertensive group also had a higher unadjusted BMI, which was also the risk factor of urolithiasis (22). The prospective studies performed by Madore also showed that kidney stones preceded the development of hypertension (23, 24). In our study, the proportion of DM and hypertension increased with stone episodes; however, statistical significance was not achieved. This result may partly be attributed to the fact that urolithiasis and hypertension may share some risk factors, and a larger sample size is needed in further studies.

Accumulation of SAT was independently related to the occurrence of stone episodes in young SFs. In our study, we found that SFA was related to the occurrence of stone episodes independent of MetS in young SFs. This was consistent with the fact that SAT accumulation occurs earlier than MetS (6). Previous studies did not show the relationship between SFA and episode occurrence in SFs of all ages. This may be because as the SAT increases with age, the difference of SAT reduces among elder SFs. Therefore, it would be more effective to reduce SAT accumulation than to treat MetS to prevent the occurrence of stone episodes. Furthermore, the ROC curve showed that SFA is superior to VFA as an indicator of the occurrence of stone episodes in young SFs. Only one cutoff value of VFA had been proposed prior to our study to evaluate the risk of urolithiasis, and VFA categorization was not based on the predictive efficacy of VFA on real-world stone episodes or 24-h urinary abnormalities (25). Based on our results of the AUC analysis, we proposed the first cutoff value of SFA to predict the occurrence of stone episode, and suggested that SFs with an SFA of >97 cm2 were more likely to experience stone episodes. The clinical value of our results is that young SFs may be able to prevent stone episodes that may affect their quality of life by reducing SFA.

Fujimura et al. found that visceral fat accumulation was significantly related to stone formation in male patients (95% CI, 1.009–1.021; p < 0.001) (17). Some studies also showed that VFA was related to abnormal urine components. Fram et al. suggested that VFA was significantly associated with an increased excretion of urine sodium in male patients with either normal or increased BMI (19). However, our study showed no significant association between the VFA and the occurrence of stone episodes. This may be explained by the fact that the accumulation of VAT occurs later than that of SAT and the increasing of VAT is generally not so evident among young SFs. Moreover, the patients’ work and quality of life were not affected by abnormal urine components. Few studies have studied the effect of VAT on stone episodes in young SFs. Further investigation may be required to determine the clinical significance of VAT in young SFs.

Both SFA and VFA were independently related to the recurrence of stone episodes, and SFA had a closer relationship with stone recurrence than VFA did in our study. Yamashita and Bos both found that recurrent SFs had a higher %VFA (%VFA=VFA/[VFA + SFA]) than first-time SFs of all ages (16, 26). Several studies have shown a correlation between metabolic disorders and stone recurrence as well (27, 28). However, the SFs in above-mentioned studies were in their fifties, much older than SFs in our study. The accumulation of SAT begins earlier than VAT, thus the difference in SFA between SFs with and without recurrence of stones tends to be more significant than the difference in VFA. Similarly, we found that the SFA was associated with the number of stone episodes in all SFs, which increased at an average of 3.7% per 10 cm2 of SFA. This suggested that a slight increment in the SFA might increase the risk of stone episodes, which highlights the significance of controlling the SAT in young SFs. Although the association between SFA and the number of stone episodes was less significant after adjustment, this might due to the small sample size.

Race may also be an important factor for the closer relationship of the occurrence and recurrence of stone episodes with SFA. Previous studies have shown that VFA or %VFA were associated with stone formation or recurrence; however, most of these studies were performed in Caucasian populations (16, 19). Some studies showed that SAT was related to MetS in Asians and Africans (7, 8). Therefore, more studies are needed to verify the relationship between SAT and urinary stones in both young and elderly Chinese individuals.

We found that SFA was a better independent indicator than VFA in assessing the risk of occurrence and recurrence of stone episodes and the number of stone episodes in young SFs. Based on this finding, young SFs could assess their risk of occurrence and recurrence of stone episodes simply by measuring their abdominal subcutaneous fat in a quick test. This will enable young SFs to take actions to prevent future stone episodes as early as the compensation state of metabolic imbalance, instead of waiting until MetS develops.

Our study has a few limitations. First, it was a single-center retrospective study, and all subjects enrolled in this study were SFs. Patients who did not or were unwilling to complete the metabolic evaluation were not included. Second, the number of patients enrolled in this study was relatively small; therefore, a larger sample size is needed to verify the results.



Conclusion

The accumulation of SFA is an independent risk factor for the occurrence and recurrence of stone episodes in young people. Self-measurement of subcutaneous fat may be a very simple and effective method to assess the risk of stone episodes and could help prevent their occurrence or recurrence even before the development of metabolic disorders. The association between stone episodes and SFA may also help further explore the mechanism of urolithiasis.
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Characteristics All patients Number of stone episodes

Asymptomatic Once Twice or more P
Number of patients 120 48 38 34
Gender 86/34 [71.7] 29/19 [60.4] 29/9 [76.3) 28/6 [82.4] 0.025
(male/female; male [%])
Age (year) 319+562" 30.40 + 5.26 32.66 + 5.25 33.1+46 0.037
Family history (n [%]) 50 [41.7] 21[43.8] 27 [71.1] 18 [52.9] 0.111
BMI (kg/mz) 254140 240+39 249 +3.1 27.7 +4.1 < 0.001
Abdominal obesity 53 [44.2) 12 [25.0] 17 [44.7) 24 [70.6) <0.001
(n [%)
Overweight or obesity 79 (65.8] 25 [52.1] 24 [63.2] 301(88.2) 0.003
(n [%)
Hypertension (n [%]) 30 [25.0] 8[16.7) 11 [289] 11 [32.4] 0215
DM (n [%]) 6[5.8] 0[0.0] 2[5.6] 4[11.8] 0.087
Dyslipidemia (n [%]) 80 [66.7] 23 [47.9] 27 [71.1] 30 [88.2] 0.001
MetS (n [%]) 35[29.2] 483 12[31.6] 19 [55.9] <0.001
Renal insufficiency 25 [23.1] 9[23.7] 7[28.0] 9[26.5] 0.707
(n (%)
VFA (10 cm?) 19.2+9.6 17177 166 +7.1 250+ 11.8 0.001
SFA (10 cm?) 105+5.9 80+5.1 107 +5.4 189+ 6.0 <0.001

*Mean + SD (all such value).

Continuous variables with a normal distribution were expressed as means + standard deviation, categorical variables were expressed as percentage. Chi-squared test was used for
between-group comparisons of categorical variables. One-way analysis of variance (ANOVA) was used for evaluation of continuous variables with a normal distribution, and non-

parametric analysis was used for continuous variables with an abnormal distribution. The p value was considered significant if less than 0.05.

DM, diabetes mellitus; MetS, metabolic syndrome; SF, stone former; SFA, subcutaneous fat area; VFA, visceral fat area.
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Variables All SFs SFs without MetS

Unadijusted Adjusted" Unadjusted Adjusted®
OR (95%Cl) P OR (95%Cl) P OR (95%Cl) P OR (95%Cl) P
SFA 1.159 (1.070-1.254) <0.001 1.150 (1.028-1.286) 0015 1.092 (1.013-5.691) 0.047 1.131 (1.006-1.271) 0.039
VFA 1.043 (0.999-1.090) 0.058 1.014 (0.954-1.077) 0.658 0.985 (0.929-1.044) 0.614 0.991 (0.922-1.066) 0.813

TAdjusted for age, gender, family history of stone, MetS, and renal insufficiency.

SAdjusted for age, gender, family history of stone, and renal insufficiency.

The binary logistic regression model was used to assess the association between the occurrence of stone episode and SFA or VFA.
OR, odds ratio; Cl, confidence interval: MetS, metabolic syndrome; SF, stone former.
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Variables All SFs SFs without MetS

Unadijusted Adjusted" Unadjusted Adjusted®
OR (95%Cl) P OR (95%Cl) P OR (95%Cl) P OR (95%Cl) P
SFA 1.162 (1.069-1.262) <0.001 1.145 (1.021-1.284) 0.021 1.115 (1.004-1.239) 0.042 1.142 (0.981-1.328) 0.086
VFA 1.100 (1.045-1.156) <0.001 1.113 (1.035-1.197) 0.004 1.052 (0.981-1.129) 0.155 1.075 (0.977-1.183) 0.137

TAdjusted for age, gender, family history of stone, MetS, and renal insufficiency.

SAdjusted for age, gender, family history of stone, and renal insufficiency.

The binary logistic regression model was used to assess the association between the recurrence of stone episode and SFA or VFA.
OR, Odds ratio; Cl, Confidence interval: MetS, metabolic syndrome; SF, stone former.
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Variables All SFs SFs without MetS

Unadijusted Adjusted" Unadjusted Adjusted®
Exp(p) (95% CI) P Exp(B) (95% Cl) P Exp(p) (95% Cl) P Exp(p) (95% Cl) P
SFA 1.056 (1.027-1.085) <0.001 1.037 (1.000-1.076) 0.049 1.054 (1.006-1.104) 0.026 1.058 (0.998-1.121) 0.060
VFA 1.026 (1.009-1.044) 0.002 1.018 (0.997-1.039) 0.100 1.007 (0.972-1.042) 0.709 1.011 (0.971-1.051) 0.599

TAdjusted for age, gender, family history of kidney stone, MetS, and renal insufficiency.

§Ad/usted for age, gender, family history of kidney stone, and renal insufficiency.

Poisson regression was used to evaluate the association between the number of stone episodes and SFA or VFA.
Cl, confidence interval: MetS, metabolic syndrome; SF, stone former.
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Obesity class | (n = 29)

Obesity class Il (n = 21)

Obesity class Il (n = 5)

OR (95% CI) p value OR (95%Cl) p value OR (95% CI) p value
Stroke 1.08 (1.05-1.12) 7.4 x10° 1.05 (1.02-1.08) 7x 10 1.00 (0.94-1.06) 0.96
IS 1.08 (1.05-1.12) 1.0 x 10° 1.06 (1.03-1.09) 1x10* 1.01 (0.96-1.06) 0.65
LAS 1.14 (1.04-1.24) 28x 107 1.08 (1.01-1.16) 0.002 1.04 (0.80-1.36) 0.75
CES 1.11 (1.02-1.20) 0.02 1.08 (1.02-1.15) 0.007 1.02 (0.93-1.12) 0.64
SIS 1.07 (0.97-1.17) 017 1.08 (0.95-1.13) 0.42 1.07 (0.98-1.17) 0.12

IS, ischemic stroke; LAS, large artery stroke; CES, cardioembolic stroke; SVS, small vessel stroke; VW, inverse-variance weighted method.
Power opesity ciass 1 = 0.88, POWET opesity ciass 11 = 0.66, POWEr opesity ciass 1 = 0.82.
All values which are lower than 0.05 are marked in the bold font, indicating that they are statistically significant.
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VAT
hsa05033 Nicotine addiction 2/37 0.014244 CHRNA7/ 2
GABRAG
hsa04725 Cholinergic synapse 3/37 0.014618 CACNA1F/ 3
CHRNA7/
SLC5A7
hsa04270 Vascular smooth 3/37 0.022488 ARAF/ 3
muscle contraction CACNA1F/
CALCRL
hsa04978 Mineral absorption 2/37 0.029596 ATP2B2/ 2
MT1A
hsa05223 Non-small cell lung 2/37 0.042611 ALK/ARAF 2
cancer
hsa05412  Arrhythmogenic 2/37 0.048094 CACNA1F/ 2
right ventricular CDH2
cardiomyopathy
SAT
hsa04972 Pancreatic secretion 3/36 0.010288 ATP1A2/ 3
PLA2G1B/
RAP1A
hsa00072 Synthesis and 1/36 0.043658 HMGCS2 1
degradation of
ketone bodies
hsa03320 PPAR signaling 2/36 0.044704 ACSL4/ 2
pathway HMGCS2
hsa03018 RNA degradation 2/36 0.04793 ENO2/ 2
WDR61

KEGG, Kyoto Encyclopedia of Genes and Genomes; VAT, visceral adipose tissue; SAT,
subcutaneous adipose tissue.
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Tier 1: Cross-sectional association
Adijpoce tissue fibrosis correlates with obesity-
related disease endpoints and/or

Associated with increased adipose tissue fibrosis:
- Increased adiposity (obesity fat mass).
- Insulin resistance.

(90-93)
(91-95)

cardiometabolic risk - NAFLD/Increased liver fibrosis 96)/ (97)

Associated with decreased adipose tissue fibrosis:

- Insulin resistance/Type 2 diabetes (98)/ (99)
Tier 2: Longitudinal change association Decreased adipose tissue fibrosis:
Adipose tissue fibrosis changes during - With weight loss (even as low as 5%) (80, 90, 92,
intervention -/+ association with changes in 100)
obesity-related phenotyper/risk No change in adipose tissue fibrosis:

- Following weight loss (bariatric surgery) despite metabolic improvement (94, 101)

Experimental weight-gain:

- Increased adipose tissue fibrosis following 8 weeks of overfeeding-induced weight gain (90)
Tier 3: Possible mechanisms - Increased inflammation, reduced lipid storage capacity and lipid spillover to ectopic fat deposits Reviewed in
(human studies) (88, 102,

103)

- Col6A3-related decreased adipose tissue oxygenation (104)
Tier 4: Prospective/predictive studies - Higher baseline total and pericellular fibrosis in subcutaneous adipose tissue associated with less fat (98)
Baseline adipose tissue fibrosis predicts mass loss after 3, 6 and 12 months post-bariatric surgery (n=65 persons with obesity).
intervention outcome - Greater total subcutaneous adipose fibrosis adjusted for age, diabetes and circulating IL-6 was 97)

associated with a low weight loss response (i.e., <25% decrease in BMI). (n=243 persons with
obesity, OR [95% Cl] = 1.58 [1.10-2.28)).
- Histological adipose fibrosis score (FAT) predicts weight loss following RYGB bariatric surgery: Pre- (105)

operative FAT score >2 was associated with 3-fold increased risk of reduced weight loss 12 months
following the surgery (n=183 persons with obesity).
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Tier 1: Cross-sectional association

- Insulin resistance.

(11-15)

Adipocyte size correlates with obesity-related diseases - Dyslipidemia/particularly visceral adipocyte hypertrophy, in women. (16, 17)/ (18,
and/or cardiometabolic risk, *beyond other adiposity 19)
measures - A subcutaneous adipocyte size threshold could be identified beyond which association with (20)
T2DM increases.
- Non-alcoholic fatty liver disease. (21,22)
- Coronary artery disease (epicardial adipocyte size). (28, 24)
- Polycystic ovary syndrome. (25)
Tier 2: Longitudinal co-association - Glucose metabolism and/or insulin sensitivity. (26-30)
Adipocyte size changes during intervention associate - Cardiovascular risk. (29, 30)
with changes in obesity-related phenotype/risk
Tier 3: Main proposed mechanisms for the link - Larger adipocytes are pro-inflammatory:
between adipocyte size and clinical characteristics. i. have a more proinflammatory secretome. 31, 32)
(human studies) ii. Greater tendency for adipocyte cell death. (33)
iii. Display premature senescence. (34)
- Dysregulated lipolysis (more FFA release). (35-37)
- Altered adipokine profile. (14, 31, 32)
Tier 4: Prospective/predictive studies Incident T2DM
Baseline adipocyte size predicts subsequent - Larger SC adipocyte size predicts development of obesity-related T2DM in Pima Indians (33 (38)
progression of obesity-related conditions, and/or cases of 108, 9 years average follow up).
intervention outcome
- Larger abdominal SC adipocytes (less so femoral) predict incident T2DM in women (36 (39)
cases of 234, 25 year follow up).
Experimental overfeeding response
- Larger SC adipocyte size predicts lower fat mass and hepatic fat gain, and a smaller decline (40, 41)
in insulin sensitivity (1=29 men, mostly non-obese; n=31 males and females, BMI 25-35 Kg/
m).
Obesity intervention outcome
- Larger SC adipocyte size predicts lower resolution of T2DM+insulin resistance 6 months (20)
after bariatric surgery (2 cohorts; resolution in 61 of 79, and 13 of 33).
- Smaller “adipocyte density” (indicative of larger omental adipocyte size, which in itself was (42)
not significant) predicted greater reduction in carotid intima-media thickness following
metabolic surgery (1=40).
- Hypertrophic SC adipocytes predicted greater improvement in insulin sensitivity in response 43)
to dietary intervention or bypass surgery (1=700 and 61, respectively).
- Larger adipocyte morphology value predicted greater improvement in diastolic blood 43)

pressure after bypass surgery.
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Tier 1: Cross-sectional association

Adipose tissue macrophages:

References

Adipose tissue inflammation correlates with - Higher macrophage abundance in visceral adipose tissue correlates with NAFLD (65, 66)
obesity-related diseases - Higher macrophage abundance in visceral adipose tissue correlates with insulin resistance or (15, 65, 67, 68)
metabolic dysfunction.
- Larger number of macrophage “crown-like structures” in subcutaneous fat in women with obesity and (69)
T2DM Vs. NGT.
Adipose tissue mast cells:
- Higher visceral adipose tissue mast cell abundance associates with better (among patients with (70, 7)Y/
obesity)//worse (when also compared to non-obese patients) metabolic profile. (72)
Adipose tissue dendritic cells (DC):
- Higher abundance of CD11c+/CD1c+ DCs in subcutaneous fat correlates with insulin resistance in (73)
morbidly obese patients.
Adipose tissue T-cells:
- Higher abundance of CD4+ (Th1, Th17) and CD8+ T-cells in both subcutaneous and visceral adipose (74)
tissues in obesity associate with insulin resistance.
Expression of inflammatory genes:
- Higher expression of inflammatory genes and/or lower expression of anti-inflammatory genes (68, 74, 75)
associate with insulin resistance and/or high cardiometabolic risk in obesity.
Tier 2: Longitudinal co-association Weight loss
Adipose tissue inflammation changes during The magnitude of weight loss following bariatric surgery correlates with decreased adipose tissue:
intervention associate with changes in - macrophages; (70, 76, 77)
obesity-related phenotype/risk - mast cells; (70)
- expression of inflammatory cytokines (70, 77)
Weight loss following bariatric surgery or lifestyle intervention, and consequentially improved metabolic
profile, do not associate with decreased (and even increased):
- subcutaneous adipose tissue macrophages and other leucocytes (78-80)
- inflammatory gene expression (78-80)
Experimental weight gain
- Experimental acute weight gain induces insulin resistance without activating systemic or adipose 81)
tissue inflammation.
Tier 3: Main proposed mechanisms - Contribution to systemic inflammation. (82)
(human studiies) - Decrease in cardiovascular-protective, adipose derived factors (e.g. adiponectin). (83)
- Adipose tissue and whole-body insulin resistance. 62, 82)
- Source of inflammatory lipid mediators. (82)
Tier 4: Prospective/predictive studies Higher adipose tissue expression of mast cells -specific genes predicts greater weight-loss response to (70)

Baseline adipose tissue inflammation
parameters predicts subsequent
intervention outcome

bariatric surgeries (cohort 1: n=18, 6 months follow-up, only visceral adipose tissue; cohort 2: n=56, 1y
follow-up, both visceral and subcutaneous adipose tissue)
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Variables

Adipo-IR
Lowest tertile
Middle tertile
Highest tertile
P for trend
Per SD increase
HOMA-IR
Lowest tertile
Middle tertile
Highest tertile
P for trend
Per SD increase

Models were adjusted for age, HbATc, eGFR, hypertension and dyslipidemia.
P < 0.05; P < 0.01; *™P < 0.001.

men

18.5<BMI <24

Ref.
1.63(1.13,2.35)**
1.65(1.01,2.70)*

0.025
1.48(1.10,1.98)**

Ref.
1.39(0.97,2.01)
1.58(0.91,2.76)

0.020
1.07(0.90,1.28)

The meaning of the bold values is the values were statistically significant.

BMI > 24

Ref.
1.59(1.23,2.06)**
2.63(2.03,3.40)***

<0.001
1.32(1.21,1.46)***

Ref.
1.11(0.86,1.44)
1.85(1.42,2.40)**
<0.001
1.19(1.08,1.31)*

Women

18.5 <BMI < 24

Ref.
1.12(0.70,1.78)
1.99(1.25,3.17)**
0.002
1.52(1.24,1.87)***

Ref.
0.96(0.61,1.51)
1.88(1.18,3.00)*
0002
1.48(1.09,2.02)*

BMI > 24

Ref.
1.23(0.70,2.15)
2.81(1.70,4.63)***
< 0.001
1.52(1.34,1.74)***

Ref.
1.00(0.56,1.81)
2.03(1.20,3.45)"*
<0.001
1.51(1.30,1.76)*
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Variable

N (%)

Age, years
BMI, kg/m?
DBP, mmHg
SBP, mmHg
FBG, mmol/L.
HbA1c, %
FINS, miU/L
FFA, mmol/L
TG, mmol/L
TC, mmol/L
H-DLC, mmol/L
L-DLC, mmol/L.
UA, umol/L

eGFR, mL/min per 1.73 m?

Adipo-IR

HOMA-IR
Hypertension, n (%)
Diabetes, n (%)
Dyslipidemia, n (%)

men Women
Normal Hyperuricemia P-value Normal Hyperuricemia P-value

1,950 (64.8) 1,060 (35.2) 2,436 (86.7) 375 (13.3)
46.76 + 12.85 42.96 + 12.56 < 0.001 43.39 + 13.29 47.64 + 15.22 <0.001
25.16 + 3.17 26.73 + 3.45 < 0.001 22.76 + 3.45 25.30 + 4.50 <0.001
126.04 + 16.50 128.11 £ 16.79 0.001 117.54 + 18.24 125.01 +21.07 <0.001
75.49 + 11.37 77.33 +12.02 < 0.001 68.63 + 11.03 72.06 + 11.64 <0.001
4.96 (4.60-5.44) 4.97 (4.58-5.43) 0.850 4.76 (4.43-5.12) 4.98 (4.59-5.45) <0.001
5.5 (5.3-5.8) 5 5 (5.3-5.8) 0.505 5.4 (5.2-5.7) 5.6 (5.3-6.0) <0.001
7.7 (5.4-10.7) 7(6.7-13.7) <0.001 7.2 (5.3-9.9) 10.0 (6.5-14.3) <0.001
0.46 (0.35-0.60) 0. 50 (0.39-0.62) < 0.001 0.52 (0.40-0.67) 0.60 (0.46-0.75) <0.001
1.36 (0.98-1.92) 1.74 (1.22-2.50) < 0.001 1.01 (0.77-1.39) 1.41 (0.96-2.12) <0.001
4.89 (4.31-5.51) 5.09 (4.53-5.72) <0.001 4.86 (4.31-5.52) 5.23 (4.59-5.99) <0.001
1.18 (1.00-1.35) 1.10 (1.00-1.30) < 0.001 1.50 (1.27-1.71) 1.30 (1.10-1.50) <0.001
3.00 (2.48-3.60) 3.20 (2.67-3.73) <0.001 2.80 (2.30-3.36) 3.14 (2.55-3.89) <0.001
357.0 (320.0-388.0) 468.0 (441.0-508.0) <0.001 273.0 (240.0-307.0) 390,0 (373.0-418.8) <0.001
111.32 (102.82-120.07) 111.26 (100.89-120.41) 0.290 116.57 (106.62-126.18) 107.97 (99.56-121.51) <0.001
3.50 (2.23-5.52) 4.87 (3.04-7.31) < 0.001 3.73 (2.44-5.62) 5.67 (3.48-9.18) <0.001
1.74 (1.17-2.53) 2.19 (1.44-3.21) < 0.001 1.53 (1.08-2.16) 2.27 (1.39-3.39) <0.001
430 (22.1) 254 (24.0) 0.232 316 (13.0) 90 (24.0) <0.001
229 (11.7) 93 (8.9) 0.012 96 (3.9) 30 (8.0) <0.001
861 (44.2) 626 (59.1) <0.001 524 (21.5) 167 (44.5) <0.001

Data were expressed as the mean + SD or median (upper and lower quartiles) or number (proportion). BMI, body mass index; SBP, systolic blood pressure; DBP, diastolic blood pressure;
FPG, fasting plasma glucose; HbATc, glycated hemoglobin; FINS, fasting insulin level; FFA, free fatty acid; TG, triglycerides; TC, total cholesterol; HDL-C, high-density lipoprotein
cholesterol; LDL-C, low-density lipoprotein cholesterol; UA, uric acid; eGFR, estimated glomerular filtration rate; Adipo-IR, adipose tissue insulin resistance; HOMA-IR, homeostasis model

assessment of insulin resistance.
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Variable Ln UA (men) Ln UA (women)
B(SE) Standardized B P-value B(SE) Standardized B P-value
Adipo-IR
Model 1 0.013 (0.001) 0.235 <0.001 0.015 (0.001) 0.266 <0.001
Model 2 0.007 (0.001) 0.125 <0.001 0.009 (0.001) 0.151 <0.001
Model 3 0.008 (0.001) 0.127 <0.001 0.009 (0.001) 0.146 <0.001
HOMA-IR
Model 1 0.016 (0.002) 0.145 <0.001 0.033 (0.003) 0.235 <0.001
Model 2 0.007 (0.002) 0.064 0.001 0.016 (0.003) 0.114 <0.001
Model 3 0.009 (0.003) 0.059 0.004 0.022 (0.004) 0.117 <0.001

Model 1: Crude model.

Model 2: Adjusted for age, BMI, SBP, TC, H-DLC, TG, HbATc, and eGFR.

Model 3: Excluding participant with diabetes and adjusted for Model 2.
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Variables

Model 1
Adipo-IR
Lowest tertile Ref.
Middle tertile 1.71(1.41,2.08)***
Highest tertile 2.82(2.33,3.41)***
P for trend <0.001

Per SD increase 1.45(1.34,1.57)***
HOMA-IR

Lowest tertile Ref.
Middle tertile 1.41(1.17,1.71)**
Highest tertile 2.32(1.93,2.80)***
P for trend < 0.001

Per SD increase 1.25(1.16,1.35)***

Model 1: Crude model.

Model 2: Adjusted for age, BMI, HbATc, eGFR, hypertension, and dyslipidemia.

men

Model 2

Ref.
1.52(1.24,1.88)***
2.10(1.67,2.63)***

<0.001
1.24(1.13,1.36)***

Ref.
1.14(0.92,1.40)
1.61(1.28,2.03)**
< 0.001
1.07(0.98,1.17)

Mode! 3: Excluding participant with diabetes and adjusted for Model 2.

"P < 0.05; *P < 0.01; **P < 0.001.

The meaning of the bold values is the values were statistically significant.

Model 3

Ref.
1.49(1.20,1.85)***
2.07(1.64,2.62)***

<0.001
1.33(1.19,1.49)***

Ref.
1.13(0.91,1.39)
1.63(1.28,2.07)***
<0.001
1.19(1.04,1.37)*

Model 1

Ref.
1.28(0.92,1.77)
3.53(2.66,4.70)***
<0.001
1.75(1.59,1.93)***

Ref.
1.11(0.81,1.53)
3.20(2.42,4.23)**
<0.001
1.72(1.54,1.93)***

Women

Model 2

Ref.
1.04(0.74,1.46)
2.09(1.52,2.87)***
<0.001
1.47(1.31,1.64)***

Ref.
0.92(0.66,1.29)
1.74(1.26,2.42)*
<0.001
1.43(1.25,1.64)

Model 3

Ref.
1.02(0.72,1.44)
2.02(1.46,2.79)***
<0.001
1.52(1.34,1.72)***

Ref.
0.85(0.61,1.20)
1.60(1.15,2.24)**
<0.001
1.58(1.32,1.89)***
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Names and metric units of clinical parameters

BMI (Kg/m?)
Glucose (mg/dl)
HbA1c (mmol/mol)
TG (mg/dl)
Chol (mg/dl)
HDL-C (mg/dI)
LDL-C (mg/dl)
Leptin (ng/ml)
CRP (mg/dl)
GGT (U/L)
AST/GOT (U/L)
ALT/GPT (U/L)

320a-3p

-0.37*
-0.44*
-0.37*
ns
047
ns
-0.38"*
064"
ns
ns
ns
ns

320b

ns
ns

-0.29%
ns
ns

-0.32

ns
ns
ns
ns
ns
ns

320c

ns

-0.29*
ns
ns

-0.24*
ns
ns
ns
ns
ns
ns
ns

Correlation analysis was assessed in the total population (LD + OB + HC). The Table reports Spearman r and *P < 0.05, **P < 0.01,

320d 320e
ns ns
ns -0.25*
ns -0.36*
ns ns
ns -0.32"
ns -0.24*
ns ns
ns ns
-0.33* ns
-0.24* ns
-0.35" ns
-0.35" -0.25*

P < 0.001, **"P < 0.0001, ns significant.
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Physical and clinical parameters

Age (years)
BMI (Kg/m?)
Glucose (mg/dL)
TG (mg/dL)
Chol (mg/dL)
HDL-C (mg/dL)
LDL-C (mg/dL)
CRP (mg/L)
AST/GOT (U/L)
ALT/GPT (U/L)
GGT (UL

LD Subtype

= Controls vs. LD; b= Controls vs. Obese;

Controls (N = 23; F = 16)

34.5+39
212+06
91.0+20
80.8£9.2
180+ 7.6
65.4 +3.7
1063 £ 7.1
0.05 +0.01
188+ 08
135+ 1.0
18+14

LD (w/o FPLD1) (N = 32; F = 24)

35.0+34
206 £0.7
94.0 £3.3
153.6 +27.8
169.8 + 5.7
4525 +2.7
1137 +562
07+0.2
28.1+21
344+ 46
28.4 £ 4.1
11 FPL (of which 8 FPLD2)
12 APL
9 CGL

Obese (N =13; F = 8)

49.1+ 35
43517
111.7+£73
154.1 + 13.4
198.8 + 10.0
475+32
137.7 £ 8.7
0.88 + 0.16
36.4+73
55.9+13.3
59.3 £ 16.0

Multiple Comparisons Result

ns
ans; b g
ns
a™b*cns
ans;bns;c*
a*™; b*cns
ans;b*cns
ayb™ons
a”; b5 cns
e T
a* b™cns

=LDvs. Obese. P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001. Data are expressed as Mean + SEM. ns, not significant.
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Risk factors  Model type®  Effect size. SATarea SATFF. VAT area VAT FF vis Hepatic FF Pancreatic FF  Intramuscular FF PPAT area PPAT FF.
Hypertonson MV OR@ES%C) 1009 (1004, 1015) - 1000(1.005, 1019 099900997, 1001)  1.667(1.142,2232)  1.063(1.000, 1.130) 1066 (1.028, 1.106) - 1,041 (0992, 1.092) -
pdve 0001 - <0001 0430 0006 0049 0001 - 0103 -
B OR @5% C1) - - 1,005 (1002, 1.009) - 1413 (1,027 1.945) - 1,046 (1,009, 1.080) - - -
pave - - 0006 - 0034 - 0013 - - -
T20M W OR(ES% C) - - 1,007 (1008, 1.011) - 1.780(1.247,2641)  1072(1.003,1.147)  1.088(1.049, 1.128) - = -
pave - - <0001 - 0001 0041 <0001 - - -
MsBM OR @5% C) - - 1,007 (1008, 1.011) - 1.6 (1,185, 2.420 - 1,088 (1.049, 1.128) & = =
pdve - - <0001 - 0004 - <0001 - - -
Hoh TG W OR@%C) 1006 (1001, 1011) - 1,007 (1,008, 1010 - - 1144 (1073, 1221) 1,062 (1.029, 1.095) - - 1,075 (1,027, 1.126)
pave 0025 - 0001 - - <0001 <0001 - - 000z
MM OR (5% C) - - 1,005 (1,001, 1.008) - - 1118(1040, 1191) 1051 (1.018, 1.084) - - -
pve - - o017 - - 0002 000z = - -
Hgh T MW OR@5% G - - - - - 11021081, 1.477) - - - 1,052 (1003, 1.104)
pave - - - - - 0004 - - - 0036
MBI OR (95% C) - - - - - 11021031, 1.177) - = - 1,052 (1003, 1.104)
pve - - - - - 0004 - - - 0036
LowHOLG MY OR@HC)  1009(1003,1014)  1073(1016, 1139 1007 (1003, 1.011) - 1.519(1.076,2.144) 1094 (1027, 1165 1.066 (1,025, 1.089) - - 1,062 (1.020, 1.106)
pve 0.002 o012 <0001 - 0018 0005 <0001 - - 0,003
MBI OR@E5%C) 1009 (1003, 1014) - 1,007 (1,008, 1.011) - 1.420(1.006, 2004 - 1,046 (1015, 1.079) - - 1,044 (1,003, 1.087)
palue 0002 - <0001 - 0046 - 0004 - - 0036
HNLDLG MV OR@5% G - - - - - 1136 1,052, 1.227) - - - <
pave - - - - - 0001 - , - E
MBI OR (@5% CI) - - - - - 1,16 (1052, 1.227) - - - -
palve - - - - - 0001 - - - -
CoRFs W OR@%C) 1008 (1003, 1013) - 1011 (1007, 1.018) - 1.865(1.080,2614) 1144 (107, 1.221)  1.100(1.061, 1.140) - - 1,075 (1,034, 1.116)
pave 0003 - <0001 - <0001 <0001 <0001 - - <0001
MBI OR(ES% C) - - 1011 (1007, 1.018) - 1.675(1.191,2366)  1102(1.030, 1.179)  1.084 (1.068, 1.238) - - 1,050 (1,009, 1092
prve - - <0001 - 0008 0005 0005 - - 0016

Blank cels indicate tha the MAacquied fat depats were not selected vi the forward LR sekction regression,

procedure.
"MV model incuded the folowing covarate: age, sex, smoking status, curent aohol use, family hstory of cardometabolic risk factors, and pastmenopausal tatus (women onl). BM! was additionaly adfusted or in the modes lbeled “MVBII modei”

BM, body mass index; SAT, subcutaneous adpas tisue; FF, fa fraction; VAT, visceralacipose fissue; V/S, visoeralsubeutaneous adipase tissue area raio; pPAT, prepentonal adiposa tissue; BP, blood pressure; FPG, fasting plasma glucose; TG, trighcendes; TC, foal cholesterol: HDL-C, high-densty
Sooprotein cholesterol: LDL-C, low-density fpoprotein cholesterol: T2DM, type 2 dibeles melus; CCRFs, clustering of cardometabolc risk factors.
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Characteristics Overall patients (n = 320) Men (n = 148) Women (n = 172) p-value (men vs. women)
Demographics
Age (years) 59 (50, 65) 58 (48, 65) 60 (52, 66) 0.577
Height (m) 1.67 (1.61, 1.74) 1.74 (1.70, 1.77) 1.62 (1.60, 1.65) <0.001
Weight (kg) 68 (60, 77) 75 (70, 82) 62.25 (58.5, 69.00) <0.001
BMI (kg/m?) 24.68 + 3.04 25.18 + 2.80 24.25 + 3.16 0.006
MRI-acquired fat measurements
SAT area (cm?) 121.68 (94.60, 158.95) 106.19 (79.99, 126.74)  145.00 (114.65, 187.11) <0.001
SAT FF (%) 81.73 (77.95, 84.45) 79.02 (75.62, 82.10) 83.80 (80.97, 85.67) <0.001
VAT area (cm?) 141.98 (100.77, 190.36) 176.63 (128.86, 222.26)  125.22 (86.50, 162.68) <0.001
VAT FF (%) 77.77 (74.22, 80.54) 78.37 (74.85, 80.94) 77.25 (73.69, 79.88) 0.045
VIS 1.04 (0.71, 1.62) 1.65 (1.16, 2.27) 0.76 (0.61, 1.00) <0.001
Hepatic FF (%) 3.70 (2.70, 6.40) 3.90 (2.90, 6.60) 3.55 (2.60, 6.25) 0.415
Pancreatic FF (%) 8.10 (5.00, 12.30) 8.50 (5.60, 13.50) 7.35 (4.40, 11.65) 0.010
Intramuscular FF (%) 5.15 (3.80, 7.45) 6.00 (4.45, 8.15) 4.20 (3.30, 5.65) <0.001
PPAT FF (%) 85.10 (80.25, 89.00) 85.20 (80.25, 88.95) 85.00 (80.15, 89.00) 0.662
PPAT area (cm?) 2.79 (1.97, 4.00) 3.35 (2.38, 4.71) 2.44 (1,73, 3.41) <0.001
Cardiometabolic risk factors
Systolic BP (mmHg) 121 (120, 140) 130 (120,140) 120 (110, 130) 0.001
Diastolic BP (mmHg) 80 (70, 80) 80 (74, 86) 80 (70, 80) <0.001
FPG (mmol/L) 5.16 (4.73, 5.86) 5.33 (4.80, 6.29) 5.06 (4.68, 5.55) 0.014
TG (mmol/L) 1.24 (0.89, 1.88) 1.25(0.93, 1.92) 1.22 (0.85, 1.83) 0.357
TC (mmol/L) 4.88 (4.24, 5.59) 4.62 (3.95, 5.26) 5.12 (4.44, 5.88) <0.001
HDL-C (mmol/L) 1.27 (0.97,1.47) 1.10 (0.91, 1.38) 1.39 (117, 1.61) <0.001
LDL-C (mmol/L) 2.66 (2.20, 3.21) 2.58 (2.14, 3.10) 2.79 (2.36, 3.35) 0.008
Hypertension (1 (%)) 131 (40.94) 70 (47.29) 61 (35.47) 0.032
T2DM (n (%)) 66 (20.63) 38 (25.68) 28 (16.28) 0.038
High TG (7 (%)) 71 (22.19) 31 (20.95) 40 (22.47) 0.620
High TC (n (%)) 55 (17.19) 16 (10.81) (21 91) 0.004
Low HDL-C (n (%)) 104 (32.50) 3 (42.57) 1(23.84) <0.001
High LDL-C (1 (%)) 30 (9.38) 1(7.43) 9(10.67) 0.265
CCRFs (n (%)) 108 (33.75) 61 (41.22) 7 (27.33) 0.171
Lifestyle factors
Smoking status <0.001
Current smoker (7 (%)) 30 (9.38) 29 (19.59) 1(0.58)
Former smoker (n (%)) 8 (2.50) 8 (5.41) 0(0) -
Never smoker (1 (%)) 282 (88.13) 111 (75.00) 171 (99.42) =
Current alcohol use (n (%)) 14 (4.38) 13(8.78) 1(0.58) < 0.001
Antihypertensive treatment (n (%)) 107 (33.44) 56 (37.84) 51 (29.65) 0.620
Diabetes treatment (n (%)) 45 (14.16) 27 (18.24) 18 (10.47) 0.238
Lipid-lowering treatment (1 (%)) 27 (8.44) 13 (2.03) 14 (8.14) 0.836
Postmenopausal status (7 (%)) - - 138 (80.23) -
Family history of cardiometabolic risk factors (1 (%)) 25 (7.81) 1(7.43) 14 (8.14) 0.814

Data were expressed as mean + SD, median (25th and 75th percentiles) (due to nonnormal distribution), or n (%).
BMI, body mass index; SAT, subcutaneous adipose tissue; FF, fat fraction; VAT, visceral adlipose tissue; V/S, visceral/subcutaneous adipose tissue area ratio; pPAT, preperitoneal adipose
tissue; BP, blood pressure; FPG, fasting plasma glucose; TG, triglycerides; TC, total cholesterol; HDL-C, high-density lipoprotein cholesterol; LDL-C, low-density lipoprotein cholesterol;
T2DM, type 2 diabetes mellitus; CCRFs, clustering of cardiometabolic risk factors.
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MRI-acquired fat measurements SAT area SAT FF VAT area VATFF V/S  Hepatic FF Pancreatic FF Intramuscular FF pPAT area pPAT FF
SAT area - 0.644* 0380 -0.072 -0.140"  0.800 0.293* 0.226" 0.118* 0.165*
SAT FF 0.644* = 0.318™ -0.128* -0.123*  0.250* 0.205* 0.099 0.086 0.280"
VAT area 0.380*  0.313" - -0.059 0.762" 0.313" 0.367* 0.118* 0.091 0.186*
VAT FF -0.072 -0.128" -0.059 & 0.046 -0.041 -0.052 -0.042 0.003 0.026
VIS -0.140" -0.123* 0.762"* 0.046 = 0.075 0.136" -0.019 0.007 0.058
Hepatic FF 0.300* 0250 0318* -0.041 0.075 - 0.205™ 0.097 0.044 0.186"
Pancreatic FF 0.293*  0.205* 0.367* -0.052 0.136* 0.205* - 0.169" 0.069 0.154*
Intramuscular FF 0.226* 0.099 0.118*  -0.042 -0.019 0.097 0.169" . 0.043 0.048
pPAT area 0.118* 0.086 0.001 0.003  0.007 0.044 0.069 0.043 = 0.010
pPAT FF 0.185*  0.280*  0.186" 0.026  0.058 0.186™ 0.154™ 0.048 0.010 =

'p < 0.05; "p < 0.001.

BMI, body mass index; SAT, subcutaneous adipose tissue; FF, fat fraction,

adipose tissue.

; VAT, visceral adipose tissue; V/S, visceral/subcutaneous adipose tissue area ratio; pPAT, preperitoneal
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MRI-acquired fat measurements

Continuous cardiometabolic risk factors

Systolic BP Diastolic BP FPG TG TC HDL-C LDL-C
SAT area 0.126* 0.128* 0.124* 0.177* 0.042 -0.203"* 0.060
SAT FF -0.010 0.087 0.083 0.106 0.027 -0.120* 0.052
VAT area 0.150* 0.207** 0.285" 0.210™ 0.124* -0.185* 0.154*
VAT FF 0.019 0.001 -0.038 -0.027 -0.100 -0.064 -0.079
VIS 0.088 0.081 0.205* 0.064 0.050 -0.081 0.068
Hepatic FF 0.099 0.140* 0.168* 0.306™ 0.148* -0.104 0.156"
Pancreatic FF 0.081 0.097 0.245* 0.183* 0.045 -0.193* 0.071
Intramuscular FF 0.108 0.086 -0.021 0.030 0.020 -0.068 0.031
pPAT area 0.048 0.043 0.099 0.071 0.013 0.020 0.022
pPAT FF 0.096 0.118* 0.122* 0.174* 0.045 -0.101 0.032

'p < 0.05; *p < 0.001.

BMI, body mass index; SAT, subcutaneous adipose tissue; FF, fat fraction; VAT, visceral adipose tissue; V/S, visceral/subcutaneous adipose tissue area ratio; pPAT, preperitoneal adipose
tissue; BP, blood pressure; FPG, fasting plasma glucose; TG, triglycerides; TC, total cholesterol: HDL-C, high-density lipoprotein cholesterol: LDL-C, low-density lipoprotein cholesterol.
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Risk factors. Effect size SAT area SAT FF. VAT area VAT FF. vis Hepatic FF. Pancreatic FF Intramuscular FF pPAT area PPAT FF
Systolc B MV B(95% C) < = 0.025(0.008, 0.046) = 1823 (0.245, 3.401) = = = B =
paake - - 0028 - 0024 - = - = -
ey BE5%0) - - - - - - - - - -
e - - - - - - - - - -
Destolc B8P MV BEs%0) - - 0018(0005, 0.030) - - - - - - -
pae - - 0006 - - - - - - -
e BEs%0) - - - - - - - - - -
Pl - - - - - - - - - -
FPG® M B(e5% CI) 0.004 (0.001, 0.007) = 0.005 (0.008, 0.007) tor 0.178(0.022, 0.333) 0,080 (0.037, 0.122) 0.083 (0.011, 0.085) o = 0,016 (0.000, 0.032)
P 0017 z <0001 < 0025 <0001 0003 = - 00i8
MV+BMI B(95% CI) - * 0.003 (0.001, 0.006) - - 0.048 (0.003, 0.093) - = = -
e = - 0006 - - 00% - = - =
e My B(95% CI) 0.004 (0.001, 0.006) - 0.003 (0.001, 0.004) - - 0.080 (0.053, 0.108) 0.020 (0.007, 0.033) - - 0017 (0.007, 0.028)
s 0002 = <0001 - = <0001 0002 & - 0002
MVABMI B(95% CI) g e 0.002 (0.000, 0.003) = =: 0.068 (0.038, 0.098) o - = 0013 (0.002, 0.024)
paae z = 0031 z z <0001 z = z 0016
To? mw BE5% ) - - - - - 0038 (0006,0.070) - - - -
e - - - - - 0020 - - - -
ey Bes%0l) 5 2 7 & = 003 0.0060.070) & 2 7 <
e - - - - - 0020 - - - -
HOL-C* mw B(95% CI) ~0.002(-0.008, -0.001)  -0.009 (-0.018, -0.001)  ~-0.001 (~0.002 ~0.001) 3 - -0014(-0.164, -0018)  -0.009 (-0.014, -0.0014 - - -
e <0001 [ <0001 - - 0015 o0 - - S
e BES%C)  -0002(-0003, -0.001) - 0001 (0002 -000) - = = = = 7 z
pale <0001 - <0001 o = - = - - N
oLc? w BEs%0) - - 0001 0,000, 0.008) - - 0033 0008, 0.068) - - - -
paae - - 0018 < - 0009 = = E =
MsBM B@55% O) - - 0001 0.000, 0.008) - - 0033 0008, 0.068) - - - -
e - - 0018 - - 0008 - - - -

Blank cels ndicale that the MA-acquired ft depots were not sekcted using the forward selection regression procedue.

"MV model inciuded the olowig covarates: age, sex, smoking status, cuTent alcoholuse, family history of cardometaboli ik factors, and pastmenopausal status (women only). BM! was acditonaly adfusted for in the modes beled MBI model”

*Antihypertensive treatment was included as a covarate for systolc and dlastofc blood pressure modst
“Diabetes treatment was includod as a covariale fo the fasting plasma glcose model

“Lipe-bwening treatment was inclided as  covarite for TG, TC, HDL-C, and LDL-C modes.

BM, body mass index; SAT, subcutaneous adipos tsue; FF, fatfraction; VAT, visceraladipose tissus; VIS, visosralfsuboutaneous adipass tissue area raio; pPAT, prepertonal acipose tssue; BP, bood pressure; FPG, fasting plasia glucose; TG, tighverides; TC, total cholesterol: HDL-C, high-densty
Booish cholbelerot LDL-C: fow-crally ociorotai chiclesterl
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Subjects 57

T2D 10/57
Gender 70.2% females (40/57)
Age 44.0 (22 - 70)
BMI (kg/m?) 41,5 (31.1 -57.4)
Glucose (mmol/L) 5.70 (4.70 - 8.10)
Insulin (mIU/L) 15.1 (3.20 - 50.5)
C-peptide (nmol/L) 1.31 (0.480 - 2.74)
HbA1c (mmol/mol) 37.0 (26.0 - 54.0)
HOMA-IR 1.98 (0.415 - 6.62)
Total cholesterol (mmol/L) 4.70 (2.50 - 6.40)
HDL-C (mmol/L) 1.10 (0.500 - 2.80)
LDL-C (mmol/L) 3.10 (1.10 - 4.30)
Triglycerides (mmol/L) 1.32 (0.530 - 5.94)
CRP (mg/L) 4,00 (0.240 - 25.0)

Data are given as median (range), T2D, type 2 diabetes; BMI, body mass index; HOMA-IR,
homeostatic model assessment of insulin resistance index; LDL-C, low-denstty lipoprotein
cholesterol: HDL-C, high-density lipoprotein cholesterol: CRP, C-reactive protein
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Subjects 23

Gender 78.2% females (18/23)
Age 35.0 (22 - 64)
BMI (kg/m?) 42.1 (29.3 - 54.0)
Glucose (mmol/L) 5.50 (4.40 - 10.9)
Insulin (MIU/L) 13.5 (3.50 - 36.2)
C-peptide (nmol/L) 0.95 (0.040 - 1.58)
HbA1c (mmol/mol) 34.0 (27.0 - 62.0)
HOMA-IR 1.74 (0.531 - 4.57)
Total cholesterol (mmol/L) 4.20 (3.00 - 7.40)
HDL-C (mmol/L) 1.20 (0.800 - 1.60)
LDL-C (mmol/L) 2.70 (1.50 — 5.30)
Triglycerides (mmol/L) 1.19 (0.650 - 2.03)
CRP (mg/L) 6.00 (1.00 — 34.0)

Data are given as median (range), T2D, type 2 diabetes; BMI, body mass index; HOMA-IR,
homeostatic model assessment of insulin resistance index; LDL-C, low-density lipoprotein
cholesterol: HDL-C, high-density lipoprotein cholesterol: CRP, C-reactive protein.
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Reference Groupings Diet types/Intervention Samples Results (compared to the control group)
Zhang Y et al. (65, 66) ATG7~~ transgenic C57BL/6 mice HFD (60 kcal% fat) for 8 w beginning at 8 w of age Gonadal WAT  B-oxidation, basal physical activity, LC3-l,
P62 1; Lipolysis, leptin, trilyceride, cholesterol |; Absence of
LC3-Il
Yoshizaki et al. (12) GFP-LC3 transgenic C57BL/6 mice NCD (13.5% fat) or HFD (60% fat) for 16 w beginning at 8 w of age  Epididymal AT LAMP1, LAMP2, and ATGS5 |; LC3-Il, MCP-1, IL-6, and IL-18 1
Mueller et al. (67) P62 transgenic C57BL/6 mice NCD (5.6% fat) or HFD (58% keal fat) BAT Impaired mitochondrial function; Activation of p38 targets |
Liu Y et al. (68) Bif-17/~ and wildtype transgenic NCD (18% kcal from fat) or HFD (55% kcal from fat) at 6 wof age  WAT P62, LC3-I/LC3 1; Bif-1, ATG9a, LAMP1 |
C57BL/6 mice
Mizunoe Y et al. (69) Ob/ob and wild-type C57BL/6 mice NCD (10% keal from fat) or HFD (60% kcal from fat;) for 4 w Epididymal AT  Obese AT: CTSB, LC3-ILC3-Il, P62 1:CTSL |; ATGS5 and
beginning at 6 w of age Beclint unchanged
Nunez CE etal. (70)  Male Swiss mice NCD (10% kcal from fat) or HFD (60% kcal from fat;) for 8 w Epididymal AT Beclin1, P62, CHOP, phospho-JNK 1; Phospho-mTOR |

beginning at 4 w of age

AT, adipose tissue; WAT, white adpose tissue; BAT, brown adipose tissue; NCD, normal chow diet; HFD, high fat diiet; T2D, type 2 diabetic; TNF, tumor necrosis factor; IL, interleukin; CTSB, cathepsin B; CTSL, cathepsin L; LAMP, lysosomal

associated mambrane proin.
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Reference Groupings Diet types/Intervention Samples Results (compared to the control group)
Nunez CE et al. (70) 9 obese-nondiabetic and 6 obese-  Bariatric surgery Subcutaneous AT Body mass, Bediint, autophagosomes, TNF-1a, IL6, IL-1 |
diabetic subjects
Camargo A et al. (72) 39 obese subjects with metabolic Four dieting models: HSFAD, HMUFAD, LFHCCD Subcutaneous AT HMUFA diet: Beclin1 and ATG7 1; LFHCC and LFHCC n-3 diet: Caspase-3,
syndrome with longchain n-3 polyunsaturated fatty acids (n- Caspase7, HOMA-IR 1
3) or placebo (LFHCCD) for 12w
SoussiHetal. (16)  Middle-aged obese or overweight  Bariatric surgery Suboutaneous AT Obese adipocytes: P62 1; barely detected LC3-1l with lysosome inhibitor;
subjects Nonobese adipocytes: LC3-ll accumulation with lysosome infibitors 1
Jansen HJ etal. (1) Healthy lean and obese subjectsat  ~ Visceral and LCB-1I 1; posttively correlated with systemic insuiin resistance and morphological

Kosacka J et al. (13)

Kovsan, J et al. (17)

age of 30-70 years old

60 lean and obese subjects with (n
= 20) or without T2D (n = 20)

Obese and nonobese subjects

Open abdorminal surgery (cholecystectomy,
abdominal heria, gastric sleeve, Roux-enY
gastric bypass surgery or explorative laparotomy)
Elective abdominal surgery (bariatric surgery or

cholecystectomy)

subcutaneous AT

Visceral and
subcutaneous AT

Omental and
subcutaneous AT

characteristics of AT inflammation; Obesity with 3-methylalanine: proinflammatory
gene expression, IL-1p, IL-6, IL-8 1

Obesity with T2D: autophagy, apoptosis, LC3 ratio, TNF-a, IL-1B, IL-6, IL-10 1;
IL-10 J; Lean and nondiabetic: LC3 cannot detect in AT

ATGS, LC3-1 and LC3-I were higher in Omental AT than subcutaneous AT
among obese subjects, with intraabdominal fat accumulation; Obesity with
lysosome inhibitors: autophagy genes, autophagosomes, autophagic flux 1

AT, adlpose tissue; WAT, white adpose tissue; T2D, type 2 diabetic; TNF, tumor necrosis factor; I, interleukin; HSFAD, high-saturated fatty acid diet; HMUFAD, high-monounsaturated fatty acid diet; LFHCCD, low-fat, high-complex
carbohycrate dists: HOMA-IR, homeostatic model sssessment for insulin resisiance; CTSB, cathepsin B: CTSL. cathepsin L: LAMP, heosomal associated membrans proted.
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Adipose tissue Leipzig cohort

Sorbs cohort

Total
N 63
sex (m/f) 16/47
T2D (yes/no) 14/49
age (years) 53+ 16
BMI (kg/m2) 36.1+13.9
visceral fat area (cm?) 164 + 128
subcutanoues fat area 583 + 635
(em?)
CT-ratio (vis./subc. fat 0.62 + 0.51
area)
Waist (cm) 104 + 30
Hip (cm) 109 + 24
Waist-to-hip ratio 0.95 +0.15
body fat % 35.44 + 13.87
Fasting Plasma Glucose 5.86 + 1.31
(mmol/l)
Fasting Plasma Insulin 94.70 + 141.1
(pmol/l)
HbA1c % 5.71 £ 0.66

HDL Cholesterol (mmol/l) 1.33 £ 0.39
LDL Cholesterol (mmol/l) 3.28+1.29
Triglycerids (mmol/l) 119+ 05

Lean Obese
23 37
7me 7/30
1/22 13/24
65+ 11 45 £ 13
22817 451 +11.2
66 + 88 252 + 94
100 + 232 1016 + 570
0.95 + 0.59 0.33 £ 0.22
78 £17 126 £ 21
89+ 10 126 + 18
0.88 +0.11 1.01 +0.15
21.66 + 7.52 43.75 + 9.87
5.47 £1.01 6.16 + 1.45

22,64 +65.53 14852 + 168.75

5.28 £ 0.29 6.03 + 0.67

1.6 +£0.47 117 £0.25
2.78 +1.00 3.63 +1.39
1.01+0.28 1.37 £0.57

N per trait
(total/lean/
obese)

63/23/37
63/23/37
55/23/29
55/23/29

55/23/29

54/22/29
54/22/29
54/22/29
43/14/27
63/23/37

32/5/26

61/23/35

47/16/28

48/17/28
31/12/2017

Total Lean
1049 387
418/617 114/273
106/900 12/365
48 + 16 39+ 15
269+ 4.9 223+17
na. na.
na. na.
na. na.
90.9 + 14 78+8
104 +9 97 +6

087+0.10 0.81+0.08
21.45+9.54 14.96 +5.36
555+120 506 +0.69

42.39+27.96 31.21 +18.55 62.96 + 36.18

na. na.
1.63 + 0.40 1.83+0.39
337+096 295+091
131+088  0.96+0.53

Obese

232
86/146
57/169
58 £ 13
34+38

na.

na.

na.

107 £ 12
15+9
0.93 +0.09
32.86 + 9.31
6.28 + 1.64

na.
149+ 0.36
3.56 + 0.90
1.72+1.10

N per trait
(total/lean/
obese)

1035/387/232
1022/387/232
na.
na.

na.

1012/377/230
1005/387/226
1002/376/226
1008/380/226
1021/382/229

1025/385/228

na.
1006/377/226
1006/377/226
1006/377/226

All data are shown as mean + S.D. (standard deviation). N, Number of subjects; T2D, diagnosed type 2 diabetes; BMI, body mass index (WHO classification: lean>18; <25 kg/m?; <30 kg/

m2obese= 30 kg/m?);

, not available; m, male; f, female.
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Obesity class | (n = 24) Obesity class Il (n = 19)

Obesity class Il (n = 4)

OR (95% CI) p value OR (95% CI) p value OR (95% CI) p value
Stroke 1.08 (1.05-1.12) 7.4x10° 1.05 (1.02-1.08) 7x10* 1.00 (0.94-1.06) 0.96
ICH 1.05 (0.80-1.37) 075 1.07 (0.88-1.32) 0.49 0.96 (0.76-1.31) 0.81
LICH 1.10 (0.81-1.51) 0.58 1.01 (0.80-1.28) 0.94 0.96 (0.73-1.25) 0.74
NLICH 1.06 (0.78-1.45) 0.70 1.19 (0.91-1.55) 0.21 1.02 (0.72-1.46) 0.89

ICH, intracerebral hemorrhage; LICH, lobar intracerebral hemorrhage; NLICH, non-lobarintracerebral hemorrhage; IVW, inverse-variance weighted method.

All values which are lower than 0.05 are marked in the bold font, indicating that they are statistically significant.
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Cochran’s Q

20.7
26.5
23.2
35.5
35.7
31.1
24.3
28.7
23.2
23.0
17.8
16.8
39.5
21.2
15.3
29.4
6.39
4.21
8.52
179
4.82
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213
6.38

HT (p)

0.84
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0.29
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0.66
0.00
0.15
0.57
0.05
017
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-0.0001
-0.0017
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0.0034
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0.0040
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-0.0020
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0.0317
0.0828
-0.0220
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-0.0890
0.0388
-0.0235
-0.1036
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-0.0770

PT ()

097
0.74
0.49
0.35
0.39
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0.55
0.94
0.25
091
0.23
0.54
0.16
0.37
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GT (RSSobs)
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39.9
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29.1
33.6
24.8
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5.81
1.9
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0.00
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IS, ischemic stroke; LAS, large artery stroke; CES, cardioembolic stroke; SVS, small vessel stroke; ICH, intracerebral hemorrhage; LICH, lobar intracerebral hemorrhage; NLICH, non-lobar
intracerebral hemorrhage; SNP, single-nucleotide polymorphism; IVW, inverse-variance weighted; WME, weighted median estimation; MR-PRESSO, MR pieiotropy residual sum and

outlier: HT, heterogeneity test; PT, pleiotropy test; GT, MR-PRESSQO global test.
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Gene N SAT OVAT p-value

Mean SD of Mean Mean SD of Mean

m6A writers

METTL3 46 0.0333 0.01434 0.0427 0.02628 0.001
METTL14 46 0.0277 0.01165 0.0335 0.01681 0.012
WTAP 46 0.1485 0.12453 0.1218 0.07448 ns
VIRMA 46 0.0527 0.02732 0.0542 0.02878 ns
m6A erasers

FTO 46 0.0705 0.0724 0.0769 0.07478 ns
ALKBH5 46 0.0818 0.05545 0.0852 0.05669 ns
m6A readers

YTHDF1 46 0.0286 0.01545 0.0273 0.01374 ns
YTHDF2 46 0.1382 0.16016 0.1298 0.11158 ns
YTHDCH1 46 0.0656 0.03214 0.0696 0.03237 ns
IGF2BP2 46 0.0318 0.01897 0.0275 0.01739 ns

P-values were calculated using Wilcoxon signed rank test for non-normally distributed variables. WHO classification: lean >18; <25 kg/m?; overweight >25; <30 kg/m?: obese=> 30 kg/m?;
SD, Standard deviation; SAT, Subcutaneous adipose tissue; OVAT, Omental visceral adipose tissue; n.s., not significant.
P-values < 0.05 are highlighted in bold.





OPS/images/fendo.2021.778875/table5.jpg
m6A writors:

METTL14
wiaP.

m6A orasers

ABHS
meA readers
VTHOF
THOR2
YTHORS.
YTHOG!

GF28P2

ILMN_1655635
ILVN 22124523
11 LVN 2279309
2 ILMN_2260725.
3 1LV 2356559
1M 1734544
5 IMN_ 1657618,

1LV 2268070
1LV 1657283

LN 1753885
ILMN_ 1730658
ILVN_ 1657470
1ILVN_ 1666111
2 ILMN_ 1670878
3 ILMN_ 1707506,
ILMN_ 1702447

Loan/Oboso

seo22r
se22r
ezt
se2227
ez
82227
82227

se222r
82227

ez
se22r
282226
82227
80227
82227
82227

6470573
6526426

749235
1200184

9568109
9570496
854815t
6836007
5974073
11.429733
8156621

S0 of Mean

0575872
02171319
02106417
02282255
03160053
02853549
0200839

02140247
0602151

0.791507
02648815
02412513
04142519
0.1735351
02175878
03614102

Mean

873174
714258
939891
652325
652075
646308
647508

7.48991
120582

05400
958526
849755
686563
598658
11.4067
815192

Obese

D of Moan

oa787329
02602073
0254263
02277159
oai2121

02061954
0288195

02792386
01638926

01562598
0276172
01097418
04287415
01075560
0222501
03238712

pvalue

ns
ns

ns
580x10°

0089
0005
ns
ns
ns

Pvaos worocatuitod using pencdnt 1ot for nrmady bt varabis, 1HO Gasicaton: oan 16: <253/ 0vemuoght 225: S0kg/ 0basa: S0kg/: S0, St

s a3 20l Sonlbast Aagkiss < G55 a Mbted it ot





OPS/images/fendo.2022.859044/crossmark.jpg
©

2

i

|





OPS/images/fendo.2022.859044/fendo-13-859044-g001.jpg
‘ APC
PDGFR:
cDnggh

PDGF

R
CDYHish
ol

White Adipocyte

PPARy
actlvator VEGF

PDGFRB; ||
(I






OPS/images/fendo.2021.778875/table3.jpg
Gene

m6A writers
METTL3
METTL14
WTAP

VIRMA

m6A erasers
FTO

ALKBH5
m6A readers
YTHDF1
YTHDF2
YTHDF3
YTHDC1

IGF2BP2

Probe

ILMN_1655635
ILMN_22124523
1: ILMN_2279339
2: ILMN_2260725
3: ILMN_2356559
4: ILMN_1734544
5: ILMN_1657618
ILMN_1813635

ILMN_2288070
ILMN_1657283

ILMN_1753885
ILMN_1730658
ILMN_1657470
10 ILMN_1666111
2: ILMN_1670878
3: ILMN_1707506
ILMN_1702447

41
M
4
4
4
4
40
A

4
4

40
41
41
4
4
4
4

SAT OVAT

Mean SD of Mean Mean SD of mean
-0.01387 0.063791 0.02829 0.093343

0.0006 0.046264 0.00673 0.051285
0.02405 0.115028 -0.02073 0.110101
0.00559 0.053769 -0.00879 0.071324

0.0044 0.075411 -0.00279 0.054819
0.02897 0.082764 -0.0077 0.09224
-0.01555 0.071808 0.00402 0.084863
0.01375 0.076048 -0.0173 0.067723
0.03308 0.05702 -0.02831 0.068946
0.00433 0.038695 0.00376 0.041619
-0.00949 0.04035 0.00177 0.050554
0.01221 0.057429 -0.00354 0.057748
0.0049 0.0515 0.0062 0.05516
0.02307 0.067122 -0.00951 0.08985

0.005 0.066725 -0.00409 0.070425
-0.02831 0.063662 0.00131 0.07475
-0.01219 0.122958 -0.00586 0.152985

p-value

0.014°
ns®

0.031°
n.s®
n.s®

0.022°
n.s®

0.002°

2.257x10™
ns®

n.s®
ns*
ns®
0.047%
ns*
0.045%
ns*

P-values were calculated using a) paired t-tests for normally distributed variable and b) Wilcoxon signed rank test for non-normally distributed variables. WHO classification: lean >18; <25
kg/m?; overweight >25; <30 kg/m?; obese= 30 kg/m? N (lean/overweight/obese)=12/1/28; SAT, Subcutaneous adipose tissue; OVAT, Omental visceral adipose tissue; SD, Standard
deviation; n.s., not significant.

P-values < 0.05 are highlighted in bold.





