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Editorial on the Research Topic 


Omics Solutions for Endocrine Disorders


Multifactorial processes contribute to the development of endocrinological disorders such as diabetes, polycystic ovary syndrome (PCOS) and some carcinomas. Frequently, standard clinical tests are insufficient for proper diagnosis and treatment. Therefore, strategies providing further insight into endocrinological disorders that support the clinical pipeline are required. Recently, omics technologies such as genomics, transcriptomics, proteomics, metabolomics and lipidomics have been introduced into the field of complex disorders to improve diagnostics and treatment (Figure 1). This special edition highlights the use of omic technologies in endocrinological disorders, including diabetes and its comorbidities, as well as obesity and PCOS, further emphasizing their potential to be implemented into the clinical pipeline. What this special edition also emphasizes is the differing methodology available for each of the “omic” approaches that may not be directly comparable, one example being in proteomics where some groups use aptamer-based technology whilst others may use mass spectroscopy, and therefore the need for standardization.




Figure 1 | The scope of Integrative Omics.



Hu et al utilized whole-exome sequencing and transcriptome sequencing (RNA-seq) of

41 patients with parathyroid adenomas, confirming mutations in the adenomas and, additionally, identified the somatic mutation of EZH1. Subsequent RNA-seq data clustering analysis identified factors that could contribute to the parathyroid adenoma gene expression profile and may contribute to a clinically useful diagnostic panel if replicated in a larger cohort.

The value of an “omics” approach to therapeutic efficacy was undertaken by Martin et al in a model of diabetic kidney disease. Here, the authors looked at the medications that would activate tubular fatty acid oxidation following an animal model of bariatric surgery (Roux-en-Y) using transcriptomic and urinary metabolomic profiling. Medication-specific transcriptomic responses following Roux-en-Y surgery were explored using a network pharmacology approach. Their integrative multi-omic analyses suggested fenofibrate, as an agonist of peroxisome proliferator activated receptor-alpha (PPARa)-stimulated fatty acid oxidation, had potential utility in a combinatorial approach for the treatment of diabetic kidney disease in the setting of obesity. These interesting data need replication and clinical evaluation in human disease and may contribute to future progress in the treatment of diabetic kidney disease.

A further contribution to diabetic kidney disease was provided by Wang et al. This study was conducted in a human renal proximal epithelial tubular cell line with the aim to investigate molecular pathways contributing to glucose homeostasis under lactate dehydrogenase inhibition (oxamate), which was shown previously to modulate glucose metabolism by impacting mitochondrial respiration. The authors identified 3,884 genes there were significantly altered in the cell line under oxamate treatment and they linked those alterations with mitochondrial biogenesis and mitophagy which, when prolonged, compromises stress resistance. These data may indicate a molecular survival pathway in these cells, but replication in primary human tissue is required to indicate whether this may have potential clinical relevance.

Further insights into insulin resistance (IR) were provided by Yang et al. who utilized a proteomic approach to determine molecular dysregulations in white adipose tissue (WAT), liver and skeletal muscle of mice in which IR was induced with a high fat diet. A network-based approach was developed to explore IR-related tissue communications. Tissue specific insulin resistance networks were constructed with functional analysis of the cross-tissue interface. The results of this analysis suggested that the liver is a key player in insulin resistance as the liver was the only tissue expressing abnormal glucose metabolic signals. Moreover, the authors identified the CD36–PPAR axis in liver and WAT and verified it as a bridge that links cross-tissue signals with intracellular metabolism, potentially contributing to IR. Whilst there are limitations to this approach (animal model, static experiments, no other validation studies in the literature), the importance to humans may be in the relevance of the mechanisms of central IR and thus future molecular therapeutic approaches.

Diboun et al. utilized metabolomics in pregnant women in their second trimester with and without polycystic ovary syndrome (PCOS) and showed that women with PCOS had lower birthweight babies marked by a unique metabolic signature of specific triglycerides that, if confirmed in a larger population, may have diagnostic relevance in these patients.

Ding et al. also used metabolomics to investigate perimenopausal obesity compared to non-obese women in a Chinese population. In total, forty-six different metabolites were identified that may be useful as a metabolic signature to identify women at risk for perimenopausal obesity. Moreover, the authors linked those metabolites to dysfunction in dimethylarginine dimethylaminohydrolase (DDAH)/asymmetric NG, NGdimethyl−L−arginine (ADMA)/nitric oxide synthase (NOS)/nitric oxide (NO) signaling pathway related to the onset of cardiovascular disease. Nevertheless, replication studies in larger populations and in different ethnic backgrounds would be required to further translate this finding into clinical settings.

Continuing to focus on obesity, Joshi et al. used a bioinformatic approach to identify differentially expressed genes relevant for obesity that potentially could serve as therapeutic targets. The authors established databases from the available gene expression datasets and translated them into protein-protein and miRNA regulatory networks to identify key hub genes for obesity. Further, the authors identified, through bioinformatics analysis combined with validation genes, STAT3, CORO1C, SERPINH1, MVP, ITGB5, PCM1, SIRT1, EEF1G, PTEN and RPS2 as critical components in the development and prognosis of obesity; those genes could be probed as potential drug targets.

The importance of advanced bioinformatic approaches was also shown by Tsai et al. who deployed whole genome and chromatin immunoprecipitation sequencing data to provide further insight into osteoporosis. The authors investigated the association between RUNX2, a key molecule for osteoblast development, and functional SNPs to find factors contributing to osteopenia/osteoporosis and identified SNP rs6086746 (located upstream of the PLCB4 gene) as one of the factors involved in the etiology of osteopenia/osteoporosis. This study enhances the current understanding of the susceptibility to osteoporosis and further suggests the role of PLCB4 regulation in osteoporosis.

Overall, this series has highlighted that the “omic” approach yields powerful and extensive data for each of the areas explored and can provide further insight into disease etiology and disease progression as well as highlighting molecular targets for their treatment. However, there are significant challenges that must be addresses going forward. These include comparability of methodologies applied to describe each “omic”, strategies enabling integration of multi-omics, standardization of quality control, which will have to be applied to make the results reported readily comparable to one another and to clinical parameters. Moreover, there is a need to translate the findings into the clinical pipeline that will require investment of effort and resources into future clinical studies that implement multi-omic platforms. Thus, if we view human “omics” as a carpet with a complex interwoven pattern, then we appear to still be looking at the underside and thus are only seeing a few threads.
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Purpose

Hyperparathyroidism is the third most common endocrine disease. Parathyroid adenoma (PA) accounts for approximately 85% of cases of primary hyperparathyroidism, but the molecular mechanism is not fully understood. Herein, we aimed to investigate the genetic and transcriptomic profiles of sporadic PA.



Methods

Whole-exome sequencing (WES) and transcriptome sequencing (RNA-seq) of 41 patients with PA and RNA-seq of 5 normal parathyroid tissues were performed. Gene mutations and characterized expression changes were identified. To elucidate the molecular mechanism underlying PA, unsupervised consensus clustering of RNA-seq data was performed. The correlations between the sequencing data and clinicopathological features of these patients were analyzed.



Results

Previously reported PA driver gene mutations, such as MEN1 (9/41), mTOR (4/41), ZFX (3/41), CASR (3/41), EZH2 (2/41) and FAT1 (2/41), were also identified in our cohort. Furthermore, somatic mutation of EZH1, which had not been reported in PA, was found in 4 samples. RNA-seq showed that the expression levels of 84 genes were upregulated and 646 were downregulated in PA samples compared with normal samples. Unsupervised clustering analysis of RNA-seq data clustered these patients into 10 subgroups related to mutation or abnormal expression of a group of potential pathogenic genes.



Conclusion

MEN1, EZH2, CASR, EZH1, ZFX, mTOR and FAT1 mutations in PA were revealed. According to the RNA-seq data clustering analysis, cyclin D1, β-catenin, VDR, CASR and GCM2 may be important factors contributing to the PA gene expression profile.





Keywords: parathyroid diseases, hyperparathyroidism, high-throughput, nucleotide sequencing, gene expression profiling



Introduction

Primary hyperparathyroidism (pHPT) is a common endocrine disorder with an incidence of approximately 66 and 25 per 100000 person-years among women and men, respectively (1). It was reported that the prevalence of pHPT was as high as 2.1% in postmenopausal women (2). The parathyroid tumor tissue secretes excessive parathyroid hormone, which results in hypercalcemia and related complications, such as osteoporosis, bone fracture, urolithiasis and renal failure. Parathyroid adenoma (PA) accounts for approximately 85% of pHPT. The genetic mechanisms of PA are not fully known, even though tremendous efforts have been made in previous studies. In PA with a hereditary background, the most well-known driver gene of PA was multiple endocrine neoplasia type 1 (MEN1). Other possible driver genes for hereditary pHPT include RET in MEN-2, CDKN1B in MEN-4, CDC73 in hyperparathyroidism-jaw tumor syndrome, GCM2 in familial isolated pHPT, CASR in familial hypocalciuric hypercalcemia type 1, GNA11 in familial hypocalciuric hypercalcemia type 2, and AP2S1 in familial hypocalciuric hypercalcemia type 3. For sporadic PA, somatic mutation of MEN1 was identified in approximately 35% of cases (3). Mutation of CCND1 or overexpression of cyclin D1 was found in 30% of sporadic PA cases. Other genes, such as CASR, EZH2, CDKI, and CTNNB1, may also contribute to the tumorigenesis of PA. However, the driver genes could still not be identified in a substantial proportion of sporadic PA.

Several studies have explored the molecular mechanism of PA with next-generation sequencing (NGS) technologies, such as whole-exome sequencing (WES) or transcriptome sequencing (RNA-seq). In 2018, Wei et al. (4) used WES to explore genetic abnormalities in 20 specimens of PAs. In 2019, Chai et al. (5) performed RNA-seq to compare the differentially expressed genes (DEGs) between 10 PA and 5 normal parathyroid (PaN) samples, and 8 hub molecules, including RPL23, RPL26, RPN1, RPS25, SEC11A, SEC11C, SEC61G and SPCS2, were identified. All these previous studies focused on one platform for tumor genome profiling. However, a multiplatform NGS analysis combined with WES and RNA-seq provides a more comprehensive view of the genetic landscape. RNA-seq is adept for identifying gene expression changes, gene fusions and alternative splicing, while WES is good at detecting copy number variants and gene mutations with low expression levels. With the corresponding RNA-seq data, the functional effects of genetic variants from WES can be interpreted with confidence.

Here, we performed concomitant WES and RNA-seq in 41 PA samples to identify related genetic variants and the consequent transcriptomic changes. The somatic mutations and DEGs were identified, and integrated analysis was employed. Based on RNA-seq data, unsupervised clustering with consensus clustering was applied to classify the patients, and the possible underlying molecular mechanism was explored.



Materials and Methods


Patients and Specimens

A total of 41 samples of PA were selected randomly from the tissue bank of parathyroid tumors in the present study. These patients received operations from 2013 to 2019 at Peking Union Medical College Hospital, a tertiary referral university hospital. All the patients had a single PA without a history of multiple endocrine neoplasia, familial hyperparathyroidism syndrome or neck irradiation. The diagnosis of PA was made pathologically according to the WHO 2017 criteria (6). During the operation, the tumor specimens were collected from the central portion of the tumors to avoid contamination from adjacent tissues. Then, the specimens were immediately immersed in RNAlater (Ambion Inc., USA) solution at 4°C and stored at -80°C until use. The peripheral blood samples were collected, and white blood cells (WBCs) were stored at -80°C. Tiny PaN tissues were incidentally obtained from 5 patients with normal parathyroid function during surgery for thyroid diseases. The clinical data, including age, sex, imaging results, biochemical results and pathological evaluation, were collected. Follow-up data was obtained by reviewing outpatient records and telephone interviews. This study was approved by the Institutional Ethics Review Board of Peking Union Medical College Hospital (S-K836).The written informed consent was obtained from all the participants.



WES and WES Data Analysis

Genomic DNA was extracted from tumor and WBC samples with a DNeasy Blood & Tissue Kit (QIAGEN, Germany). A total of 0.6 μg of DNA per sample was used to prepare the DNA libraries with the Agilent SureSelect Human All Exon V6 Kit (Agilent Technologies, CA, USA). Then, the DNA libraries of each sample were sequenced with the Illumina HiSeq platform, and 150-bp paired-end reads were produced. Low-quality reads and reads containing adapter contamination were filtered. With Burrows-Wheeler Aligner (BWA) software, valid sequencing reads were mapped to the reference human genome (B37). Samtools, ANNOVAR, 1000 Genomes and other related databases were used to identify and annotate SNPs and insertions and deletions (InDels). The somatic single-nucleotide variant (SNV) was detected by MuTect, and the somatic InDel was detected by Strelka (7, 8). Somatic variants in the segmental duplication or with a frequency > 0.01 in the 1000 Genomes Chinese database were excluded for further analysis. The copy number variant was identified with Control-FREEC (9). The significantly mutated genes (SMGs) were identified by MuSiC software (10).



Transcriptome Sequencing and RNA-seq Data Analysis

RNA was extracted from tissue samples with TRIzol™ Reagent (Invitrogen, USA). A total of 2 μg of RNA per sample was used to generate sequencing libraries with the NEBNext® UltraTM RNA Library Prep Kit for Illumina® (NEB, USA). RNA-seq was completed on an Illumina HiSeq platform, and 150-bp paired-end reads were produced. Paired-end clean reads were aligned to the reference genome using HISAT2 v2.0.5. HTSeq was used to count the reads mapped to each gene, and the fragments per kilobase of transcript sequence per million base pairs sequenced (FPKM) value was calculated based on the length of the gene and the read count mapped for each gene. Gene set enrichment analysis (GSEA) was used for functional enrichment analysis of DEGs, including Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses (11). Gene fusion was identified by STAR-Fusion (12). The expression network analysis based on the DEGs was performed using the OmicStudio tools (https://www.omicstudio.cn/tool). For each pair of analyzed DEGs, the Pearson correlation coefficient was greater than 0.95 (p<0.001).



Integrative WES and RNA-seq Analysis

To explore the possible molecular mechanism underlying PA, unsupervised clustering of RNA-seq data was performed with the R package ConsensusClusterPlus. Consensus clustering was used to aid in discovering the optimal class. The number of clusters was selected according to the delta area plot and consensus cumulative distribution function (CDF) plot. Furthermore, the clustering results were explored with the features of the expression profile and genes in each cluster. The flowchart of data analysis was shown in Figure S1.



Statistical Analysis

Continuous parameters are shown as the mean ± standard deviation (SD), and discrete data are reported as numbers or corresponding percentages. Differences in variables between groups were evaluated with the Mann-Whitney U test. Fisher’s exact test was used to compare the categorical data. A two-sided p-value < 0.05 was set as the threshold for statistical significance. All statistical analyses were performed with SPSS version 16.0.




Results


Clinical Characteristics of Patients With PA

A total of 41 patients were enrolled in the present study (Figure 1A). The average age at diagnosis was 53.9 ± 10.8 (28–72) years. An obvious female predominance was revealed, with a female-to-male ratio of 30:11. The average serum levels of iPTH and Ca were 633.7 ± 628.1 (67.1-2309.2) pg/ml and 3.01 ± 0.37 (2.53-4.06) mmol/L, respectively.




Figure 1 | Heatmap of clinical features (A), significantly mutated genes (B) and differentially expressed genes (C) among 41 patients with parathyroid adenoma. Samples were clustered based on RNA-seq data by unsupervised clustering with the ConsensusClusterPlus package. Sample numbers are shown below the corresponding columns. In part (C) the logarithm of fold change in gene expression compared with the expression levels in normal parathyroid tissue is visualized by color intensity. Upregulation and downregulation of gene expression are represented by red and blue, respectively. iPTH, serum intact PTH level (12-67 pg/ml); Ca, serum calcium level (2.13-2.70 mmol/L); P, serum phosphorus level (0.81-1.45 mmol/L); ALP, alkaline phosphatase (35-100 U/L); BMI, body mass index; Diameter, maximum diameter of the tumor (cm).





Gene Mutations and Copy Number Variations With WES

For WES, we achieved a mean sequencing depth of 294× and 140× for the tumor and WBC control, respectively. Thereinto, 91.4% of the exome in tumors and 80.1% of the exome in WBC controls was sequenced with a depth of >50×. According to our filter criteria, a total of 668 nonsynonymous somatic mutations were detected, which included 636 SNVs and 32 InDels (Table S1). The top 7 recurrent mutated genes for PA were MEN1 (9/41), EZH1 (4/41), mTOR (4/41), ZFX (3/41), CASR (3/41), EZH2 (2/41) and FAT1 (2/41) (Figure 1B, Table 1). In this cohort, 8 somatic mutations and 1 germline mutation of MEN1 were identified in 9 PA samples. Other potential driver genes reported in COSMIC, such as RASSF1, CDKN2C and CDC73, were found in one sample.


Table 1 | Recurrently mutated genes and potential driver genes in parathyroid adenomas.





DEGs and Unsupervised Clustering With RNA-seq Data

In 41 PA and 5 PaN samples, a mean of 55.7 million reads were obtained by RNA-seq per sample, and 96.3% reads were successfully aligned to the reference genome. Compared with PaN samples, 84 genes were upregulated and 646 genes were downregulated (with a fold change of 1.5) in PA samples. GSEA showed that the DEGs were enriched in multiple biological processes, such as ribosome, lysosome, cell cycle and tight junction (Figure 2). Then, the DEGs were selected to build the expression network. The network comprised 113 network nodes and 500 network edges, indicating a complicated regulatory association in PA (Figure S2).




Figure 2 | The top 30 KEGG pathways enriched by gene set enrichment analysis (GSEA) showed that differentially expressed genes of parathyroid adenoma were enriched in multiple biological processes, such as ribosome, lysosome, cell cycle and tight junction. The horizontal axis represents the normalized enrichment score (NES), and the vertical axis represents the KEGG pathways. The false discovery rate (FDR) value and enrichment signal are represented by the color and circle diameter, respectively.





Integrative Analysis of WES and RNA-seq Data

Through consensus clustering, the RNA-seq data of PA samples could optimally be categorized into 10 clusters (Figure S3). Although unsupervised clustering is based merely on a mathematical calculation of gene expression data, prominent molecular features could be identified for most clusters based on existing knowledge (Figure 1C). On one hand, previously reported driver gene mutations could be identified in 3 clusters (Clusters 1, 2 and 5). In Cluster 2, all 9 samples with MEN1 mutations (8 somatic mutations and 1 germline mutation) and 2 samples with ZFX mutations were included, which indicated that MEN1 and ZFX mutations may result in a specific and similar expression profile. The expression of MEN1 in samples with MEN1 mutations was decreased significantly (p<0.001). In Cluster 1, mutations in EZH2 and EZH1 were identified, and the expression levels of SOS1 (p= 0.002), CCNA1 (p < 0.001), CDK2 (p< 0.001), WEE1 (p< 0.001), TCF12 (p< 0.001) and CYP27B1 (p< 0.001) were significantly upregulated compared with those in the other subgroups (Figure 3). Double somatic mutations of CDC73, a stop-gain mutation (NM_024529:exon1:c.G128A:p.W43X) and a missense mutation (NM_024529:exon3:c.G268T:p.D90Y), were identified in PA17 (Cluster 5). Three samples with somatic mutations of CASR were distributed in Cluster 3 and Cluster 7.




Figure 3 | Comparisons of gene expression levels and clinical features between mutant and wild-type parathyroid adenomas and between clusters according to the Mann-Whitney U test. The names of the mutated genes and clusters names are listed on the horizontal axis, and the gene expression level and clinical features are shown on the vertical axis. Comparisons of wild-type and mutant parathyroid adenomas and different clusters: upregulated and downregulated expression levels in samples with the mutant genotype or in certain clusters are represented by red and blue, respectively. P-values less than 0.05 are marked in the matrix. iPTH, serum intact parathyroid hormone level; Ca, serum calcium level; ALP, serum alkaline phosphatase level; P, serum phosphorus level; BMI, body mass index; Diameter, maximum diameter of the parathyroid adenoma.



On the other hand, prominent gene expression abnormalities were found in some clusters as previously reported in PA. The cyclin D1 (CCND1) mRNA level in Cluster 7 was much higher than that in any other cluster (p=0.006). For GCM2 and WNT2B, all 5 samples with the highest expression levels were clustered into Cluster 4, while no genetic mutation of known driver genes was identified. High expression levels of AXIN1 and CCNB1 were found in Cluster 6. High levels of KRAS (p=0.001) and PRUNE2 (p=0.001), as well as low levels of vitamin D receptor (VDR) (p=0.001), were prominent in Cluster 3. Low levels of CASR and high levels of MYC were found in the three samples in Cluster 8. Sample PA21 in Cluster 9 and sample PA03 in Cluster 10 had low levels of CDC73, CASR and SOS1, while no copy number or gene fusion abnormality of these genes was found.



Relationship Between Gene Expression and Clinical Features

The serum level of iPTH was correlated with serum Ca (p<0.001, rs=0.685), alkaline phosphatase (ALP) (p<0.001, rs=0.802), phosphorus (P) (p<0.001, rs=-0.525) and tumor diameter (p<0.001, rs=0.570), as well as the expression levels of VDR (p=0.009, rs=-0.403) and PRUNE2 (p=0.009, rs=0.401) (Figure 4). The expression level of the PTH gene was found to be correlated with the expression of multiple genes, such as CTNNB1 (p=0.045, rs=-0.315), MALL (p=0.024, rs=0.352), and GCM2 (p=0.002, rs=0.468).




Figure 4 | Spearman’s correlation matrix between gene expression and clinicopathological features in parathyroid adenoma. The correlation coefficient values are visualized by the size and color intensity of the circles. Positive and negative correlations are represented by blue and red, respectively. P-values below 0.05 are marked in the matrix, with P-values below 0.01 marked as zero. iPTH, serum intact parathyroid hormone level; Ca, serum calcium level; ALP, serum alkaline phosphatase; P, serum phosphorus level; BMI, body mass index; Diameter, maximum diameter of the parathyroid adenoma.






Discussion

To our knowledge, this study is the first integrative analysis of WES and RNA-seq in parathyroid neoplasia, providing new insight into the molecular mechanism of PA. Using WES, we revealed a group of mutations in genes such as MEN1, EZH2, CDC73, ZFX, CASR, FAT1 and RASSF1, almost all of which had been reported previously. In the RNA-seq analysis, overexpression of CCND1 and CTNNB1, which are recognized as vital factors for PA tumorigenesis, was also found (13, 14). KEGG analysis also found that ribosomal protein dysregulation was related to PA and is a known factor involved in tumor development (15). Previous work focused mainly on the mutation or expression of one or several of these related genes, which may be only one facet of the complex molecular mechanisms of PA tumorigenesis. However, contradictory results were occasionally reported in different publications. Therefore, we performed unsupervised clustering for the RNA-seq data, and 10 clusters were identified. Even though it is not easy to explain the intrinsic molecular mechanism underpinning these clusters from a single study with limited samples, we revealed some intriguing aspects.

In our cohort, 8 somatic mutations and 1 germline mutation of MEN1 were identified, and the expression levels of MEN1 in these 9 samples were significantly decreased. All these samples were clustered in one subgroup, indicating that the MEN1 genotype might be related to the expression profile. MEN1, a tumor suppressor gene, was identified as a genetic driver of multiple endocrine neoplasia type 1 (16). Biallelic inactivation of MEN1 is also found in approximately 12-35% sporadic PA cases (17, 18). We found that one patient with seemingly sporadic PA had a germline MEN1 mutation, which was also reported by other authors (19). Three samples (7.3%) harboring somatic ZFX mutations were also included in Cluster 2, one of which carried a MEN1 mutation concurrently. ZFX, a transcriptional target of cyclin D, was identified as a candidate driver gene for PA with a mutation rate of 5% (20, 21). In contrast to previous reports, all three mutations of ZFX in our cohort were not located at the R767 or R768 position.

Interestingly, 2 patients with the rare activating mutation Y464 of EZH2 and 4 patients with the somatic mutation Y642F of EZH1 were classified into one cluster (Cluster 1). Our results are consistent with previous reports showing that EZH2 mutations are potential genetic drivers of PA. The activating mutation Y464N (previously described as Y641N) in EZH2 was found previously in 2 of 193 sporadic PA samples (22). Although rare, 2 patients harbored the Y464 mutation in our cohort of 41. Furthermore, the somatic mutation Y642F of EZH1 was identified in another 4 patients. Like EZH2, EZH1 is also a component of the noncanonical polycomb repressive complex-2, which is recurrently mutated in multiple hematological malignancies (23). EZH1 mutations were found in 20% of Hürthle cell adenomas and 10% of Hürthle cell carcinomas, and 53.8% of the mutations were Y642F (24). Though not reported previously, EZH1 may be a potentially important gene for PA.

A somatic CDC73 mutation was identified in one sample (PA17). Somatic inactivating mutations of CDC73, or loss of staining of the encoded parafibromin, occurred in approximately 60% of parathyroid carcinomas and in a few PAs (25, 26). In addition, significantly low expression of CDC73 was found in PA03 and PA21, while no mutation or copy number change was found in CDC73. Epigenetic changes may be the underlying cause.

In our cohort, overexpression of CCND1 was found in some samples, and the 4 samples with the highest expression levels were clustered in one group (Cluster 7). CCND1, encoding cyclin D1, was first identified as an oncogene in parathyroid tumors, and overexpression of this gene was found in 20-40% of PA samples (17, 27). Overexpression of CCND1 was caused by rearrangement of the PTH 5’ regulatory region of the CCND1 coding region in some PAs. However, this could not be identified by WES in the present study. Neither gene amplification nor mutation of CCND1 was found in these samples. Furthermore, another cell cycle regulator factor, cyclin D3 (CCND3), may also be involved in sporadic PA, as we found that the expression level of cyclin D3 in PA09 was approximately 31 times higher than that in the normal control. This may be caused by the copy gain of CCND3 identified in this sample. The partners of cyclin D1 in cell cycle regulation, such as CDKN1B, CDKN1C, CDKN2C and other CDKI genes, were also reported to be involved in sporadic PA (28, 29). As reported, the expression of CDKN1B and CDKN1C was downregulated in some of our samples, while no somatic or germline variant of this gene was found (30). In addition, a frameshift deletion of CDKN2C was identified in one sample, and this mutation had been reported previously in a few PA samples (29, 31).

In the present cohort, somatic CASR mutations were identified in 3 samples, but the gene expression levels were not different from those in PaN. These 3 samples were clustered into different subgroups. CASR encodes a calcium sensing receptor, by which parathyroid cells monitor the extracellular calcium level. Inactivating germline mutations of CASR are responsible for familial hypocalciuric hypercalcemia and neonatal severe hyperparathyroidism. However, somatic inactivating CASR mutation was rarely found in sporadic PA (32–34). Therefore, CASR mutation was believed to be a predisposing factor rather than a genetic driver in PA (17). Another 3 specimens with low CASR expression were clustered into an independent subgroup (Cluster 8). Aberrant expression of CASR is frequently found in parathyroid tumors (35, 36). Five samples with the lowest VDR levels were clustered in Cluster 3, and VDR levels were negatively correlated with serum PTH levels, suggesting a vital role in PA. Decreased VDR expression was related to the high proliferation of pHPT, but no VDR mutation was found in our cohort (35, 37).

We could not identify any somatic or germline variants of GCM2 in this Chinese cohort. However, a prominent increase in GCM2 levels was identified in 5 samples in an independent subgroup (Cluster 4). This was consistent with previous findings in which the GCM2 expression level was significantly upregulated in PA and correlated with a decrease in the response to hypocalcemia (38). GCM2 encodes a transcription factor that is a critical regulator of the development of the parathyroid gland, and its activating germline variants are responsible for familial isolated hyperparathyroidism (39). In addition, Cluster 4 and 6 revealed no apparent driver mutation but showed aberrant expression of some tumor-related genes, such as GCM2 and AXIN1, indicating that driver gene plays an important, but not indispensable, role in the initiation of PA.

Another interesting mutation might be SLC25A3, which was identified in 3 of 41 samples. SLC25A3 is essential for cytochrome c oxidase of the mitochondrial respiratory chain and SLC25A3 deletion causes mitochondrial cardiomyopathy (40). Previously, mitochondrial variations may result in oncocytic phenotype of PA (41). However, SLC25A3-related studies were not available in PA.

There were several limitations to this study. The main shortcoming was the limited number of participants in this cohort, even though it was quite large considering recent sequencing studies on PA. Additional samples may help validate the gene mutation with low incidence. Second, due to the lack of normal parathyroid specimens for comparison, immunohistochemical staining or Western blot analysis were not suitable to confirm the protein levels of the related gene variants among PA samples. Third, bulk RNA-Seq data are heavily influenced by tissue cellular composition. The gene expression profile might contain not only the tumor-induced molecular alterations but also the interference from tumor heterogeneity.



Conclusions

This study revealed almost all previously reported molecular features of PA using integrated WES and RNA-seq analyses. In addition to the previously reported mutant genes, such as MEN1, EZH2, CASR and CDC73, somatic mutations of EZH1 were also identified in the present PA cohort. With clustering based on RNA-seq, abnormal expression of cyclin D1, β-catenin, VDR, CASR and GCM2 may be an important factor influencing the gene expression profile of PA.
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The dynamic cycling of N-acetylglucosamine, termed as O-GlcNAcylation, is a post-translational modification of proteins and is involved in the regulation of fundamental cellular processes. It is controlled by two essential enzymes, O-GlcNAc transferase and O-GlcNAcase. O-GlcNAcylation serves as a modulator in placental tissue; furthermore, increased levels of protein O-GlcNAcylation have been observed in women with hyperglycemia during pregnancy, which may affect the short-and long-term development of offspring. In this review, we focus on the impact of O-GlcNAcylation on placental functions in hyperglycemia-associated pregnancies. We discuss the following topics: effect of O-GlcNAcylation on placental development and its association with hyperglycemia; maternal-fetal nutrition transport, particularly glucose transport, via the mammalian target of rapamycin and AMP-activated protein kinase pathways; and the two-sided regulatory effect of O-GlcNAcylation on inflammation. As O-GlcNAcylation in the placental tissues of pregnant women with hyperglycemia influences near- and long-term development of offspring, research in this field has significant therapeutic relevance.
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Introduction

Hyperglycemia in pregnancy (HIP), one of the most common medical conditions during pregnancy, may be classified as gestational diabetes mellitus (GDM) and diabetes mellitus in pregnancy. HIP is an important cause of adverse pregnancy outcomes and increasing incidences of metabolic syndromes in adulthood (1–3). The placenta is a key interface for maternal-fetal interaction, particularly for nutrition transport. It is instrumental in fetal intrauterine growth and long-term development of offspring. The placenta of women with HIP is exposed to a high concentration of blood glucose at different degrees and windows of time. This may affect numerous cellular pathways, leading to accumulation of advanced glycation end-products (4, 5) and induction of oxidative stress (6). The reported activation of the chronic hexosamine biosynthetic pathway (HBP) in placental tissue under similar conditions is also garnering attention (7).

O-linked β-N-acetylglucosamine (O-GlcNAc) glycosylation (O-GlcNAcylation) is a post-translational modification (PTM) of proteins that plays an essential role in regulating various cellular processes (Figure 1). In contrast to classical N-/O-linked glycosylation, which mostly occurs in the Golgi compartment and endoplasmic reticulum with the extraordinarily extracellular complex array of glycans, the substrate for O-GlcNAcylation is uridine diphosphate N-acetylglucosamine (UDP-GlcNAc) generated from HBP. HBP is a pathway that integrates glucose, fatty acid, amino acid, and nucleotide metabolism. The GlcNAc moiety from UDP-GlcNAc can be transferred onto the serine and threonine residues of a wide variety of nuclear, cytoplasmic, and mitochondrial proteins through the catalytic activity of the enzyme O-GlcNAc transferase (OGT). The cleavage of O-GlcNAc from proteins is catalyzed by glycoside hydrolase O-GlcNAcase (OGA) (also named MGEA5). Similar to other PTMs, this process is dynamic and reversible (7).




Figure 1 | Schematic representation of the interplay between the HBP, mTOR and AMPK pathways. O-GlcNAcylation, as a PTM of a wide variety of nuclear, cytoplasmic, and mitochondrial proteins, participates in various cellular processes. The HBP integrates glucose, fatty acid, amino acid, and nucleotide metabolism to generate the substrate for O-GlcNAcylation, UDP-GlcNAc. GFAT is the rate-limiting step of the HBP and its activity can be regulated by AMPK through phosphorylation. The O-GlcNAc moiety can be transferred to the target proteins and removed by OGT and OGA, respectively. The activity of mTOR and GSK3β can be mediated by the PI3K/AKT signaling pathway and mTORC1 promotes protein synthesis by directly phosphorylating 4E-BP1 and p70S6K. In response to energy state, AMPK also regulates the mTORC1 activity. The localization, activity, and substrate specificity of OGT are regulated through phosphorylation by AMPK, IR/PI3K and GSK3β, and the mTOR signaling regulates the expression of OGT. In contrast, several actors of the PI3K/AKT/mTOR signaling pathway have been found to be modified by O-GlcNAcylation, which leads to subsequent biological effects under different physiological conditions.



It has been reported that O-GlcNAcylation occurs in the placenta and is involved in transcriptional regulation, signal transduction, and epigenetic modifications (8–11). OGA is expressed in most tissues, and one of the highest expression was found in the placenta (12). OGT acts as a placental biomarker of maternal stress, which affects fetal neurodevelopment (13). Studies in diabetes mellitus have shown that hyperglycemia directly increases protein O-GlcNAcylation, at least in part, by increasing the glucose flux through HBP, and that OGT/OGA expression may be regulated by chronic hyperglycemia (14). Studies on hyperglycemic rat models have also shown that O-GlcNAcylation levels increase in the placenta depending on the severity of hyperglycemia, and that trophoblast cells were the main target for O-GlcNAcylation (8). The focus of this review is to summarize the impact of O-GlcNAcylation in placenta exposed to HIP.



Placenta Growth and Development

The placenta is involved in the development, adaptation, and physiology of offspring in response to maternal growth and nutrient signals, primarily by regulating nutrient transport. O-GlcNAcylation seems to be an important modulator during placentation and placental development (15) (Figure 2). Studies on mouse embryos have demonstrated that the nuclear localization of Yes-associated protein 1 (YAP1) is glucose/HBP/O-GlcNAcylation-dependent, and this event is crucial for differentiation of the apical blastomeres to form the extraembryonic trophectoderm (TE) (16). During the incipient stages of trophoblast development at implantation, Ruane et al. (17) proposed that O-GlcNAcylation drives TE differentiation to the invasive trophoblast, as well as the differentiation of BeWo to syncytiotrophoblasts (STBs). Moreover, the O-GlcNAcylation of histone variant H2A was also shown to participate in the trophoblast stem cell differentiation process (18). A recent study on the placenta suggested that the O-GlcNAcylation of cystathionine γ-lyase (CSE) at Ser138 promotes its activity to produce H2S. Further, H2S inhibits androgen receptor dimerization and then represses trophoblast syncytialization (19). Glutamine fructose-6-phosphate amidotransferase (GFAT), an important rate-limiting enzyme of the HBP, regulates trophoblast cell proliferation in response to glucose through phosphatidylinositol 3-kinase (PI3K)-independent mammalian target of rapamycin (mTOR) activation (20). Furthermore, autophagy, a process which is governs the degradation of misfolded proteins and damaged organelles, is important for normal placental developmental activities, such as invasion and vascular remodeling of extravillous trophoblasts (EVT). Studies on HTR8/SVneo cells showed that mTOR signaling also plays a role in regulating autophagy via the modulation of Beclin1 and synaptosome associated protein 29 (SNAP29) O-GlcNAcylation (21). Enhanced autophagy levels have been observed in human and mouse placentas exposed to HIP, as well as trophoblast cells in high-glucose environments (22–24). With regard to HIP, it is worth studying the exact function of the O-GlcNAcylation-associated regulation of autophagy in placental development.




Figure 2 | Overview of the function of O-GlcNAcylation during placentation and placental development and O-GlcNAcylation dysregulation in placenta exposed to HIP. Besides embryonic development, O-GlcNAcylation also plays a role through all stages of placental development, including trophoblast cell proliferation, differentiation, syncytialization and autophagy. Hyperglycemia increases the glucose flux through HBP and affects placental OGA expression, which leads to increased O-GlcNAcylation accumulation in placenta. These changes may result in placental morphometric alterations and embryotoxic effects. mTOR and AMPK activity altered in HIP and their potential interaction with O-GlcNAcylation needs further studies.



Placental OGT and OGA expression levels both affect placental development; however, maternal stress seems to be the pivotal regulator of OGT and is more critical for fetal neurodevelopment, rather than hyperglycemia (13, 25–27). And, as an X-linked gene, placental OGT levels and its biochemical marker, O-GlcNAcylation are higher in females than in males. Male fetuses are associated with an increased risk of GDM in the mother (28, 29), and there might be an O-GlcNAcylation-related sexual dimorphism in the placental response to maternal hyperglycemia. In contrast, the regulation of OGA expression is more associated with glycemia. Dela Justina et al. (8) observed that increased O-GlcNAcylation accumulation in placental tissue exposed to severe hyperglycemia might contribute to an increased placental index and morphometric alterations, which could be associated with placental dysfunction. Although there were no changes in OGT expression in all groups, OGA expression was augmented in placentas from the mild hyperglycemic group and reduced in placentas from hyperglycemic rats. This might be a biological compensation phenomenon as a result of being confronted with a mounting supply of glucose through HBP flux. Yang et al. (30) proposed that OGA deletion suppresses hypoxia-inducible factor-1α (HIF-1α) stabilization and the transcription of its target genes, leading to impaired placental vasculogenesis and consequent disorders in fetal growth and development. The possible mechanism of O-GlcNAcylation and OGT in the translation and stabilization of HIF-1α has been studied in cancer cells. It was observed that an increased level of O-GlcNAcylation and the overexpression of OGT reduced α-ketoglutarate, which assists hydroxylation and the degradation of HIF-1α (31). Moreover, unbalanced O-GlcNAcylation levels favor endothelial dysfunction in uterine arteries, which is important for uteroplacental circulation and this is partly modulated by OGT (32). These results might partly explain the structural and functional immaturity of placentas exposed to hyperglycemia and its effect on maternal-fetal interactions (33).

In addition to its influence on placenta, O-GlcNAcylation can directly affect embryonic development, including the regulation of oocyte meiotic division, embryo implantation and the survival and differentiation process of embryonic pluripotent stem cells. Besides, O-GlcNAcylation-related excessive induction of reactive oxygen species (ROS) and subsequent oxidative stress leads to embryo DNA damage, mitochondrial instability, and cell apoptosis (34–36). A recent study also emphasized that the O-GlcNAc-dependent regulatory pathway is important for the DNA damage response required to maintain homeostasis in embryonic stem cells (37). Further, Muha et al. (38) proposed that the loss of OGA catalytic activity leads to widespread organ defects in mouse embryogenesis. Researchers have suggested that dysregulation of HBP and O-GlcNAcylation are major contributors toward the embryotoxic effects of hyperglycemia in early pregnancy (39). Another study also suggested that increased O-GlcNAcylation in metabolically compromised pregnancies, such as HIP, could be the underlying cause of defective neurodevelopmental outcomes (40).



Nutrient Sensing

The placenta contains an array of nutrient-sensing signaling pathways. Of these nutrient sensors, mTOR and AMP-activated protein kinase (AMPK) play a key role (41). Their involvement in placental O-GlcNAcylation is responsible for placental development and glucose and amino acid transport (42) (Figure 1).

The atypical serine/threonine kinase mTOR is part of two complexes with distinct functions and structures: mTOR complex 1 (mTORC1) and mTORC2 (43). mTORC1 is highly expressed in trophoblast cells (44). mTOR plays an important role in controlling trophoblast cell growth, proliferation, syncytialization and macropinocytosis (45). mTOR activity is regulated by the concentration of glucose, amino acids, and insulin, and is mediated by the PI3K/AKT signaling pathway. It stimulates cell growth through the phosphorylation of tuberous sclerosis complex 2 (TSC2), a negative regulator of mTORC1, and activation of Ras homolog enriched in brain (46, 47). mTORC1 promotes protein synthesis by directly phosphorylating the eukaryotic translation initiation factor 4E (eIF4E) binding protein 1 (4E-BP1) and ribosomal protein S6 kinase (p70S6K) (48). The activity of GSK3β, an enzyme that regulates glycogen synthesis, is inhibited by the activation of insulin-AKT signaling pathway, which executes diverse biological functions (49). Besides, GSK3 phosphorylation of TSC2 inhibits the mTOR signaling pathway and the regulation requires AMPK activity (50). Dynamic changes in the AMP: ATP ratio regulate the activation of AMPK. In addition to participating in a variety of cellular activities such as lipid metabolism, AMPK targets the mTORC1 pathway, which plays a direct/indirect inhibitory role (51). Several participants of the PI3K/AKT/mTOR signaling pathway have been found to be modified by O-GlcNAcylation, such as IRS-1, PI3K, AKT, AMPK, p70S6K, 4E-BP1, and GSK3β (52–54).

Increased mTOR activity and decreased AMPK activity can be observed in placentas exposed to HIP (55–57). In a variety of tissues including the placenta, it has been proven that the expression, localization and activation of the key enzymes of O-GlcNAcylation are regulated by these nutrient-sensing signaling pathways. Studies on cardiomyocytes demonstrated that GFAT can be directly phosphorylated by AMPK, thereby reducing its activity and lowering O-GlcNAcylation levels (58). The localization, expression, and substrate specificity of OGT are regulated by AMPK, which is highly dependent on various factors such as the physiological/pathological status and cell types. In several pathologies, O-GlcNAcylation levels are reduced by AMPK activation to prevent adverse effects (59). Moreover, in Human HepG2 cells, it was observed that insulin stimulates the expression and activity of OGT and promotes its targeting to membranes which is dependent on activation of the PI3K pathway (60). Additionally, Kelly et al. (61) recently proved that the inhibition of mTOR signaling decreases the levels of OGT in the human placenta and affects development of the fetal brain. It was also proven in mouse brains that OGT is a substrate of GSK3β and that the phosphorylation of OGT by GSK3β increases OGT activity (62).

In contrast, OGT also acts as a nutrient sensor and regulates diverse cellular signaling pathways based on the metabolic status of cells by sensing glucose levels via UDP-GlcNAc concentrations and responding by dynamically O-GlcNAcylating proteins (63). Few studies have investigated the direct effects of O-GlcNAcylation on the PI3K/AKT/mTOR signaling pathway and its subsequent biological effects under physiological conditions. Under different disease states, O-GlcNAcylation has different activation/suppression effects on this signaling pathway (53, 54). Studies in the pancreas, liver, and skeletal muscle under diabetic conditions show that increased O-GlcNAcylation downregulates AKT and IRS-1 activity and inhibits the IRS-1/PI3K interaction. This leads to pancreatic β cell apoptosis, reduced glucose absorption through the downregulation of insulin-stimulated translocation of glucose transporter 4 (GLUT4) to the plasma membrane, and decreased gluconeogenesis through the regulation of GSK3β, which in turn contributes to blood glucose retention (64–69). The expression and activity of GLUTs in the placenta, which mediates maternal-fetal glucose transport, are also changed in HIP, but the influence of hyperglycemia has not been definitively concluded (70). Whereas GLUT1 was identified as the primary transporter in the placenta, James-Allan et al. demonstrated that (71) maternal insulin promotes GLUT4 trafficking to the fetal-facing basal plasma membrane of the STB. Moreover, during the entire process of gestation, the increase in the expression of GLUT4 meets the increased fetal nutrient demand and supports fetal growth. Further studies on skeletal muscle and adipose tissue proposed that GLUT4 could be directly O-GlcNAc modified, which might alter the translocation and transporter ability of GLUT4 (72). And Buller et al. found that basal glucose uptake and GLUT1 expression in rat LEF cell lines are inhibited by GSK3/TSC2/mTOR pathway (73). Whether O-GlcNAcylation can influence glucose uptake via direct modifications or the indirect regulation of GLUTs needs further investigation. The increase in protein O-GlcNAcylation in target tissues of diabetic patients might contribute to the maintenance of the pathological status of PI3K/AKT-mediated insulin resistance and could explain diabetic complications and adverse pregnancy outcomes (3, 74). O-GlcNAcylation of proteins could enhance the sensitivity of the PI3K/AKT/mTOR signaling pathway to nutrients. In addition, metformin, a potentially effective drug that might improve pregnancy outcomes for HIP, has been proposed to causes the upstream activation of AMPK, resulting in the inhibition of mTOR signaling in the placenta (75–79). It has been proven that metformin reduces the levels of OGT and O-GlcNAcylation and reverses the decreased phosphorylation level of AMPK cause by O-GlcNAc modification in cervical cancer cells. Therefore, further exploration of the possible O-GlcNAcylation-related mechanisms of metformin treatment in placentas exposed to hyperglycemia is required (80).

There seems to be a complex dynamic relationship between these three pathways, and their dynamic changes and interactions may explain the changes in placental nutrient transport in the presence of HIP.



Inflammatory Reactions

Hyperglycemia leads to increased expression of pro-inflammatory cytokines, such as IL-6 and TNF-α, which impairs placental functions (81). The transcriptional activity of NF-κB, a nuclear factor inducing the expression of these proinflammatory cytokines, is regulated not only by phosphorylation and acetylation, but also by site-specific O-GlcNAcylation (82). Studies on the placenta of hyperglycemic rats show that non-classical activation of NF-κB is elicited by O-GlcNAcylation and that the p65 subunit is the main target for O-GlcNAcylation. After O-GlcNAcylation, NF-κB showed higher nuclear translocation and transcriptional activity, which may explain why NF-κB activity increases sustainably under hyperglycemic conditions (82, 83). In addition to the O-GlcNAcylation of NF-κB, Pathak et al. (84) determined that the activation of transforming growth factor (TGF)-β-activated kinase 1 (TAK1) needs the O-GlcNAcylation of TAK1-binding protein 1 (TAB1) to activate NF-κB and finally lead to the production of IL-6 and TNF-α in IL-1R HEK293 cells. However, O-GlcNAcylation can also be a negative regulator of NF-κB activity. According to a study in rat aortic smooth muscle cells, O-GlcNAc modification of NF-κB p65 inhibited TNF-α-induced inflammatory mediator expression (85).

Currently, studies associated with O-GlcNAcylation of transcription factors, especially those related to inflammation are limited. A study on cardiac fibrosis caused by diabetes mellitus (86) revealed that hyperglycemia enhanced O-GlcNAcylation of transcription factor Sp1. This modification increased its transcriptional activity, and promoted the expression of transforming growth factor β1 (TGF-β1) and fibrosis-related proteins such as collagen in cardiac fibroblasts. In the placenta, O-GlcNAcylation of Sp1 possibly interrupted the interaction of Sp1 with its cooperative factor to reduce its transcription (87).

Moreover, macrophages, called Hofbauer cells in the placenta, play key roles in chronic inflammatory processes, and long-term exposure to hyperglycemia causes macrophages to exhibit a pro-inflammatory phenotype (88). It has been recently shown in mouse bone marrow-derived macrophages (BMMs) that enhanced UDP-GlcNAc generation caused by increased HBP activity is a trait of M2 macrophages (89). However, there has been no specific study of O-GlcNAcylation in Hofbauer cells to date. Further, the few studies using different macrophage cell models that have evaluated the effect of O-GlcNAcylation on macrophage function report conflicting results. One study reported that O-GlcNAcylation promotes antiviral innate immunity and inflammatory responses in BMMs (90). Another study based on THP-1 cells and mouse peritoneal macrophages revealed that O-GlcNAcylation suppresses innate immune activation and necroptosis of macrophages (91). Additionally, O-GlcNAcylation was also proposed to attenuate inflammatory processes in macrophages induced by LPS which was observed in RAW264.7 cells, BMMs and peritoneal mouse macrophages, as well as human monocyte-derived macrophages (92). Yang et al. (93) indicated that overnutrition stimulates O-GlcNAc signaling in macrophages of a mouse model of diet-induced obesity. Further, the activation of O-GlcNAc signaling has a suppressive effect on macrophage proinflammatory activation by restraining mTORC1/S6K1 signaling, which contributes to whole-body metabolic homeostasis. These conflicting observations in macrophages might be related to tissue residency or M1/M2 polarization, and prompt further research on Hofbauer cells is required.

O-GlcNAcylation may be a two-sided modulator of inflammation (94–96). Transcription factors and functional proteins may be modified in different cell types, stimulation conditions, and nutritional states, which may affect their activities and initiate pro-inflammatory or anti-inflammatory functions. The specific role of O-GlcNAcylation in HIP requires further exploration.



Conclusions

In summary, O-GlcNAcylation in the placental tissues of women with HIP plays an important role in placental development, nutrition sensing, and inflammatory response, and influences near- and long-term development of offspring. However, there are only a few relevant studies on the influence of O-GlcNAcylation on placental function. It is a process that has not been fully understood, particularly with regard to the regulation of transcription factors, intracellular signal transduction, and epigenetic modifications. As techniques to identify O-GlcNAcylation are increasingly being developed (97–101), further localization and quantitative analyses of O-GlcNAcylation in placental tissues exposed to hyperglycemia are required. This will facilitate the analysis of the effect of O-GlcNAcylation on the biological functions of placenta, as well as to understand the mechanistic details of the effect of maternal hyperglycemia on the development of offspring, particularly in relation to abnormalities in maternal-fetal nutrition transport and metabolism.
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Background

Clinical evidence demonstrates that electro-acupuncture (EA) of the Zu sanli (ST36) and Shen shu (BL23) acupoints is effective in relieving diabetic painful neuropathy (DPN); however, the underlying molecular mechanism requires further investigation, including the protein molecules associated with EA’s effects on DPN.



Methods

Sprague-Dawley adult male rats (n =36) were randomly assigned into control, DPN, and EA groups (n=12 each). After four weeks of EA treatment, response to mechanical pain and fasting blood glucose were analyzed. A tandem mass tag (TMT) labeling approach coupled with liquid chromatography with tandem mass spectrometry was used to identify potential biomarkers in the spinal dorsal horn. Further, proteomics analysis was used to quantify differentially expressed proteins (DEPs), and gene ontology, KEGG pathways, cluster, and string protein network interaction analyses conducted to explore the main protein targets of EA.



Results

Compared with the DPN model group, the mechanical pain threshold was significantly increased, while the fasting blood glucose levels were clearly decreased in EA group rats. Proteomics analysis was used to quantify 5393 proteins, and DEPs were chosen for further analyses, based on a threshold of 1.2-fold difference in expression level (P < 0.05) compared with control groups. Relative to the control group, 169 down-regulated and 474 up-regulated proteins were identified in the DPN group, while 107 and 328 proteins were up- and down-regulated in the EA treatment group compared with the DPN group. Bioinformatics analysis suggested that levels of proteins involved in oxidative stress injury regulation were dramatically altered during the EA effects on DPN.



Conclusions

Our results provide the valuable protein biomarkers, which facilitates unique mechanistic insights into the DPN pathogenesis and EA analgesic, antioxidant stress and hypoglycemic effect.
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Introduction

There are various types of chronic pain that can disturb the physical and mental health of individuals. Diabetic painful neuropathy (DPN) is a painful complication of diabetes, caused by constant high glucose levels. Approximately 20% of all diabetic patients present with neuropathic pain, manifesting as spontaneous pain, hyperalgesia, and allodynia (1). The streptozotocin (STZ)-diabetic rat model can be used to mimic the symptoms and pathological changes that occur during DPN. To date, the majority of studies have focused on peripheral sensory nerve function; however, the spinal cord is also important in the development of DPN (2). A number of morphological studies have demonstrated spinal cord damage and atrophy in patients with diabetes, and peripheral nerve stimulation can reduce blood-oxygen level-dependent activity in the dorsal horn of diabetic rats (3, 4).

Electroacupuncture (EA), as a beneficial acupuncture therapy, is effective in alleviating pain and improving quality of life in patients with diabetic peripheral neuropathy (5–7). Zusanli (ST36) and Shenshu (BL23) are common and effective acupoints used for treatment of diabetic peripheral neuropathy (8–10).

Proteomics analysis provides a valuable strategy for exploring the pathogenesis of diabetes mellitus, as well as therapeutic targets in this condition. Some proteomic studies have been performed in animal models of DPN or diabetic neuropathy, to search for differentially expressed proteins (DEPs) induced by STZ. Mitochondrial oxidative phosphorylation, metabolic dysregulation of mitochondrial complexes, and antioxidases are involved in DPN progression and represent potentially important therapeutic targets. However, previous studies have focused only on the proteomes of the sciatic nerve, lumbar 4/5 dorsal root ganglia, and trigeminal ganglia, while the exact spinal mechanism underlying DPN is far from clear and additional potential spinal biomarkers are needed (11–14).



Materials and Methods


Animals and Ethics Statement

Male Sprague-Dawley rats weighing 160 ± 20g were obtained from the Experimental Animal Center of Fujian University of Chinese Medicine. Rats were housed under standard living conditions at 22°C and a 12 h light/dark cycle with sufficient food and water and acclimatized to the pain-testing environment before the experiments. All animal procedures were in strict accordance with relevant international laboratory animal use guidelines. After adaptive feeding, rats were randomly allocated into three groups as follows: Control group (n=12), DPN group (n=12), and EA group (n = 12).

According to the previous literature reports, diabetes was induced by a single intraperitoneal injection of STZ (65 mg/kg, Sigma Chemicals, USA) dissolved in citrate buffer (10 mmol/L, Na citrate, pH=4.3) (15). The control group received an equivalent volume of citrate buffer only. Two weeks later, tail venous fasting blood glucose (FBG) were measured using a glucometer (OEM, USA). Only rats with FBG >16.7 mmol/L and mechanical paw withdrawal threshold (PWT) <5 g were included in further experiments.

All experimental procedures and protocols were approved by the Animal Research and Ethics Committee of Fujian University of Traditional Chinese Medicine. At the endpoint of the experiment, all rats were euthanized, according to the Care Guidelines.



Electroacupuncture (EA) Procedure

In the EA group, the rats were loosely fixed on a wooden stand, where their head and limbs could move freely. After the rats were stabilized, the acupoints “Zu sanli” (ST36) and “Shen shu” (BL23) were selected for acupuncture and electrical stimulation (Figure 1A). EA intervention began at two weeks after STZ injection. ST36 is located at the posterolateral knee about 5mm below the fibula head (16), while BL23 is located in the depressions lateral to the lower border of the spinous processes of the second lumbar vertebrae, approximately 8mm from the midline of the adult rat (17). Needles inserted at ST36 and BL23 were connected to a G6805-1A multifunctional EA apparatus (Shanghai Medical Electronic Apparatus Company, Shanghai, China), with a stimulation intensity of 1mA, frequency 10 HZ. According to previous literature reports, EA stimulation was maintained for 30 min once every other day for a consecutive four weeks (15, 18).




Figure 1 | Flow chart of the experiment and the changes of body weight, paw withdrawal threshold (PWT) and fast blood glucose (FBG) in DPN rats. (A) Flow chart of the experiment. (B) Body weight variation in Control, DPN, and EA groups rats. Two-way repeated ANOVA, F2, 33 = 237.4, P < 0.001; post hoc Turkey test: DPN compared with Control (**P < 0.01), EA compared with DPN (##P < 0.01). (C) Significant changes of PWT in different groups. Two-way repeated ANOVA, F2, 33 = 59.608, P < 0.001; post hoc Turkey test: DPN compared with Control (**P < 0.01), EA compared with DPN (##P < 0.01). (D) Significant changes of FBG in different groups. Two-way repeated ANOVA, F1, 33 = 299.3, P < 0.001; post hoc Turkey test: DPN compared with Control (**P < 0.01), EA compared with DPN (##P < 0.01).





Measurement of Paw Withdrawal Threshold

The mechanical PWT was examined before and after injection of STZ or citrate buffer (0, 2, 6 weeks after injection). The test environment was a 10 cm × 20 cm × 20 cm plastic cage with a plexiglass floor. After the rats were placed in the cage and allowed to stand for 10 minutes, the center of the feet of the rats were stimulated with different tense by von Frey Hairs (0.4, 0.6, 1.4, 2, 4, 6, 8, 10, and 15g) according to the up-down method described by Dixon (19). Each von Frey hair was held for about 1-2 s, with 10-min intervals between each stimulation. Testing was initiated with the 2.0 g hair.

The positive response was defined as a withdrawal of hind paw upon the stimulus. Whenever a positive response appeared, the next lower gram was applied, and whenever a negative response occurred, the next higher gram was applied. The testing consisted of five more stimuli after the first change in response occurred, and the pattern of response was converted to a 50% von Frey threshold using the method described by Dixon and based on our previous literature (20, 21). All data are presented as mean ± SE.



Sample Collection

To investigate DEPs in three groups, all rats were sacrificed under low dose isoflurane (0.5-1%) anesthesia, six weeks after STZ injection. The L4-5 spinal cords were rapidly dissected and immediately placed in -80°C refrigerator for the further proteomics detection.



Proteomics Experiment and Proteomics Data Analysis


Protein Extraction and Trypsin Digestion

The L4-5 spinal cord tissue samples were removed from -80°C freezer, and an appropriate amount of sample was added to a pre-chilled mortar with liquid nitrogen and ground to powder. Proteins were then extracted from samples in lysis buffer (8 M urea, 1% protease inhibitor) using a high-intensity ultrasonic processor. Remaining debris was removed by centrifugation at 12,000g for 10min at 4°C. The protein concentration of the supernatant was detected with BAC kits.

For trypsin digestion, protein solution was reduced with dithiothreitol (final concentration, 5mM) for 30 min at 56°C, then incubated with iodoacetamide (final concentration, 11mM) for 15min at 37°C in darkness. Then, the protein samples were diluted with mM triethylamonium bicarbonate (TEAB), until the urea concentration was < 2 M. Finally, trypsin was added at a mass ratio (trypsin: protein) of 1:50 for the first digestion at 37°C overnight, then of 1:100 for the second digestion (4h, 37°C).



TMT Labeling

After trypsin digestion, peptides were desalted and vacuum-dried with the strata X C18 SPE column. Peptides were reconstituted in 0.5M TEAB and marked according to the TMT kit protocols.



LC-MS/MS Analysis

Separated peptides were subjected to sodium/iodide symporter sources. Tandem mass spectrometry (MS/MS) was performed using a Q ExactiveTM Plus (Thermo) instrument, coupled online to an ultra-performance liquid chromatography system.

Electrospray voltage was 2.0 kV, and intact peptides were detected in the Orbitrap at 70,000 mass resolution. The primary MS scan range was 350–1600 m/z. Collected data were processed using a data-dependent scanning program (DDA). Automatic gain control was set at 5E4, signal threshold as 5000 ions/s, maximum time 200 s, and dynamic exclusion time of the tandem mass scan 15 s, to avoid repeated scanning of precursor ions.



Database Search

MS/MS data were analyzed using the max quant search engine (v.1.5.2.8), with parameters as follows: Rat_Uniprot was first screened, then a reverse library added to calculate the false positive ratio (FPR); Trypsin/P was specified as the cleavage enzyme, allowing up to two missing cleavages; minimum peptide length was seven amino acid residues; maximum number of peptide modifications was five; mass tolerance for the primary precursor ions search was 20 ppm and 5 ppm for the main search; mass tolerance for fragment ions was 0.02 Da; the quantitative method was set to TMT-10plex; and the FPR for peptide-spectrum match identification was 1%.



Bioinformatics Annotation

Gene Ontology (GO) annotations were derived from the UniProt-GOA database (http://www.ebi.ac.uk/GOA/). InterProScansoft was used to elucidate the GO categories: molecular function, cellular component, and biological process. KEGG online service tools were used to annotate protein descriptions, which were matched into corresponding pathways using KEGG mapper. Wolfpsort (https://wolfpsort.hgc.jp/) was used to investigate subcellular localization. KEGG database pathway enrichment analysis was conducted using a two-tailed Fisher’s exact test. Pathways were classified according to the KEGG website.

Further cluster analysis of function enrichment was conducted to explore potential connections and differences in specific functions. First, all categories were collected after enrichment, according to their P values, then filtered for those categories with P value < 0.05. This filtered P value matrix was transformed using the function x = −log10 (P value). Finally, these x values were z-transformed for each functional category. Cluster membership was visualized using a heat map.



Protein-Protein Interaction Network

Numbers or sequences of DEPs were compared using the STRING (v.10.5) protein network interaction database. An interaction relationship was extracted according to a confidence score > 0.7 (high confidence).




Statistical Analysis

All data are presented as the mean ± standard deviation (SD). The three groups were analyzed by the Analysis Of Variance (ANOVA) and post hoc Tukey test in the SPSS 21.0 software (SPSS, Armonk, NY, USA). Graphs were generated by using GraphPad Prism 7.0 software.




Results


Electroacupuncture Significantly Reduced Mechanical Hypersensitivity and Fasting Blood Glucose Levels During the Development of DPN.

As shown in the flow chart of the experiment and acupoint diagram (Figure 1A), DPN model of rats and EA intervention were established and fasting blood glucose and behavioral tests conducted before and after STZ injection and EA intervention. Compared with the control group, body weight and mechanical pain threshold were significantly reduced while fasting blood glucose was dramatically increased at 2 weeks after STZ injection(**P<0.01).

However, compared with the DPN model group, the body weight and mechanical pain threshold were obviously upgraded, while the fasting blood glucose was soothingly downgraded after four weeks of EA treatment(##P<0.01) (Figures 1B–D).



Quantitative of Differentially Expressed Proteins

A total 5744 proteins were identified from spinal dorsal horn samples from the three experimental groups, and 5393 proteins were quantified after proteomic analysis. Molecules with expression ratios showing a > 1.2-fold change and p-values < 0.05 were considered DEPs.

Compared with the control group, levels of 435 proteins were significantly changed (328 down- and 107 up-regulated) in DPN rats and 643 proteins changed in EA rats (p < 0.05 and fold-change > 1.5) (Figure 2A). Further analysis showed that 118 proteins were significantly changed (25 down- and 93 up-regulated) in DPN rats while 14 proteins were up-regulated and 83 proteins down-regulated after EA treatment (p < 0.05 and fold-change > 1.5) (Figure 2B). There were 51 common positive proteins when DPN up-regulated and EA down-regulated (p < 0.05 and fold-change > 1.5), while 8 common positive proteins were found which DPN down-regulated and EA-upregulated (p < 0.05 and fold-change > 1.5). There were total 59 common changed proteins shown in the Table 1 (p < 0.05 and fold-change > 1.5).




Figure 2 | Quantitative of differentially expressed proteins in three groups. (A) Number of differential protein set at 1.2-fold (M/C, DPN group compared with control group E/M; EA group compared with DPN group). 240 common positive proteins when DPN up-regulated and EA down-regulated set at 1.5-fold. 64 common positive proteins when DPN down-regulated and EA up-regulated set at 1.5-fold. (B) Number of differential protein set at 1.5-fold (M/C, DPN group compared with control group E/M; EA group compared with DPN group). 51 common positive proteins when DPN up-regulated and EA down-regulated set at 1.5-fold. 8 common positive proteins when DPN down-regulated and EA up-regulated set at 1.5-fold.




Table 1 | The common significant differences of EA-regulated and DPN-associated proteins (p < 0.05 and changes >1.5-fold).





Molecular Function, Cellular Component, and Biological Process in Control, DPN, and EA Group Rats

GO analysis was used to evaluate the molecular function, cellular component, and biological processes enriched for DEPs.

In terms of biological processes, the top five enriched for DPN-associated proteins were cellular process, single-organism process, biological regulation, metabolic process, and response to stimulus, while the top five enriched for EA-regulated proteins were single-organism process, cellular process, metabolic process, biological regulation, and response to stimulus. Cell component analysis indicated the most enriched for DPN-associated proteins were cell, organelle, membrane, extracellular region, and macromolecular complex, among others, while EA-regulated proteins were mainly involved in the cell, organelle, membrane, macromolecular complex, and extracellular region. Molecular functions analysis suggested that the most common molecular functions of DPN-associated and EA-regulated proteins were binding and catalytic activity (Figures 3A, B).




Figure 3 | GO annotation analysis showed the potential biomarkers mainly involved in DPN pathology and EA treatment (A) GO terms name of molecular function, cellular component, and biological process in DPN-associated proteins (B) GO terms name of molecular function, cellular component, and biological process in EA-regulated proteins (C) Subcellular structural localization analysis in DPN-associated proteins (D) Subcellular structural localization analysis in EA-regulated proteins. (E–J) GO annotation summarizing in cellular component, molecular function and biological process in different compared groups.



According to subcellular structural localization analysis, the main subcategories (> 10%) in DPN-associated proteins were cytoplasm (26.59%), extracellular (21.46%), nucleus (18.35%), plasma membrane (14.31%), and mitochondria (10.42%). The same analysis of EA-associated proteins also identified the cytoplasm (27.36%), extracellular (18.62%), nucleus (17.47%), plasma membrane (15.4%), and mitochondria (13.56%) subcategories (Figures 3C, D).

Last, GO analysis demonstrated that the cellular component, biological process molecular function of DPN and EA treatment were closely related to the mitochondrial respiratory chain and NADH dehydrogenase activity (Figures 3E–J).



Functional Enrichment Analysis With KEGG Pathway and Cluster Analysis of KEGG Pathway Functional Correlation of the DEPs

To further explore pathways significantly enriched for DEPs (DPN vs. Control, n = 643; EA vs. DPN, n = 435), DEPs were mapped to the KEGG database and enrichment levels calculated (Fisher’s exact test; -log 10[p-value]), where a higher p-value indicates more DEPs enriched in a category. As shown in Figures 4A, B, KEGG pathway enrichment analysis demonstrated that DPN-associated and EA-regulated DEPs were mainly enriched in several pathways, particularly oxidative phosphorylation (Figure 4C). Further, remarkable changes were observed in ten proteins closely related to oxidative phosphorylation during EA treatment of DPN rats (Table 2 and Figure 4D).




Figure 4 | KEGG pathway and related oxidative phosphorylated proteins analysis (A) the KEGG pathway enrichment analysis in DPN rats compared with control rats. (B) The KEGG pathway enrichment analysis in EA group rats compared with DPN rats. (C) The KEGG pathway analysis in different group rats. (D) Networks Analysis of major proteins in oxidative phosphorylation.




Table 2 | The prominent changes of oxidative phosphorylated proteins during EA treatment with DPN rat.






Discussion

In our research, we found that four weeks EA can improve weight loss, blood glucose, and sensitivity to mechanical pain in DPN rats. We generated proteomics data from DPN rat spinal dorsal horn samples treated with repeated EA stimulation. A total of 5393 proteins were quantified using the TMT labeling proteomics method. Of these proteins, 93 were down-regulated, while 25were up-regulated during the development of DPN. After EA stimulation intervention, 14 up-regulated and down-regulated 83 proteins were detected in the spinal dorsal horn. KEGG pathway enrichment analysis suggested that oxidative phosphorylation was a major factor involved in the effects of EA therapy on DPN. The results of this study provide a potentially valuable theoretical underpinning of the mechanisms underlying DPN pathophysiology and the clinical application of acupuncture.

The occurrence of diabetes and its complications are closely related to the mechanism of oxidative phosphorylation via the disturbances of mitochondrial ATP, complex IV and reactive oxygen species (ROS) metabolism (22–24). Upregulated expression of complexes I, III, IV, and V was found in the sciatic nerve of diabetic neuropathy rats (11). In addition, mitochondrial complex III of dorsal root ganglia was significantly decreased, while glutathione peroxidase and peroxidase were increased during STZ induced diabetic peripheral neuropathy (13).

Our results indicate that cytochrome c oxidase (Cox, Complex IV) factors, including Cox4i1, Cox5b, Cox6c2, Cox7b, and Cox7c, were significantly upregulated in spinal dorsal horn during DPN, as were NADH-ubiquinone oxidoreductase (Complex I) factors, including Ndufb5, Ndufb7, andNdufs5. Further, treatment with EA could decrease the up-regulation of Cox and NADH oxidoreductase. As we know, abnormal function of mitochondrial Cox and NADH oxidoreductase could induce ROS overproduction, caspase 3 activation cell apoptosis (25, 26). Spinal ROS overproduction and activated caspase-3 induced by Cox play a critical role in microglial activation and neuronal apoptosis in several neuropathic pain models included DPN (27, 28). Blocking NADPH oxidase, scavenging ROS, and reducing oxidative phosphorylation by various pharmacotherapy could prevent the induction of spinal long-term potentiation and relieve the persistent pain (29–31).

In addition, EA can also inhibit oxidative phosphorylation and ROS production through different pathways in neuropathic pain and other chronic diseases. For example,

Neuronal ATP receptor P2X7 activation leads to ROS production and subsequent nociceptive pain (32, 33). EA can improve neuropathic pain by inhibiting oxidative phosphorylation, reducing ATP production, and suppressing central sensitization in the spinal dorsal horn (34). In middle cerebral artery occlusion rats, EA treatment could significantly improve the respiratory control ratio, and increase the activities of NADH dehydrogenase and Cox in the perifocal penumbra zone (35). In the state of ischemia reperfusion injury, EA can inhibit cardiac Cox and indirectly inhibit the activation of caspase 3 (36). However, EA can alleviate bupivacaine-induced myocardial injury by upregulating enzymatic activity of Cox (37). In a word, EA can biaxially regulate oxidative phosphorylation of Cox and NADH dehydrogenase with bidirectional properties in different diseases and tissues.

According to the above research reports, combined with our results, we speculated that EA can reduce diabetic neuropathic pain by downregulating Cox and NADH dehydrogenase in the spinal cord, which may mainly be through the following ways: (1) inhibiting the spinal ATP release and P2X7 activation, reducing the spinal neuronal abnormal excitability and microglial activation; (2) reducing spinal ROS production and oxidative phosphorylation injury, inhibiting cell injury and even apoptosis. In the next experiment, we will further explore the mechanism of EA regulating ROS and oxidative phosphorylation in DPN.



Conclusion

In conclusion, we used a TMT labeling approach coupled with liquid chromatography with tandem mass spectrometry to show that DPN and EA stimulation drive significant changes in spinal proteins, particularly those involved in oxidative phosphorylation. Our results highlight potential candidate protein biomarkers for DPN diagnosis and treatment.
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Background

Polycystic ovary syndrome (PCOS) is a complex syndrome with clinical features of an endocrine/metabolic disorder. Various metabolites show significant association with PCOS; however, studies comparing the metabolic profile of pregnant women with and without PCOS are lacking. In this study, metabolomics analysis of blood samples collected from PCOS women and age and BMI matched controls in the second trimester of pregnancy was performed to identify metabolic differences between the two groups and determine their association with pregnancy outcome.



Methods

Sixteen PCOS and fifty-two healthy women in their second trimester underwent targeted metabolomics of plasma samples using tandem mass spectrometry with the Biocrates MxP® Quant 500 Kit. Linear regression models were used to identify the metabolic alterations associated with PCOS, followed by enrichment and Receiver Operating Characteristic (ROC) analyses to determine the best indicators of pregnancy outcomes.



Results

PCOS women had lower birth weight babies compared to healthy controls. As a group, systolic blood pressure (SBP) at both second trimester and at delivery negatively correlated with birth weight. Regression models indicated significant increases in the triglycerides C20:4_C34:3 and C18:2_C38:6 in the PCOS group [false discovery rate (FDR) <0.05]. Enrichment analysis revealed significant elevations in triglycerides containing arachidonic acid, linoleic acid and palmitic acid in the PCOS group. A number of indicators of baby birth weight were identified including SBP at delivery, hexosylceramide (d18:2/24:0), ceramide (d18.0/24.1) and serine, with an AUC for all predictors combined for low birth weight (≤2500grams) of 0.88 (95%CI: 0.75-1.005, p<0.001).



Conclusions

PCOS pregnancies resulted in babies with a lower birth weight, marked by a unique metabolic signature that was enriched with specific triglycerides and unsaturated fatty acids. The functional significance of these associations needs further investigation.





Keywords: metabolomics, pregnancy, polycystic ovary syndrome (PCOS), birth weight, arachidonic acid, linoleic acid, palmitic acid



Introduction

Pregnancy triggers significant metabolic alterations to meet the increasing physiological demands of the mother and her developing fetus (1). In early pregnancy, these alterations reflect the whole body’s anabolic status to fulfill the increasing nutritional needs; however, these physiological metabolic changes may be greatly influenced by various underlying health conditions (2). Among these, polycystic ovary syndrome (PCOS) affecting up to 10% of reproductively active women (3), causes anovulatory infertility (4) and increased risk of adverse pregnancy outcomes, including gestational diabetes, miscarriage and low birth weight (5, 6). Metabolic changes associated with PCOS in pregnant women and their impact on birth weight have not been fully explored.

Significant advances in mass spectrometry technologies have revolutionized the discovery of metabolic pathways that underlie the progression of various diseases such as insulin resistance, type 2 diabetes (7–9), cancer (10) and cardiovascular disease (11), giving a deeper insight into their disease etiologies. Studies have investigated changes in metabolites in different biofluids and tissues and have identified various potential markers with significant diagnostic and therapeutic utility (12). Studies of reproductive diseases, such as PCOS, GDM and poor pregnancy outcomes, have received increasing interest (13–15). A recent study investigating the metabolic changes associated with PCOS in pregnant women indicated abnormalities in lipid metabolism and beta-oxidation of fatty acids, causing increased risk of miscarriage (16). However, metabolic profiling to predict risk of low birth weight deliveries has not yet been explored.

In this study, targeted metabolomics analysis of blood samples from age and weight matched pregnant women in their second trimester with and without PCOS was related to pregnancy outcomes, including birth weight and gestational age at delivery. The emerging data indicate a unique metabolic signature of PCOS pregnant women at second trimester and identify metabolic markers of low birth weight.



Methods


Study Design

This is a cross-sectional study that included 68 pregnant women (52 controls and 16 with PCOS) recruited during their second trimester at the antenatal clinic at The Women Wellness and Research Center (WWRC) of Hamad Medical Corporation in Doha, Qatar. The diagnosis of PCOS was based on the NIH criteria of biochemical evidence of hyperandrogenemia (free androgen index >4.5) or a raised testosterone greater than 2.7nmol/l, and oligomenorrhea or amenorrhea. Transvaginal ultrasound was not culturally acceptable and the abdominal ultrasounds in this obese population inaccurate enough to confirm polycystic ovaries. Non-classical 21-hydroxylase deficiency, hyperprolactinemia, Cushing’s disease and androgen‐secreting tumors were excluded by appropriate tests. All subjects had an oral glucose tolerance test to exclude diabetes. Protocols were approved by Institutional Review Boards (IRBs) of the Hamad Medical Corporation (15101/15) and Weill Cornell Medicine in Qatar (15-00016). All patients gave their written informed consent and the study was conducted in accordance with ICH GCP and the Declaration of Helsinki. Anthropometrics, medical history and demographics data were collected. Blood samples were collected by venipuncture during the regular follow-up second trimester visits and transported to the main HMC laboratory for the routine patient tests including biochemical profile. Additional samples serum were stored at -80°C until analysis was undertaken. Laboratory tests included second trimester biochemical profile and thyroid function tests. Blood samples were also collected for metabolomics analysis. Pregnancy outcomes including gestational age at delivery, birth weight, maternal weight and blood pressure were collated with the metabolomic profile for all participants.



Metabolomics

Tandem mass spectrometry was performed for targeted metabolomics of plasma samples using Biocrates MxP® Quant 500 Kit (Biocrates, Innsbruck, Austria) at the Fraunhofer Institute for Toxicology and Experimental Medicine (ITEM). FIA-MS/MS was utilized to measure lipids using a 5500 QTRAP® instrument with an ESI source (AB Sciex, Darmstadt, Germany). LC-MS/MS utilizing the same 5500 QTRAP® instrument was used for measuring small molecules as described previously (17). Appropriate MS software (Sciex Analyst®) was used to quantify data that was then imported into Biocrates MetIDQ™ software for calculation of analyte concentrations, assessment and compilation of data.



Statistical Analysis

Statistical analyses of demographic traits were performed using IBM SPSS version 25, R version 3.2.1 and SIMCA 14.0 software (Umetrics, Sweden). Variables with skewed distributions were log transformed to ensure normality (18). Differences between controls and PCOS were tested by independent sample t test (normally distributed variables) or Mann-Whitney U (variables with skewed distribution) test. A p-value significance level of 0.05 was used. Data are presented as mean (SD) in tables or median (interquartile range) in figures. For metabolomics data analysis, principle component analysis (PCA) was performed using R version 2.14, www.r-project.org/. PCA revealed two main components (PC1 and PC2) that together captured 24% of the variance in the data (not shown). Orthogonal partial least square discriminant analysis (OPLS-DA), implemented as part of the software SIMCA, was used to compare controls and PCOS groups. All metabolites with greater than 50% missing values were omitted from SIMCA analysis. Linear regression was performed to identify significant metabolites differentiating PCOS from matching controls using the R statistical package (version 2.14, www.r-project.org/) after correcting for age, BMI and principle components (PC1 and PC2). Function enrichment analysis was performed using Chi square test by considering metabolites with a nominal p-value less than 0.05 from linear regression analysis by assessing the probability of observing the associated nominally-significant metabolites from the linear model by pure chance. The biological categories tested for enrichment were provided by Biocrates and expanded manually by reference to the Human Metabolome Database (19). An automated linear regression model, followed by Receiver Operating Characteristic (ROC) analysis, was utilized to determine the best predictors of pregnancy outcomes using IBM SPSS version 25.




Results


General Characteristics of Participants

PCOS women in their second trimester of pregnancy were insulin resistant accordingly to their homeostatic model assessment for insulin resistance (HOMA-IR), and had on average 339.3 gram lighter babies compared to gestational-age and weight matched healthy controls on delivery (p<0.05) (Table 1 and Figure 1A). The birth weights correlated negatively with overall maternal SBP at second trimester (R=-0.3, p=0.01) (Figure 1B) as well as SBP (R=-0.4, p=0.003) and DBP (R=-0.3, p=0.03) at delivery (Figures 1C, D respectively). As expected, there was a significant positive correlation between gestational age at delivery and birth weight (R=0.4, p<0.001). There were no significant differences in other pregnancy outcomes including the gestational age at delivery.


Table 1 | General characteristics of study participants.






Figure 1 | Difference in birth weight at delivery in control and PCOS groups (A) median, interquartile range and maximum and minimum values). Correlations between birth weight (PCOS in red, controls in black) and systolic blood pressure (SBP) of mothers at second trimester (B), SBP at delivery (C), and diastolic blood pressure (DBP) at delivery (D). Significance level (*) ≤ 0.05.





Global Metabolic Differences Between Control and PCOS Participants at Second Trimester

An OPLS-DA model comparing the metabolic profile of PCOS and control mothers indicated one class-discriminatory component and one orthogonal component, accounting for 40% of the variation in the study group Y-variable (PCOS groups). The Variable Importance in Projection (VIP) list indicated the discriminatory effects of triacylglycerols containing the following fatty acids (C20:4, C18:2 and C16:0) (Supplementary Table S1). The score plot exhibits an x-axis that separates the controls from PCOS group (Figure 2A) and the corresponding loading plot indicates triacylglycerols containing these fatty acids from the VIP list (C20:4, C18:2 and C16:0) (Figure 2B).




Figure 2 | OPLS-DA model comparing metabolites from controls and PCOS mothers. Score plot shows one dimensional separation on the x-axis between controls and PCOS mothers (A) and the corresponding loading plot indicates triacylglycerols containing enriched fatty acids (C20:4, C18:2 and C16:0) that are responsible for the group separation (B).





Metabolites Differentiating Controls From PCOS Participants

Following the OPLS-DA multivariate analysis, univariate regression models were utilized to identify metabolites that differentiate PCOS from controls (Table S3). First analysis showed metabolites (mostly triacylglycerols) exhibiting significant differences between PCOS and controls at FDR (<0.1) level of significance (Table 2), with two (TG.20.4_36.3, TG.18.2_38.6) reaching FDR level of significance (<0.05) (Figure 3). A second analysis considering fatty acid composition of nominally significant triacylglycerols, revealed enrichment of triacylglycerols containing C20:4, C18:2 and C16:0 in the PCOS group (p=0.0003, <0.00001 and 0.03, respectively) (also highlighted in Figure 2B).


Table 2 | Metabolites differentiating controls from PCOS women in their second trimester.






Figure 3 | Boxplots representing metabolites increased with PCOS. Differences between controls and PCOS were tested by linear regression. Medians and interquartile range (arbitrary units) are shown for plasma levels of TG20.4_36.3 (A) and TG.18.2_38.6 (B). (*) FDR level of significance of ≤ 0.05 was used.





Indicative Biomarkers of Birth Weight

An automatic linear regression model was utilized to identify best predictors of birth weight regardless of study groups. The model revealed 4 indicators, three of which were lipids, that varied in their importance and direction (positive and negative) in indicating the birth weight (Table 3) with a combined AUC for all indicators of low birth weight (≤2500 grams, n=8) of 0.88 (95%CI: 0.75-1.005, p<0.001) (Figure 4).


Table 3 | List of indicators associated with birth weight.






Figure 4 | ROC curve of low birth weight (≤2500 grams), including maternal SBP at delivery, HexCer.d18.2.24.0, Cer.d18.0.24.1 and serine.






Discussion

In the present study, we identified a distinct metabolic signature differentiating PCOS women from age, BMI and gestational age-matched controls, and revealed potential indicative metabolic biomarkers for the low birth weight of babies associated with PCOS. Our novel data indicate significant elevation in various serum triglycerides, particularly the polyunsaturated triglycerides C20:4_C34:3 and C18:2_C38:6, in the PCOS pregnant women. Although, triacylglycerols are not metabolically active, their breakdown products, including fatty acids and diacylglycerols, play important roles in cell signaling (8, 20). Indeed, our subsequent enrichment analysis showed significant elevations in triglycerides containing essential polyunsaturated fatty acid (PUFA) with critical cell signaling properties, namely C20:4 (arachidonic acid), C18:0 (linoleic acid) and C16:0 (palmitic acid) in the PCOS group. Several mass spectrometry-based studies have shown alterations in certain free fatty acids in the serum of PCOS women, including palmitoleic and oleic acids (21, 22). Furthermore, increased serum levels of linoleic acid were reported in PCOS obese patients (21), whereas elevated oleic acid and stearic acid levels were associated with the developmental competence of oocytes, which could contribute to lower pregnancies in PCOS women (21). These PUFAs were previously reported to play important roles in reproductive performance (23–25). Studies have shown that serum levels of arachidonic acid, linoleic acid, and docosahexaenoic acid were decreased in obese PCOS women compared to lean controls (14). This data highlights the important roles of these bioactive lipids in obesity-associated PCOS and PCOS in pregnant women. Previous studies have indicated that free fatty acids represent essential molecular mediators of various metabolic diseases including PCOS as they play a critical role in lipid metabolism with significant impact on cell growth, differentiation and metabolism (14). Oocyte fatty acid composition and their levels in the microenvironment could influence embryogenesis and pregnancy outcome (26, 27), by triggering endoplasmic reticulum stress and influencing oocyte maturation (21).

Our study has also revealed a 10% lower birth weight of babies in PCOS women compared to their matching controls: low birth weight is associated with a range of poor fetal outcomes including increased risk of neonatal death (28). Our data is in accord with previous studies that have reported an increased prevalence of small-for-gestational-age offspring in women with PCOS (5, 29) with no difference in gestational age at delivery. It is recognized that mothers with higher blood pressure had offspring with lower birth weight (30, 31) that we also showed here; however, in addition we report the novel finding of a negative correlation between maternal blood pressure in the second trimester and baby birth weight at delivery that may suggest a functional relationship between baby birth weight and maternal blood pressure as early as the second trimester. When considering potential indicative metabolic biomarkers of birth weight, our data revealed that SBP at delivery was the strongest predictor of low birth weight. Combined with the sphingolipids including the hexosylceramide HexCer (d18:2/24:0), the dihydroceramides Cer (d18:0/24:1) as well as the amino acid serine, these 4 markers best indicated low birth weight in our study.

The underlying mechanism of increased maternal blood pressure and associated lower birth weight is not well characterized. Elevated maternal blood pressure could potentially reflect a compensatory mechanism for placental dysfunction and a consequence of restricted fetal growth (32). The relationship between the two identified ceramides (HexCer.d18.2.24.0 and Cer.d18.0.24) and low birthweight could be reflecting their association with maternal insulin resistance, as our data has shown, causing lower gestational weight. Elevated levels of hexCer were previously shown to be associated with insulin resistance its driven lipotoxicity (33). Previous studies in rats have indicated that high muscle stearoyl- and oleoyl-ceramide content is associated with increased insulin resistance (34). Increased serine levels with lower gestational age could reflect the close correlation between serine levels and IR and obesity. Increased glycolysis may represent the key factor for increased serine serum levels in PCOS patients (35). Whether serine is an independent predictor of low birth weight, or simply an indirect marker for glucose intolerance, abnormal glucose metabolism and insulin resistance, it remains to be investigated. Serine phosphorylation hypothesis may provide a common biological mechanism for the two principal features of PCOS hyperandrogenemia and insulin resistance, however it t remains to be proven (36), however it remains to be verified. Further studies are warranted to characterize the functional relevance and the predictive value of the identified indicators of low birth weight at second trimester for diagnostic and potentially therapeutic interventions.


Study Limitations

Despite the relative low number of participants in the PCOS group, the metabolic differences between PCOS and matching controls were large enough to be detected following multiple testing correction. However, larger studies are warranted to rule out the possibility of false negatives due to low study power. Furthermore, the cross-sectional design may have reduced the ability to assess the metabolic changes during pregnancy and the interpretation of data from a pathophysiological angle. Additionally, the observational nature of the study warrants functional validation before inferring any functionality. Other unmeasured factors were not accounted for such as dietary habits, medication and other unknown environmental factors; however, correcting for principle components may have partially accounted for some of these confounders. Larger studies with dynamic measurement of metabolites during pregnancy in different matrixes, combined with functional validation, would certainly improve our understanding of the metabolic signature of PCOS and its impact on pregnancy outcome.

In conclusion, these data indicate differences in the metabolic signature between PCOS and control pregnant women at second trimester, and highlight the indicative potential of triacylglycerols as metabolic markers of low birth weight. This data needs further validation to improve our understanding of the pathophysiology of PCOS in pregnancy and its impact on pregnancy outcome.
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Obesity is an excess accumulation of body fat. Its progression rate has remained high in recent years. Therefore, the aim of this study was to diagnose important differentially expressed genes (DEGs) associated in its development, which may be used as novel biomarkers or potential therapeutic targets for obesity. The gene expression profile of E-MTAB-6728 was downloaded from the database. After screening DEGs in each ArrayExpress dataset, we further used the robust rank aggregation method to diagnose 876 significant DEGs including 438 up regulated and 438 down regulated genes. Functional enrichment analysis was performed. These DEGs were shown to be significantly enriched in different obesity related pathways and GO functions. Then protein–protein interaction network, target genes - miRNA regulatory network and target genes - TF regulatory network were constructed and analyzed. The module analysis was performed based on the whole PPI network. We finally filtered out STAT3, CORO1C, SERPINH1, MVP, ITGB5, PCM1, SIRT1, EEF1G, PTEN and RPS2 hub genes. Hub genes were validated by ICH analysis, receiver operating curve (ROC) analysis and RT-PCR. Finally a molecular docking study was performed to find small drug molecules. The robust DEGs linked with the development of obesity were screened through the expression profile, and integrated bioinformatics analysis was conducted. Our study provides reliable molecular biomarkers for screening and diagnosis, prognosis as well as novel therapeutic targets for obesity.




Keywords: adiposities, obesity, differentially expressed genes, modules, protein–protein interaction network



Introduction

Obesity has long been part of the larger metabolic disorder and affects a large proportion of the global population particularly in the Western World (1). Obesity is diagnosed on the basis of body mass index (1). Obesity occurs in children age between 5 to 19 years as well as more common in women than in men (2). Countless surveys have proved that obesity is an key risk factor for heart disease (3), hyperlipidaemia (4), hyperinsulinaemia (5), hypertension (6), atherosclerosis (7), insulin resistance (8) and cancer (9). Important candidate genes and relevant signaling pathways linked with obesity remains largely unknown. As a result, seek of an earlier diagnosis and better prognosis, deeper understanding of genetic and molecular mechanisms about obesity is necessary.

Previous reports demonstrate that many genes and signaling pathways participate in obesity. Polymorphisms in UCP2 and UCP3 were responsible for development of obesity (10). TNFα and lipoprotein lipase were important for advancement of obesity (11). SLC6A14 (12) and JHDM2A (13) were lined with pathogenesis of obesity. Human salivary (AMY1) and pancreatic (AMY2) amylase genes were diagnosed with growth of obesity (14). Signaling pathways such as inflammatory signaling pathway (15), TLR4 signaling pathway (16), calcineurin-dependent signaling pathways (17), mTOR Complex1–S6K1 signaling pathway (18) and leptin-signaling pathway (19) were important for development of obesity. Therefore, it is meaningful to explore the precise molecular mechanisms involved in obesity and thus find a valid diagnostic way and generate an advance therapeutic strategy.

In present trends, the application of high-throughput analysis in gene expression profiling is becoming more valuable in clinical and medical research (20), molecular classification (21), prognosis prediction (22), diagnoses (23) and new targeted drug discovery (24). In this study, the original microarray data (E-MTAB-6728) was downloaded from ArrayExpress database (https://www.ebi.ac.uk/) and analyzed to get differently expressed genes (DEGs) between obesity persons and lean persons (normal controls). Subsequently, gene ontology (GO), pathway enrichment analysis, protein–protein interaction network construction and analysis, module analysis, target gene - miRNA interaction network construction and analysis, and target gene - TF interaction network construction and analysis to discover the key genes and pathways closely related to obesity. Finally, selected hub genes were validated by immunohistochemical (IHC) analysis, receiver operating characteristic curve (ROC) analysis and RT-PCR. This current investigation aimed at using bioinformatics tools to predict the key pathways and genes in obesity that can hold a value for target based therapeutic means.



Materials and Methods


Microarray Data

The microarray expression profile of E-MTAB-6728 was downloaded from ArrayExpress (https://www.ebi.ac.uk/). E-MTAB-6728 was based on A-MEXP-1171 - Illumina HumanHT-12 v3.0 Expression BeadChip and was submitted by Bjune et al. (25). The E-MTAB-6728 dataset about expression of genes from obesity persons compared to lean persons (normal controls).There are twenty-four samples including twelve obesity persons and lean persons (normal controls). The overall design of the experiment was microarray analysis of adiposities from obese patients versus adipocytes from lean persons (controls).



Identification of DEGs

The raw data files were acquired for the analysis as IDAT files (Illumina platform) forms and were converted into gene symbols and then processed to background correction and quantile data normalization using the effective multiarray average algorithm in the beadarray package (26). The analysis was carried out via R software (version 3.5.2). Hierarchical clustering analysis was applied to categorize the samples into two groups with similar expression patterns in obesity persons and lean persons (normal controls). The paired Student’s t-test based on the Limma package in R bioconductor was used to diagnose DEGs between two experimental conditions (27). Multiple testing corrections were performed by the Benjamini–Hochberg method (28). Then, the Log2 Fold change (log2FC) was determined. We selected up regulated DEGs with | log2FC | > 0.524 and FDR < 0.05, and down regulated DEGs with | log2FC | < -0.394 and FDR < 0.05 were considered as the cutoff values.



Pathway and Gene Ontology (GO) Enrichment Analysis of DEGs

The BIOCYC, Kyoto Encyclopedia of Genes and Genomes (KEGG), REACTOME, Pathway Interaction Database (PID), GenMAPP, MSigDB C2 BIOCARTA, PantherDB, Pathway Ontology and Small Molecule Pathway Database (SMPDB) databases are a knowledge base for systematic analysis, annotation, and visualization of gene functions. The GO database can add functional classification for genomic data, including categories of biological processes (BP), cellular component (CC), and molecular function (MF). GO analysis is a prevalent genes and gene products annotating approach. ToppCluster (https://toppcluster.cchmc.org/) (29) is an online tool for gene functional classification, which is a key foundation for high-throughput gene analysis to understand the biological importance of genes. In the current investigation, in order to analyze the functions of DEGs, Pathway and GO enrichment analysis were conducted using the ToppCluster online tool; p<0.05 was set as the cutoff point.



Integration of PPI Network and Module Analysis

The mentha (https://mentha.uniroma2.it/) (30) is a biological database designed to predict protein-protein interaction (PPI) information. The DEGs were mapped to STRING to evaluate the interactive relationships, with a confidence score >0.9 defined as significant. Then, integration of protein-protein interaction (PPI) network was visualized using cytoscape software (version 3.8.2) (http://www.cytoscape.org/) (31). The plug-in Network Analyzer identified hub genes based on mathematical calculation methods such as node degree (32), betweenness (33), stress (34) and closeness (35) the number of genes within centrality mathematical calculation methods were represented the significance of the disorder. The PEWCC1 was applied to screen modules of PPI network with degree cutoff = 2, node score cutoff = 0.2, k-core = 2, and max. depth = 100 (36). The functional enrichment analysis in the module was performed by ToppCluster.



Construction of Target Genes - miRNA Regulatory Network

MiRNA of target genes were explored combined with the human miRNA information (miRNet database, (https://www.mirnet.ca/) (37), recorded using TarBase, miRTarBase, miRecords, miR2Disease, HMDD, SM2miR, PhenomiR, PharmacomiR, EpimiR and starBase databases, and visualized using the Cytoscape software (31).



Construction of Target Genes - TF Regulatory Network

TFs of hub genes were explored combined with the human TF information (NetworkAnalyst database, http://www.networkanalyst.ca) (38), recorded using ENCODE database, and visualized using the Cytoscape software (31).



Validation of Hub Genes

Immunohistochemical (IHC) analysis of adipose tissues was performed utilizing human protein atlas (www.proteinatlas.org) (39). ROC analysis was performed using pROC package (40) in R. ROC analyses were estimated for diagnostic value of hub genes. When the AUC value was > 0.7, the hub genes were considered to be capable of distinguishing obesity persons from normal lean with excellent specificity and sensitivity.



Detection of the mRNA Expression of the Hub Genes by RT-PCR

D12 (ATCC CRL-3280) cell line for obesity and D16 (ATCC CRL-3281) cell line a normal control were purchased from the American Type Culture Collection (ATCC) (Maryland, USA). D12 cells were cultured in Dulbecco’s modified Eagle’s medium (DMEM) F­12 medium, which contains 10% fetal bovine serum. D16 cells were cultured in Dulbecco’s modified Eagle’s medium (DMEM) F­12 medium, which contains 10% fetal bovine serum. The culture temperature is 37°C and CO2 concentration is 5%. Total cellular RNA was extracted from cell culture with 1 ml TRI Reagent® (Sigma, USA). Reverse transcription cDNA kit (Thermo Fisher Scientific, Waltham, MA, USA) and random primers were used to synthesize cDNA. RT-PCR was performed using QuantStudio 7 Flex real-time PCR system (Thermo Fisher Scientific, Waltham, MA, USA). The conditions for RT-PCR amplification were as follows: 95°C for 120 seconds followed by 40 cycles of 95°C for 15 seconds, annealing temperature for 45 seconds. Each sample was run in triplicate. Relative expression level for each target gene was normalized by the Ct value of β-actin (internal control) using a 2 −ΔΔCT relative quantification method (41). The primer pairs used in the experiments are listed in Supplementary Table 1.



Molecular Docking Studies

The module SYBYL-X 2.0 perpetual software was used for Surflex-Docking of the designed molecules. The molecules were sketched by using ChemDraw Software and imported and saved in sdf. format using Openbabelfree software. The one co-crystallized protein from each of ERBB2, STAT3 and HSPAB8 were selected for docking studies. The protein structures of ERBB2, STAT3 and HSPAB8 of PDB code 1MFL, 5OOW and 3CWG was retrieved from Protein Data Bank (42–44). Together with the TRIPOS force field, GasteigerHuckel (GH) charges were added to all designed molecules and the standard ant-obesity drug Orlistat, for the structure optimization process. In addition, energy minimization was carried out using MMFF94s and MMFF94 algorithm process. Protein processing was carried out after the incorporation of protein. The co-crystallized ligand and all water molecules were removed from the crystal structure; more hydrogen’s were added and the side chain was set. TRIPOS force field was used for the minimization of structure. The designed molecules interaction efficiency with the receptor was represented by the Surflex-Dock score in kcal/mol units. The interaction between the protein and the ligand, the best pose was incorporated into the molecular area. The visualization of ligand interaction with receptor is done by using discovery studio visualizer.




Results


Data Normalization

Each array was normalized (centered) by quantile data normalization using the beadarray package in R bioconductor. As shown in Figures 1A, B, raw expression data were normalized after preprocessing; median-centered values demonstrated that the data were normalized and thus it was possible to cross-compare between obesity persons and lean persons (normal controls).




Figure 1 | Box plots of the gene expression data before (A) and after normalization (B). Horizontal axis represents the sample symbol and the vertical axis represents the gene expression values. The black line in the box plot represents the median value of gene expression. (A1-A12 = adipocytes from lean persons; B1-B12 = adipocytes from obese patients).





Identification of DEGs Between Obese Patients and Lean Persons

To preliminarily understand the mechanism contributing to the obesity, 24 patients [12 obesity persons and 12 lean persons (normal controls)] were selected for subsequent analysis. Based on the analysis, a total of 876 DEG compose of 438 genes had been expressed highly and about 438 genes had been shown to decrease expression in obesity and are listed in Supplementary Table 2. The FDR <0.05 was as a threshold value. Heat map is shown in Figure 2. Volcano plot for DEGs is shown in Figure 3.




Figure 2 | Heat map of differentially expressed genes.






Figure 3 | Volcano plot of differentially expressed genes. Genes with a significant change of more than two-fold were selected.





Pathway and Gene Ontology (GO) Enrichment Analysis of DEGs

To further investigate the biologic functions and mechanisms of the DEGs, pathway and GO enrichment analyses were performed using ToppCluster tool. Pathway enrichment analysis revealed that the up regulated genes were mainly enriched in thyroid hormone metabolism II (via conjugation and/or degradation), ECM-receptor interaction, IL6-mediated signaling events, collagen formation, C21 steroid hormone metabolism, genes encoding collagen proteins, integrin signalling pathway, hypertension and suprofen pathway, and are listed in Supplementary Table 3. Similarly, down regulated genes were mainly enriched in superpathway of methionine degradation, ribosome, FoxO family signaling, eukaryotic translation elongation, propanoate metabolism, CDK regulation of DNA replication, p38 MAPK pathway, glycine, serine and threonine metabolic, and glycine, serine and threonine metabolism, and are listed in Supplementary Table 4. GO analysis results showed that up regulated genes were significantly enriched in blood vessel morphogenesis, extracellular matrix and growth factor binding, and are listed in Supplementary Table 5. Similarly, down regulated genes were mainly enriched in organic acid biosynthetic process, cytosolic small ribosomal subunit and structural constituent of ribosome, and are listed in Supplementary Table 6.



Integration of PPI Network and Module Analysis

The PPI network of up regulated genes consisted of 7271 nodes and 16270 edges (Figure 4) and down regulated genes consisted of 7276 nodes and 19862 edges (Figure 5) constructed in the mentha database and visualized using Cytoscape software. Based on the mentha database, the DEGs with the highest PPI scores identified by the four centrality methods are shown in Supplementary Table 7. There are 5 up regulated genes selected as hub genes, such as HSPA8, HSPA5, YWHAH, STAT3 and ERBB2, and 5 down regulated genes selected as hub genes, such as ESR1, ARRB1, CSNK2A2, RBBP4 and NR3C1. A significant module was obtained from PPI network of DEGs using PEWCC1, including module 1 contains 49 nodes and 99 edges (Figure 6A) and module 2 contains 66 nodes and 754 edges (Figure 6B). Functional enrichment analysis revealed that genes in these modules were mainly involved in PI3K-Akt signaling pathway, regulation of nuclear SMAD2/3 signaling, ribosome, eukaryotic translation elongation, metabolism of amino acids and derivatives, disease, cellular amide metabolic process, establishment of protein localization to endoplasmic reticulum, monocarboxylic acid biosynthetic process translation, translational initiation, macromolecule catabolic process and cytosolic small ribosomal subunit.




Figure 4 | Protein–protein interaction network of up regulated genes. Green nodes denotes up regulated genes.






Figure 5 | Protein–protein interaction network of down regulated genes.






Figure 6 | (A) Module of up regulated genes. The green nodes denote the up regulated genes (B) Module of down regulated genes. The red nodes denote the down regulated genes.





Construction of Target Genes - miRNA Regulatory Network

To further understand the regulatory network between miRNAs and target genes, through miRNet database were constructed by Cytoscape. As shown in Figure 7, the miRNA-regulated network with 2613 nodes (miRNA: 2261; target gene: 352) and 17260 edges was obtained for up regulated target genes and Figure 8, the miRNA-regulated network with 2685 nodes (miRNA: 2327; target gene: 358) and 19827 edges was obtained for down regulated target genes. Different target genes regulated by miRNAs are shown in Supplementary Table 8. SOD2 had been predicted to regulate 257 miRNAs (ex; hsa-mir-3144-3p), CCND1 had been predicted to regulate 251 miRNAs (ex; hsa-mir-7706), TUBB2A had been predicted to regulate 193 miRNAs (ex; hsa-mir-5692c), CCND2 had been predicted to regulate 179 miRNAs (ex; hsa-mir-7162-3p), TMEM189 had been predicted to regulate 146 miRNAs (ex; hsa-mir-548z), BTG2 had been predicted to regulate 247 miRNAs (ex; hsa-mir-6075), TXNIP had been predicted to regulate 228 miRNAs (ex; hsa-mir-3194-3p), MED28 had been predicted to regulate 203 miRNAs (ex; hsa-mir-6861-5p), CNBP had been predicted to regulate 197 miRNAs (ex; hsa-mir-4651) and MKNK2 had been predicted to regulate 195 miRNAs (ex; hsa-mir-3650).




Figure 7 | The network of up regulated genes and their related miRNAs. The green circles nodes are the up regulated genes, and chocolate diamond nodes are the miRNAs.






Figure 8 | The network of down regulated genes and their related miRNAs. The red circles nodes are the down regulated genes, and chocolate diamond nodes are the miRNAs.





Construction of Target Genes - TF Regulatory Network

To further understand the regulatory network between TFs and target genes, through NetworkAnalyst database were constructed by Cytoscape. As shown in Figure 9, the TF-regulated network with 629 nodes (TF: 336; Gene: 293) and 6293 edges was obtained for up regulated target genes and Figure 10, the TF-regulated network with 2685 nodes (TF: 342; Gene: 299) and 8597 edges was obtained for down regulated target genes. Different target genes regulated by TFs are shown in Supplementary Table 9. YWHAH had been predicted to regulate 70 TFs (ex; MAZ), LYZ had been predicted to regulate 62 TFs (ex; TFDP1), HP had been predicted to regulate 60 TFs (ex; KLF9), TRAM2 had been predicted to regulate 54 TFs (ex; KLF16), CCND1 had been predicted to regulate 51 TFs (ex; EZH2), EFNA1 had been predicted to regulate 91 TFs (ex; TFDP1), MED16 had been predicted to regulate 85 TFs (ex; MAZ), RWDD2A had been predicted to regulate 82 TFs (ex; KDM5B), ADD3 had been predicted to regulate 82 TFs (ex; SAP30) and AIP had been predicted to regulate 82 TFs (ex; PHF8).




Figure 9 | TF ‐ gene network of predicted target up regulated genes. (Blue triangle - TFs and green circles- target up regulated genes).






Figure 10 | TF‐gene network of predicted target down regulated genes. (Blue triangle - TFs and red circles- target up regulated genes).





Validation of Hub Genes

Immunohistochemical analysis demonstrated that the expression of STAT3, CORO1C, SERPINH1, MVP and ITGB5 were highly expressed in adipose tissues, whereas PCM1, SIRT1, EEF1G, PTEN and RPS2 were low expressed in adipose tissue (Figure 11I) and Box plots is showed in Figure 11II. Validated by ROC curves, we found that 10 hub genes had high sensitivity and specificity, including STAT3 (0.951), CORO1C (0.799), SERPINH1 (0.924), MVP (0.938), ITGB5 (0.938), PCM1 (0.826), SIRT1 (0.799), EEF1G (0.913), PTEN (0.833) and RPS2 (0.840) (Figure 12). The 10 hub genes might be biomarkers of obesity and have positive implications for early medical intervention of the disease.




Figure 11 | I) Immunohisto chemical l (IHC) analyses of hub genes were produced using the human protein atlas (HPA) online platform. II) Box plot for IHC analysis of hub genes (A) STAT3 (B) CORO1C (C) SERPINH1 (D) MVP (E) ITGB5 (F) PCM1 (G) SIRT1 (H) EEF1G (I) PTEN (J) RPS2.






Figure 12 | ROC curve validated the sensitivity, specificity of hub genes as a predictive biomarker for obesity prognosis. (A) STAT3 (B) CORO1C (C) SERPINH1 (D) MVP (E) ITGB5 (F) PCM1 (G) SIRT1 (H) EEF1G (I) PTEN (J) RPS2.





Detection of the mRNA Expression of the Hub Genes by RT-PCR

The adipocytes were removed to detect the mRNA expression levels of hub genes in the PPI network, including STAT3, CORO1C, SERPINH1, MVP, ITGB5, PCM1, SIRT1, EEF1G, PTEN and RPS2. It was found that the mRNA expression levels of STAT3, CORO1C, SERPINH1, MVP and ITGB5 were significantly increased in the obesity compared with the control group. Furthermore, the results illustrate that the mRNA expression levels of PCM1, SIRT1, EEF1G, PTEN and RPS2 were significantly decreased in the obesity compared with the control group (Figure 13). Therefore, the RT-PCR results of the hub genes were consistent with the bioinformatics analysis.




Figure 13 | Validation of hub genes by RT- PCR. (A) STAT3 (B) CORO1C (C) SERPINH1 (D) MVP E) ITGB5 (F) PCM1 (G) SIRT1 (H) EEF1G (I) PTEN (J) RPS2.





Molecular Docking Studies

In the present research, the docking simulations are performed to identify the active site conformation and major interactions responsible for complex stability with the ligand receptor. Designed novel molecules containing four membered more sensitive β-lactam ring, the four membered and performed docking studies using Sybyl X 2.1 drug design software. Molecules containing β-lactam ring is designed which is easily reacting group Figure 14A, based on the structure of anti-obesity drug orlistatfour membered ring Figure 14B, has potent pancreatic lipase inhibitory activity. The molecules were designed based on the structure of the standard anti-obesity drug orlistat. The one protein in each of three over expressed genes of ERBB2, its co-crystallized protein of PDB code 1MFL,HSPAB 8its co-crystallized protein of PDB code 5OOW and STAT 3its co-crystallized protein of PDB code of 3CWG respectively selected for docking studies. The investigation of designed molecules was performed to identify the potential molecule. The most of the designed molecules with respect to the standard anti-obesity drug orlistat, obtained C-score greater than 5. The C-score greater than 5 are said to be an active, among total of 32 designed molecules few molecules have excellent good binding energy (C-score) greater than 7 respectively. The molecule ND4, FU5 and PF5 obtained score of 7.242, 7.659 and 7.842 with 1MFL and the molecules PM6, ND1, ND3, ND5, ND6, PF5 and PF6 obtained score of 7.5269, 7.6271, 8.0824, 7.6595, 7.0792 and 7.2659 with 3 CWG and the molecules PM4, PM6, ND1, ND5, ND6, PF4, and PF obtained good binding score of 7.1631, 8.8312, 7.3781, 7.9872, 7.9567, 7.0213 and 7.0386 with 5OOW respectively. The molecules found binding score 5-6 is PM1, PM2, PM3, PM4, PM5, PM6, PM7, PM8, ND1, ND2, ND3, ND5, ND6, ND7, ND8, FU1, FU2, FU3, FU4, FU7, FU8, PF1, PF2, PF3, PF4, PF6, PF7, PF8 and standard olistat (STD) with 1MFL and PM2, PM6, FU17, FU18, FU19, FU20, FU23, PF26, PF27, PF28 and PF32 with 3CWG, and PM1, PM2, PM3, PM5, PM7, PM8, ND2, ND3, ND4, ND7, ND8, FU1, FU2, FU3, FU4, FU5, FU6, FU7, FU8, PF1, PF2, PF3, PF6, PF7 and PF8 5OOW respectively. No molecules obtained binding score with less than 5 respectively; the values are depicted in Supplementary Table 10. The molecule PF5 has good binding score with all three proteins and ND1, ND3, ND5 and ND6 obtained good binding score with 3CWG and 5OOW. The molecule ND5 has highest binding score and is very close with standard olistat, the interaction with protein 5OOW and hydrogen bonding and other bonding interactions with amino acids are depicted by 3D (Figure 15) and 2D (Figure 16) images.




Figure 14 | (A) Scheme of designed molecule (B) Structure of orlistat.






Figure 15 | 3D Interaction of ND5 with 5OOW.






Figure 16 | 2D Interaction of ND5 with 5OOW.






Discussion

Due to the heterogeneity of obesity, obesity was still a disease with high rates of prevalence. This might be due to the scarcity of valid biomarkers for detection of obesity and of valid treatment for obesity. Therefore, molecular mechanisms of obesity are necessary for scientists to find the treat and diagnosis method of obesity. Because of the fast advancement of bioinformatics analysis, it is more convenient to find out the genetic modification in obesity. Bioinformatics analysis enables us to explore the gene, the genetic change in obesity, which had been proved to be a better approach to identify novel biomarkers.

In our study, a total of 876 DEGs were diagnosed from gene expression dataset, consisting of 438 up regulated genes and 438 down regulated genes in obese patients compared to lean persons. Study showed that PTGDS (prostaglandin D2 synthase) (45), LBP (lipopolysaccharide binding protein) (46), EGFL6 (47), STAT3 (48) and HDAC9 (49) were closely associated with obesity. The expression level of CYP11A1 (50) and WNT11 (51) were linked to cancer progression, but these genes might be novel target for obesity. A previous study showed that expression of GPR146 played an important role in insulin resistance (52), but these genes might be novel target for obesity. Aberrant expression of RFX1 (53) and (54) are noticeable factors in the heart disease, but these genes might be novel target for obesity. CLDND1 expression predicted poor therapeutic outcomes of hypertension patients (55).

Functional enrichment analysis of DEGs was implemented. SULT1A1 (56), SULT1A2 (56), COL6A1 (57), COL6A2 (58), SOS1 (59), STAT1 (60), COL5A2 (61), RND3 (62), COL15A1 (63), CBS (cystathionine-beta-synthase) (64), MCM6 (65), TNFRSF12A (66), FMOD (fibromodulin) (67), TYMP (thymidine phosphorylase) (68), ALPL (alkaline phosphatase, biomineralization associated) (69), EFEMP1 (70), MFAP4 (71), IGFBP5 (72), GLUL (glutamate-ammonia ligase) (73), HACD1 (74) and SCP2 (75) have been reported to be biomarkers of heart disease or play a vital role in its pathogenesis, but these genes might be novel target for obesity. Several studies have shown that expressions of COL1A2 (76), COL3A1 (77), EEF2K (78), ANGPT1 (79), NOTCH3 (80) and TGFBR2 (81) can be a strong prognosis biomarker in patients with hypertension, but these genes might be novel target for obesity. DAG1 (82), ITGAV (integrin subunit alpha V) (83), LAMA5 (84), SPP1 (85), COL11A1 (86), COL12A1 (87), SERPINH1 (88), RHOC (89), RPL14 (90), RPL29 (91), RPS12 (92), RPS15A (93), RPS2 (94), RPS27 (95), RPS3 (96), RBL2 (97), EEF1D (98), ACACA (acetyl-CoA carboxylase alpha) (99), ORC2 (100), PHGDH (phosphoglycerate dehydrogenase) (101), SHMT1 (102), NRCAM (neuronal cell adhesion molecule) (103), NRP2 (104), RSPO3 (105), SRPX2 (106), THY1 (107), CD248 (108), CLEC3B (109), CST3 (110), CTHRC1 (111), GPC1 (112), ACSS2 (113) and HSD17B12 (114) have been extensively reported as a tumor biomarkers, but these genes might be novel target for obesity. The results obtained were consistent with studies that role of LAMB3 (115), THBS1 (116), TIMP1 (117), LOX (lysyl oxidase) (118), MMP9 (119), HSD11B1 (120), ITGB2 (121), HMOX1 (122), SOD2 (123), AKR1C3 (124), MAT2B (125), FOXO1 (126), FOXO3 (127), SIRT1 (128), ACACB (acetyl-CoA carboxylase beta) (129), ELK1 (130), MAP3K5 (131), CTH (cystathionine gamma-lyase) (132), AMOT (angiomotin) (133), CCDC80 (134), CXCL10 (135), ERBB2 (136), KLF4 (137), LEP (leptin) (138), MFGE8 (139), SLIT2 (140), TNMD (tenomodulin) (141), ADAMTS5 (142), ELN (elastin) (143), HTRA1 (144), LUM (lumican) (145), MFAP5 (146), IL1RN (147), ACADL (acyl-CoA dehydrogenase long chain) (148), AGT (angiotensinogen) (149), FADS1 (150), PDK4 (151), PER2 (152) and SLC27A2 (153) in obesity. CDKN1B was shown to be a potential predictor of advanced hyperinsulinemia (154), but this gene might be novel target for obesity. Reports illustrate that CXCL12 (155) and IGFBP6 (156) and ELOVL6 (157) were expressed in patients with insulin resistance, but these genes might be novel target for obesity.

Furthermore, by constructing PPI networks and moduleas, we identified some key genes that provide new insights for obesity diagnosis, prognosis, and drug target identification. Expression of the HSPA8 (158) and CKB (159) were correlated with disease grades of hypertension, but these genes might be novel target for obesity. Recent studies have proposed that HSPA5 (160), YWHAH (161), ESR1 (162), PTEN (163), IRAK1 (164), CYR61 (165) and ZBTB16 (166) are involved in obesity. Previous reports demonstrate that SPTAN1 (167), STEAP2 (168), NEK6 (169), ARRB1 (170), FBXO11 (171), UBR2 (172), INTS6 (173), CDK14 (174). LMO2 (175), MSN (176), TAGLN2 (177), SRSF3 (178), SAFB (179), SIN3A (180), TRIM24 (181) and AUTS2 (182) appears to be constitutively activated in cancer, but these genes might be novel target for obesity. CSNK2A2 expression might be regarded as an indicator of susceptibility to heart disease (183), but this gene might be novel target for obesity. COPG2, FBL, CSNK2B, PCM1, ZNF581, KHDRBS1, RBMX, RBBP4 and DCAF7 are novel biomarkers for obesity.

Target genes - miRNA regulatory network and target genes - TF regulatory network were constructed and analyzed. A previous study reported that CCND1 (184) and HP (185) were expressed in obesity. CCND2 (186) and TXNIP (187) are a potential marker for the detection and prognosis of insulin resistance, but these genes might be novel target for obesity. Other research has revealed that BTG2 was expressed in obesity (188). Expression of MED28 (189) and EFNA1 (190) might participate in cancer progression, but these genes might be novel target for obesity. TUBB2A, TMEM189, CNBP, LYZ, TRAM2, MED16, RWDD2A, ADD3 and AIP are a novel biomarkers for obesity.

However, this investigation had some limitations. Primarily, the mechanisms of several hub genes in the pathological process of obesity remain unclear, warranting needs further investigation. Moreover, the success of our small molecule drug compound screening in reducing obesity remains to be assessed.

In conclusion, in this study, we determined that STAT3, CORO1C, SERPINH1, MVP, ITGB5, PCM1, SIRT1, EEF1G, PTEN and RPS2 might be critical genes in the development and prognosis of obesity through bioinformatics analysis combined with validations. However, it is essential that further experiments are carried out and clinical data made available to confirm the results of our investigation and guide the discovery of future gene therapies against obesity.
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Background

It has been demonstrated that vitamin D receptor (VDR), a key gene in the metabolism of vitamin D (VD), may affect the development of Non-alcoholic fatty liver disease (NAFLD) by regulating VD level and its biological effects.



Objectives

To investigate the effects of serum VD level, VDR variation, and a combination of VDR SNP and environmental behavior factor on the risk of NAFLD.



Methods

A total of 3023 subjects from a community in Nanjing were enrolled, including 1120 NAFLD cases and 1903 controls. Serum 25(OH)D3 levels were measured and eight single nucleotide polymorphisms (SNPs) in VDR gene were genotyped.



Results

Logistic regression analyses indicated that VD sufficiency and VD insufficiency were significantly associated with a low risk of NAFLD (all P<0.05; all Ptrend <0.05, in a locus-dosage manner). After adjusting for gender and age, VDR rs2228570-A and rs11168287-A alleles were all reduced the risk of NAFLD (all PFDR=0.136, in dominant model; Ptrend =0.039, combined effects in a locus-dosage manner). The protective effects of two favorable alleles were more evident among subjects ≤40 years, non-hypertension, non-hyperglycemia and non-low high density lipoprotein-cholesterol (all P<0.05). The area under the receiver operating curve of the combination of VDR SNP and exercise time for assessing NAFLD risk was slightly higher than that of only including exercise time or neither (all P<0.05).



Conclusion

High serum VD levels and VDR variants (rs2228570-A and rs11168287-A) might contribute to a low risk of NAFLD in Chinese Han population. The inclusion of VDR SNP and exercise time could improve the efficiency in assessment of NAFLD risk, which might provide a novel perspective for early screening and preventing NAFLD.
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Introduction

Non-alcoholic fatty liver disease (NAFLD), as the most prevalent liver disease worldwide, comprises a wide disease spectrum ranging from steatosis to nonalcoholic steatohepatitis (NASH) and NASH-related cirrhosis (1, 2). The reported prevalence reaches 10-30% in the United States, Europe and Asia (3, 4). Most patients with NAFLD are asymptomatic, and only few may complain of nonspecific symptoms, like discomfort, fatigue, and vague right upper abdominal pain (5), but NAFLD can increase the risk of type 2 diabetes mellitus (T2DM) as well as cardiovascular disease (6), and NASH may develop into fibrosis, even causing cirrhosis and hepatocellular carcinoma (7). There are currently no approved therapies for NAFLD (8, 9), and it is still necessary to explore the potential influencing factors affecting the development and progression of NAFLD.

Many factors are associated with NAFLD including insulin resistance (IR), metabolic syndrome and genetic variation (10, 11). Studies have increasingly found that vitamin D (VD) can affect the development of NAFLD by regulating IR (12), immune inflammation (13), lipid metabolism and target gene expression (14). Vitamin D deficiency is implicated in NAFLD etiology (15, 16), insulin resistance (17), visceral obesity, and metabolic syndrome (18). A meta-analysis found that compared to controls, patients with NAFLD had a lower level of VD (0.36 ng/mL) and were 1.26 times more likely to be VD-deficient (19). A population-based case-control study in China found that low serum VD was associated with advanced liver fibrosis in NAFLD patients (20). However, another systematic review and meta-analysis suggested that serum VD level might not change with NAFLD histologic severity (21). A randomized, double-blind, placebo-controlled trial in Italy suggested that although high-dose oral VD supplementation could increase the serum VD level, no effect was shown on hepatic steatosis or metabolic/cardiovascular parameters in T2DM patients with NAFLD (22). Thus, the relationship between VD and NAFLD was controversial.

VD must be transported, hydroxylated and finally combined with vitamin D receptor (VDR) to accomplish its biological roles (23). Serum VD may produce different biological effects due to genetic heterogeneity, which may help to explain why some people are prone to NAFLD, while others are not (even if they have metabolic syndrome components). Thus, exploring the influence of genetic variation on NAFLD related to VD metabolism is necessary. VDR, a key gene in VD metabolic pathway and a member of steroid/thyroid hormone receptor family (24), transcriptionally activates target genes after binding to vitamin D responsive elements localized in the promoter regions (25). These target genes mediate various NAFLD-associated processes, including lipid and glucose metabolism, cholesterol efflux and bile acid homeostasis, hepatic fibrogenesis, cellular differentiation, apoptosis and immune response (26, 27).

Notably, NAFLD is considered a complex disease trait such that interactions between the environment and a susceptible genetic host background influence disease development and progression (2). Studying data suggests that genetic background may influence the response to lifestyle modification. For example, reduction in liver fat and liver enzyme levels in response to weight loss was larger in subjects homozygous for the PNPLA3 I148M variant compared to non-carriers (28, 29). However, there is little information available on the association between environmental behaviors and VDR polymorphisms in the development and progression of NAFLD. Therefore, the aim of this study was to explore the effects of serum VD level, VDR variation, and a combination of VDR SNP and environmental behavior factor on the risk of NAFLD.



Methods


Participants and Study Design

A total of 3023 subjects from a community in Nanjing (Jiangsu, China) were enrolled in this case-control study during July to September 2018. The NAFLD cases were recruited from those diagnosed based on “Guideline of prevention and treatment for nonalcoholic fatty liver disease: a 2018 update”. NAFLD can be diagnosed if the following items 1-4 coexist with the fifth or sixth item: (1) no drinking or history of overdose drinking (less than 210g/week ethanol for men and 140g/week for women in the past 12 months); (2) excluding drug hepatitis, hepatitis C virus genotype 3 infection, hepatolenticular degeneration and other specific diseases that could result in fatty liver; (3) serum levels of transaminase and γ-glutamyl transpeptidase (γ-GT) increase mildly to moderately (<5 times above the upper normal limit), usually presenting as an increase of alanine aminotransferase (ALT); (4) metabolic syndrome constituents such as visceral obesity, hyperglycemia, blood lipid disorder and hypertension; (5) the result of liver imaging study meets the imaging diagnostic criteria of diffuse fatty liver; (6) the histological findings of liver biopsy meet the pathological diagnostic criteria of fatty liver disease. The non-NAFLD controls were collected from the same community during the study period and randomly assigned to the control group. The constituent ratios of gender and age between cases and controls were considered similar, according the results of frequency-matching.

Excluded were: (1) less than 18 years old; (2) subjects with infection, acute or chronic gastrointestinal diseases, autoimmune diseases or malignant tumors; (3) subjects with history of other viral hepatitis, alcoholic liver disease or primary liver cancer; (4) subjects of excessive drinking (alcohol consumption ≥30g/d in males and ≥20g/d in females); (5) subjects who received a liver transplant within the previous year, or had complications of advanced liver disease (varicose veins, ascites, etc.); (6) subjects with drug-induced fatty hepatitis; (7) subjects with history of psychiatric disorders.

By reviewing the literature, we assumed the frequency of gene mutation in the general population was 20%, odds ratio (OR) was 1.5, two-sided test α was 0.05, and power of test (1-β) was 90%. Therefore, the minimum sample size was estimated by NCSS-PASS 11 software (Dawson edition; Kaysville, UT) to be 784. This study had a sample size large enough to guarantee the production of reliable results.

The current study protocol was in accordance with the Declaration of Helsinki, and was approved by the Institutional Ethics Review Committee of Nanjing Medical University (Nanjing, China). Written informed consent was obtained before blood test and genetic analysis.



Collection of Basic Data and Blood Samples

Self-designed questionnaires and an electronic medical record system were used to collect the demographic and clinical characteristics of all participants. 5-mL ethylene diamine tetraacetic acid (EDTA) anticoagulant venous blood was collected from each subject in the morning after an overnight fast. Within 2 hours, the serum and blood cells in each blood sample were separated and frozen at -80°C until further serological tests and genotyping assays.



Serum 25(OH)D3 Level Detection

In two groups (gender and age matched at a ratio of 1:1, 336 subjects in the NAFLD group and 336 in the control group), the serum 25(OH)D3 level was measured by enzyme-linked immunosorbent assay (ELISA) according to the manufacturer’s instructions (Human 25-Dihydroxy vitamin D3 (25(OH)D3) ELISA Kit; Jin Yibai Biological Technology Co., Ltd.; Nanjing, China).



SNP Selection and Genotyping

Target SNPs with potential biological function were selected to better identify the susceptibility sites that affect the development of NAFLD. The selection processes were as follows: (1) Downloading the genotype database of VDR gene in Han Chinese in Beijing (CHB) from the 1000 Genomes Project database (http://asia.ensembl.org/Homo_sapiens/Info/Index); (2) Importing the genotype database into the Haploview software (version 4.2; Broad Institute, Cambridge, MA, USA). Setting parameters: Hardy-Weinberg P-value cutoff = 0.05; minor allele frequency (MAF) = 0.05; r2 threshold = 0.8. At this point, 56 tagging SNPs (tagSNPs) were captured; (3) Searching for literature in which these potential tagSNPs were associated with NAFLD, hypertension, type 2 diabetes, hyperlipidemia, metabolic syndrome, inflammatory diseases or immune-related disorders. Finally, eight disease-related target SNPs of VDR gene were selected, including rs3782905 (C>G), rs3847987 (C>A), rs11574129 (T>C), rs2228570 (C>A), rs11568820 (G>A), rs739837 (G>T), rs7975232 (C>A) and rs11168287 (G>A).

Genomic DNA was isolated from EDTA anticoagulated blood samples using magnetic bead method (blood genomic extraction kit; Pangu Genome Nanotechnology Co., Ltd.; Nanjing, China). The eight SNPs were genotyped using TaqMan allelic discrimination assays on the ABI 9700 system (Applied Biosystems, Foster City, California, USA; catalog numbers: C:_3290647_10, C:_2404006_10, C_175992105_10, C:12060045_20, C:_2880808_10, C:_2404007_10, C:28977635_10, C:_2404006_10). The quality control of experimental data was as follows: (1) blinding was adopted in genotyping, so that all laboratory personnel were unclear about the clinical data of the subjects; (2) 10% of the samples were randomly selected for repeated experiments with a repeatability of 100%. The success rates of genotyping all SNPs were higher than 99% in this study.



Statistical Analysis

All statistical analyses were processed using SPSS (version 22.0, SPSS Inc., Chicago, IL, USA) and MedCalc (Version 19.1, Ostend, Belgium). Distributions of demographic and clinical characteristics of two groups were compared using χ2-test, student’s t test or Mann-Whitney U test, wherever appropriate. Logistic regression analysis was used to calculate odds ratio (OR) and 95% confidence interval (95% CI) for quantifying the association of serum 25(OH)D3 level with the risk of NAFLD. The correlation of serum 25(OH)D3 level with VDR SNPs was assessed using general linear regression model adjusted for gender and age. The Hardy-Weinberg equilibrium (HWE) was tested using a goodness of-fit χ2 -test among the control subjects. The relationships between VDR SNPs and the risk of NAFLD were analyzed by dominant model (heterozygote + mutant homozygote VS. wild homozygote), recessive model (mutant homozygote VS. wild homozygote + heterozygote), and additive model (mutant homozygote VS. heterozygote VS. wild homozygote), respectively. For multiple SNPs comparisons, false discovery rate (FDR) correction was used and the PFDR value ≤ 0.25 was regarded as modest confidence that the correlation represented a positive result (30). Subgroup analysis was performed for positive SNPs, and Q test was performed to calculate the heterogeneity between subgroups. The area under the receiver operating curves (AUROCs) was performed to assess the predictive power of the combination of positive SNPs, environmental behavior factors and mainly related clinical factors for NAFLD risk. A two-tailed test with a P value < 0.05 was regarded as statistically significant in all analyses.




Results


Basic Characteristics of Participants

The demographic and clinical characteristics of 1120 NAFLD cases and 1903 controls were summarized in Table 1. No significant differences were observed in the distribution of gender and age between the two groups (all P>0.05). However, there were significant differences in exercise time, body mass index (BMI), waist circumference (WC), systolic blood pressure (SBP), diastolic blood pressure (DBP), triglyceride (TG), total cholesterol (TC), high density lipoprotein-cholesterol (HDL-C), low density lipoprotein-cholesterol (LDL-C), glucose (GLU), γ-glutamyl transpeptidase (γ-GT), alanine aminotransferase (ALT), aspartate aminotransferase (AST), direct bilirubin (DBIL), total bilirubin (TBIL) and serum 25(OH)D3 levels (all P<0.05).


Table 1 | Distributions and comparisons of demographic and clinical characteristics between NAFLD case and control groups.





Association Between Serum 25(OH)D3 Level and NAFLD Risk

According to the level of serum 25(OH)D3, 672 participants were divided into three categories: VD deficiency (<20ng/mL), VD insufficiency (20ng/mL-30ng/mL) and VD sufficiency (≥30ng/mL) (31). The constituent ratios of three categories were 60.9% (409/672), 21.4% (144/672), and 17.7% (119/672), respectively. The prevalences of NAFLD in the three categories were 59.2% (242/409), 32.6% (47/144) and 39.5% (47/199), respectively, with significant differences (χ2 = 36.366, P<0.05). In addition, multiple comparisons showed that the prevalence of NAFLD in patients with VD deficiency was significantly higher than that in patients with VD insufficient or VD sufficient (all PBonferroni<0.017), but there was no significant difference in the prevalence of NAFLD between categories with VD insufficiency and VD sufficiency (PBonferroni>0.017) (Supplementary Figure 1).

Further logistic regression analysis suggested that compared to VD deficiency, VD sufficiency (crude OR=0.450, 95%CI=0.297-0.684, P<0.001) and VD insufficiency (crude OR=0.334, 95%CI=0.224-0.499, P<0.001) were associated with a lower risk of NAFLD, and this association was dose-dependent (Ptrend<0.001) (model 1). After adjusting for gender, age, BMI and SBP (model 2), the subjects with VD sufficiency (adjusted OR=0.477, 95%CI=0.277-0.821, P=0.008) and VD insufficiency (adjusted OR=0.344, 95%CI=0.206-0.573, P<0.001) all had significantly decreased risk of NAFLD compared with those with VD deficiency, and a significant locus-dosage effect of VD level on NAFLD risk was also observed (Ptrend<0.001). When adjusting for the above factors and TG, HDL-C, GLU (model 3), the risk of NAFLD still decreased significantly with the increase of VD level (VD sufficiency vs. VD deficiency: adjusted OR=0.552, 95%CI=0.305-0.998, P=0.049; VD insufficiency vs. VD deficiency: adjusted OR=0.298, 95%CI=0.165-0.539, P<0.001; Ptrend=0.005) (Table 2).


Table 2 | Logistic regression analysis of the associations between serum 25(OH)D3 levels and risk of NAFLD.





Associations Between VDR SNPs and Serum 25(OH)D3 Level

Serum 25(OH)D3 levels were Lg transformed into an approximately normal distribution, and SNPs were coded in an additive genetic model. The general linear regression analysis indicated that there were no significant associations between eight VDR SNPs and serum 25(OH)D3 levels after adjusting for gender and age (all P>0.05) (Supplementary Table 1).



Association Between VDR SNPs and NAFLD Risk

The genotype distributions of the eight SNPs in both groups were shown in Table 3. After adjusting for gender and age, logistic regression analyses showed that VDR rs2228570-A variant (AA: adjusted OR=0.782, 95%CI=0.633-0.966, P=0.023; dominant model: adjusted OR=0.837, 95%CI=0.710-0.986, P=0.034; additive model: adjusted OR=0.883, 95%CI=0.794-0.981, P=0.020) and rs11168287-A variant (GA: adjusted OR=0.830, 95%CI=0.707-0.974, P=0.022; dominant model: adjusted OR=0.839, 95%CI=0.721-0.976, P=0.023) all significantly reduced the risk of NAFLD in different models. Under the premise of FDR threshold ≤ 0.25, FDR revealed with modest confidence that the associations between the two SNPs and a low risk of NAFLD were positive (all PFDR=0.136, in dominant model; Supplementary Table 2).


Table 3 | Genotype distributions of VDR polymorphisms among the two study groups and association analyses of these eight SNPs and NAFLD.



In addition, the combined effects of VDR variants rs2228570 and rs11168287 on the risk of NAFLD were estimated by the number of favorable alleles from the two SNPs, as shown in Supplementary Table 3. The subjects were first divided into three groups with “0”, “1-2” and “3-4” favorable alleles. Compared with those who had 0 favorable alleles, subjects with “3-4” favorable alleles had significantly decreased risk of NAFLD (adjusted OR=0.750, 95%CI=0.577-0.974, P=0.031) and the more favorable alleles, the lower NAFLD risk, suggesting a significant locus-dosage effect of the combined alleles on NAFLD risk (Ptrend=0.039). The subjects were then distributed into two groups with “0” and “1-4” favorable alleles, and we found that the presence of “1-4” alleles was related to a 0.798-fold lower risk of NAFLD (adjusted 95% CI=0.644-0.990, P=0.040).

We further performed the stratification analyses to evaluate the combined effects of VDR rs2228570-A and rs11168287-A alleles on the risk of NAFLD adjusted with gender and age. As shown in Supplementary Figure 2, the combined protective effects of two alleles were more prominent in subjects ≤ 40 years (adjusted OR=0.696, 95%CI=0.515-0.940, P=0.018), non-hypertension (adjusted OR=0.770, 95%CI=0.602-0.986, P=0.038), non-hyperglycemia (adjusted OR=0.791, 95%CI=0.631-0.991, P=0.042) and non-low HDL-C (adjusted OR=0.710, 95%CI=0.536-0.942, P=0.018). The heterogeneity test discovered no significant differences among all the subgroups (all P>0.05).



Influence Factors of NAFLD

A stepwise regression model were performed with gender, age, visceral obesity, hypertension, hyperglycemia, hypertriglyceridemia, Low HDL-C, ALT, exercise time, rs2228570 and rs11168287. The coding of each variable was described in Supplementary Table 4. The results showed that age ≤40 years (OR=0.716, 95%CI=0.583-0.879, P=0.001), exercise time ≥150 min/week (OR=0.798, 95%CI=0.661-0.963, P=0.019) and rs2228570-A (OR=0.768, 95%CI=0.626-0.942, P=0.011) were independent protective factors of NAFLD. Conversely, visceral obesity (OR=3.653, 95%CI=2.984-4.471, P<0.001), hypertension (OR=1.654, 95%CI=1.290-2.121, P<0.001), hypertriglyceridemia (OR=3.455, 95%CI=2.784-4.288, P<0.001), Low HDL-C (OR=1.879, 95%CI=1.536-2.299, P<0.001) and ALT > 40U/L (OR=2.729, 95%CI=2.060-3.615, P<0.001) were independent risk factors of NAFLD (Table 4).


Table 4 | Multivariate stepwise regression analysis for independent factors of NAFLD.



We further constructed combined factors based on the above factors for assessing NAFLD risk, and the combined factor 1 (a combination of clinical factors) = (-1.588) + (-0.229) × age + 1.333 × visceral obesity + 0.484 × hypertension + 1.233 × hypertriglyceridemia + 0.621 × Low HDL-C + 0.939 × ALT. Similarly, combined factor 2 (a combination of clinical factors and exercise time) = (-1.448) + (-0.254) × age + 1.294 × visceral obesity + 0.512 × hypertension + 1.222 × hypertriglyceridemia + 0.610 × low HDL-C + 0.958 × ALT + (-0.220) × exercise time; combined factor 3 (a combination of clinical factors, exercise time and SNP genetic variant) = (-1.519) + (-0.334) × age + 1.296 × visceral obesity + 0.503 × hypertension + 1.240 × hypertriglyceridemia + 0.631 × low HDL-C + 1.004 × ALT + (-0.225) × exercise time + (-0.264) × rs2228570. In Figure 1, the AUROCs of these combined factors were 0.770, 0.774, and 0.780, respectively, and the AUROC of combined factor 3 for assessing NAFLD risk was slightly higher than that of combined factor 2 (0.780 vs. 0.774, 95%CI=0.002-0.011, P=0.007) and combined factor 1 (0.780 vs. 0.770, 95%CI=0.005-0.016, P<0.001).




Figure 1 | AUROCs comparison of the three combined factors to assess NAFLD risk. NAFLD, non-alcoholic fatty liver disease; AUROC, area under the receiver operating curve. combined factor 1: a combination of age, visceral obesity, blood pressure, TG, HDL-C and ALT; combined factor 2: a combination of combined factor 1 and exercise time; combined factor 3: a combination of combined factor 2 and VDR-rs2228570.






Discussion

In the current study, our findings suggested that high serum vitamin D level, VDR rs2228570-A and rs11168287-A were associated with a decreased risk of NAFLD, and the combination of VDR rs2228570 and exercise time was more effective in the risk assessment of NAFLD.

Accumulative evidence suggests that VD deficiency is highly prevalent among the general population in China (32), and low VD level is a risk factor of NAFLD (33). VD poses protective effects on many other metabolic-related diseases, such as obesity, hypertension, insulin resistance, type 2 diabetes, metabolic syndrome and cardiovascular disease (34–36). Consistently, our study manifested a high prevalence of NAFLD (59.2%) in the subjects with low serum 25(OH)D3 level (<20ng/mL), and VD deficiency might increase the risk of NAFLD. The regulatory mechanism of VD level and VDR activity in the development of NAFDL has not been fully elucidated yet (37, 38). Therefore, the present study provides a new insight into the association between VDR genetic mutation and NAFLD risk.

The VDR SNPs rs7975232, rs2228570 were reported to be associated with VD deficiency (39, 40). However, other research showed no association of rs7975232, rs11568820, rs11574129 with serum 25(OH)D3 in a Han Chinese population (41). A case-control study in Caucasian population found no correlation between VD level and rs2228570 genotype (42). In our study, no significant associations were found between eight VDR polymorphisms and 25(OH)D3 level either. Possible explanations include geographical location, racial backgrounds and sunlight exposure (43).

Our study suggested that the SNPs of rs2228570-A and rs11168287-A in VDR gene exhibited an association with the decrease in NAFLD risk, with an evident gene-gene combined effect. Metabolic impairment and alteration of the glucose-insulinhomeostasis are the primarily pathogenesis of NAFLD (44). Evidence indicated that the rs2228570 polymorphism of VDR gene was associated with the risk of fasting glucose in a Chinese Han population (45). It was found that the expression of VDR mRNA in the liver of obese individuals with biopsy-proven NAFLD was higher than that of non-NAFLD (46). Study reported that the combination of rs2228570 (FokI), rs1544410 (BsmI) and rs731236 (TaqI) was involved in the risk of T2DM in north Indians (47). However, another study showed that VDR-rs2225780 genetic variation was not associated with T2DM in a Caucasian population (42). The possible explanation might have various ethnic groups. The Jackson Heart Study indicated that VDR variants are associated with abdominal visceral adipose tissue volume and adiponectin concentrations, but not with BMI or WC in African Americans (48), a finding that is consistent with the stratified analysis of the combined effect of the two positive SNPs in this study. Although there is no research on rs11168287 polymorphisms and NAFLD, we found that rs11168287 is situated in the peak of H3k4me1 and near the peak of transcription levels by searching the UCSC genome browser (https://genome.ucsc.edu), which means that rs11168287 mutation might affect the serum VD level and its biological effects including insulin sensitivity, lipid metabolism as well as immune inflammation by dysregulating the transcription and expression of VDR gene, and ultimately affect the risk of NAFLD. Further study is warranted to identify the role and function of these VDR polymorphisms in VD metabolism and NAFLD risk.

This study also demonstrated that age ≤40 years, exercise time ≥150 min/week, and rs2228570-A were independent protective factors of NAFLD; visceral obesity, hypertension, hypertriglyceridemia, Low HDL-C and ALT >40U/L were independent risk factors of NAFLD, which is consistent with the results of previous studies (49–52). Based on these independent factors, we constructed combined factors to assess NAFLD risk. The results showed that the assessment efficiency of combined factor 3 (including age, visceral obesity, blood pressure, TG, HDL-C, ALT, exercise time and rs2228570) in NAFLD risk was higher than that of combined factor 2 (including age, visceral obesity, blood pressure, TG, HDL-C, ALT and exercise time) and combined factor 1 (including age, visceral obesity, blood pressure, TG, HDL-C and ALT). There is no research on the combination of genetic and environmental behavioral factors to evaluate the risk of NAFLD in Chinese population so far. A study of NAFLD risk in Italian obese children and adolescents found that combining genetic variants with clinical risk factors improved the predictability of NAFLD (53). For a disease related to heredity and environment, the predictive power of genetic-environmental factors is reasonably stronger than a single one. However, in our study, compared with the AUROC of combined factor 1 or combined factor 2, the AUROC of combined factor 3 only increased slightly, probably due to the weak effect of a single SNP on disease risk (54). In spite of this, we cannot ignore the effect of individual differences in genetic mutation on disease susceptibility. Once the risk of a particular genotype and environmental exposure combination is known, medical interventions, including medical surveillance, lifestyle advice, diet or drug treatment, could then be taken for high-risk groups or individuals to prevent disease (55, 56).

There are a few limitations in our study. Firstly, based on the case-control study, we collected the data of the subjects and measured their VD level, which may not represent the average level of different seasons. A convenient and inexpensive ELISA method was used to detect 25(OH)D3 levels in this study. Although it is not as accurate as liquid chromatography tandem mass spectrometry (LC-MS), it can reflect the level of 25(OH)D3 to some extent (41, 57). Secondly, only subjects from one community were enrolled, which may not be representative enough. In response to this problem, the frequency-matching of gender and age was used in the design stage, and multivariate analysis and stratified analysis were carried out to control the influence of the confounding factors to a certain extent. Finally, we only selected one key gene in the VD metabolic pathway, which may not be able to fully analyze the relationship between genetic factors and NAFLD risk. It is necessary to further explore the impact of polygenic polyloci and their combination with environmental factors on disease risk in a multicenter population of different races.

In conclusion, our results supported that high serum VD levels and VDR variants (rs2228570-A and rs11168287-A) might be involved in a low risk of NAFLD in the Chinese Han population, and a combination of VDR SNP and exercise time could improve the efficiency in assessment of NAFLD risk. These findings might provide new insight for risk evaluation of NAFLD and early screening of high-risk population.
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By far, no study has focused on observing the metabolomic profiles in perimenopause-related obesity. This study attempted to identify the metabolic characteristics of subjects with perimenopause obesity (PO). Thirty-nine perimenopausal Chinese women, 21 with PO and 18 without obesity (PN), were recruited in this study. A conventional ultra-high-performance liquid chromatography-quadrupole time-of-flight/mass spectrometry (UHPLC-QTOF/MS) followed by principal component analysis (PCA) and orthogonal partial least-squares discriminant analysis (OPLS-DA) were used as untargeted metabolomics approaches to explore the serum metabolic profiles. Kyoto Encyclopedia of Genes and Genomes (KEGG) and MetaboAnalyst were used to identify the related metabolic pathways. A total of 46 differential metabolites, along with seven metabolic pathways relevant to PO were identified, which belonged to lipid, amino acids, carbohydrates, and organic acids. As for amino acids, we found a significant increase in l-arginine and d-ornithine in the positive ion (POS) mode and l-leucine, l-valine, l-tyrosine, and N-acetyl-l-tyrosine in the negative ion (NEG) mode and a significant decrease in l-proline in the POS mode of the PO group. We also found phosphatidylcholine (PC) (16:0/16:0), palmitic acid, and myristic acid, which are associated with the significant upregulation of lipid metabolism. Moreover, the serum indole lactic acid and indoleacetic acid were upregulated in the NEG mode. With respect to the metabolic pathways, the d-arginine and d-ornithine metabolisms and the arginine and proline metabolism pathways in POS mode were the most dominant PO-related pathways. The changes of metabolisms of lipid, amino acids, and indoleacetic acid provided a pathophysiological scenario for Chinese women with PO. We believe that the findings of this study are helpful for clinicians to take measures to prevent the women with PO from developing severe incurable obesity-related complications, such as cardiovascular disease and stroke.




Keywords: perimenopausal obesity, metabolic profiles, the ultra-high performance liquid chromatography-quadrupole time-of-flight/mass spectrometry, metabolic pathway, metabolomics



Introduction

Perimenopause is a peculiar period before and after menopause in women (approximately 40–55 years). Under the background of weakening ovarian function and declining estrogen level, a battery of physiological and pathological changes may happen. Many women experience various symptoms, such as night sweats, hot flushes, mood swings, menstrual disorder, and vaginal dryness (1). Moreover, perimenopause is closely associated with many diseases, such as metabolic syndrome (MetS) (2), breast cancer (3), osteoporosis (4), and cardiovascular disease (CVD) (5). Of those, perimenopause obesity (PO) is a growing concern because it might result in a spectrum of obesity-related diseases. The pathophysiological state of PO is quite complicated. It is influenced by many pathogenic factors, of which estrogen deficiency plays a key role (6). The complicated interactions among these factors sometimes make the situation intractable. Estrogen deficiency has been known to cause fat accumulation and increase body weight (BW) (7), which are highly associated with MetS, type 2 diabetes (T2D), CVD, and stroke. Thus, clarifying the metabolic characteristics in PO is extremely helpful because understanding the pathophysiological mechanisms and the affecting factors relevant to PO is useful, which contribute to the selection of an appropriate clinical strategy to prevent perimenopause women from progressing to intractable complications.

Alternatively, metabolomics has been developed as a promising technology in achieving the quantitative measurement of dynamic metabolomic profiles of a living subject in a certain pathophysiological state. The commonly used methods for sample analysis are mass spectrometry (MS) or 1H nuclear magnetic resonance (NMR). The main strength of metabolomics approach is that it can conduct simultaneous measurements of many small molecular metabolites (8, 9). It is also effective for diseases with a complicated metabolic response (9, 10). Hence, it has been widely used for early diagnosis, exploring novel biomarkers and treatment targets, and elucidating the mechanisms of certain diseases, particularly for metabolic diseases, such as T2D, MetS, and obesity. Recently, we performed a 1H NMR study to explore the metabolic characteristics of untreated patients with MetS. We found that such untreated patients have peculiar metabolic characteristics, such as ketosis tendency, early kidney damage, activation of oxidative signaling, and inflammatory response, which suggested that the pathophysiological state might worsen if MetS is left untreated (11). The metabolomics approach is also used for metabolomic profile elucidation in obesity. Chen et al. used liquid chromatography/time-of-flight MS (LC–MS) and gas chromatography/quadrupole mass spectrometry (GC-MS) methods to explore the metabolic characteristics in patients with metabolic abnormal obesity and healthy obesity. They found that the metabolic characteristics were different between metabolic abnormal obesity and metabolic healthy obesity. A battery of metabolites, such as l-kynurenine, glycerol 1-phosphate, glycolic acid, tagatose, methyl palmitate, and uric acid, are useful in distinguishing these different types of obesity (12). Another study investigated the relationship between metabolomic profiles and clinical indices in obese children using a 1H NMR technology. Saner et al. found that the body mass index (BMI) and phenylalanine, total body fat % and lipids in medium high-density lipoprotein (HDL), and waist circumference and tyrosine were positively correlated, whereas total body fat % and the ratio of docosahexaenoic acid/total fatty acids and histidine were negatively correlated (13). Rangel-Huerta et al. conducted a systematic review summarizing previous studies using the metabolomics approach to investigate metabolomic profiles in subjects with obesity or obesity-related metabolic changes. They analyzed 33 included literatures and found that these studies could be classified into four types: (1) investigation of metabolic characteristics in an obese subject, (2) comparing the difference of the response to dietary challenges between the obese and nonobese population, (3) using metabolomics to predict weight loss and other interventions, and (4) metabolomic profiles in different dietary patterns (14). Albeit these previous studies investigated the obesity-related metabolomic profiles from different perspectives or in different subjects, they all endorsed that the metabolomics approach is a powerful tool in obesity researches, such as identifying the metabolic characteristics associated with obesity, exploring novel biomarkers/targets for obesity, or observing changes of metabolites induced by interventions against obesity. However, to our knowledge, there is no research that particularly observed the metabolomic profiles in perimenopause-related obesity. This study attempted to identify the metabolic characteristics in subjects with PO. We believe that the findings of this study contribute to a better understanding of the pathophysiological nature of PO, which is beneficial for exploring effective interventions against PO to prevent obesity-related severe complications in perimenopausal women.



Methods and Materials


Participants

Participants were recruited from the Third Affiliated Hospital of Fujian Traditional Chinese Medical University between October 2016 and March 2018. A total of 39 perimenopausal women were enrolled based on voluntary participation, including 18 without obesity (PN) and 21 with obesity (PO). Inclusion criteria were listed as follows: (1) perimenopause, women aged 40 to 55 years with menstrual disorders or amenorrhea for ≥3 and <12 months (15), and (2) simple obesity (we used the Guidelines for Prevention and Control of Overweight and Obesity in Chinese Adults) (16). In brief, waist circumference (WC) ≥ 80 cm or BMI ≥ 28 kg/m2 were included. Exclusion criteria were: (1) type 1 diabetes, gestational diabetes, secondary hypertension, or hyperlipemia; (2) serious heart, liver, kidney, or other complications; (3) psychiatric disorders; (4) secondary or drug-induced obesity; and (5) pituitary tumors or Cushing syndrome. This study was designed and conducted according to the Declaration of Helsinki of the World Medical Association (2000) and was approved and supervised by the Ethics Committee of the Fujian University of Traditional Chinese Medicine (approval number: SQ2014-007-01, study period from 2014 to 2019). The investigation protocol was explained in detail to all participants and their relatives. Informed consent was obtained from each participant before the study initiation.



Clinical Indices and Serum Sample Collection

Clinical indices of participants in a fasting state, including height, BW, WC, serum triglyceride (TG), total cholesterol (TC), high-density lipoprotein cholesterol (HDL-C), and low-density lipoprotein cholesterol (LDL-C), were examined. BMI was calculated as BW/height2 (kg/m2). WC was measured with tape as the circumference of the horizontal edge of the midpoint at the lower edge of the costal arch. Elbow venous blood was collected in a fasting state from 8:00 am to 9:00 am. For menstruating women, blood samples were collected on the third to fifth day after menstruation. For women whose menstruation had stopped for ≥6 months, it was collected on any day at their convenience. These (5 ml) were collected and centrifuged for 15 min at 3,500 rpm and then were preserved at −80°C for subsequent experiments. Because the estrogen level may be one of the factors affecting the results, the serum estrogen levels were measured using a standard enzyme-linked immunosorbent assay, which was as described in our previous study (6).



Sample Preparation

The serum samples were prepared as per the following procedure introduced in a previous study (17). Briefly, first, the extraction solvent (400 μl, V methanol: V acetonitrile = 1:1) was added to a 100-μl sample, mixed by vortex for 30 s, and treated with sonicate for 10 min in an ice-water bath. The solution was then incubated at −20°C for 1 h and centrifuged at 4°C and 12,000 rpm for 15 min to precipitate the proteins for the aim of preventing the macromolecules from blocking the chromatographic column and electrospray ionization probe. Subsequently, 420 µl of the supernatant was transferred into EP tubes, and the extracts were dried in a vacuum concentrator without heating and then added into a 100-μl extraction liquid (V acetonitrile: V water = 1:1) reconstitution, followed by vortexing for 30 s and sonicating for 10 min (4°C water bath), and centrifuged for 15 min at 12,000 rpm, 4°C. The supernatant was transferred into a fresh 2-ml LC/MS glass vial pending for detection. Equal volumes (10 μl) of supernatant from different individual serum samples were pooled as the quality control (QC) sample for the UHPLC-QTOF/MS analysis. The ionization source of LC–MS is electrospray ionization, including positive ion (POS) and negative ion (NEG) modes. The QC samples were used to assess the reproducibility and reliability of the LC–MS system.



UHPLC-QTOF/MS Conditions

Serum metabolic profiling analysis was performed using a 1290 UHPLC system (Agilent Technologies, Santa Clara, CA, USA) with a Waters UPLC BEH Amide column (1.7 μm; 2.1 × 100 mm) coupled to Triple TOF 6600 (AB Sciex, Framingham, MA, USA) & QTOF 6550 (Agilent) according to a previous study (18). The aim of using the two instruments here was to improve the quality and reliability of the experiments. The mobile phase consisting of 25 mM CH3COONH4 and 25 mM NH4OH in water (pH = 9.75) (A), along with acetonitrile (B), was performed with elution gradient as follows: 0 min, 95% B; 7 min, 65% B; 9 min, 40% B; 9.1 min, 95% B; and 12 min, 95% B at 0.5 ml/min. The injection volume was 2 μl. A Triple TOF mass spectrometer was used for its ability to acquire MS/MS spectra on an information-dependent basis (IDA) during the LC/MS experiment. In this mode, Analyst TF 1.7 software (AB Sciex) collected and triggered the acquisition of MS/MS spectra under the preselected conditions while it continuously evaluated the acquired data. In each cycle, 12 precursor ions, which have a >100 intensity, were chosen for fragmentation at a collision energy of 30 V (15 MS/MS events with product ion accumulation time of 50 msec each). Electrospray ionization (ESI) source conditions were set as follows: ion source gas 1 as 60 Psi, ion source gas 2 as 60 Psi, curtain gas as 35 Psi, source temperature 650°C, and IonSpray Voltage Floating (ISVF) 5000 V or –4000 V in positive or negative modes, respectively (19). The UHPLC-QTOF/MS program was run in POS mode then in NEG mode.



UHPLC-QTOF/MS Data Processing and Statistical Analysis

MS raw data were converted to the mzXML format using the ProteoWizard software and processed with R package XCMS (version 3.2). The preprocessing results generated a data matrix that consisted of the retention time (RT), mass-to-charge ratio (m/z) values, and peak intensity. R package CAMERA was used for the peak annotation after XCMS data processing. In-house MS2 database was applied for metabolite identification. Data matrix was ctr-formatted (mean-centered scaling) and pareto-scaled prior to being imported into the SIMCA V15.0.2 software package (Umetrics, Umea, Sweden). The multivariate data analysis included principal component analysis (PCA) and orthogonal partial least-squares discriminant analysis (OPLS-DA). The unsupervised PCA was implemented to demonstrate the distribution of origin data and general separation. The supervised OPLS-DA, on the other hand, was performed to obtain maximal covariance between the measured data and the response variable and validated using sevenfold cross-validation and 200 permutation tests. The validity of the OPLS-DA model was evaluated using R2Y and Q2, which were parameters for model stability and the ability to explain and predict the raw data. R2Y and Q2 values are closer to 1, suggesting a better model. The results of screening differential metabolites were visualized using a volcano plot. Euclidean distance matrix (EDM) is defined as a matrix of squared Euclidean distances between points in Euclidean space (20). It is the most commonly used distance metric in a metabolomics study (21). For comparisons of the differentially expressed metabolites between PN and PO, the EDM was calculated from the quantitative values of differential metabolites to determine the distances between each object, and then the differential metabolites were clustered by the complete linkage method and presented with a heat map. The structural information of the differential metabolites was identified according to a previous study (22). Briefly, the retention time (RT), mass-to-charge ratio (m/z), and MS/MS spectrum were rigorously matched with the authentic standards, or verified spectrums in the Mass Bank Database (http://www.massbank.jp/), Metabolite and Tandem MS Database (METLIN, http://metlin.scripps.edu/index.php), or Human Metabolome Database (HMDB, http://www.hmdb.ca/) and confirmed by our self-made m/z database. Because of the complicated nature of the untargeted metabolomics (existence of isomers and the limited accuracy of mass spectrometers) (23). All the metabolites were cautiously identified by comprehensively considering the data of m/s value, retention time, and MS/MS spectra, and finally confirmed by our self-made m/z database.

SPSS 22.0 software (SPSS Inc., Chicago, IL, USA) was used for statistical analysis. Student’s t-test was selected to compare the normalized integral values (clinical indices and metabolites) between PO and PN groups. The normality of data distributions was verified using the Kolmogorov–Smirnov test. All data were regarded as normally distributed because the values of Kolmogorov–Smirnov test were over 0.05. Then, homogeneity of variances was verified using the Levene’s test. The significant difference of metabolites (PO vs. PN) was explored. Data were presented as mean ± standard deviation. P < 0.05 was considered statistically significant. Metabolites that have a value of variable importance in projection (VIP) >1.0 in the OPLS-DA model and P <0.05 in the Student’s t-test were identified as differential metabolites (24). Because of the large number of statistical comparisons, we also calculated the Q value, which was corrected by applying the false discovery rate (FDR) to the p values using R (version 4.0.2, URL https://www.R-project.org/) (25).



Metabolic Pathway Analysis

We searched the Kyoto Encyclopedia of Genes and Genomes (KEGG, http://www.genome.jp/kegg) (26) and MetaboAnalyst (http://www.metaboanalyst.ca/) (27) to explore the key metabolic pathways represented by the differential metabolites identified by the above experiments.




Results


Clinical Characteristics

Table 1 shows the clinical characteristics in the two groups. Evidently, the participants in the PO group suffered from higher BW, BMI, waistline, and serum triglyceride level (p < 0.05, vs. women with PN). In contrast, no significant difference was found between the two groups in terms of age, height, serum TC, HDL-C, LDL-C, and serum estrogen level (Table 1).


Table 1 | Clinical characteristics of the participants in two groups.





QC of the Present LC–MS Analysis

Figure 1 shows the results of QC of the present LC–MS analysis. The total ion chromatograms show that regardless of whether it is in the POS (Figure 1A) or NEG (Figure 1B) mode, the peak RT and area of all QC samples exhibited good overlap, indicating a satisfactory stability in the analytical system. The score scatter plot of the PCA model also presents an overlap of all QC samples, in both POS (Figure 1C) and the NEG (Figure 1D) modes, indicating a satisfactory repeatability in the analytical system, hence validating the quality of this experimental system. Then, 1482 of 1485 peaks in the POS mode and 1317 of 1344 peaks in the NEG mode were preserved after the processes of filtering, normalization, and standardization. The raw data of LC–MS analysis are provided as Supplementary Materials (NEG-rawdata.xlsx and POS-rawdata.xlsx).




Figure 1 | QC of LC–MS analysis. (A) TIC (POS); (B) TIC (NEG); (C) PCA for QC (POS); (D) PCA for QC (NEG).





Multivariate Data Analysis of Serum Metabolites

Figure 2 shows the results of the multivariate data analysis of serum metabolites. As for the PCA model, the distribution of the scatter points in the PCA score plot of the UHPLC-QTOF/MS metabolic profiles of all samples was illustrated. In the POS model, the scatter points were distinctly separated between the PN and PO groups, and all samples in each score scatter plot were within the 95% Hotelling’s T-squared ellipse (Figure 2A). However, the clustering effect was not obvious in the NEG mode (Figure 2B). Then, the OPLS-DA model was constructed to discriminate the differential metabolites between the two groups. Distinct separations were presented between the PN and PO groups in this model in both POS (Figure 2C) and NEG (Figure 2D) modes. Here, the R2Y and Q2 were 0.904 and 0.762 in the POS mode and 0.851 and 0.360 in the NEG, respectively. To avoid the transition fit of the OPLS-DA mode, we subsequently conducted a permutation test. Results of the permutation test for R2Y and Q2 intercepts were 0.41 and −1.33 in the POS mode (Figure 2E) and 0.75 and −0.85 in the NEG mode (Figure 2F), demonstrating that the OPLS-DA model had no overfitting. The good quality and reliability of this OPLS-DA model were verified, meaning it was suitable to explore the differences between the two groups in this study. Then, we could perform the identification of the metabolites in the two groups.




Figure 2 | Multivariate analyses of serum metabolites. (A) PCA (POS); (B) PCA (NEG); (C) OPLS-DA (POS); (D) OPLS-DA (NEG); statistical validation of OPLS-DA model, (E) (POS) and (F) (NEG).





Identification of the Serum Metabolites in PO and PN Participants

A total of 474 metabolites were found (of those 262 in POS mode and 212 in NEG mode). Then, 340 qualitative metabolites (of those 202 in POS mode and 138 in NEG mode) were obtained by preliminary screening of all identified metabolites. Under the conditions (t-test p < 0.05 and OPLS-DA model VIP > 1), 46 metabolites (of those 19 in POS mode and 27 in NEG mode) were determined, which were different between the PO and PN groups. Metabolites with a significant difference were visualized through volcano plots (Figure 3) including carbohydrates, amino acids, organic acids, two peptides, and lipids. Table 2 summarizes the RT, mz, VIP values, p values, and fold change of all these 46 metabolites. EDM was calculated using the quantitative value of a differential metabolite. We used a complete linkage method to cluster these differential metabolites and form a heat map (Figure 4), which shows that in the POS mode, PC(16:0/16:0), pseudouridine, l-arginine, α-d-glucose 1-phosphate, and d-ornithine were upregulated, whereas dihydrolipoate, l-proline, Ile-Ala, l-pyroglutamic acid, 3-mercapto-2-butanone, l-pipecolic acid, His-Met, xanthylic acid, N-acetylglutamine, glutaric acid, Leu-Leu, Gly-Glu, myristoleic acid, and d-glucuronate were downregulated in patients with PO. In the NEG mode, thymine, hydrocortisone 21-acetate, dihydrothymine, l-threonate, l-glutamate, atrolactic acid, xanthine, myristic acid, l-valine, azelaic acid, indoleacetic acid, l-leucine, 3,4-dihydroxymandelic acid, palmitic acid, 5-methoxyindoleacetate, dl-lactate, indolelactic acid, l-tyrosine, l-alanine, and N-acetyl-l-tyrosine were upregulated, whereas α-N-acetyl-l-glutamine, 3-hydroxycapric acid, l-histidinol phosphate, 2-deoxyribose 5-phosphate, N-acetyl-d-galactosamine, l-gulonic gamma-lactone, and fructose 1-phosphate were downregulated in the PO group. However, after FDR correction, only Pseudouridine, l-arginine, α-d-glucose 1-phosphate, d-Ornithine, Ile-Ala, Pyroglutamic acid, 3-Mercapto-2-butanone, l-pipecolic acid, His-Met, Xanthylic acid (XMP), Acetylglutamine, Myristoleic acid, and d-Glucuronate in POS mode, and Dihydrothymine, Myristic acid, l-valine, palmitic acid, α-N-acetyl-l-glutamine, l-gulonic gamma-lactone, and Fructose 1-phosphate maintained the significance of difference (Table 2).




Figure 3 | Volcano plot for the differentially expressed metabolites. (A) POS; (B) NEG.




Table 2 | Differential metabolites identified in POS and NEG models.






Figure 4 | Heat map of hierarchical clustering analysis of the differentially expressed metabolites. (A) POS mode. 1 = d-ornithine, 2 = PC (16:0/16:0), 3 = l-arginine, 4 = pseudouridine, 5 = α-d-glucose 1-phosphate, 6 = glutaric acid, 7 = l-pipecolic acid, 8 = 3-mercapto-2-butanone; 9 = l-proline, 10 = dihydrolipoic acid, 11 = lle-Ala, 12 = Leu-Leu, 13 = myristoleic acid, 14 = xanthylic acid, 15 = Gly-Glu, 16 = N-acetylglutamine, 17 = His-Met, 18 = l-pyroglutamic acid, 19 = d-glucuronate. (B) NEG mode. 1 = indoleacetic acid, 2 = atrolactic acid, 3 = indolelactic acid, 4 = l-threonate, 5 = 5-methoxyindoleacetate, 6 = 3,4-dihydroxymandelic acid, 7 = azelaic acid, 8 = hydrocortisone 21-acetate; 9 = l-tyrosine, 10 = N-acetyl-l-tyrosine, 11 = dl-lactate, 12 = dihydrothymine, 13 = myristic acid, 14 = palmitic acid, 15 = l-valine, 16 = l-leucine, 17 = xanthine, 18 = l-alanine, 19 = l-glutamate, 20 = thymine, 21= N-acetyl-d-galactosamine, 22 = fructose 1-phosphate, 23 = 3-hydroxycapric acid, 24 = l-histidinol phosphate, 25 = 2-deoxyribose 5-phosphate, 26 = α-N-acetyl-l-glutamine, 27 = l-gulonic gamma-lactone.





Metabolic Pathway Analysis

KEGG and MetaboAnalyst were comprehensively used in exploring the most relevant metabolic pathways. A total of six metabolic pathways in the POS mode and 19 in the NEG were enriched (Figure 5), among which seven pathways exhibited a significant difference (p < 0.05) as follows: d-arginine and d-ornithine metabolism, arginine and proline metabolisms, aminoacyl-tRNA biosynthesis, tryptophan metabolism, valine–leucine and isoleucine biosynthesis, valine–leucine and isoleucine degradation, and fatty acid biosynthesis. Two pathways, namely, d-arginine and d-ornithine metabolism pathway and arginine and proline metabolism pathway, in the POS mode had an impact value >0.1, which were 0.50 and 0.23, respectively. Because the present study is an explorative study and for further investigation in the future, we listed all the pathways with significant difference in Figure 5, including those with impact value <0.1.




Figure 5 | Bubble plot for pathway analysis. (A): POS mode. 1 = d-arginine and d-ornithine metabolism, 2 = arginine and proline metabolism, 3 = lysine degradation, 4 = Aminoacyl-tRNA biosynthesis, 5 = fatty acid metabolism, 6 = pyrimidine metabolism. (B): NEG mode. 1 = tryptophan metabolism, 2 = valine, leucine and isoleucine biosynthesis, 3 = aminoacyl-tRNA biosynthesis, 4 = Valine, leucine and isoleucine degradation, 5 = fatty acid biosynthesis, 6 = tyrosine metabolism, 7 = caffeine metabolism, 8 = fructose and mannose metabolism, 9 = purine metabolism.






Discussion

In this study, we explored the serum differential metabolites in women with PO (vs. women with PN) using a conventional UHPLC-QTOF/MS approach, followed by PCA and OPLS-DA. A total of 46 differential metabolites (19, POS mode; 27, NEG mode) were identified. With respect to the key metabolic pathways, a total of seven pathways were identified by KEGG and MetaboAnalyst. To the best of our knowledge, this is the first study to explore the serum metabolic characteristics in women with PO. The findings of the present study are useful to further understand the pathophysiological changes in the PO state, which can provide clues to explore/develop effective therapies in treating these pathophysiological dysfunctions and contribute in preventing the occurrence of severe obesity-related complications.


The POS and NEG Modes in This Study

In the present study, we analyzed the metabolites in POS mode and NEG mode, respectively. POS mode and NEG mode are commonly run to analyze the metabolic profiles of samples during a traditional UHPLC-QTOF/MS approach. Many previous studies indicated that some substances were easily detected in POS mode, whereas others were easily in NEG mode (28–30). To expand the possibility of identification and determination of the metabolites in the new samples, which have never been previously tested, some authors suggested using a combination of POS and NEG modes in an explorative investigation (30). However, there is a concern that once the metabolites of positive and negative patterns are mixed together for analysis, the metabolites identified in different modes might have the same pathways, which might change the results. In the present study, we did not find any overlapped differential metabolites between these two modes (Table 2 and Figures 3, 4). Interestingly, the results of pathway analysis display that there is one pathway, namely aminoacyl-tRNA biosynthesis pathway, which was enriched in both POS and NEG models (Figure 5). However, this result is acceptable because the metabolites associated with the aminoacyl-tRNA biosynthesis pathway (matching amino acids with tRNAs) (31) were distributed in POS mode and NEG mode, where no overlapped amino acids were found.



The Physiological or Pathological Meanings of the Differential Metabolites

Because of the explorative nature of the present study, we attempted to find more potential differential metabolites for further verification. Albeit there were six metabolites in POS mode and 20 metabolites in NEG mode, which could not maintain the significant difference after FDR correction (Table 2), they were still included in the following discussion.


Changes of Metabolisms of Amino Acids

As far as the amino acids, we found a significant increase of l-arginine and d-ornithine in the POS mode and l-leucine, l-valine, l-tyrosine, and N-acetyl-l-tyrosine in the NEG mode; a significant decrease of l-proline in the POS mode of the PO group was also noted. l-leucine and l-valine belong to branched-chain amino acids (BCAAs), whereas tyrosine belongs to the amino acid aroma (AAAs). A close association between amino acids and obesity has been noted (32). Our results agree with the previous studies that suggested higher BCAAs and AAAs in subjects with obesity (14, 32–35). The increase of arginine and ornithine suggested that the ornithine cycle might be activated and arginine utilization rate might be suppressed in women with PO. Rangel-Huerta et al. reported that the increase of arginine results from the decreased availability of arginine, which also activates the plasma asymmetric dimethylarginine level. Nevertheless, the increase of asymmetric dimethylarginine might be a marker of endothelial dysfunction (14). The key role of arginine metabolism in the PO state was also verified in our metabolic pathway analysis. We found that d-arginine and d-ornithine metabolism pathways and arginine and proline metabolism pathways in the POS mode exhibited the highest impact value (0.50 and 0.23, respectively, Figure 5), which seem to imply that the endothelial dysfunction might be a potentially important pathogenesis involved in women with PO. Although, by far, there is no direct evidence elucidating the intrinsic interaction between endothelial dysfunction, the increase of arginine, and onset of CVD, much indirect evidence strongly implies their close association. It is well known that CVD is one of the main causes of death of perimenopausal women (36), whereas endothelial dysfunction is an important cause of CVD (37). Moreover, arginine might be associated with endothelial dysfunction via a nitric oxide synthase (NOS)-related mechanism. Arginine can be catalyzed by NOS to produce NO, which has the following effects: contract and relax the muscle cells in the arteries, dilate the arteries, lower blood pressure, and thus improve blood flow. When the utilization rate of arginine decreases, the synthesis of NO also decreases, thereby resulting in the increased risk of CVD. These mechanisms were summarized as a DDAH/ADMA/NOS/NO pathway (38). A previous study suggested a significant enhancement of proline in subjects with obesity (14), whereas our study presented a converse tendency, probably due to the hindrance of proline synthesis from arginine in the PO state. In the proline–arginine metabolic pathway, synthesizing arginine to proline requires 1-pyrrolin-5-carboxylic acid synthase (P5CS) catalysis (39). Normally, P5CS exists in a circular form in the mitochondria. However, when cells are in a state of senescence and/or oxidative stress, P5CS in the mitochondria may distribute diffusely (39). Nevertheless, cell senescence is one of the most dominant characteristics in the perimenopausal period (40). Thus, we speculate that the P5CS in the cells of subjects with PO might be in a diffuse state and cannot synthesize arginine to proline, thereby causing a low serum level of proline. These mechanisms require further verification in our future investigation.



Changes in Lipid Metabolism

PC is one of the main phospholipids in eukaryotic cells, which can hydrolyze to produce fatty acids. It is a major component of many secretory products, such as HDL (41). PC has been reported to be significantly enhanced in postmenopausal women, which is associated with menopausal status (42). Bagheri et al. also reported higher plasma diacyl-PCs in the obesity subjects (32). All available evidence supports that the increase of PC results in the increase of fatty acids in the perimenopausal women. Excessive accumulation of fatty acids in the mitochondria leads to oxidative stress and mitochondrial dysfunction, subsequently causing many perimenopausal disorders, including obesity. Moreover, the changes of PC-related lipoproteins might be affected by hormone levels (43) as well as weight enhancement and insulin resistance (44, 45). In this study, we found that PC (16:0/16:0) is significantly upregulated in women with PO. Available literatures concerning PC (16:0/16:0) and obesity are limited. Previous analogous studies reported an increasing tendency of PC (16:0/16:0) in gestational diabetes mellitus (46) and obese pregnant women (47); however, a significant difference was not noted. Dong et al. reported a significant decrease of PC (16:0/16:0) in the myocardial tissue of diabetic cardiomyopathy rats (48). Sigruener et al. found a positive correlation between plasma PC (16:0/16:0) and mortality of patients with vascular and metabolic diseases (41). The physiological or pathological role of PC (16:0/16:0) in PO requires further investigation.

We found the upregulation of palmitic acid and myristic acid in the PO group of the NEG model, which are consistent with the previous analogous studies, which report that saturated fatty acids, such as palmitic acid and myristic acid, are increased in obese men (49) or adults (including men and women) (50) and in patients with insulin resistance (51) and T2D (52). Myristoleic acid is a desaturation product from myristic acid regulated by stearoyl-CoA desaturase (SCD) gene. In this study, we found the downregulation of myristoleic acid in subjects with PO of the POS mode. The roles of myristic acid and myristoleic acid, along with their interactions in obesity, are not fully understood. Montastier et al. reported a positive correlation between myristoleic acid and BW loss; a lower myristoleic acid means lower BW loss (53). Hence, our data presented a downregulation in the PO group, which may indicate a lower tendency of BW loss in women with PO (vs. PN).



Others

Another finding is that the serum indole lactic acid and indoleacetic acid levels are significantly upregulated in the NEG mode of women with PO. Indole lactic acid and indoleacetic acid are products of tryptophan metabolism. Their upregulation seems to imply the activation of tryptophan metabolism in the PO state. The change of tryptophan metabolism may reportedly result in a negative impact on the diversity of intestinal microflora (54), which is associated with dysfunction of the immune system and results in an increased risk of infection, malnutrition, and other functional defects (55).



Limitations

There are several limitations in the present study. First, we did not perform verification of the identified metabolites and pathways. For example, the increase of asymmetric dimethylarginine might be a marker of endothelial dysfunction, however, we did not examine some indicators of endothelial function in these women, although we speculate that the endothelial dysfunction might be a potentially important pathogenesis involved in women with PO. In addition, arginine can be catalyzed by NOS to produce NO; however, we did not check the NOS indicators. Indeed, rigorous verification of the metabolites and pathways, which were explored in this study, can greatly improve the strength of the evidence, which will be performed in our future investigation. Second, in addition to metabolism, many other factors, such as gene, race, diet, and lifestyle, may also contribute to the difference between PO and PN. However, in this study, we only considered age, height, and serum estrogen level and no significant difference was observed between the PO and PN groups, we therefore only performed Student’s t-test (PO vs. PN). More compelling methods should consider additional factors (gene, race, diet, and lifestyle, etc.) and perform multiple comparisons with post-hoc correction. Third, as an explorative study, for providing a full pathophysiological scenario of PO, we included the data from all samples, including the outlier samples shown in Figures 1C and 2A; however, such data processing methods might potentially cause bias. These issues will be addressed in our future investigation.

This study explored the metabolic characteristics of women with PO by identification of the deferential metabolites using a UHPLC-QTOF/MS approach. A total of 46 differential metabolites, along with seven metabolic pathways, were identified. The differential metabolites can be divided into lipid, amino acids, carbohydrates, and organic acids. The changes of metabolisms of lipid, amino acids, and indoleacetic acid provided a pathophysiological scenario for the perimenopause women with mild obesity (Figure 6). Future, deeper investigation will be conducted to further uncover the pathophysiological nature of the PO, which is extremely important in preventing the incurable obesity-related diseases.




Figure 6 | The pathophysiological scenario of perimenopausal obesity summarized in the present study.







Conclusions

A metabolomics investigation was conducted to identify the differential metabolites in perimenopausal women with mild obesity. Metabolism changes of amino acids indicated a dysfunction of the DDAH/ADMA/NOS/NO pathway, which was related to the onset of CVD; changes of lipid metabolisms indicated the tendency of BW loss and oxidative stress prevention, and the upregulation of serum indole lactic acid and indoleacetic acid levels indicated an intestinal microflora-related immunity dysfunction. Although some mechanisms of these findings require further investigation for the direct evidence, we provided a pathophysiological scenario of PO based on the metabolomic profiles explored by the UHPLC-QTOF/MS approach, which requires further verification. We believe the findings of this study are helpful for the clinicians to take measures in preventing the women with PO from developing severe incurable obesity-related complications, such as CVD.
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Purpose

Genome-wide association studies have identified numerous genetic variants that are associated with osteoporosis risk; however, most of them are present in the non-coding regions of the genome and the functional mechanisms are unknown. In this study, we aimed to investigate the potential variation in runt domain transcription factor 2 (RUNX2), which is an osteoblast-specific transcription factor that normally stimulates bone formation and osteoblast differentiation, regarding variants within RUNX2 binding sites and risk of osteoporosis in postmenopausal osteoporosis (PMOP).



Methods

We performed bioinformatics-based prediction by combining whole genome sequencing and chromatin immunoprecipitation sequencing to screen functional SNPs in the RUNX2 binding site using data from the database of Taiwan Biobank; Case-control studies with 651 postmenopausal women comprising 107 osteoporosis patients, 290 osteopenia patients, and 254 controls at Tri-Service General Hospital between 2015 and 2019 were included. The subjects were examined for bone mass density and classified into normal and those with osteopenia or osteoporosis by T-scoring with dual-energy X-ray absorptiometry. Furthermore, mRNA expression and luciferase reporter assay were used to provide additional evidence regarding the associations identified in the association analyses. Chi-square tests and logistic regression were mainly used for statistical assessment.



Results

Through candidate gene approaches, 3 SNPs in the RUNX2 binding site were selected. A novel SNP rs6086746 in the PLCB4 promoter was identified to be associated with osteoporosis in Chinese populations. Patients with AA allele had higher risk of osteoporosis than those with GG+AG (adjusted OR = 6.89; 95% confidence intervals: 2.23–21.31, p = 0.001). Moreover, the AA genotype exhibited lower bone mass density (p < 0.05). Regarding mRNA expression, there were large differences in the correlation between PLCB4 and different RUNX2 alleles (Cohen’s q = 0.91). Functionally, the rs6086746 A allele reduces the RUNX2 binding affinity, thus enhancing the suppression of PLCB4 expression (p < 0.05).



Conclusions

Our results provide further evidence to support the important role of the SNP rs6086746 in the etiology of osteopenia/osteoporosis, thereby enhancing the current understanding of the susceptibility to osteoporosis. We further studied the mechanism underlying osteoporosis regulation by PLCB4.





Keywords: osteoporosis, runt domain transcription factor 2, binding site polymorphism, case-control study, PLCB4



1 Introduction

Osteoporosis is a systemic bone disease and is characterized by significant decrease in bone mass density (BMD) and damage to bone microstructure (1). This is especially noted in postmenopausal women because the prevalence of osteopenia and osteoporosis increase with age (2). Researchers estimate that there are >200 million osteoporosis patients globally and the risk of fracture in osteoporosis patients is as high as 40% (3, 4). To make the matter worse, the number of osteoporosis patients is expected to increase continuously owing to the effects of global population aging (5). A Taiwanese survey showed that osteoporosis ranks 4th among chronic diseases in elderly people aged >65 years in Taiwan and its prevalence is increasing with population aging (6). In addition, there are 12.3% of adults aged >50 years with at least one site with osteoporosis (the T-score of at least one vertebra or femur ≤ −2.5). Regarding sex, 8.6% and 15.5% of males and females, respectively, have one site with osteoporosis (7).

Genetic and environmental factors may affect osteoporosis progression (8). In addition to aging and other environmental factors, genetics is also an important factor that determines BMD (9). Osteoporosis is considered to be the outcome of interactions among several gene mutations (10). The results of past studies on twins and family data estimated that approximately 50%–85% of osteoporosis causes can be attributed to genetic factors (4, 11). In clinical practice, BMD is an important marker of osteoporosis and is a key marker for the diagnosis and treatment of osteoporosis (12). Therefore, there is a need to comprehensively understand the genetic factors involved in osteoporosis and BMD for the development of effective treatments for osteoporosis. In recent years, with the development of microarray and next-generation sequencing, genome-wide association studies (GWAS) is considered a valuable tool for studying complex genetic diseases. Since 2007, GWAS has confirmed several hundred susceptible loci for osteoporosis and BMD (12–15). However, most genome-wide significant susceptibility loci are located in non-coding regions in the genome and can provide only limited information on the genetic mechanisms of osteoporosis (16, 17). One of the primary molecular mechanisms by which SNPs regulate disease susceptibility is affecting the transcription factor binding, thereby regulating gene expression (18). Among these regions, transcription factor binding sites (TFBSs) on DNA play a central role in gene regulation via their sequence-specific interactions with transcription factor proteins (19).

With the recent progress in osteoporosis-related studies, we understood that the effects of osteoclasts and osteoblasts result in an imbalance between bone destruction and formation, which ultimately causes a decrease in bone mass and bone mineral density (20, 21). RUNX2 is one of the most important transcription factors and is also a key transcription regulatory factor in osteoblast differentiation. Therefore, it plays an important role in regulating osteoblast maturation and balance (22, 23). Recent studies showed that RUNX2 expression and BMD are positively correlated (24–28). During the differentiation of mesenchymal stem cells, RUNX2 regulates the gene transcription of key proteins and aid in the cells’ differentiation into osteoblasts (29).

Therefore, the aim of this study was to examine the correlation between the potential DNA binding sites of RUNX2 and osteoporosis. Considering the abovementioned facts, we used a bioinformatics-based approach to identify SNPs within osteoporosis-associated TFBSs. These genetic variations, which may directly affect post-transcriptional regulation of gene expression of transcription factors through SNPs present in the protein sequence, were assessed with respect to their potential association with osteoporosis susceptibility.



2 Materials and Methods


2.1 Study Participants

This hospital-based case-control study was conducted between March 2015 and October 2019. In the study cohort, 107 patients with osteoporosis, 290 patients with osteopenia, and 254 healthy controls were enrolled from Tri-Service General Hospital. All subjects included in the study were randomly chosen and excluded osteoporosis patients with ICD-10 M81.8 after consulting the medical records by the orthopedist. The BMD of all subjects was measured using dual-energy X-ray absorptiometry (DEXA) at the lumbar spine (LS1-4), and the diagnosis of osteoporosis was based on the World Health Organization standards. None of the subjects had a history of medication for osteoporosis treatment. The demographic and clinical characteristics of all subjects were obtained from questionnaires and medical records.



2.2 Bone Marrow Density Measurements

BMD (g/cm2) is used as an indicator of osteoporosis and is calculate by dividing the bone mineral content (g) by bone area (cm2) (30). In our study, BMD were measured by DEXA during health examinations at TSGH using Prodigy Series X-Ray Tube Housing Assembly (GE Medical Systems Lunar 3030 Ohmeda Dr Madison, Wisconsin, USA) (31). Osteoporosis was defined according to World Health Organization criteria that considers BMD measurements at or below −2.5 standard deviation (S.D.) from the optimal peak bone density (T-score) of healthy young adult of the same sex; conversely, BMD measurement at or above −1 S.D. from the optimal peak bone density of healthy young adult of the same sex was considered bone mass loss or normal (32).



2.3 Process of Bioinformatics Analysis of Candidate SNPs in TFBSs


2.3.1 Screen the Genetic Variation in the Genome of Taiwanese Through Quality Control Procedures

First, we used the next-generation sequencing (NGS) data of 1,517 people released by the Taiwan Biobank, which contains 74,861,556 genetic variants. We deleted structural variants (insertion/deletion) because there was no way to use the multifunctional mass spectrometer (mass array) for genotyping. Then, we excluded SNPs with call rate of <90%. Finally, the remaining SNPs were used for further alignment.



2.3.2 Identify Genetic Variants That May Affect RUNX2 Binding Motif Through Bioinformatics Sequence Alignment

Second, we analyzed genetic variants that may affect RUNX2 binding by using bioinformatics sequence alignment techniques and identified the variants located in the TFBS. In the past, the TFBS sequence of the identified transcription factor was 5’-HGHGGK-3’ (H = A, C or T; K = G or T). We aligned this motif found 1,672,016 SNPs that may affect the binding affinity.



2.3.3 Chromatin Immunoprecipitation Sequencing Confirms That These Genetic Variants Bind to These Binding Motifs

Third, we used ChIP-Seq data to verify whether these SNPs combine with RUNX2 in the chromatin immunoprecipitation experiment. The study was performed using SAOS-2 cells for ChIP-Seq analysis and analysis of the RUNX2 proteins of TFBS and was published in the JASPAR database (Matrix ID: MA0511.1) (33). Based on 1,062 motifs of RUNX2 Chip-Seq data, three SNPs that affect RUNX2 binding affinity were filtered out.




2.4 Genomic DNA Extraction and SNP Genotyping

Blood samples were obtained from all subjects in the morning while they were in a fasting state. Genomic DNA was isolated from peripheral blood samples using standard procedures for proteinase K (Invitrogen, Carlsbad, CA, USA) digestion and phenol/chloroform method (34). The SNPs in RUNX2 binding site rs6086746, rs7179057 and rs1531268 were genotyped by iPLEX Gold SNP genotyping (35). We used an inter- and intra-replication validation to assess quality of genotyping experiment. Inter-replication validation was performed in 35 replicate samples (approximately 5%), and the concordance rate was 100%.



2.5 Ethical Statement

The study was reviewed and approved by the institutional ethics committee of the Tri-Service General Hospital (TSGH-2-102-05-028). After completely explaining the objectives of the study, written informed consent was obtained from all participants. All clinical and biological samples were collected, and DNA was genotyped after obtaining patient consent.



2.6 Luciferase Reporter Assays

The RUNX2 binding site SNP rs6086746 of PLCB4 luciferase reporter was amplified by polymerase chain reaction from the genomic DNA library of human immortalized myelogenous leukemia K562 cell with the primer pair: 5’: 5’-GGGGTACCCAGATACAAGCTACAACATGAATG-3’ and 3’: 5’-CCCAAGCTTCAATAAAGATATAAATCCTTTATAGCA-3’ and subcloned into a pGL3 basal reporter (Promega, USA) cut at KpnI and HidIII sites. After the sequence verification, we further changed the current A allele into G allele using the QuickChange Lightening Site-directed Mutagenesis Kit (Agilent Technology). The construction of pSG5.HA.RUNX2 (isoform 2) was performed by polymerase chain reaction from the K562 cell cDNA library with the primer pair: 5’: 5’-AACTCGAGGATGGCATCAAACAGCCTCTTCAGC-3’ and 3’: 5’-AAAGATCTTCAATATGGTCGCCAAACAGATTC-3’ and subcloned into a pSG5.HA vector (Stratagene, USA) cut at XhoI and BglII sites. HEK293 cells were cultured in Dulbecco’s modified Eagle’s medium supplemented with 10% charcoal/dextran-treated fetal bovine serum. The cells in each well (24-well plate) were transfected with total 1 μg DNA and jetPEI (PolyPlus-transfection, Illkirch, France) according to the manufacturer’s protocol. Luciferase activity was assessed after 24 h post transfection using the Promega Luciferase Assay Kit and expressed as mean relative light units (RLUs) of two transfected sets. Results shown are representative of at least three independent experiments.



2.7 RNA Extraction and qPCR Analysis

Total RNA was extracted from whole blood obtained from 5 osteoporosis participants, 7 osteopenia participants, and 7 controls by the TRIzol reagent method (Invitrogen, Carlsbad, CA) and then reverse transcribed into cDNA with the Script II 1st strand cDNA RT Kit (ACE biolabs, Taiwan). Real-time quantitative PCR (RT-qPCR) was performed to amplify cDNA with the 7500 fast Real-Time PCR System (Applied Biosystems) using the SYBR color qPCR Master Mix (ACE biolabs, Taiwan). Relative expression was analyzed by the comparative threshold cycle (Ct) method, and human glyceraldehyde-3-phosphate dehydrogenase (GAPDH) was used as an internal control. Expression values were calculated by the 2–ΔCT method. The primer sequences used for genotyping of the SNPs and qPCR of RUNX2 and PLCB4 are shown in Supplementary Table S1. Melting curve analysis was used to confirm specificity, and three replicate wells were used for each subject.



2.8 Statistical Analysis

Continuous variables were evaluated using Student’s t-tests and reported as the mean ± S.D. Genotypes and allelic frequencies were compared between cases and controls using χ2 test or Fisher’s exact tests. Logistic regression was used to estimate ORs and 95% confidence intervals (CIs) as a measure of the association with osteopenia/osteoporosis susceptibility, adjusted by sex and age. The analysis was performed using allele type, genotype, dominant, and recessive models. Statistical analyses were performed using SPSS 22.0 (SPSS Inc., Chicago, Ill., USA) and R 3.5.2 (R Project for Statistical Computing, Vienna, Austria). A p-value of <0.05 was considered statistically significant.




3 Results


3.1 Selection of Candidate SNPs

In Figure 1, we used data from the NGS database of 1517 individuals from the Taiwan Biobank, which included 74,861,556 genetic variants. After excluding 13,614,966 structural variants (insertion/deletion) and 8,854,320 SNPs with a call rate of <90%, 52,392,270 SNPs were remaining.




Figure 1 | Workflow of the stepwise approach of candidate binding site SNPs. (A) Screen the genetic variation in the genome of Taiwanese through quality control procedures. (B) Identify genetic variants that may affect RUNX2 binding motif through bioinformatics sequence alignment. (C) Chromatin immunoprecipitation sequencing (ChIP-Seq) to confirm that these genetic variants will bind to these binding motifs. NGS, next-generation sequencing; SNP, single-nucleotide polymorphism; Ins/sel, insertion/deletion; TFBS, Transcription factor binding site; MAF, minor allele frequency.



With the human reference genome sequence (GRCh37/hg19) from the National Center for Biotechnology Information in combination with the Taiwan Biobank database. RUNX2 contained 9,264,568 potential binding motifs in the human genome based on the sequence of the above binding sites. Of the TFBSs, we compared the remaining 52,392,270 SNPs in the first step and found that 1,672,016 SNPs were in the TFBS of RUNX2. After excluding SNPs with minor allele frequency of <5%, 188,994 SNPs were remaining for further screening by ChIP-Seq analysis.

In the JASPAR database, there were 1062 positions in the TFBS associated with the RUNX2. After validating these SNPs with the results of the ChIP-Seq database of RUNX2, the remaining 3 SNPs are described in Supplementary Table S2. In the end, we used bioinformatics sequence alignment method and ChIP-Seq database for verification. Finally, 3 SNPs that may affect the binding ability of RUNX2 were screened to study the association with osteoporosis.



3.2 Population Characteristics

The basic clinical characteristics of the study population are summarized in Table 1. Osteoporosis and osteopenia patients had a lower weight than that the control subjects (p < 0.05). Osteoporosis and osteopenia patients had a lower BMI than the control subjects (p < 0.05).


Table 1 | Characteristics of participants in case-control study.





3.3 Association Between RUNX2 Binding Site Gene Polymorphisms With Susceptibility and Osteoporosis

Our results showed that SNP rs6086746 had a significant association with osteoporosis risk according to genotype (p < 0.001; Table 2). The minor allele frequency of rs1531268 (allele C), rs6086746 (allele A), and rs7179057 (allele A) in controls was 0.38, 0.21, and 0.13, respectively, which was similar to the frequency noted in Taiwan Biobank data. In the control group, the Hardy–Weinberg equilibrium p-values for rs1531268, rs6086746, and rs71790572 were 0.998, 0.160, and 0.157, respectively, which conforms to the Hardy–Weinberg equilibrium (p > 0.05).


Table 2 | Genotypic characteristics of participants in this study.



In Table 3, we used the logistic regression to compare the genotype and allele frequencies of psteopenia patients and control participants. Significant difference was found in the genotype model (GG vs. AA) in all the subjects with adjustment for age and BMI (OR = 3.56; 95% CI = 1.25–10.14; p = 0.017). Significant difference was found in the recessive model (GG+AG vs. AA) in all the subjects with adjustment for age and BMI (OR = 3.25; 95% CI = 1.15–9.15; p = 0.026). Moreover, a higher T allele frequency was associated with an increased risk of osteopenia (OR = 1.44; 95% CI = 1.05–1.98; p = 0.025). In Table 4, we used the logistic regression to compare the genotype and allele frequencies of osteoporosis patients and control participants. Significant difference was found in the genotype model (GG vs. AA) in all the subjects with adjustment for age and BMI (OR = 6.26; 95% CI = 1.99–19.68; p = 0.002). Significant difference was found in the recessive model (GG+AG vs. AA) in all the subjects with adjustment for age and BMI (OR = 6.89; 95% CI = 2.23–21.31; p = 0.001).


Table 3 | Association of the rs6086746 with osteopenia.




Table 4 | Association of the rs6086746 with osteoporosis.





3.4 Associations Between rs6086746 SNP and BMD

BMD was also measured in the current study. Patients with osteopenia/osteoporosis exhibited significantly lower total BMD and BMD of L1–L4 vertebrae compared with control subjects (p < 0.05, Table 1). Significant association was detected for the rs6086746 SNP with BMD levels (p < 0.05, Figures 2). However, individuals carrying the AA genotype at rs6086746 had significantly lower BMD levels (p < 0.05, Figure 2).




Figure 2 |  Association of bone mineral density and rs6086746 GG (n = 366), GA (n = 240), AA (n = 39). rs6086746 was determined by G or A in the position of -6363 relative to the PLCB4 gene. Numbers represent the population who has the specified genotype. BMD, expressed as an areal density in grams per square centimeter, was measured in the lumbar spine (L1–L4).





3.5 mRNA expression of RUNX2 and PLCB4 in whole blood

The RUNX2 transcription factor binds to the promoter of PLCB4 to affect the expression of PLCB4 (Figure 3). Therefore, we examined the mRNA levels of RUNX2 and PLCB4 in whole blood extracted from 5 osteopenia patients, 4 osteoporosis patients and 4 controls. Figure 3 shows the final number of experimental samples. Relative RUNX2 mRNA expression in whole blood was lower in osteoporosis patients than in controls (p = 0.038, Figure 3A). However, no difference in PLCB4 mRNA expression was found among the groups (p = 0.737, Figure 3B).




Figure 3 | Relative mRNA expression in osteopenia, osteoporosis, and normal groups. (A) Relative mRNA expression of RUNX2: osteoporosis patients had lower mRNA expression than normal group (p = 0.008). (B) Relative mRNA expression of PLCB4: there is no difference in mRNA expression among the 3 groups (p = 0.737). The effect of the rs6086746 genotypes on the (C) RUNX2 and (D) PLCB4 mRNA expression level in the normal, osteopenia, and osteoporosis patient groups. There was no association between rs6086746 genotype and mRNA expression in each group. RUNX2, RUNX family transcription factor 2; PLCB4, phospholipase C beta 4.



Next, we determined the expression of RUNX2 and PLCB4 in osteopenia/osteoporosis patients and controls with different rs6086746 alleles. In whole blood from controls or osteopenia/osteoporosis patients, no significant differences in RUNX2 and PLCB4 mRNA levels were found in any comparisons (Figures 3C, D). Experiments were performed in triplicates.

In addition, we separated the gene expression of different alleles and found that the gene with the G allele showed negative Pearson’s correlation coefficient: −0.283, p = 0.326 (Figure S1A); conversely, gene with the A allele showed positive Pearson’s correlation coefficient: −0.283, p=0.154 (Figure S1B). After testing, the Cohen’s q value of the correlation coefficient of the G and A alleles was 0.91, showing that there is a large difference between the two correlation coefficients. The A allele may change the affinity of RUNX2 and prevent it from binding, thereby causing RUNX2 to be unable to inhibit the promoter activity of rs6086746, which in turn increases PLCB4 expression.



3.6 Comparison of Promoter Activity of G and A Alleles of the PLCB4

To further test our hypothesis and to assess whether these enhancers cause allele-specific promoter activity, we cloned 268 bp regions containing individual allele of rs6086746. Indeed, our luciferase reporter assay data showed dramatic allelic difference of promoter activity. The promoter regions with the A allele (128975 ± 1979.87 RLU) at rs6086746 showed significantly higher activity to drive luciferase gene expression in HEK293 cells than those with the G allele (85478.67 ± 6281.75 RLU) (Figure 4). RUNX2 suppressed these promoter reporter activities. These results supported that these regions have allele-dependent enhancer activity, which is highly consistent with genotype-associated gene expression level (p < 0.05).




Figure 4 | Effects of the rs6086746 genotype on luciferase activity in cultured HEK293cells. HEK293 cells were transfected with 0.5 μg pGL3 basic-LUC luciferase reporter recombinant plasmids containing a PLCB4 promoter sequence with the wild-type G allele or A allele at the rs6086746 SNP in the presence of 0.5 μg pSG5.HA control vector or pSG5.HA.RUNX2 vector. Transfected cells were cultured for 24 h. Luciferase activity in cell extracts was expressed in relative light units (RLUs). Mean ± SEM is given for each construct from three experiments. *p < 0.05.






4 Discussion

In the current study, we investigated the association of SNPs in the RUNX2 binding site region with osteoporosis and showed that the rs6086746 polymorphism was significantly associated with osteoporosis. We also investigated the effect of SNPs on the expression level of PLCB4 in whole blood. In addition, luciferase activity of PLCB4 in individuals carrying the rs6086746 A allele was increased, suggesting a functional explanation for the observed association.

Because RUNX2 is a key molecule for osteoblast development, some studies have already been published regarding genomic association. Bustamante et al. (27) showed that the −1025 T/C polymorphism (rs7771980) in promoter 2 of RUNX2 is related to lumbar spine and femoral neck BMD in Spanish postmenopausal women. Auerkari et al. (36) showed that rs59983488 of RUNX2 promoter P1 region have been found to been associated with osteoporosis in postmenopausal Indonesian women. Qui et al. (37) suggested that osteoporosis GWAS-associated lead SNPs and their linked SNPs on the RUNX2 TF binding affinity. Previous studies all identified disease-related SNPs before identifying the transcription factor(s). Therefore, we provided an approach to use a hybrid method comprising candidate gene and epidemiologic approaches by first identifying specific disease-related transcription factors before identifying motif-binding regions.

SNP rs6086746 is located upstream of the PLCB4 gene, a large gene spanning 412 kb and containing 46 coding exons. The PLCB4 gene provides instructions for making one form (the beta 4 isoform) of a protein called phospholipase C. This protein is involved in a signaling pathway within cells known as the phosphoinositide cycle, which helps transmit information from outside the cell to inside the cell. Phospholipase C carries out one particular step in the phosphoinositide cycle: the conversion of a molecule called phosphatidylinositol 4,5-bisphosphate (PIP2) to two smaller molecules, inositol 1,4,5-trisphosphate (IP3) and 1,2-diacylglycerol. These smaller molecules relay messages to the cell that ultimately influence many cellular activities (38).

Study suggest that the beta 4 isoform of phospholipase C contributes to the development of the first and second pharyngeal arches (39). These embryonic structures ultimately develop into the jawbones, facial muscles, middle ear bones, ear canals, outer ears, and related tissues. This protein is also believed to play a role in vision, particularly in the function of the retina, which is a specialized tissue at the back of the eye that detects light and color. Diseases associated with PLCB4 include auriculocondylar syndrome 2 (40) and auriculo-condylar syndrome (41).

rs6140791 polymorphism of the PLCB4 and PLCB1 genes might be involved in the pathogenesis of coronary artery aneurysm in Kawasaki disease (42). In a GWAS study, it was demonstrated that the two genetic loci rs4794822 and rs2072910 (PSMD3–CSF3 locus in 17q21.1 and PLCB4 locus in 20p12) were significantly associated with the regulation of neutrophil count (43). However, to date, there has been no study that examined the correlation between PLCB4 and osteoporosis, and the related pathogenesis remains unclear. In this study, we found that the rs6086746 may affect the binding of the RUNX2 transcription factor to increase PLCB4 expression, thereby increasing the risk of osteoporosis.

In the blood mRNA expression experiment in our study, RUNX2 expression decreases as osteoporosis becomes more severe, which is similar to the results of previous studies (44). Moreover, animal experiments have confirmed that there is low RUNX2 expression in osteoporosis rats model (45). The expression of PLCB4 in blood is low. We searched the GTEx database and AceView (https://www.ncbi.nlm.nih.gov/ieb/research/acembly/av.cgi?db=human&term=PLCB4&submit=Go) and confirmed that PLCB4 gene expression levels in blood are low. Therefore, we recommend the examination of expression levels in other tissues in future studies. Although RNA expression in blood is low and there was no difference, we were unable to find rs60867462 mRNA expression data in the GTEx database. However, we were able to identify the SNP for rs60867462 D’=1 in linkage disequilibrium data, which proved that the expression level of PLCB4 increases as the number of minor alleles increases (Supplementary Table S3). Moreover, our reporter gene assay results show that the RUNX2-associated sequence has regulatory activity and that rs6086746 in this binding site is able to affect the binding of this sequence to RUNX2.

In this study, we employed a candidate method that was different from past studies. In our method, we examined the pathogenic contributions of gene mutations in the entire genome based on candidate gene linkage studies and GWAS. From our screening results, many novel SNPs were identified. This was followed by in-depth examination of the biological pathways that are affected by these SNPs and their correlation with diseases. However, only an extremely low number of causal variants were found to be directly related to disease in GWAS (46). Therefore, most of the SNPs found by GWAS are not causal variants and further fine-mapping is required (47). Hence, our whole genome screening method successfully identified 3 RUNX2-associated SNPs. In the future, multiple omics technologies, including genomics, transcriptomics, epigenomics, proteomics, and metabolomics, can be combined to identify the molecular factors contributing to the pathogenesis and thereby address genetic susceptibility to disease development.

Certain potential limitations of this study may have influenced the results, such as the participants in this study were Asians; hence, the inferences may not be generalized to other populations. Secondly, regarding mRNA expression level, we were only able to use whole blood for gene expression experiments because most osteoporosis patients did not undergo invasive treatment. This resulted in very low PLCB4 expression. Third, the etiology of osteoporosis is relatively complex and is jointly affected by several genes. Therefore, the effect of a single gene or a single-nucleotide polymorphism on osteoporosis may be lower. We recommend that the effects of different transcription factors on osteoporosis be examined in the future, which may provide novel information on the genetic background underlying osteoporosis.



5 Conclusions

In summary, our data demonstrated that rs6086746 plays an important role in postmenopausal women with osteoporosis susceptibility, modulating the epigenetic regulation of a critical osteoporosis-related gene, PLCB4. rs6086746 impairs the binding of RUNX2 to the promoter of PLCB4, which may lead to enhanced expression of the PLCB4 gene(Figure 5). However, the impact of the RUNX2 binding site SNP rs6086746 and PLCB4 on the development and function of osteoporosis remains incompletely understood, and further exploration of the regulatory mechanism is warranted.




Figure 5 | Schematic diagram of the binding of RUNX2 transcription factor to the PLCB4 promoter region. rs6086746 is located in the promoter region of PLCB4, and when G allele is mutated to A allele, it may affect the binding ability of runx2 transcription factors. This prevents the RUNX2 transcription factor from binding to its binding motif, thereby increasing the expression level of the downstream PLCB4 gene.
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Insulin resistance (IR) is a precursor event that occurs in multiple organs and underpins many metabolic disorders. However, due to the lack of effective means to systematically explore and interpret disease-related tissue crosstalk, the tissue communication mechanism in pathogenesis of IR has not been elucidated yet. To solve this issue, we profiled all proteins in white adipose tissue (WAT), liver, and skeletal muscle of a high fat diet induced IR mouse model via proteomics. A network-based approach was proposed to explore IR related tissue communications. The cross-tissue interface was constructed, in which the inter-tissue connections and also their up and downstream processes were particularly inspected. By functional quantification, liver was recognized as the only organ that can output abnormal carbohydrate metabolic signals, clearly highlighting its central role in regulation of glucose homeostasis. Especially, the CD36–PPAR axis in liver and WAT was identified and verified as a potential bridge that links cross-tissue signals with intracellular metabolism, thereby promoting the progression of IR through a PCK1-mediated lipotoxicity mechanism. The cross-tissue mechanism unraveled in this study not only provides novel insights into the pathogenesis of IR, but also is conducive to development of precision therapies against various IR associated diseases. With further improvement, our network-based cross-tissue analytic method would facilitate other disease-related tissue crosstalk study in the near future.
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Introduction

Insulin resistance (IR) is a precursor event to metabolic syndromes and underpins many metabolic disorders such as obesity, type 2 diabetes (T2D), and cardiovascular disease (1, 2). So far, considerable efforts have been devoted to investigate the pathogenesis of IR, thereby revealing several molecular basis for IR in individual tissues (3, 4). However, as a metabolic disorder affecting multiple organs, the tissue crosstalk mechanism underlying IR has not been elucidated yet.

In physiological conditions, tissues in body are not isolated and their dynamical interplay lays a cornerstone for the maintenance of whole-body homeostasis. Inter-tissue communication is such a vital mechanism for metabolic regulation (5, 6). Several lines of investigations even pointed a crucial role of tissue communication in metabolic diseases (7, 8). For example, by integrating multi-tissue transcriptomics data, the human metabolic activities in healthy and unhealthy conditions can be precisely predicted (9). By detecting metabolic profiles of eight tissues, circadian metabolic relationships were found to be rewired by nutrient challenges (10). Based on observations from multiple tissues, these outstanding works offered a whole-organism view for the understanding of metabolism. Nevertheless, due to the lack of effective means for crosstalk exploration, the tissue communications related to metabolic regulation were merely researched.

Although previous researchers tried to use the pair of secreted molecules and their receptors to describe inter-tissue connections (5, 11), there is still lack of a systematical characterization for the entire process of tissue crosstalk and related regulatory events. Network analysis is a powerful technology which helps to reproduce all activities within a biological system (12) and hence has been tried to solve multi-tissue problems (13). Theoretically, the tissue communications can be represented in form of the interface across networks of single tissue. Unfortunately, so far, most of the existing multi-network analysis algorithms were developed to mine either conservative motifs or dissimilarities among different networks (14–16). A method targeting interactions across networks, especially multi-organ networks, has not been reported yet.

To solve this issue, we proposed a network-based strategy to explore IR related tissue communications. The protein profiles of insulin sensitive organs, namely, white adipose tissue (WAT), liver, and skeletal muscle were detected in an insulin resistance mouse model via proteomics. A network-based method was developed to identify the interface between tissues, by which cross-tissue interactions as well as their up and downstream functions were particularly inspected. The functional interpretation of IR related tissue crosstalk not only provided a novel framework for exploring multilayer network connections, but also would benefit further precision therapies against various IR associated diseases.



Methods


Animals and Samples

Previous studies have shown strong causative relation between restricted intrauterine growth and adult metabolic reprograming in rodents (17, 18). To reduce the potential impact of uneven intrauterine nutrition accompanied by different litter size, we used a previously developed ICR mouse model (19). Adult (6- to 8-week-old) male and female ICR mice were purchased from Beijing Vital River Laboratory Animal Technology Co., Ltd. and caged. Three-week-old pups were weaned and randomly assigned to insulin resistance (IR) and control (Con) group. Respectively, they were fed ad libitum for 19 weeks with either high fat diet (n = 9) composed of 60% Kcal from fat (Beijing HFK Bioscience Co., LTD., H10060) to induce IR or standard chow diet (n = 12, Beijing HFK Bioscience Co., LTD., H10010). All mice were maintained on a 12 h-light/12 h-dark cycle in a specific pathogen-free barrier facility. Mice were fasted overnight before sacrifice. Liver, epididymal fat, quadriceps femoris and gastrocnemius were collected, shock-frozen in liquid nitrogen and stored at −80°C. All animal experiments were performed with the approval of the Animal Ethics Committee of Hebei General Hospital.



Assessment of Insulin Sensitivity

To assess the insulin sensitivity of experimental mice, intraperitoneal glucose tolerance test (IPGTT) was performed. Mice were fasted for 8 h with free access to water before IPGTT. For each mouse, 50% glucose was injected in abdominal cavity at dose of 2 g glucose per kg body weight (2 g/kg BW). Blood glucose of fasting (0), 15, 30, 60, and 120 min were detected from tail vein blood by glucose analyzer (OneTouch® UltraVue™). Fasting level of peripheral insulin was measured by ELISA or according to manufacturers’ instructions (80-INSMSU-E01, APLCO).



TMT-Based Proteomics Analysis

A total of 9 subjects/group were selected for TMT-based quantitative proteomics. In this study, technical replicates were used to increase the number of identified peptides and also to improve the quantification. Equal protein extracts from each subject in the same group were pooled together and trypsin digested to perform LC–MS/MS analysis, which was repeated for three times. Details on sample preparation, LC–MS/MS assay and data analysis were provided in Supplementary Methods. The proteomics data has been deposited to PRIDE (20) with identifier PXD021046. Proteins with Fold Change ≥1.2 or ≤0.83 and P-value <0.05 (Student’s t test of log2 transformed signals) were regarded as differentially expressed proteins (DEPs) between two groups.



Functional Enrichment Analysis

The Gene Ontology annotation about biological process of DEPs were obtained by BINGO (21). Pathway distribution of DEPs was extracted from KEGG (22). For better functional interpretation, disease pathways and global maps in KEGG were excluded and the remaining basic pathways were selected into subsequent enrichment analysis. False discovery rate (FDR) correction of hypergeometric test was used to measure the significance of differential proteins co-existing in a GO term or KEGG pathway. FDR <0.05 was regarded as a sign of significance.



Identification of Metabolic Enzymes and Signaling Proteins

Metabolic enzymes and signaling proteins are two kinds of widely-studied functional proteins. In this study, we identified enzymes from the protein profiles based on whether there was an EC number corresponding to the protein. To exclude kinases which functioned as signaling proteins, metabolic enzymes were further restricted as enzymes that could only be mapped onto a metabolic pathway in KEGG. As many KEGG signaling pathways contain both signaling proteins and their target enzymes, we defined signaling proteins as those could be mapped to signaling pathways but not to metabolic ones. Chi-square test was used to assess the difference in proportions of enzyme and signal protein within each tissue’s protein profile.



Constructing Tissue-Specific Networks of IR

Networks of liver, skeletal muscle, and WAT were separately constructed via a developed core network generating strategy (23). Firstly, a Perl script was written to extract all the proteins and their interactions from the *.kgml files of each mouse pathway in KEGG (22). Then, for each tissue, its DEPs were regarded as seed nodes and their connected proteins according to KEGG were screened. Afterwards, the seed nodes and their neighbors were connected to generate a seed net specific to one tissue. Finally, this seed net was simplified by Steiner minimal tree algorism, helping to cut unnecessary branches mainly composed by non-DEPs and keep important nodes bridging seed proteins (24). In order to avoid loss of information, all the connected components in the seed net were traversed during the Steiner tree step. In addition, to reduce the computational complexity, the constructed networks were all undirected. Finally, all trees obtained from the Steiner step were retained to constitute the tissue-specific network.

To assess the goodness of these tissue-specific networks, their topological structures, namely, connected nodes, edges, and density were compared to random situations. Here, density is defined as the ratio of existing edges (E) to all potential ones (E * (E − 1)/2), which descripts sparsity of a net. For each tissue, a protein set with the same node number as differential proteins was randomly selected from the background network, thereby generating a random network. In total, 100 random networks were constructed for each tissue-specific network. Compared to corresponding randomizations, tissue-specific network showing all parameters with |Z| >2.33 (25) was supposed to be successfully constructed.



Constructing the Interface of Multi-Tissue Crosstalk Relevant to IR

The interface of tissue crosstalk was constructed to investigate the communications between different tissues involved in IR. As primary proteins responsible for tissue communication, secreted proteins were identified. Based on Uhlén’s prediction (26), human secreted proteins were converted to their homologous genes in mouse. Any proteins that cannot be identified as secreted ones were assigned into non-secreted proteins. Then, we used the manually curated information in KEGG PATHWAY (22) as background knowledge for regulatory relationships between proteins. Notably, these collected interactions were directed, which further helped to define the up and downstream processes involved by a given protein. For each secreted DEPs in tissue A, their regulated non-secretory proteins in tissue B were searched in network of tissue B and then regarded as non-secreted receptors. Thus, the cross-tissue interactions between secretory DEPs and their cross-tissue targets were extracted. Afterwards, to find the inner-tissue regulatory events relevant to tissue communication, the (a) connections between secreted DEPs and their upstream neighbor DEPs and (b) those between cross-tissue targets and their downstream neighbor DEPs within one organ were identified. The inter- and intra-tissue connections together constituted the interface of tissue crosstalk.

In addition, for each tissue, to exclude the interference of secreted proteins coming from other organ, their tissue specificity was further estimated according to the Genotype Tissue Expression (GTEx) Project (27). Among the three insulin sensitive tissues, proteins whose mRNA levels were more than 10 times lower than any other tissue were considered to be low-expressed and were excluded from this tissue when constructing the interface.



Functional Analysis of Cross-Tissue Interface

To functionally interpret the interface of tissue crosstalk, the up and downstream regulatory processes of cross-tissue interactions were investigated. Here, the upstream processes were defined as the pathways regulating or interacting with secreted proteins. In the interface of crosstalk, upstream processes can be measured by the pathways enriched by upstream and secreted proteins within one tissue (FDR <0.05). Similarly, downstream processes were defined as the pathways receiving regulation from secreted proteins and can be measured by pathways enriched by non-secreted proteins and their targets on the interface.



Validation

Since pooled samples were used during proteomics detection, which might implicate the significance of DEP signals, the expression of candidate DEPs was further validated by Western blotting (WB) assay of individual subjects. Total protein of each sample was extracted using total protein extraction kit (BC3710, Solarbio) according to the manufacturers’ instructions. Western blots were performed by using specific antibody of CD36 (ab133625, Abcam), ACTIN (4970, CST), fatty acid-binding protein 1 (FABP1, 13368, CST), fatty acid-binding protein 3 (FABP3, 10676-1-AP, Proteintech), fatty acid-binding protein 4 (FABP4, 3544, CST), peroxisome proliferators-activated receptor α (PPARα, 15540-1-AP, Proteintech), peroxisome proliferators-activated receptor γ (PPARγ, 2443, CST), and phosphoenolpyruvate carboxykinase 1 (PCK1, 12940, CST). The images were captured via Minichemi 610 Plus (Sagecreation, Beijing, China). Serum thrombospondin 4 (THBS4) were measured via enzyme-linked immunosorbent assay (ELISA) according to manufacturers’ instructions (SED824Mu, Cloud-Clone Corp.).




Results


High Fat Diet Induced Insulin Resistance

Compared with control group, high fat diet fed mice showed significantly higher body weight and body mass index (BMI) (P <0.05, two-tailed Student’s t-test, Supplementary Figures 1A, B). After 17 weeks of feeding, high fat diet fed mice showed elevated blood glucose at 0.5, 1, and 2 h after injection of glucose (P <0.05, two-tailed Student’s t-test, Figure 1A). Correspondingly, the area under intraperitoneal glucose tolerance test (IPGTT) curve (AUC) was significantly enlarged as well (P <0.05, two-tailed Student’s t-test, Figure 1B). Besides, higher fasting insulin demonstrated hyperinsulinemia in high fat diet fed mice (P <0.05, two-tailed Student’s t-test, Figure 1C), further confirming insulin resistance in IR group.




Figure 1 | Metabolic measurements of experimental mice. (A) Intraperitoneal glucose tolerance test (IPGTT, 2 mg/kg), age 21 weeks (Con, n = 12; IR, n = 9); (B) Area under the IPGTT curve; (C) Fasting insulin level of experimental mice, age 21 weeks (n = 6/group). *P < 0.05, compared to control group, Student’s t-test; the normality of corresponding data was determined by Shapiro–Wilk test (P > 0.05).





Overview of Tissue-Specific Protein Profiles

In total, 5,854, 5,116, and 3,039 proteins were respectively quantified in WAT, liver, and skeletal muscle by proteomics. A total of 1,554, 477, and 219 differential proteins were identified in WAT, liver, and skeletal muscle, which are respectively listed in Supplementary Tables 1–3. It was unexpected that only 8 proteins were simultaneously up/downregulated in these tissues (Figure 2A), which are listed in Supplementary Table 4. Despite the low coincidence rate, the three DEP profiles showed quite similar biological functions. Among the TOP20 most enriched GO terms in the three tissue (see Supplementary Figure 2), there were more than 50% were annotated as metabolism-related processes (Figure 2B), which was in line with their mission as metabolic organs. Similarly, the three sets of DEPs commonly enriched in 3 KEGG pathways: pyruvate metabolism, PPAR signaling pathway and thermogenesis (Figure 2C), which accounted for 12.5, 9.4, and 21.4% of total pathways enriched by WAT, liver, and muscle. Notably, PPAR pathway was the only signaling pathway simultaneously enriched by the three tissues, highlighting its important role in regulation of IR.




Figure 2 | General information of DEPs in WAT, liver and skeletal muscle. (A) Overlapping of differential proteins; (B) Coincidence of TOP20 enriched GO terms, where the TOP20 GO terms with the lowest FDR in distinct tissue were graphed; (C) Word cloud of KEGG pathways enriched by tissue-specific protein profiles. The words with the largest font size represent pathways simultaneously enriched by three tissues; the words with medium font size represent pathways commonly enriched by two tissues; and the words with small font size represent pathways only enriched by one tissue.





Tissue-Specific Networks of IR Showed Widespread Metabolic Alterations

Based on DEPs, tissue-specific networks of WAT, liver, and skeletal muscle were constructed, which were shown in Figures 3A–C. Compared to corresponding random networks, significantly larger number of connected nodes, edges and density were found in adipose, liver, and muscle network (Supplementary Figure 3), suggesting successful construction of these nets.




Figure 3 | Tissue-specific networks of IR. (A–C) tissue-specific networks of IR. Where, fold changes of all differential proteins were shown in bar plots; signaling protein-related and metabolic enzyme-related interactions were respectively highlighted in red and green; (D) Distribution of metabolic and signaling interactions in tissue-specific networks; (E) Proportion of metabolic enzymes and signaling proteins in differential and detected proteins. *P < 0.05, chi-square test.



It was worthy to note that enzyme-involved interactions dominated 57.9, 83.5, and 62.1% of the adipose, liver, and muscle network (Figure 3D), indicating widespread metabolic alterations in these tissues. This might be related to their proportion of metabolic enzymes. Separately, there were 26.8, 41.1, and 37.9% of DEPs in WAT, liver, and skeletal muscle belonging to metabolic enzymes, the proportion of which was consistently higher than signaling proteins (Figure 3E). Especially in liver and skeletal muscle, proportions of metabolic enzymes in DEPs were significantly larger than detecting pool (P <0.05, chi-square test, Figure 3E). It was strongly suggested that, rather than signaling interactions, wide-ranging metabolic processes were altered during the state of IR.



Cross-Tissue Alterations Were Preferred in State of IR

Considering secreted proteins are important functional vehicle for tissue communication, we screened secreted proteins in insulin sensitive tissues. According to Uhlén’s prediction (26), 360, 227, and 158 secreted proteins were identified in WAT, liver, and skeletal muscle (Figure 4A). The most secreted proteins were detected in WAT, implying its stronger potential for tissue communication than liver and skeletal muscle. Intriguingly, although secreted proteins in the three tissues only accounted for 5% of detected pool on average (Figure 4A), their differential rates were all significantly higher than non-secreted ones (P <0.05, chi-square test, Figure 4B). It was suggested that, compared to inner-tissue perturbations, the cross-tissue alterations may be prioritized in state of IR.




Figure 4 | Distribution of secreted proteins. (A) Distribution of secretory and non-secretory proteins in detecting pool; (B) Differential rate of secretory and non-secretory proteins. *P < 0.05, chi-square test.





The Cross-Tissue Interface of IR Was Featured by Metabolic Processes

To explore tissue communications perturbated in process of IR, we used secreted proteins to trace the connection between networks of different tissues, the rationale of which was shown in Figure 5A. To guarantee the correct direction of tissue crosstalk, low-expressed secreted proteins in each tissue were firstly excluded. Then the cross-tissue interactions from secreted DEPs to non-secreted proteins were identified according to protein relationships annotated by KEGG database (22). Finally, the upstream DEP neighbors of secreted DEPs and the downstream DEP neighbors of non-secreted receptors were extracted to describe the up/down regulatory processes of tissue crosstalk. Together, the secreted DEPs, all possible cross-tissue receptors and their up/downstream DEP neighbors constituted the cross-tissue interface of IR. All involved interactions are listed in Supplementary Table 5.




Figure 5 | Functional interpretation of tissue crosstalk interface relevant to IR. (A) Schematic diagram of cross-tissue interface; (B) Functional classification of up and downstream processes in the interface of IR.



Furthermore, the main function of these elements in the interface was investigated by searching their enriched pathways (FDR <0.05), which are shown in Figure 5B. Surprisingly, among the up- and down-stream processes (Figure 5B), metabolic pathways dominated an average of 66.08% of all enriched pathways (95% Confidence interval: 53.21–78.95%). This proportion was significantly higher than that in background database (P <0.01, one-sample z-test), where 91 (37.45%) out of 243 basic pathways were annotated as metabolic ones. It was suggested that the metabolism alterations accompanied by IR participated or even drove the communications between WAT, liver, and skeletal muscle. By characterizing the cross-tissue interactions via their dominant upstream pathways (Figure 5B), the crosstalk from liver to WAT was found as the only tissue communication driven by carbohydrate metabolism during IR. The main reason for this was due to the high proportion of glucose metabolic enzymes in upstream regulatory proteins of liver. Among the 6 differential upstream regulatory proteins in liver (Supplementary Table 6), 5 were enzymes related to glucose metabolism: glucosamine-6-phosphate isomerase, transketolase, glucose-6-phosphatase, hexokinase-3, and glucokinase. These enzymes may connect to secreted proteins through a series of linked metabolic reactions, thereby outputting abnormal glucose metabolic signals from liver. Besides, in WAT and skeletal muscle, carbohydrate metabolism accounted for one-third of the processes receiving hepatic signals (Figure 5B). It was stressed that liver played a pivotal role in regulation of glucose homeostasis during IR.



CD36-PPAR Axis Was Highlighted as Vital Target for Tissue Crosstalk Relevant to IR

The interface of WAT, liver, and muscle is displayed in detail in Figure 6. As shown in Figure 6, many of the secreted proteins participating in tissue crosstalk were extracellular matrix (51.9%, see Supplementary Table 7 for more details), while non-secreted receptors varied a lot. As one of the 5 commonly upregulated proteins in three tissues (Supplementary Table 4), CD36 was highlighted as receptor in WAT and liver. It was indicated that adipose and hepatic CD36 might be a vital receptor receiving cross-tissue signals. WB assay confirmed the elevated CD36 in three tissues (P <0.05, Student’s t-test, Figures 7A, B). Muscular CD36 was not included in the interface because no corresponding secreted proteins were differentially expressed in WAT and liver.




Figure 6 | Detailed information of the tissue crosstalk interface relevant to IR. Where, fold changes of all differential proteins were shown in bar plots; the differentially expressed secretory proteins and their differential non-secreted receptors were labeled in color corresponding to each tissue; the up- and down-stream regulators were labeled in gray; the cross-tissue interactions started from WAT, liver, and skeletal muscle were respectively colored in red, blue and green.






Figure 7 | Validation of CD36–PPAR axis. (A) Representative WB bands of candidate proteins; (B) Relative quantity of CD36 based on WB bands (n =4/group); (C) Serum THBS4 level of experimental mice, (n = 9/group); (D) A potential cross-tissue mechanism of CD36-PPAR axis; (E) Relative quantity of PCK1 based on WB bands (n = 3–4); (F) Relative quantity of regulators in PPAR pathway based on WB bands (n = 4). *P < 0.05, compared to control group, Student’s t-test; the normality of corresponding data was determined by Shapiro–Wilk test (P > 0.05).



As it was exhibited in the cross-tissue interface of IR (Figure 6), both adipose and hepatic CD36 were linked with muscular thrombospondin-4 (THBS4). According to the proteomics detection, THBS4 in skeletal muscle was significantly increased in IR group (P <0.05, Student’s t-test, see Supplementary Table 3). Additionally, we also detected elevated THBS4 in serum of IR mice (P <0.05, Student’s t-test, Figure 7C). In liver and WAT, CD36-mediated lipid uptake could directly regulate the activity of PPAR pathway, which is an important controller for glucose homeostasis (Figure 7D). Hence, further effect of CD36–PPAR axis on metabolic regulation was subsequently evaluated. As a target gene of PPAR pathway, PCK1 is a rate-limiting enzyme of glyceroneogenesis in which gluconeogenic precursors such as pyruvate, lactate, and alanine were converted into the glycerol backbone of triglyceride (28, 29). It was identified as downregulated DEP in WAT and liver according to proteomics data. Following WB assay also confirmed decreased PCK1 in WAT and liver (P <0.05, Student’s t-test, Figure 7E), suggesting impaired metabolic homeostasis in IR group.

In addition, as the only signaling pathway commonly enriched by three tissues, the activity of PPAR pathway was examined. FABPs are a class of lipid carrier which binds and delivers ligands to PPAR. Unchanged FABP1 (P = 0.76, Student’s t-test) and significantly decreased FABP4 (P <0.05, Student’s t-test) was respectively detected in liver and WAT (Figures 7A, F), which was in line with the quantification result from proteomics. Although proteomics did not capture signals of PPAR, WB assay showed unchanged PPARα and decreased PPARγ in liver and WAT of IR group (Figure 7F). PGC-1α was consistently decreased in liver and WAT of IR group (P <0.05, Student’s t-test, Figure 7F). Therefore, PPAR pathway was suppressed in WAT and liver, which may resonate with the cross-tissue signals input by CD36. In parallel, the protein level of PPARγ and FABP3 in skeletal muscle was measured to be elevated in IR group (P <0.05, Student’s t-test, Figure 7F), suggesting enhanced muscular PPAR pathway. But neither proteomics nor WB assay detected protein expression of PCK1 in skeletal muscle, suggesting a rather weak effect of muscular PPAR pathway on PCK1 mediated metabolic dysfunction.




Discussion

The present study developed a network-based strategy for tissue crosstalk identification, which was applied to the protein profiles of WAT, liver, and skeletal muscle in IR mice. From a network perspective, the tissue crosstalk relevant to IR was systematically explored and the potential cross-tissue mechanism was characterized.

As secretory proteins are essential for signal transduction between individual tissues, we screened them in all proteins detected from WAT, liver, and skeletal muscle. It was found that secreted proteins only accounted for a small fraction (5% on average) while presented significantly higher differential rates than non-secretory ones, suggesting a strong tendency of IR group towards impairing tissue communications. In this context, we proposed a secreted protein-based strategy for identifying tissue crosstalk relevant to IR. Inter-tissue connections including secretory proteins and their receptors as well as the inner-tissue up- and down-stream regulatory events were searched from distinct tissue-specific networks, thus generating a multi-tissue interface of IR.

We observed widespread metabolic alterations not only inside tissue-specific networks but also on the cross-tissue interface of IR, highlighting a significant role of metabolism in tissue communication during IR. Extraordinarily, liver was revealed as the only organ outputting abnormal glucose metabolic signals. Approximately 5 out of 6 differentially expressed upstream proteins of hepatic secreted proteins were glucose metabolism related enzymes. It was strongly suggested that, in IR subjects, the transduction of abnormal glucose metabolic signals was probably started from liver. As targets receiving hepatic signals, almost 1/3 downstream processes in WAT and skeletal muscle were classified into carbohydrate metabolism, further confirming the pivotal role of liver in regulation of glucose metabolism.

In the extracted cross-tissue interface of IR, we noticed that one of the 5 consistently upregulated proteins in three tissues CD36 was commonly highlighted as crosstalk receptors in both WAT and liver. In metabolic organs, CD36 is a major importer for fatty acids which were then delivered by FABPs to PPAR as ligands (30, 31). Coincidently, PPAR pathway was the only signaling pathway commonly enriched by three tissues, thus emphasizing the significance of CD36–PPAR axis in pathogenesis of IR. In fact, the effect of PPAR pathway in progressing IR was widely confirmed in individual tissues (32, 33), but its role in cross-tissue communications has not been clarified. As PPARs can activate the transcription of many rate-limiting enzymes and control glucose and lipid metabolism (34), we then respectively investigated the upstream cross-tissue signals and downstream metabolic effects of CD36–PPAR axis.

In IR group, both proteomics data and WB assay confirmed elevated CD36 in WAT, liver, and skeletal muscle, which was consistent with previous observations on individual tissues (35–38). As a membrane receptor, CD36 can bind various ligands like fatty acids and thrombospondins (39). In the crosstalk interface of IR, hepatic and adipose CD36 was pointed to receiving external signals from muscular THBS4. THBS4 is a member of thrombospondins which has been identified as secreted proteins regulating cell communications (40). We detected increased THBS4 in skeletal muscle and confirmed elevated THBS4 in serum of IR mice. Consistently, a recent study observed higher peripheral THBS4 levels in patients with type 2 diabetes (41). Conversely, THBS4-/- mice also showed lower fasting glucose level than wild type and relieved hyperinsulinemia in nutrient challenge (42). It was indicated that the altered THBS4 highlighted in the upstream of CD36-PPAR axis may be important regulators for whole-body glucose metabolism.

To further verify the intracellular metabolic effect of CD36–PPAR axis, the protein expression of a PPAR target, PCK1 was examined. PCK1 is a key enzyme controlling the conversion of oxaloacetate into phosphoenolpyruvate, which is further used in glycerol 3-phosphate production for triglyceride synthesis (28, 29). In our study, both proteomics and WB assay detected decreased PCK1 in WAT and liver of IR mice. Low expression of PCK1 in liver and WAT has been implicated with IR through a lipotoxicity mechanism in transgenic mice (43). The reduced PCK1 in WAT can suppress fatty acids re-esterification and cause excessive accumulation of fatty acids derived toxic metabolites, thus resulting in lipotoxicity in ectopic tissues such as liver and skeletal muscle (44). Liver-specific PCK1-knockout experiment also confirmed the peripheral lipotoxicity of reduced hepatic PCK1 in chow-diet condition and its effect on exacerbating IR in high fat diet condition (45). Therefore, the downregulation of PCK1 here may contribute to the impaired glucose metabolism through a lipotoxicity mechanism, mechanically confirming a depressed effect of CD36–PPAR axis on glucose homeostasis in our IR mice.

Meanwhile, interference from the inherent activity of PPAR pathway was assessed by measuring main isotypes of its regulators, namely, FABPs, PPARs, and PGC-1α. FABPs are lipid carriers which bind and deliver ligands to PPAR (46). Our study respectively confirmed unchanged FABP1 and significantly reduced FABP4 in liver and WAT of IR group by proteomics and WB assay. Although proteomics did not capture signals of PPARs and PGC-1α, WB assay showed decreased PPARγ in both liver and WAT and downregulated PGC-1α in WAT of IR group. It was suggested that the activity of PPAR pathway was consistently depressed in liver and WAT of IR group. In parallel, skeletal muscle of IR group showed elevated FABP3 and PPARγ. But no signals of muscular PCK1 were captured by proteomics or WB, indicating a mechanism different from liver and WAT in regulation of glucose homeostasis. Taken together, it can be concluded that adipose and hepatic PPAR pathways are integral channels bridging external signals to intracellular glucose homeostasis in progression of IR.

In addition to the CD36-mediated signals, many extracellular matrix (ECM) related proteins were highlighted in the cross-tissue interface. ECM-related proteins are known as structural support can be released into circulation. A growing body of reports have shown strong correlation between altered ECMs and metabolic disorders (47, 48). Mechanically, ECM attachment has been reported to be required for cell communication (49) and regulation of metabolic processes (50), yet few direct pieces of evidence linking ECMs and tissue crosstalk can be found. In this study, our unbiased proteomics analysis provided a computational clue for the potential role of ECM-related proteins in tissue communication during IR, which may hint an alternative aspect of ECM functions.

This study is not without limitations. Our observation is based on static experiments in freshly isolated mouse organs. Dynamic experiments with further technical supports from conditional knockout animals or in vivo tracer techniques would provide more solid evidences for the transduction of cross-tissue signals. As obesity is the most common cause of IR (51), we chose high fat diet fed mice as our subjects. Inevitably, the results here may be specific to dietary fat induced IR. Technically, we used the same database during network construction and functional assessment and performed one sample z-test to reduce the possible circularity. Future random network analysis might be helpful to further improve this issue. Currently, as there was no standard dataset collecting tissue crosstalk interactions, we were not able to evaluate the performance of our approach. Alternatively, the results obtained from network analysis were partially verified by experimental assays. Overall, our systematical analysis of multi-organ proteomics paved a novel way to deciphering inter-tissue communications in dietary fat induced IR.



Conclusion

It has been widely accepted that tissue communication underlies pathological basis of many diseases such as obesity, diabetes, metabolic syndromes, and so on. However, due to the lack of effective means to explore and functionally infer cross-tissue interactions, current study on disease-related tissue crosstalk has been tremendously hindered. To solve this issue, we proposed a network-based approach to explore the interface between multiple tissues, which was then applied to the proteomics data of WAT, liver, and skeletal muscle in IR mice. Interestingly, widespread metabolic alterations not only were observed in tissue-specific networks, but also dominated the cross-tissue interface related to IR, emphasizing their significance in development of IR. By quantifying functional pathways involved in the interface, liver was recognized as the only organ that can output abnormal carbohydrate metabolic signals, clearly highlighting its central role for glucose homeostasis. Especially, CD36–PPAR axis was identified and verified to potentially link inter-tissue signals with intracellular metabolism in liver and WAT, thereby promoting the progression of dietary fat induced IR through a PCK1-mediated lipotoxicity mechanism.

Although this CD36–PPAR axis mediated crosstalk mechanism requires validation from more functional experiments such as conditional transgenic assays, the present study still provides novel insights into understanding the tissue communications in pathogenesis of IR. With further improvement, our network-based function mining method would shed a light on other disease-related tissue crosstalk exploration in the near future.
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Background

Roux-en-Y gastric bypass surgery (RYGB) improves biochemical and histological parameters of diabetic kidney disease (DKD). Targeted adjunct medical therapy may enhance renoprotection following RYGB.



Methods

The effects of RYGB and RYGB plus fenofibrate, metformin, ramipril, and rosuvastatin (RYGB-FMRR) on metabolic control and histological and ultrastructural indices of glomerular and proximal tubular injury were compared in the Zucker Diabetic Sprague Dawley (ZDSD) rat model of DKD. Renal cortical transcriptomic (RNA-sequencing) and urinary metabolomic (1H-NMR spectroscopy) responses were profiled and integrated. Transcripts were assigned to kidney cell types through in silico deconvolution in kidney single-nucleus RNA-sequencing and microdissected tubular epithelial cell proteomics datasets. Medication-specific transcriptomic responses following RYGB-FMRR were explored using a network pharmacology approach. Omic correlates of improvements in structural and ultrastructural indices of renal injury were defined using a molecular morphometric approach.



Results

RYGB-FMRR was superior to RYGB alone with respect to metabolic control, albuminuria, and histological and ultrastructural indices of glomerular injury. RYGB-FMRR reversed DKD-associated changes in mitochondrial morphology in the proximal tubule to a greater extent than RYGB. Attenuation of transcriptomic pathway level activation of pro-fibrotic responses was greater after RYGB-FMRR than RYGB. Fenofibrate was found to be the principal medication effector of gene expression changes following RYGB-FMRR, which led to the transcriptional induction of PPARα-regulated genes that are predominantly expressed in the proximal tubule and which regulate peroxisomal and mitochondrial fatty acid oxidation (FAO). After omics integration, expression of these FAO transcripts positively correlated with urinary levels of PPARα-regulated nicotinamide metabolites and negatively correlated with urinary tricarboxylic acid (TCA) cycle intermediates. Changes in FAO transcripts and nicotinamide and TCA cycle metabolites following RYGB-FMRR correlated strongly with improvements in glomerular and proximal tubular injury.



Conclusions

Integrative multi-omic analyses point to PPARα-stimulated FAO in the proximal tubule as a dominant effector of treatment response to combined surgical and medical therapy in experimental DKD. Synergism between RYGB and pharmacological stimulation of FAO represents a promising combinatorial approach to the treatment of DKD in the setting of obesity.





Keywords: bariatric surgery, diabetic kidney disease, transcriptome, metabolome, fatty acid oxidation, peroxisome, mitochondria, PPAR-alpha



Introduction

Diabetic kidney disease (DKD) is the leading cause of end-stage renal disease (ESRD) (1, 2). Obesity is common in people with chronic kidney disease (CKD), with reported prevalence rates ranging from 35-44% (3, 4), and is an independent risk factor for the onset and progression of DKD (5).

Roux-en-Y gastric bypass (RYGB) is the surgical procedure for which the most data on renoprotection in type 2 diabetes exists (6–8). In a randomized study of RYGB in patients with type 2 diabetes and microalbuminuria, remission of albuminuria at 24-month follow-up was greater following RYGB plus medications (82%) compared with medications alone (55%) (9). We demonstrated that RYGB improved glomerular injury whilst also opposing the activation of pro-fibrotic and pro-inflammatory transcriptional programmes in the Zucker Diabetic Fatty (ZDF) rat model (10–13).

Impaired renal tubular fatty acid oxidation (FAO) is implicated as a pathogenic driver of tubulointerstitial fibrosis in CKD (14). Restoration of mitochondrial number and FAO by tubular epithelial-specific overexpression of the rate-limiting fatty acid shuttling enzyme, carnitine palmitoyltransferase 1A, attenuates experimental renal fibrosis (15). We did not detect transcriptomic evidence of FAO induction following RYGB in the ZDF rat (12), suggesting that pharmacotherapy promoting FAO may complement the metabolic benefits of surgery vis-à-vis renoprotection.

We assessed whether drugs routinely used in type 2 diabetes management, and with the potential to stimulate FAO, enhanced renoprotection when added to RYGB in Zucker Diabetic Sprague Dawley (ZDSD) rats (16). Ramipril was included as renin-angiotensin-aldosterone-system (RAAS) blockade is the backbone of DKD management (17). Metformin, rosuvastatin and fenofibrate were included as, by convergent mechanisms, each drug can stimulate FAO (18–20). Metformin activates the energy sensing AMP-activating protein kinase (AMPK) which results in inhibitory phosphorylation of acetyl-CoA carboxylase (ACC), a major regulator of FAO (21). Low ACC activity results in reduced fatty acid synthesis and increased mitochondrial entry of fatty acids leading to increased FAO (22). Inhibitory phosphorylation of ACC to promote FAO has been demonstrated to be essential for the renal anti-fibrotic effects of metformin observed in preclinical models (20). Both rosuvastatin and fenofibrate also promote FAO by activating AMPK (23, 24), and AMPK activation at least partly explains the anti-fibrotic effects of fenofibrate in preclinical models of renal injury (25).

Moreover, fenofibrate is an agonist of peroxisome proliferator-activated receptor-alpha (PPARα) (18), a nuclear transcription factor which promotes FAO in metabolically active tissues such as liver and kidney (26). PPARα is highly abundant in proximal tubular cells (26) and reduced proximal tubular PPARα expression contributes to the impairment of FAO which promotes renal fibrosis (14, 27, 28). Fenofibrate treatment restores tubular FAO via PPARα agonism and reduces renal fibrosis in experimental models (14). Statins may synergistically activate PPARα alongside fenofibrate (19), and PPARα-dependent reductions in renal fibrosis have been observed following statin treatment in preclinical models (29). While the most important renoprotective effect of RAAS blockade in DKD is felt to be a reduction in glomerular hypertension (30), metabolic effects of RAAS blockade are increasingly recognised. For example, RAAS inhibition with combined lisinopril and losartan treatment in the db/db mouse model reversed DKD-associated changes in renal cortical triacylglycerol fatty acid composition (31).

While metformin, rosuvastatin, and fenofibrate are primarily indicated to improve metabolic control in patients with type 2 diabetes, data from rat models of hypertensive or diabetic renal injury suggest that these medications, along with ramipril, have renoprotective effects (32–35). Thus, in the present study, these four medications were administered in combination in an effort to maximize reductions in renal injury following RYGB.



Materials and Methods


Animal Studies

Experiments were undertaken under governmental project license (Health Products Regulatory Authority – AE18982/P084). Fourteen-week-old adult male ZDSD rats (n=35) and Sprague Dawley (SD, n=6) control rats (Crown BioScience) were provided with water and Purina 5008 rodent chow (Nestle Purina, St. Louis, MO). Body weight and glycaemia-matched ZDSD rats were allocated to either a sham-operated disease control (SHAM, n = 9), or one of two treatment groups: RYGB surgery (RYGB) and RYGB surgery plus fenofibrate, metformin, ramipril, and rosuvastatin (RYGB-FMRR). In total, 26 ZDSD rats underwent RYGB surgery, with 8 dying in the intra- or post-operative periods. RYGB was thus associated with a mortality rate of 30.8%. Causes of death included primary intraoperative gastrointestinal haemorrhage (n=1) and anastomotic complications (n=5, including haemorrhage and leakage). No abdominal pathology was identified on post-mortem of two rats who died after RYGB. Of the 18 remaining RYGB-operated ZDSD rats, n=9 each were assigned to the RYGB alone and RYGB-FMRR groups. No mortalities occurred in the SD or SHAM groups.

Rats treated with RYGB-FMRR received 100 mg/kg fenofibrate (Mylan Pharma, Canonsburg, PA), 300 mg/kg metformin (Teva Pharma, Petah Tikva, Israel), 1 mg/kg ramipril (Sanofi, Paris, France), and 10 mg/kg rosuvastatin (Teva Pharma). After RYGB, rats were transitioned from a liquid to a semi-solid and then to a regular chow diet over a two-week period to allow for anastomotic healing. As the above medications were incorporated into daily chow rations, they were introduced two weeks after RYGB once rats were established on a regular chow diet. Metformin monotherapy was introduced for the first two days to monitor for adverse responses, including anorexia. The remaining medications (fenofibrate, ramipril, and rosuvastatin) were commenced thereafter when no adverse response was observed. Medications were administered at doses which have been shown to be renoprotective in monotherapy in rat models of hypertensive or diabetic renal injury (32–35).

Body weights and mid-morning plasma glucose levels (Freestyle Optium Neo, Abbott Laboratories, Chicago, IL) were examined on a weekly basis before and after intervention. Animals were euthanized and tissue (renal cortex, liver, and epididymal fat) collected after an 8-week post-intervention period. The study design, including timing of interventions and sample collection, is summarised in Figure 1.




Figure 1 | Overview of the study design. Created with BioRender.com. In the SHAM, RYGB, and RYGB-FMRR groups, glycaemic control was optimized for one week prior to surgery with daily subcutaneous injection of insulin degludec (Tresiba®, Novo Nordisk) to achieve a fasting plasma glucose below 12 mmol/L. When introducing medications in the RYGB-FMRR group, metformin monotherapy was introduced for the first two days to monitor for adverse responses, including anorexia. The remaining medications (fenofibrate, ramipril, and rosuvastatin) were commenced thereafter when no adverse response was observed. FMRR, fenofibrate, metformin, ramipril, and rosuvastatin; RYGB, Roux-en-Y gastric bypass; RYGB-FMRR, Roux-en-Y gastric bypass plus fenofibrate, metformin, ramipril, and rosuvastatin; SHAM, sham surgery (laparotomy); ZDSD, Zucker Diabetic Sprague Dawley.





Roux-en-Y Gastric Bypass and Sham Surgeries

Sham surgeries were performed in ZDSD animals at 25 weeks of age (Figure 1). RYGB surgeries were performed at 29 weeks of age in the RYGB-FMRR group and at 30 weeks of age in the RYGB group (Figure 1). In light of the animal husbandry requirements in the postoperative setting, as well as the fact that all RYGB surgeries were performed by a single surgeon (M.A.), it was not possible to perform all RYGB surgeries in a single week and the procedures were thus staggered. One week prior to surgery, glycaemic control was optimized with daily subcutaneous injection of insulin degludec (Tresiba®, Novo Nordisk) to achieve a fasting plasma glucose below 12 mmol/L. Animals were anaesthetized with isoflurane and administered a pre-operative prophylactic antibiotic, enrofloxacin 5mg/kg s.c. (Baytril, Bayer). In the SHAM group, a midline laparotomy was performed followed by closure. In RYGB groups, the jejunum was transected 15 cm distal to the duodenum and the proximal stump side-to-side anastomosed to the distal jejunum 25 cm from the ileocaecal valve. The stomach was transected 3 mm from the gastro-esophageal junction, creating a small gastric pouch, which was then end-to-side anastomosed to the distal stump of jejunum. The remnant stomach was closed, forming standardized biliopancreatic and alimentary limbs and a common channel. Buprenorphine (Animalcare Limited) analgesia was provided at 0.01-0.05 mg/kg s.c. every 6 hours for the first 2 post-operative days and as required thereafter.



Biochemical Analyses

As outlined in Figure 1, urine samples were collected over a duration of 16 hours at baseline (26 weeks of age) and at 4-week follow-up (33 weeks of age in the RYGB-FMRR group and 34 weeks of age in the RYGB group). Urinary concentrations of albumin were examined by ELISA (K15162C Meso Scale Discovery, Rockville, MD). Serum samples were collected at 8-week follow-up. Serum cholesterol and triglycerides were measured using an Atellica® Solution Immunoassay and Clinical Chemistry Analyser (Siemens Healthineers).



Histological and Immunohistochemical Analyses

Ten-micron thick sections of formalin-fixed paraffin-embedded kidney were used for haematoxylin and eosin staining, while five-micron thick sections were used for immunohistochemical staining. Scanned haematoxylin and eosin-stained sections were used to measure glomerular area in QuPath (36), from which glomerular volume was calculated using the Weibel and Gomez formula (37). Thirty glomerular tufts per sample were manually annotated at random throughout the renal cortex, from a minimum of six animals per experimental group. Kidney sections were stained with anti-ACOX1 antibody (ab184032, Abcam) using the VECTASTAIN Elite ABC-HRP peroxidase kit (PK-6200, Vector Laboratories). An IgG isotype control (ADI-950-231-0025, Enzo Life Sciences) and no antibody control were used to confirm the specificity of staining. All slides were digitized using an Aperio AT2 Digital Slide Scanner (Leica Biosystems).



Transmission Electron Microscopy

Glutaraldehyde-fixed and 1% osmium tetroxide post-fixed renal tissue was dehydrated and infiltrated with EPON™ Epoxy Resin. Ultra-thin sections were prepared and examined by transmission electron microscopy (Tecnai™ G2 12 BioTWIN). Images were analyzed using ImageJ software (NIH, https://imagej.nih.gov/ij/). Data were acquired from both glomeruli and proximal tubules of six rats from each of the four experimental groups.

All glomerular ultrastructural measurements were recorded from six separate capillary loops, representative of at least three separate glomeruli per sample. Podocyte foot process frequency (PFPF) was measured at 9900x by determining the number of podocyte foot processes (FPs) per unit length (8μm) of glomerular basement membrane (GBM). Six measurements were recorded per sample. GBM thickness was measured according to the Haas method at 20500x (38). Podocyte foot process diameter (PFPD) was measured as a reciprocal of PFPF at 20500x. Twenty-four GBM thickness and PFPD measurements were recorded per specimen.

Mitochondrial roundness was assessed as a marker of mitochondrial stress and measured in thirty images of proximal tubular cells per animal, fifteen each from the pars convoluta and pars recta segments. The pars convoluta and pars recta sections of the proximal tubule were distinguished by their ultrastructural morphometry and mitochondria contained therein imaged separately (39, 40). For each of the pars convoluta and pars recta sections, fifteen non-overlapping images from three distinct regions (five images/region) were acquired at 16500x per sample. Each image contained a minimum of five mitochondria for quantification. Images were captured in the basal region of pars convoluta cells for consistency, adjacent to the tubular basement membrane. Longer mitochondria which ran off the edge of the image, and for which less than 2μm of their course was captured by the image window, were excluded from analysis. Mitochondrial parameters (area, perimeter, major and minor axis, roundness, and aspect ratio) were measured using the freehand line selection tool of ImageJ. Roundness is the inverse of the aspect ratio (major axis/minor axis length) and is calculated as: 4*area/(π*major axis2).



Transcriptomic and Quantitative Real-Time PCR Analyses

RNA was extracted from renal cortex, liver, and epididymal fat pads using an RNeasy Plus Mini Kit (Qiagen). The concentration and purity of RNA samples were determined using a Nanodrop™ 2000 Spectrophotometer (Thermo Fisher Scientific) and RNA sample integrity assessed using Agilent RNA 6000 Nano kits (Agilent Technologies).

For renal cortical RNA sequencing, RNA library preparation was carried out using the TruSeq Stranded Total RNA Library Prep Gold® kit (Cat. No. 20020598, Illumina). Libraries were sequenced on the Illumina NovaSeq 6000® platform in a paired-end fashion at a read length of 2x100bp. Sequencing fastq files and raw counts of aligned reads have been deposited in GEO (accession number GSE147706).

For quantitative reverse-transcription polymerase chain reaction (qRT-PCR) analyses, samples were treated with DNase I and complementary DNA (cDNA) synthesized using SuperScript™ II Reverse Transcriptase Kit (Invitrogen). mRNA expression of Pdk4 in renal cortex and of Acox1, Ehhadh, and Acaa2 in three tissue depots (renal cortex, liver, and epididymal fat) was quantified using beta-actin as the endogenous reference gene (TaqMan® Gene Expression Assays, Thermo Fisher Scientific and QuantStudio 7 Flex System, Applied Biosystems). Comparative analysis was performed using the ΔΔCt method (41), with SD animals serving as calibrators.



RNA-Seq Bioinformatic Analyses

The quality of the raw renal cortical RNA sequencing fastq files was analyzed using FastQC (0.11.2) (42). Quality filtering of reads and adapter removal was performed using Trim Galore (0.4.0) together with Cutadapt (1.9) (43, 44). The data was mapped with STAR (2.5.2b) towards the rat reference genome, rn5 (45). Read quantification was performed with featureCounts (1.6.4) (46).

Further analysis was performed using the R statistical programming language (4.0.5) (47). Differential expression analysis was performed using DESeq2 (48). The data was normalized by size factors. A negative binomial generalized linear model was fitted to the normalized data, with the Wald statistic used to identify differentially expressed genes. The p-values were adjusted for multiple testing with the Benjamini-Hochberg procedure. A regularized log (rlog) transformation was subsequently applied to gene expression counts.

Clustering by principal component analysis was performed using rlog gene expression counts and plotted by experimental group using the R package factoextra (49). Volcano plots were created to highlight the most strongly changed transcripts between groups. Differentially expressed transcripts between experimental groups, considered as those with an absolute fold-change ≥1.3 and adjusted p-value <0.05, were used as the input for functional enrichment analyses. Pathways (Reactome database) and gene ontology terms over-represented between all experimental groups were examined using the function ‘compareCluster’ in the R package clusterProfiler (50). Pathway over-representation analysis between the RYGB-FMRR and RYGB groups was performed using the function ‘enrichPathway’ in the R package ReactomePA (51). Upstream regulator analysis was performed using Ingenuity Pathway Analysis (IPA) (52).

After converting rat ENSEMBL gene identifiers to human ENTREZ gene identifiers using the R package biomaRt (53), the abundance of renal cortical immune and stromal cell populations was estimated by inputting rlog gene expression counts to the function ‘MCPcounter.estimate’ from the Microenvironment Cell Populations-counter (MCP-counter) R package (54). Cell abundance estimates were subsequently plotted on a heatmap using the R package pheatmap (55).



In Silico Deconvolution of the Predicted Cellular Source of Transcripts

To interrogate localization of transcripts differentially expressed between the RYGB and RYGB-FMRR groups, we accessed a publicly available human kidney single-nucleus RNA-sequencing dataset containing samples from 3 individuals with early DKD (56). Raw gene expression counts and cell assignments were obtained. The data were analyzed according to standard single cell clustering workflows in the R package Seurat, including normalization, identification of variable features between cells, scaling, dimensionality reduction, cell clustering, and ultimately the assignment of identity to clusters of cell types (57). Assignment of cluster identity was cross-checked with the human diabetic kidney dataset on the Kidney Interactive Transcriptomics website (http://humphreyslab.com/SingleCell/), which is the same dataset analyzed herein. Average expression of each transcript across the defined cell types was calculated using the function ‘AverageExpression’. Transcripts differentially expressed between the RYGB and RYGB-FMRR groups, after conversion to their human orthologs (53), were intersected with the human diabetic kidney gene expression matrix and plotted on a heatmap to explore their cell-specific expression patterns (55). Violin plots of cell type expression of three transcripts, Acox1, Ehhadh, and Acaa2, were generated with the Seurat function ‘VlnPlot’.

Further interrogation of the localisation of transcripts differentially expressed between the RYGB-FMRR and RYGB groups was performed using a proteomics dataset of 14 rat tubular epithelial cell types (58), which offered improved granularity for predicted localisation of transcripts along the renal tubule. The proteomics data was downloaded from the Kidney Tubules Expression Atlas website (https://esbl.nhlbi.nih.gov/KTEA/) and imported into RStudio (47). Transcripts differentially expressed between the RYGB-FMRR and RYGB groups were intersected with the rat tubular epithelial cell protein expression matrix and plotted on a heatmap (55). Line plots of cell type expression of three proteins, ACOX1, EHHADH, and ACAA2, were generated.



In Silico Deconvolution of Medication- and PPAR Isotype-Specific Transcriptomic Responses Using a Network Pharmacology Approach

As the four medications were provided concurrently to rats in the RYGB-FMRR group, we employed a network pharmacology approach to discern contributions of individual medications to transcriptomic differences between the RYGB-FMRR and RYGB groups. We also explored contributions of individual PPAR isotypes in this regard, given the over-representation of PPAR-governed mitochondrial and peroxisomal FAO pathways observed between the two groups.

Genes responsive to FMRR medications (fenofibrate, metformin, ramipril, and rosuvastatin) and PPAR isotypes (alpha, beta/delta, and gamma) were obtained using IPA (52). Separate lists of the four medications, alongside their corresponding cardinal drug targets, as well as the three PPAR isotypes were generated in IPA. For each list, a network was grown using the ‘Grow’ tool in the ‘Build’ section of the ‘My Pathways’ interface. An additional network was grown for all four medications and their cardinal drug targets simultaneously to create a network visualisation of medication-responsive genes contained within the RYGB-FMRR vs RYGB differentially expressed gene (DEG) list. Molecules within the network were limited to RYGB-FMRR vs RYGB DEGs when growing the network in IPA. Only experimentally observed relationships were permitted. Drug, chemical, disease, and function categories were excluded.

The data underlying the individual networks constructed for each medication and PPAR isotype were exported as a.txt file and imported into RStudio (47). Orthologous rat genes were obtained by converting the rat Entrez ID (contained within IPA export) to rat gene symbol using the R packages AnnotationDbi and org.Rn.eg.db (59, 60). The target gene data for each medication and PPAR isotype was intersected with the RYGB-FMRR vs RYGB DEG list on the basis of gene symbol.

Doughnut plots were generated to illustrate the number and percentage of medication- and PPAR-responsive genes identified in IPA, stratified by medication type/PPAR isotype (inner layer) as well as presence in or absence from the RYGB-FMRR vs RYGB DEG list (outer layer). For the subsets of medication- and PPAR-responsive genes present in the RYGB-FMRR vs RYGB DEG list, Venn diagrams were created using the R package ggvenn to illustrate the overlap and separation in transcripts responsive to each of the four medications and each of the three PPAR isotypes (61).

To interrogate cellular localisation along the renal tubule, medication- and PPAR-responsive transcripts contained within the RYGB-FMRR vs RYGB DEGs were intersected with a rat tubular epithelial cell protein expression matrix (58). Protein abundance across all non-proximal tubular cell types was collapsed into a ‘Rest of tubule’ category by obtaining row-wise means across the relevant cell types. Cell type-specific abundance of medication- and PPAR-responsive transcripts present in the RYGB-FMRR vs RYGB DEGs was plotted on heatmaps (55). Transcripts clustered on the heatmaps based on relative abundance along the renal tubule; this information was extracted from the heatmap dendrograms and transcripts were accordingly classified as belonging to one of two categories, the proximal tubule or the rest of the renal tubule, based on site of maximal abundance. Doughnut plots were subsequently generated for the medication- and PPAR-responsive transcripts present in the RYGB-FMRR vs RYGB DEGs to summarise the number and percentage of transcripts stratified by fenofibrate- or PPARα-responsiveness (inner layers), presence or absence from the tubular epithelial cell proteomics dataset (middle layers), and localisation in either the proximal tubule or the rest of the renal tubule (outer layers).

Pathway over-representation analysis was performed for the subsets of fenofibrate- and PPARα-responsive transcripts present in the RYGB-FMRR vs RYGB DEGs using the function ‘enrichPathway’ in the R package ReactomePA (51), with results presented on a dotplot.



Metabolomic Analyses: Nuclear Magnetic Resonance Spectroscopy

1H-NMR spectroscopy was performed on timed urine samples obtained at baseline and at 4 weeks after intervention according to standard Bruker In Vitro Diagnostics for research (IVDr) methods. Urine samples were thawed at room temperature for 20 min before a brief spin at 2000 g at 4°C for 10 min. NMR samples for 5 mm SampleJet racks were prepared by mixing 9 parts urine with 1 part urine buffer (1.5 M KH2PO4 pD 6.95, 0.5% w/v NaN3, 0.1% w/v 3-trimethylsilyl propionic-2,2,3,3 acid sodium salt D4 (TSP-d4) in 99.8% D2O) using a SamplePro Tube L liquid handling robot (Bruker BioSpin). The temperature was kept at 279 K throughout the sample preparation process. 1H-1H total correlation spectroscopy (TOCSY) POM balls were added to tube caps in the finished sample tube rack before placing the rack in the cooled SampleJet sample changer on the spectrometer. 1D Nuclear Overhauser Effect Spectroscopy (NOESY), 1D Carr-Purcell-Meiboom-Gill (CPMG) and 2D J-resolved experiments were acquired for each sample with a 600 MHz Bruker Avance III HD spectrometer at 300 K equipped with a 5 mm BBI room temperature probe, using the pulse sequences ‘noesygppr1d’, ‘cpmgpr1d’ and ‘jresgpprqf’, respectively, according to the IVDr SOP. Urine samples were randomised during sample preparation such that samples from each experimental group were evenly distributed during data acquisition. Pooled samples containing aliquots of samples from each of the study groups were included as an internal quality control. TSP-d4 was used for internal chemical shift referencing.

To facilitate metabolite annotation, a set of 2D experiments on four selected samples were acquired on an Oxford 800 MHz magnet equipped with a Bruker Avance III HD console, a 3 mm TCI cryoprobe and a cooled SampleJet sample changer. 13C-HSQCs were acquired using the pulse sequence ‘hsqcedetgpsisp2.3’ using spectral widths of 20 and 90 ppm in the direct and indirect dimensions, respectively, collecting 64 scans per increment for a total of 512 increments and 2048 data points. The acquisition time was 63.9 and 14 ms for the direct and indirect dimensions, respectively, and the relaxation delay was 1.5 s. 1H-1H-TOCSYs were acquired using the pulse sequence ‘dipsi2esgpph’ with sweepwidths in both dimensions of 12 ppm, collecting 16 scans per increment into 512 increments and 8192 data points. Acquisition times were 0.426 s and 26.6 ms for the direct and indirect dimensions, respectively. The TOCSY transfer delay was 60 ms and the relaxation delay between scans was 1 s. 1H-1H-COSYs were acquired with the pulse sequence ‘cosygpppqfpr’. Sweepwidths were 13.95 ppm in both dimensions; 4 scans per increment were collected to a total of 1024 increments and 2048 data points. The acquisition time was 92 ms and the relaxation delay 2 s. All 2D spectra were referenced to TSP-d4.



1H-NMR Spectral Processing

The 1D NOESY spectra destined for peak picking and multivariate analysis were zero-filled twice before Fourier transformation into 132k data points, including addition of 0.3 Hz exponential line-broadening and referencing to TSP-d4. Spectra were processed in TopSpin3.5pl7 (Bruker BioSpin). The 1D NOESY spectra were loaded into Matlab using RBNMR (62). Baseline correction of the spectra was performed due to the high urinary glucose concentrations present in untreated ZDSD rats using the command ‘msbackadj’ with window size set to 1000, quantile set to 0.1, and stepsize set to 500 (63). Further analysis of NMR data was performed using the R statistical programming language (4.0.5) (47). Spectra and parts per million (ppm) chemical shift values were imported and processed to a peak intensity matrix according to a standard workflow using the R package Speaq (64). Peak detection was performed using a Mexican hat wavelet method implemented by the function getWaveletPeaks. Detected peaks were aligned and grouped to a single ppm index value using the function PeakGrouper. Illustrative examples of raw spectra, peak detection, and peak grouping/alignment using Speaq for two peaks of interest are presented in Supplemental Figure 1. Silhouette values were calculated as a metric of the quality of peak grouping using the function SilhouetR. Peak groupings with a silhouette value less than 0.6 were removed and the peaks regrouped with the function regroupR – this process was repeated iteratively until all peak groupings had a silhouette value ≥0.6. Peak filling was performed to detect peaks that may have been missed during the first round of peak detection. Finally, a peak intensity matrix was built with grouped peaks (identified by their ppm shift values) as columns and samples as rows. A probabilistic quotient normalisation (PQN) was applied to the peak intensity matrix (65, 66), which was subsequently used as the input for multivariate statistics. Annotation of processed spectra was performed using Chenomx 8.6 software (Chenomx Inc.), the Human Metabolome Database (HMDB), and the Biological Magnetic Resonance Data Bank (BMRB) (67–69).



1H-NMR Clustering Analyses and Classification Modeling

Clustering by principal component analysis was performed using PQN-normalised NMR peak intensities and plotted by phenotype as biplots along principal components 1-4 using the R package factoextra (49). To elucidate differences in the urinary metabolome between RYGB and RYGB-FMRR rats at 4 weeks after intervention, the R package MUVR was used to fit a multivariate random forest (RF) classification model to a PQN-normalised NMR peak intensity matrix for post-intervention samples from RYGB and RYGB-FMRR rats (70). A response vector indicating experimental group assignment was inputted to the supervised model. The MUVR algorithm minimises overfitting in multivariate modelling by performing recursive elimination of the least informative variables in a repeated double cross-validation procedure (70). The following modelling parameters were used as recommended: nOuter=5 (number of outer cross-validation segments, to ensure both classes were present in all model segments), nRep=100 (number of model repetitions), and varRatio=0.85 (proportion of variables maintained in the data per model iteration during variable elimination) (70).

MUVR returns three consensus models (min, mid, and max) with similar fitness (70). The max RF model, which attempts to consider all relevant predictors without compromising classification performance, was selected to identify as many urinary NMR peaks relevant to classifying RYGB and RYGB-FMRR status as possible. Model stability across 100 repetitions was ensured by inspecting the number and proportion of selected variables as well as the number of classifications, per repetition and cumulatively; model convergence occurred by 20 model repetitions. The number of model misclassifications was used to assess model performance. Additional performance metrics (area under the curve, sensitivity, and specificity) were calculated using the R package caret (71). Mean decrease in Gini index was used to rank variable (urinary 1H-NMR peak) importance to RF model classification.



Multi-Omic Integration of RNA-Seq and 1H-NMR Data

Multi-omic integration of the renal cortical transcriptome and urinary metabolome was performed using the DIABLO (data integration analysis for biomarker discovery using latent variable approaches for omics studies) framework in the R package mixOmics (72, 73). A supervised, sparse partial least squares-discriminant analysis (PLS-DA) model was fit to rlog gene expression counts and annotated, PQN-normalized urinary 1H-NMR peaks from 4 weeks after intervention. Lowly expressed transcripts were removed from the gene expression count matrix derived from RNA-Seq to reduce the number of inputted transcripts to ~10,000 as recommended to reduce computational time (72). This was performed by removing transcripts for which all samples had an rlog count value <7.

Several aspects of the sparse DIABLO model were tuned to identify a gene-metabolite signature distinguishing the RYGB-FMRR group from the other experimental groups, including the number of model components, the number of features to select from each omics dataset for each model component, and the design matrix (ranging between 0-1 and specifying the extent to which datasets should be connected to maximise the covariance beween components) (73). The following modelling parameters were used after tuning: ncomp=3 (number of model components); number of transcripts to consider for each of the 3 model components: 50; number of metabolites to consider for each of the 3 model components: 10, 20, and 10; and a design matrix value of 0.3 to maximise discrimination between RYGB-FMRR rats and the other experimental groups. Plots of variable loadings (importance) along the model components were generated. A network visualisation of the gene-metabolite signature distinguishing RYGB-FMRR rats from the other experimental groups was generated in mixOmics and edited in Cytoscape (3.7.2) after export using the R package RCy3 (72, 74, 75).



Correlations Between Kidney Structure, Renal Cortical Transcripts, and Urinary Metabolites

The relationships between changes in kidney structure with changes in renal cortical transcript expression and urinary metabolite abundance were investigated. Pearson correlation matrices between mean values for histological and ultrastructural parameters and rlog gene expression counts as well as PQN-normalised urinary NMR peaks from 4 weeks post-intervention were constructed on a per animal basis. Gene-structure correlations for transcripts which belonged to enriched pathways between RYGB and RYGB-FMRR rats by over-representation analysis were extracted. Metabolite-structure correlations for selected metabolites which were differentially abundant between RYGB and RYGB-FMRR rats were extracted. Correlation matrices were plotted using ggcorrplot (76).



Descriptive and Inferential Statistics

Study endpoints, statistical tests by which they were analyzed, and location within the manuscript are presented in Table 1. Percentage delta change in metabolic parameters (body weight and plasma glucose) and urinary albumin excretion rates (natural logarithm-transformed) were calculated. Statistical analyses were performed using the R package rstatix in RStudio (R version 4.0.5) (47, 77). For tests involving comparisons between more than two groups, a Benjamini-Hochberg multiplicity correction of p–values was applied. P <0.05 was considered statistically significant. Study endpoints are plotted as violin plots or boxplots, with individual data points for each animal superimposed (78). For histological and ultrastructural data, individual measurements for each animal within each group are plotted to provide additional insight into data distribution (78).


Table 1 | Study endpoints and statistical tests by which they were analyzeda.






Results


Greater Improvements in Metabolic Control and Albuminuria Following RYGB-FMRR Compared With RYGB

Body weight decreased from 570.8±23.0 to 452.7±32.2 g (mean±SD) following RYGB (p<0.001) and from 564.0±20.4 to 410.0±24.2 g following RYGB-FMRR (p<0.001) (Table 2). Weight loss was greater in the RYGB-FMRR group compared with the RYGB group (-27.3±3.8 vs -20.7±4.7%, p=0.01).


Table 2 | Changes in body weight, plasma glucose, urinary albumin excretion, and serum lipids by experimental group.a,b,c



Comparing pre- and post-intervention plasma glucose concentrations, the SHAM group deteriorated by 84.3 ± 95.9% (13.3±6.4 vs 23.2±11.5 mmol/L, p=0.06). Over the same timeframe, RYGB-operated animals improved by 15.7±25.5% (13.0±4.3 vs 11.7±7.5 mmol/L, p=0.30) and the RYGB-FMRR group improved by 50.5±13.0% (13.4±4.9 vs 6.2±1.7 mmol/L, p=0.007). Improvements in glycaemia were greater in the RYGB-FMRR group compared with RYGB-operated animals (p=0.02). Serum cholesterol and triglycerides were elevated in SHAM compared with SD rats. Compared with SHAM rats, RYGB and RYGB-FMRR lowered both serum cholesterol and serum triglycerides, with no differences observed between both interventions (p=0.33 for cholesterol; p=0.81 for triglycerides).

Comparing pre- and post-intervention log UAER, the SHAM group deteriorated by 37.2±30.3% (4.8±0.8 vs 6.8±2.2 μg/hour, p=0.03). RYGB-operated animals improved by 10.6±22.8% (5.1±0.5 vs 4.5±1.2 μg/hour, p=0.32) and the RYGB-FMRR group improved by 36.4±17.5% (5.0±0.8 vs 3.1±0.9 μg/hour, p=0.003). Improvements in albuminuria were greater in the RYGB-FMRR group compared with RYGB-operated animals (p=0.03).



Renal Transcriptome Profiling Identifies Enhanced FAO Following RYGB-FMRR

Principal component analysis of kidney RNA-Seq data identified discrete shifts across groups (Figure 2A). RYGB-FMRR altered more transcripts (n=1982 vs n=987) and corrected more disease-associated transcripts (i.e., those that were altered between SD and SHAM, n=871 vs 453) than RYGB. Lists of differentially expressed genes between the study groups are available at: https://osf.io/cf7v5/. Volcano plots emphasize that RYGB-FMRR induced more transcripts than RYGB (Supplemental Figure 2).




Figure 2 | Characterization of renal cortical transcriptomic changes across the experimental groups. (A) Principal component analysis of regularized log-transformed gene expression counts demonstrates renal cortical transcriptomic differences according to group assignment. (B) Dotplot of Reactome pathway over-representation analysis illustrating pathways commonly changed by both RYGB and RYGB-FMRR, and those uniquely changed by RYGB-FMRR (50). Dot colour represents the adjusted p-value for pathway enrichment while dot size is scaled by the gene ratio. Pathways pertaining to fatty acid metabolism are bolded. (C) Heatmap visualization of abundance estimates of eight immune and two stromal cell populations obtained using the Microenvironment Cell Populations-counter (MCP-counter) R package (54). Cell abundance estimates were centred and scaled by heatmap row. Each heatmap row displays abundance of a different cell population. Heatmap columns correspond to individual rats. Gaps between columns as well as the column annotations demarcate the four experimental groups from left to right: SD (blue), SHAM (grey), RYGB (green), and RYGB-FMRR (red). Colouring of heatmap cells reflects relative cell abundance between rats: navy = low relative abundance, yellow = high relative abundance. (D) Circular network plot of two fatty acid metabolism pathways uniquely changed by RYGB-FMRR (51). Pathways are represented by the brown nodes at the top of the network. Gene nodes are connected to the brown pathway nodes by coloured edges (gold = peroxisomal; green = mitochondrial). Individual gene nodes are coloured according to magnitude of log2 fold change in transcript abundance in the RYGB-FMRR group relative to the RYGB group. (E) Bubble plot of predicted upstream regulators of gene expression changes (Ingenuity Pathway Analysis) (52). Upstream regulator changes are presented for 3 comparisons: RYGB vs SHAM, RYGB-FMRR vs SHAM, and RYGB-FMRR vs RYGB. The predicted status (inhibited or activated) of upstream regulators is plotted according to z-score. Dot size is scaled to reflect the statistical significance of z-score changes. (F) Quantitative reverse-transcription PCR validation of renal cortical expression changes in three PPARα-responsive transcripts, both peroxisomal (Acox1, Ehhadh) and mitochondrial (Acaa2), as well as the mitochondrial enzyme Pdk4, which is a sensitive transcriptional marker of FAO induction. The full data range in each group is captured in boxplots, with gene expression levels of individual constituent samples superimposed. Statistical significance of between-group differences derived from multiplicity-corrected Wilcoxon rank-sum tests is presented. Statistical significance is denoted as follows: ns = not significant; * = p <0.05; ** = p <0.01; *** = p <0.001; **** = p <0.0001. Acaa2, acetyl-Coenzyme A acyltransferase 2; Acox1, acyl-CoA oxidase 1; Ehhadh, enoyl-CoA hydratase and 3-hydroxyacyl CoA dehydrogenase; PC, principal component; Pdk4, pyruvate dehydrogenase kinase 4; RQ mRNA, relative quantification of messenger ribonucleic acid; RYGB, Roux-en-Y gastric bypass; RYGB-FMRR, Roux-en-Y gastric bypass plus fenofibrate, metformin, ramipril, and rosuvastatin; SD, Sprague Dawley; SHAM, sham surgery (laparotomy).



Both RYGB and RYGB-FMRR downregulated cell cycle and fibrosis pathways while restoring biological oxidation capacity (Figure 2B), as seen previously after RYGB in the ZDF rat (12). The magnitude of fibrosis pathway downregulation was greater after RYGB-FMRR compared with RYGB. Using MCP-counter (54), SHAM-operated animals were predicted to have an increased relative abundance of renal cortical fibroblasts compared with SD controls (Figure 2C). Congruent with pathway analysis, both RYGB and RYGB-FMRR were predicted to decrease the relative abundance of renal cortical fibroblasts, with the magnitude of reduction being greater following RYGB-FMRR (Figure 2C).

Enrichment of fatty acid metabolism pathways was a unique and dominant transcriptomic response to RYGB-FMRR, which contrasted with decreased fatty acid metabolism, and in particular peroxisomal lipid metabolism, in SHAM-operated rats (Figure 2B). Peroxisomal and mitochondrial pathways upregulated by RYGB-FMRR are plotted to illustrate the abundance of peroxisome proliferator-activated receptor-alpha (PPARα)-responsive transcripts (for example, Acox1, Ehhadh, Acaa2) causing FAO pathway enrichment (Figure 2D). Gene ontology testing reinforced the unique stimulation of long-chain and very-long-chain fatty acid (VLCFA) metabolism, peroxisomal and mitochondrial activity, and fatty acid acyltransferase activity by RYGB-FMRR (Supplemental Figures 3A–C).

Activation of PPARα was predicted to increase FAO following RYGB-FMRR by upstream regulator analysis (Figure 2E). We validated renal expression of peroxisomal (Acox1, Ehhadh) and mitochondrial (Acaa2) PPARα-responsive transcripts by qRT-PCR (Figure 2F). PPARα-response genes were induced by RYGB-FMRR in the liver but not in visceral adipose tissue (Supplemental Figure 4). Renal cortical induction of the mitochondrial enzyme pyruvate dehydrogenase kinase 4 (Pdk4), which is a sensitive transcriptional marker of increased FAO (79), was also validated by qRT-PCR.



FAO Transcripts Induced by RYGB-FMRR Map to the Proximal Tubule

We assessed cell type-specific expression patterns of transcripts in a human diabetic kidney single-nucleus RNA-sequencing dataset and in a rat tubular epithelial cell proteomics dataset (56, 58). Transcripts differentially regulated between the RYGB and RYGB-FMRR groups were most commonly expressed in the proximal tubule of the human and rat kidney (Figures 3A, C), and included PPARα-responsive genes with roles in peroxisomal (Acox1, Ehhadh) and mitochondrial (Acaa2) FAO (Figures 3B, D). We validated the proximal tubular enrichment of ACOX1 as well as its induction following RYGB-FMRR by immunohistochemistry (Figure 3E).




Figure 3 | In silico deconvolution of the predicted cellular source of transcripts differentially expressed between the RYGB-FMRR and RYGB groups. (A) Transcripts identified in the RYGB-FMRR versus RYGB differential expression analysis were intersected with a human diabetic kidney single-nucleus RNA-sequencing dataset (56). Transcript expression levels in the human diabetic kidney, averaged across cell types by the Seurat function ‘AverageExpression’ and subsequently centred and scaled by row, are plotted on the heatmap. Heatmap rows display the differentially regulated transcripts whilst each column represents 1 of 12 identified renal cell types. Cell groupings of individual cell types in the heatmap columns are indicated in the legend key. An increasingly light colour in a specific cell type reflects an increased relative expression therein relative to other cell types. (B) Violin plots of cell-specific expression in the human diabetic kidney of three PPARα-responsive transcripts upregulated by RYGB-FMRR. Kidney cell types are presented on the x-axis with relative transcript expression levels in the human diabetic kidney on the y-axis. Each dot represents a single cell in the human diabetic kidney. The proportion of expression of each transcript by proximal tubular cells as a proportion of all cells identified in the single-nucleus RNA-sequencing dataset is indicated. (C) Transcripts identified in the RYGB-FMRR versus RYGB differential expression analysis were intersected with a proteomics dataset of microdissected Sprague Dawley rat kidney tubules (https://esbl.nhlbi.nih.gov/KTEA/) (58). Protein expression (copy number per cell) in rat tubular epithelial cells is plotted on the heatmap, after centering and scaling by row. Heatmap rows display the differentially regulated transcripts between RYGB-FMRR and RYGB whilst each column represents 1 of 14 rat tubular epithelial cell types. Cell groupings of individual cell types in the heatmap columns are indicated in the legend key. An increasingly light colour in a specific cell type reflects an increased relative expression therein relative to other cell types. (D) Line plots of cell-specific expression in rat tubular epithelial cells of three PPARα-responsive transcripts upregulated by RYGB-FMRR. Tubular epithelial cell types are presented on the x-axis with protein expression (copy number per cell) in rat tubular epithelial cells on the y-axis. (E) Representative images (20x, scale bar 100µm) of kidney immunohistochemical ACOX1 staining across the four experimental groups, validating the proximal tubular localisation of ACOX1 as well as its induction in rats treated with RYGB-FMRR. ACAA2, acetyl-coenzyme A acyltransferase 2; ACOX1, acyl-CoA oxidase 1; ATL, ascending thin limb of Henle’s loop; CCD, cortical collecting duct; CD-ICA, collecting duct-intercalated cell type A; CD-ICB, collecting duct-intercalated cell type B; CD-PC, collecting duct-principal cell; CNT, connecting tubule; cTAL, cortical thick ascending limb; DCT, distal convoluted tubule; DCT-CT, distal convoluted tubule-connecting tubule; DTL1, descending thin limb of Henle’s loop, short-loop; DTL2, descending thin limb of Henle’s loop, long-loop, outer medulla; DTL3, descending thin limb of Henle’s loop, long-loop, inner medulla; ENDO, endothelial cell; EHHADH, enoyl-CoA hydratase and 3-hydroxyacyl CoA dehydrogenase; IMCD, inner medullary collecting duct; LEUK, leukocytes; LOH, loop of Henle; MES, mesangial cell; mTAL, medullary thick ascending limb; OMCD, outer medullary collecting duct; PEC, parietal epithelial cell; PODO, podocyte; PPARα, peroxisome proliferator-activated receptor-alpha; PT, proximal tubule; RYGB, Roux-en-Y gastric bypass; RYGB-FMRR, Roux-en-Y gastric bypass plus fenofibrate, metformin, ramipril, and rosuvastatin; S1, S1 region of proximal tubule; S2, S2 region of proximal tubule; S3, S3 region of proximal tubule; SD, Sprague Dawley; SHAM, sham surgery (laparotomy).





Fenofibrate and PPARα Are the Dominant Regulators of Proximal Tubular FAO Transcripts Following RYGB-FMRR

Using a network pharmacology approach, we assessed the magnitude, cellular localisation, and biological pathways associated with medication- and PPAR isotype-specific transcriptomic responses in rats treated with RYGB-FMRR compared with RYGB alone. Compared with other medications administered to RYGB-FMRR rats, there was a greater number of fenofibrate-responsive genes present in the RYGB-FMRR vs RYGB DEG list, both in absolute numbers (n=115 transcripts) and as a proportion of all genes known to be changed by fenofibrate (13%; Figure 4A). Overall, 129 genes in the RYGB-FMRR vs RYGB DEG list were found to be responsive to one or more of the four medications in the FMRR combination, with 115 (89%) of these being fenofibrate-responsive (Figure 4B). Of the medication-responsive transcripts present in both the RYGB-FMRR vs RYGB DEG list and a rat tubular epithelial cell proteomics dataset (58), 86% of the fenofibrate-responsive transcripts were found to be proximal tubular-abundant, compared with only 40% of transcripts responsive to one or more of metformin, ramipril, or rosuvastatin, but not fenofibrate (Figure 4C).




Figure 4 | In silico deconvolution of medication-specific and PPAR isotype-specific transcriptomic effects following RYGB-FMRR. (A, D) Genes responsive to FMRR medications (A) and PPAR isotypes (D) were retrieved from IPA, intersected with transcripts identified in the RYGB-FMRR versus RYGB differential expression analysis, and presented on doughnut plots with counts and percentages of transcripts in each category outlined. The inner doughnut layers outline all transcripts known to be responsive to each medication (A) or PPAR isotype (D). The outer layers stratify transcripts by presence in or absence from the RYGB-FMRR vs RYGB DEG list. (B, E) Venn diagram enumeration of the overlap and separation in transcripts present in the RYGB-FMRR vs RYGB DEG list and responsive to one or more of the FMRR medications (B) or one or more of the PPAR isotypes (E). These transcripts are labelled as ‘In DEG list’ in the outer doughnut layers in (A, D), respectively. (C, F) Subsets of genes present in the RYGB-FMRR vs RYGB DEG list and found to be responsive to FMRR medications (C) or PPAR isotypes (F) are presented on doughnut plots with counts and percentages of transcripts in each category outlined. Transcripts are stratified by fenofibrate- (C) or PPARα- (F) responsiveness (inner layers), presence or absence from Kidney Tubules Expression Atlas (KTEA; middle layers), and localisation in either the proximal tubule or the rest of the renal tubule in KTEA (outer layers). (G) Dotplots of over-represented Reactome pathways for fenofibrate- and PPARα-responsive genes present in the RYGB-FMRR vs RYGB DEG list. The size of dots is scaled by the gene ratio. DEG, differentially expressed gene; FF, fenofibrate; FMRR, fenofibrate, metformin, ramipril, and rosuvastatin; KTEA, Kidney Tubules Expression Atlas; PPAR, peroxisome proliferator-activated receptor; PPARα, peroxisome proliferator-activated receptor-alpha; PPARδ, peroxisome proliferator-activated receptor-delta; PPARγ, peroxisome proliferator-activated receptor-gamma; PT, proximal tubule; RYGB, Roux-en-Y gastric bypass; RYGB-FMRR, Roux-en-Y gastric bypass plus fenofibrate, metformin, ramipril, and rosuvastatin.



Similarly, compared with other PPAR isotypes, there was a greater number of PPARα-responsive genes present in the RYGB-FMRR vs RYGB DEG list, both in absolute numbers (n=95 transcripts) and as a proportion of all genes known to be changed by PPARα (15%; Figure 4D). Overall, 133 genes in the RYGB-FMRR vs RYGB DEG list were found to be responsive to one or more PPAR isotypes, with 95 (71%) of these being PPARα-responsive (Figure 4E). Of the PPAR isotype-responsive transcripts present in both the RYGB-FMRR vs RYGB DEG list and a rat tubular epithelial cell proteomics dataset (58), 86% of the PPARα-responsive transcripts were found to be proximal tubular-abundant, compared with only 52% of transcripts responsive to either PPARδ or PPARγ, but not PPARα (Figure 4F).

Furthermore, fenofibrate- and PPARα-responsive transcripts present in the RYGB-FMRR vs RYGB DEG list were confirmed to be functionally involved in stimulation of both peroxisomal and mitochondrial FAO by pathway over-representation analysis (Figure 4G). The magnitude of FAO pathway enrichment was similar between fenofibrate- and PPARα- responsive genes, thereby identifying PPARα as the principal mediator of fenofibrate-stimulated FAO. Thus, fenofibrate was found to be the dominant medication effector of gene expression changes following RYGB-FMRR, and via its molecular target PPARα, contributed to FAO induction in the proximal tubule. A network visualisation outlining the medication-responsive genes which are differentially expressed between the RYGB-FMRR and RYGB groups emphasises the dominant roles of fenofibrate and PPARα as effectors of gene expression changes following RYGB-FMRR (Figure 5), which contributed to FAO induction in the proximal tubule.




Figure 5 | Network visualisation of medication-responsive genes which were differentially expressed between the RYGB-FMRR and RYGB groups. The network was constructed using the ‘My Pathways’ interface in IPA, and edited using ‘PathDesigner’ in IPA. The four medications administered to rats treated with RYGB-FMRR, and their corresponding drug targets, are bolded. The legend outlines node symbols corresponding to molecule types contained within the network. The directionality of gene expression change in the RYGB-FMRR vs RYGB DEG list is displayed by node colour (red = upregulated; green = downregulated). Relationships between medications and their gene targets are illustrated by edge colour (orange = predicted activation; blue = predicted inhibition). DEG, differentially expressed gene; IPA, Ingenuity Pathway Analysis; RYGB, Roux-en-Y gastric bypass; RYGB-FMRR, Roux-en-Y gastric bypass plus fenofibrate, metformin, ramipril, and rosuvastatin.





Urinary Metabolomics Identifies Increased PPARα-Responsive Nicotinamide Metabolites and Decreased TCA Cycle Intermediates Following RYGB-FMRR

Urinary metabolomic profiles of SHAM rats at baseline and follow-up clustered alongside baseline samples from RYGB and RYGB-FMRR rats, and were collectively designated as untreated ZDSD rats (Figures 6A, B). Untreated ZDSD rats separated into two subphenotypes, mild and severe, based on urinary metabolomic changes relating to disease severity. The major sources of variation along principal components 1 and 2 pertained to the untreated severe ZDSD rat phenotype and a post-RYGB phenotype, the latter of which was common to rats in both the RYGB and the RYGB-FMRR groups. Loading vectors in the principal component analysis biplot indicate that increased urinary excretion of sugars (glucose, sucrose, and mannose) and TCA cycle intermediates (citrate, succinate, and 2-oxoglutarate) characterised the untreated severe ZDSD rat phenotype (Figure 6A). Given that these rats clustered away from other untreated ZDSD rats on the basis of increased urinary excretion of sugars and TCA cycle intermediates, they were designated as having a more severe phenotype, while those with lower urinary abundance of these metabolites were designated as having a mild phenotype. Increased urinary excretion of host-gut microbial co-metabolites including N-phenylacetylglycine, 3-indoxyl sulfate, and hippurate occurred following both RYGB and RYGB-FMRR.




Figure 6 | Characterization of urinary metabolomic changes following RYGB and RYGB-FMRR. (A, B) Principal component analysis biplots of PQN-normalized urinary 1H-NMR peaks obtained before and at 4 weeks after intervention (A, principal components 1-2; B, principal components 3-4). Baseline and follow-up samples from SD rats were considered together given the lack of change in metabolomic profiles evident in this group. Samples from SHAM rats at baseline and follow-up were considered alongside baseline samples from RYGB and RYGB-FMRR rats, and collectively designated as untreated ZDSD rats. Untreated ZDSD rats clustered based on disease severity into two subphenotypes, mild and severe, rather than by timing of sampling or by experimental group assignment. The definition of disease severity in this context was based on patterns of urinary metabolomic changes influencing subphenotypes observed after clustering of rats by principal component analysis. RYGB and RYGB-FMRR reflect post-intervention values in these two groups. Arrows indicate loading vectors of metabolites driving separation of the groups along principal components 1-4. (C) Dotplot of urinary 1H-NMR peaks ranked by importance to classification of RYGB and RYGB-FMRR groups in random forest modelling (70). Peaks are displayed in descending rank order from left to right according to the variable importance metric, mean decrease in Gini index. Variable importance estimates are mean values derived from 100 model repetitions. Multiple peaks were identified for certain metabolites and some peaks remained unannotated despite 2-D NMR analysis. When multiple metabolites are present in a given peak, metabolites are listed in order of relative abundance in the peak, with the most abundant metabolite listed first. PPARα biomarker metabolites involved in nicotinamide metabolism are highlighted in pink; TCA cycle intermediates are highlighted in blue. (D): PQN-normalized abundance of metabolites according to the groups outlined in the PCA biplots in (A, B) The first column reflects PPARα biomarker metabolites involved in nicotinamide metabolism (pink panels). The second and third columns reflect TCA cycle intermediates (blue panels). The raw spectra and spectral processing in the R package Speaq was manually reviewed for these metabolites to ensure that the between-group differences highlighted are not artefactual (64). Illustrative examples of the raw spectra and spectral processing in Speaq for the 1-methylnicotinamide and 2-oxoglutarate peaks are presented in Supplemental Figure 1. NMR characteristics of the peaks are presented in Supplemental Table 1. 1H-NMR, proton nuclear magnetic resonance spectroscopy; 2-D, two-dimensional; p1, peak 1; p2, peak 2; PC, principal component; PQN, probabilistic quotient normalization; RYGB, Roux-en-Y gastric bypass; RYGB-FMRR, Roux-en-Y gastric bypass plus fenofibrate, metformin, ramipril, and rosuvastatin; SD, Sprague Dawley; SHAM, sham surgery (laparotomy); TCA, tricarboxylic acid; ZDSD, Zucker Diabetic Sprague Dawley.



The RYGB and RYGB-FMRR groups clustered separately along principal components 3 and 4 (Figure 6B). The post-RYGB-FMRR urinary metabolome was characterised by increased abundance of PPARα-responsive metabolites involved in nicotinamide and vitamin B metabolism (1-methylnicotinamide, nicotinamide N-oxide, nicotinurate, and methylmalonate).

An RF model effectively classified the RYGB and RYGB-FMRR groups based on urinary metabolomic profiles, with an AUC of 0.97, sensitivity of 0.89, and specificity of 0.88. PPARα-responsive nicotinamide metabolites and TCA cycle intermediates were important to model performance (Figure 6C). Increased urinary excretion of PPARα-responsive nicotinamide metabolites occurred following RYGB-FMRR but not RYGB (Figure 6D). DKD-associated increases in urinary TCA cycle intermediates were generally reversed by both RYGB and RYGB-FMRR. Reductions in 2-oxoglutarate, fumarate, and malate were greater following RYGB-FMRR compared with RYGB. NMR characteristics of nicotinamide metabolites and TCA cycle intermediates are provided in Supplemental Table 1.



Multi-Omic Integration Identifies a Gene-Metabolite Network Distinctive to RYGB-FMRR and Governed by PPARα

Component 1 of a PLS-DA model integrating kidney RNA-Seq and urinary 1H-NMR data selected a highly correlated (Pearson r = 0.93) set of transcripts (n=50) and metabolites (n=10) distinctive to RYGB-FMRR (Figures 7A, B). The majority of transcripts selected along component 1 have direct roles in renal cortical FAO, including peroxisomal (Ehhadh, Acox1) and mitochondrial (Acaa2) PPARα-responsive transcripts (Figure 7C). Component 1 metabolites included 1-methylnicotinamide, nicotinamide N-oxide, and 2-oxoglutarate. Network visualisation of the gene-metabolite signature distinctive to RYGB-FMRR illustrates positive correlations between FAO transcripts and urinary nicotinamide metabolites, as well as inverse correlations between FAO transcripts and urinary 2-oxoglutarate (Figure 7D).




Figure 7 | Multi-omic integration of the renal cortical transcriptome and urinary metabolome identifies a distinctive gene-metabolite signature following RYGB-FMRR. (A) A supervised, sparse partial least squares-discriminant analysis model was fit to regularized log-transformed gene expression counts and annotated, PQN-normalized urinary 1H-NMR peaks from 4 weeks after intervention using the DIABLO framework in the R package mixOmics (72, 73). An overview of the correlation structure between transcripts and metabolites selected by component 1 of the model, which separated RYGB-FMRR rats from the three other experimental groups, is presented. The left lower panel indicates the Pearson’s correlation coefficient between transcripts and metabolites, and the top right panel presents a scatterplot of the correlation structure between the two omics datasets for each sample. Each dot represents an individual rat, with colours indicating experimental group assignment. (B) Dimensionality reduction plot of the subspace spanned by the latent variables of the sparse DIABLO model indicating clustering of experimental groups along component 1 (x-axis) and component 2 (y-axis). The plot is facetted by omics modality such that one panel each is presented for transcripts and metabolites. Based on renal cortical transcript expression and urinary metabolite abundance, RYGB-FMRR rats separated from the other experimental groups along component 1. Each dot represents an individual rat, with colours indicating experimental group assignment. (C) Dotplots illustrating the contribution of each selected feature (n=50 transcripts, n=10 metabolites) to component 1 of the sparse DIABLO model. Dots are ordered from top to bottom and from right to left according to the loading weight (importance) of the feature. The loading weight can be positive or negative and ranking is by absolute values. The colour of dots corresponds to the group in which the feature is most abundant. Some metabolites in urinary 1H-NMR peaks remained unannotated despite 2-D NMR analysis. When multiple metabolites are present in a given peak, metabolites are listed in order of relative abundance in the peak, with the most abundant metabolite listed first. PPARα biomarker metabolites involved in nicotinamide metabolism are highlighted in pink; TCA cycle intermediates are highlighted in blue. (D) Network visualization of the correlation structure between the 50 transcripts and 10 metabolites selected by component 1 of the sparse DIABLO model. Correlations between features with an absolute value greater than 0.5 are presented. Metabolites are presented at the periphery of the network as cyan spherical nodes. Transcripts are presented towards the middle of the network as grey rectangular nodes. Edges are coloured by the directionality of correlation between nodes: blue for negative correlations, red for positive correlations. 1H-NMR, proton nuclear magnetic resonance spectroscopy; DIABLO, data integration analysis for biomarker discovery using latent variable approaches for omics studies; NA, not annotated; p1, peak 1; p2, peak 2; p3, peak 3; PLS-DA, partial least squares-discriminant analysis; PQN, probabilistic quotient normalization; RYGB, Roux-en-Y gastric bypass; RYGB-FMRR, Roux-en-Y gastric bypass plus fenofibrate, metformin, ramipril, and rosuvastatin; SD, Sprague Dawley; SHAM, sham surgery (laparotomy); TCA, tricarboxylic acid.





Improvements in Glomerular Volume and Relationship to Renal FAO Transcripts and Urinary Metabolites

Median [IQR] glomerular volume was elevated in SHAM-operated animals relative to the SD group (1.9x106 [6.1x105] vs 1.1x106 [3.6x105] μm3, p<0.001) (Figures 8A, B). Glomerular volume was reduced in RYGB-operated animals (p<0.001) and in animals treated with RYGB-FMRR relative to the SHAM group (p<0.001). Improvements in glomerular volume were greater in the RYGB-FMRR group compared with the RYGB group (1.3x106 [4.6x105] vs 1.4x106 [5.0x105] μm3, p=0.001).




Figure 8 | Changes in glomerular volume and their relationship to renal cortical FAO transcripts and urinary nicotinamide and TCA cycle metabolites. (A) Representative images (20x, scale bar 100µm) of haematoxylin and eosin-stained kidney sections from the four experimental groups. (B) Glomerular volume (µm3) was assessed in 30 glomeruli from 6-8 animals per group. Data are plotted as violin plots with individual glomerular measurements superimposed. Within each group, each animal is identified as its own column of dots with a unique colour shade. Median group values are identified by the horizontal black line in each violin and printed on each violin. Statistical significance of between-group differences derived from multiplicity-corrected Wilcoxon rank-sum tests is presented. Statistical significance is denoted as follows: ns = not significant; * = p <0.05; ** = p <0.01; *** = p <0.001; **** = p <0.0001. (C) Correlation plots highlighting Pearson correlation r values for glomerular volume correlations with renal cortical transcripts and urinary metabolites. Regularized log-transformed gene expression counts were used for gene-structure correlations. Transcripts plotted are those which resulted in enrichment of peroxisomal and mitochondrial lipid metabolism pathways in RYGB-FMRR rats (also highlighted in the circular network plot in Figure 2D). PQN-normalized urinary 1H-NMR peaks from samples obtained at 4 weeks after intervention were used for metabolite-structure correlations. Metabolites involved in nicotinamide metabolism (PPARα biomarkers) and TCA cycle intermediates, many of which were differentially abundant between RYGB-FMRR and RYGB rats, are plotted. Individual cells in the correlation plots are scaled by colour indicating strength and directionality of the correlation. PPARα, peroxisome proliferator-activated receptor-alpha; RYGB, Roux-en-Y gastric bypass; RYGB-FMRR, Roux-en-Y gastric bypass plus fenofibrate, metformin, ramipril, and rosuvastatin; SD, Sprague Dawley; SHAM, sham surgery (laparotomy); TCA, tricarboxylic acid.



Glomerular volume was inversely associated with induction of PPARα-responsive FAO transcripts including Acox1 (r=-0.47), Ehhadh (r=-0.47), and Acaa2 (r=-0.32) as well as urinary nicotinamide metabolites including 1-methylnicotinamide (r=-0.41) and nicotinamide N-oxide (r=-0.40), collectively suggesting that increased renal cortical PPARα activity following RYGB-FMRR was associated with quantitative improvements in glomerular structure (Figure 8C). Urinary excretion of TCA cycle intermediates was positively correlated with glomerulomegaly. Correlations with glomerular volume were moderately strong for two TCA cycle intermediates which were diminished to a greater degree by RYGB-FMRR than RYGB alone: 2-oxoglutarate (r=0.57) and fumarate (r=0.61).



Improvements in Glomerular Ultrastructure and Relationship to Renal FAO Transcripts and Urinary Metabolites

Median [IQR] podocyte foot process frequency (PFPF) was reduced in SHAM-operated animals relative to the SD group (12.5 [4.0] vs 19.4 [4.3] FPs per 8μm GBM, p<0.001) (Figures 9A, B). Compared with the SHAM group, PFPF was partially restored by RYGB (15.0 [4.3] FPs, p=0.004) and by RYGB-FMRR (17.0 [3.5] FPs, p<0.001). Restoration of PFPF was greater in the RYGB-FMRR group compared with the RYGB group (p=0.04). Podocyte foot process diameter (PFPD) was higher in the SHAM group relative to the SD group (463 [238.1] vs 330.8 [135.6] nm, p<0.001) (Figures 9A, C). PFPD measures were significantly lower in both the RYGB (p=0.001) and RYGB-FMRR (p<0.001) groups relative to the SHAM group. Reduction in PFPD was greater in the RYGB-FMRR group compared with the RYGB group (344.8 [100.8] vs 410.9 [145.7] nm, p<0.001). Increases in GBM thickness were observed in the SHAM group relative to the SD group (330.5 [102.5] vs 219.4 [51.1] nm, p<0.001) (Figures 9A, D). GBM thickness was significantly lower in both the RYGB (p<0.001) and RYGB-FMRR (p<0.001) groups relative to the SHAM group. Improvements in GBM thickness were greater in the RYGB-FMRR group compared with the RYGB group (263.2 [59.2] vs 273.8 [63.5] nm, p=0.04).




Figure 9 | Changes in glomerular ultrastructure and their relationship to renal cortical FAO transcripts and urinary nicotinamide and TCA cycle metabolites. (A) Representative images (9900x, scale bar 1µm) of transmission electron microscopy images of glomerular capillary loops from the four experimental groups. (B–D) Podocyte foot process frequency (per 8µm of glomerular basement membrane length), podocyte foot process diameter (nm), and glomerular basement membrane thickness (nm) were quantified using transmission electron microscopy images from 6 animals per group. Six determinations of podocyte foot process frequency were made per animal, while twenty-four determinations of podocyte foot process diameter and glomerular basement membrane thickness were made per animal. Data are plotted as violin plots with individual glomerular measurements superimposed. Within each group, each animal is identified as its own column of dots with a unique colour shade. Median group values are identified by the horizontal black line in each violin and printed on each violin. Statistical significance of between-group differences derived from multiplicity-corrected Wilcoxon rank-sum tests is presented. Statistical significance is denoted as follows: ns = not significant; * = p <0.05; ** = p <0.01; *** = p <0.001; **** = p <0.0001. (E) Correlation plots highlighting Pearson correlation r values for glomerular ultrastructure (podocyte foot process frequency, podocyte foot process diameter, and glomerular basement membrane thickness) correlations with renal cortical transcripts and urinary metabolites. Regularized log-transformed gene expression counts were used for gene-structure correlations. Transcripts plotted are those which resulted in enrichment of peroxisomal and mitochondrial lipid metabolism pathways in RYGB-FMRR rats (also highlighted in the circular network plot in Figure 2D). PQN-normalized urinary 1H-NMR peaks from samples obtained at 4 weeks after intervention were used for metabolite-structure correlations. Metabolites involved in nicotinamide metabolism (PPARα biomarkers) and TCA cycle intermediates, many of which were differentially abundant between RYGB-FMRR and RYGB rats, are plotted. Individual cells in the correlation plots are scaled by colour indicating strength and directionality of the correlation. GBM, glomerular basement membrane; PFPD, podocyte foot process diameter; PFPF, podocyte foot process frequency; PPARα, peroxisome proliferator-activated receptor-alpha; RYGB, Roux-en-Y gastric bypass; RYGB-FMRR, Roux-en-Y gastric bypass plus fenofibrate, metformin, ramipril, and rosuvastatin; SD, Sprague Dawley; SHAM, sham surgery (laparotomy); TCA, tricarboxylic acid.



Induction of FAO transcripts and urinary excretion of nicotinamide metabolites by RYGB-FMRR was inversely associated with glomerular ultrastructural injury (PFPD and GBM thickness) (Figure 9E). Urinary excretion of TCA cycle intermediates was positively correlated with glomerular ultrastructural injury (PFPD and GBM thickness).



Improvements in Mitochondrial Morphology and Relationship to Renal FAO Transcripts and Urinary Metabolites

Mitochondria in the pars convoluta had a greater two-dimensional area, were longer, and less round compared with mitochondria in the pars recta (Supplemental Figure 5), as previously described (40). In the pars convoluta, median [IQR] mitochondrial roundness did not differ between the SD, SHAM, and RYGB groups at 0.36 [0.30], 0.37 [0.33], and 0.38 [0.30], respectively (p>0.05) (Figures 10A, B). However, mitochondrial roundness did decrease in the pars convoluta of animals in the RYGB-FMRR group at 0.35 [0.28] (p=0.02 versus SHAM and p=0.008 versus RYGB).




Figure 10 | Changes in proximal tubular mitochondrial roundness and their relationship to renal cortical FAO transcripts and urinary nicotinamide and TCA cycle metabolites. (A, C) Representative images (16500x, scale bar 1µm) of transmission electron microscopy images of mitochondria in the pars convoluta (A) and pars recta (C) regions of the proximal tubule from the four experimental groups. (B, D) Mitochondrial roundness in the pars convoluta (B) and pars recta (D) was quantified using transmission electron microscopy images from 6 animals per group. Mitochondria were quantified in 15 non-overlapping images captured from 3 distinct pars convoluta and pars recta regions (5 images/region) for each animal. Data are plotted as violin plots with individual mitochondrial measurements superimposed. Within each group, each animal is identified as its own column of dots with a unique colour shade. Median group values are identified by the horizontal black line in each violin and printed on each violin. Statistical significance of between-group differences derived from multiplicity-corrected Wilcoxon rank-sum tests is presented. Statistical significance is denoted as follows: ns = not significant; * = p <0.05; ** = p <0.01; *** = p <0.001; **** = p <0.0001. (E) Correlation plots highlighting Pearson correlation r values for mitochondrial roundness (pars convoluta and pars recta) correlations with renal cortical transcripts and urinary metabolites. Regularized log-transformed gene expression counts were used for gene-structure correlations. Transcripts plotted are those which resulted in enrichment of peroxisomal and mitochondrial lipid metabolism pathways in RYGB-FMRR rats (also highlighted in the circular network plot in Figure 2D). PQN-normalized urinary 1H-NMR peaks from samples obtained at 4 weeks after intervention were used for metabolite-structure correlations. Metabolites involved in nicotinamide metabolism (PPARα biomarkers) and TCA cycle intermediates, many of which were differentially abundant between RYGB-FMRR and RYGB rats, are plotted. Individual cells in the correlation plots are scaled by colour indicating strength and directionality of the correlation. PCON, pars convoluta; PPARα, peroxisome proliferator-activated receptor-alpha; PREC, pars recta; RYGB, Roux-en-Y gastric bypass; RYGB-FMRR, Roux-en-Y gastric bypass plus fenofibrate, metformin, ramipril, and rosuvastatin; SD, Sprague Dawley; SHAM, sham surgery (laparotomy); TCA, tricarboxylic acid.



In the pars recta, mitochondrial roundness was increased in SHAM-operated animals relative to the SD group (0.69 [0.27] vs 0.65 [0.30], p<0.001) (Figures 10C, D). Mitochondrial roundness was lower in RYGB-operated animals relative to the SHAM group (0.68 [0.30] vs 0.69 [0.27], p=0.02). Mitochondrial roundness was lower in animals treated with RYGB-FMRR at 0.62 [0.32] (p<0.001 versus both SHAM and RYGB).

Increased renal FAO transcript expression and urinary nicotinamide metabolite excretion following RYGB-FMRR inversely correlated with mitochondrial roundness in the proximal tubule (Figures 10E), with correlations being greater in magnitude in the pars recta. Urinary excretion of TCA cycle intermediates positively correlated with proximal tubular mitochondrial roundness.



Comparison of Kidney FAO Parameters Between RYGB and RYGB-FMRR Rats Matched for Metabolic Control and Albuminuria

Enhanced expression of PPARα-responsive transcripts and reduced mitochondrial roundening may have been related to greater improvements in metabolic control after RYGB-FMRR compared with RYGB. We therefore assessed FAO transcript expression and mitochondrial roundness in a pair of rats, one each from the RYGB and RYGB-FMRR groups, that were matched for baseline values and delta improvements in body weight, plasma glucose, and albuminuria. Both animals achieved >20% reduction in body weight, >40% reduction in plasma glucose, and >25% reduction in albuminuria (Figure 11A). Despite this, expression of FAO transcripts was higher in the RYGB-FMRR animal (Figure 11B). Furthermore, mitochondrial roundness of the RYGB-FMRR animal was lower compared with the matched RYGB animal in both the pars convoluta (0.36 [0.29] vs 0.43 [0.32], p=0.04) and the pars recta (0.56 [0.35] vs 0.64 [0.25], p <0.001) (Figure 11C).




Figure 11 | Comparison of renal cortical lipid metabolism parameters between RYGB and RYGB-FMRR rats matched for improvements in metabolic control and urinary albumin excretion. (A) One rat each from the RYGB and RYGB-FMRR groups, matched for body weight, plasma glucose, and albuminuria, was used for a comparative analysis of renal cortical lipid metabolism transcript expression and proximal tubular mitochondrial morphology. Body weight, plasma glucose, and log urinary albumin excretion rate values pre- and post-intervention are plotted, highlighting both similar baseline values and magnitude of improvement in these parameters for each rat from the RYGB and RYGB-FMRR groups. (B) Heatmap of renal cortical peroxisomal and mitochondrial lipid metabolism transcript expression for the matched RYGB and RYGB-FMRR rats, indicating increased relative expression of lipid metabolism transcripts in the RYGB-FMRR rat. Regularized log-transformed gene expression counts from RNA-sequencing, centred and scaled by row, are plotted. Transcripts plotted are those which resulted in enrichment of peroxisomal and mitochondrial lipid metabolism pathways in RYGB-FMRR rats (also highlighted in the circular network plot in Figure 2D). Heatmap rows display individual transcripts while columns reflect values from the matched RYGB and RYGB-FMRR rats. The column gap separates RYGB and RYGB-FMRR rats, while the row gap separates peroxisomal and mitochondrial lipid metabolism transcripts. (C) Mitochondrial roundening was lower in both the pars convoluta and pars recta sections of the proximal tubule in the RYGB-FMRR animal compared with the matched RYGB animal. Mitochondrial roundness in the pars convoluta and pars recta was quantified using transmission electron microscopy images from each of the matched animals. Mitochondria were quantified in 15 non-overlapping images captured from 3 distinct pars convoluta and pars recta regions (5 images/region) for each animal. Data are plotted as violin plots with individual mitochondrial measurements superimposed. Median values are identified by the horizontal black line in each violin and printed on each violin. Statistical significance of differences in mitochondrial characteristics between the two animals derived from Wilcoxon rank-sum tests is denoted as follows: ns = not significant; * = p <0.05; ** = p <0.01; *** = p <0.001; **** = p <0.0001. RYGB, Roux-en-Y gastric bypass; RYGB-FMRR, Roux-en-Y gastric bypass plus fenofibrate, metformin, ramipril, and rosuvastatin; UAER, urinary albumin excretion rate.






Discussion

We interrogated mechanisms underpinning the renoprotective effects of RYGB surgery, alone and in combination with medications (Figure 12). Attenuated glomerular injury after RYGB was underpinned by reduced activation of transcriptomic fibrosis pathways, as previously reported (10–13). Improvements in glomerular injury of greater magnitude and lower variability were however achieved by combining RYGB with type 2 diabetes medications (fenofibrate, metformin, ramipril, and rosuvastatin) to stimulate renal FAO, a mechanism of progressive DKD which was not addressed by RYGB alone (80, 81). Fenofibrate was found to be the principal medication effector of gene expression changes following RYGB-FMRR; consequent induction of PPARα-regulated FAO transcripts in the proximal tubule was a dominant response to RYGB-FMRR which strongly correlated with urinary abundance of nicotinamide metabolites and TCA cycle intermediates.




Figure 12 | Overview schematic. Created with BioRender.com. 1H-NMR, proton nuclear magnetic resonance spectroscopy; FA, fatty acid; FAO, fatty acid oxidation; FMRR, fenofibrate, metformin, ramipril, and rosuvastatin; GBM, glomerular basement membrane; H&E, haematoxylin and eosin; PPARα, peroxisome proliferator-activated receptor-alpha; PT, proximal tubule; RNA-Seq, ribonucleic acid next-generation sequencing; RYGB, Roux-en-Y gastric bypass; RYGB-FMRR, Roux-en-Y gastric bypass plus fenofibrate, metformin, ramipril, and rosuvastatin; SD, Sprague Dawley; SHAM, sham surgery (laparotomy); TCA, tricarboxylic acid; TEM, transmission electron microscopy; UAER, urinary albumin excretion rate; VLCFA, very-long-chain fatty acid; ZDSD, Zucker Diabetic Sprague Dawley.



Impaired FAO perpetuates organ fibrosis, and defective renal tubular epithelial cell fatty acid utilization propagates tubulointerstitial fibrosis (14, 82, 83). Studies linking loss of tubular FAO with fibrosis have principally focused on mitochondrial metabolism (84). Our data highlight the possible involvement of peroxisomal dysfunction in tubular FAO impairment (85). Peroxisomes mainly localize to the proximal tubule of the kidney, a site of strategic importance with respect to FAO due to high energy demands in this region (84). Suppression of the rate-limiting, PPARα-responsive peroxisomal enzyme, Acox1, has been described in experimental renal fibrosis and after treatment of tubular epithelial cells with TGF-β, a phenomenon reversed by the PPARα agonist fenofibrate (14). Impaired PPARα and Acox1 activity have been implicated in age-associated renal fibrosis and can be reversed through calorie restriction (28).

Urinary abundance of six TCA cycle intermediates showed a pattern of increasing in SHAM group rats and decreasing in rats in the RYGB and RYGB-FMRR groups. Reductions in 2-oxoglutarate, fumarate, and malate were greater following RYGB-FMRR than RYGB. Following multi-omic integration, urinary 2-oxoglutarate was found to be strongly inversely correlated with a range of FAO transcripts induced by RYGB-FMRR suggesting that its decrease may reflect increased consumption in the TCA cycle as a consequence of enhanced renal cortical FAO (86).

Increased urinary excretion of TCA cycle intermediates in preclinical models of DKD has previously been reported (86, 87), and implicates reduced TCA cycle flux and compromised renal bioenergetics in DKD progression. The finding of increased urinary excretion of TCA cycle intermediates in preclinical studies is in contrast to human studies in which reduced urinary TCA cycle intermediate excretion has been reported (88, 89). In a fashion similar to the strong correlations between TCA cycle intermediates and morphometric parameters of renal injury in the current study, urinary citrate and aconitate levels have been found to independently and positively associate with change in eGFR and negatively associate with indices of glomerular structural injury in patients with DKD (88, 90). The directionality of these relationships is the opposite to those observed between TCA cycle intermediates and renal injury parameters in the current study, a discrepancy likely related to differences in DKD stage beween animal and human studies (91). Nevertheless, considering the strong inverse correlations between FAO transcripts and 2-oxoglutarate alongside the positive correlations between TCA cycle intermediates and indices of glomerular and proximal tubular injury provides a functional link between FAO transcript expression, TCA cycle activity, and improvements in kidney structure following RYGB-FMRR.

RYGB-FMRR increased urinary excretion of several PPARα-regulated nicotinamide metabolites, including 1-methylnicotinamide, nicotinamide N-oxide, and nicotinurate (92, 93). Urinary 1-methylnicotinamide levels increase following treatment with a PPARα agonist and positively correlate with hepatic peroxisomal number (94). Increased urinary nicotinamide metabolites following RYGB-FMRR may reflect enhanced nicotinamide adenine dinucleotide (NAD+) biosynthesis to facilitate translation of FAO into reduced intermediates for the electron transport chain (94). Reduced renal NAD+ levels are implicated in the pathogenesis of acute kidney injury and CKD (95); NAD+ augmentation may have contributed to the enhanced renoprotection observed following RYGB-FMRR compared with RYGB.

The strong correlations between FAO transcripts, urinary nicotinamide metabolites, and urinary TCA cycle intermediates with mitochondrial roundness links increased PPARα activity after RYGB-FMRR with mitochondrial bioenergetic changes opposing renal fibrosis (28, 96). Correlations were strongest in the pars recta, the site of greatest peroxisomal abundance in the rat proximal tubule (39, 97). Using a network pharmacology approach, treatment with the PPARα agonist fenofibrate was found to be a dominant effector of PPARα-stimulated FAO in the proximal tubule following RYGB-FMRR (18). Statins and fibrates do however synergistically activate PPARα (19). Both RYGB and metformin can activate AMPK to restore renal mitochondrial biogenesis (20, 98). RYGB may also enhance peroxisomal activity by liberating VLCFAs from adipose tissue during weight loss (99, 100).

Combining intentional weight loss with pharmacological PPARα agonism in DKD merits further investigation. Fibrates are the obvious candidate drug class for such studies. In a post-hoc analysis of the ACCORD Lipid Trial, randomization to fenofibrate (n=2636) was associated with slower eGFR decline and lower incident albuminuria compared with placebo (n=2632) (101). Similar findings were reported in the FIELD study (102). Pemafibrate, a selective PPARα modulator (103), activated PPARα and ameliorated DKD in the db/db mouse (104). A preclinical systematic review and meta-analysis assessing the impact of pharmacological targeting of PPARs in experimental renal injury is underway (105), and may help to inform the design of future studies evaluating PPARα-mediated restoration of FAO in DKD. By liberating fatty acids, intentional weight loss may synergize with PPARα agonism to further enhance renal FAO (84).

Our study findings should be interpreted in the context of certain limitations. The ZDSD rat is a model of early DKD (16), and thus the reversal of renal injury by RYGB and RYGB-FMRR reflects plasticity of the kidney in early diabetic renal injury. The extent to which these findings translate to later stages of DKD, accompanied by more prominent tubulointerstitial fibrosis, is unknown. The absence of marked histological evidence of renal injury in SHAM-operated ZDSD rats makes it unlikely that meaningful differences in the extent of renal fibrosis assessed histologically, which could potentially be attributed to stimulation of FAO, would be observed between rats treated with RYGB-FMRR and RYGB. Nevertheless, upon transcriptomic pathway over-representation analysis, interruption of the early pro-fibrotic programme of DKD by both RYGB and RYGB-FMRR was observed, with the magnitude of fibrosis pathway downregulation being greater following RYGB-FMRR. Furthermore, reduction in the abundance of renal cortical fibroblasts, estimated using MCP-counter (54), was greater following RYGB-FMRR compared with RYGB. Thus, stimulation of FAO following RYGB-FMRR may have contributed to enhanced abrogation of diabetes-associated renal fibrosis compared with RYGB alone, although future studies in models which manifest more extensive histological renal fibrosis are warranted.

Baseline body weights were not markedly different between Sprague Dawley and ZDSD rats in the present study. The ZDSD rat model is a comprehensive model of diet-induced polygenic obesity (16, 106). However, Sprague Dawley rats are also prone to diet-induced obesity and are frequently used as a preclinical model of obesity after administration of a high-fat diet (107). Thus, ZDSD rats were not compared to a fully lean healthy control group in the present study. Nevertheless, Sprague Dawley rats remain the best healthy control group for ZDSD rats given that the ZDSD model was developed by crossing lean homozygous ZDF rats with a substrain of Sprague Dawley rats selectively bred for high-fat diet-induced obesity (106). Furthermore, interventions in the present study were targeted to their metabolic and renoprotective effects, rather than purely to their weight loss effects. Indeed, reductions in albuminuria occur independently of weight loss following metabolic surgery in patients with DKD (108). Thus, the renal benefits of metabolic surgery may extend to patients with DKD and mild obesity. Such patients with mild obesity (BMI 30-35 kg/m2) have been selectively recruited to a randomised study of metabolic surgery in early-stage DKD (9). Findings from the present study would appear to be translationally relevant to such studies of metabolic surgery in patients with obesity and early-moderate stage DKD.

Post-intervention urine samples were collected at 4-week follow-up while kidney tissue samples were collected at 8-week follow-up. Thus, correlations between urinary metabolites and both renal cortical transcripts and kidney structural parameters were not time-matched. However, in preclinical models of folic acid nephropathy, unilateral ureteric obstruction, and cisplatin-induced nephrotoxicity, renal induction of the PPARα protein and its responsive transcripts occurred within 5-10 days of treatment with fenofibrate at similar doses to that used in the present study (100 mg/kg/day) (14, 109). As fenofibrate was found to be the dominant medication effector of FAO induction in the present study, it therefore seems probable that gene expression changes in PPARα-governed FAO pathways observed on transcriptomic analysis of renal cortical tissue after 8 weeks of follow-up were already established by the time of the post-intervention urine collection, which occurred 2 weeks after introduction of the FMRR medications post-RYGB. Additionally, the biological coherence of the strong correlations observed between PPARα-governed renal cortical FAO transcripts and urinary nicotinamide metabolites is implicit.

Transcriptomic analysis was performed on whole renal cortex rather than individual cells. However, deconvolution in kidney single-nucleus RNA-sequencing and microdissected tubular epithelial cell proteomics datasets allowed us to assign FAO genes to the proximal tubule (56, 58). We do not report on the extent to which diet-induced weight loss in combination with PPARα-directed pharmacotherapy stimulates renal FAO, but future studies are warranted (110, 111). Furthermore, outside the context of obesity, evaluation of the capacity of the FMRR medication combination to reverse renal injury and to stimulate renal cortical FAO without superimposed weight loss merits further consideration in preclinical models of DKD.

All four medications were provided concurrently to rats in the RYGB-FMRR group in an effort to maximally stimulate FAO with medications routinely used in type 2 diabetes management. As the study design makes it more difficult to discern individual medication contributions, multi-modal pharmacological treatment may be a perceived limitation of the work. However, we propose that this design is more translationally relevant to the clinical setting, given that patients with DKD are usually treated with several medications for control of dysglycaemia, dyslipidaemia, hypertension, and dysregulated glomerular haemodynamics (17). Preclinical studies of RYGB are technically challenging and labor-intensive, particularly with respect to post-operative monitoring (112). The addition of further study groups in which rats were treated with RYGB and each of the four FMRR medications in monotherapy would have rendered the study infeasible in terms of time and cost restraints.

It would have been possible to study gene expression changes in response to components of the FMRR medication regimen, individually and in combination, in a renal cell line in vitro. However, this would switch the line of interrogation to an entirely new model system in which it is impossible to directly mimic the effects of RYGB; thus, it would not have been possible to assess synergistic renoprotective effects of RYGB and FAO-directed medications, the primary purpose of this study, in vitro. To overcome the limitations of in vitro interrogation, we employed a network pharmacology approach in which RYGB-FMRR vs RYGB DEGs were deconvoluted using curated information on medication- and PPAR isotype-responsiveness of genes obtained using IPA (52). This approach allowed us to assess all gene targets of the FMRR medications, as opposed to a limited number of targets selected for validation in a supervised fashion in vitro, and also allowed us to explore the cellular localisation within the kidney of medication-specific transcriptomic responses through further deconvolution in a rat microdissected tubular epithelial cell proteomics dataset (58). Using this approach, we identified fenofibrate as the dominant medication effector of gene expression changes following RYGB-FMRR, which in turn contributed to FAO induction in the proximal tubule.

The RYGB-FMRR group achieved greater improvements in body weight, glycaemia, and albuminuria compared with the RYGB group. However, in a sensitivity analysis matching for baseline values and delta improvements in these parameters in one rat each from the RYGB and RYGB-FMRR groups, improvements in kidney FAO parameters remained much greater following RYGB-FMRR. This provides proof-of-principle that the renal cortical FAO stimulation observed following RYGB-FMRR arose due to synergism between weight loss and directed pharmacological therapy (18–20, 84), rather than as a direct consequence of the greater improvements in metabolic control achieved.

In summary, compared with RYGB alone, combining RYGB with type 2 diabetes medications to stimulate FAO produces greater improvements in metabolic control and diabetic glomerular and proximal tubular damage. Pharmacological PPARα agonism as an adjunct to weight loss and improved glycemic control merits further investigation as a means of attenuating DKD progression.
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Diabetic kidney disease (DKD) is the leading cause of both chronic kidney disease (CKD) and end-stage renal disease (ESRD). Previous studies showed that oxamate could regulate glycemic homeostasis and impacted mitochondria respiration in a hyperglycemia-dependent manner in the rat proximal tubular cells. To explore the transcriptome gene expression profiling of kidney tissues in human renal proximal epithelial tubular cell line (HK-2), we treated HK-2 cells with high D-glucose (HG) for 7 days before the addition of 40 mM oxamate for a further 24 hours in the presence of HG in this study. Afterwards, we identified 3,884 differentially expressed (DE) genes based on adjusted P-value ≤ 0.05 and investigated gene relationships based on weighted gene co-expression network analysis (WGCNA). After qRT-PCR validations, MAP1LC3A, MAP1LC3B (P-value < 0.01) and BECN1 were found to show relatively higher expression levels in the treated groups than the control groups, while PGC1α (P-value < 0.05) showed the lower expressions. Accordingly, enrichment analyses of GO terms and KEGG pathways showed that several pathways [e.g., lysosome pathway (hsa04142) and p53 signaling pathway (hsa04115)] may be involved in the response of HK-2 cells to oxamate. Moreover, via WGCNA, we identified two modules: both the turquoise and blue modules were enriched in pathways associated with lysosome. However, the p53 signaling pathway was only found using all 3,884 DE genes. Furthermore, the key hub genes IGFBP3 (adjusted P-value = 1.34×10-75 and log2(FC) = 2.64) interacted with 6 up-regulated and 12 down-regulated DE genes in the network that were enriched in the p53 signaling pathway. This is the first study reporting co-expression patterns of a gene network after lactate dehydrogenase inhibition in HK-2 cells. Our results may contribute to our understanding of the underlying molecular mechanism of in vitro reprogramming under hyperglycemic stress that orchestrates the survival and functions of HK-2 cells.
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Introduction

Diabetic kidney disease (DKD) is the leading cause of chronic kidney disease (CKD) and end-stage renal disease (ESRD) worldwide. Globally, due to the increasing incidence of diabetes and aging, DKD continues to increase stably and imposes the highest burden and the strongest correlation with mortality in patients with diabetes (1, 2). However, the pathological pathways that precipitate the development and/or progression of DKD remain to be fully elucidated. In the kidney, proximal tubular epithelial cells (PTECs), which represent ~90% of the outer kidney cortex and ~50% of the entire kidney mass, present more mitochondria than other renal cell types, because they reabsorb 80% of the filtrate that passes through the glomerulus, including large amounts of water, electrolytes, glucose, and other small molecules (3). Increased glucose reabsorption of PTECs under hyperglycemic stress triggers the initial period of hyperfiltration and tubule-glomerular feedback, exacerbates hypoxia and drives a poorly understood dominos of renal injuries including atrophy of proximal tubular, atubular glomeruli and tubulointerstitial fibrosis that associate with culminating in renal failure and further contributes to the emergence of proximal tubulocentric research (4, 5).

Recently, both in vivo and in vitro tracer studies have demonstrated an increased glycolysis-driven lactate production, or pyruvate-to-lactate production, in early renal changes associated with diabetes in rat kidney and PTECs (6). Lactic acid is the sink for three-carbon compounds, and the hub of glycolysis, mitochondrial energy metabolism and gluconeogenesis in PTECs (7). Pyruvate-to-lactate process reflects the redox buffer of NADH/NAD+ ratio across cells (7). Exploration of the pathophysiology involved mechanisms of lactate metabolic adaptation to reshape the field of metabolic reprogramming in hyperglycemic PTECs could offer a comprehensive update on strategies targeting renal tubules.

Oxamate is an isosteric and isoelectronic analogue of pyruvate, i.e., a lactate dehydrogenase (LDH) inhibitor wildly used in tumor cells or in tumor cell energy metabolism and apoptosis research. Recent studies found that oxamate could regulate glycemic homeostasis from both central and peripheral tissues (8). The previous results showed that oxamate, in rat proximal tubular cells line NRK-52E, impacted mitochondria respiration in a hyperglycemia-dependent manner (6). The flexibility of mitochondrial respiration adapting to nutrient stress is dependent on mitophagy and mitochondrial biogenesis; expressions of the mitophagy or mitochondrial biogenesis related genes and their encoded proteins might be involved, e.g., BCL2, BECN1, MAP1LC3A, MAP1LC3B and PGC1α. Therefore, we aim to explore the transcriptomics of human PTECs cultured with high D-glucose (HG) combined with oxamate in vitro to uncover the unexplored in vitro reprogramming under hyperglycemic stress and the underlying mechanism for this reprogramming that orchestrates the survival and functions of HK-2 cells (human cortex proximal tubular immortalized cell line), and the therapeutic potentials of targeting the pathways to reprogram the DKD.

The weighted gene co-expression network analysis (WGCNA) is widely used for gene co-expression networks that are constructed by genes with the significant co-expression relationships (9). It shows the co-expressed genes with the similar expression patterns across samples that are controlled by the same transcriptional regulatory programs (10, 11), which has been used in the integrated meta- and microRNA- analysis (12, 13); therefore it can be potentially used in the co-expression analysis of HK-2 cells after oxamate treatment. In this study, three independent replicates of human HK-2 cells with oxamate treatment and three independent replicates of control groups were used. The main objectives of our study are as follows:

1. Conduct a genome-wide transcriptome study on HK-2 cells in the absence and presence of oxamate treatment under HG condition to reveal differentially expressed (DE) genes.

2. Co-expressions analysis for HK-2 cells and construct the weighted gene co-expression networks.

3. Perform the enrichment analysis and identify the potential biological functions for the DE genes on HK-2 cells.

4. Reveal the candidate biomarkers to affect protein levels on HK-2 cells in the network.



Materials and Methods


HK-2 Cell Culture

HK-2 cells, the human renal proximal tubular epithelial cell line, were obtained from Beijing Beina Chuanglian Biotechnology Research Institute. HK-2 cells were cultured in Dulbeccos modified eagles medium (DMEM) with the low glucose (Sigma-Aldrich Inc, St. Louis, USA) supplemented with 10% fetal bovine serum (Sigma-Aldrich, St. Louis, USA), 10 units/ml penicillin and 10 mg/ml streptomycin. They were maintained in the continuous culture at 37°C in a humidified atmosphere (5% CO2) in an incubator. Growth medium was changed every second day, and cells were sub-cultured until further measurements at 80% colony confluency.

Oxamate could induce apoptosis in a dose-dependent manner (14); therefore, the xCELLigence real-time cell analyzer (RTCA) S16 system (Agilent Technologies, Santa Clara, USA) was used to monitor the dynamic real-time cell viability to explore a tolerable dose of oxamate. We exposed HK-2 cells to 5.5 mM low D-glucose (LG) medium or 25 mM HG medium with different concentrations of oxamate (i.e., 0 mM, 20 mM, 40 mM, 60 mM, 80 mM and 100 mM) for 24-hour intervention. One day prior cells were seeded at a density of 1×103 cells per well, respectively, in the 16-well assay plate in medium containing 5.5 mM (LG) or 25 mM (HG) D-glucose. The medium was replaced by 5.5 mM LG medium or 25 mM HG medium with different concentrations of oxamate (i.e., 0 mM, 20 mM, 40 mM, 60 mM, 80 mM and 100 mM). Accordingly, we normalized the starting point 2 hours later after introducing the experimental variables and allowed the cells to grow for the oxamate intervening 24 hours via monitoring every 30 minutes. Here, each experiment was carried out in triplicate.



Western Blot Analysis

The radioimmunoprecipitation assay lysis buffer (RIPA buffer) and phenylmethylsulfnoyl fluoride (PMSF) (Servicebio, Wuhan, China) were used to extract proteins at 4°C from the HK-2 cells treated with HG (25 mM) combined with or without different concentrations of oxamate (e.g., 0 mM, 20 mM, 40 mM, 80 mM) for 24 hours. We used BCA protein assay kit (Servicebio, Wuhan, China) to measure and adjust the protein concentrations. The proteins were denatured with 5 × SDS loading buffer (Servicebio, Wuhan, China) at 98°C for 15 min. Then, the prepared proteins were separated by SDS-polyacrylamide gel electrophoresis and concreted with 5% concentrated gel. Polyvinylidene fluoride membranes were used to transfer the proteins at 25 Voltage overnight. We used 5% skim milk solution to block the protein, incubated the membranes with the specific primary antibodies and the secondary antibodies, and visualized the membranes by ECL Plus reagents (Servicebio, Wuhan, China). The primary antibodies [Anti-PGC1α (ab54481), Anti-CASP3 (9665), Anti-BCL2 (ab59348), Anti-BAX (GB11690), Anti-BECN1 (bs-1353R), Anti-MAP1LC3 (14600-1-ap) and Anti-β-actin (GB12001)] and all secondary antibodies were purchased from abcom (Cambridge, MA, USA), Proteintech (Wuhan, China), BIOSS (Boston, Massachusetts, USA) and Servicebio (Wuhan, China), respectively. All primary antibodies were included at the ratio of 1: 3000. AlphaEaseFC software (Alpha Innotech, Miami, USA) was used to calculate the grayscale value of the proteins, and the protein images were processed by the Adobe software.



RNA Sequencing, Read Quality Control and Alignment to Reference Genome

After HK-2 cell culture exposed to different concentrations of oxamate and western blot analysis, 40 mM was chosen as the appropriate oxamate treatment concentration. Thus, six replicates of cells were firstly exposed to HG treatments for seven days, then three replicates of them were exposed to 40 mM oxamate (case group), while the other three replicates were still under the same HG condition but 40 mM oxamate expose (control group). Unfortunately, one replicate of case group failed in RNA sample preparation, so five replicates of cells were finally chosen for RNA sequencing in this study. A total amount of 2 μg RNA per sample was used for RNA sample preparation. The sequencing libraries were generated using NEBNext Library Prep Kit (NEB, USA) for Illumina following the manufacturer’s recommendations. Then, they were sequenced on the Illumina Hiseq X ten platform to generate the 150 bp paired-end reads.

In order to guarantee the data quality, raw data was filtered for the clean reads by removing the contaminated reads for adapters (> 5 bp adapter sequences), low quality reads (Phred quality value <= 19 more than 15%) and reads with Ns (Ns > 5%). Afterwards, clean reads were aligned to the human reference genome GRCh38.p13 (Genome Reference Consortium Human Build 38) using HISAT2 software (version 2.1.0) (15) that uses a modified BWT algorithm to convert reference genome to index for faster speed and fewer resources.



FPKM Calculation and Differentially Expressed Gene Analysis

We used HTSeq software (version 0.6.0) (16) to calculate the read counts for each gene. Then, the fragments per kilobase million mapped reads (FPKM) (Supplementary File 1) was calculated to estimate the expression levels of genes in each sample, following the formula

	

where F is the number of fragments in a certain sample that is assigned to a certain gene, N is the total number of mapped reads in the certain sample and L is the length of the certain gene. FPKM could eliminate the effect of sequencing depth and gene length on gene expression levels, so it was most commonly used in the previous studies (17, 18).

DE gene analysis between two groups was performed using R package DESeq2 (version 1.30.0) that was designed for differential gene expression analysis between two groups with biological replicate samples under the theoretical basis following the hypothesis of negative binomial distribution (19–21). DESeq2 estimates the expression level of each gene for each sample by the linear regression model to consider the genes of the same expression levels that share the similarity deviations or own the expression characteristics. It calculates the P-value by Wald test and corrects the multiple testings by Benjamini–Hochberg (BH) procedure to achieve the adjusted P-value. Here, genes with thresholds of adjusted P-value ≤ 0.05 are identified as DE genes. In addition, fold change (FC) of each gene was calculated based on the averaged FPKM value for case group and control group; thus, the up‐regulated and down‐regulated genes were defined when the log2(FC) values were positive and negative, respectively.

All genes were visualized in a volcano plot by the R function plot based on FCs and adjusted P-values. The DE genes were clustered in a heat map by the R function heatmap based on the transforms of log10(FPKM + 1) values, where the transforms were scaled for each gene and clustered using the default complete hierarchical clustering method.



Differentially Expressed Gene Validation by qRT-PCR Experiment

The approach of qualitative reverse transcription polymerase chain reaction (qRT-PCR) was applied to validate five genes that are B-cell lymphoma 2 apoptosis regulator (BCL2), beclin1 (BECN1), microtubule-associated proteins 1A/1B light chain 3A (MAP1LC3A), microtubule-associated proteins 1A/1B light chain 3B (MAP1LC3B) and peroxisome proliferator-activated receptor-g coactivator 1α (PGC1α), using the re-cultured and re-treated cells. The selected genes might be involved in mitophagy and mitochondrial biogenesis for the flexibility of mitochondrial respiration adapting to nutrient stress. Glyceraldehyde-3-phosphate dehydrogenase (GAPDH) was chosen as the internal gene for qRT-PCR experiments and 2×SYBR Green qPCR Master Mix (High ROX) (Servicebio, Wuhan, China) was used to perform qRT-PCR experiments. The method of 2−ΔΔCt was used to calculate the relative gene expression levels. All the primers for qRT-PCR experiments are shown in the Table 1.


Table 1 | The primers used in the qRT-PCR experiments.





Gene Co-Expression Network of Differentially Expressed Genes and Their Associations With Oxamate Treatment

The gene co-expression network was constructed by R package WGCNA (9) for the similarity measurement between the gene expression profiles by Pearson correlation coefficients of matrix. It transformed the similarity matrix into an adjacency matrix (A) raised to a β exponent (soft threshold) based on the free-scale topology model. A total of 20,377 genes were filtered out of 29,483 genes based on the median absolute deviation (MAD) ≥ 0.01 in this study. The β power parameter (soft threshold) was equal to 8 when the R2 of the free-scale topology was equal to 0.8 (Supplementary Figure 1).

In the network construction, we set the minimum module size equal to 30 for detection with the unsigned TOM type. Additionally, we set the dendrogram cut height for modules merging at 0.25 by clustering module eigengenes using the dissimilarity, so the modules whose eigengenes are highly correlated above 0.75 would be merged on each branch.

Module association between the module eigengenes (MEs) (i.e., the first principle component to represent the overall expression level of the module) and the oxamate treatment status (i.e., 0, 0, 0, 1, 1 for the control and case groups, respectively) was calculated for the relevant module identifications. We calculated the module significance (MS) to evaluate the correlations. Normally, modules with the highest MS score are considered as the key modules (9), thus MS genes in the association analysis (P-value < 0.1) were assigned for functional enrichment analysis.



Gene Ontology and Pathway Enrichment Analysis

Both Gene Ontology (GO) terms and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways analysis were conducted to investigate the important enrichments for the associations between the identified DE genes and gene-related biological functions. We used R package clusterProfiler (version 3.6) (22) to test the statistical enrichments of GO terms and KEGG pathways using DE genes (adjusted P-value < 0.05) and DE genes in the key modules with high MS scores, where the GO and pathway enrichments were both based on over-representation analysis (ORA).



Protein-Protein Interactive Analysis of Differentially Expressed Genes

In this study, protein-protein interactions (PPIs) were predicted for the top DE genes based on the STRING database (https://string-db.org). Blastx software (version 2.2.28) (https://blast.ncbi.nlm.nih.gov/Blast.cgi) was used to align the target gene sequences to the selected reference protein sequences using the default settings and the protein networks were built according to the known interactions of human species. Afterwards, we used Cytoscape software (version 3.5.1) to visualize the networks of PPIs (23).




Results


HK-2 Cell Culture and Tolerable Dose Exploration

Comparing with the cells cultured without oxamate (0 mM concentration), the cells treated with 20 mM or 40 mM oxamate retained the proliferation and viability either under LG or HG conditions. However, the cell viability progressively decreased after treating with even higher concentrations of oxamate (i.e., 60 mM, 80mM and 100mM) for 24 hours in both LG medium (Figure 1A) and HG medium (Figure 1B). It was suggested that oxamate affected the cell viability in a dose-dependent manner in either LG or HG culture condition within 24 hours (Figure 1).




Figure 1 | (A) Cell viabilities in low D-glucose (LG) with different concentrations of oxamate (LGOXA-0mM, LGOXA-20mM, LGOXA-40mM, LGOXA-60mM, LGOXA-80mM and LGOXA-100mM) for 24 hours. (B) Cell viabilities in high D-glucose (HG) with different concentrations of oxamate (HGOXA-0mM, HGOXA-20mM, HGOXA-40mM, HGOXA-60mM, HGOXA-80mM and HGOXA-100mM) for 24 hours.



Further western blot assay was used to detect the protein expressions of PGC1α, CASP3, BCL2, BAX, BECN1 and MAP1LC3 (Supplementary Figure 2). The results showed that oxamate significantly decreased the protein expression levels of PGC1α and BAX under the culture of LGOXA-40mM comparing with the cells cultured without oxamate (0 mM concentration), whereas their expressions remained stable under the treatment of HGOXA-40mM (Figures 2A, B). Culturing HK-2 cells in 25 mM HG medium with 40 mM oxamate for 24 hours is suggested to prompt a diabetic state affiliated metabolic reprogramming without disrupting cell growth ability.




Figure 2 | The protein expression levels of peroxisome proliferator-activated receptor-g coactivator 1α (PGC1α), caspase 3 (CASP3), B-cell lymphoma 2 apoptosis regulator (BCL2), BCL2 associated X apoptosis regulator (BAX), beclin1 (BECN1) and microtubule-associated proteins 1A/1B light chain 3 (MAP1LC3) in HK-2 cells treated with low D-glucose (LG) with different concentrations of oxamate (LGOXA-0mM, LGOXA-20mM, LGOXA-40mM and LGOXA-80mM) and high D-glucose (HG) with different concentrations of oxamate (HGOXA-0mM, HGOXA-20mM, HGOXA-40mM and HGOXA-80mM) for 24 hours. (A) Western blot gels. (B) Relative grey values. * indicates P-value < 0.05 after student’s t-test.





Statistics of Alignment to Human Reference Genome

On average, 46,017,884 (97.14%) clean reads were retained from 47,372,938 raw reads after quality control by removing 251,576 low-quality reads, 110,726 ploy-N reads and 992,752 adapter polluted reads. Afterwards, 44,710,680 of them were uniquely mapped to the human reference genome with mapping rate of 97.16% (Table 2).


Table 2 | Statistics of quality control and alignment to human reference genome (GRCh38.p13).





Differentially Expressed Gene in Up/Down Regulation Status and Their Experimental Validations

In this study, we identified 3,884 DE genes (adjusted P-value ≤ 0.05) including 1,664 up-regulated DE genes and 2,220 down-regulated DE genes. All the details of 3,884 DE genes with gene names, read counts for each gene along different samples, log2(FC) values, P-values, adjusted P-values and regulation status are listed in Supplementary File 2. The top ten up-regulated DE genes and down-regulated DE genes were shown in Table 3. We found that the most up-regulated DE gene was SAT1 (adjusted P-value = 5.57×10-83 and log2(FC) = 1.75), while the most down-regulated DE gene was DYNC1H1 (adjusted P-value = 3.66×10-41 and log2(FC) = -1.14). In addition, the log2(FC) values varied from -1.68 to 3.16 among the top ten up-regulated DE genes and ten down-regulated DE genes (Table 3).


Table 3 | Top ten up-regulated and ten down-regulated differentially expressed genes.



Figure 3 displayed the obvious division between up-regulated DE genes and down-regulated DE genes based on log2(FC) values. The range of log2(FC) values reached to -5 for down-regulated DE genes and 5 for up-regulated DE genes (Figure 3A). After the clustering of transformed FPKM values, we found that the DE genes with high expression levels (red color) in two samples (HGOXA2 and HGOXA3) from case group were clustered together, and vice versa (low expression levels in yellow color); thus, the gene expression levels showed an apparent partition between two treatment groups (Figure 3B). After the qRT-PCR experiment validations, we found that MAP1LC3A, MAP1LC3B (P-value < 0.01) and BECN1 had relatively higher expression levels in the 40 mM oxamate treated groups than the control groups, while PGC1α (P-value < 0.05) showed the lower expressions (Figure 3C).




Figure 3 | Differentially expressed (DE) analysis results. (A) Volcano plots for all genes based on fold change (FC) values and adjusted P-values. Note: Genes with thresholds of adjusted P-value ≤ 0.05 are identified as DE genes. (B) Heatmap plots for all DE genes. Note: The color from yellow to red indicates the gene expression levels from low to high after the transforms of log10(FPKM + 1) values. HGOXA2 and HGOXA3 indicate the case group that were treated with 40 mM oxamate in 25 mM HG medium. HG1, HG2 and HG3 indicate the control groups that were only treated with 25 mM HG medium without oxamate. (C) Relative expression levels of the selected genes validated by qRT-PCR experiments. Note: HGOXA-40mM indicates the case group that was treated with 40 mM oxamate in 25 mM HG medium. ** and * indicate the P-value < 0.01 and P-value < 0.05, respectively, after the student’s t-test.





Co-Expression Network of Differentially Expressed Genes and the Key Modules Associated With Oxamate Treatment

Using 3,884 DE genes for the sample clustering, we found the samples with oxamate treatment were clustered together (Figure 4A). The eigengene adjacency heatmap indicated that these modules of DE genes could be clustered further together into groups, where treatment status was grouped with blue pattern (Figure 4B). The weighted DE gene network construction was visualized in the topological overlap matrix (TOM) clusters that showed a high level of overlap densities among the two clusters (Figure 4C). Obviously, DE genes were grouped into 2 modules that had similar co-expressions using the average linkage hierarchical clustering algorithm (Figures 4B, C), where 3,087 DE genes were grouped into turquoise module as the key module, followed by 797 DE genes into blue module. The module-trait relationship results revealed that oxamate treatment had high correlations with the turquoise module (correlation coefficient = -0.97, P-value < 0.01) and blue module (correlation coefficient = 0.96, P-value < 0.01) (Figure 4D).




Figure 4 | Co-expression network results of differentially expressed (DE) genes. (A) Sample cluster heatmap with oxamate treatment for DE genes. (B) Eigengene dendrogram and adjacency heatmap of different co-expression modules for DE genes. (C) Weighted DE gene network heatmap of the co-expression interactions based on the topological overlap matrix (TOM) dissimilarity. Note: The gene dendrogram and module assignment are shown along the left side and the top, where the axe colors indicate the different modules. The color intensity inside the heatmap represents the overlap degree, where light color represents low overlap and darker red color represents higher overlap. (D) Module-trait relationship heatmap between oxamate treatment and control groups for DE genes. Each row indicates module eigengenes (the first principle component of the module) with the correlation coefficients (P-values in the brackets), where red color represents positive correlation and blue color represents negative correlation.





Significant Enrichments of GO Term and Pathway

Based on 3,884 DE genes, a total of 1,556 significant GO terms were derived for three domains including 998 biological process (BP), 336 cellular component (CC) and 222 molecular function (MF) ontologies (Figure 5A). Based on the regulation status of DE genes, 430 up-regulated and 1126 down-regulated significant GO terms (Figure 5A), and 22 up-regulated and 58 down-regulated significant pathways (Figure 5B) were achieved respectively.




Figure 5 | Number of the significant up-regulated and down-regulated (A) GO terms and (B) pathways.



We found that the three most significant GO terms were chromosome segregation (GO:0007059, adjusted P-value = 2.95×10-30) with 115 DE genes, mitotic nuclear division (GO:0140014, adjusted P-value = 2.33×10-28) with 104 DE genes and DNA replication (GO:0006260, adjusted P-value = 2.33×10-28) with 102 DE genes in the BP ontology of down-regulated category (Figure 6A). Similarly, the three most significant pathways were also in the down-regulated category including RNA transport (hsa03013, adjusted P-value = 1.43×10-9) with 55 DE genes, cell cycle (hsa04110, adjusted P-value = 2.04×10-9) with 42 DE genes and spliceosome (hsa03040, adjusted P-value = 1.27×10-6) with 42 DE genes (Figure 6B). Based on 3,087 DE genes in the turquoise module after WGCNA analysis, the three most significant GO terms and pathways (Figures 7A, B) were similar to the enrichment results based on 3,884 DE genes, except the longevity regulating pathway - multiple species (hsa04213, adjusted P-value = 3.46×10-6) with 22 DE genes (Figure 7B) only in the turquoise module. However, enrichment results of 797 DE genes in the blue module were quite different from those in the turquoise module (Figures 8A, B), where only RNA transport was still one of the three most significant pathways (Figure 8B).




Figure 6 | Significant (A) GO terms and (B) pathways for differentially expressed (DE) genes (n = 3,884) in the down-regulated and up-regulated categories.






Figure 7 | Significant (A) GO terms and (B) pathways for differentially expressed (DE) genes in the turquoise module (n = 3,087) in the down-regulated and up-regulated categories.






Figure 8 | Significant (A) GO terms and (B) pathways for differentially expressed (DE) genes in the blue module (n = 797) in the down-regulated and up-regulated categories.



In the up-regulated category, protein localization to endoplasmic reticulum (GO:0070972, adjusted P-value = 6.26×10-18, DE gene = 51), neutrophil mediated immunity (GO:0002446, adjusted P-value = 1.14×10-17, DE gene = 102) and cotranslational protein targeting to membrane (GO:0006613, adjusted P-value = 1.36×10-17, DE gene = 43) in the BP ontology were the most significant GO terms based on 3,884 DE genes (Figure 6A). Meanwhile, lysosome (hsa04142, adjusted P-value = 2.30×10-13, DE gene = 45), ribosome (hsa03010, adjusted P-value = 3.54×10-11, DE gene = 47) and coronavirus disease - COVID-19 (hsa05171, adjusted P-value = 5.07×10-8, DE gene = 53) were the most significant pathways (Figure 6B). Moreover, we found that p53 signaling pathway with 16 DE genes (hsa04115, adjusted P-value = 1.73×10-2) was also involved in the top significant pathways (Figure 6B). Based on 3,087 DE genes in the turquoise module, the three most significant GO terms and pathways (Figures 7A, B) were similar to the enrichment results based on 3,884 DE genes, but enrichment results of 797 DE genes in the blue module were still different (Figures 8A, B).



Protein-Protein Interaction Networks of Differentially Expressed Genes

The PPI network results were visualized using the top eight up-regulated DE genes (SAT1, IGFBP3, AQP3, IFI6, S100A9, AKR1C1, CYP24A1 and AKR1C2) and the top six down-regulated DE genes (DYNC1H1, KMT2D, INCENP, SMC4, MKI67 and PRRC2B). It showed that most DE genes had the PPIs with at least two other DE genes (Figure 9). For example, the up-regulated IGFBP3 had the PPIs with the other 6 up-regulated DE genes (CSF2, MT1F, RAD54B, MKI67, CCNE2 and DDIT3) and 12 down-regulated DE genes (STEAP1, ANGPTL4, FOS, PRR15, HTRA1, LCN2, C1R, MUC1, SAA1, NDUFA4L2, MX1 and C1S) (Figure 9A). The down-regulated KMT2D had the PPIs with the other 13 up-regulated DE genes (RP11-313J2.1, ZNF699, CCNE2, ZNF488, ZNF770, RAD548, SZT2, EP400, MICAL3, TRRAP, DYNC1H1, ZIC4 and PHC1P1) and 6 down-regulated DE genes (HIST2H2AA3, ZSCAN16, HIST1H1C, ZNF880, HIST1H2AC and IFIT1) (Figure 9B).




Figure 9 | Protein-protein interactions (PPIs) network of 14 top DE genes including (A) 8 top up-regulated DE genes and (B) 6 top down-regulated DE genes.






Discussion

Proximal tubules present a very high density of mitochondria required for energy consumption (24). Mitochondria occupy about 16.3% relative volume of the human cross-sectioned proximal convoluted tubules (S1 and S2 combined) (25). Mitochondrial dysfunction, with persistent energy depletion and deficiency of oxygen utilization efficiency, is the main driver in the progression of hyperglycemic proximal tubules (24). The process of selective removal of dysfunctional and depolarized mitochondria, known as mitophagy, interfaces and coordinates with mitochondrial biogenesis to maintain mitochondrial homeostasis. Previous studies showed that oxamate could impact mitochondria respiration in a hyperglycemia-dependent manner in the rat proximal tubular cells (6). Here, our results further suggested that under diabetic state, this metabolic reprogramming caused by oxamate was related to its impact on the resilience in both mitophagy and mitochondrial biogenesis, in which MAP1LC3 (MAP1LC3A and MAP1LC3B), BECN1 and PGC1α were involved.


Oxamate Features on Cell Viability/Survival and Mitochondrial Biogenesis

In mammals, lactate and pyruvate as two sinks for three-carbon compounds, enable the crosstalk between glycolytic flux and mitochondrial respiratory function, and serve as a circulating redox buffer that equilibrates the NADH/NAD+ ratio across cells and tissues together (7). For a long time, oxamate had been considered as a classic LDH enzyme inhibitor. Later, the kinetic modeling results revealed the multiple sites targeting of oxamate (14). Besides LDH inhibition function, oxamate strongly blocked pryruvate kinase (PYK) and enolase (ENO) activities, and slightly inhibited hexosephosphate isomerase (HPI), aldolase (ALD) and glucose-6-phosphate dehydrogenas (Glc6PDH) activities (14). Oxamate effect on cell fate in a dose-dependent manner depended on its cumulative influences on multiple combinations of metabolic enzymes and metabolites. Heretofore, we found that treating hyperglycemic NRK-52E with a relatively high concentration of oxamate (e.g., 100mM) significantly reduced the cell proliferations and survivals (6). To avoid the bias related to cell death caused by excessive drug concentration, we explored the dose-dependent manner of oxamate on cell viability/survival and mitochondrial biogenesis. Finally, cells treated with 40mM oxamate under HG condition that retained cell viability/survival is suggested to abrogate the PGC1α inhibiting properties caused by oxamate (Figures 1, 2); thus, 40mM oxamate is considered as a plausible concentration for our transcriptomic study.



Differentially Expressed and Co-Expressed Genes After Oxamate Treatment

Oxamate was found to downregulate the expression of IL6 and upregulate the expression of PDE3B in the skeletal muscle of db/db mice (26). However, IL6 (adjusted P-value = 2.43×10-2 and log2(FC) = 0.54) was identified as one up-regulated DE gene, whereas PDE3B (adjusted P-value = 1.80×10-2 and log2(FC) = -0.52) as one down-regulated DE gene in our study (Supplementary File 2). As a B-cell differentiation factor, interleukin 6 (IL6) is a multifunctional cytokine to regulate the hematopoiesis, immune and acute-phase responses, and inflammations of interleukin 1 (IL1), tumor necrosis factor alpha (TNF-α), and lipopolysaccharide (LPS) as the stimuli (27–30). PDE3B with PDE3A from the PDE3 family hydrolyze cAMP and cGMP, and its isoforms are in higher expressions than PDE3A in tissues that regulate energy homeostasis, including adipose tissue, liver and pancreatic β cells (31, 32). Ahmad et al. (33) demonstrated that the role of PDE3B regulated NLRP3 inflammasome in modulating inflammatory responses to contribute to a reduced inflammatory state in adipose tissue. In addition, our study found SAT1 (Spermidine/spermine N1-acetyltransferase 1) was the most up-regulated DE gene (adjusted P-value = 5.57×10-83 and log2(FC) = 1.75) (Table 3). It is reported that SAT1 is an important transporter involved in sulfate homeostasis as an anion exchanger and regulates the expression of the hepatocellular sulfate by glyoxylate that could be a metabolic link between liver and kidney (34).

The HIF inhibiting properties were removed using oxamate in the hyperglycemic rat proximal tubular cells (6). Studies have been reported that oxamate could induce autophagy via downregulation HIF-1α through inhibiting the Akt-mTOR signaling pathway in cancer cells (35, 36). BECN1 is a haploinsufficient tumor suppressor gene as a core component of the class III phosphatidylinositol 3-kinase that is involved in autophagosome formation and vesicular trafficking (37). It has been suggested that BECN1 was required for mitophagy completion, and suppressed mitophagy by BECN1 deficiency could cause aberrant mitochondria quality control in adipocyte to cause lipodystrophy and metabolic dysregulation (38). The qRT-PCR experiment results of MAP1LC3A (adjusted P-value = 1.30×10-3 and log2(FC) = 0.71) and MAP1LC3B (adjusted P-value = 8.47×10-4 and log2(FC) = 0.35) showed higher expression levels in the 40 mM oxamate treated groups than the non-treated groups after validations (P-value < 0.01 after student’s t-test) (Figure 3C), which is consistent with the transcriptome results in the up-regulated status (Supplementary File 2). Matboli et al. (2017) (39) revealed MAP1LC3A with the high diagnostic power for detection of DKD, as the urinary expression level of MAP1LC3A was significantly lower in DKD than the control group. The mRNA expressions of MAP1LC3B were also down-regulated in the DKD group (40). MAP1LC3 is essential in autophagosome mature and selective engulfment of damaged mitochondria fusing with lysosomes and processing mitophagy (41, 42). Therefore, oxamate could be involved in reprogramming the DKD via the influence of some potential therapeutic pathways, where the DE MAP1LC3A and MAP1LC3B are involved.



Significant Pathways and Protein-Protein Interaction Networks in Human Proximal Tubular Cells

Lysosome (hsa04142) was identified as one of the common significant pathways based on 3,884 DE genes, 3,087 DE genes in the turquoise module and 797 DE genes in the blue module (Figures 6B, 7B, 8B), where ACP2, AGA, ARSA, ASAH1, ATP6AP1, CD63, CTNS, CTSA, CTSB, CTSC, CTSD, CTSF, CTSH, CTSL, CTSS, CTSZ, DNASE2, FUCA1, FUCA2, GAA, GLA, GNPTG, GUSB, HEXA, HEXB, HGSNAT, HYAL3, LAMP1, LAPTM4A, LAPTM4B, LGMN, LIPA, LITAF, MAN2B1, NAGLU, NAGPA, NAPSA, NEU1, NPC2, PPT1, PSAP, SLC11A2, SMPD1 and TPP1 were enriched in. Lysosome, known as the place for autophagy, has been recognized as a highly dynamic organelle that bidirectionally contact with mitochondria, to sense nutrient stress and control the switch between anabolism and catabolism by regulating mitochondrial biogenesis and autophagy (43, 44).

There is one pathway, p53 signaling pathway (hsa04115), only found in all 3,884 DE gene enrichment (Figure 6B), where AIFM2, BBC3, BCL2L1, BID, CCNE1, CDKN1A, CHEK2, COP1, GADD45A, GADD45B, IGFBP3, PERP, SHISA5, SIAH1, TP53 and TP53I3 were enriched. Chen et al. (45) revealed that MPC-5 cells from the high glucose-induced proliferation-inhibition and apoptosis-promotion via p53 signaling pathway can be protected by silencing the CCNG1 (45). Here, IGFBP3, as one of the key genes, interacted with 6 up-regulated and 12 down-regulated DE genes in the PPI networks (Figure 9A). It is reported that increased oxidative stress from high glucose enhances IGFBP3 expression to induce apoptosis; however, increased IGFBP3 expression by high glucose mediates high-glucose-induced apoptosis in PTECs and induces additional oxidative stress, which may result in amplification of hyperglycemic damage (46–48). The inhibition of LDH in hyperglycemic proximal tubular increased aerobic glycolysis (6), and changes in the extramitochondrial-free NADH/NAD+ ratio signal associated with aerobic glycolysis could control the abundance and activity of p53 by the C-terminal binding protein (CtBP) family of NADH-sensitive transcriptional regulators (49). Previous studies showed increased NADH/NAD+ ratio in response to the oxamate treatment in hyperglycemic rat proximal tubular cells (6). Here, we propose that the NADH-CtBP-p53 pathway may present as one of the hyperglycemia-dependent metabolic reprogramming caused by oxamate.




Conclusions

In summary, our study conducted the genome-wide transcriptome and co-expression analysis for HK-2 cells to identify 3,884 DE genes (adjusted P-value ≤ 0.05), where 1,664 of them were up-regulated and 2,220 of them were down-regulated. In addition, two modules of co-expression patterns were constructed to perform GO terms and pathways. We found that lysosome (hsa04142) can be enriched in DE genes of all, turquoise and blue modules, but p53 signaling pathway (hsa04115) was only detected in all DE genes. IGFBP3 (adjusted P-value = 1.34×10-75 and log2(FC) = 2.64), one of the key genes in p53 signaling pathway (hsa04115), interacted with several DE genes in the PPI networks and could be considered as the candidate biomarker due to its impact in high glucose conditions, after further validations. Together, our results highlight a possibility that anaerobic glycolysis-induced lactate in hyperglycemic HK-2 cells might integrate metabolic signals to mitochondria-lysosome contacts through some unexplored mechanism, which oscillates the coupling of mitochondrial biogenesis and mitophagy, and prolongedly compromises stress resistance.
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Within-group differences in body weight, plasma glucose, and log UAER from baseline to follow-
up®

Between-group differences in percentage delta change in body weight, plasma glucose, and log
UAER from baseline to follow-up, and in serum cholesterol and triglycerides at study close

Between-group differences in gRT-PCR data (kidney, liver, and epididymal fat)

Between-group differences in histological (glomerular volume) and ultrastructural (podocyte foot

process frequency, podocyte foot process diameter, glomerular basement membrane thickness,

and mitochondrial roundness) parameters
Correlations between renal cortical transcripts and urinary metabolites with morphometric
parameters of glomerular and proximal tubular injury

Differences in mitochondrial morphology between the pars convoluta and pars recta proximal
tubular sections

Differences in mitochondrial roundness between RYGB and RYGB-FMRR animals matched for
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Statistical Method

Paired t-test with multiplicity
correction (Benjamini-
Hochberg)
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Location
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Figure 2
Supplemental
Figure 4
Figure 8B
Figure 9B-D
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Figure 9E
Figure 10E
Supplemental
Figure 5

Figure 11

Unit of Analysis

Per animal

Per animal

Per animal

Per individual
structural
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Per animal

Per individual
structural
measurement
Per individual
structural
measurement

“qRT-PCR, quantitative reverse-transcription polymerase chain reaction; RYGB, Roux-en-Y gastric bypass; RYGB-FMRR, Roux-en-Y gastric bypass plus fenofibrate, metformin, ramipri,

and rosuvastatin; UAER, urinary albumin excretion rate.
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Pre-post intervention comparisons (absolute values)®

Sb SHAM RYGB RYGB-FMRR
Pre Post ] Pre Post ] Pre Post ] Pre Post ]
Body weight (g) 564.2 603.5 0.002 5924 486.7 0.09 570.8+#230 4527  <0.001 564.0+£20.4 410.0  <0.001
+28.3 +31.5 +35.7 +76.8 +32.2 +24.2
Plasma glucose (mmol/L) 53+02 6.0+1.0 0.12 13.316.4 232 006 13.0+4.3 11.7¢7.5 030 13.4+4.9 6.2+1.7  0.007
+11.5
Log UAER (ug/hour) 3.3+0.4 3405 047 48:08 6.8+22 003 51:0.5 456+12 032 5.0+0.8 3.1+09 0.003

Pre-post intervention comparisons (percentage delta change values)®

Percentage delta change values P-values for comparisons
Sb SHAM RYGB RYGB-FMRR SHAMvs RYGB vs SHAM RYGB-FMRR vs RYGB-FMRR vs
SD SHAM RYGB

A Body weight (%) 7.0+2.7 -8.3+10.5 -20.7 -27.3+3.8 0.01 0.02 0.008 0.01
+4.7

A Plasma glucose (%) 12.9 84.3+95.9 -15.7 -50.5+13.0 0.10 0.04 0.02 0.02
+14.7 +25.5

A Log UAER rate (%) 3.3+9.5 37.2+30.3 -10.6 -36.4+17.5 0.03 0.01 0.001 0.03
+22.8

Study close comparisons®

Study close values P-values for comparisons
Sb SHAM RYGB RYGB-FMRR SHAMvs RYGB vs SHAM RYGB-FMRR vs RYGB-FMRR vs
SD SHAM RYGB
Serum cholesterol 1.78 2.66+0.42 215 2.260.19 0.004 0.04 0.07 0.33
(mmol/L) +0.11 +0.26
Serum triglycerides 0.85 2.37+1.43 1.138 1.08+0.38 0.08 0.08 0.08 081
(mmol/L) +0.19 +0.21

“RYGB, Roux-en-Y gastric bypass; RYGB-FMRR, Roux-en-Y gastric bypass plus fenofibrate, metformin, ramipril, and rosuvastatin; SD, Sprague Dawley; SHAM, sham surgery
(laparotomy); UAER, urinary albumin excretion rate.

bBody weight was assessed at 8 weeks after intervention, while plasma glucose and urinary albumin excretion were assessed at 4 weeks post-intervention.

“Values are given as mean = SD.

IStatistical significance of within-group differences are derived from multiplicity-corrected (Benjamini-Hochberg) paired t-tests.

®Statistical significance of between-group differences are derived from muiltiplicity-corrected (Benjamini-Hochberg) unpaired t-tests.
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variable (95% CI) value (95% CI)* value
rs6086746

GG 1 1

AG 0.88 (0.53-1.45) 0.62 0.75 (0.41-1.36) 0.339

AA 6.82 (2.55-18.28) <0.001* 6.26 (1.99-19.68) 0.002*
Dominant model

GG i 1

AG+AA 1.24 (0.79-1.96) 0.355 1.09 (0.63-1.87) 0.754
Recessive model

GG+AG 1 1

AA 7.15(2.71-18.84) <0.001* 6.89 (2.23-21.31)  0.001*
Allele model

G 1 1

A 1.61(1.12-2.31) 0.011* 1.48 (0.96-2.28) 0.079

*o-value < 0.05; *Adjust by age, BMI.
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Amino acid change

NM_000244:
NM_000244:
NM_000244:
NM_000244:
NM_000244:
NM_000244:
NM_000244:
NM_000244:
NM_000244:
NM_001991:
NM_001991:
NM_001991:
NM_001991:
NM_004958:
NM_004958:
NM_004958:
NM_004958:

exon2:c.269_270del:p.Y90fs
exon8:c.928-1G>T
exon2:¢.309dupG:p.S104fs
exon2:¢.C95G:p.P32R
exon3:c.C511T:p.Q171X
exon9:c.T1282A:p.W428R
exon9:¢c.C1339T:p.Q447X
exon4:c.C787T
exon2:c.A1G:p.M1V
exon17:c.A1925T:p.Y642F
exon17:c.A1925T:p.Y642F
exon17:c.A1925T:p.Y642F
exon17:c.A1925T:p.Y642F
exon53:c.A7257T:p.E2419D
exon47:¢.C6644T:p.S2215F
exon27:¢.T4079C:p.L1360S
exon56:¢.A7501T:p.12501F

NM_001178086: exon4:c.A371G:p.K124R
NM_001178086: exon6:c.G658T:p.E220X
NM_001178086: exon6:c.C1603T:p.R535W

NM_000388:
NM_000388:
NM_000388:

exon3:c.A307C:p.T103P
exon3:c.C413T:p.T138M
exon7:¢.T1753C:p.C585R

NM_001203249: exon15:c.T1768A:p.Y590N
NM_001203249: exon15:c.A1769T:p.Y590F

NM_005245:
NM_005245:
NM_024529:
NM_024529:
NM_170713:
NM_078626:

exon10:c.G8140C:p.E2714Q
exon10:c.G8671T:p.D2891Y
exon3:c.G268T:p.DI0Y
exon1:c.G128A:p.W43X
exon2:c.G157T:p.V53L
exon2:¢.397_413del:p.R133fs
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Control Osteopenia  Osteoporosis P-value

(n = 254) (n = 290) (n=107)
Age (year) 72.95 + 6.51 72.65 +6.43 73.36 +6.74 0.619
Age of menopause 49.84 + 5.40 49.54 + 4.82 48.77 + 4.79 0.192
Height (cm) 164.46 + 593 153.94 +548 153.21 + 5.69 0.185
Weight (kg) 59.58 + 9.04 56.36 + 8.21 51.45+7.63 <0.001*
BMI 25.05 +3.74 23.96 + 3.49 22.47 +3.16  <0.001*
BMD (g/cmz) 1.09 +0.15 0.89 +0.13 0.77 +0.16  <0.001*
T-score 0.11 +1.03 -1.73 £ 0.40 -2.96+0.40 <0.001*
eGFR® 86.32 +21.07 86.61 +19.57 89.72+20.94 0.194

“p-value < 0.05,
a: BMI, Weight/Height?,

b: eGFR, (MDRD-Simplify-GFR) (186* creatinine™ ™ 1%4*age 020340, 742).
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Control Osteopenia Osteoporosis P-value
(n=254) (n=290) (n=107)
rs1531268 0.617
T 97 (38.5%) 106 (36.9%) 46 (43.4%)
TC 118 (46.8%) 134 (46.7%) 41 (38.7%)
cC 37 (14.7%) 47 (16.4%) 19 (17.9%)
rs6086746 <0.001*
GG 151 (60.4%) 156 (54.2%) 59 (55.1%)
AG 93 (37.2%) 115 (39.9%) 32 (29.9%)
AA 6 (2.4%) 17 (5.9%) 16 (15.0%)
rs7179057 0.579
GG 192 (76.5%) 209 (72.8%) 84 (79.2%)
AG 51 (20.3%) 71 (24.7%) 19 (17.9%)
AA 8 (3.2%) 7 (2.4%) 3(2.8%)

*n-value < 0.05.
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Independent Crude-OR P- Adj-OR P-
variable (95% CI) value (95% CI)* value
rs6086746

GG 1 1

AG 1.20 (0.84-1.70) 0.319 1.27 (0.85-1.88) 0.243

AA 2.74 (1.056-7.14)  0.039* 3.56 (1.25-10.14) 0.017*
Dominant model

GG i 1

AG+AA 1.29 (0.92-1.82) 0.145 1.40 (0.96-2.06) 0.083
Recessive model

GG+AG 1 1

AA 2.55 (0.99-6.57) 0.053 3.25 (1.15-9.15) 0.026*
Allele model

G 1 1

A 1.31 (0.99-1.75) 0.061 1.44 (1.05-1.98) 0.025*

*o-value < 0.05; *Adjust by age, BMI.
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Variables NAFLD cases (N=1120) Controls (N=1903) iz P

Gender 2.324 0.127°

male 948 (84.6) 1570 (82.5)

female 172 (15.4) 333(17.5)
Age (years) 1.107 0.293%

<40 596 (53.2) 975 (51.2)

>40 524 (46.8) 928 (48.8)

mean + SD 40.48 + 8.80 39.89+9.78 -1.649 0.009°
Exercise time (min/week) 8.556 0.003*

<150 622 (58.6) 995 (53.0)

>150 440 (41.4) 883 (47.0)

mean + SD 144.09 + 41.77 150.06 + 43.82 3.609 <0.001°
BMI (kg/m?) 25.36 + 253 22.80 + 2.48 -27.235 <0.001°
WC (cm) 88.47 +7.85 81.68 + 7.59 -23.462 <0.001°
SBP (mmHg) 130.58 + 15.08 124.70 + 13.70 -10.700 <0.001°
DBP (mmHg) 79.48 +10.86 74.81+9.38 -12.134 <0.001°
TG (mmol/L) 1.96 (1.43, 2.69) 1.06 (0.79, 1.41) -23.408 <0.001°
TG (mmol/L) 4.84 (4.27, 5.42) 4.45 (4.05, 5.03) -7.804 <0.001°
HDL-C (mmol/L) 1.00 (0.85, 1.18) 1.27 (1.07, 1.48) -18.179 <0.001°
LDL-C (mmol/L) 2.82 (2.20, 3.33) 2.63 (2.24, 3.10) -4.424 <0.001°
GLU (mmol/L) 3.13 (2.39, 5.00) 3.91(2.32, 4.79) -5.754 <0.001°
¥-GT (UL) 35.00 (24.00, 55.00) 17.00 (13.00, 25.00) -20.121 <0.001°
ALT (UL) 36.00 (25.00, 54.50) 18.00 (13.25, 25.00) -19.872 <0.001°
AST (UL) 24.00 (19.00, 31.00) 19.00 (16.00, 21.00) -11.789 <0.001°
DBIL (umol/L) 4.01 (321 5.21) 4.20(3.32, 5.23) -5.025 <0.001°
TBIL (umol/L) 13.59 (10.71, 18.39) 13.85 (11.21, 18.21) -3.267 0.001°
25(0H)D3 (ng/mL)* 22,575 <0.001°

<20 130 (71.0) 167 (49.7)

20-30 27 (14.8) 97 (289)

>30 26 (14.2) 72(21.4)

median (IQR) 16.06 (12.21, 20.78) 20.00 (16.84, 26.68) -7.168 <0.001°

NAFLD, non-alcoholic fatty liver disease; SD, standard deviation; BMI, body mass index; WC, waist circumference; SBP, Systolic blood pressure; DBP, Diastolic blood pressure; TG,
triglyceride; TC, total cholesterol; HDL-C, high density liptein cholesterol; LDL-C, low density lipoprotein-chesterol; GLU, glucose; yGT, yglutamyl transpeptidase; ALT, alanine
aminotransferase; AST, aspartate aminotransferase; DBIL, direct bilirubin; TBIL, total bilirubin; 25(OH)D3, 25-hydroxyvitamin D3; IQR, interquartile range.

3 ;{2 -test among two groups.

PStudent’s t test among two groups.

°Mann-Whitney U test among two groups.

Iserum 25(0OH)D; levels were measured in 336 NAFLD cases and 336 controls.

Bold type indicates statistically significant results.
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serum 25 (OH)D; levels Prend

VD deficiency (N=409) VD insufficiency (N=144) VD sufficiency (N=119)
Model 1 1.00 (Ref) 0.334 (0.224, 0.499) 0.450 (0.297, 0.684) <0.001
P <0.001 <0.001
Model 2 1.00 (Ref) 0.344 (0.206, 0.573) 0.477 (0.277, 0.821) <0.001
P <0.001 0.008
Model 3 1.00 (Ref) 0.298 (0.165, 0.539) 0.552 (0.305, 0.998) 0.005
P <0.001 0.049

NAFLD, non-alcoholic fatty liver disease; 25(0OH)Ds, 25-hydroxyvitamin D3.

VD deficiency, serum 25(0OH)Ds < 20ng/mL; VD insufficiency, 20ng/mL < serum 25(0H)Ds <30ng/mL; VD sufficiency, serum 25(0OH)Ds >30ng/mL.
Model 1, unadjusted; Model 2, adjusted for gender, age, BMI, SBP; Model 3, model 2 with additional adjustment for TG, HDL-C, GLU.

Bold type indicates statistically significant results.
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SNP

NAFLD cases n (%)

Controls n (%)

OR (95% CI)*

rs3782905-CC
CG

GG

Dominant model
Recessive model
Additive model
rs3847987-CC
CA

AA

Dominant model
Recessive model
Additive model
rs11674129-TT
TC

CcC

Dominant model
Recessive model
Additive model
rs2228570-CC
CA

AA

Dominant model
Recessive model
Additive model
rs11568820-GG
GA

AA

Dominant model
Recessive model
Additive model
rs739837-GG
GT

T

Dominant model
Recessive model
Additive model
rs7975232-CC
CA

AA

Dominant model
Recessive model
Additive model
rs11168287-GG
GA

AA

Dominant model
Recessive model
Additive model

756 (69.3)
296 (27.1)
39 (3.6)

673 (615)
372 (34.0)
49 (4.5)

752 (68.6)
311 (284)
34(3.1)

339 (30.6)
537 (48.8)
205 (20.4)

372 (33.9)
550 (50.1)
176 (16.0)

566 (51.7)
448 (40.9)
81 (7.4)

564 (51.4)
446 (40.6)
83(8.0)

466 (42.6)
486 (44.5)
141 (12.9)

1328 (71.1)
475 (25.4)
65 (3.5)

1172 (62.7)
619 (33.1)
79(4.2)

1266 (67.2)
569 (30.2)
48 (2.5)

518 (27.5)
933 (49.6)
431 (22.9)

596 (31.7)
951 (50.6)
331 (17.6)

983 (52.3)
767 (40.8)
131 (7.0

978 (51.9)
770 (40.9)
135 (7.2)

730 (38.9)
903 (48.1)
243 (13.0)

1.00 (Ref)
1.087 (0.922, 1.282)
0.980 (0.773, 1.244)
1.061 (0.909, 1.238)
0.940 (0.752, 1.175)
1.015 (0.909, 1.133)

1.00 (Ref)
1.065 (0.907, 1.252)
1.060 (0.728, 1.543)
1.085 (0.912, 1.244)
1.037 (0.715,1.503)
1,050 (0.921, 1.197)

1.00 (Ref)
0.924 (0.783, 1.090)
1.212 (0.777, 1.893)
0.946 (0.806, 1.111)
1.241(0.797, 1.933)
0.979 (0.851, 1.127)

1.00 (Ref)
0.863 (0.725, 1.028)
0.782 (0.633, 0.966)
0.837 (0.710, 0.986)
0.857 (0.715, 1.028)
0.883 (0.794, 0.981)

1.00 (Ref)
0.947 (0.801, 1.118)
0.833 (0.664, 1.044)
0.917 (0.783, 1.075)
0.861 (0.708, 1.054)
0.919 (0.824, 1.025)

1.00 (Ref)
1.045 (0.893, 1.224)
1.097 (0.817, 1.472)
1.053 (0.906, 1.224)
1.076 (0.808, 1.433)
1.046 (0.929, 1.179)

1.00 (Ref)
1,003 (0.857, 1.175)
1.118 (0.848, 1.474)
1.023 (0.880, 1.188)
1.116 (0.854, 1.459)
1.035 (0.921, 1.162)

1.00 (Ref)
0.830 (0.707, 0.974)
0.872 (0.689, 1.104)
0.839 (0.721, 0.976)
0.963 (0.773, 1.200)
0.904 (0.810, 1.009)

0.319
0.870
0.455
0.586
0.794

0.442
0.761
0.428
0.848
0.462

0.347
0.397
0.501
0.338
0.769

0.099
0.023

0.097
0.020

0.519
0.113
0.285
0.148
0.128

0.583
0.540
0.500
0.616
0.457

0.967
0.428
0.770
0.420
0.566

0.022
0.255
0.023
0.738
0.071

VDR, vitamin D receptor; SNPs, single nucleotide polymorphisms; NAFLD, non-alcoholic fatty liver disease; OR, odds ratio; Cl, confidence interval.

A pair of alleles such as C/G, if G is a less frequent gene, then dominant model (CG+GG vs. CC), recessive model (GG vs. CG+CC), and additive model (GG vs CG vs. CC).

“Logistic regression model, adjusted for gender and age.
Bold type indicates statistically significant results.
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Variables B SE Wald OR (95% CI) P
Age (<40 vs. >40 years) -0.334 0.105 10.185 0.716 (0.583, 0.879) 0.001
Visceral obesity 1.296 0.103 157.695 3.653 (2.984, 4.471) <0.001
Hypertension 0.508 1.27 156.733 1.654 (1.290, 2.121) <0.001
Hypertriglyceridemia 1.240 0.110 126.586 3.455 (2.784, 4.288) <0.001
Low HDL-C 0.631 0.103 37.538 1.879 (1.536, 2.299) <0.001
ALT (>40 vs.<40U/L) 1.004 0.143 48.990 2.729 (2.060, 3.615) <0.001
Exercise time (=150 vs. <150 min/week) -0.225 0.096 5.511 0.798 (0.661, 0.963) 0.019
rs2228570 (CA+AA vs.CC) -0.264 0.104 6.422 0.768 (0.626, 0.942) 0.011

NAFLD, non-alcoholic fatty liver disease; HDL-C, high density liptein cholesterol; ALT, alanine aminotransferase; OR, odds ratio; Cl, confidence interval.

Bold type indicates statistically significant results.
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Characteristics Perimenopausal normal Perimenopausal p value

(PN, n = 18) obesity (PO, n = 21)

Age (year) 48.6 + 4.3 490 + 4.5 0.753
Height (cm) 153.6 + 6.6 1669 + 4.4 0.215
BW (kg) 56.6 +5.0 67.7 +10.1 <0.001*
BMI (kg/m?) 236+18 27.7+35 <0.001*
WC (cm) 749 +32 90.8 + 8.1 <0.001*
TG (mmol/L) 13+0.7 1.9+06 0.015*
TC (mmol/L) 53+08 57+15 0.268
HDL-C (mmol/L) 16+03 1.6+0.3 0.892
LDL-C (mmol/L) 3.1+07 33+14 0.550
Estrogen (pg/ml) 329+ 36.4 32.7 +49.3 0.990

*0 < 0.05, **p < 0.01.
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MS2 name RT (min) m/z Relative contents vIP p value Q value FC

PN PO

POS mode

Upregulated PC (16:0/16:0) 0.76 756.53 0.0057 0.0098 1.05 0.03 0.09 1.72
Pseudouridine 4.72 245.08 0.1490 0.2238 1.49 <0.001 0.02 1.50
L-arginine 8.65 175612 16.1287 22.6698 2.05 <0.001 <0.001 1.50
o-p-Glucose 1- 4.72 261.05 0.0402 0.0561 1.33 0.02 0.05 1.40
phosphate
p-Omithine 8.31 133.10 0.1118 0.1637 A 0.01 0.08 1.38

Downregulated Dihydrolipoate 6.30 226.08 0.9609 0.8210 1.48 0.02 0.06 0.85
L-Proline 5.09 167.10 0.9086 0.7393 1.32 0.04 0.10 0.81
lle-Ala 5.98 241.10 0.0164 0.0131 1.43 0.01 0.05 0.79
L-Pyroglutamic acid 5.31 147.08 0.0820 0.0641 77 <0.001 0.02 0.78
3-Mercapto-2- 4.31 209.07 0.0063 0.0048 1.68 <0.001 0.02 0.76
butanone
L-Pipecolic acid 4.31 17111 3.8816 2.8309 1.91 <0.001 0.01 0.73
His-Met 5.07 304.15 0.0105 0.0077 220 <0.001 <0.001 0.73
Xanthylic acid (XMP) 2.80 364.05 0.0059 0.0037 1.35 <0.001 0.01 0.63
N-Acetylglutamine 5.07 189.09 0.1214 0.0749 2.10 <0.001 <0.001 0.62
Glutaric acid 5.62 282.11 0.1437 0.0794 1.75 0.02 0.06 0.55
Leu-Leu 2.62 527.32 0.0099 0.0055 1.28 0.02 0.06 0.55
Gly-Glu 5.44 246.11 0.0375 0.0190 1.62 0.02 0.07 0.51
Myristoleic acid 222 226.18 0.0238 0.0119 1.12 0.01 0.03 0.50
p-Glucuronate 4.91 255.07 0.0249 0.0092 1.92 0.01 0.05 0.37

NEG mode

Upregulated Thymine 4.96 185.06 0.2174 0.7567 1.79 <0.001 0.08 3.48
hydrocortisone 21- 0.73 425.20 0.0458 0.0865 2.04 0.02 0.13 1.89
acetate
Dihydrothymine 7.04 165.01 0.2288 0.4273 1.41 <0.001 0.03 1.87
L-Threonate 6.19 195.05 0.3783 0.6984 1.06 0.01 0.11 1.85
L-Glutamate 6.30 146.05 0.5866 1.0429 1.65 <0.001 0.07 1.78
Atrolactic acid 1.73 165.06 0.0215 0.0333 2.53 <0.001 0.06 1.55
Xanthine 3.45 151.03 0.4823 0.7027 1.14 0.05 0.19 1.46
Myristic acid 0.73 227.20 0.0257 0.0372 2.35 <0.001 0.04 1.45
L-Valine 5.56 116.07 0.0715 0.1024 2.00 <0.001 0.05 1.43
Azelaic acid 5.42 187.10 0.0322 0.0434 1.15 0.04 0.18 1.35
Indoleacetic acid 2.36 174.06 0.0197 0.0259 1.32 0.05 0.19 1.32
L-Leucine 4.97 130.09 0.1478 0.1938 1.86 0.01 0.12 1.31
3,4-Dihydroxymandelic 5.50 183.03 0.0306 0.0399 1.68 0.01 0.09 1.30
acid
Palmitic acid 0.72 255.23 0.5133 0.6636 228 <0.001 0.03 1.29
5- 5.57 226.04 0.0024 0.0031 1.21 0.01 0.12 1.28
Methoxyindoleacetate
oL-lactate 3.67 89.03 14.6582 18.5742 1.39 0.01 0.10 1.27
Indolelactic acid 272 204.07 0.2556 0.3184 1.96 0.04 0.18 1.25
L-Tyrosine 4.86 180.07 1.0350 1.2788 1.43 0.02 0.12 1.24
L-Alanine 5.56 88.04 0.5023 0.6196 1.51 0.01 0.12 1.23
N-acetyl-L-tyrosine 3.53 222.08 0.0952 0.1098 1.58 0.03 0.16 1.15

Downregulated  o-N-acetyl-L-glutamine 4.95 187.07 0.6836 0.5187 2.65 <0.001 0.08 0.76
3-Hydroxycapric acid 0.77 169.12 0.0178 0.0133 1.09 0.05 0.19 0.75
L-Histidinol phosphate 4.75 280.06 0.0075 0.0054 1.81 0.02 0.12 0.72
2-Deoxyribose 5- 2.69 213.02 2.0023 1.3580 1.68 0.05 0.19 0.68
phosphate
N-acetyl-o- 1.74 24218 0.0312 0.0205 1.25 0.05 0.19 0.66
galactosamine
L-Gulonic gamma- 397 237.06 0.0532 0.0160 2.69 <0.001 0.05 0.30
lactone
Fructose 1-phosphate 037 259.03 0.3357 0.0406 3.28 <0.001 0.01 0.12

MS, mass spectrometry; m/z, mass-to-charge ratio; NEG, negative ion; PN, perimenopausal women without obesity; PO, perimenopausal women with obesity; POS, positive ion; RT,
retention time; VIP, variable importance in projection.
The relative content of each metabolite was calculated by normalization of the contents with the internal standard.
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Ensembl gene ID

ENSG00000130066
ENSG00000146674
ENSG00000165272
ENSG00000126709
ENSG00000163220
ENSG00000187134
ENSG00000019186
ENSG00000169715
ENSG00000198886
ENSGO00000151632
ENSG00000197102
ENSG00000167548
ENSG00000109971
ENSG00000148773
ENSG00000243156

ENSG00000149503
ENSGO00000178209
ENSG00000127481
ENSG00000113810
ENSG00000130723

Gene name

SAT1
IGFBP3
AQP3
IFI6
S100A9
AKR1C1
CYP24A1
MTIE
MT-ND4
AKR1C2
DYNC1H1
KMT2D
HSPA8
MKI67
MICAL3

INCENP
PLEC
UBR4
SMC4
PRRC2B

Full description

Spermidine/spermine N1-acetyltransferase 1

Insulin like growth factor binding protein 3
Aquaporin 3 (Gill blood group)

Interferon alpha inducible protein 6

S100 calcium binding protein A9

Aldo-keto reductase family 1 member C1
Cytochrome P450 family 24 subfamily A member 1
Metallothionein 1E

Mitochondrially encoded NADH dehydrogenase 4
Aldo-keto reductase family 1 member C2

Dynein cytoplasmic 1 heavy chain 1

Lysine methyltransferase 2D

Heat shock protein family A (Hsp70) member 8
Marker of proliferation Ki-67

Microtubule associated monooxygenase, calponin and LIM domain containing
3

Inner centromere protein

Plectin

Ubiquitin protein ligase E3 component n-recognin 4
Structural maintenance of chromosomes 4

Proline rich coiled-coil 2B

Logx
(FC)

1.75
2.64
197
2.04
3.16
212
1.57
1.42
1.04
2.82
-1.14
-1.68
-1.03
-1.38
-1.39

-1.36
-0.92
-1.10
-1.43
-1.10

Adjusted P-
value

5.57x10°%
1.34x107°
1.40x10°%°
1.15x10°%®
5.50x10°%"
8.45x10°%°
5.53x10°4°
1.07x10%®
2.15x107**
9.21x107*%
3.66x10°"
9.12x10°%®
1.58x10%7
6.53x10°%
1.46x10%°

5.14x10°%
6.87x10°%
1.11x10%°
3.91x10%
1.44x10%7

Regulation
status

Up-regulated
Up-regulated
Up-regulated
Up-regulated
Up-regulated
Up-regulated
Up-regulated
Up-regulated
Up-regulated
Up-regulated
Down-regulated
Down-regulated
Down-regulated
Down-regulated
Down-regulated

Down-regulated
Down-regulated
Down-regulated
Down-regulated
Down-regulated
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Sample Raw read Low-quality read number  Ploy-N read number  Adapter polluted read number ~ Clean read number ~ Mapped read

number (%) (%) (%) (%) (%)

HG1 48,909,654 219,180 (0.45) 70,820 (0.14) 732,722 (1.50) 47886932 (07.91) 46,597,334
HG2 47,350,384 337,124 (0.71) 83,178 (0.18) 675,864 (1.43) 46,263,218 (97.69) 44(222,14)00
HG3 47,542,838 192,338 (0.41) 261,400 (0.55) 2,126,872 (4.47) 44,962,228 (94.57) 43‘23‘89,81)33
HGOXA2 46,419,566 243,330 (0.52) 60,204 (0.13) 698,242 (1.50) 45,417,790 (97.84) 44(,?;'71,280
HGOXA3 46,633,246 265,908 (0.57) 78,028 (0.17) 730,058 (1.57) 45,559,252 (97.70) 44(2?33.15)54
Mean 47,372,933 251,576 (0.53) 110,726 (0.23) 992,752 (2.09) 46,017,884 (97.14) 44(.328.56)50
SD 980,639 56,115 (0.12) 84,669 (0.18) 634,430 (1.33) 1,144,377 (1.44) 1,1 sgééefo.w 5)

% indicates the percentage. HGOXA2 and HGOXA3 indicate the case group that were treated with 40 mM oxamate in 25 mM HG medium. HG1, HG2 and HG3 indicate the control groups
that were only treated with 25 mM HG medium without oxamate.
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Gene name

BCL2
BECN1
MAP1LC3A
MAP1LC3B
PGC1a
GAPDH

Forward Primer

GAGGAAGTCCAATGTCCAGCC
ACATGAGCGAGTTGGTCAAGATC
ACATGAGCGAGTTGGTCAAGATC
GTTGGCACAAACGCAGGGTA
ACCCAGAACCATGCAAATCACA
ACCCAGAACCATGCAAATCACA

Reverse Primer

GCATCCCAGCCTCCGTTATC
CCCAGTGACCTTCAGTCTTCG
ACATGAGCGAGTTGGTCAAGATC
ACACTGCTGCTTTCCGTAACAA
ACCCAGAACCATGCAAATCACA
ACCCAGAACCATGCAAATCACA

Length

157
162
141
305
166
168
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Time

Second Trimester

At Birth

Variables

Age (years)

BMI (kg/m2)

SBP (mmHg)

DBP (mmHg)
Cholesterol (mmol.L)
Triglycerides (mmol.L)
HDL (mmol.L)

LDL (mmol.L)

Insulin (ulU.L)
HbA1¢(%)

HOMA-IR

Vitamin D; (IU.L)

Urea (nmol.L)
Creatinine (nmol.L)
ALT(mmol.l)
AST(mmol.l)

Bilirubin (umol.L)

ALP (iu.L)

Albumin (g.L)

TSH (mU.L)

Thyroxine (pmol.L)
Total Protein (g.L)
Gestational age (weeks)
Newborn weight (grams)
SBP (mmHg)

DBP (mmHg)

Maternal weight (Kg)
Gestational age (weeks)

Total
(N=68)

31.8(5.7)
322 (7.1)
111.9 (12.5)
63.8 (7.7)
48(1.1)
1.5 (0.8)
1 3(04)
8 (0.9)
o 5(0.4)
5.3(0.5)
1.8(1.7)
15.1 (5.9)
31(1.2)
49.7 9.1)
15.1 (10.0)
17.1 (7.1)
75 (4.4)
83.3(35.2)
346 (6.7)
2.4(3.4)
12.5 (1.8)
66.3 (5.3)
21.0 (4.4)

(

3053.7 (549.6)

1200 (11.7)
(©.

72.1(9.6)
83.5 (156.1)
38.1(1.8)

Controls
(N=52)

312(58)
316(7.2)
111.2(12.7)
636 (7.6)
48(1.1)
1.4 (0.7)
1.3 (0.40)
29(0.9)
0403
53(0.5)
15(1.7)
14.9 6.1)
3.4 (1.1)
49.4(9.7)
13.9 (8.6)
16.7 (6.9)
7339
84.3 (33.8)
349(7.0)
27(38)
12.4(1.6)
66.3 (5.6)
211 (4.6)

(5.

(.
3133.4 (6528.6)
1202 (11.3)

72.3(9.2)
82.7 (14.4)
38.3(1.4)

51.7 (6.7)
18.9 (12.8)
16.5 (7.8)
1(5.6)
80.3 (40.2)
33.8(5.9)
1.6(0.7)
12.9 (2.3
66.2
208

)
8)
0)

(4.

(.
2794.4 (552.8)
119.3 (133)

71.3(10.9)
86.2 (17.3)
37.6 (2.0

P valueControl vs PCOS

0.09
0.18
0.44
0.70
0.99
0.36
0.92
0.86
0.068
0.87
0.04
0.60
0.43
0.39
0.08
0.91
0.54
0.70
0.56
0.29
0.32
0.96
0.79
0.03
0.79
0.70
0.43
0.11

BMI (body mass index), SBP (systolic blood pressure), DBP (diastolic biood pressure), LDL (low density lipoprotein), HDL (high density lipoprotein), HbA1c (Hemoglobin A1c), HOMA-IR

(Homeostatic model assessment for insulin resistance), ALP (alkaline phosphatase), ALT (alanine transaminase) or AST (aspartate aminotransferase).
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Metabolite Sup-pathway Super pathway Estimate SE P value FDR

7G.20.4_36.3 Triacylglycerols Lipids 38 0.9 0.00007 0.031
7G.18.2_38.6 Triacylglycerols Lipids 1.4 0.4 0.00020 0.047
1G.20.4_36.4 Triacylglycerols Lipids 1.9 0.5 0.00036 0.052
1G.22.5_34.2 Triacylglycerols Lipids 3.0 0.8 0.00067 0.052
7G.18.1_38.6 Triacylglycerols Lipids 1.8 0.5 0.00083 0.052
7G.20.4_36.2 Triacylglycerols Lipids 37 Tl 0.00087 0.052
7G.20.3_36.3 Triacylglycerols Lipids 07 0.2 0.00109 0.052
7G.18.2_34.2 Triacylglycerols Lipids 91.6 27.3 0.00133 0.052
DG.16.0_18.2 Diacylglycerols Lipids 1.4 04 0.00136 0.052
DG.18.2_18.2 Diacylglycerols Lipids 2.7 08 0.00167 0.052
7G.20.4_34.2 Triacylglycerols Lipids 7.6 2.3 0.00169 0.052
1G.20.3_36.4 Triacylglycerols Lipids 0.4 0.1 0.00176 0.052
1G.18.2_38.4 Triacylglycerols Lipids 17 0.5 0.00182 0.052
1G.22.4_32.0 Triacylglycerols Lipids 0.7 0.2 0.00183 0.052
TG.16.0_38.6 Triacylglycerols Lipids 27 08 0.00187 0.052
Lactate Carboxylic acids Glycolysis 838.6 262.8 0.00218 0.052
7G.18.2_38.5 Triacylglycerols Lipids 16 0.5 0.00222 0.052
7G.18.2_36.4 Triacylglycerols Lipids 15.3 4.8 0.00226 0.052
1G.22.6_34.2 Triacylglycerols Lipids 37 1.2 0.00227 0.052
AconAcid Carboxylic acids TCA cycle 0.3 0.1 0.00231 0.052
TG.16.0_40.8 Triacylglycerols Lipids 0.9 0.3 0.00236 0.052
1G.22.5_32.0 Triacylglycerols Lipids 1.4 0.4 0.00243 0.052
TG.16.0_38.5 Triacylglycerols Lipids 4.4 1.4 0.00284 0.058
7G.18.2_36.3 Triacylglycerols Lipids 30.8 101 0.00345 0.067
TG.16.0_40.7 Triacylglycerols Lipids 1.7 0.6 0.00364 0.067
1G.22.4_34.2 Triacylglycerols Lipids 1.2 04 0.00368 0.067
1G.22.6_32.0 Triacylglycerols Lipids 16 05 0.00388 0.067
7G.20.2_34.2 Triacylglycerols Lipids 16 05 0.00409 0.067
7G.18.0_38.6 Triacylglycerols Lipids 0.4 0.1 0.00413 0.067
1G.22.5_34.1 Triacylglycerols Lipids 29 1.0 0.00451 0.071
1G.18.2_32.0 Triacylglycerols Lipids 335 11.4 0.00464 0.071
1G.20.4_32.0 Triacylglycerols Lipids 35 1.2 0.00507 0.075
TG.16.0_40.6 Triacylglycerols Lipids 1.8 0.6 0.00601 0.086
TG.16.0_36.4 Triacylglycerols Lipids 49.8 17.7 0.00642 0.086
7G.18.1_36.4 Triacylglycerols Lipids 18.3 6.5 0.00646 0.086
7G.20.3_34.2 Triacylglycerols Lipids 22 08 0.00654 0.086
7G.20.4_34.1 Triacylglycerols Lipids 7.3 2.6 0.00697 0.089
PC.aa.C36.4 Phosphatidylcholine Lipids 50.1 18.0 0.00718 0.089
1G.17.0_36.4 Triacylglycerols Lipids 0.6 0.2 0.00787 0.091
7G.20.4_34.3 Triacylglycerols Lipids 0.8 0.3 0.00787 0.091
1G.22.6_34.1 Triacylglycerols Lipids 4.2 15 0.00792 0.091
7G.20.4_34.0 Triacylglycerols Lipids 1 0.4 0.00847 0.095
7G.20.3_32.0 Triacylglycerols Lipids 1.2 05 0.00908 0.100

Linear regression was performed to identify significant metabolites differentiating Controls from PCOS using the R statistical package after correcting for age, BMI and principle
components (PC1 and PC2). Estimate (beta value), SE (standard error), FDR (False Discovery Rate).
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Predictor Importance Beta P AUC Adjusted
value (<25009) R?

SBP at delivery 0.22 -0.49 0.003 0.7 0.44

HexCer.d18.2.24.0. 0.14 -0.36  0.02 0.6

Cer.d18.0.24.1. 0.08 -0.28 0.05 0.6

Serine 0.06 0.51  0.001 0.4
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