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Editorial on the Research Topic 


Metabolic miscommunication among organs: The missing links


Type 2 diabetes (T2D) is one of the modern metabolic diseases that involve impaired or faulty communication between tissues and/or organs. Extracellular vesicles, endocrine hormones, and cytokines are just some of the communication/signaling molecules that may be affected, involving both commensal microbiota and constitutive tissues. For these processes to be identified and characterized in a clinical setting, various disciplines and methods of analysis and diagnosis must be integrated. As an example, the imaging of liver fat and fibrosis could be analyzed along with the characterization of intestinal microbiome activity to understand the role of intestinal dysbiosis in fatty liver disease development.

The goal of this Research Topic was to present new progress in the integration of epidemiology and pathogenic mechanisms that improve the understanding of biological crosstalk within diabetes and related disorders. Indeed, the authors replied to our call and the manuscripts within this Research Topic include the link between diabetes and intestinal disorders, kidney disease, bone metabolism, nocturia, iron and nitrogen metabolism, exercise as well as inflammation and liver disease.

Meneses et al. studied the impact of high-fat and high-fructose feeding on the metabolome of the liver, muscle, white and brown adipose tissue. By feeding male mice with these diets for 12 weeks, it was possible to disclose that although both diets have deleterious effects on the liver, causing non-alcoholic fatty liver disease (NAFLD), high-fat resulted in a higher impact on hepatic glucose and lipid metabolism than high-fructose, leading namely to glucose intolerance. Moreover, while high-fat had alterations in brown adipose tissue metabolites that indicate increased thermogenesis, high-fructose led to increased levels of betaine, known to be a shielding metabolite against fructose-induced inflammation. Overall, this study indicates that high-fat and high-fructose feeding have a negative but distinct effect on the metabolome of the abovementioned organs.

Besides high circulating lipid and fructose levels, iron levels also impact metabolic homeostasis. Wang et al. aimed at exploring the association of serum iron levels with metabolic dysfunction-associated fatty liver disease (MAFLD) in Chinese patients with T2D in a cross-sectional study with 1,467 individuals. Indeed, the association between iron metabolism and insulin resistance has been explored in the last few years, and the present study found a positive correlation between the presence of MAFLD and serum iron levels in patients with T2D. As such, serum iron levels may act as one indicator for MAFLD risk assessment in those individuals.

The clinical evaluation of circulating and phenotypic characteristics changes with disease progression and aging as observed by Zheng et al. who evaluated the association of liver enzymes with diabetes mellitus risk in different obesity subgroups based on a middle-aged Chinese population. Although serum GGT levels were correlated with diabetes mellitus risk in the middle-aged population, the correlation disappeared when waist circumference was over 98.99 cm.

How organs crosstalk impacts dysmetabolism is a step forward in understanding dysmetabolism. Yan et al. shed the light on the liver-kidney axis by exploring, through machine learning techniques, crosstalk genes in NAFLD and diabetic nephropathy. The authors pinpoint that there seems to be a common pathogenesis between these metabolic disorders and that lipoprotein lipase (LPL) and secreted phosphoprotein 1 (SPP1) are the most relevant crosstalk genes. The contribution of nephropathy for diabetes and nocturia is covered by Fu et al. through a systematic review and meta-analysis. Nocturia is known to be connected to age, but it may be also influenced by hypertension. As there are many confounding factors (e.g., age, gender), the associations need to be carefully performed. Diabetes had a 1.49-fold higher risk of nocturia. The association was stronger for Asian and male subjects or those at a lower nocturia cut-off.

Delgado et al. describe the importance of gut-liver axis nitrogen metabolism for the onset and development of NAFLD. Indeed, the authors depict how disrupted nitrogen metabolism and metabolic miscommunication between the gut and the liver may lead to NAFLD and shed the light on the re-establishment of altered gut-liver axis nitrogenous balance as a possible therapeutic approach to tackle NAFLD.

Yang et al. aimed at determining the impact of glucose levels at admission and during the first week (early phase) on clinical outcomes in patients with acute pancreatitis and to investigate the relationship between stress hyperglycemia and hypertriglyceridemia. Indeed, stress hyperglycemia, both during admission and during the first week of admission worsens the clinical outcomes of patients with acute pancreatitis. These effects were even more noticeable when hypertriglyceridemia co-existed at admission.

Cheng et al. performed a bibliometric analysis from 2000 to 2021 about the link between bone metabolism and diabetes mellitus where osteoporosis and associated fractures are the greatest concern in the bone metabolism field. With this publication, it becomes evident that cross-discipline research fields are attracting increased attention. Specifically, these are valuable insights for clinicians to recognize diabetic osteopenia and provide more attention and support to patients at risk of developing osteopenia.

Wang et al. conducted a cross-sectional study to clarify the association between inflammatory indicators and metabolic diseases, and cardiovascular disease risk. Contrary to the neutrophil-to-lymphocyte ratio and systematic immune-inflammation index, the monocyte-to-high-density lipoprotein ratio and systemic inflammation response index had a significant positive association with metabolic diseases and their components. Furthermore, they also correlated with cardiovascular disease, and the increment of these indicators caused a gradually evaluated risk of 10-year cardiovascular disease risk assessed by the Framingham score.

The prevention and disease control was tackled by Houttu et al. who systematically reviewed the effect of aerobic exercise on NAFLD, specifically in non-alcoholic steatohepatitis (NASH) and liver fibrosis. The 24 analyzed studies illustrate that liver fat is decreased by aerobic exercise (moderate-intensity continuous training or high-intensity interval training) with a concomitant decrease of alanine transaminase and aspartate aminotransferase. However, further studies are needed to elucidate the impact of moderate-intensity continuous training versus high-intensity interval training on hepatic inflammation and fibrosis.

Wang et al. provided a commentary on the previously published manuscript by Riedel et al. (1) calling attention to the need to look to T2D beyond hyperglycemia. Indeed, the authors support that T2D is more likely to be a syndrome leading to hyperglycemia, systematic inflammation, insulin resistance, and intestinal bowel disease, indeed a systematic disease as previously supported by Pina et al. (2, 3). As such, hyperglycemia could be treated as a coexistent symptom rather than the central one. We have also shared that opinion in a recent review where we aim to call attention to insulin and C-peptide as central molecules to help in the phenotypic diagnosis of T2D along with glucose, rather than glucose per se (4).

In summary, papers on this Research Topic cover a wide spectrum of metabolic miscommunication among organs and underline once more how important is to have a wider view of these disorders and how organs communicate, both trying to compensate or spreading the “disease” message.
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Background: Diabetes mellitus (DM) have become seriously threatens to human health and life quality worldwide. As a systemic metabolic disease, multiple studies have revealed that DM is related to metabolic bone diseases and always induces higher risk of fracture. In view of this, the links between bone metabolism (BM) and DM (BMDM) have gained much attention and numerous related papers have been published. Nevertheless, no prior studies have yet been performed to analyze the field of BMDM research through bibliometric approach. To fill this knowledge gap, we performed a comprehensive bibliometric analysis of the global scientific publications in this field.

Methods: Articles and reviews regarding BMDM published between 2000 and 2021 were obtained from the Web of Science after manually screening. VOSviewer 1.6.16, CiteSpace V 5.8.R3, Bibliometrix, and two online analysis platforms were used to conduct the bibliometric and visualization analyses.

Results: A total of 2,525 documents including 2,255 articles and 270 reviews were retrieved. Our analysis demonstrated a steady increasing trend in the number of publications over the past 22 years (R2 = 0.989). The United States has occupied the leading position with the largest outputs and highest H-index. University of California San Francisco contributed the most publications, and Schwartz AV was the most influential author. Collaboration among institutions from different countries was relatively few. The journals that published the most BMDM-related papers were Bone and Osteoporosis International. Osteoporosis and related fractures are the main bone metabolic diseases of greatest concern in this field. According to co-cited references result, “high glucose environment,” “glycation end-product” and “sodium-glucose co-transporter” have been recognized as the current research focus in this domain. The keywords co-occurrence analysis indicated that “diabetic osteoporosis,” “osteoarthritis,” “fracture risk,” “meta-analysis,” “osteogenic differentiation,” “bone regeneration,” “osteogenesis,” and “trabecular bone score” might remain the research hotspots and frontiers in the near future.

Conclusion: As a cross-discipline research field, the links between bone metabolism and diabetes mellitus are attracting increased attention. Osteoporosis and related fractures are the main bone metabolic diseases of greatest concern in this field. These insights may be helpful for clinicians to recognize diabetic osteopenia and provide more attention and support to such patients.

Keywords: diabetes mellitus, bone metabolism, bibliometrics, CiteSpace, VOSviewer, Bibliometrix


INTRODUCTION

Diabetes mellitus (DM) is a chronic metabolic disease, characterized by disturbances in insulin and glucose metabolism. According to the estimates from World Health Organization (WHO), DM, especially type 2 DM (T2DM), affects 8.5% of world's total population aged 18 years or older, and it will become the 7th leading cause of death worldwide by 2030 (1). DM is able to cause damages to a variety of organs, in particular, nervous system, kidneys, and blood vessels. Substantial evidence suggests that a longer exposure to hyperglycemia also make an impact on bone metabolism (BM) (2, 3). Initially, many clinicians observed that diabetic patients had a higher risk of fractures as well as impaired fracture healing. Until 2007, a meta-analysis conducted by Vestergaard (4) reported for the first time that hip fracture risk was significantly increased in both type 1 DM (T1DM) and T2DM. And compared to subjects without DM, the risk of hip fracture was 6.94 and 1.38 times higher in T1DM and T2DM individuals, respectively. Apart from hip fracture, similar conclusions were reached from several other large sample meta-analyses on the association between DM and fracture risk at other sites including vertebra, upper arm, distal forearm, and ankle (5–7). Since then, osteoporosis and related fractures are the main bone metabolic diseases of greatest concern in this field (8, 9). Many experts have been calling attention to the osteoporosis/bone loss management and fracture risk assessment for DM patients. In 2019, several scholars from the Chinese Medical Association (CMA) even developed a joint expert consensus for the fractures risk management in DM patients (10).

In the light of this, the links between BM and DM (BMDM) have gained widespread attention from researchers recently. A large aggregation of studies devoted to deciphering the complex mechanisms about how diabetes works on bone remodeling (2). To date, despite more than 20 years of intensive research and several hypotheses, such as oxidant injury, accumulation of advanced glycation end products, increased collagen glycation, bone-fat axis hypothesis, and some other intermediate mediators including hormones, cytokines and nutrients, have been proposed, the specific mechanism of diabetes-related reduction of bone mass remains unclear (11–13). In addition, with the development of novel antidiabetic agents, it has been reported that various glucose-lowering medications including thiazolidinedione, insulin, metformin, sodium glucose co-transporter 2 inhibitors, dipeptidyl peptidase-4 (DPP-4) inhibitors have different influences on bone formation and resorption (14–18).

Motivated by the above concerns, numerous papers related to BMDM have been published. However, in the face of massive information in this topic, researchers need to dedicate a great deal of time to reading and understanding appropriate work in interrelated disciplines. Hence, it is imperative to classify substantial, classical, and evocative evidence to assist the scientific investigation (19). Although several literature reviews and meta-analyses are able to provide useful information and reliable evidence-based medical findings, these methods are often unable to make a summary from a holistic and integrated perspective for a specific field of research (20, 21).

Bibliometric analysis applies statistical and mathematical approaches to quantitatively and qualitatively analyze all carriers of knowledge such as journal articles. It is an important and well-established method to spot active researchers and potential collaborators, sort out hot topics, describe the dynamic trends, and identify future research frontiers (22, 23). Recently, bibliometric analysis and data visualization have received a considerable amount of attention in biomedical fields owing to the explosion in basic and clinical data, and the growing number of freely available bibliometric tools over the past few years (24, 25). Taking DM and metabolic bone disorders as examples, multiple investigators have studied the scientific outputs and publication trends of diabetes-related research across different countries via bibliometric approaches (26–28). DM-associated complications such as diabetic foot ulcers (29), diabetic nephropathy (19, 30), and diabetic ophthalmopathy (31), etc. have also been studied with this approach. Our and other research teams have also investigated the publication status and research hotspots in the field of metabolic bone disorders including osteoporosis (32), hip fracture (33), osteonecrosis (34), and osteoarthritis (35) by using bibliometric methods, and mapped the overall knowledge structures and co-citation networks in these areas. Nevertheless, to the best of our knowledge, there are still no previous bibliometric studies reporting the links between BM and DM.

As such, we sought to fill this knowledge gap. In this study, multiple software programs and online platforms were used to analyze BMDM-related literature, as well as draw the scientific knowledge maps. The primary aims of the study were to (i) identify the main contributors including authors, institutions, and countries in the BMDM field from 2000 to 2021; (ii) explore the development and evolution trend of research focus; (iii) predict future research frontiers of this area; (iv) offer some new perspective and ideas for the subsequent studies between diabetes and bone metabolism; (v) call for more attention, especially clinician and researcher on this subject.



MATERIALS AND METHODS


Data Source

The Web of Science Core Collection (WoSCC, Clarivate Analytics, Philadelphia, PA, USA) is one of the most professional and authoritative citation-based databases with powerful indexing functions, which not only contains the basic information including titles, authors, institutions, countries/regions, and author keywords, but particularly includes the references information (22, 23). Therefore, it is considered as the optimal database and widely used in previous bibliometric studies (36). In this study, we selected to retrieve publications related to BMDM in the WoSCC of Science Citation Index Expanded (SCIE).



Data Search Strategy

Considering that the database is still functioning and may update daily, a comprehensive online search was performed on a single day by two authors (CK and WH), to avoid the bias. All potentially relevant publications were collected based on the titles (TI) and author keywords (AK) with the following search formula: #1: [TI = (diabetic* OR diabetes* OR antidiabetic*) OR AK = (diabetic* OR diabetes* OR antidiabetic*); #2: TI = (osteo* OR bone* OR fracture* OR “skelet*) OR AK = (osteo* OR bone* OR fracture* OR “skelet*); Final dataset: #1 AND #2]. In order to achieve as many relevant sources as possible, a wildcard character (*), representing one or more other characters and allowing variable endings of keywords was used. For example, osteo* would also return the terms of osteoporosis, osteopenia, osteoporotic, osteoarthritis, and so on. Then, a timespan of 22 years was set and only studies published from 2000 to 2021 were included. The literature language was restricted to English. The literature types were limited to articles and reviews, with the specific exclusion criteria shown in Figure 1. A total of 3,571 documents were retrieved as potential candidates for inclusion from the initial literature search. Then the literature titles, abstracts, and the full text were manually examined by two investigators (CK and GQ) to exclude literature that was irrelevant to study topic (including disease type, research purposes, interventions, outcome indexes, etc.). A total of 2,525 articles and reviews were included for data analysis after the final selection.


[image: Figure 1]
FIGURE 1. Flowchart of literature search and selection process.




Data Extraction and Collection

All the 2,525 retrieved literature was downloaded with “full record and cited references” and exported in plain text or tab-delimited (win, UTF-8) format for the analysis of bibliometric tools. Subsequently, Microsoft Excel 2019 was used for statistical analysis of the bibliometric indicators including annual number of publications and citations, countries/regions, institutions, authors, funding agencies, journals, keywords, as well as research areas. Some inherent deficiencies from the WOS database were checked and merged, and information from various regions was incorporated into their affiliated countries. For example, publications from England, Northern Ireland, Scotland, and Wales were assigned to the UK. The journal impact factor (JIF) and subject category quartile ranks were obtained from the 2020 Journal Citation Report (JCR, http://clarivate.com/products/web-of-science). Based on the value of JIF, JCR splits all the journals within the same discipline into four categories, of the top 25% belonging to Q1 and the top 25–50% being Q2, and so on. Some other bibliometric information including sum of time cited, average number of citations, and H-index was acquired from the “citation report” function of WoSCC.



Bibliometric Analysis

In order to obtain more comprehensive data analysis, three bibliometric software including VOSviewer 1.6.16 (Leiden University, the Netherlands), CiteSpace V 5.8.R3 (Drexel University, the USA), Bibliometrix (University of Naples Federico II, Italy), and two online analysis platforms were used for bibliometric and visualization analyses.

VOSviewer, a free java-based software for bibliometric mapping and clustering analysis, was developed by van Eck and Waltman (24). In this study, country/institution/author co-authorship analysis, author/journal co-citation analysis and keyword co-occurrence analysis were conducted in this study. Generally speaking, in these visual maps, different nodes indicated different items such as authors, countries, institutions, journals and keywords, with the nodes size reflecting the corresponding number of publications citations or occurrences. The links between nodes represented the co-authorship, co-citation or co-occurrence associations between nodes. The color of the nodes and lines indicated different clusters or corresponding average appearing year (AAY) (23, 37).

CiteSpace, developed by Professor Chen Chaomei, is another software tool for visualizing and constructing bibliometric networks (25). In this study, CiteSpace was used to visualize international collaboration among institutions, the co-citation of references and its cluster analysis. We also identified several references that experienced the greatest increase in the citation frequencies over a certain period, which was considered a period of popularity for the study. The parameters of CiteSpace were set as follows: time span (2000–2021), years per slice (1), selection criteria (Top 30), and pruning (minimum spanning tree, pruning sliced networks).

In addition, the online bibliometric analysis platform, available at: https://bibliometric.com/, was used to conduct the collaboration networks between countries, and annual publication trend analysis of the top three most productive countries (38). We also used Bibliometrix to perform descriptive analysis of the authors' production over time and thematic evolution of keywords. Furthermore, gene-based analysis of osteoporosis or osteoarthritis in diabetes mellitus was analyzed by the online website (https://www.citexs.com/Summary). This website allowed us to summarize the gene data of all the studies in a certain field, and the publications were acquired based on Pubmed database.



Statistical Analysis

Descriptive data analysis, graph plotting and curve fitting were performed with Microsoft Excel 2019, R software (v 4.1.0) and GraphPad Prism software (v 8.0). The annual number of publications and citations were calculated with Microsoft Excel, and the following types of functions including exponential, linear, logarithmic, and polynomial were used to fit curves. The best-fit model was selected according to the magnitude of the correlation coefficient (R2). The growth rate of publications over time was calculated based on the specific calculation formula as follows (23): Growth rate = [(number of publications in the last year ÷ number of publications in the first year)1/(lastyear−firstyear)−1] × 100. Pearson's correlation coefficient test was used to evaluate the correlation between publications and citations, and Pearson correlations corresponding to a p-value < 0.05 were considered significant.




RESULTS


Publication Outputs and Trends

Based on the literature search and screening strategy in Figure 1, a total of 2,525 literature studies including 2,255 (89.3%) articles and 270 (10.7%) reviews were finally identified. Figure 2 depicts the specific amount of annual publications regarding BMDM. From 2000 to 2021, the average growth rate of publications was 13.1%. Moreover, in order to further evaluate the change trend of BMDM studies, the index function Y = 0.5953X2-0.8034X + 21.325 (R2 = 0.989, X is the year, Y is the annual publications) of the annual publication trend was created. When it comes to the annual number of citations, it also showed a similar increasing trend (R2 = 0.9974) as the annual publication number (Supplementary Figure 1). Upon plotting the correlation between publications and citations, a statistically significant linear correlation was observed with a satisfactory Pearson's correlation coefficient (r = 0.996) and explicability (R2 = 0.992). Thus, the variations in the citation rate can mostly be explained by the publication rate.


[image: Figure 2]
FIGURE 2. The specific amount of annual publications regarding BMDM from 2000 to 2021.




Most Productive Countries/Regions and Funding Agencies

A total of 78 countries/regions contributed all publications on BMDM research. As can be seen from Table 1, the most prolific country is the United States (n = 656, accounting for 25.98% of the total), followed by China and Japan. Figure 3A summaries the annual publications of these top 3 countries from 2000 to 2021. Among the top 20 most productive countries, the United States has the highest H-index of 97, and far higher than other countries/regions. Nevertheless, based on the average citations per document, the ranking of countries is: Netherlands (60.2), the United States (50.2), and Canada (49.37). Figure 3B displays the international cooperation analysis among different countries. As shown in Figure 3C, the overlay visualization map of country co-authorship analysis was conducted by VOSviewer. Literature originating from 47 countries/regions was selected, with the minimum number of 5 documents for each country. The United States was situated in a central position of this network map. Figure 3D summarizes the data of the top 10 most frequent funding sources in this field, with seven funding agencies based in the United States.


Table 1. Top 20 most productive countries in the research field of BMDM.
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FIGURE 3. (A) The annual publications of the top 3 countries from 2000 to 2021. (B) The international cooperation analysis among different countries. Line thickness between countries reflects the intensity of the closeness. (C) The overlay visualization map of country co-authorship analysis conducted by VOSviewer. Each country is represented as a node, and the node size is proportional to the sum of publications. A link between two nodes indicates a co-authorship relationship. Different nodes were given different colors (based on AAY) according to the color gradient in the lower right corner. (D) The top 10 most frequent funding sources in this field.




Analysis of Institutional Output

A network visualization map of institutional collaboration was generated by CiteSpace and presented in Figure 4A. The top 5 institutions addressed in the largest number of publications were University of California San Francisco, Shanghai Jiao Tong University, Shimane University, Washington University, and Aarhus University Hospital. However, there were relatively few collaborations among institutions from different countries. And only three institutions including University of California San Francisco, Columbia University, and University of Toronto had a betweenness centrality (BC) value more than 0.1. Additionally, institution co-authorship analysis was conducted by VOSviewer (Figure 4B). According to the color gradient in the lower right corner, these institutions such as Aarhus University Hospital, Sichuan University, University of Southern Denmark, University of Copenhagen, etc. were given a red color with the larger AAY values. And corresponding to this, University of Pittsburgh, Michigan State University, University of Minnesota were given a blue color with the smaller AAY values.


[image: Figure 4]
FIGURE 4. (A) Network visualization map of institutional collaborations generated by CiteSpace. In this map, a node represents an institution, and the size of each node represents its relative quantity of research output. Each line represents the strength of the cooperation relationship between two institutions, and strength value is displayed between lines. (B) The overlay visualization map of Institution co-authorship analysis conducted by VOSviewer.




Analysis of Influential Authors

In terms of author analysis, the top 5 most prolific authors were laid out in Figure 5A. Schwartz AV contributed the highest number of publications, followed by Sugimoto T and Kanazawa I. Schwartz AV was also the author with the highest H-index and average citations per document. Figure 5B depicts the annual outputs and citations of the top 5 authors between 2000 and 2021. A cluster density map of author co-authorship analysis is shown in Figure 5C. Only authors with more than 5 documents were included. Of these, a total of 11 author clusters were formed. As for author co-citation analysis, 73 authors with at least 100 citations were included. As displayed in Figure 5D, the top 3 authors with the greatest total link strength (TLS) were Schwartz AV, Vestergaard P, and Janghorbani M.


[image: Figure 5]
FIGURE 5. (A) Total number of publications, average citations per document, and H-index of top 5 authors in this area. (B) Top 5 authors' production over time. The circle size represents the number of documents (N. Documents), and the shade of the color signifies the total number of citations (TC). (C) The cluster density map of author co-authorship analysis generated by VOSviewer. Authors with close cooperation relationship are assigned to one cluster with the same color. (D) The network visualization map of author co-citation analysis generated by VOSviewer. Each author is represented as a node, and the node size is proportional to the sum of citations. A link between two nodes indicates a co-citation relationship. The distance between nodes indicates the relatedness, and a smaller distance implies a higher relatedness and will be assigned to one cluster with the same colors.




Most Active Journals and Research Areas

Table 2 shows the basic information of the top 20 most productive journals in BMDM field. Among them, Bone has published the greatest number of 122 papers, followed by Osteoporosis International, Journal of Clinical Endocrinology Metabolism, Calcified Tissue International, and Journal of Bone and Mineral Research. More than four fifths of the top 20 journals were categorized in Q1 or Q2 JCR region. As indicated in Figure 6A, the network visualization map of journal co-citation analysis was further performed by VOSviewer. Only journals with a minimum of 300 citations were visualized. Of the 58 journals satisfying the criteria, the top 5 co-cited journals were Journal of Bone and Mineral Research, Osteoporosis International, Bone, Journal of Clinical Endocrinology Metabolism, Diabetes Care. Additionally, according to WoS subject categories, all these literatures are assigned to different research areas. Top 10 research areas ranked by publication counts are exhibited in Figure 6B.


Table 2. Top 20 most productive journals in BMDM field.
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FIGURE 6. (A) Network visualization map of journal co-citation analysis generated by VOSviewer. (B) Top 10 research areas ranked by publication counts.




Co-cited References and Reference Burst

Table 3 summarizes the characteristics of the top 10 highly cited literature in the research scope of BMDM. The majority of the studies were published before 2010. Of these, three papers were cited over 500 times with all the top 10 cited 370 times or more. Besides that, reference co-citation analysis was also conducted by CiteSpace. As shown in Figure 7 and Supplementary Table 1, all the nodes representing references in the co-citation network map could be clustered into 17 specific clusters. The modularity was 0.89, and the mean silhouette value was 0.9618, reflecting the rationality of this clustering method. All these clusters were generalized and ordered by the number of co-cited references. The first cluster was “#0 glycation end-product,” followed by “#1 oxidative stress” and “#2 energy metabolism.” Apart from that, the references with strong citation bursts were explored via CiteSpace, and the top 50 references with the strongest citation bursts were identified. As indicated in Figure 8, the strongest burst starting from 2008 was from the paper published by Vestergaard P and colleagues in 2007, followed by Schwartz et al. (47), Janghorbani et al. (39).


Table 3. Characteristics of top 10 highly cited literatures on BMDM.
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FIGURE 7. The timeline view map of reference co-citation analysis generated by CiteSpace. Years from 2000 to 2021 are arranged horizontally at the top, and this view map clearly implies the differences in the appearance time point of 17 clusters. The bigger the circle size, the more research on the topic. The label of each cluster (LLR algorithm) is shown at the end of the timeline.



[image: Figure 8]
FIGURE 8. Top 50 references with the strongest citation bursts. The bars in red stands for a burst period for the references.




Analysis of Co-occurring Keywords and Related Genes

After manual merging the keywords with the same meaning, a total of 58 author keywords with a minimum of 20 occurrences were extracted from the 2,525 publications, and an overlay visualization map was created (Figure 9A). All these keywords were marked with different colors based on AAY, which could reflect the research hotspots in different periods. Figure 9B presents the frequency distribution of the top 20 most frequent occurrences keywords. Among them, the top 5 keywords were as follows: diabetes mellitus (964), type 2 diabetes mellitus (509), osteoporosis (366), bone mineral density (353), and fracture (225). In addition, thematic evolution analysis was also performed by Bibliometrix. Sankey diagram was used to interpret the thematic evolution of three stages in the BMDM research (Figure 10A). The change pattern of annual occurrences frequency of author keywords related to diseases such as diabetes, osteoporosis, osteoarthritis, etc. from 2000 to 2021 is illustrated in Figure 10B. Moreover, Figure 10C illustrates the top 15 most studied genes between osteoporosis and DM, and Figure 10D presents the top 15 genes between osteoarthritis and DM.


[image: Figure 9]
FIGURE 9. (A) Overlay visualization map of keywords analysis in BMDM field based on the VOSviewer. The node size is proportional to the sum of occurrence times. The color of each node implies the average appearing year according to the color gradient in the lower right corner. The blue color represents the keywords appeared relatively earlier, and the dark red color reflects the recent occurrence. (B) Frequency distribution of the top 20 most frequent occurrences keywords.
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FIGURE 10. (A) Thematic evolution of the three stages in the BMDM research field. The line between nodes reflects the research topic's evolving focus. The width indicates the amount of shared keywords. The thicker the line, the greater the significance of the two subjects. (B) The change pattern of annual occurrences frequency of author keywords related to disease. (C) Top 15 most studied genes between osteoporosis and diabetes mellitus. (D) Top 15 most studied genes between osteoarthritis and diabetes mellitus.





DISCUSSION


Global Publication Trends in BMDM Research

The change in the amount of academic publications is a vital indicator of the development trend in a field (48). As can be seen from the curve fitting results, the number of publications exhibited an overall rapid growth trend. From the point of view of various stages of development, from 2000 to 2006, the number of scientific publications investigating the links between BM and DM was still very low (no more than 50 publications) and unstable. The study on BMDM was still at an early stage of development, suggesting that the role of bone metabolic aberration occurred in DM did not attract too much attention of medical community at that time. Interestingly, the published studies on BMDM had a steady rise in 2007–2014, and the number has exceeded 100 since 2012. Between 2015 and 2021, the annual publication has drastically increased, and almost 62.7% of them (1,585 papers) were published over the last 7 years. This result may suggest that BMDM has generated increasing attention and interest over recent years. And on this basis, one can predict that the number of publications in this field will further grow with in-depth study of the molecular mechanism and the conduct of clinical experiments on anti-diabetic medicines (44, 49).



General Knowledge Structures and Major Contributors


Countries and Institutions

The total number of literature by a country serves as an important indicator to reflect a country's output and productivity. The results depicted in Table 1 show that countries from North America, Europe, and Asia almost accounted for the top 20 contributing nations on BMDM. Among them, we can see that the United States, China, and Japan are the leading countries where BMDM research is occurring. In the meantime, the United States has the highest H-index. The above results reflect that the United States has made tremendous contribution and established its leading position in the domain of BMDM research. In addition to the BMDM research subject, earlier bibliometric studies revealed that the United States also had the highest number of publications in other areas of BM or DM researches (31, 32, 34). As for countries or institutions collaboration analysis, it can be seen from Figure 3B that the United States collaborated most closely with China, Italy, and Canada. However, when it comes to an institutional level, there were only three institutions with a BC value more than 0.1. BC is an indicator to assess the importance of nodes in a collaboration network. Generally, BC value >0.1 is regarded as vital node (22). From Figures 4A,B, there were relatively few collaboration and exchange of findings among institutions from different countries, and most collaborating institutions were limited to the domestic level. Considering the constant increase in the incidence of DM worldwide, this situation greatly impedes the development of the research field. It is worth noting that, consistent with other bibliometric studies, a lack of cross-institutional cooperation seems to be a general phenomenon in the field of diabetes (50, 51). Therefore, we strongly recommend that institutions from different countries should remove academic barriers and strengthen the cooperation to boost the development of BMDM research.



Authors

Among the top 5 most productive authors, Schwartz AV from University of California San Francisco contributed the most articles, followed by Sugimoto T and Kanazawa I from Shimane University. In addition, as can be seen from Figures 5A,B, Schwartz AV was also the author with the highest H-index and average citations per document, and remained high scientific influence in this field from 2000 to 2021. Schwartz et al. mainly focused on the increased fracture risk in diabetic elderly men and women. In 2001, by analyzing the data from 9,654 women aged 65 or older, they have determined diabetes was a risk factor for proximal humerus, hip, and foot fractures in older women. And this study has gained enormous attention and was cited more than 550 times so far (41). Moreover, in another prospective observational study published in JAMA, they found that bone mineral density (BMD) T-score of the femoral neck and WHO Fracture Risk Algorithm (FRAX) score were both associated with fracture risk in older adults with T2DM. Nevertheless, compared with these patients without DM, a given T-score or FRAX score was associated with higher fracture risk in older adults with DM (47). This finding has confirmed the useful of BMD T-score and FRAX score for clinical evaluation of fracture risk, and prompted a series of subsequent studies (52, 53).

As for author co-citation analysis, 73 authors with at least 100 citations were included. As displayed in Figure 5D, the top 3 authors with the greatest TLS were Schwartz AV, Vestergaard P, and Janghorbani M. The TLS indicates the impact of documents from an author on other authors involved in these studies. This result further confirms that Schwartz AV was the most influential author. At the same time, it is worth noting that albeit with not large number of publications, Vestergaard P from Aarhus University and Janghorbani M from Isfahan University Medical Science still occupied core locations in the co-citation map. This could have been relevant to several highly-cited publications by them. Unsurprisingly, three studies of them were the top 10 most highly-cited articles in this domain (4, 39, 46). And the study by Vestergaard (4) titled “Discrepancies in bone mineral density and fracture risk in patients with type 1 and type 2 diabetes—a meta-analysis” was the only one study that received more than 1,200 citations in this field. This result suggests that the number of publications may not definitely reflect the academic influence of an author, since there are many factors that influence the citation frequencies of an article (27).



Journals

Journals are an important vehicle for presenting the results of academic information and knowledge dissemination. Few researchers are able to fully understand all relevant journals in their field, and many of them struggle to select the most proper outlet and target journals for their studies. By summarizing the basic information drawing the co-citation visual network of the most productive and high-impact journals, the most relevant journals in the research field of BMDM could be identified so that researchers can choose the most suitable journals for submitting their manuscripts. Among the top 20 most productive journals, most relevant studies were published in Q1 or Q2 journals, and Bone, Osteoporosis International, Journal of Clinical Endocrinology Metabolism, Calcified Tissue International, and Journal of Bone and Mineral Research occupy the first five positions, making them zone core and popular journals in BMDM field. In term of co-citation analysis, the top 5 co-cited journals were Journal of Bone and Mineral Research, Osteoporosis International, Bone, Journal of Clinical Endocrinology Metabolism, Diabetes Care. Research findings related to BMDM that published in these journals may have great potential to be cited and receive more attention. Therefore, scholars may consider these priority journals in the future, and scientific outputs by these journals also deserve special attention to obtain recent advances in this domain.




Research Clusters and Research Focus Transition

Reference and keyword analysis is one of the key methodologies and most significant indicators in bibliometrics. Based on the reference co-citation analysis and keyword co-occurrence analysis, the main research directions, hotspots, and evolution process in the field can be uncovered (54, 55).


References Co-citation Analysis

Using the CiteSpace software, a visualization network map of co-cited references was generated in Figure 7. All these 17 BMDM research clusters in the past 22 years were ordered from the largest to smallest based on the number of co-cited references. As can be seen from Supplementary Table 1, “glycation end-product” was the largest cluster (#0), followed by “oxidative stress” (#1), and “energy metabolism” (#2). In addition, the timeline chart could cluster references and take time into account, which is convenient for us to understand the period of a particular topic and explore the evolution track of this field (34). According to mean year of these clusters, we can see that the research hotspots have shifted to “high glucose environment” (#8), “glycation end-product” (#0), and “sodium-glucose co-transporter” (#7).



High Glucose Environment

Although glucose represent key molecules in cellular energy metabolism, previous studies revealed that hyperglycemia had an adverse effect on bone quality. In vitro experiments have proven that high glucose environment exerts an inhibitory action on the osteogenic differentiation and growth of osteoblasts and bone marrow stroma cells (BMSCs) (18, 56). Glycolysis is a fundamental metabolic pathway for glucose catabolism. However, under a high-glucose microenvironment, excess glucose may activate other metabolic pathways such as the polyol pathway, the protein kinase C signaling pathway, the formation of glycation end-products, and the hexosamine pathway, all of which induce the accumulation of oxidative stress and the production of inflammatory cytokines (57, 58). Furthermore, there is also study showing that sustained hyperglycemia may trigger cellular innate immune responses, activate reactive oxygen species (ROS)-producing enzymes localized on the outer mitochondrion, resulting in overproduction of ROS and cell dysfunction (59). Therefore, in recent years, a large number of studies have focused on how to rescue the impaired osteogenesis differentiation ability of BMSCs and osteoblasts (56, 57, 60, 61). That is very critical and meaningful way to find novel therapeutic targets for diabetic osteoporosis.



Glycation End-Product

Advanced glycation end products (AGEs) are irreversibly produced from non-enzymatic glycation and oxidation of nucleic acids, lipids and proteins. The receptors for AGEs (RAGE) are the main receptors involved in the cellular uptake and degradation of AGEs and are also known as a pattern recognition receptor. Previous studies revealed that RAGE and its ligands play important roles in bone homeostasis (62, 63). RAGE knockout mice exhibit decreased bone resorptive activity and increased bone mineral density (62). AGEs were reported to suppress osteogenic differentiation of adipose-derived stem cells (ASCs) via interfering with the Wnt/β-catenin signaling pathway (63). In addition, accumulation of AGEs could also promote expression of transforming growth factor (TGF)-β and IL-6 to induce apoptosis of osteoblasts and elevate osteoclasts activity (64, 65). As previously stated, protracted exposure to excessive blood glucose results in excessive formation and accumulation of AGEs. Increasing evidence indicates that the accumulation of AGEs are important contributors of diabetic bone loss (13). Accordingly, small-molecular inhibitors such as TTP488, FPS-ZM1, etc. targeting RAGE and its intracellular signaling pathway have been developed (66, 67). These small molecule inhibitors hold great promise for the treatment of multiple metabolic bone diseases and merit further investigation.



Sodium-Glucose Co-transporter

Sodium glucose cotransporter-2 (SGLT2) is a sodium-dependent glucose transporter involved in glucose reabsorption in the kidney. The inhibitors of SGLT2 have been established as a novel therapeutic approach for diabetic control, working by decrease the reabsorption of glucose and increase the glucose excretion. Since the first SGLT-2 inhibitor, canagliflozin, approved by USA Food and Drug Administration in 2013, more than seven SGLT-2 inhibitors such as empagliflozin, ertugliflozin and dapagliflozin, etc. have been introduced into the clinic nowadays (68). However, there remains controversy about the effects of different SGLT-2 inhibitors on bone metabolism. Among them, canagliflozin is the most studied. In the Canagliflozin Cardiovascular Assessment Study (CANVAS) trial, an increased risk of fractures was observed in patients treated with canagliflozin, which triggered concerns about bone health (69). The exact mechanisms of canagliflozin increasing fracture risk are unclear, and existing evidence suggests that canagliflozin might have an impact on the homeostasis of calcium and phosphate, and the secretion of parathyroid hormone (PTH) (70). Despite all of this, multiple subsequent studies have found that canagliflozin was not associated with an increased risk of fractures (71, 72). Therefore, available evidence on SGLT-2 inhibitors is somehow conflicting and cannot fully support a direct responsibility for bone fractures. In addition, the effects of other kinds of SGLT-2 inhibitors on bone health need more investigations to confirm (73).



References With Citation Burst

Apart from cluster analysis, burst references are considered another important indicator to track and capture the research hotspots and emerging trends over time. Burst references refers to references heavily cited by other studies over a period of time, which implies that they have received particular attention at a certain time period (34). References with outbreak durations ≥5 years were shown in Figure 8. Top 50 references with the strongest citation bursts were listed. Among these references, the strongest burst starting from 2008 was from the paper published by Vestergaard P in 2007 (4), followed by Schwartz et al. (47), Janghorbani et al. (39). Additionally, references with citation bursts were first appeared in 2005 due to 5 literatures published in 2004 (74–78). Of these, a multiethnic study conducted by Strotmeyer et al. found that T2DM was associated with higher BMD in all race-gender elderly adults, and independent of central adiposity, increased obesity, or fasting insulin levels. Heap et al. (75) investigated whether blood glucose regulation and disease duration could influence the bone characteristics in adolescents with T1DM. Their findings suggest that altered BMD acquisition in these adolescents might limit the acquisition of peak bone mass and increase the risk of developing osteoporosis in later life. An elegant review by Carnevale et al. (76) summarized the evidence that confirmed the diabetic patients with higher fracture risk and the possible mechanisms. While Rzonca et al. (77), found that rosiglitazone therapy posed potential risks of adverse skeletal effects based on in vitro experiments. Regarding the fifth research, their study confirmed the positive association between BMD and T2DM, and partly mediated by adiposity (78). Of note, there are still two references published in 2015 with ongoing burst, which means they have received substantial attention recently (70, 79). Of them, one cross-sectional in vivo study has assessed the bone characteristics in adult T1DM patients with and without diabetic microvascular disease. Their findings suggested that the presence of diabetic microvascular disease was associated with the deficits in bone microarchitecture. Another study by Taylor et al. (70) explored the possible downstream mechanisms of SGLT2-inhibitors on bone. This finding illustrates again that SGLT2 is a hot topic in BMDM research.



Keywords Analysis and Related Genes

Author keywords are usually the most highly represented terms selected to explain the subject matter of research (34). In this study, we constructed the keyword co-occurrence network map with VOSviewer software. As several author keywords had various forms, but the same meaning. After manual merging the keywords with the same meaning, a total of 58 author keywords were extracted from the 2,525 publications, and an overlay visualization map was created in Figure 9A. Besides the keywords related to DM, osteoporosis and related fractures and osteoarthritis are the main bone metabolic diseases of greatest concern in this field. In the meantime, it can be seen that although patients with T1DM have a much higher risk of fracture compared to those with T1DM, researchers' concern about T2DM is relatively higher, which may have relevance to the higher incidence of T2DM. Moreover, Sankey diagram of authors' keywords was conducted to interpret the thematic change and evolution in the BMDM research field. Several popular research topics in a certain period may slow down with the appearance of other novel directions (80). The period of 22 years considered for our included publications was split into 3 periods: 2000–2007, 2008–2014, and 2015–2021. In the first period, thematic evolution was observed in 12 research areas: streptozotocin, bone density, type 1 diabetes mellitus, alveolar bone loss, osteoblast, collagen, bone histomorphometry, hyperglycemia, insulin, osteopontin, diabetes mellitus, epidemiology. As for the second period, seven new thematic domains including osteocalcin, osteoporosis, bone formation, bone quality, charcot foot, bone metabolism, and osteoprotegerin emerged. When it comes to the third period, the research topics were more centrally and diabetes mellitus and osteoporosis remain as the primary themes.

In the overlay visualization map of keyword co-occurrence analysis, different keywords were marked with various colors based on AAY. The blue color represents the keywords appeared relatively earlier, and the dark red color reflects the recent occurrence. Thus, these keywords with blue color such as “insulin,” “leptin,” “epidemiology,” and “streptozotocin” were the major topics during the early stage. And these keywords such as “diabetic osteoporosis,” “osteoarthritis,” “fracture risk,” “meta-analysis,” “osteogenic differentiation,” “bone regeneration,” “osteogenesis,” and “trabecular bone score” (81) were colored in red, which suggests that these research topics are attracting attention recently and may remain the research hotspots and frontiers in the near future. Take meta-analysis as an example, it is an important tool for evidence-based medicine. In previous studies, scholars have conducted extensive meta-analyses to assess the relationship between BMD/bone loss/fracture and DM/antidiabetic medication (4, 82, 83). Of these, the most well-known one was conducted by Vestergaard (4). However, due to the lack of large-sample randomized controlled studies in BMDM field, most of meta-analysis were based on retrospective studies. Further randomized controlled trials of high quality are warranted to be performed for update of the results of these meta-analyses.

Moreover, as osteoporosis and osteoarthritis are the most representative metabolic bone diseases associated with DM, we also summarized the most studied genes among them by online data analysis website. As shown in Figures 10C,D, INS, BGLAP, PTH, IGF1, and TNF were the top 5 most studied genes between osteoporosis and DM (84, 85). As for osteoarthritis and DM, the top 5 most related genes were INS, TNF, IL-6, CRP, and IL-1B (86–88). It can be seen that, unlike diabetic osteoporosis, multiple inflammatory factors are involved in the progress of diabetic osteoarthritis. Recently, increasing studies have uncovered that in diabetic patients with osteoarthritis, diabetic treatment such as DPP-4 could partially improve osteoarthritis symptoms by decreasing the production of inflammatory cytokines such as IL-6, IL-8, and TNF-α (86, 87). These results could serve as a reference for investigators in the field.





STRENGTHS AND LIMITATION

The present study has certain strong points in contrast to previous studies that adopted only meta-analysis or narrative reviews. Most importantly, it is the first bibliometric study to map and characterize the knowledge landscapes on BMDM from 2000 to 2021. Meanwhile, we used multiple types of bibliometric software and tools for analysis and visualization, which would add richness to the results. Another strength is checking the quality of literature included in the final analysis. However, there are also several additional limitations to our work. First of all, data on BMDM were primarily retrieved and collected from the WoSCC database, which would miss several related publications not included in these databases. However, it should be noted that the WoSCC is the most commonly used database for bibliometric analysis, and the data from WoSCC can represent the condition of most publications in a certain field to some extent. There have been few studies used more than two electronic databases in the previous studies owing to the limitation of file formats (22, 23, 36). Secondly, despite our manual screening and normalization procedures, selection bias may have still existed due to the merge of some keywords and continuous updates of the database. Nevertheless, we believe that our findings are still to be an effective representation of the global outputs of bone metabolism in diabetes mellitus. Finally, we only included literature published in English, meaning that some relevant publications may have been missed.



CONCLUSIONS

This study provides a missing analysis of global research progress on diabetes mellitus and bone metabolism. Analysis of all literature published in English showed an overall increasing trend. Major contributions were from North American, European, and Asian countries, institutions, and authors, led by the United States. The journals that published the most BMDM-related papers were Bone and Osteoporosis International. Osteoporosis and related fractures are the main bone metabolic diseases of greatest concern in this field. The main funding agencies and collaborations were also found to be from developed regions, showing that increased collaboration is needed to boost the development of BMDM research. Several research topics including high glucose environment, glycation end-product and sodium-glucose co-transporter have been recognized as the current research focus in this domain. The following research directions such as diabetic osteoporosis, osteoarthritis, fracture risk, meta-analysis, osteogenic differentiation, bone regeneration, osteogenesis, and trabecular bone score may remain the research hotspots and frontiers in the near future. All in all, we believe that this bibliometric study can help researchers explore potential cooperation opportunities, and also understand BMDM field's knowledge landscapes, evolution process, and research hotspots in this field. This study represents a call to researchers and clinicians that like other diabetic complications, diabetic osteopenia deserves more attention.
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Objective

In the last years, changes in dietary habits have contributed to the increasing prevalence of metabolic disorders, such as non-alcoholic fatty liver disease (NAFLD) and type 2 diabetes mellitus (T2DM). The differential burden of lipids and fructose on distinct organs needs to be unveiled. Herein, we hypothesized that high-fat and high-fructose diets differentially affect the metabolome of insulin-sensitive organs such as the liver, muscle, and different adipose tissue depots.



Methods

We have studied the impact of 12 weeks of a control (11.50% calories from fat, 26.93% from protein, and 61.57% from carbohydrates), high-fat/sucrose (HFat), or high-fructose (HFruct) feeding on C57Bl/6J male mice. Besides glucose homeostasis, we analyzed the hepatic levels of glucose and lipid-metabolism-related genes and the metabolome of the liver, the muscle, and white (WAT) and brown adipose tissue (BAT) depots.



Results

HFat diet led to a more profound impact on hepatic glucose and lipid metabolism than HFruct, with mice presenting glucose intolerance, increased saturated fatty acids, and no glycogen pool, yet both HFat and HFruct presented hepatic insulin resistance. HFat diet promoted a decrease in glucose and lactate pools in the muscle and an increase in glutamate levels. While HFat had alterations in BAT metabolites that indicate increased thermogenesis, HFruct led to an increase in betaine, a protective metabolite against fructose-induced inflammation.



Conclusions

Our data illustrate that HFat and HFruct have a negative but distinct impact on the metabolome of the liver, muscle, WAT, and BAT.





Keywords: prediabetes, non-alcoholic fatty liver disease, diet, metabolomics, muscle, adipose tissue



Introduction

Dysmetabolism drives obesity and/or diabetes as a result of excessive and abnormal accumulation of body fat impinging on several adverse health effects (1). Although awareness for these health and social problems has increased over the years, its prevalence continues to increase dramatically (2). Genetic background influences dysmetabolism development (3), yet the vast majority of the cases are due to factors that arose in industrialized countries, namely, excessive consumption of highly processed and energy-dense foods, frequently combined with a sedentary lifestyle. Indeed, these diets are usually rich in fructose and fat. While fructose is known to promote hepatic de novo lipogenesis, lipid accumulation, and insulin resistance (4), high-fat diets lead not only to hepatic lipid accumulation but also to higher adipose tissue lipolysis (5). However, fats and specifically triglycerides are differently metabolized depending on the fatty acid chain length. While medium-chain triglycerides are absorbed into the portal circulation and transported to the liver, long-chain fatty acids are transported through the lymphatic system via chylomicrons (6).

The metabolic and homeostatic dysfunctions (7) caused by the poor lifestyle habits may end up in the onset of hypertension, type 2 diabetes mellitus (T2DM) (8), cardiovascular disease, dyslipidemia (9), and non-alcoholic fatty liver disease (NAFLD) (10). The latter is characterized by the presence of macrovesicular steatosis in ≥5% of hepatocytes, in individuals with no causes for secondary hepatic accumulation, as is the case of abusive alcohol consumption and hereditary disorders (11). NAFLD is the most common cause of chronic liver disease in Western countries, having a reported prevalence of 6%–35% worldwide (12). Although the molecular mechanisms leading to NAFLD are still under discussion, it is known that it is a consequence of several factors, namely, (i) an increased incursion of free fatty acids from insulin-resistant adipose tissue, (ii) impaired metabolism of dietary lipids in the liver or impaired lipid export from the hepatocytes, and (iii) increased de novo lipogenesis in the liver (13). The overload of lipids affects not only the liver but also other metabolic organs such as the muscle or adipose tissue (both white and brown). Considering organ crosstalk, dysfunctions in one of these organs will have an impact on others, namely, in cases of insulin resistance and inflammation, and dysmetabolism overall (14, 15).

We hypothesized that dietary content in lipids or fructose differentially affect the metabolome of insulin-sensitive organs. Our aim was to evaluate the metabolome of insulin-sensitive organs, as is the case of the liver, muscle, and white and brown adipose tissue in animals fed with high-fat or high-fructose diet.



Materials and methods


Chemicals

Bicinchoninic acid (BCA) Protein Assay Kit was purchased from Thermo Scientific (Waltham, MA, USA). Dried milk was purchased from Nestlé (Vevey, Switzerland). Amersham ECL was purchased from GE Healthcare (Weßling, Germany). NZYColour Protein Marker II, agarose, NZYDNA Ladder V, and Supreme NZYTaq II 2x Green Master Mix were purchased from NZYTech (Lisbon, Portugal). Fructose was purchased from Enzymatic (Loures, Portugal). Immobilon-P polyvinylidene difluoride (PVDF) membrane was purchased from Merck Millipore (MA, USA). Kits for triglycerides and cholesterol determination were purchased from Spinreact (Girona, Spain). Quantification of free fatty acids was done using a kit from Wako Diagnostics (CA, USA). All other chemicals were purchased from Sigma-Aldrich (St. Louis, MO, USA), unless stated otherwise.



Animals

Experiments were performed using male C57Bl6/J mice kept on a 12-h light/dark cycle with ad libitum access to food and water. Animals were randomly divided in three groups (n=7/group) and fed different diets from 6 to 18 weeks of age: normal chow diet with 11.50% calories from fat, 26.93% from protein, and 61.57% from carbohydrates [Chow group; RM3A(P), Special Diets Services, Witham, Essex, UK]; high-fat diet with 58% of calories from fat, 16.4% from protein, and 25.5% from carbohydrates (HFat; D12331, Research Diets, New Brunswick, NJ) or high fructose diet [HFruct; FRUC-00T-500, Enzymatic, PT; 35% w/v in drinking water and fed with RM3A(P) diet]. Mice were monitored weekly for body weight, blood glucose levels, and for distress signals. The experimental procedures were approved by the Ethics Committee of the NOVA Medical School and by the Directorate-General for Food and Veterinary that regulates the animal care and use in research (registration number 82/2019/CEFCM and 0421/000/000/2016, respectively). All procedures followed Animal Research: Reporting of In Vivo Experiments (ARRIVE) guidelines and the European laws (Directive 2010/63/EU) that rule the use of animals in research.



Metabolic measurements

Mice were weighed at 6 weeks and weekly thereafter. Blood glucose levels were measured using a Contour Next glucose meter (Bayer, Leverkusen, Germany). Food and caloric intake were also assessed. For glucose tolerance tests, mice were fasted overnight at 17 weeks of age, and blood glucose levels were measured before and 15, 30, 60, 90, and 120 min after intraperitoneal injection of glucose (2.0 g/kg). The area under the curve (AUC) was calculated using the trapezoidal rule for glucose data (16). For insulin tolerance tests, at 17 weeks of age, mice were fasted for 5 h, and blood glucose levels were measured before and 15, 30, 60, 90, and 120 min after intraperitoneal injection of human insulin (0.75 UI/Kg; Actrapid, Novo Nordisk).



Insulin signaling studies

Mice were fasted overnight and intraperitoneally injected with human insulin (10 UI/kg of body weight; Actrapid, Novo Nordisk) or saline and sacrificed 10 min later. Organs [liver, epididymal white adipose tissue (WAT), interscapular brown adipose tissue (BAT), and gastrocnemius muscle] were harvested, snap frozen, and stored at −80°C until analysis. The liver was homogenized in lysis buffer (in mM: 20 Tris pH 7.5, 5 EDTA, 10 Na4P2O7, 100 NaF, 2 Na3VO4) with 1% NP-40 and protease inhibitors (Roche, Switzerland). Tissue lysates (20 µg protein) were mixed with Laemmli sample buffer (in %: 1.5 Tris, 20 glycerol, 4.1 SDS, 2 β-mercaptoethanol, 0.02 bromophenol blue, pH 6.8) and denatured for 10 min at 95°C. Proteins were fractionated in 10% polyacrylamide gels. The proteins were transferred from gels to previously activated PVDF membranes in TransBlot Turbo (Bio-Rad Laboratories, Hemel Hempstead, UK) and then blocked for 1 h in a 5% non-fat milk solution at room temperature. The membranes were incubated overnight at 4°C with the primary antibodies listed in Supplementary Table S1 and incubated with secondary antibodies for 1 h. Either glyceraldehyde 3-phosphate dehydrogenase (GAPDH) or β-actin were used as loading controls. Membranes were reacted with Amersham ECL Prime Western Blotting Detection Reagent (GE Healthcare), read in Chemidoc, and quantified using ImageLab (Bio-Rad Laboratories).



Liver histology and lipid assay

Liver was fixed with 10% formalin solution, embedded in paraffin, and cut in 4-μm sections. These sections were then stained with hematoxylin and eosin for the characterization of liver morphology and lipid content. Hepatic lipids were extracted as previously described (17). Briefly, approximately 250 mg of frozen tissue was rapidly mixed with high-performance liquid chromatography (HPLC)-grade methanol (4.6 ml/g) followed by methyl-tert-butyl ether (MTBE) (15.4 ml/g). The mixture was placed in a shaker for 4 h and then centrifuged at 13,000g for 10 min. The liquid fraction was collected, and phase separation was induced by adding 1 ml of distilled water and letting it rest at room temperature for 10 min. The liquid was then centrifuged for 10 min at 1,000g. The organic phase, containing the lipids, was separated and dried under nitrogen gas in a glass vial protected from light. It was then dissolved in butanol:(Triton X-100:methanol). Hepatic total cholesterol and triglyceride contents were determined by enzymatic method (SpinReact).



Quantitative real-time polymerase chain reaction

The extraction of liver total ribonucleic acid (RNA) was performed using TRIzol (Invitrogen), and the concentrations were determined by a Nanodrop 2000 spectrophotometer (Thermo Fisher Scientific). Total RNA was reverse transcribed to complementary DNA (cDNA) using high-capacity cDNA reverse transcription kit (Applied Biosystems, CA, USA). Quantitative real-time polymerase chain reaction (qPCR) was performed to evaluate the abundance of messenger RNA (mRNA) coding for GK, G6Pase, PEPCK, ChREBP, SREBP2, ELOVL2, CD36, SCD1, β-actin, and β-2-microglobulin using SYBR™ Green PCR Master Mix (Applied Biosystems) in an ABI 7500 (Applied Biosystems). Specific exon–exon spanning primers were designed for the amplification of the target and housekeeping transcripts (Supplementary Table S2). β-Actin and β-2-microglobulin transcript levels were used to normalize gene expression levels. Fold variation in gene expression levels was calculated with the 2−ΔΔCt method (18).



Metabolite extraction

To extract the liver, gastrocnemius muscle, epididymal WAT, and interscapular BAT metabolites, the different tissues were homogenized in glass vials using a mixture of methanol and chloroform (2:1). After sonication on ice for 15 min, chloroform and water (1:1) were added, and samples were centrifuged at 10,000g for 15 min at 4°C. Polar and apolar fractions were isolated and evaporated using a flow of nitrogen. The polar fraction was dissolved in D2O phosphate buffer (0.2 M, pH 7) for proton nuclear magnetic resonance (1H-NMR) analysis.



Proton nuclear magnetic resonance spectroscopy

Proton nuclear magnetic resonance (1H-NMR) spectra of the polar extracts were acquired using a Varian Inova 600 MHz (14.1 T) spectrometer equipped with a 3-mm QXI probe with a z-gradient. 1H-1D NOESY experiments with water presaturation were acquired at 298 K (7.2 kHz spectral width, 0.1 s mixing time, four dummy scans, 4 s relaxation delay with 3 s of water presaturation, 90°C pulse angle, 3 s acquisition time, and a minimum of 128 scans). For further spectral assignment, two-dimensional spectra (TOCSY) were acquired using sweep width of 5.4 kHz in both dimensions, 48 transients, and 400 and 1,024 points in t1 and t2 dimensions, respectively. Spectra were treated by multiplying FIDs with exponential window function (line broadening of 0.3 Hz) and were zero filled to 64 k points prior to Fourier transformation using TopSpin (Bruker Biospin, Karlsruhe, Germany). 2D spectra were processed by applying qsine window function and zero filled to 2,048 points in both dimensions. The comparison of 1D and 2D spectra with reference spectra and public databases such as HMDB allowed for peak assignment and metabolite identification (19). Metabolites were identified according to metabolomics standards initiative guidelines for metabolite identification (20).



Multivariate analysis of NMR data

Processed 1D NOESY spectra were bucketed using one-point bucket (0.6–9.0 ppm, with signal-free, water, and fumarate regions excluded). Data matrix was built in Amix Viewer (BrukerBiospin, Rheinstetten). Icoshift algorithm (21) was used to align bucketed spectra, and total area integral normalization was applied to account for the variations in the overall sample concentrations. Multivariate statistical analysis was applied on unit variance scaled matrix (SIMCA 14, Umetrics, Sweden). Principal component analysis (PCA) was used to provide information on global data structure, and partial least squares discriminant analysis (PLS-DA) was used to assess group separation and to identify the main metabolites that contribute to the group discrimination. PLS-DA models were validated by sevenfold cross-validation and permutation test (n=100) to provide the qualitative measure of predictive power (Q2) and to assess the degree of fit to the data (R2). The corresponding PLS-DA loadings were obtained by multiplying the loading weight factors (w) by the standard deviation of the respective variable and were color-coded according to variable importance in the projection (VIP). All differentially expressed metabolites for each of the diets in each tissue were used to identify the most relevant metabolic pathways affected by diet using MetaboAnalyst (22).



GC-MS analysis

Fatty acid methyl esters were obtained by base-catalyzed transmethylation (2 M KOH in methanol). The resultant fatty acid methyl ester solution was analyzed by gas chromatography using a Shimadzu GC-MS QP2010 UltraGas Chromatograph Mass Spectrometer (Shimadzu, Kyoto, Japan), with a capillary column BPX70 (0.25 mm internal diameter, 0.25 µm film thickness, 30 m long, SGE, Austin, TX, USA). Nonadecanoic fatty acid (C19:0) was used as the internal standard. The injector temperature was set at 250°CC, and 1 µl of each sample was injected with a split ratio of 1:80. Helium was used as the carrier gas. The initial column temperature was 155°CC, followed by a heating rate of 1°CC/min up to 170°CC, 4°CC/min up to 220°CC and 40°CC/min until reaching 250°CC, which was kept for 5 min. The linear velocity was 35 cm/s, with interface temperature of 250°CC, ion source temperature of 225°CC, mass range of 45–500, and event time of 0.3 s. All the measurements were repeated three times, and the average values were reported. Fatty acids were identified by retention time and fragmentation profile and quantified by the internal standard procedure. Results are expressed as a percentage of total fatty acids.



Statistical analysis

Experimental data are shown as mean ± standard error of mean (SEM). Unless stated otherwise, statistical analysis was performed using one-way ANOVA in GraphPad Prism 8 (GraphPad Software, San Diego, CA, USA). p<0.05 was considered significant.




Results


HFat diet-fed mice develop glucose intolerance, insulin resistance, and non-alcoholic fatty liver disease

Mice were subjected to a Chow, HFat, or HFruct diet. After a 12-week period of diet intervention, mice subjected to an HFat diet had increased body weight gain (37.90 ± 1.06 g) compared to Chow-diet-fed mice (28.14 ± 0.57 g; Figure 1A). Conversely, HFruct-diet-fed mice had decreased body weight (24.86 ± 0.76 g). In fact, after 12 weeks of diet, HFat-diet-fed mice had marked hyperglycemia (136 ± 12 mg/dl), compared to Chow-diet-fed mice (98 ± 8 mg/dl, Figure 1B), while HFruct-diet-fed mice were normoglycemic (102 ± 10 mg/dl). HFruct-diet-fed mice had decreased water intake, concomitant with decreased food intake, compared to Chow-diet-fed mice. However, this was not reflected in a decrease in caloric intake (Figures 1C–E). Caloric intake was increased by 25% in HFat-diet-fed mice, compared to Chow-diet-fed mice (Figure 1D). HFat-diet-fed mice were glucose intolerant, as observed by failure to decrease blood glucose levels after administration of a glucose bolus (Figure 1F). HFruct-diet-fed mice displayed normal glucose tolerance, but the ITT curve was flatter than Chow, revealing insulin resistance, as the capacity to decrease blood glucose levels after an insulin bolus is compromised (Figures 1F, G).




Figure 1 | Effects of HFat and HFruct diets on metabolic parameters, glucose homeostasis, hepatic lipid deposition, and insulin signaling pathway in C57Bl/6J male mice. (A) Body weight, (B) intraperitoneal glucose tolerance test (ipGTT) and the respective area under the curve (AUC), (C) insulin tolerance test (ITT); (D) fasting blood glucose; (E) food intake; (F) water intake; (G) caloric intake; (H) hepatic triglycerides; (I) hepatic cholesterol levels; (J) representative images of hematoxylin and eosin-stained liver sections; (K) Chow, high-fat (HFat) and high-fructose (HFruct) hepatic protein levels of insulin receptor α (InsR), phosphorylated-insulin receptor (pInsR; normalized to InsR levels); protein kinase B (PKB/Akt) and its phosphorylation sites (pAktT308 and pAktS473; normalized to Akt levels) normalized to GAPDH levels and represented as fold variation to Chow group; (L) representative images of Western blot for the described antibodies. Data are presented as mean ± SEM for three to seven mice. *p<0.05, **p<0.01, ***p<0.001; (F) ##p<0.01 vs. HFruct, ###p<0.001 vs. HFruct.



Dysmetabolism is associated with ectopic fat deposition in parenchymatous organs such as the liver. To evaluate this, hepatic triglycerides and cholesterol were measured. Liver content in both triglycerides and cholesterol was increased in HFat-diet-fed mice (35.1 ± 2.3 mg/g and 3.5 ± 0.2 mg/g, respectively) but unchanged in HFruct-diet-fed mice (26.5 ± 0.9 mg/g and 2.7 ± 0.03 mg/g, respectively; Figures 1H, I) when compared with Chow-diet-fed mice (25.4 ± 1.6 mg/g and 2.9 ± 0.1 mg/g, respectively). The analysis of histological sections demonstrated that HFat-diet-fed mice developed NAFL, i.e., presented lipid droplets in >5% of the sections, whereas HFruct-diet-fed mice had mild hepatic degeneration (Figure 1J). Insulin-stimulated glucose utilization relies on an effective insulin signaling and is known to impact the transcription of several lipid and carbohydrate metabolism-related genes (23). Therefore, the protein levels of the insulin pathway-related components, insulin receptor (InsR) and Akt, in the liver of the mice were determined. After 12 weeks of diet exposure, HFruct-diet-fed mice presented a decrease in InsRα levels. However, the activation of the pathway, observed by the ratio between phosphorylated-insulin receptor (pInsR) and InsR, did not present any differences between the groups, suggesting that InsR are functional (Figures 1K, L). When analyzing Akt phosphorylation levels, there was a marked reduction in both T308 and S473 in both HFat- and HFruct-diet-fed groups, revealing that both diets negatively impact on the activation of the insulin signaling pathway (Figures 1K, L).



Hepatic carbohydrate and lipid and amino acid metabolisms are impaired by HFat and HFruct diets

The liver is a key organ for the maintenance of normal glucose homeostasis. However, this homeostasis is impaired in insulin-resistant states; thus, we evaluated the intracellular levels of key metabolites in the fasting state, and the mRNA expression of some glucose metabolism-related genes. Intra-hepatic glucose levels were decreased in HFat-diet-fed mice compared to Chow-diet-fed mice (Figure 2A). The mRNA levels of glucokinase, the enzyme responsible for the conversion of glucose into glucose-6-phosphate, thus enabling the trapping of glucose inside the cells, are increased in HFat-diet-fed mice (4.32 ± 1.02-fold variation to Chow), when compared to both Chow- and HFruct-diet-fed mice (1.00 ± 0.24- and 1.68 ± 0.45-fold variation to Chow, respectively; Figure 2B). The mRNA expression of glucose-6-phosphatase, the enzyme that converts glucose-6-phosphate to glucose, does not present any significant difference between the groups, although there is a decrease in the HFat group, when compared to Chow (0.45 ± 0.09- and 1.00 ± 0.26-fold variation to Chow, respectively; p=0.06; Figure 2B). The expression of Pepck, responsible for glucose production from pyruvate, was also analyzed, although no statistical differences were found. In the fasting state, the liver produces glucose from several substrates, namely, glycogen. However, we observed that both HFat- and HFruct-diet-fed mice present lower levels of glycogen in the liver when compared to Chow-diet-fed mice. Glucose may also enter glycolysis to yield pyruvate; the latter has three major outcomes, namely, acetyl-CoA, acetate, or lactate. However, we observed that hepatic lactate and acetate levels do not vary significantly with the diet (data not shown).




Figure 2 | Effects of the HFat and HFruct diets on the hepatic metabolism of C57Bl/6J male mice. Chow, high-fat (HFat), and high-fructose (HFruct) hepatic levels of metabolites involved in glycolysis/gluconeogenesis, amino acid metabolism, ketogenesis, bile acid synthesis, and methionine cycle (A), mRNA levels of glucose (B), and lipid-related metabolism genes (C), and heat map of hepatic polar metabolites in comparison to Chow metabolites, which are represented by 1/white (D). α-KG, α-ketoglutarate; AQP9, aquaporin 9; CD36, cluster of differentiation 36; G6Pase, glucose-6-phosphatase; GK, glucokinase; GSH, glutathione; TCA, tricarboxylic acid; UDPG, uridine diphosphate glucose. Data are presented as mean ± SEM for five to seven mice. *p<0.05, **p<0.01; ***p<0.001.



Like for carbohydrates, the liver is essential for fatty acid metabolism. Dysregulations in cholesterol biosynthesis or de novo lipogenesis, in a key lipogenic tissue as the liver, may disrupt the overall lipid homeostasis. Thus, we evaluated intracellular levels of key metabolites for lipid metabolism and the mRNA expression of some lipid-metabolism-related genes. No statistical differences were found regarding CD36 mRNA levels nor Elovl2, responsible for the elongation. However, Srebp2 and Scd1 mRNA levels were increased in HFat-diet-fed mice (3.06 ± 0.51- and 2.59 ± 0.74-fold variation to Chow; Figure 2C), when compared to both Chow (1.00 ± 0.29- and 1.00 ± 0.19-fold variation to Chow) and HFruct groups (1.23 ± 0.26- and 0.76 ± 0.14-fold variation to Chow; Figure 2C). Glycerol, a product of adipose tissue lipolysis, is an important substrate for both gluconeogenesis and lipogenesis (24). Glycerol levels were increased in the liver of HFat-diet-fed mice, when compared to Chow-diet-fed mice. Choline, which is the precursor for the essential component of the very low density lipoprotein (VLDL) phosphatidylcholine, was increased in HFat-diet-fed mice, compared to Chow-diet-fed mice (Figure 2A). Choline is oxidized to betaine, an osmoregulator and a methyl-group donor (25). Betaine was increased in HFruct-fed-mice compared to both Chow- and HFat-fed mice (Figure 2A). When glycogen is not available to produce glucose as energy substrate, ketogenesis takes place. One of the metabolites produced during this process is 3-hydroxybutyrate, which was increased in HFat-diet-fed mice, when compared to Chow- and HFruct-diet-fed animals (Figure 2A).

Besides being the basic units for protein synthesis, amino acids serve as intermediate metabolites for TCA cycle and lipid and nucleotide biosynthesis and sustain cell proliferation. Amino acid levels were significantly altered in the liver tissue by both high-fat and high-fructose diets. Serine, besides being a precursor of proteins and lipids, is involved in glycogen storage in the liver (26). Its levels were decreased in HFat-diet-fed mice, when compared to both Chow- and HFruct-diet-fed animals (Figure 2A). Serine is inter-convertible with glycine (27). The levels of this amino acid were increased in ~50% in the HFat group, when compared with both Chow- and HFruct-diet-fed mice (Figure 2A). During fasting, alanine participates in gluconeogenesis. Alanine levels were increased in almost 40% in HFruct mice when compared to Chow-diet-fed mice (Figure 2A). α-Ketoglutarate (α-KG), one of the metabolites of the Krebs cycle, may be interconverted into glutamate, which may be, in turn, interconverted in glutamine, an important amino acid and a precursor for gluconeogenesis and glutathione synthesis (28). Both glutamate and glutamine were increased in HFat-diet-fed mice when compared to Chow-diet-fed animals (Figure 2A). A graphical diagram with the most affected metabolites is depicted in Figure 2A, along with the graphs for each metabolite and a heat map (Figure 2D); the most affected pathways in the liver by HFat or HFruct feeding is are shown in Supplementary Figures 1A, B, respectively.



HFat and HFruct diets increase hepatic monounsaturated fatty acids and decrease n-6 polyunsaturated fatty acids

As previously mentioned, the liver is a key lipogenic tissue; thus, fatty acid methyl esters levels were analyzed upon HFat and HFruct feeding for 12 weeks. After grouping fatty acids by saturation degrees, we observed that HFat diet leads to an increase in relative abundance of monounsaturated fatty acids (MUFA; 45.60 ± 1.61) when compared to Chow-fed mice (27.91 ± 1.13; Table 1). Moreover, HFat-fed mice present decreased relative abundance of n-3 and n-6 polyunsaturated fatty acids (PUFAs), when compared to Chow-fed mice and HFruct-fed mice (Table 1). The decrease in n-3 PUFA is mainly attributed to a decrease in docosahexaenoic acid (DHA; C22:6 n3) and α-linolenic acid (C18:3n3), while the decrease in n-6 PUFA is mainly due to a decrease in linoleic acid (C18:2n6).


Table 1 | Fatty acid composition of liver tissue obtained from normal chow diet (Chow), high-fat diet (HFat), and high-fructose (HFruct)-fed male C57Bl6/J mice after 12 weeks of diet.





High-fat and high-fructose diets differentially affect muscle metabolome

Skeletal muscle is a major organ of glucose uptake, storage, and usage. The muscle can store glucose in the form of glycogen, which is crucial for the rapid initiation of energy production even when glucose is not readily available (29). Therefore, we evaluated the muscle intracellular polar metabolites after 12 weeks of HFat or HFruct feeding. Muscular glucose levels were decreased in HFat-diet fed mice, compared with both Chow and HFruct-diet-fed mice (Figure 2A). Lactate, which may be converted into pyruvate, was also decreased in HFat-diet-fed mice compared with both Chow- and HFruct-diet-fed mice. In the need of substrate, fatty acids stored as triglycerides or amino acids may be metabolized (30). In fact, dietary changes had the major impact in amino acids levels. Glycine and glutamine were increased in HFat-diet-fed mice compared to the other diets, which may promote and contribute for protein synthesis (31). Both dietary interventions caused a decrease in valine, whose metabolism produces ammonia by-products that may participate in the conversion of glutamate to glutamine (32), but only HFruct led to decreased levels of glutamate, when compared to Chow-diet-fed mice. A graphical diagram with the most affected metabolites is depicted in Figure 3, along with the graphs for each metabolite, and a heat map is depicted in Supplementary Figure 2A, and the most affected pathways in the muscle by HFat (Supplementary Figure 2B) or HFruct feeding (Supplementary Figure 2C).




Figure 3 | Effects of the HFat and HFruct diets on the muscle metabolism of C57Bl/6J male mice. Chow, high-fat (HFat), and high-fructose (HFruct) muscle levels of metabolites involved in glycolysis/gluconeogenesis and amino acid metabolism. α-KG, α-ketoglutarate; G6Pase, glucose-6-phosphatase; GK, glucokinase; GLUT, glucose transporter; IMP, inosine monophosphate; TCA, tricarboxylic acid. Data are presented as mean ± SEM for five to seven mice. *p<0.05, **p<0.01; ***p<0.001.





Epidydimal white adipose tissue metabolome is less affected by high-fat and high-fructose feeding than the liver and muscle

As a source of energy substrates, WAT responds to variations in the body’s nutritional status and energy demand (33). Herein, we observed that HFat feeding for 12 weeks led to increased acetate levels (Figure 4E), which might indicate suppressed lipolysis (34), and decreased glycerophosphocholine (Figure 4B) when compared to Chow. Moreover, HFat-fed mice presented decreased creatine, a metabolite known for stimulating energy expenditure (35) (Figure 4D), and increased taurine (Figure 4A), when compared to HFruct-fed mice, all pointing towards an obesogenic mechanism (36). On the other hand, HFruct animals had decreased succinate, when compared to Chow-fed mice (Figure 4C). No significant differences were observed in formate levels (Figure 4F). A heat map with analyzed metabolites is depicted in Supplementary Figure 3A and the most affected pathways in WAT by HFat (Supplementary Figure 3B).




Figure 4 | Effects of the HFat and HFruct diets on the epididymal white adipose tissue (WAT) metabolism of C57Bl/6J male mice. (A) Taurine; (B) glycerophosphocholine; (C) succinate; (D) creatine; (E) acetate; (F) formate relative areas in WAT after 12 weeks of normal chow (Chow), high-fat (HFat), or high-fructose (HFruct) feeding. Data are presented as mean ± SEM for four to seven mice. *p<0.05, **p<0.01.





Brown adipose tissue metabolome is modulated by high-fat or high-fructose feeding

Although it has been disregarded for years, studies about the presence of BAT in adults and the discovery of its crosstalk with important metabolic organs, namely, the muscle, has brought BAT to the spotlight (37). The BAT metabolome was assessed, and the graphical diagram in Figure 5 discloses the most affected metabolites, along with the graphs for each metabolite, and a heat map is depicted in Supplementary Figure 4A and the most affected pathways in BAT by HFat (Supplementary Figure 4B) or HFruct feeding (Supplementary Figure 4C). HFruct led to an increase in betaine, taurine, glutamine, and leucine. In contrast, the same diet led to a decrease in 3-hydroxybutyrate when compared to Chow-diet-fed mice (Figure 5). On the other hand, HFat diet led to a decrease in glutathione (GSH), which was already reported to be inversely correlated with the activation of thermogenesis, the hallmark function of BAT (38). Moreover, HFat feeding resulted in decreased levels of glycerol, when compared to Chow-diet-fed mice. On the other hand, HFat caused an increase in glutamine and acetate compared with Chow diet, and the latter was already associated with upregulation of mitochondrial biogenesis, contributing to increased thermogenesis (39).




Figure 5 | Effects of the HFat and HFruct diets on the brown adipose tissue (BAT) metabolism of C57Bl/6J male mice. Chow, high-fat (HFat), and high-fructose (HFruct) BAT levels of metabolites involved in glycolysis/gluconeogenesis, amino acid metabolism, and methionine cycle. α-KG, α-ketoglutarate; AQP7, aquaporin 7; CD36, cluster of differentiation 36; G6Pase, glucose-6-phosphatase; GK, glucokinase; GLUT, glucose transporter; GSH, glutathione; IMP, inosine monophosphate; TCA, tricarboxylic acid. Data are presented as mean ± SEM for five to seven mice. *p<0.05, **p<0.01; ***p<0.001.





HFat decreases n-6 PUFA while HFruct diets increase MUFA in brown adipose tissue

BAT fatty acid methyl esters levels were measured upon HFat and HFruct feeding for 12 weeks. We observed that HFat diet leads to an increase in relative abundance of saturated fatty acids (SFAs; 44.27 ± 0.45) when compared to Chow-fed mice and HFruct-fed mice (25.58 ± 0.75 and 23.62 ± 0.96, respectively; Table 2). On the contrary, n-6 PUFA were decreased in HFat (7.95 ± 0.13) fed mice, when compared to both Chow- (24.65 ± 1.72) and HFruct (19.63 ± 0.42)-fed mice, mainly due to a decrease in linoleic acid (C18:2n6). MUFA were increased in HFruct-fed mice (56.10 ± 0.82) in comparison with both Chow- (48.82 ± 1.11) and HFat (47.45 ± 0.48)-fed mice, reflecting an increase in elaidic acid (C18:1n9).


Table 2 | Fatty acid composition of brown adipose tissue (BAT) obtained from normal chow diet (Chow), high-fat diet (HFat), and high-fructose (HFruct)-fed male C57Bl6/J mice after 12 weeks of diet.






Discussion

The sedentary lifestyle and poor nutritional habits have led to an increase in the prevalence of metabolic disorders, such as obesity, T2DM and NAFLD. Importantly, the increased consumption of ultra-processed food resulted in increased intake of simple carbohydrates and saturated fat (40). Although it is already known that the enrichment in lipids and in carbohydrates, particularly fructose, has different pathophysiological effects, the consequence of these specific components of the diet on the metabolome of important metabolic organs such as the liver, muscle, and adipose tissue depots remains to be fully understood.

HFat diet, alone or combined with sucrose as is the case of the present study (D12331, ResearchDiets), is known to lead to obesity and insulin resistance in mice, originating a similar metabolic imbalance to what is observed in humans (41–43). On the other hand, fructose alone does not cause a significant increase in body weight (44). This effect is also seen in humans, and, in comparison with glucose, fructose has less effects on body weight gain (45), despite fructose deleterious effects in inflammatory processes (46).

The current study confirmed that, at 18 weeks of age and after 12 weeks of feeding, HFat-diet-fed mice had higher caloric intake, body weight, and hyperglycemia than Chow-diet-fed mice. Moreover, HFat-diet-fed mice were glucose intolerant and insulin resistant. Conversely, HFruct-diet-fed mice presented lower body weight gain than the Chow group and normal glucose tolerance. Although these animals had a decreased food intake, compared to the Chow group, the caloric intake was similar. Both food, water, and caloric intake results are supported by previous studies, although with a slightly different percentage of fructose (44, 47).

Nutritional imbalances promoting ectopic lipid accumulation are particularly striking in the liver (48, 49). Our results are in line with what is already described in the literature (50, 51). Indeed, HFat mice developed NAFL, with increased triglycerides and cholesterol. HFruct-diet-fed mice developed mild hepatic degeneration mainly in periportal areas. This impact of an HFruct diet on liver histology may be due to the activation of a lipogenic pathway and the absence of a regulatory mechanism of fructose metabolism, contrarily to what happens with glucose (52, 53). Consequently, fructolysis will continue to occur, even when glycolysis is inhibited due to positive cellular energy balance. In fact, this effect was already been observed in studies with as low as 10% of fructose in drinking water (50). A proper glucose usage depends on a functional insulin signaling pathway. Indeed, hepatic insulin signaling was severely affected by both diets. A profound decrease in Akt phosphorylation at both phosphorylation sites was found, demonstrating that these animals are insulin resistant due to an impairment of the insulin signaling pathway, upstream of Akt, but downstream of the InsR (54). These results are supported by previous studies where insulin signaling is severely affected by fructose intake, namely, through a decrease in Akt phosphorylation (53, 55).

The liver is the most important metabolic organ, regulating carbohydrate, lipid, and protein metabolism (56). While in the fed state, liver takes up glucose that is either stored as glycogen or converted into fatty acids; in the fasted state, liver produces and releases glucose through glycogenolysis and gluconeogenesis (56). Subsequently, substrates as glucose and triglycerides go into the bloodstream and are metabolized by peripheral organs. Adipose tissue, in turn, releases non-esterified fatty acids and glycerol. Together with alanine and lactate, which are released by the muscle, these metabolites are used as precursors for gluconeogenesis. Hepatic glycogen levels were decreased in HFat-diet-fed mice. Interestingly, glucokinase expression levels were increased in the liver, while G6Pase levels were unchanged. These results point towards a metabolic dysregulation; as in the fasted state, it is expected that glucokinase transcription decreases in favor of G6Pase expression. In addition, glycerate-3-phosphate produced during glycolysis can be converted to serine, which is interconvertible with glycine. While serine was decreased in the liver of HFat-diet-fed mice, glycine was increased. In fact, decreased hepatic levels of serine, due to a downregulation of phosphoglycerate dehydrogenase, contribute to the development of fatty liver disease (57). One of the pathological features of fatty liver disease is hepatocyte swelling, which was observed in our study in HFat-diet-fed mice. Indeed, glutamine, a potent osmoregulator that contributes to cell swelling (28), was increased in HFat-diet-fed mice compared to Chow-fed mice. Moreover, glutamine, is known for promoting stimulation of canalicular bile salt excretion (58). On the other hand, glycine is involved in the enterohepatic cycle of bile acids, key players in lipid absorption and regulation of cholesterol homeostasis (27), which were also increased in the HFat group. Aside from glycine, taurine, which is also conjugated with cholesterol for the synthesis of bile acids, was increased in the liver of HFat-diet-fed mice. All these results point towards an increased production of bile acids. In fact, bile acids are crucial for an effective digestion of lipids (59). As these amino acids and cholesterol were increased only in HFat-diet-fed mice, it suggests a possible response to the increased lipid intake. Consistently, we also observe an increase in hepatic Srebp2 and Scd1 expression, suggesting that the lipogenic pathway may be active as a response to increased levels of hepatic fatty acid levels. Moreover, glycerol was increased in the liver of HFat-diet-fed mice, pointing towards an increase in adipose tissue lipolysis, which goes in line with previous studies in adipocytes (60). Additionally, dietary composition had repercussions on hepatic lipid composition, and we observed an increase in hepatic SFA in HFat-fed mice compared to Chow. SFAs are potent lipotoxic species and induce apoptosis and proinflammatory pathways through several mechanisms (61). Although this increase was not so prominent, there was also a decrease in PUFA, known to play a protective role against cell injury by clearing fat from hepatocytes and improving liver histology and lipid profile in patients with NASH (62). Altogether, this imbalance in the lipid species might contribute to NAFL development in the HFat group. On the other hand, the HFruct group also presents a decrease in hepatic glycogen levels, without changes in the expression of any of the analyzed glucose- and lipid-metabolism-related genes. However, there was an increase in MUFA and a decrease in n-6 PUFA in comparison with Chow. In fact, there have been contradictory results in the literature regarding MUFA levels and Scd1 mRNA expression (63); however, the animals were fed with 60% (w/v) fructose for a longer period than in the present study, which indicates that the effects of fructose on the activation of lipogenic pathways are time and dose dependent. Interestingly, we found an increase in alanine levels, in concurrence with the data obtained in a recent study with HFruct-fed rats (64). This increase in alanine levels may be a consequence of an increase in the release of alanine from the muscle that is then delivered to the liver through Cahill cycle or to its conversion from pyruvate in the liver.

The skeletal muscle is a major site for glucose metabolism. Insulin resistance in the muscle is known to cause glycogen depletion, lipid accumulation, impairment of the tissue’s normal functions, ultimately leading to sarcopenia (29). Muscle stores glucose in the form of glycogen, which facilitates the rapid initiation of energy production for contraction, even when glucose is not readily available from circulation (29). In this study, HFat diet promoted a decrease in glucose and lactate pools in the muscle, pointing towards the use of other substrates to obtain energy. In the need for other substrates, amino acids may be metabolized. Skeletal muscles are the most relevant site of glutamine stock, synthesis, and release (65). In this study, glutamine levels were increased in HFat-fed mice, and glutamate levels remained similar to the levels detected in the muscle of Chow-diet-fed mice. Glutamate levels can be used to produce glutamine that will be then delivered to the liver where it may have several functions (65, 66). Indeed, and as there was no glycogen pool in the liver, gluconeogenesis may use glutamine as a substrate for glucose production after an overnight fasting (32), as was the case of the present study. On the contrary, HFruct diet promoted a decrease in muscular glutamate levels, which might negatively affect glutathione synthesis and/or purine nucleotide cycle (67). Moreover, a decrease in valine was observed in both HFat- and HFruct-fed groups. Valine is used to obtain energy with the resulting ammonia by-products participating in the conversion of glutamate to glutamine, thus sustaining the previously mentioned hypothesis. Although it has already been described that diet-induced obese animals have a decrease in branched-chain amino acids (BCAAs) (68), there are studies describing a positive correlation between valine circulating levels and insulin resistance in men (69, 70).

WAT has a crucial role for lipid homeostasis, namely, by regulating triglyceride levels, and for fatty acid availability by lipolysis, also generating substrates for energy metabolism via β‐oxidation. In fact, we observed an increase in the WAT levels of acetate in HFat-fed mice compared to Chow, which indicates increased β‐oxidation (71). On the contrary, creatine was decreased in HFat-fed mice compared to HFruct-fed mice. As this metabolite enhances energy expenditure (35), the finding goes in accordance with the larger fat depots in this group. Although taurine promotes thermogenesis in the BAT and muscle, it does not have the same effect in WAT (72), which was also not observed in the present study. In fact, taurine supplementation was shown to prevent obesity in female mice after 18 weeks of high-fat feeding (36). In this study, male mice fed with HFat diet for 12 weeks presented no differences in taurine compared to the Chow group, which might indicate that decreases in taurine may be more noticeable in females or only appear with prolonged HFat feeding.

Organ crosstalk is mediated by signaling factors and ensures whole-body metabolic homeostasis. However, in case of disease or metabolic dysfunction, metabolic impairment in one organ will lead to dysregulation of others. Although this is known, the interplay and metabolic crosstalk between the different organs remain obscure. In recent years, BAT was rediscovered, and very recently, the existence of a crosstalk with the liver and the muscle was unveiled (73). HFat diet led to a decrease in GSH levels in the BAT compared with both Chow and HFruct diets. GSH was already reported to be inversely correlated with the activation of thermogenesis in white adipocytes due to its action on forkhead box O1 (74). Consequently, decreased GSH levels might have the same effect in BAT and increase thermogenesis in the BAT of HFat-diet-fed mice (38). Moreover, HFat-diet-fed mice had increased levels of glutamine and acetate in BAT. Acetate upregulates mitochondrial biogenesis, which is the key organelle for thermogenesis (39). Importantly, HFruct feeding led to an increase in betaine and taurine, probably at the expense of decreased choline. In fact, betaine protects against fructose-induced inflammation in astrocytes (75). HFruct-diet-fed animals also presented increased leucine. This amino acid is an activator of the mammalian target of rapamycin (mTOR) pathway, leading to reduced thermogenesis (76, 77). Moreover, the levels of 3-OH-butyrate, considered an alternative carbon source for thermogenesis (78), were decreased in HFruct-fed mice. Thus, high-fat feeding seems to be an activator of thermogenesis, while HFruct leads to a decrease in this process. Moreover, it was already reported that in HFat conditions, BAT functions largely like WAT in its role as a depot for excess energy (79). In these cases, adipocytes suffer a remodeling due to its storage needs and, consequently, the need of the membrane to be more fluid (80). In fact, we observed a completely different fatty acid distribution in HFat-fed mice compared to both Chow- and HFruct-fed mice that were lean. This difference might represent the need of the adipocytes to remodel and be able to store more fat.

In summary, our data provide novel evidence that, aside from the extensively described effects of high-fat and high-fructose diets on glucose and insulin homeostasis, these diets differentially and significantly affect liver, muscle, WAT, and BAT metabolic profiles. Interestingly, our data suggests a crosstalk between the liver, muscle, and BAT, specifically through alanine, glutamine, and lactate.
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Aims

There is still a debate about the relationship between serum iron and metabolic dysfunction-associated fatty liver disease (MAFLD). Furthermore, few relevant studies were conducted in type 2 diabetes mellitus (T2DM). Therefore, this study aimed to explore the association of serum iron levels with MAFLD in Chinese patients with T2DM.



Methods

This cross-sectional, real-world study consisted of 1,467 Chinese T2DM patients. MAFLD was diagnosed by abdominal ultrasonography. Based on serum iron quartiles, the patients were classified into four groups. Clinical characteristics were compared among the four groups, and binary logistic analyses were used to assess the associations of serum iron levels and quartiles with the presence of MAFLD in T2DM.



Results

After adjusting for gender, age, and diabetes duration, significantly higher prevalence of MAFLD was found in the second (45.7%), third (45.2%), and fourth (47.0%) serum iron quartiles than in the first quartiles (26.8%), with the highest MAFLD prevalence in the fourth quartile (p < 0.001 for trend). Moreover, increased HOMA2-IR (p = 0.003 for trend) and decreased HOMA2-S (p = 0.003 for trend) were observed across the serum iron quartiles. Fully adjusted binary logistic regression analyses indicated that both increased serum iron levels (OR: 1.725, 95% CI: 1.427 to 2.085, p < 0.001) and quartiles (p < 0.001 for trend) were still closely associated with the presence of MAFLD in T2DM patients even after controlling for multiple confounding factors.



Conclusions

There is a positive correlation between the presence of MAFLD and serum iron levels in T2DM patients, which may be attributed to the close association between serum iron and insulin resistance. Serum iron levels may act as one of the indicators for evaluating the risk of MAFLD in T2DM individuals.
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Introduction

In addition to oxygen transport, iron also has a vital role in many metabolic processes with the potential to cause oxidative damage when in excess (1). Specifically, serum ferric iron is carried by transferrin and transported into the cell, where it is reduced to ferrous iron (2). Ferrous iron facilitates peroxidation of membrane-bound, PUFA-containing lipids and triggers propagation of lipid peroxidation, which cause damage to mitochondria and other organelles and finally lead to the development and progression of metabolic disorders (2). Therefore, iron overload may be linked to multiple metabolic disorders such as obesity, hyperlipidemia, hyperglycemia, and insulin resistance (1, 3, 4). For example, a recent study indicated increased serum iron levels in patients with type 2 diabetes mellitus (T2DM) (4).  Moreover, the risk of developing diabetes induced by iron was probably close to the relative risk generated by obesity (1). Additionally, it was also noted that iron metabolism disorders were remarkably correlated with insulin resistance and obesity (3).

As one of the metabolic disorders, metabolic dysfunction-associated fatty liver disease (MAFLD), formerly named non-alcoholic fatty liver disease (NAFLD), is referred to as the “hepatic manifestation of the metabolic syndrome” and causes a progressive liver disease group including steatosis, fibrosis, cirrhosis, and hepatocellular carcinoma (5). MAFLD is centered on hepatic fat accumulation and comorbid with obesity, T2DM, or evidence of metabolic dysregulation, with a prevalence of 25.9%–38.0% in the general population (6). Moreover, a recent meta-analysis estimated that T2DM patients had a higher risk developing MAFLD than the general population, with a prevalence of 55.5%–70% (7, 8). In our recent studies, the prevalence of MAFLD was 39.4%–52.6% in patients with T2DM, which was also higher than that in the general population (9–11). Given the high prevalence of MAFLD in T2DM, early identification and intervention of risk factors associated with MAFLD will be beneficial in reducing the occurrence of MAFLD in T2DM subjects.

Currently, some studies have identified several iron-related serum markers such as serum ferritin, hepcidin, and serum transferrin saturation, which are closely associated with MAFLD (12–14). However, the relationship between serum iron and MAFLD is infrequently studied and probably not explicit in general and diabetic populations. For example, in a small sample study of mostly biopsy-proven NAFLD, only two (3%) patients had high serum iron levels (15). Additionally, a negative correlation between serum iron and NAFLD prevalence in the general population was found, as the U.S. National Health and Nutrition Examination Survey (NHANES) data indicated (16). However, several studies pointed to the presence of unchanged serum iron levels in patients with NAFLD (17–19). Moreover, a previous study emphasized an elevated serum iron level in NAFLD patients in comparison to patients without NAFLD (20).

Notably, the relationship between iron status and MAFLD remained controversial in T2DM subjects, as there were few studies and clinical trials. A study including T2DM subjects highlighted that the T2DM prevalence increased in the NAFLD group compared with the non-NAFLD group, but without an increase in serum iron (21). Likewise, in a study containing nearly half of NAFLD patients with T2DM, histological iron in liver was not associated with NAFLD severity (22). However, a previous study including patients with T2DM endorsed an increase in the NAFLD prevalence with elevated serum iron levels (23).

Therefore, our aim was to investigate the correlation between serum iron levels and MAFLD diagnosed by abdominal ultrasonography in Chinese patients with T2DM.



Materials and methods


Subjects and study design

This cross-sectional, real-world study included T2DM patients hospitalized in the Department of Endocrinology and Metabolism, the Sixth People’s Hospital of Shanghai Jiao Tong University from January 2006 to December 2012, and some of the patient data were from our recent studies (11, 24–26). The hospital ethical review committee approved this study [approved number: 2018-KY-018(K)], with written consent obtained from all participants. Inclusion criteria incorporated T2DM diagnosed in accordance with the WHO criteria, age ≥ 17 years old, complete clinical information and biochemical parameters, and available abdominal ultrasound findings (25). After excluding the patients with disorders related to iron metabolism such as hemochromatosis, iron-deficiency anemia, menstruation within a week, and blood transfusion or donation recently; those with liver diseases caused by drugs, viral hepatitis, and other reasons excluding alcohol; and those with other serious systemic diseases or infectious diseases, 1,467 patients were classified into four groups according to the serum iron quartiles.



Physical examination and laboratory tests

The following data were collected at admission as previously described: hypertension history, diabetes duration (DD), alcohol intake, smoking habits, use of lipid-lowering drugs (LLDs), metformin, insulin sensitizers, insulin or insulin analogs (IIAs), and physical data including height, waist and hip circumference, weight, and blood pressure (10, 11). Specifically, the definitions of hypertension, obesity, smoking, and alcohol status were described in our previous studies (11, 25).

After fasting overnight and 2 h after breakfast on the second day of admission, blood samples were collected. Serum alanine transaminase (ALT) was measured by an enzymatic rate method with the definition of elevated ALT more than 65 U/L according to our previous study (10). Serum iron was determined using colorimetric assay by a LAbOSPECT 008AS automatic biochemical analyzer (Hitachi, Japan) (27), and serum ferritin level was measured using chemiluminescence immunoassay by a cobas e 602 module (Roche Diagnostics, Germany) (28). Other laboratory parameters such as blood glucose, lipids, insulin, C-peptide, kidney function, and urine tests were measured as described previously (10, 11, 25). The homeostasis model assessment of insulin resistance (HOMA2-IR) and the homeostasis model assessment of sensitivity (HOMA2-S) were estimated using HOMA2 Calculator version 2.2.3 (11). The estimated glomerular filtration rate (eGFR) was calculated according to the formula recommended for the Chinese population [175×(serum creatinine)−1.234 × (age)−0.179(×0.79, if female)] (25).



Abdominal ultrasonography and diagnostic criteria

The hepatic ultrasound examinations and diagnosis of hepatic steatosis were in accordance with our previous studies (10, 11). Since T2DM patients were selected as the target population in the present study, MAFLD was diagnosed as ultrasonographically verified hepatic steatosis in addition to the presence of T2DM, which was proposed by an international expert panel from 22 countries (29).



Statistical analysis

Data were analyzed using SPSS 15.0 (SPSS Inc., Chicago, IL, USA). Normality was assessed for continuous variables and then expressed as mean ± standard deviation or median and interquartile range. In particular, the differences between the two groups were evaluated by the t-test or the Mann–Whitney U test, while the differences between multiple groups were assessed using one-way ANOVA or the Kruskal–Wallis H test. Chi-square tests were used to analyze categorical variables. When gender and/or age was considered as confounders, categorical variables were corrected with logistic regression, and continuous variables were adjusted with univariate linear regression models. After non-normally distributed variables were transformed by normal score transformation, binary logistic regression was done for assessing the correlation of serum iron levels and quartiles with the MAFLD presence. Five models were constructed to evaluate the association of serum iron with MAFLD. Statistical significance was set at p < 0.05.




Results


Characteristics of the study subjects

This study consisted of 1,467 inpatients with T2DM. In accordance with the serum iron quartiles with cutoffs of <10.6, 10.6–14.0, 14.1–18.0, and >18.0 μmol/L, they were classified into four groups. The subjects’ baseline characteristics grouped by serum iron quartiles are highlighted in Table 1. There was a significant age and sex difference among the four groups. After adjusting for sex and age, with ascending serum iron levels, IIAs usage, DD, and levels of urinary albumin excretion (UAE) and C-reactive protein (CRP) were obviously decreased, and levels of fasting plasma glucose (FPG), fasting C-peptide (FCP), 2-h postprandial C-peptide (2h C-P), low-density lipoprotein cholesterol (LDL-C), ALT, and eGFR were significantly increased (all p < 0.05). Additionally, there were obvious differences in LLD usage, waist circumference (WC), BMI, and values of SBP, DBP, 2-h postprandial plasma glucose (2-h PPG), creatine (Cr), total cholesterol (TC), total triglycerides (TG), high-density lipoprotein cholesterol (HDL-C), and serum uric acid (SUA) among the serum iron quartiles in T2DM patients (all p < 0.05). However, no obvious difference was found in hypertension and obesity prevalence, smoking status, alcohol intake, metformin and insulin sensitizers use, WHR, SBP, DBP, and glycated hemoglobin A1c (HbA1C) among the serum iron quartile groups.


Table 1 | Characteristics of the subjects according to serum iron levels.





Comparisons of MAFLD prevalence and serum iron levels stratified by sex, age, and DD

Figure 1 compares MAFLD prevalence and serum iron levels among the different gender, age, and DD groups. The MAFLD overall prevalence was 41.2%, with a higher prevalence in women (44.9%) than in men (37.4%) after adjusting for DD and age (p < 0.001, Figure 1A). However, serum iron levels were significantly lower in women than in men (p < 0.001, Figure 1D). In addition, a significant decrease in the prevalence of MAFLD was linked to increasing age (p < 0.001 for trend) and longer DD (p < 0.001 for trend) (Figures 1B, C). Likewise, there was a significant decline in serum iron levels with advancing age (p = 0.002 for trend) and prolonged DD (p = 0.022 for trend) (Figures 1E, F).




Figure 1 | Comparisons of MAFLD prevalence and serum iron levels stratified by sex, age, and DD. (A) Overall prevalence of MAFLD and comparisons of the prevalence of MAFLD stratified by gender (p < 0.001). (B) Comparisons of the MAFLD prevalence among patients stratified by age (p < 0.001 for trend). (C) Comparisons of the MAFLD prevalence among patients stratified by DD (p < 0.001 for trend). (D) Overall serum iron levels and comparisons of serum iron levels stratified by gender (p < 0.001). (E) Comparisons of serum iron levels among patients stratified by age (p = 0.002 for trend). (F) Comparisons of serum iron levels among patients stratified by DD (p = 0.022 for trend).





Comparisons of serum iron levels and MAFLD prevalence

Figure 2 compares the serum iron levels between T2DM patients with and without MAFLD and the prevalence of MAFLD among the serum iron quartiles. After correcting for sex, age, and DD, serum iron and ferritin levels were significantly increased in T2DM individuals with MAFLD in comparison to those without MAFLD (p < 0.001, Figures 2A, C). Moreover, significantly higher prevalence of MAFLD was found in Q2 (45.7%), Q3 (45.2%), and Q4 (47.0%) compared to Q1 (26.8%), with the highest MAFLD prevalence in Q4 after adjusting for age, sex, and DD (p < 0.001 for trend) (Figure 2B). Additionally, there was an increased trend of serum ferritin across serum iron quartiles (p < 0.001 for trend) (Figure 2D).




Figure 2 | Comparisons of serum iron and ferritin levels, and MAFLD prevalence. (A) Comparisons of serum iron levels between T2DM patients with and without MAFLD (p < 0.001). (B) Comparisons of the prevalence of MAFLD across the serum iron quartile groups (p < 0.001 for trend). (C) Comparisons of serum ferritin between the patients with and without MAFLD (p < 0.001). (D) Comparisons of serum ferritin levels across the serum iron quartile groups (p < 0.001 for trend).





Comparisons of serum ALT levels

The comparisons of serum ALT levels and the percentage of the patients with elevated ALT levels in different groups are displayed in Figure 3. After controlling for sex, age, and DD, serum ALT values and the percentage of the patients with elevated serum ALT levels were significantly greater in T2DM patients with MAFLD compared with those without MAFLD (p < 0.001, Figures 3A, C). Furthermore, both the percentage of the patients with elevated serum ALT levels (Q1: 1.90%; Q2: 4.40%; Q3: 6.00%; Q4: 11.70%; p = 0.001 for trend, Figure 3B) and serum ALT levels [Q1: 16 (11–25); Q2: 19 (14–29); Q3: 22 (16–36); Q4: 25 (17–37); p < 0.001 for trend, Figure 3D] rose with the increasing serum iron quartiles after adjusting for sex, age, and DD.




Figure 3 | Comparisons of serum ALT levels. (A) Comparisons of the percentage of the subjects with elevated ALT levels between the patients with and without MAFLD (p < 0.001). (B) Comparisons of the percentage of the subjects with elevated ALT levels across the serum iron quartile groups (p = 0.001 for trend). (C) Comparisons of serum ALT levels between the patients with and without MAFLD (p < 0.001). (D) Comparisons of serum ALT levels across the serum iron quartile groups (p < 0.001 for trend).





Comparisons of HOMA2-IR and HOMA2-S

Figure 4 illustrates the HOMA2-IR and HOMA2-S comparisons between T2DM patients with and without MAFLD as well as across serum iron quartile groups. After adjusting for sex, age, and DD, higher HOMA2-IR and lower HOMA2-S were observed in T2DM patients with MAFLD than in those without MAFLD (all p < 0.001, Figures 4A, C). Moreover, the significantly increased trend in HOMA2-IR (p = 0.003 for trend, Figure 4B) and the obviously decreased trend in HOMA2-S (p = 0.003 for trend, Figure 4D) were observed across the serum iron quartiles.




Figure 4 | Comparisons of HOMA2-IR and HOMA2-S. (A) Comparisons of HOMA2-IR between the patients with and without MAFLD (p < 0.001). (B) Comparisons of HOMA2-IR across the serum iron quartile groups (p = 0.003 for trend). (C) Comparisons of HOMA2-S between the patients with and without MAFLD (p < 0.001). (D) Comparisons of HOMA2-S across the serum iron quartile groups (p = 0.003 for trend).





Association of serum iron levels with MAFLD

Table 2 shows binary logistic analysis for the association of serum iron levels with MAFLD in T2DM patients. Before (Model 1) and after adjustment for age, sex, smoking, alcohol use, DD, obesity, and hypertension (Model 2), the patients with higher serum iron levels showed an increased risk for MAFLD comorbidity (p < 0.001). Further correcting for the treatment of LLD, metformin, IIAs and insulin sensitizers (Model 3), physical examination data (Model 4), and laboratory parameters (Model 5), serum iron levels continued to be positively associated with the presence of MAFLD (all p < 0.001).


Table 2 | Association of the prevalence of MAFLD with serum iron.





Association of serum iron quartiles with MAFLD

Table 3 shows the association of serum iron quartiles with the presence of MAFLD in T2DM patients, which was analyzed by binary logistic regression. In unadjusted analysis, higher serum iron quartiles presented an obviously increased risk of MAFLD (p < 0.001 for trend) (Model 1). After further adjustment for age, sex, smoking, alcohol consumption, DD, obesity, and hypertension, higher serum iron quartiles remained related to a higher risk of MAFLD (p < 0.001 for trend) (Model 2). After further correction for variables regarding medication therapy (Model 3) and physical examination (Model 4), increased serum iron quartiles were stably correlated with the presence of MAFLD (all p < 0.001 for trend). Finally, after controlling for laboratory parameters, the correlation between serum iron quartiles and the presence of MAFLD stayed significantly positive (p < 0.001 for trend) (Model 5).


Table 3 | Association of the prevalence of MAFLD with serum iron quartile groups.






Discussion

The prevalence of MAFLD among T2DM patients was 41.2% in the present study, close to our previous findings of 39.4%–52.6% in T2DM, which was diagnosed based on NAFLD without alcohol users (9–11). Even though the criteria of NAFLD was replaced with MAFLD including patients with alcohol consumption in the current study, the difference of prevalence was comparatively insignificant. Therefore, it was suitable to choose MAFLD as the definition. Consistent with our previous study, the prevalence of MAFLD was higher in women, middle-aged patients, and patients with a short DD in this study (11). Notably, the median age of the enrolled patients was about 60 years old. Previous studies noted that women over the age of 60 had a higher prevalence of MAFLD than men, possibly influenced by menopause in women (30, 31). Moreover, the peak prevalence of MAFLD was between the ages of 18 and 50 in other studies, which supported our suggestion that middle-aged people were more likely to develop MAFLD compared with older people (32, 33). Possible reasons for a higher MAFLD prevalence in younger patients were as follows: middle-aged people were more susceptible to sedentary lifestyles, obesity, and stressful socioeconomic status, which increased MAFLD risk; elderly patients experienced an increased overall mortality partially caused by fatty liver; and the deceased patients were excluded from the MAFLD population (34, 35). Additionally, the negative association between DD and MAFLD prevalence was partly explained by several studies, in which obesity and insulin resistance were involved in the early stages of T2DM as risk factors for MAFLD (11, 36, 37). Alternatively, as the duration of diabetes increased, the duration of glucose-lowering medication was correspondingly longer, some of which were thought to have a therapeutic effect on MAFLD and might lead to a reduction in MAFLD (38). Moreover, serum iron levels were higher in men than in women, but the MAFLD prevalence was lower in men than in women, which might be explained by the fact that MAFLD was influenced by multiple factors in addition to gender and serum iron. Additionally, serum iron levels decreased with increasing age and DD, which corresponded with a decrease in MAFLD prevalence with higher age and longer DD.

Currently, the correlation between serum iron and MAFLD remains unclear in the general population. For example, a cross-sectional study showed that the serum iron levels and the NAFLD prevalence had a negative correlation (16). Conversely, a recent study based on obese patients found that the severe NAFLD group had higher serum iron levels than the mild or moderate groups (39). Other studies suggested an irrelevant association between serum iron and NAFLD staging and liver fat content (17, 18). Likewise, besides few relevant investigations, there were conflicting opinions on the relationship between iron status and MAFLD in T2DM patients. For example, a previous study exhibited a positive correlation between iron store and the degree of NAFLD in patients with coexisting T2DM and NAFLD (40), whereas another study supported no correlation between NAFLD and hepatic iron in T2DM subjects (22). Therefore, we conducted the present study investigating the serum iron levels and MAFLD correlation in patients with T2DM.

Notably, the present study demonstrated that there was a positive correlation between serum iron levels and the prevalence of MAFLD. The risk of MAFLD increased nearly 1.73-fold with each 1 SD increase in serum iron levels. Consistent with our results, a study comprising subjects with T2DM noted 20% of patients with steatosis in the low serum iron group compared with 78.9% of patients with steatosis in the high serum iron group (13). Similarly, patients with NAFLD had an average body iron of 1.6 g compared with 1.4 g without NAFLD in a clinical trial based on T2DM and prediabetes (41). Furthermore, a previous study supported that a 12-month glucose-lowering strategy for poorly controlled T2DM patients enabled the simultaneous reduction of serum ferritin from 223 μg/L to 121 μg/L, hepatic iron concentrations from 109.2 mg/100 mg to 89.7 mg/100 mg, and the prevalence of MAFLD from 80% to 25% (42), which indicates positive correlation between iron and MAFLD in T2DM patients. Additionally, the prevalence of MAFLD increased at least threefold when serum iron was greater than 10.6 μmol/L. Even though the prevalence of MAFLD was the highest in Q4, all other groups actually had higher prevalence of MAFLD compared with Q1 (serum iron < 10.6 μmol/L). It suggested that there might be a threshold value of serum iron, beyond which the risk of MAFLD increases significantly. Given that iron depletion ameliorated MAFLD and that iron deficiency was also associated with the increased risk of metabolic dysfunction (43, 44), it might be required to maintain serum iron in a suitable range for treatment and prevention of MAFLD.

Moreover, the present study also suggested increased liver enzymes with the increase of serum iron levels, which reflected the aggravation of hepatocyte damage. Therefore, rising serum iron might be closely related to the severity of liver damage caused by MAFLD in addition to the increased presence of MAFLD. Similar to our findings, several studies also displayed a positive association between serum or body iron and ALT levels in patients with or without T2DM (39, 41, 45). For example, the NHANES study including NAFLD subjects without T2DM indicated a 1.13-fold risk of elevated ALT levels with increasing deciles of serum iron concentration (45). Interestingly, after induction of iron depletion to near-iron deficiency, there was nearly half of the reduction in serum ALT levels in MAFLD patients with T2DM, without descent in non-MAFLD patients with T2DM treated equally (41). Therefore, a possibly more severe hepatocellular injury was related to elevated serum iron, which might suggest the progression of fatty liver.

The reason explaining the close correlation of serum iron with MAFLD may be attributed to insulin resistance induced by iron, which was a major mechanism in the MAFLD pathogenesis (3). Iron metabolism disorders aggravate oxidative damage to hepatocytes and thus lead to insulin resistance and subsequent compensatory hyperinsulinemia, which promote hepatic de novo lipogenesis and cholesterol synthesis as well as reduce free fatty acid catabolism by oxidation (3, 8, 44). Moreover, the significant relationship of high iron status with insulin resistance has been repeatedly confirmed in many studies (17, 39, 41). For example, HOMA-IR was positively linked to serum iron with a correlation coefficient of 0.189 in obese patients with or without T2DM (39).

A previous study underlined that in patients with obesity and metabolic syndrome, the increase of serum iron was accompanied by elevated insulin resistance evaluated by HOMA-IR (39). A subsequent study speculated that the elevated iron levels could impair the function of pancreatic β cells and cause systemic insulin resistance in T2DM subjects (46). Furthermore, previous studies also detected that iron removal improved both insulin sensitivity and β-cell function in patients comprising T2DM (17, 39, 41). Understandably, we also proved higher HOMA2-IR, FCP, 2h C-P, and lower HOMA2-S from the lowest to highest serum iron quartiles. Therefore, increased insulin resistance caused by high iron levels might contribute to the development and progression of MAFLD in T2DM.

Verified by other studies, we also observed the elevation of serum ferritin in T2DM patients with MAFLD compared to those without MAFLD (13, 47). Although serum ferritin levels increased with the rising of serum iron quartiles, serum ferritin was no longer an independent risk factor for MAFLD in the binary logistic regression analysis. A previous study supported the idea that serum ferritin levels failed to correlate with NAFLD after adjusting for multiple factors (48). The possible reason for inconsistency was that serum ferritin reflected the stored iron in cells, which might not be fully associated with iron that exerted function (49). Moreover, CRP levels decreased from lower to higher serum iron quartiles in the present study. Consistently, in a study based on a mouse model, MAFLD was exacerbated accompanied by elevated serum iron but reduced CRP levels (8). Another study indicated the lack of correlation between CRP and iron status in T2DM patients (50). Moreover, no appreciable difference in CRP between non-NAFLD and NAFLD in some cases might suggest multiple factors instead of merely inflammation influencing MAFLD (5, 51).

We faced some limitations during the current research. First, some cases with milder steatosis were probably missed by ultrasonography. Even so, there was a good concordance between ultrasound diagnosis and pathological diagnosis in NAFLD patients (52). Moreover, ultrasonography was recommended as the first-line imaging method by the clinical guidelines for MAFLD, which ensured accuracy and convenience of ultrasound diagnosis to detect steatosis (29, 35). Second, although various factors might influence insulin resistance, we adjusted as much factors as possible including DD, medication usage, lipids, and so on to reduce the impact on the results. Third, the present study was conducted in a specific population and further population expansion was needed to confirm the findings. Fourth, since this is a cross-sectional study, it is difficult to determine the causal relationship between iron and MAFLD, whereas we supposed that serum iron might be one of the causes of MAFLD based on previous studies (8, 39, 43). It has been suggested that iron overload aggravated hepatic insulin resistance (8, 39), while iron depletion therapy ameliorated NAFLD (43).



Conclusions

In conclusion, serum iron levels are independently and positively associated with MAFLD in patients with T2DM. Serum iron levels could be a biomarker to evaluate the risk of MAFLD for better screening and prevention in T2DM patients.
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Background

The present study aimed to clarify the effects of four inflammatory indicators (monocyte-to-high-density lipoprotein ratio [MHR], neutrophil-to-lymphocyte ratio [NLR], systematic immune-inflammation index [SII], and systemic inflammation response index [SIRI]) in evaluating the risk of metabolic diseases and cardiovascular disease (CVD), filling the gap of inflammation-metabolism system research in epidemiology.



Methods

We conducted a cross-sectional study and multivariable logistic regression analysis to elucidate the association between inflammatory indicators and metabolic diseases and CVD risk. Metabolic diseases were defined as metabolic disorders (MetDs) or their components, such as metabolic syndrome (MetS), dyslipidemia, and central obesity. We calculated the Framingham risk score (FRS) to evaluate 10-year CVD risk.



Results

Odds ratios for the third vs. the first tertile of MHR were 2.653 (95% confidence interval [CI], 2.142–3.286) for MetD, 2.091 (95% CI, 1.620–2.698) for MetS, 1.547 (95% CI, 1.287–1.859) for dyslipidemia, and 1.515 (95% CI, 1.389–1.652) for central obesity. Odds ratios for the third vs. the first tertile of SIRI were 2.092 (95% CI, 1.622–2.699) for MetD, 3.441 (95% CI, 2.917–4.058) for MetS, 1.417 (95% CI, 1.218–1.649) for dyslipidemia, and 2.080 (95% CI, 1.613–2.683) for central obesity. The odds ratio of a 10-year CVD risk of >30% for the third vs. the first tertile of MHR was 4.607 (95% CI, 2.648–8.017) and 3.397 (95% CI, 1.958–5.849) for SIRI.



Conclusions

MHR and SIRI had a significant association with MetD and its components, in which a higher level of MHR or SIRI tended to accompany a higher risk of metabolic diseases. Furthermore, they also correlated with CVD, and the increment of these indicators caused a gradually evaluated risk of 10-year CVD risk.





Keywords: monocyte-to-high-density lipoprotein ratio, systemic inflammation response index, metabolic disorders, metabolic syndrome, 10-year cardiovascular disease risk



Introduction

Metabolic diseases have been recognized as crucial risk factors and chronic pathology processes in the elderly population, and increasing evidence has confirmed that metabolic dysfunction is the basis of various chronic diseases, such as diabetes mellitus (DM), and cardiovascular disease (CVD) events (1–3). Various studies have revealed that multiple metabolic diseases in China were prevalent, and the prevalence was gradually increasing (3), with the prevalence of 31.1% for metabolic syndrome (MetS) (4), 33.8% for dyslipidemia (5), and 40.8% for central obesity (4). The northeast rural regions of China even had a higher prevalence of MetS (37.3% for men and 45.8% for women) than the general level due to multiple chronic disease-related lifestyles, such as a high-salt diet (6), which causes a heavy burden of chronic diseases and CVD. Therefore, it is critical to elucidate the potential mechanism and associated risk factors for metabolic diseases and further explore the possible intervention strategies.

The metabolic and immune systems are among the essential requirements for the homeostasis of the human body (7). Increasing evidence has shown a high-grade inflammatory response in adipose tissue with a prevalent infiltration of macrophages and other immune cells among the adipocytes, during which cells changed from anti-inflammatory into pro-inflammatory status under this infiltration of immune cells, suggesting that chronic inflammation could potentially be related to obesity (8). Additionally, cellular metabolic processes could also be regulated by inflammatory molecules or inflammatory pathways, such as cytokines (tumor necrosis factor [TNF]-α, interleukin [IL]-6, and IL-1β), which could act in an autocrine or paracrine manner and interfere with the insulin signaling in peripheral tissues by activating the c-Jun N-terminal kinase (JNK) pathway or nuclear factor kappa B (NF-κB) pathway, inducing β-cell dysfunction and promoting insulin resistance (9, 10). In addition, multiple inflammatory factors are involved in the regulation of various metabolic products, such as lipids and glucose (11, 12), and high-grade inflammation could lead to extensive accumulation of abnormal lipids and glucose, eventually resulting in metabolic dysfunction.

Recent clinical research has indicated that salicylate sodium therapy or treatment with inflammatory cytokine inhibitors could significantly reduce the serum glucose of type 2 DM (T2DM) patients and decrease the risk of CVD events (12–14). However, most current studies focused on inflammation and metabolism have been conducted on adipose tissue or immune cells, and most diseases at the individual level have been limited to obesity and DM, representing only a limited aspect of metabolic diseases, especially in the elderly population in whom obesity is not a typical metabolic alteration, leading to a limitation of epidemiological studies on inflammation and metabolic disorders. Moreover, cellular metabolic dysfunction or abnormal metabolism of cellular products could be restored by multiple homeostatic mechanisms and compensatory behaviors, which might only manifest as a pre-metabolic imbalance status at the individual level and, thus, could not cause the symptoms of a metabolic disorder (MetD). Furthermore, previous studies have usually used inflammatory factors, such as IL-1/6 and TNFα, to reflect inflammation levels, which seemed more suitable for molecular research. Additionally, in clinical or large-scale population screening, the blood cell count has been more commonly measured to reflect the inflammatory status.

The composite inflammatory indicators such as monocyte-to-high-density lipoprotein ratio (MHR) (15), neutrophil-to-lymphocyte ratio (NLR) (15), systematic immune-inflammation index (SII) (16), and systemic inflammation response index (SIRI) (17) are a novel type of parameters based on the traditional peripheral blood cell count, calculated by combining different biochemical parameters to balance inflammation and immunity status (17). Previous studies have confirmed that these indicators could reflect inflammation levels and were widely used in evaluating the risk of various chronic diseases and the prognosis of tumors (18–22). Therefore, our study enrolled and screened these four simple-to-calculate and easily accessible systemic inflammatory indicators to assess their effect in evaluating the risk of metabolic diseases and CVD, filling the knowledge gap on the association between inflammation and metabolic diseases at the individual level.



Methods


Study population

The present study was based on the Northeast China Rural Cardiovascular Health Study (NCRCHS), aiming to further reveal the association between various inflammatory indicators and the risk of metabolic diseases. We conducted the baseline study from July 2012 to August 2013, and the detailed protocol was described in previous research (23, 24), which is summarized in Figure 1. In brief, we recruited 11,956 residents of rural regions (aged ≥35 years) from 26 villages in three countries in Northeastern China. However, there were 4,467 subjects who met the exclusion criteria, which included pregnancy, cancer, mental disorders, or failure to complete related research, such as those with incomplete data. We further excluded 69 subjects with extremely abnormal white blood cell (WBC) counts (>50 × 109/l or <1.0 × 109/l) to avoid the effects of the acute phase of infection on the inflammatory status. Ultimately, we obtained a target population of 7,420 people.




Figure 1 | Flowchart of our selected study population protocol. We randomly selected 26 villages from three countries in northeastern China from July 2012 to August 2013. In total, 11,956 participants were enrolled in our study. After excluding people who did not meet the research criteria, such as those with cancer, pregnancy, and missing related information, and further excluding 69 subjects with extremely abnormal WBC counts, we finally got a study population of 7,420 subjects.





Data collection and ethics

We established a cardiologist team to conduct outpatient face-to-face interviews with participants and complete paper vision standard questionnaires to collect data. Before the project, we conducted a training course about project-related knowledge and ethical content. Only the staff who passed the related test could be authorized to conduct subsequent research.

The Ethics Committee of China Medical University approved our project (Shenyang, China, ethical approved project identification code: AF-SOP-07-1, 0-01). Every participant received and signed a paper-version informed consent after clarifying the relevant information on the study objectives, benefits, medical procedures, confidentiality agreement on personal information, and agreement on publication of related data research.



Lifestyle risk factors

Information, such as age, gender, or physical activity, was obtained from a standard questionnaire during the interview. We also asked the participants whether they were currently smoking or drinking. Physical activity level was considered to combine occupational workload and leisure-time exercise and was then reclassified into three levels: low, moderate, and high level. The salt intake was classified into three categories, low, medium, or high salt intake, defined as ≤6, 6–10, or >10 g/day, respectively. We used tea consumption to represent the caffeine intake of the population and divided the population into three subgroups: no tea consumption subgroup, rarely subgroup (one to two cups/day) or often subgroup (≥3 cups/day). All participants were asked whether they had suffered from CVD, stroke, or kidney diseases.



Variable measurement

All participants were told to fast for at least 12 h in advance, and blood samples were collected the next morning. The blood samples were added to vacutainer tubes containing an anticoagulant, and plasma was obtained by centrifugation. The final purpose of blood samples was to gather data on blood biochemistry and perform blood routine examinations. Fasting blood glucose (FPG), triglyceride (TG), plasma total cholesterol (TC), low-density lipoprotein cholesterol (LDL-C), high-density lipoprotein cholesterol (HDL-C), and glycated hemoglobin (HbA1C) were obtained by enzymatic analysis on an Olympus AU640 automated analyzer (Olympus, Kobe, Japan). All laboratory equipment was calibrated, and samples were repeated using the blind method. The measurement of height and weight needed participants to keep a standing posture, wear lightweight clothes, and be without shoes.

The waist circumference (WC) was measured at the umbilicus level at the end of a normal expiration. The measurement results were accurate to 0.1 kg and 0.1 cm, respectively. The measurement of blood pressure was performed according to the American Heart Association protocol. Subjects were told to rest in a quiet room for at least 10 min, and an automatic electronic sphygmomanometer (HEM-741C; Omron, Tokyo, Japan) was used to measure blood pressure three times. The measurements were taken on the naked upper arm in a seated position with a 5-min interval between measurements. The average of three blood pressure measurements was selected and used for all subsequent analyses.



Definition

According to the 7th Joint National Committee guideline, we defined hypertension as blood pressure of ≥140/90 mmHg (systolic/diastolic blood pressure [SBP/DBP]) or being under medication treatment for hypertension in the last 2 weeks (25). DM was defined as FPG of ≥7.0 mmol/l or a previous diagnosis of DM (26). Hyperuricemia was diagnosed as serum uric acid (SUA) concentration of ≥420 μmol/l for men and ≥360 μmol/l for women (27). According to the International Diabetes Federation (IDF) definition (28), MetS was defined by central obesity (waist circumference of ≥90 cm for men and ≥80 cm for women) plus any two of the following factors: 1) TG of ≥1.7 mmol/l; 2) HDL-C level of <1.03 mmol/l in men or <1.29 mmol/l in women, or specific treatment for this lipid abnormality; 3) SBP of ≥130 or DBP of ≥85 mmHg or treatment of previously diagnosed hypertension; 4) FPG of ≥5.6 mmol/l or previously diagnosed T2DM. Dyslipidemia was defined by satisfying any of the following diseases (29): (1) hypercholesterolemia: plasma total cholesterol (TCH) of ≥5.2 mmol/l; (2) hypertriglyceridemia: TG of ≥1.7 mmol/l; (3) high LDL-C: LDL-C of ≥3.4 mmol/l; (4) low HDL-C: HDL-C of <1.03 mmol/l for men or <1.29 mmol/l for women. MetD was defined by satisfying any of MetS, dyslipidemia, and central obesity criteria. As for the estimated glomerular filtration rate (eGFR), we chose formulas including creatinine level suggested by the Chronic Kidney Disease Epidemiology Collaboration equations (CKD-EPI) (30). The body mass index (BMI) was calculated as weight (kg)/height (m2). The 10-year CVD risk was determined by the overall score of the Framingham risk score (FRS), which included gender, age, HDL-C, TCH, SBP, and smoking (31). Furthermore, the inflammatory indicators were calculated by the following: 1) MHR = monocyte count/HDL-C (15); 2) NLR = neutrophil count/lymphocyte count (15); 3) SII = platelet count × neutrophil count/lymphocyte count (16); 4) SIRI = neutrophil count × monocyte count/lymphocyte count (17).

We also converted four inflammatory indicators into three levels by tertiles, and the lowest level was set as a reference. The detailed intervals of these indicators were as follows: 1) MHR, T1: ≤0.27; T2: 0.28–0.42; T3: ≥0.43; 2) NLR, T1: ≤1.47; T2: 1.48–2.08; T3: ≥2.09; 3) SII, T1: ≤282.63; T2: 282.64–427.34; T3: ≥427.38; 4) SIRI, T1: ≤0.61; T2: 0.62–1.03; T3: ≥1.04.



Statistical analysis

Overall, the data were normally distributed; thus, we described them by mean ± standard deviation (M ± SD) or frequency and percentage for continuous and categorical variables, respectively. The differences between continuous variables were compared by one-way analysis of variance (ANOVA) and χ2-test analysis for categorical variables. We conducted a multivariable logistic regression model to calculate odd ratios (ORs) and 95% confidence interval (CI) to be able to assess the association between inflammatory indicators and various diseases. Statistical analyses were performed by SPSS software version 22.0 (IBM Corp., Armonk, NY, USA). A P value of <0.05 under the two-tailed condition was considered statistically significant.




Results


The study subjects had a high prevalence of chronic diseases and metabolic diseases

Tables 1, 2 summarize the characteristic of participants in the present study. The subjects involved in the present study were predominantly middle-aged and elderly population with an average age of 53.7 years (54.1 years for men and 53.39 years for women). Our study subjects were exposed to multiple CVD risk factors, leading to prevalent chronic and metabolic diseases; for example, 15.6% of the study population had CVD (19.4% for men and 11.0% for women), and 9.3% of participants suffered from stroke (9.8% for men and 8.9% for women). On the manifestation of chronic diseases, the subjects also had an obviously elevated BP level (138.54/82.24 mmHg averagely, 140.9/84.16 mmHg for men, and 136.6/80.65 mmHg for women) and FPG level (5.96 mmol/l averagely, 6.02 mmol/l for men, and 5.91 mmol/l for women), which consequentially caused the high prevalence of hypertension and DM in both genders (hypertension, 50.6% for men and 44.2% for women; DM, 10.81% for men and 11.8% for women). Most importantly, we observed that participants had prevalent metabolic disorders, where around 80.4% of participants suffered from it (71.4% for men and 87.8% for women).


Table 1 | Risk factor characteristics of the baseline population.




Table 2 | The anthropometric and biochemical parameters of the baseline population.



Among the components of metabolic disorders, the prevalence of MetS was 31.2%, that of central obesity was 33.2%, and that of dyslipidemia was 75.6%. After the detailed classification of dyslipidemia, we found that 51% of participants had hypercholesterolemia, 33.2% had hypertriglyceridemia, and the prevalence of high LDL and low HDL was 24.6% and 33.9%, respectively. We also observed that female participants seemed more likely to suffer from metabolic disorders or various abnormal metabolic statuses than men. In terms of lifestyle, smoking and drinking accounted for 34.5% and 21.5% of participants, respectively, and were both more prevalent among the male population (57.7% vs. 15.3% for current smoking and 44.9% vs.2.3% for current drinking). Furthermore, the male population generally had a higher intensity of physical activity (52.8%), and female participants mostly had a low physical activity level (44.2%). In terms of diet, we noticed that male participants had a slight higher salt intake (≥10 g/day: 85.2% in men vs. 82.8% in women) and female participants presented a regular tea consumption (2.6% in men vs. 3.9% in women). We enrolled four inflammation parameters to systematically evaluate the inflammation status in the present study and found that male subjects had a lower inflammation degree than women (MHR, 0.36 vs. 0.40; NLR, 1.83 vs. 1.99; SIRI, 0.96 vs. 1.21), showing a similar difference in gender with the prevalence of various metabolic abnormalities.



The subjects with metabolic diseases had higher levels of inflammation status

We divided the subjects into various subgroups according to different metabolic diseases and compared the inflammation status difference between the normal subgroup and the corresponding disease subgroup to clarify whether inflammation had a potential association with metabolic status (Table 3). Overall, we observed that each indicator showed a significant increase in MetD patients. Additionally, in the components of MetD, we found that MetS patients had a higher level of all four inflammation parameters than non-MetS patients, but we only found that MHR, SII, and SIRI were significantly increased in dyslipidemia patients, and only MHR and SIRI were significantly elevated in central obesity patients. After further classification of dyslipidemia, we found that every four indicators in both hypercholesterolemia and hypertriglyceridemia patients showed a significant increment. The subjects with high LDL-C showed an overall increased inflammation marker levels except for MHR. We also found that MHR, SII, and SIRI were significantly increased in the subjects with low HDL-C. The above results suggested that abnormal metabolic status was usually accompanied by elevated inflammation parameters and showed higher inflammation levels than normal.


Table 3 | The different levels of inflammation parameters divided by metabolic disorders or their components.





The prevalence of metabolic diseases was elevated with gradually aggravating inflammation status

We divided each inflammatory indicator into three levels by tertiles and compared the prevalence of metabolic diseases among different tertiles to clarify the changes in the risk of metabolic diseases under different inflammatory conditions (Figure 2). We observed that the general trend of alterations in MetD prevalence and its components were similar and consistent, showing a gradually elevated level with increased tertiles of four inflammatory parameters. Among these indicators, we observed that the tertile increment of MHR and SIRI caused a stable and consistent elevation in the prevalence of various metabolic diseases. We also noticed that the magnitudes of increment in MHR were larger and more moderate in SIRI. The prevalence of MetD in the T3 subgroup of NLR had increased only by 0.4% based on the T2 subgroup, and there was only a 0.4% incremental prevalence of central obesity between the T1 and T2 subgroups of SII. Only the T3 subgroup had a significantly increased prevalence (by 3.0%). The abovementioned imbalanced alterations led to a statistically insignificant trend in their overall alterations. These alteration tendencies indicated that the subjects with a higher level of inflammatory parameters seemed more likely to have metabolic diseases, suggesting that there might be an association between inflammation and metabolic diseases.




Figure 2 | The prevalence of metabolic diseases in different inflammatory indicators grouped by tertiles. Regardless of the total MetD (A) or its detailed components, such as MetS (B), dyslipidemia (C), and central obesity (D), they all showed a gradually increasing tendency with each tertile increment of various four inflammatory indicators. Statistical significance was defined under two-tailed condition. *p < 0.05; **p < 0.01; ***p < 0.001; ns, no significant.





High level of inflammatory parameters was associated with a higher risk of having metabolic diseases

To reveal the association between inflammation and metabolic diseases, we conducted multivariable logistic regression and adjusted different co-variables to guarantee the accuracy and reliability of the association (Table 4). For MetD and MetS, we adjusted the ORs of different inflammatory parameters by model A, which included age, gender, a history of CVD, WBC counting, SUA concentration, eGFR, physical activity, salt intake, tea consumption, and a history of current smoking and drinking. For dyslipidemia, we added hypertension and DM based on model A and defined it as model B. For central obesity, we set up model C, which supplemented TCH, TG, LDL-C, and HDL-C into model B. Overall, we observed a significant association between inflammation and the risk of having metabolic diseases, which included MetD and various components of it, and the risk trended to elevate with increasing levels of inflammation. Compared with the lowest inflammatory indicator subgroup (T1 subgroups of all indicators), which was defined as a reference, the T3 subgroups of MHR had a 2.653-fold higher risk of MetD (the highest risk) (OR, 2.653; 95% CI, 2.142–3.286) and a 1.547-fold higher risk of having dyslipidemia (the highest risk) (OR, 1.547; 95% CI, 1.287–1.859) than reference.


Table 4 | Inflammation states are associated with the risk of metabolic disorders and their components.



The highest risk of MetS and central obesity was observed in the T3 subgroup of SIRI, with a risk of 3.441-fold (OR, 3.441; 95% CI, 2.917–4.058) for MetS and 2.080-fold (OR, 2.080; 95% CI, 1.613–2.683) for central obesity. By comparing the various indicators of the present study, we found that MHR and SIRI had a stable ability to evaluate the risk of metabolic diseases, showing a gradually elevated risk of having MetD or its components in every increased level of these two indicators, leading to a linear relationship between the levels of these two indicators and the risk of metabolic diseases. Each SD increment of MHR caused a 44.3% increase in risk for MetD, a 37.6% additional risk for MetS, a 47.2% additional risk for dyslipidemia, and a 41.8% additional risk for central obesity. Furthermore, each SD increment of SIRI caused a 37.8% extra risk for MetD, a 65.9% extra risk for MetS, a 19.7% extra risk for dyslipidemia, and a 45.4% extra risk for central obesity.

SII also showed good ability in risk evaluation of various metabolic diseases, such as MetS, dyslipidemia, and central obesity, and the tendencies of elevated risk also showed a linear association with per SD increment of SII. However, we did not observe the association between the T2 level of SII and the risk of MetD, leading to the non-linear risk association between SII and the risk of MetD. Lastly, NLR did not display an evaluation of the risk of various metabolic diseases at almost all levels.



High levels of inflammatory status predicted a higher risk of CVD

We calculated the FRS for each participant in these tertile subgroups and determined the 10-year CVD risk by their total score to further explain the applicability of these inflammatory indicators in predicting adverse outcomes (Table 5). We observed a progressive increment in CVD development risk with increasing inflammatory levels, and the T3 subgroups of all inflammatory indicators showed the highest risk of 10-year CVD, which was 35%–40% in the over 10%/11% (men/women) risk subgroup, 10%–15% in the over 20%/22% (men/women) risk subgroup and approximately 3.0% in the over 30% risk subgroup. In addition, by comparing the alteration trend and per-level increment, we found that the inflammation level increase from T2 to T3 would bring a greater increment risk of CVD, especially in the over 20/22% and over 30% subgroups of FRS. These results demonstrated that the high inflammation levels indeed tended to indicate a higher risk of CVD or metabolic diseases or suggested that the subject was exposed to a high-risk status of diseases.


Table 5 | Ten-year CVD risk reflected by FRS among different levels of multiple inflammation indicators.





Chronic inflammatory status was accompanied by a higher risk of 10-year CVD

Previous results have already confirmed that high levels of inflammatory parameters tended to bring a higher CVD risk. Based on this hypothesis, we further conducted a logistic regression model of CVD risk, which included gender, current drinking, physical activity, salt intake, tea consumption, DM, hyperuricemia, WBC counting, BUN, Scr, TG, LDL-C, and inflammatory indicators, to confirm whether the high level of inflammation status was indeed associated with elevated CVD risk (Table 6). We observed that the subjects having a higher inflammation level were likely to have a higher risk of CVD, especially for the 10-year CVD risk in the over 10%/11% risk subgroup, in which the highest tertiles of all four indicators showed a significant association with it. Among these indicators, MHR and SIRI exhibited a stable correlation with CVD risk, and NLR and SII did not show a significant association with 10-year CVD risk and merely showed a weak association in some highest tertiles.


Table 6 | Chronic inflammation status was associated with 10-year CVD risk.



Compared with the lowest tertile, the subjects in the highest tertile of MHR had a 1.937-fold higher risk for 10-year CVD risk in the over 10%/11% risk subgroup, a 2.696-fold higher risk for 10-year CVD risk in the over 20%/22% risk subgroup, and a 4.607-fold higher risk for 10-year CVD risk in the over 30% risk subgroup. As for SIRI, the subjects in the highest tertile of SIRI had a 1.568-fold higher risk for 10-year CVD risk in the over 10%/11% risk subgroup, a 2.488-fold higher risk for 10-year CVD risk in the over 20%/22% risk subgroup, and a 3.397-fold higher risk for 10-year CVD risk in the over 30% risk subgroup compared to the lowest tertile. Furthermore, each SD increment of MHR caused a 29.3% additional risk for 10-year CVD risk in the over 10%/11% risk subgroup, a 42.3% extra risk for 10-year CVD risk in the over 20%/22% risk subgroup, and a 46.8% additional risk for 10-year CVD risk in the over 30% risk subgroup. In addition, SIRI displayed a more aggravated and stable elevated tendency in 10-year CVD risk, each SD increment of SIRI could bring a 22.0% additional risk in the over 10%/11% subgroup, 32.6% in the over 20%/22% subgroup, and 55.7% in the over 30% subgroup. These results suggested that a higher inflammatory status was associated with a higher CVD risk, confirming our hypothesis that long-term chronic inflammation seemed likely to cause CVD or elevate the CVD risk in the future.




Discussion

Most current studies focused on inflammation and metabolism have been conducted at the cellular level and indicated the regulation patterns and interaction effects between various cellular inflammatory factors and molecular metabolic behaviors. Our results, for the first time, revealed the epidemiological association between inflammation levels and the risk of metabolic diseases in a large-scale rural population in China. Our results filled a gap in the study of inflammation and metabolism at the individual and population levels, demonstrating that long-term chronic inflammatory states also affect metabolic status at the individual level, and higher levels of inflammation in the population were significantly associated with an elevated risk of various metabolic diseases, such as MetD and its components. We also compared and screened various inflammatory indicators and found that MHR and SIRI demonstrated a significant and stable effect in evaluating the risk of metabolic diseases in which a higher-level inflammation status was usually accompanied by a higher risk of having MetD and its components. Lastly, based on the metabolic diseases, we further clarified the association between inflammation and risk of CVD and found that a higher inflammatory status was indeed associated with an elevated 10-year CVD risk, suggesting that long-term chronic inflammation seemed likely to cause CVD or elevate the CVD risk in future. Thus, we believe that high inflammation levels tended to indicate a higher risk of CVD or metabolic diseases or suggested that the subject was exposed to a high-risk status of diseases.

In the present study, we used four parameters to reflect inflammatory status. MHR and NLR were traditional indicators to evaluate the inflammatory status. SII and SIRI were novel indicators that assessed the balance between systemic inflammation and immune response in the body and had a better effect on reflecting the inflammatory state (17). Previous studies have confirmed that these indicators were more comprehensive and effective in evaluating inflammation levels and correlated with the prognosis of multiple chronic diseases and adverse CVD events (18–20, 32). Among four indicators, we observed that MHR and SIRI expressed a significant association with metabolic diseases, both overall MetD and detailed MetS, dyslipidemia, and central obesity. We also found that the risk association between these two inflammatory indicators and various metabolic diseases was in a linear manner, in which the risk would gradually elevate with the increment of indices. We observed that SII failed to have a significant association with MetD under low-grade inflammatory status (T2 subgroup). Regarding other metabolic disease components, compared with MHR or SIRI, SII had a weak but significant association with the risk of having MetS, dyslipidemia, and central obesity. Consistent with our conclusion, previous studies have observed that MRH might have a potential linkage with metabolic status. Some studies have indicated that the MHR was associated with BMI and WC levels among MetS patients and observed that patients usually had a higher MHR level, although MetS patients showed low-grade inflammatory status (33). Moreover, the elevated MHR level has been correlated with dyslipidemia among patients with chronic obstructive pulmonary disease (34). SII and SIRI have recently become novel parameters, with which a sufficient number of studies in the metabolic yield have not been yet conducted, but a study focused on the rural population believed that SIRI was correlated with hyperuricemia and SIRI could optimize the risk stratification of hyperuricemia (35), which is also a type of metabolic diseases, indirectly supporting our conclusion. Additionally, a study has revealed that SII had a significant positive linear correlation with increased BMI, which could predict the risk for obesity (36). Therefore, we believe that SIRI had a robust association with metabolic diseases and could assess the risk of MetD and its components, especially MetS.

We observed that NLR almost did not show any association with the risk of metabolic diseases, regardless of the variable (category or continuous). However, we found that NLR demonstrated a significant correlation with MetS or related metabolic outcomes in some studies of specific populations, such as obesity population, bipolar disorder patients, and hyperglycemia patients during pregnancy (37–41). Additionally, patients with multiple metabolic diseases tend to have higher levels of NLR (42). We compared the population characteristics of these studies and further compared the differences between the four different inflammatory indicators. Thus, we believe that there were two possible reasons for these various conclusions. First, we found that NLR was commonly used in multiple-malignancy research to reflect the correlation between inflammation status and the risk of adverse prognosis, in which the microenvironment of patients was already in an overactive or extremely imbalanced inflammatory status (21, 22, 43). We also noticed that the subjects of these previous studies on NLR and metabolic studies all had different levels of metabolic abnormalities, suggesting that NLR was more appropriate for the evaluation of inflammatory status in populations with high inflammation levels. Hence, we believe that NLR seemed to be more suitable for evaluating the risk of metabolic or other adverse events based on preexisting severe diseases, such as MetS, obesity, and DM. We noticed that the calculation of NLR only involved neutrophil and lymphocyte counts, which could only simply respond to the inflammatory state, but MHR and SIRI additionally involved monocyte counts, suggesting that neutrophil counting alone did not provide a good evaluation of metabolic diseases and the immune state represented by monocytes seemed to play an important role in metabolic dysfunction. Thus, we believe that the immune-inflammatory system might be the real participant in inflammatory factor-mediated metabolic alteration. Moreover, we found that although SII did not directly involve monocyte counts, the additional factor of platelet counting could provide a certain description of the immune status to this indicator, allowing us to observe a correlation between SII and multiple metabolic diseases. Due to the absence of monocyte counting, SII showed a weaker evaluation effect than that of MHR and SIRI, confirming our speculation about the role of monocytes in representing the immune status. For these reasons, we failed to observe a significant association between NLR and various metabolic diseases in our study.

Metabolic dysfunction and diseases are recognized as crucial risk factors for CVD (3, 44); thus, we identified the patients who were exposed to abnormal metabolic status to enable us to provide CVD-related protective interventions timely, reduce the risk of CVD in the future, and lessen the burden of CVD events. Several studies have confirmed a significant correlation of these inflammatory indicators in specific populations for certain specific CVD events, such as myocardial infarction and heart failure (45–47). Some cohort studies have revealed that long-term chronic inflammation could significantly increase the risk of adverse prognosis (48, 49). Our study focused on the natural population and demonstrated that MHR and SIRI had an evaluation effect on 10-year CVD risk, regardless of whether the risk was over 10%/11%, 20%/22%, or 30%, further supporting the previous conclusions. We also noticed that NLR and SII did not have an association with the 10-year CVD risk, and these results were in contrast with some previous studies in which these two inflammatory indicators also showed a good evaluation of the risk of CVD events (45, 47). Except for the fact that these two indicators had subject characteristic preferences and disease adaptation, which was led by the monocyte-mediated immune system, as we mentioned before, our study performed FRS to describe the risk of 10-year CVD, leading to the risk for 10-year CVD risk we derived based on the risk probability, whereas other studies defined various CVD events directly as the outcomes in their regression models. Additionally, the differences in the abovementioned aspects might lead to different results on the relationship between these two indicators and CVD risk in different studies.

The present study had some strengths. Our study first examined inflammation and metabolic abnormalities at the individual level, filling the gap in epidemiological research in this area of inflammation and metabolism. This study provided a detailed and comprehensive classification of metabolic diseases, which could accurately reflect the alteration of metabolic status. We measured MHR, NLR, SII, and SIRI, which used common peripheral blood counts and incorporated immunological effects rather than the traditional inflammatory cytokines, to reflect the inflammatory status. Last, we further assessed 10-year CVD risk by FRS based on metabolic diseases to refine the conclusions of previous studies. We also had some limitations. First, the present study was cross-sectional research, having a limitation in the causal description of inflammation and metabolic diseases. In addition, we did not perform further screening to identify the reason for inflammation and simply excluded the subjects with extremely elevated WBC counts due to recent infections, because of which we failed to clarify the primary reason for the hyper-inflammatory status. Additionally, the present regression models did not contain the consumption of various medicines such as anti-hypertension drugs, and we did not consider the effects of drug administration on inflammation and metabolism levels; the present study was conducted in the natural population and tried to screen and figure out the high-risk population from the natural population whether they used drugs or not, thus we believed our conclusions were still acceptable. Finally, our study population was a natural population, but it still displayed a high prevalence of metabolic abnormalities; thus, it might have led our results to selection bias. In the following study, we will refine the questionnaire and further conduct propensity score matching to eliminate these confounding factors and strengthen the conclusion of the present study.

In conclusion, we screened MHR and SIRI, which had a significant association with MetD and its components, such as MetS, dyslipidemia, and central obesity, in which a higher inflammatory status tended to accompany a higher risk of metabolic diseases. Moreover, we confirmed that the increment of these two indicators could cause a gradually evaluated risk of 10-year CVD. Lastly, by comparing the evaluation effects of these four indicators, we believe it was the immune-inflammation system that was involved in the alteration process of metabolic status.
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Background: Many studies have explored the association between diabetes and nocturia, but it remains unclear. This article systematically analyses existing evidence of the relationship between diabetes and nocturia, including subgroup analysis based on the number of voids, gender, and continent, in the hope of reaching more reliable clinical conclusions relating to diabetes and nocturia.

Methods: PubMed, Web of Science, and Cochrane Library were searched for identifying studies relating to diabetes and nocturia prior to July 2021. Literature quality evaluation was performed using the Newcastle Ottawa Scale. A random effect meta-analysis was used for pooled odds ratios (ORs) and confidence intervals (CIs) as a means of evaluating the relationship between diabetes and nocturia.

Results: In total, 29 of 781 potentially relevant studies were proven to be eligible. The overall pooled OR demonstrated that diabetes increases the risk of nocturia (OR: 1.49; 95% CI: 1.38, 1.61; P < 0.00001). The association was found to be more robust among subjects ≥ 1 void than ≥ 2 void (OR: 1.74; 95% CI: 1.41, 2.14; P < 0.00001 vs. OR: 1.45; 95% CI: 1.33, 1.59; P < 0.00001), in males than females (OR: 1.59; 95% CI: 1.41, 1.79; P < 0.00001 vs. OR: 1.41; 95% CI: 1.20, 1.66; P < 0.0001) and in Asia than Europe or North America (OR: 1.54; 95% CI: 1.36, 1.75; P < 0.00001 vs. OR: 1.43; 95% CI: 1.19, 1.72; P = 0.0001 vs. OR: 1.45; 95% CI: 1.22, 1.73; P < 0.0001).

Conclusions: Diabetes has an association with a 1.49-fold higher risk of nocturia. This association is more robust for Asian and male subjects or those at a lower nocturia cut-off.
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Introduction

Nocturia is an incredibly common and bothersome lower urinary tract symptom (1). The incidence of nocturia increases with age. Large-scale investigations have found the incidence of nocturia of ≥ 2 times per night in 60-year-old to be approximately 25% (2). In addition to sleep disruption and impaired quality of life, nocturia can also result in falls, fractures, and increased mortality among the elderly. High-quality meta-analysis has proven that nocturia increases the risk of falls by approximately 20% and that of fractures by 32% (3). In addition, another meta-analysis has demonstrated that nocturia has an association with a 1.27-fold risk of mortality (4). Therefore, identifying the risk factors of nocturia is of great importance.

Nocturia is closely related to age, but it has many influencing factors, namely, hypertension and diabetes (4). Recent studies have shown diabetes to be related to nocturia with a limited level of evidence. However, with the interference of age, gender, race, and other confounding factors, further research is required regarding whether diabetes is an independent risk factor for nocturia. Therefore, the aim of this article is to comprehensively analyze the relationship between diabetes and nocturia and reach a reliable conclusion for further guiding the clinical management of nocturia.



Materials and methods


Search strategy

Standard preferred reporting items for systematic reviews and meta-analysis (PRISMA) guidelines were adhered to when conducting this review. PubMed, Web of Science, and Cochrane Library were searched in order to identify studies relating to diabetes and nocturia that were published before July 2021. Search terms included: “nocturia and (diabetes or hyperglycemia).” Only articles that were published in English were included in the meta-analysis.



Inclusion and exclusion criteria

Inclusion and exclusion criteria were utilized based on the PICOS (patient/population, intervention, control, outcome, systematic) methodology.

Inclusion criteria: Studies that investigated diabetes and nocturia; Articles that included odds ratios (ORs) and confidence intervals (CIs); All the included articles provided the definition of diabetes and nocturia.

Exclusion criteria: System reviews or case reports were excluded; Incomplete data or no OR and 95% CI were excluded; Data from repeatedly published articles was only included once.



Data extraction and quality assessment

Two authors independently searched and screened the literature based on the established inclusion and exclusion criteria. The following data was extracted: First name of author, publication year, patient country, study design, sample size, gender, the definition of diabetes, the minimum number of voids per night, and the number of patients with nocturia. The Newcastle Ottawa Scale (NOS) was used for evaluating the quality of the included studies (5). All the aforementioned work was independently performed by two authors and any differing opinions were resolved through a discussion with a third author.



Statistical analysis

The data was analyzed using RevMan 5.3. We pooled the OR and 95% CI to evaluate the effect of diabetes on nocturia, and z-test was used to assess for statistical significance. Computed values for Cochran's Q test were used to evaluate heterogeneity. Random effects model was performed for high heterogeneity among studies (P < 0.05 or I2 > 50%). Otherwise, the fixed effects model was used. A funnel plot across all studies was made for the evaluation of publication bias. Sensitivity analysis was performed through the removal of individual studies.

For accurately investigating the relationship between diabetes and nocturia, multiple subgroup analyses were conducted. Weighted ORs were pooled in different subgroups according to 1-void and 2-void, male and female, patient continent, single-factor and multi-factor analysis.




Results


Literature screening and quality assessment

We initially screened 781 abstracts, and 439 articles were deleted due to duplication. After reading the full text of 71 articles, 29 articles met the inclusion criteria and were included in this meta-analysis (6–34). The screening flowchart was shown in Figure 1.


[image: Figure 1]
FIGURE 1
 The flowchart showing study search and selection process.


In total, 29 articles were included in the analysis performed in this article and the quality scores of the included literature are shown in Table 1. A total of 197,809 subjects were incorporated into the meta-analysis. The basic characteristics of the literature, namely, gender, the definition of diabetes, the minimum number of voids per night, and the number of patients with nocturia, can be seen in Table 1.


TABLE 1 Basic characteristics and data of included articles.

[image: Table 1]



Association of diabetes and nocturia

All 29 studies that were included explored the association between diabetes and nocturia (6–34). The heterogeneity among studies was found to be high and the random effect model was used (P < 0.00001, I2 = 72%). Pooled OR demonstrated that diabetes increases the risk of nocturia (OR: 1.49; 95% CI: 1.38, 1.61; P < 0.00001) (Figure 2). In subgroup analysis based on the number of voids, the association was found to be more robust in subjects ≥ 1 void than ≥ 2 void (OR: 1.74; 95% CI: 1.41, 2.14; P < 0.00001 vs. OR: 1.45; 95% CI: 1.33, 1.59; P < 0.00001).


[image: Figure 2]
FIGURE 2
 Forest plot for the association between diabetes and nocturia stratified by number of nocturia. Nocturia ≥1 void (A), nocturia ≥2 void (B).




Stratification by gender

For subgroup classification according to gender, 12 studies provided data relating to men (6, 8, 11, 16, 18, 20, 21, 27, 29, 31, 32, 34) and nine studies provided data relating to women (6, 8, 12, 14, 16, 21, 28, 31, 34). Pooled OR showed that diabetes increases the risk of nocturia for men (OR: 1.59; 95% CI: 1.41, 1.79; P < 0.00001) and women (OR: 1.41; 95% CI: 1.20, 1.66; P < 0.0001) (Figure 3). Heterogeneity among both men (P = 0.006, I2 = 58%) and women (P = 0.009, I2 = 61%) was found to be lower than heterogeneity for the overall cohort (P < 0.0001, I2 = 66%).


[image: Figure 3]
FIGURE 3
 Forest plot for the association between diabetes and nocturia stratified by gender. Men (A), Women (B).




Stratification by country

In total, 5 studies provided data relating to Europe (7, 11, 21, 26, 28), 8 studies provided data relating to North America (10, 15, 16, 20, 22, 25, 27, 29), 1 study provided data relating to South America (6), and 15 studies provided data relating to Asia (8, 9, 12–14, 17–19, 23, 24, 30–34). Regardless of the continent, diabetes increases the risk of diabetes. The pooled OR for the Asia subgroup was 1.54 (95% CI: 1.36, 1.75; P < 0.00001). The pooled OR for Asian participants was higher than for Europe subgroup (OR: 1.43; 95% CI: 1.19, 1.72; P = 0.0001) or North America (OR: 1.45; 95% CI: 1.22, 1.73; P < 0.0001) (Figure 4). A South American study showed that diabetes increases the risk of nocturia to a greatest extent (OR: 2.99; 95% CI: 1.86, 4.81; P < 0.00001). Heterogeneity among both Europe (P = 0.0004, I2 = 78%) and North America (P < 0.0001, I2 = 78%) was higher than the heterogeneity for the overall cohort (P < 0.00001, I2 = 74%). In contrast, the heterogeneity of the Asia participants (P = 0.0001, I2 = 65%) was lower than the overall cohort. High heterogeneity among subgroups (P = 0.04, I2 = 64.7%).


[image: Figure 4]
FIGURE 4
 Forest plot for the association between diabetes and nocturia stratified by country. Europe (A), North America (B), South America (C), Asia (D).




Stratification by univariate and multivariate analysis

A total of 14 studies provided data relating to univariate analysis (7–11, 15, 18, 20, 22–25, 29, 33) and 25 studies provided data relating to multivariate analysis (6–14, 16–21, 24, 26–34). The pooled results proved that diabetes significantly increases the risk of nocturia in univariate analysis (OR: 1.97; 95% CI: 1.54, 2.51; P < 0.00001). The pooled OR for univariate was found to be higher than the overall results (OR: 1.71; 95% CI: 1.54, 1.89; P < 0.00001), while the pooled OR for multivariate analysis (OR: 1.55; 95% CI: 1.41, 1.70; P < 0.00001) was lower than the overall results (Figure 5). Heterogeneity among univariate (P < 0.00001, I2 = 89%), multivariate (P < 0.00001, I2 = 76%), and overall analysis (P < 0.00001, I2 = 87%) was found to be higher. The heterogeneity among subgroups was high (P = 0.07, I2 =69.3%). This indicates that multivariate analysis can weaken the interference other factors have on the results.


[image: Figure 5]
FIGURE 5
 Forest plot for the association between diabetes and nocturia stratified by univariate analysis (A) and multivariate analysis (B).




Sensitivity analysis and publication bias

We constructed a funnel plot to detect publication bias for diabetes and nocturia frequency. There is no publication bias for all studies (Supplementary Figure 1). When performed sensitivity analysis by removing individual studies, no sources of heterogeneity were found.




Discussion

This is believed to be the first meta-analysis that explores the relationship between diabetes and nocturia. The conclusions reached following this systematic review have significant guiding value for clinical practice. First, of the 197,809 subjects that were analyzed, diabetes increased the risk of nocturia by approximately 49%, the probability increasing to 1.74-fold for subjects ≥ 1 void nocturia. In addition, in subgroup classification based on gender, diabetes increased the risk of nocturia among males (OR: 1.59; 95% CI: 1.41, 1.79; P < 0.00001) and females (OR: 1.41; 95% CI: 1.20, 1.66; P < 0.0001). The association between diabetes and nocturia was found to be stronger in male subjects than in female subjects. In addition, the pooled OR for Asia (OR: 1.54) was found to be higher than Europe (OR: 1.43) and North America (OR: 1.45). There is a greater likelihood of diabetes being related to nocturia in Asians than in Europeans and Americans. Furthermore, diabetes significantly increased the risk of nocturia in univariate analysis (OR: 1.97), but OR dropped to 1.55 in the multivariate analysis. This demonstrates that many factors interfere with the effect of diabetes on nocturia, and these factors will be discussed later.

Most studies have found that after making adjustments for other factors, diabetes is an independent risk factor for nocturia (6, 18, 32). However, relatively few studies have reported that diabetes and nocturia are two independent diseases (20, 24). Diabetes is a common cause of nocturia for several reasons. Osmotic diuresis secondary to hyperglycemia can significantly increase the output of urine during the night (35). In addition, diabetes-induced cerebrovascular disease or peripheral nerve stimulation resulting in bladder sensory dysfunction or detrusor overactivity may be a cause of overactive bladder (36). A survey that was conducted in Japan found that 25% of patients with diabetes also had bladder detrusor hyperreflexia (37).

Although a strong correlation exists between nocturia and age, the link between diabetes and nocturia appears to have no connection with age, potentially due to the fact that the prevalence of diabetes increases with age. Many studies have found that following adjustments for the effects of age, diabetes has a significant association with nocturia (18, 32). The results of this study are in accordance with previous studies that found diabetes to increase the risk of nocturia even following adjustments made for age, gender, and other factors in multivariate analysis (OR: 1.55).

The more robust relationship between diabetes and nocturia remains controversial in men in comparison to women. In the subgroup classification based on gender in this article, the association between diabetes and nocturia was found to be slightly stronger among men (OR: 1.59) than women (OR: 1.41). However, a meta-analysis indicated that the correlation between hypertension and nocturia is stronger in women (OR: 1.45) than in men (OR: 1.28) (38). This demonstrates that the influence of gender on nocturia is interfered with by accompanying diseases. In addition, the influence gender has on nocturia and the influence diabetes has on bladder function are also interfered with by several confounding factors. In a study that was conducted by Tikinen et al. (39) women younger than 50 years were found to have a higher incidence of nocturia than men of the same age, but the increase rate of nocturia in men was observed as being twice as fast as that of older women. Bing et al. noted that although there is a similar prevalence of nocturia in men and women, women have a higher tolerance to nocturia than men (7). A study found bladder dysfunction caused by diabetes to account for 59.26% of women and 74.07% of men (40). This proves that the degree of association between diabetes and nocturia differs between genders.

Many studies have reported the incidence of nocturia to vary between people of different races. Limited by several races included in one study, subgroup analysis could only be performed by continent. Only one study in South America has investigated the relationship between diabetes and nocturia, so the level of evidence for the results is incredibly low. A more robust association was found between diabetes and nocturia in Asia (OR: 1.54) than in Europe (OR: 1.43) or North America (OR: 1.45). The strong association between diabetes and nocturia in Asia may prove to be particularly useful, particularly considering the fact that Asians are more prone to organ damage resulting from diabetes. The inclusion of several races in individual studies has resulted in particularly high heterogeneity within the group. Therefore, the correlation between diabetes and nocturia in different continents warrants further study.

The strengths of this review include a contemporary search of studies published in English, duplicate assessment of inclusion criteria, and the quality of evidence and extracted data. This is believed to be the first meta-analysis that explores the relationship between diabetes and nocturia. Through an overall evaluation and subgroup analysis, the results of this study provide evidence of an association between diabetes and nocturia. However, there were inevitably some limitations with the meta-analysis in this study. First, many subjects were diagnosed with diabetes based on their medical histories rather than the current status of hyperglycemia. Second, the nocturia data that was obtained through questionnaires was found to be too subjective. Third, pertinent diseases such as hypertension, obesity, and other diseases that may strengthen the association between diabetes and nocturia were not examined. Fourth, the subgroup analysis by country was unable to provide an analysis based on race. At last, the significant difference in the number of cases that were included in the study may lead to biased results.



Conclusions

Diabetes has an association with a 1.49-fold higher risk of nocturia. This association is more robust for Asian and male subjects or those at a lower nocturia cut-off.
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Background

To determine the impact of glucose levels at admission and during first week (early phase) on clinical outcomes in patients with acute pancreatitis (AP) and to investigate the relationship between stress hyperglycaemia (SHG) and hypertriglyceridaemia (HTG).



Methods

Two independent and prospective databases were retrospectively analysed (n = 1792). Patients admitted with pain of less than 48 hours and confirmed AP were included. SHG was defined as admission blood glucose ≥ 10.00 mmol/L (non-diabetic) or ≥ 16.67 mmol/L (diabetic). Blood glucose records for the first week were inspected to determine whether SHG lasted ≥ 48 hours (persistent) or < 48 hours (transient). Clinical outcomes were compared between designated patient groups using multivariate and trend analyses. The correlation between SHG and HTG (serum triglyceride ≥ 5.65 mmol/L) was also analysed.



Results

On admission, SHG was present in 27.8% (499/1792) patients; during the first 48 hours of admission, transient and persistent SHG was found in 31% (556/1792) and 8.0% (144/1792) patients, respectively. Admission SHG was associated with higher incidence of persistent organ failure, acute necrotic collection, major infection, and mortality as well as prolonged length of hospital stay (all P < 0.05). Duration of SHG was also associated with worsened clinical outcomes (all P < 0.05). In HTG-AP patients, more severe clinical outcomes were observed in those who concomitantly had SHG (P < 0.05). 



Conclusions

Admission and persistent SHG during the first week of admission worsens clinical outcomes of AP patients. These effects are more pronounced when admission HTG co-existed.





Keywords: acute pancreatitis, blood glucose, stress hyperglycaemia, hypertriglyceridaemia, clinical outcomes



Introduction

Acute pancreatitis (AP) is one of the leading acute gastrointestinal diseases which has no effective and targeted drug treatment (1) and causes a significant social-economic burden (2). The global incidence of AP is increasing (3) with gallstones and alcohol excess being the most common aetiologies (4). Hypertriglyceridaemia (HTG) has become more common worldwide (5) and has become one of the leading causes in China (6–8). The sequelae of AP, including diabetes mellitus (DM) has a serious impact on quality of life (9, 10). About 20% of patients with AP will develop DM within 3 years of discharge from hospital and the risk increases over time (11, 12). Early diagnosis of hyperglycaemia and optimisation of in-hospital management may help prevent AP-related DM inferred from strong evidence of critically illness (13).

It is now well known that acute illness or injury can result in hyperglycaemia, insulin resistance and glucose intolerance, collectively termed stress hyperglycaemia (SHG) (14). SHG is a key risk factor for incident DM in survivors of critical illness (13). It is plausible, however, that critical illness uncovers latent insulin resistance and/or impaired pancreatic β-cell function, such that SHG identifies patients at increased risk of subsequently developing DM (15). Evidence to date also demonstrates that prolonged severe SHG is associated with a significantly elevated risk of mortality in patients in intensive care unit (ICU) (16). While a pilot study from New Zealand suggested elevated admission fasting blood glucose (BG) might be associated with worse clinical outcomes in AP (17), the relationship between SHG and AP warrants further study. Furthermore, the relationship between SHG and HTG is uncertain. DM, dyslipidaemia and their treatment are highly linked (18, 19). Insulin treatment has been frequently used in the management of HTG-associated AP (HTG-AP), in patients both with and without diabetes (20). And while the overall clinical outcomes are worse with HTG-AP than other aetiologies (6), it is not known whether this is also attributed by SHG.

We have recently investigated the specific BG levels that define SHG in AP patients with or without pre-existing DM (21). It was found that BG ≥ 10.00 mmol/L (180 mg/dL; in non-diabetic patients) or ≥ 16.67 (300 mg/dL; in diabetic patients) were independently associated with persistent organ failure. These findings have not been validated and SHG was only investigated at the time admission without knowing the impact of SHG duration during the early phase of AP on the clinical outcomes. The aims of this study were to (1) validate and explore the impact of admission SHG and persistent SHG during first week, respectively; and (2) investigate the relationship between SHG and HTG and impact on clinical outcomes in AP patients.



Methods


Study design and patient population

The present study was based on the retrospective analysis using the STROBE guidelines (22) of two large Chinese AP prospective databases of consecutively enrolled AP patients. The two cohorts included patients admitted to the West China Hospital of Sichuan University (Chengdu) from January 2016 to August 2017 and First Affiliated Hospital of Nanchang University (Nanchang) from January 2011 to December 2018 (23, 24), respectively. The institutional review boards at both centres (database approval number: Chengdu, No. 2015[247]; Nanchang, No. 2011[001]) approved the study. Data of 1792 patients with AP were used in the study, 688 patients were contributed by Chengdu, and 1104 by Nanchang, respectively (Supplementary Figures 1A, B).



Data collection

All patients followed uniform diagnostic criteria for AP according to Revised Atlanta Criteria (RAC) (25). Comprehensive clinical data were prospectively recorded on admission, within 24 hours, 24-48 hours, day 3 and if still being hospitalised, then on days 5, 7 and once a week then as previously reported (6, 8, 21, 23, 24). The data collected included demographics of age, sex, body mass index (BMI), date of admission, time from abdominal pain onset to hospital admission, referral status, and co-morbidities. Clinical data included vital signs, haematology, biochemistry, blood gas analysis, clinical severity scores, CT pancreatic imaging. Treatment data included drugs, drainage, debridement, organ failure support. Outcome data included clinical outcomes (below), date of discharge or death. Patients were managed according to the International Association of Pancreatology/American Pancreatic Association (IAP/APA) (26).



Inclusion and exclusion criteria

The inclusion criteria were adult patients (18-80 years) who had pain for 48 hours or less prior to admission, including those referred from other hospitals. The BG levels were determined at the time of admission and during the first week of admission at a frequency of at least every 48 hours.

The exclusion criteria were admission hypoglycaemia (BG level < 3.9 mmol/L) (27); use of glucocorticoids before admission; pregnancy or lactation; AP aetiologies of trauma, chronic pancreatitis or neoplasia; advanced comorbidities (congestive heart failure 3-4 or unstable coronary heart disease, end stage lung diseases, chronic kidney disease stage 4-5, liver cirrhosis with modified Child-Pugh grade 2-3, malignancy or immune deficiency); and incomplete data.



Definitions

Blood glucose: admission BG data used in this study were derived from the first blood biochemistry analysis of patients who presented at emergence department and very few were obtained at general ward. Subsequent daily BG levels during the first week were from the biochemistry analysis of blood drawn prior to any potential food intake in the morning (fasted at least for 8 hours overnight).

Stress hyperglycaemia: defined as BG ≥ 10.00 mmol/L or ≥ 16.67 mmol/L for non-diabetic and diabetic patients, respectively (21), regardless of insulin treatment status.

Persistent SHG: defined as SHG not resolved after 48 hours of treatment. Patients with early fulminant pancreatitis who died within 48 hours after admission and hence were not able to develop SHG lasting > 48 hours, were included in the group of patients with persistent SHG (28, 29).

Transient SHG: defined as SHG of less than 48 hours duration regardless of insulin treatment.

Pre-existing DM: diagnosed based on disease and medicine history, or serum glycated haemoglobin (HbA1c; ≥ 6.5% or 48 mmol/mol) as per American Diabetes Association (ADA) criteria (27).

HTG-AP: defined as AP with serum triglyceride (TG) levels ≥ 5.65 mmol/L on admission after ruling out common aetiologies (6, 21). Definitions for other aetiologies were as previously described (6, 8, 21, 23, 24).



Outcomes

The primary clinical outcome was persistent organ failure, defined as at least one of the systems (respiratory, circulatory, or renal) having modified Marshall organ failure score ≥ 2 and lasting ≥ 48 hours (25). Secondary outcome measures included multiple organ dysfunction syndrome (MODS) (2 or more systems), acute necrotic collection (25), major infection (presence of infected pancreatic necrosis, sepsis and/or pneumonia) with microbiological and/or imaging evidences (30), mortality followed up for 3 months, and length of hospital stay (LOHS).



Statistical analysis

Continuous data are displayed as medians with 25th-75th percentile and compared using Mann–Whitney U test, Kruskal-Wallis H test, or Cuzick’s trend test analyses. Categorical data are expressed as number with percentages and compared using Chi-square test (or Fisher’s test), linear trend test or proportional trend test analyses.

Multivariate logistic regression analysis was used to report categorical outcome measures and expressed as odds ratios (ORs) with 95% confidence intervals (CIs). Cox proportional hazards analysis was used to report LOHS and expressed as hazard ratios (HRs) with 95% CI (days for deceased patients were considered as truncated data). In both multivariate logistic regression and Cox proportional hazards analyses, baseline factors including age, or those of important clinical significance were adjusted. To quantify the effect of unmeasured potential confounding factors, we report the E-value, which represents the minimum strength of association on the risk ratio scale that an unmeasured confounder would need to have with both the exposure (with SHG) and the outcomes to fully explain away an association between the two (31). Survival differences between the duration of SHG were performed using the log rank test and plotted on Kaplan–Meier curve and adjusted using the methods of marginal balancing in groups. A two-sided P < 0.05 was considered statistically significant. Statistical analyses were performed using SPSS® 26.0 (IBM, Armonk, New York, USA). The E-value and 95% CI were calculated using an online calculator: https://www.evalue-calculator.com/evalue/ (31, 32).




Results

The demographics and clinical outcomes are shown in Supplementary Table 1. Of the included 1792 patients, the median age was 47 years (38–57), with 1135 (63.3%) were male and 245 (13.7%) had pre-existing DM. Persistent organ failure developed in 373 (20.8%) and 81 (4.5%) were MODS. Of 1510 patients had CT scan, 419 (27.7%) had acute necrotic collection. Major infection was diagnosed in 141 (7.9%) of all patients and 43 died (2.4%), all occurred in those who had persistent organ failure/MODS. The overall median LOHS was 9 days (6–14). We found these two cohorts had the same distribution of the primary outcome persistent organ failure and other important clinical outcomes such as MODS, acute necrotic collection, major infection and mortality (all P > 0.05) of the present study design, albeit with the demographic, aetiologies, and admission clinical severity scoring systems varied.


SHG on admission and impact on clinical outcomes

SHG on admission was present in 499 (27.8%) patients (Table 1). There were no statistical differences in age, gender, pre-existing DM and time to admission between those with and without SHG. There were significant differences in BMI, Charlson comorbidity index, tertiary cases, admission TG, HTG-associated aetiology (37.3% vs 23.2%), and clinical severity scores (all P < 0.05) between patients with and without SHG.


Table 1 | Baseline characteristics of patients with or without stress hyperglycaemia on admission.



Results for comparing clinical outcomes between patients with and without admission SHG are shown in Table 2. These were adjusted for baseline parameters including age, gender, BMI, Charlson comorbidity index, time to admission, referral status, biliary aetiology, admission TG levels and APACHE II score. Patients with admission SHG had significantly worse clinical outcomes: persistent organ failure (OR 2.00, 95% CI 1.51-2.65), acute necrotic collection (OR 1.78, 95%CI 1.39-2.29), major infection (OR 2.22, 95%CI 1.52-3.24), and mortality (OR 2.11, 95%CI 1.04-4.29) (all adjusted P < 0.05), corresponded to E-values of 2.18, 2.00, 3.87 and 3.64, respectively; the respective E-values for the low 95% CIs were 1.76, 1.64, 2.41 and 1.24. Admission SHG was also significant associated with increased LOHS (HR 0.77, 95%CI 0.68-0.85) when compared with those without SHG, E-value with the high 95% CI were 1.92 and 1.63.


Table 2 | Comparison of clinical outcomes with or without stress hyperglycaemia on admission.





Duration of SHG and impact on clinical outcomes

Transient SHG was found in 556 (31%) and persistent SHG in 144 (8.0%) patients (139 were non-diabetic) and comparison between these two groups is demonstrated in Supplementary Table 2. There were no significant differences between these groups for age, gender, and alcohol aetiology (all P > 0.05). In patients with increased duration of SHG there was a significant increase in BMI, HTG aetiology, admission BG and TG levels, and clinical severity scores (all P < 0.001).

Persistent SHG was associated with more severe AP compared with transient SHG or no SHG groups (both P < 0.001). There were no significant differences between transient SHG and no SHG groups (Figure 1A). There were 10 (0.9%), 20 (3.6%) and 13 (9.0%) deaths in no, transient and persistent SHG patients, respectively, followed a significant step-wise increase with duration of hyperglycaemia (all Log rank P < 0.001; Figure 1B), even after adjusting for baseline parameters including age, gender, BMI, Charlson comorbidity index, time to admission, referral status, biliary aetiology, and admission TG levels (all P < 0.001; Figure 1C).




Figure 1 | Features of patients stratified by duration of stress hyperglycaemia during the first week of admission. (A) Severity classification. (B) Kaplan–Meier survival curve. (C) Survival curve after adjusting for age, gender, BMI, Charlson comorbidity index, time to admission, referral status, biliary aetiology and admission TG levels. SHG, stress hyperglycaemia; MAP, mild acute pancreatitis; MSAP, moderately severe acute pancreatitis; SAP, severe acute pancreatitis.



The comparison of clinical outcomes between patients with no, transient, and persistent SHG was adjusted age, gender, BMI, Charlson comorbidity index, time to admission, referral status, biliary aetiology, admission TG levels, and APACHE II using multivariate analysis (adjusted OR or HR). Across these 3 groups there was a step-wise increase in the incidence of persistent organ failure, MODS, acute necrotic collection, major infection, and mortality with corresponding prolonged LOHS (all Ptrend < 0.05; Figure 2). In addition, the clinical outcomes were worse in patients with persistent SHG compared with those with admission SHG (Supplementary Figure 2).




Figure 2 | Trend analysis for clinical outcomes stratified by duration of stress hyperglycaemia. POF, persistent organ failure; MODS, Multiple Organ Dysfunction Syndrome; ANC, acute necrotic collection; LOHS, length of hospital stays.





Relationship between SHG and HTG and impact on clinical outcomes

There was a significant positive association between admission BG and TG levels (rs = 0.297, P < 0.001; Supplementary Figure 3A). The incidence of SHG in AP patients with HTG was significantly higher than those with non-HTG (39.2% vs 21.3%, P < 0.001; Supplementary Figure 3B).

Subgroup analyses compared the impact of admission SHG on clinical outcomes between non-HTG and HTG-associated AP patients. The clinical outcomes were worse in non-HTG-AP patients with admission SHG than those without SHG (Table 3, upper panel). The same was true for HTG-AP patients (Table 3, lower panel). These results were confirmed after adjusting for age, gender, BMI, Charlson comorbidity index, time to admission, and referral status (Table 3).


Table 3 | Clinical outcomes of patients stratified by stress hyperglycaemia in non-HTG and HTG groups on admission.






Discussion

In this study, we have validated the newly defined SHG in AP patients showing a step-wise relationship between increased admission glucose levels and worsened clinical outcomes. This study also demonstrates that AP patients can be classified according to glycaemic status during the disease early phase (first week) into no, transient, and persistent SHG which were associated with escalating disease severity and adverse clinical outcomes; clinical outcomes were worse in patients with persistent SHG compared with those with admission SHG. Furthermore, the association of SHG with adverse clinical outcomes remained robust in HTG-AP patients.

A large number of studies have focused on the probability of DM after pancreatitis and its possible mechanism (11, 12, 33–35). Few have studied on BG changes under stress status and its impact on the severity or outcomes of AP patients (21). The pathogenesis of SHG during critical illness is complex, including increased release of counter-regulatory hormones, altered insulin receptor signalling due to inflammation, pancreatic beta-cell inhibition and interventions such as administration of glucocorticoids or parenteral nutrition (36, 37). How glucose metabolism is affected by derangement of adrenaline, glucagon, cortisol, and insulin remains to be elusive due to lack of comparable studies, it is relatively clearer that hyperglycaemia in AP mainly due to both impairment of beta-cells resulting a decrease in insulin secretion and the production of cytokines. This causes the appearance/worsening of insulin resistance and subsequently induces hyperglycaemia, which, in turn, may further damage beta-cells and worsen insulin resistance observed in critical illness (16). In this study, we also further demonstrate that AP patients with SHG often had higher BMI and TG levels, suggesting that well accepted risk factors for DM also contribute to the development of SHG.

While the definition of SHG varied among studies (36, 38), the strength of the association between each glucose parameter and outcome emphasises the significance of this relationship. SHG is associated with a significantly elevated risk of mortality in ICU patients (16). A recently meta-analysis demonstrated that COVID-19 patients with hyperglycaemia (BG ≥ 7, 7.7, 10, or 11 mmol/L) also had a higher risk of developing severe or critical illness compared with normoglycaemia patients regardless of prior DM conditions (39). Similarly, we optimised SHG as BG ≥ 10.00 mmol/L and ≥ 16.67 mmol/L for AP patients without pre-existing diabetes and those with pre-existing diabetes, respectively, according to multivariate logistic regression and ROC curves) on admission (21). Here, we further verified these admission BG cut-off values and confirmed a step-wise relationship between increased glucose levels and worsened clinical outcomes in AP patients, consistent with our previous findings. Sensitivity analyses revealed that it would take very strong confounding to negate the associations observed in this study. These observations are the same when analysing the two composition cohorts of varied baseline characteristics and aetiologies separately (data not shown).

Persistent hyperglycaemia is a common parameter used to evaluate blood glucose fluctuations, and our finding of their association with adverse clinical outcomes in AP patients is similar to that in acute ischaemic stroke, acute myocardial infarction, intracerebral haemorrhage, and other critical illness (28, 29, 40, 41). On the other hand, the early phase (first week) in severe AP patients is often accompanied by persistent SIRS which develops to persistent organ failure/MODS, serving as the predominate cause of death (8, 42). Duration of organ failure during the first week had proved to be strongly associated with the risk of local complications and death (8, 43). Therefore, in the current study, we also studied dynamic nature of glucose changes and their association with clinical outcomes during the first week in AP patients. Persistent SHG was defined as the SHG persisted over 48 hours as other disease definitions (28, 29), and we newly defined transient SHG for those SHG presented but less than 48 hours referred to the definition time of whether the organ failure in AP persists or not (25). There was a stepwise increase of adverse clinical outcomes in patients with no, transient, and persistent SHG. And the increase was more pronounced with persistent SHG than with admission SHG. This means that once SHG occurred during the first week of admission, the risk of all adverse clinical outcomes increased, and the longer the duration of SHG, the more serious the clinical outcome would be. However, we cannot directly establish the cause-effect relationship claiming that SHG aggravated the severity of AP in the current study. Whether SHG worsens clinical outcomes of AP patients warrant further basic and clinical research.

HTG has been reported as the aetiology of AP in more than a third of cases in some large Chinese AP cohorts (6–8). This may be due to an increasing prevalence of central obesity (44) and/or metabolic syndrome in Chinese populations (45). We and others have previously shown that admission TG levels are associated with worse clinical outcomes in AP patients (6, 46), but these analyses did not account for co-existing SHG. We took a subgroup analysis for HTG-AP and found the similar adverse effect of SHG on the outcomes as for the whole cohort of AP. These findings highlight a close interaction between glucose haemostasis and lipid metabolism (47, 48). This is an important finding because it provides justification for strategies to lower both glucose and TG in the acute management of AP. A recent meta-analysis of observational studies supported the use of insulin for the early management of HTG-AP patients (49). Recently, a compelling experimental study suggests that endogenous insulin protected pancreatic acinar cells during AP by preserving glycolytic ATP supply to calcium pumps (50). Therefore, insulin can protect against AP by both acting on acinar cells and hormone-sensitive lipase (preventing release of free fatty acids from TG) and this warrants clinical trials.

Our study has several limitations. Firstly, as the nature of post hoc analysis, the BG data were not available for every day (data were mainly missing on day 4 and day 6), which may cause the lower proportion of transient SHG than it actually was. Secondly, only more than half of the patients had HbA1c measured on admission and thus we most likely underestimate the prevalence of pre-existing DM in out cohorts. Thirdly, we could not determine from both databases what the timing of and which treatment strategies affected the glucose levels. Therefore, we did not try to perform an analysis of glycaemic variability. Further research with individual-level data on treatment type and timing may help clarify these questions. Finally, we did not investigate the impact of admission and duration of SHG on the probability of developing post-pancreatitis DM, which will comprise a separate study.



Conclusion

In conclusion, we demonstrate that the admission and duration of SHG had important impact on development adverse clinical outcomes in AP patients. Screening, monitoring, and targeting AP patients with high-risk of developing SHG may have beneficial clinical implication.
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Background

Numerous observational studies have shown that liver enzymes correlated with diabetes mellitus (DM) risk significantly, but limited studies showed whether different obesity subgroups present the same correlation. Our objective was to evaluate the association of liver enzymes with DM risk in different obesity subgroups based on a middle-aged Chinese population.



Methods

We conducted a population-based cross-sectional study and surveyed 9,916 people aged 40 years and above. A two-slope linear regression model was used to analyze the cutoff points of obesity in DM risk. Restricted cubic splines were used to analyze the correlation between liver enzymes and DM risk in different obesity categories. The odds ratios and 95% confidence intervals (CIs) were calculated using the logistic regression model.



Results

The cutoff points of body mass index (BMI) and waist circumference were 30.55 kg/m2 and 98.99 cm for DM risk, respectively. The serum gamma-glutamyl transferase (GGT) concentration was positively correlated with DM risk in the subgroups with waist circumference <98.99 cm [OR = 1.04, 95% CI (1.03–1.05)], BMI <30.55 kg/m2 [OR = 1.04, 95% CI (1.03–1.05)], and BMI ≥30.55 kg/m2 [OR = 1.18, 95% CI (1.04–1.39)], but not in the subgroup with waist circumference ≥98.99 cm. Alanine aminotransferase (ALT) and aspartate aminotransferase (AST) concentrations have no significant correlation with the risk of diabetes in all groups.



Conclusion

The results showed that serum GGT concentration was correlated with DM risk but not with AST or ALT in the middle-aged population. However, the correlation disappeared when waist circumference was over 98.99 cm, and serum GGT concentration had a limited value for DM risk in waist circumference over 98.99 cm.





Keywords: GGT, AST, ALT, diabetes mellitus, obesity



Introduction

According to the International Diabetic Federation diabetes atlas (10th edition, 2021), the global prevalence of diabetes has reached 10.5% and is expected to rise to 11.3% in 2030 and 12.2% in 2045. Approximately 6.7 million people (20–79 years old) died of diabetes or its complications in 2021, accounting for approximately 12.2% of all deaths worldwide (1, 2). According to an epidemiological survey, the prevalence of diabetes mellitus in mainland China was 12.8% in 2017, indicating that diabetes mellitus has become an important public health problem in the world, especially in China (3). Therefore, identifying the high-risk population of diabetes is important to solving the public diabetes burden.

Numerous observational studies indicated that liver enzymes such as aspartate aminotransferase (AST), alanine aminotransferase (ALT), and gamma-glutamyl transferase (GGT) were positively correlated with the risk of diabetes mellitus and metabolic syndrome, especially serum GGT (4–11). The liver plays an important role in maintaining the homeostasis of glucose metabolism, and liver enzyme concentrations are positively correlated with liver damage. Serum ALT and AST are released from the injured hepatocytes. GGT widely exists on the surface of cell membranes and is a key participant in the metabolism of glutathione. Glutathione is an important cellular antioxidant, which is closely related to inflammation and oxidative stress in tissues (12, 13), and oxidative stress and inflammation play an important role in the development of insulin resistance (14).

Obesity refers to a state that is obviously overweight, caused by the excessive accumulation of body fat (15). Obesity can promote global inflammation and peripheral insulin resistance, increasing the prevalence of various metabolic diseases, such as diabetes and non-alcoholic fatty liver disease (16, 17). According to a 2015–2017 national cross-sectional study in China, the incidence of overweight and obesity is 30.1% and 11.9%, respectively, and the proportion of the population with a body mass index (BMI) ≥30 kg/m2 is 6.3%. The prevalence of diabetes mellitus (DM) in BMI <25 kg/m2, 25 kg/m2 ≤ BMI < 30 kg/m2, and BMI ≥30 kg/m2 is 8.8%, 13.8%, and 20.1%, respectively (3).

To better assess the correlation between liver enzymes and DM risk, obesity classification should be considered. However, limited studies showed whether obesity plays a role in the correlation between liver enzymes and the risk of diabetes mellitus. So, we conducted a large population cross-sectional study in Guangzhou, China, to clarify the relationship and provided guidance for identifying a high-risk population of diabetes mellitus.



Method


Study populations

From June to November 2011, we performed a community-based cross-sectional research in Guangzhou, China. The participants in this study were selected from the Risk Evaluation of Cancers in Chinese Diabetic Individuals: A longitudinal (REACTION) research project, which has established a multicenter prospective observational study to evaluate chronic diseases in the Chinese population (18). The study population, design, and protocol have been previously described (19). Briefly, through inspection notices or home visits, a total of 10,104 residents aged 40 or over were invited to participate. A total of 9,916 individuals accepted to participate in the poll after signing the permission form, and the participation rate was 98.1%. Among these participants, individuals who failed to provide BMI (n = 278), waist circumference (WC) (n = 229), liver enzymes (n = 2,127, one or more among the AST, ALT, GGT), blood glucose (n = 230), and diabetes history information (n = 47) were excluded, and individuals with diabetes history were also excluded (n = 691) (Figure 1). Finally, a total of 6,434 qualified individuals were included in the final data analysis.




Figure 1 | Study population flowchart.



The research protocol has been approved by the Institutional Review Committee of Sun Yat-sen Memorial Hospital affiliated to Sun Yat-Sen University and complies with the principles of the Declaration of Helsinki II. Each participant gave written informed consent before data were collected.



Measurements

We collected information about lifestyle factors, sociodemographic characteristics, education information, marital status, and family history of diabetes using standard questionnaires. Lifestyle factors include smoking and drinking. Smoking or drinking habits are classified as “never,” “current” (smokers or drinks regularly in the past 6 months), or “never” (stops smoking or drinking for more than 6 months).

All participants used standard procedures to complete the anthropometric measurements with the assistance of trained personnel. With automatic electronic equipment (OMRON, Omron Company, China), blood pressure measurements were performed three consecutive times by the same observer at 5-min intervals. The analysis was performed using the average of three blood pressure measurements. Participants wore light clothing and had no shoes, and their height and weight were measured to be within 0.1 cm and 0.1 kg, respectively. BMI was computed by multiplying body weight (kg) by height (square meter) (kg/m2). WC was measured at the level of the umbilical cord when the participant is standing and at the end of a mild exhalation.

After an overnight fast for at least 10 h, a venous blood sample was collected for laboratory testing. Measurement of fasting blood glucose (FPG), fasting serum insulin, total cholesterol (TC), triglycerides (TG), high-density lipoprotein cholesterol (HDL-C), low-density lipoprotein cholesterol (LDL-C), GGT, AST, and ALT was performed using an automatic analyzer (Beckman CX-7 Biochemical Autoanalyzer, Brea, CA, USA). Hemoglobin A1c (HbA1c) was evaluated by high-performance liquid chromatography (Bio-Rad, Hercules, CA, USA). Diabetes is diagnosed according to the 1999 World Health Organization’s diagnostic criteria, including fasting blood glucose greater than or equal to 7.0 mmol/L and/or OGTT 2 h greater than or equal to 11.1 mmol/L.



Statistical analysis

Continuous variables were presented as means ± standard deviation (SD). Skewed variables were presented as medians (interquartile ranges). Categorical variables were expressed as proportions. Differences among groups were tested by one-way ANOVA, and post-hoc comparisons were performed by using Bonferroni correction. Comparisons between categorical variables were performed with the χ2 test.

We performed the two-slope regression model to determine the relationship between BMI or WC and the risk of diabetes to analyze the cutoff points for DM risk.

Linear regression and logistic regression were performed to calculate the odds ratios (ORs) of diabetes and 95% confidence intervals (95% CIs) after adjusting for age, gender, BMI, SBP, TG, and HDL. Restricted cubic splines were performed to visualize the shape of the dose–response association among the AST, ALT, GGT, and odds ratio of diabetes, respectively. All statistical analyses were performed using RStudio version 3.6.1. A two-tailed p <0.05 was considered statistically significant.




Results


Clinical characteristics of the study population

The clinical characteristics of the study population are shown in Table 1. The mean age of the diabetes group versus the non-diabetes group was 57.6 (7.00) vs. 54.7 (6.68). The diabetes group also had higher BMI, WC, DBP, SBP, CHOL, TG, and LDL and lower HDL (all p for trend <0.001). In addition, compared with the non-diabetes group, the diabetes group had higher serum GGT levels (24.0 vs. 19.0 U/L, p < 0.001) and higher serum ALT levels (13.0 vs. 12.0 U/L, p < 0.001), but with no significant difference for AST levels (19.0 vs. 18.0 U/L, p = 0.163).


Table 1 | Characteristics of the study population.





The effect of BMI and WC on the risk of diabetes

In order to explore the appropriate cutoff points of BMI and WC for the risk of diabetes, we performed the two-slope regression model to visualize the association of BMI or WC on the risk of diabetes. The cutoff points for BMI and WC were 30.55 kg/m2 and 98.99 cm, respectively (Figure 2). The results showed that when BMI or WC exceeds 30.55 kg/m2 or 98.99 cm, respectively, the risk of diabetes will increase significantly.




Figure 2 | The effect of body mass index (BMI) and waist circumference (WC) on the risk of diabetes.





The curve correlation between liver enzymes and DM risk

We explored the correlation between liver enzymes and the risk of DM in different BMI and WC subgroups, according to the cutoff point above, using restricted cubic spline graphs. The results showed that in the population with BMI <30.55 kg/m2, ALT and AST have no curvilinear correlation with the risk of DM (p = 0.362 and p = 0.840, respectively), and GGT has a curvilinear correlation with the risk of DM (p < 0.001) (Figures 3A–C). In the population with BMI ≥30.55 kg/m2, liver enzymes have no curvilinear correlation with the risk of DM (all p > 0.05) (Figures 3D–F). According to WC, in the population with WC <98.99 cm, our study found that ALT and AST have no curvilinear correlation with the risk of DM (p = 0.382 and p = 0.935, respectively), and GGT has a curve correlation with the risk of DM (p < 0.001) (Figures 3G–I). It is particularly worth noting that in the population with a WC ≥98.99 cm, although the statistical analysis of the curve relationship has no significance (all p > 0.05), the restricted cubic spline graph showed a U-shaped relationship between liver enzymes and DM risk (Figures 3J–L).




Figure 3 | The association between liver enzymes and the risk of diabetes in different BMI and WC subgroups. (A) Association between alanine aminotransferase (ALT) and odds ratio (OR) in the subgroup with BMI <30.55 kg/m2. (B) Association between aspartate aminotransferase (AST) and OR in the subgroup with BMI <30.55 kg/m2. (C) Association between gamma-glutamyl transferase (GGT) and OR in the subgroup with BMI <30.55 kg/m2. (D) Association between ALT and OR in the subgroup with BMI ≥30.55 kg/m2. (E) Association between AST and OR in the subgroup with BMI ≥30.55 kg/m2. (F) Association between GGT and OR in the subgroup with BMI ≥30.55 kg/m2. (G) Association between ALT and OR in the subgroup with WC <98.99 cm. (H) Association between AST and OR in the subgroup with WC <98.99 cm. (I) Association between GGT and OR in the subgroup with WC <98.99 cm. (J) Association between ALT and OR in the subgroup with WC ≥98.99 cm. (K) Association between AST and OR in the subgroup with WC ≥98.99 cm. (L) Association between GGT and OR in the subgroup with WC ≥98.99 cm.





The association of liver enzymes with DM risk in different BMI subgroups

In our study, we grouped the subjects according to the cutoff point of BMI and explored the relationship between liver enzymes and the risk of diabetes in different groups. The results of the study showed that only GGT levels have a significant correlation with the DM risk (Table 2). After adjusting for confounding factors, the OR (95% CI) is 1.04 (1.03–1.05, p < 0.001) in the population with BMI <30.55 kg/m2, and the OR (95% CI) is 1.18 (1.04–1.39, p < 0.024) in the population with BMI ≥30.55 kg/m2. As for AST and ALT, after adjusting for confounding factors, the ORs (95% CI) were 0.98 (0.96–1.01, p = 0.094) and 1.00 (0.99–1.02, p = 0.573) in the subgroup with BMI <30.55 kg/m2, respectively. Moreover, the ORs (95% CI) were 1.16 (0.98–1.39, p = 0.095) and 1.05 (0.94–1.20, p = 0.412) in the subgroup with BMI ≥30.55 kg/m2.


Table 2 | The linear regression model of the relationship between liver enzymes and DM risk in BMI subgroups.





The association of liver enzymes with DM risk in different WC subgroups

Subjects were grouped according to the cutoff points of WC. We explored the association between liver enzymes and DM in different WC subgroups (Table 3). After adjusting for confounding factors, the results showed that GGT only has a positive correlation with DM risk in the population with WC <98.99 cm, and the OR (95% CI) is 1.04 (1.03–1.05, p < 0.001). In the population with WC ≥98.99 cm, the serum GGT has no significant correlation with DM risk, and the OR (95% CI) is 1.02 (0.98–1.06, p = 0.365). As for ASL and ALT, they had no significant correlation with DM risk in both WC subgroups.


Table 3 | Regression model of the relationship between liver enzymes and DM risk in WC subgroups.



According to the restricted cubic spline graph (Figures 3J–L), in the population with WC ≥98.99 cm, liver enzymes show a U-shaped relationship with DM risk. Therefore, we divided them into three categories according to the distribution of liver enzymes. AST was divided into three categories according to 16.75 and 23.00 U/L, and ALT was divided according to 11.00 and 20.00 U/L. GGT was divided based on 19.00 and 32.25 U/L (Table 3). For all liver enzymes, the middle range group was used as the reference group (the ALT reference category was 16.75–23.00 U/L, the AST reference category was 11.00–20.00 U/L, and the GGT reference category was 19.00–32.25 U/L). The results showed that liver enzymes have no correlation with the risk of diabetes significantly in the population with WC ≥98.99 cm (all p > 0.05).




Discussion

In this manuscript, we focused on the relationship between liver enzymes and DM risk in different obesity subgroups in a cross-sectional study. We got the cutoff points of BMI and WC according to the two-slope linear regression model, and restricted cubic splines were used to analyze the correlation between liver enzymes and DM risk in different classes of the obese population divided according to cutoff points. Our results showed that only serum GGT level was correlated with DM risk instead of ALT and AST. It is worth noting that the correlation disappeared in the subgroup with WC ≥98.99 cm.

For obesity categories, previous studies conventionally grouped individuals according to the WHO criterion or percentile (20, 21). Our obesity classifications were not based on these criteria, considering that the criteria cannot reflect DM risk accurately. We conducted a two-slope regression model to find out the cutoff point where the DM risk increased faster. The cutoff points were 98.99 cm and 30.55 kg/m2, respectively. Interestingly, the BMI cutoff point was similar to the WHO obesity classification (BMI ≥ 30 kg/m2); however, the Chinese always use the Asian obesity classification (BMI > 28 kg/m2). Moreover, the WC cutoff point was much higher than the abdominal obesity classification (WC > 90 cm for men and WC > 85 cm for women). We used the common criteria as the cutoff point to repeat the analysis, and the results showed a significant association between GGT and DM risk in all groups (Table S1). The results implied that different regional populations with different ages may need more special criteria for DM risk and other obesity complications.

Our study showed that after grouping by BMI or WC, there was no significant correlation between ALT or AST and DM risk, and only GGT was correlated in some subgroups. The results were consistent with previous studies (4, 22–24). The results suggested that GGT levels were more significant for evaluating DM risk than other liver enzymes. However, there were other studies that showed conflicting results. A population study in Europe showed that ALT was significantly correlated with impaired glucose tolerance (IGT) but not with GGT or AST (25), suggesting that ALT and prediabetes are closely related. However, the study had limitations. The sample size of that study was 157, and it only adjusted for age and gender. A population study in China showed that GGT levels were not significantly associated with HOMA-IR in non-alcoholic fatty liver disease patients (NAFLD). The study only included 212 patients. The sample size may not be powerful and the HOMA-IR was not equal to DM risk (26). Another prospective study in Korea that included 548 patients showed that GGT levels were associated with DM risk only in women but not in men. Our study population mainly consisted of women, which may lead to conflicting results (4). A Mendelian randomization study showed that genetically higher ALT was associated with a higher DM risk but not GGT (27). However, the Mendelian randomization study was based on genes, not considering environment function and compensation function, and we cannot exclude the possibility that GGT was associated with DM risk. GGT is a protein that exists widely on the cell membrane and is closely related to the metabolism of glutamate in cells. GGT regulates the level of oxidative stress in cells and tissues, which is closely related to diabetes mellitus risk (14). In this respect, GGT has a more reasonable metabolic relevance, which partly explains why GGT in liver enzymes has a more significant diabetes risk association than ALT or AST.

We observed that GGT was associated with DM risk in different subgroups, but this association disappeared in the group with WC ≥98.99 cm. The result showed that the association will be disturbed for severe abdominal obesity individuals. A 15,792 middle-aged community-based prospective cohort study in the USA showed that GGT was associated with DM risk, after adjusting for body mass index, WC, and other confounding factors (28). The result was inconsistent with ours to some extent, and for this reason, we cannot get the association in the group with WC ≥98.99 cm. The contradiction may rely on WC stratification. The possible mechanism underlying the phenomenon was unclear and may be proposed as follows. Severe abdominal obesity may be a confounding factor for GGT and DM risk, which was similar to other points (29). Abdominal obesity with increased visceral fat is closely related to systemic inflammation and oxidative stress, and abnormal oxidative stress usually leads to increased serum GGT concentrations (12). So, patients with severe abdominal obesity, who are at high DM risk, may be accompanied by elevated serum GGT concentration raised from abnormal oxidative stress and led to the confounding associations between GGT and DM. The other explanation was that the risk factors for the development of diabetes mellitus in the population with severe abdominal obesity were not similar in other groups. Furthermore, the risk of DM reflected by GGT may not play a major role in a population with severe abdominal obesity, and GGT will also show different associations with DM risk in a population with different pathophysiological states.

Our research also has certain limitations. The major limitation is that the data of the ultrasonic diagnosis of fatty liver were incomplete, considering that the liver enzymes were highly associated with fatty liver and we could not exclude the confounding factor. Secondly, our study has a cross-sectional design. Causal inferences could not be drawn between serum GGT and DM risk among different subgroups, so more in-depth prospective studies may be needed to prove it. Thirdly, in the subgroup of people with WC ≥98.99 cm, the disappearance of the relationship may lie in the sample size of the subgroups (n = 144), and we should get more samples to ensure the associations. Lastly, the population in this study consists of middle-aged individuals aged >40 years old in South China and cannot represent the younger population and the North China population. Furthermore, the population mainly consists of women, partially because we invited residents over the age of 40 years and women are predominant in this age range in China. The pathophysiological mechanism of this research still needs to be further clarified.

In summary, in this cross-sectional study of a large population, we found that increased serum GGT levels are correlated with the risk of diabetes, and showed different effects in subgroups with different BMI or WC values. Serum GGT may be a better reference marker for predicting the risk of diabetes mellitus than AST or ALT in clinical practice. Individuals with elevated liver enzymes, especially GGT, should be alert to the risk of diabetes mellitus. However, GGT has limitations on DM risk in a population with severe abdominal obesity. For this population, even elevated GGT cannot reflect the risk of diabetes mellitus, and other biomarkers should be considered.



Conclusion

Our study suggests that serum GGT levels have greater reference significance than AST or ALT for the risk of diabetes in the middle-aged population. Moreover, GGT levels correlate with DM risk except for those with severe abdominal obesity. In clinical practice, GGT should be combined with WC to determine DM risk.
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Background

Growing evidence indicates that non-alcoholic fatty liver disease (NAFLD) is related to the occurrence and development of diabetic nephropathy (DN). This bioinformatics study aimed to explore optimal crosstalk genes and related pathways between NAFLD and DN.



Methods

Gene expression profiles were downloaded from Gene Expression Omnibus. CIBERSORT algorithm was employed to analyze the similarity of infiltrating immunocytes between the two diseases. Protein–protein interaction (PPI) co-expression network and functional enrichment analysis were conducted based on the identification of common differentially expressed genes (DEGs). Least absolute shrinkage and selection operator (LASSO) regression and Boruta algorithm were implemented to initially screen crosstalk genes. Machine learning models, including support vector machine, random forest model, and generalized linear model, were utilized to further identify the optimal crosstalk genes between DN and NAFLD. An integrated network containing crosstalk genes, transcription factors, and associated pathways was developed.



Results

Four gene expression datasets, including GSE66676 and GSE48452 for NAFLD and GSE30122 and GSE1009 for DN, were involved in this study. There were 80 common DEGs between the two diseases in total. The PPI network built with the 80 common genes included 77 nodes and 83 edges. Ten optimal crosstalk genes were selected by LASSO regression and Boruta algorithm, including CD36, WIPI1, CBX7, FCN1, SLC35D2, CP, ZDHHC3, PTPN3, LPL, and SPP1. Among these genes, LPL and SPP1 were the most significant according to NAFLD-transcription factor network. Five hundred twenty-nine nodes and 1,113 edges comprised the PPI network of activated pathway-gene. In addition, 14 common pathways of these two diseases were recognized using Gene Ontology (GO) analysis; among them, regulation of the lipid metabolic process is closely related to both two diseases.



Conclusions

This study offers hints that NAFLD and DN have a common pathogenesis, and LPL and SPP1 are the most relevant crosstalk genes. Based on the common pathways and optimal crosstalk genes, our proposal carried out further research to disclose the etiology and pathology between the two diseases.





Keywords: non-alcoholic fatty liver disease, diabetic nephropathy, crosstalk, LPL, SPP1, bioinformatics



Introduction

Diabetic nephropathy (DN) is a rigorous microvascular complication primarily associated with both type 1 and type 2 diabetes mellitus (T2DM) and has been the leading cause of end-stage renal disease (ESRD) worldwide (1–3). Both morbidity and mortality of DN have promptly increased around the world (1, 2, 4). Non-alcoholic fatty liver disease (NAFLD) has become pyramidally ordinary in parallel with the adding popularity of obesity and other components of the metabolic syndrome (5, 6). NAFLD is distinguished as the existence of fat storage ≥5% of liver weight with the absence of excessive alcohol consumption or secondary cause of liver diseases such as autoimmune hepatitis, hemochromatosis, and Wilson’s disease (3, 7–9). Being metabolic diseases, factors that contribute to NAFLD, such as diabetes, chronic inflammation, insulin resistance, and obesity, are also associated with the development of DN.

Several observational studies reported an impressive proportion that there were 70%–86% of patients with NAFLD also suffering from T2DM (6, 8, 10–12). Jia et al. (13) found that the cumulative incidence of DN in patients with NAFLD was much higher than those without it and that the liver fat content was positively correlated with increased occurrence of albuminuria and decreased glomerular filtration rate (GFR). Targher et al. (14) also found that the prevalence of diabetic retinopathy and chronic kidney disease (CKD) was significantly higher in patients with NAFLD. Previous epidemiological studies further suggested several contributors including metabolic syndrome, dysbiosis, unhealthy diets, platelet activation, and processes acting as the linking factors between NAFLD and CKD, which implied the potential correlations involved in the pathogenesis of liver and kidney disease (15). That NAFLD might be a risk factor for DN had been analyzed by some researchers (13). The relationship between NAFLD and DN seems rational and of clinical interest to some extent.

Based on the results of current observational studies, the potential contributions of genetic factors and protein–protein interactions (PPIs) on the correlation of NAFLD and DN should be further analyzed. In this study, bioinformatics analysis was used to disclose the crosstalk mechanisms between NAFLD and DN at the transcriptomic level. The mutual transcription characteristics would offer new insights into the common pathogenesis of NAFLD and DN. The purpose of this study is to recognize optimal crosstalk genes, participant pathways, and transcription factors (TFs). We hypothesize the existence of crosstalk genes between NAFLD and DN, then employed comprehensive bioinformatics and enrichment analyses to identify the common differentially expressed genes (DEGs) and the functional pathways of NAFLD and DN. At last, we identified 10 crosstalk genes, favoring the similarity between these two diseases.



Materials and methods


Study design and data collection

We acquired microarray data from Gene Expression Omnibus (GEO) database (http://www.ncbi.nlm.nih.gov/geo/). After earnest review, four gene expression profiles (GSE66676 and GSE48452 were NAFLD datasets, and GSE30122 and GSE1009 were diabetic human kidney disease datasets, with no other complications) were selected. Figure 1 shows the schematic of the research.




Figure 1 | Workflow of this study. We downloaded the gene expression profiles of NAFLD and DN from the GEO database, including two NAFLD datasets (GSE66676 and GSE48452) and two DN datasets (GSE30122 and GSE1009). Datasets were merged, and DEGs were found by R software. The LASSO regression and Boruta algorithm were used to select the optional crosstalk genes. RF model was considered the best model to predict DN using the 10 crosstalk genes. In addition, protein–protein interaction (PPI) and functional enrichment analyses of the DEGs were performed. Graphic created with BioRender.com. NAFLD, nonalcoholic fatty liver disease; DN, diabetic nephropathy; GEO, Gene Expression Omnibus, DEGs, different expression genes.





Data procession and differentially expressed gene analysis

We combined two datasets for each disease to increase the sample size. R software (version 4.1.1; https://www.r-project.org/) and “BiocManager” packages were applied to analyze the data. The expression data from different datasets were normalized using the robust multi-array average and merged together, and the “sva” library was used for combating batch correction to remove batch effects. We then used the Linear Models for microarray data (“limma” package) to identify DEGs by comparing the expression values between NAFLD patients and control cases. Genes with P < 0.05 were considered DEGs. The same way was done in the diabetic kidney disease dataset. The “pheatmap” package was used to draw the heatmap of the DEGs in R software.



Gene set enrichment analysis

In order to understand and interpret coordinate pathway-level changes in transcriptomics experiments represented under different conditions, the gene set enrichment analysis (GSEA) was used to determine whether there are statistically significant differences between the two groups as to a defined set of genes (16). R package “clusterProfiler” was used to perform GSEA. Gene sets “c7.all.v7.5.1.entrez” were downloaded from “Downloads (gsea-msigdb.org)“ website, and then R software was employed to retrieve systematic functional annotation information. P < 0.05 was the cutoff criterion. We examined the pathway-level changes for all DEGs in NAFLD and DN to find out whether there were reduplicative pathways.



Immune infiltration analysis

The proportions of 22 kinds of immune cells, including naive B cells, memory B cells, plasma cells, CD8 T cells, naive CD4 T cells, CD4 resting memory T cells, activated memory CD4 T cells, helper follicular T cells, regulatory T cells (Tregs), delta gamma T cells, resting natural killer (NK) cells, activated natural killer (NK) cells, monocytes, macrophages M0, macrophages M1, macrophages M2, resting dendritic cells (DCs), active DCs, resting mast cells, activated mast cells, eosinophils, and neutrophils, were obtained, and CIBERSORT algorithm was utilized to analyze the gene expression data between NAFLD and DN.

We brought in all genes that were expressed in both NALFD and DN patients to explore the common ground based on 22 kinds of immune cells between the two diseases. The percentage of each kind of immune cell in the samples was calculated. Single-sample gene set enrichment analysis (ssGSEA) was employed to calculate the degree of penetration of 28 immune cell types on the grounds of the expression levels of genes in 28 published gene sets for immune cells (17).



Identification of potential crosstalk genes and functional enrichment analysis

The potential crosstalk genes were identified as DN-related DEGs overlapped with the NAFLD-related ones. These crosstalk genes could have the potential ability of linking the pathogeneses of NAFLD and DN.

To further determine the biological features of potential crosstalk genes, Gene Ontology (GO) analysis was accomplished by “clusterProfiler“ of R Bioconductor packages. A classification method is offered by the “clusterProfiler“ packages to classify genes based on their projection at a specific level of the GO corpus and provide functions to calculate enrichment values for GO terms. The enriched function with P < 0.05 was considered a significant pathway. Based on this analysis method, we selected the top 20 GO biological processes. To identify the most significant clusters of the crosstalk genes, PPI network of crosstalk genes was constituted by STRING (STRING 11.5; Search Tool for the Retrieval of Interaction Gene; https://string-db.org/). Cytoscape (version 3.8.0) was used to visualize the PPI network.



Identification of optimal diagnostic crosstalk genes

To better screen the risk crosstalk genes between NAFLD and DN, Boruta algorithm and least absolute shrinkage and selection operator (LASSO) regression were performed in R project. The LASSO regression was used to filter the best predictive features while fitting a generalized linear model (GLM) and avoiding overfitting. The Boruta employed a wrapper approach, built around a random forest (RF) classifier. After merging two NAFLD datasets, the expression values of potential crosstalk genes were extracted. The DEGs between NAFLD patients and healthy controls were reserved for feature selection, and the optimal crosstalk genes were initially recognized using the Boruta algorithm and LASSO regression. To narrow it down further, we combined the results of the two algorithms.

On the grounds of the optimal diagnostic crosstalk gene expression on the NAFLD merged dataset, we created the RF model, support vector machine (SVM) model, and GLM to pick out the best model. The response variable was the diagnosis of NAFLD or not, and the DEGs were used as explanatory variables. We then used the explain feature of “DALEX” package in R to find out which was the finest model among these three models aforementioned based on the plot of residual distribution.



Development of the random forest model using optimal diagnostic crosstalk genes

After extracting the gene expression values of the filtered crosstalk genes that constitute the merged gene expression profile, the RF model with the gene expression value and sample type was built (NAFLD and healthy) to further confirm the diagnostic value of these crosstalk genes. The R package “randomForest” was applied to build the RF model. The “ComBat” method of “sva” packages in R project was performed to eliminate the batch effect. It is worth noting that the gene sample expression values were changed after a series of operations that are mentioned above, comparing previous gene expressions. Therefore, the primitive expression profile of the two datasets GSE66676 and GSE48452 was obtained. Afterward, the optimal crosstalk genes were confirmed by Boruta algorithm and LASSO regression, and then the expression values of the optimal crosstalk genes from the merged data were confirmed. We select the gene expression values of the filtered optimal genes to form the merged gene expression profile, and the RF models with the gene expression profile value and sample type were set up (NAFLD or healthy). The NAFLD merged data were input as training data, and the DN merged data were imported as testing data. The prediction effectiveness was determined by the accuracy rate of the test set.



Transcription factor-adjusted and pathway analysis of the crosstalk genes

We downloaded TFs that regulate the target genes from TRRUST and ChEA3 databases, taking the intersection of TFs from these two databases. Based on the TF–target relationship, the NAFLD-related TF–target pairs were picked out, and the Cytoscape software was used to set up and visualize the TF–target gene interaction network.

In order to pick out activated pathways, the remarkably enriched pathways by the DEGs of NAFLD were screened. We selected the potential crosstalk pathways that may be the bridge of NAFLD and DN and obtained the genes functioning in each pathway. Finally, the Cytoscape software was used to construct the pathway–gene crosstalk network. For the purpose of confirming the functional TFs, which adjusted the crosstalk genes in the activated pathways, we picked out the crosstalk genes in the pathway–gene pairs and identified the NAFLD-related TFs and DN-related TFs. Moreover, 10 crosstalk genes were also included. Finally, the network of these four parts was created.




Results


Identification of differentially expressed genes and functional pathways by gene set enrichment analysis

A total of 215 study subjects were included in the current study. The mean age with standard deviation was 63.29 ± 14.61 years (DN patients) and 52.44 ± 12.90 years (healthy control) for the DN group and 45.92 ± 11.29 years (NAFLD patients) and 33.52 ± 8.82 years (healthy control) for the NAFLD group. The proportion of women was 66.5% and 78.9% for the DN and NAFLD groups, respectively. To identify DEGs between NAFLD and healthy controls, we recruited microarray expression profiles of GSE66676 and GSE48452 from the GEO database. After merging and normalizing the microarray data, 1,265 DEGs between NAFLD and healthy controls were selected by “limma” package (P < 0.05). Two DN datasets were also picked out from the GEO website, which was done in the same way. Finally, we got 1,265 DEGs in the NAFLD merged dataset and 1,085 DEGs in the DN merged dataset (heatmap shown in Supplementary Figures S1A, B). GSEA was implemented to reveal the functional similarity between the two diseases. All DEGs of each disease were contained in the GSEA using gene set “c7.all.v7.5.1.entrez.” As a result, three common pathways were identified in NAFLD and DN (Supplementary Figures S2A, B).



Immune infiltration analysis

By employing the CIBERSORT algorithm, we investigated the similarity in immune infiltration between NAFLD patients and DN patients in 22 subpopulations of immune cells. The results acquired from NAFLD patients and DN patients were summarized by R software (Supplementary Figure S3A). The samples were screened according to P < 0.05, and the percentage of each kind of immune cell in the samples was calculated. As shown in Supplementary Figure S3B, there are no significant differences between NAFLD and DN tissue in most immune cells, such as macrophage M1, which were considered to be proinflammatory and promote inflammation (18). However, the DN tissue generally included a high ratio of naive CD4 T cells, delta gamma T cells, activated NK cells, and resting mast cells, while resting NK cells had the opposite trend of expression. In the ssGSEA (Supplementary Figure S3C), 17 immune cell subtypes, including activated B cell, NK T cell, immature B cell, effector memory CD8 T cell, and central memory CD4 T cell, demonstrated no significant expression differences between NAFLD and DN. However, Myeloid-derived suppressor cells (MDSC), memory B cells, regulatory T cells, T follicular helper cells, and Type 1 T helper cells showed higher expression in DN patients, while immature DCs were highly expressed in NAFLD patients. The consequences of the CIBERSORT algorithm and ssGSEA manifest that the two diseases are likely to have a similar immune infiltration environment, which laid the theoretical foundation to link them.



Identifying crosstalk genes, Gene Ontology analysis, and construction of the protein–protein interaction network

After overlapping the DEGs of the two datasets, we finally got 80 crosstalk genes. The Venn diagram for the DEGs was given in Figure 2A. The heatmaps of common DEGs between NAFLD and DN were represented in Figures 2B, C. The GO analysis found that common DEGs were most intensively related to neutrophil-related pathways such as neutrophil degranulation, neutrophil activation involved in immune response, neutrophil-mediated immunity, and neutrophil activation. The detailed biological pathways in which DEGs were involved were shown in Figures 3A–D.




Figure 2 | Venn diagram and expression level of common DEGs. (A) The intersection of DEGs in the NAFLD merged dataset and DN merged dataset from GEO contains 80 optimal crosstalk genes. The expression level of 80 common DEGs in the NAFLD merged dataset (B) and DN merged dataset (C).






Figure 3 | Gene Ontology pathway enrichment analysis. Result of GO pathway enrichment analysis of the 80 common DEGs, the dot plot (A) and bar plot (B). Biological process (BP), cellular component (CC), and molecular function (MF) analysis results of 80 common DEGs, the dot plot (C) and bar plot (D). X-axis represents the proportion of DEGs and Y-axis on behalf of the different categories. The size of the circle manifests the number of genes enriched in each category and different properties are denoted by the color of the circle.



Seventy-seven nodes and 283 edges comprised the constructed PPI network of common DEGs (Figure 4A). The most significant module (score = 5.846) was recognized by MCODE, a plug-in of Cytoscape. CytoHubba was used to identify the hub genes (Figure 4B). SPP1 may be the key gene that contacts NAFLD and CKD, since it had the highest score in the biological network.




Figure 4 | The protein–protein interaction analysis. (A) The PPI network analysis of the 80 common DEGs. (B) The hub genes identified by CytoHubba.





Prediction of optimal crosstalk genes and building the machine learning model

We then extracted the expression data of the 80 genes from the NAFLD gene expression profile. Gene biomarkers were identified with the LASSO and Boruta algorithms. A total of 15 genes were finally selected (Figures 5A–C; Supplementary Table S2). Furthermore, the optimal crosstalk genes were identified by overlapping biomarkers derived from these two algorithms. We got 10 optimal crosstalk genes in the end.




Figure 5 | Feature selection. Crosstalk gene selection by LASSO regression (A, B) and Boruta algorithm (C). (A) By using LASSO model to confirm the optimal genes, the partial likelihood deviance curve was plotted vs. log(lambda). Based on 1 SE of the minimum criteria (the 1-SE criteria) to draw dotted vertical lines. (B) Confirmed 34 genes with non-zero coefficients by optimal lambda. Panel (A) shows the coefficient profile plot produced against the log(lambda) sequence. (C) The 15 confirmed genes were indicated by the yellow box. X-axis represents selected genes. Y-axis represents the score of each gene.



To select and create the optimal prediction model, three models including SVM, RF, and GLM were created in light of the training NAFLD merged dataset. After that, the “DALEX” package’s explanatory feature in R was utilized to analyze the three aforementioned models. As shown in Figures 6A–C, which revealed the residual distribution, the RF model was confirmed as the best suitable model because it possesses the least sample residual. Ultimately, the expression of the 10 optimal crosstalk genes in NAFLD [CD36, WIPI1, CBX7, FCN1, SLC35D2, CP, ZDHHC3, PTPN3, lipoprotein lipase (LPL), and SPP1] was input to create the RF model. The gene expression profile of the 10 feature genes was also extracted from the DN merged dataset. Treating the NAFLD merged dataset as training data and the DN merged dataset as validation data, the predicted outcome of the RF model was shown in Supplementary Table S1. Supplementary Figure S4 shows the importance of 10 genes in the RF model. The forecast performance of each gene in both NAFLD and DN was shown in Supplementary Figure S5. The area under the curve (AUC) values of LPL and SPP1 in DN were 86% and 80.1%, and the AUC values of LPL and SPP1 in NAFLD were 72.5% and 64.3%, respectively. Supplementary Figure S6 showed the expression of the 10 genes in the two diseases.




Figure 6 | Construction and evaluation of RF model, SVM model, and GLM. (A) Accumulated residual distribution picture of the sample. (B) Boxplot of the residuals of the sample. The root mean square of the residuals was indicated by a red dot. (C) The significance of the variables in the three models.





Transcription factor–gene regulation network

We got a total of 35 mutual TFs, and the TF–target network was established as shown in Figure 7A. The optimal crosstalk genes with the highest degree were SPP1 and LPL and therefore potentially played a significant role in the TF–target network. Supplementary Figure S7 showed the network between NAFLD TF–target pairs and DN–genes.




Figure 7 | A series of protein–protein interaction (PPI) networks. (A) NAFLD-related TFs selected by TRRUST and ChEA3, indicated by yellow circles. The purple circles represent the top 50 significant differentially expressed genes in the NAFLD merged dataset. The optimal 10 crosstalk genes are indicated by the green circle. (B) Fourteen crucial pathways functioning in both NAFLD and DN, indicated by green squares. The purple-red circles represent the genes from each pathway both NAFLD-related and DN-related. The lilac circles represent the significant differentially expressed genes in the NAFLD merged dataset. The green circle represents the significant differentially expressed genes in the DN merged dataset. (C) DN-related TFs selected by TRRUST and ChEA3, indicated by purple circles. The green circles represent 10 optimal crosstalk genes. The genes from each pathway both NAFLD-related and DN-related were indicated by yellow circles. The pink circles represent NAFLD-related TFs.



Ultimately, 14 crucial pathways, which may play a key role in the progress of NAFLD, were selected. In order to recognize the pathway crosstalk between NAFLD and DN, we established the pathway–gene crosstalk network. Five hundred twenty-nine nodes and 1,113 edges were included in the activated pathway–gene network (Figure 7B). To further explore the relationship between NAFLD and DN, the DN-related TF–target pairs and NAFLD-related TF–target pairs were extracted and the PPI was built. Meanwhile, the PPI between 10 crosstalk genes was obtained, then the activated TF–crosstalk gene network was established (Figure 7C). Consequently, we discovered that crosstalk genes were regulated by many TFs. The closeness of their relationship was indicated by the size of the circle. The highest degree among the 10 crosstalk genes remained to be SPP1 and LPL. DN-related TF–target pairs had a closer relationship with crosstalk genes.




Discussion

The major outcome of this study was that bioinformatics analysis could expose crosstalk genes between NAFLD and DN. Accordingly, LPL and SPP1 were identified to be the most concerned genes; meanwhile, some participant pathways were identified. According to their expression values in each patient and forecast ability, the latent correlation of these genes was confirmed. The areas under the ROC curve of these two genes are higher than those of most genes (Supplementary Figure S3); furthermore, they have the highest degree in the TF–target network.

According to our results, the aberrant lipid and glucose metabolism plays an important role in the crosstalk between NAFLD and DN. The LPL gene, which belongs to the lipase gene family including hepatic lipase, endothelial lipase, and pancreatic lipase, could combine with lipoproteins and cell surface proteins concurrently, resulting in accumulation and uptake of lipoproteins (19, 20). In 2019, Teratani et al. (21) found that the expression of LPL was changed in hepatic stellate cells in NAFLD patients. Serum obesity-related factors, including interleukin-6, leptin, and free fatty acid (FA), could further affect its circulating level (21). NAFLD would even evolve to hepatocellular carcinoma (HCC) due to the aberrant activation of LPL, since it had great impact on HCC cell proliferation and lipid deposition (19).

On the other hand, LPL had also been proven to be associated with the development and progression of DN (20). A previous study has shown that DN rats have elevated levels of total cholesterol, triglycerides (TGs), and low-density lipoproteins (LDL), accompanied by significant changes in plasma LPL activity (22). When the activity of LPL is affected, it would consequently result in hypertriglyceridemia, which is a pivotal trait of nephrotic syndrome (23). Our previous studies also found that dyslipidemia was one of major risk factors for diabetic kidney disease (24, 25). In 2019, Al Shawaf et al. (23) found that the level of circulating ANGPTL4, an inhibitor of LPL, was significantly higher in DN patients compared with those in T2DM patients and healthy controls. Its expression was also positively correlated with serum creatinine and urinary albumin-to-creatinine ratio (23). These findings indicated that the suppressing efforts on LPL were increasing during the progression from DM to DN, which suggested an intervention target for the early prevention of the development of DN in DM patients.

Another crucial crosstalk gene we found was SPP1, which encodes osteopontin and is expressed in a variety of cells and tissues including endothelial cells, DCs, macrophages, and kidney (26, 27). Osteopontin is known as a regulator of hepatic stellate cell activation. Zhu et al. (28) found that the contribution of hepatocyte-derived osteopontin in NAFLD was capable of altering the liver microenvironment to potentiate fibrosis via a Notch-activated pathway. Notch-mediated osteopontin secretion in hepatocytes could directly activate hepatic stellate cells and cause excessive collagen deposition, despite hepatocellular injury. Furthermore, by performing chronic γ-secretase inhibitor treatment, liver Notch activity was decreased and hepatic stellate cell activation and liver fibrosis were reduced (28). In the progression of DN, Notch signaling pathway was activated following long-term exposure to hyperglycemia (29). The expression of constitutively active Notch intracellular domain in mature podocytes caused podocyte dedifferentiation, glomerulosclerosis, and apoptosis that substantially caused albuminuria and progressive renal failure (30, 31). By treating with γ-secretase inhibitors, the diabetes-induced glomerulosclerosis and podocyte injury could be prevented, which suggested that inhibiting the overactive Notch pathway in renal cells could be a potential plausible therapeutic approach (32).

Previous studies indicated that hyperglycemia would increase the expression of SPP1, which caused an elevated exposure of cells to proinflammatory cytokines and inflammation indicators including tumor necrosis factor α, transforming growth factor β, and interleukin-1 (33–36). In our current study, the immune filtration analysis also found that there were common expressions of macrophages and DCs between the NAFLD and DN groups, which suggested that inflammatory activations were involved in the crosstalk of the two diseases. It has been proven that in high-glucose conditions, the transcriptional activity of SPP1 was enhanced in proximal tubular epithelial cells (PTECs), which means that when T2DM occurred, the expression of SPP1 will increase and SPP1 promotes the occurrence and development of both diseases (37). Zhang et al. (38) also found that the SPP1 was negatively correlated with GFR in diabetic kidney disease patients. Some researchers believed that SPP1 could be the core target to treat diabetic kidney disease by using traditional Chinese medicine (39). SPP1 is also conjectured to function in the transformation of non-alcoholic steatohepatitis (NASH) to HCC like LPL (40).

In the enrichment analysis part, we found that 14 pathways were involved in the crosstalk between NAFLD and DN, one of which was “regulation of lipid metabolic process.” Several previous studies also demonstrated that the progression of DN was linked to serum lipid abnormalities and renal ectopic lipid accumulation (18, 41, 42). The proportion of kidney-absorbed LDL would be different when the activity of the LDL receptor changed; meanwhile, the expression of LDL receptor would be remarkably suppressed by cholesterol in podocytes (42). Lipid loading facilitates the phenotypic conversion of podocytes, which results in the disappearance of its epithelial features (43–45). Most DN patients performed albuminuria or macroproteinuria during the progression of disease. The albumin also acted as a vehicle for FAs in urine. Consequently, albuminuria may cause extensive accumulation of FAs and accelerate kidney injury in DN patients (46). By analyzing 34 DN patients and 12 healthy controls, Herman-Edelstein et al. (47) found a high degree of correlation between lipid metabolism and GFR. In the situation of continuing hyperglycemia in diabetic patients, TGs and FAs were accumulated (47). Ectopic lipid accumulation in non-adipose tissues, such as liver, kidney, heart, and pancreas, occurs because of raised serum TGs, FFAs, and modified cholesterol (41, 48–51), which appear to play a part in the pathogenesis of DN (52–54). This condition also seems to result in NAFLD. This suggests that diabetes also acts as a link between these two diseases. Consistent with this, obvious neutral lipid accumulation was found both in glomeruli and tubulointerstitium in diabetic kidneys (47). Two of the features of DN in electron microscope podocyte process effacement, interestingly, lipotoxicity and lipid cumulation, can lead to podocyte malfunction and apoptosis (55). Hence, it is reasonable for DN to see heavy lipid deposition (47).

A previous study found that the total counts of lipid droplets (LDs) decreased when kidney tissue was seriously fibrosed. This process was similar to the progression of NASH (56). Liver is the central organ of lipoprotein metabolism, since it takes part in the production of lipoprotein particles in all categories. It also plays a central role in the metabolism of TGs and cholesterol. Serum TGs and remnant cholesterol would be elevated when liver function is impaired. Then, it comes with altered glucose metabolism and insulin resistance, which are believed to be hallmarks of NAFLD (57). NAFLD occurs at the time of excessive intake of FAs and TGs from the circulation. Unbalanced lipid metabolism is also related to NAFLD advancement from steatosis to NASH; moreover, alterations in liver and serum lipidomic signatures are excellent indicators of NAFLD’s development and progression (58).

Both NAFLD and DN were considered to be affected by chronic inflammation progression, especially in individuals with abnormal serum glucose and lipid concentration (7, 12, 59). In our current study, we also found that there were aberrant proportions and expression levels of immune indicators in both diseases. There were a total of 7 and 17 kinds of immune cells performing higher proportion and expression levels, respectively. Most of them showed no significant differences between NAFLD and DN groups, which indicated the mutual mechanism in the two diseases. Enrichment analysis further demonstrated that several common DEGs were enriched in immune-related functions, including neutrophil activation, neutrophil-mediated immunity, and positive regulation of mitophagy.

Liver-mediated lipid changes are associated with the severity of proteinuria (60). Similarly, the diagnosis of DN refers to the appearance of specific pathologic structural alongside functional changes in the kidney of patients with DM, one of which is proteinuria (61). Renal injury is generally non-reversible on the condition that albuminuria persistently occurs (13). Various mechanisms, such as poor plasma glucose control, activation of sympathetic nervous system, and insulin resistance both in liver and kidney contribute coordinately to the advancement of kidney diseases (62, 63). Metabolic syndrome is a significant contributor to the evolution of chronic kidney dysfunction (64, 65). It has already been confirmed that lipid accumulation is strongly associated with inflammatory stress in the kidney. Through perturbing the LDL receptor pathway and induced phenotypic change and dysfunction in podocytes, inflammation induces lipid accumulation (42). Obesity is closely associated with these two diseases, which have been considered as a risk factor for both NAFLD and DN (9, 66, 67). Obesity, T2DM, and NAFLD can not only facilitate systemic insulin resistance but also boost the accumulation of hepatic fat and impairment of glucose metabolism (3, 66); in the meantime, insulin resistance can stimulate hepatic macrophages. T2DM often causes chronic hyperinsulinemia, which plays a vital role in liver metabolism abnormalities (41). The possibility that kidney dysfunction occurs was remarkably higher in patients with NAFLD based on two cross-sectional studies (14, 68). There is an assumption that along with the advancement of NAFLD into NASH, diabetic kidney diseases would occur (69). With the progression of NASH, metabolic disorders, for example, dyslipidemia, insulin resistance, and glucose intolerance, would collectively advance the renin-angiotensin (RAS) system system and influence nitric oxide formation (70–72), which can facilitate the progression of DN. Simultaneously, a mechanism in NASH adjusted by liver-derived inflammatory mediators and oxidative stress, which boosts the free proinflammatory, procoagulant, pro-oxidant, and profibrogenic factors from the liver, participates in the development of DN (69, 73–75). Renal hemodynamics may be influenced because of activation of the sympathetic nervous system, hence conducing to the onset or deterioration of kidney diseases (3, 63). Therefore, based on these common risk factors, it is reasonable to conjecture the interlink between NAFLD and DN, and early detection and treatment of NAFLD may be of clinical significance for the intervention of DN.

Altogether, this study identified two major crosstalk genes and relevant shared pathways, which emphasize the comparability and underlying relationship between NAFLD and DN. It is reasonable to consider that NAFLD patients are vulnerable to get and develop kidney dysfunction caused by T2DM and insulin insistence. Despite the credibility of such a probability interlink, more research needs to be done to reveal the potential mechanism of these two diseases. Nevertheless, there exist several limitations in our study. Firstly, data on survival times and outcomes are lacking. Therefore, the effect of these crosstalk genes on survival could not be tested. Secondly, the integration of different gene expression datasets might be biased because of discrepancies in the experimental setting for each dataset. Ideally, unnecessary bias should be avoided by making sure all gene expression data have the same experimental settings. In addition, it was a retrospective study. For the purpose of averting analysis bias associated with retrospective studies, a prospective study is recommended to be conducted. Lastly, the current study is entirely ground on computer analyses, thus the validation analysis based on wet-lab will be encouraged to confirm these crosstalk genes we found.



Conclusion

To the best of our knowledge, this is the first study of crosstalk mechanisms between NAFLD and DN using bioinformatics analysis, identifying common immune and TF-related mechanisms. LPL and SPP1 are the most relevant crosstalk genes in our study, which suggest that NAFLD and DN may have a common pathogenesis.
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Background

Exercise is an effective strategy for the prevention and regression of hepatic steatosis in patients with non-alcoholic fatty liver disease (NAFLD), but it is unclear whether it can reduce advanced stages of NAFLD, i.e., steatohepatitis and liver fibrosis. Furthermore, it is not evident which modality of exercise is optimal to improve/attenuate NAFLD.



Objectives

The aim is to systematically review evidence for the effect of aerobic exercise (AE) on NAFLD, in particular non-alcoholic steatohepatitis (NASH) and liver fibrosis.



Methods

A systematic literature search was conducted in Medline and Embase. Studies were screened and included according to predefined criteria, data were extracted, and the quality was assessed by Cochrane risk of bias tools by two researchers independently according to the protocol registered in the PROSPERO database (CRD42021270059). Meta-analyses were performed using a bivariate random-effects model when there were at least three randomized intervention studies (RCTs) with similar intervention modalities and outcome.



Results

The systematic review process resulted in an inclusion a total of 24 studies, 18 RCTs and six non-RCTs, encompassing 1014 patients with NAFLD diagnosed by histological or radiological findings. Studies were grouped based on the type of AE: moderate-intensity continuous training (MICT) and high-intensity interval training (HIIT). A total of twelve meta-analyses were conducted. Compared to controls, MICT resulted in a mean difference (MD) in the NAFLD biomarkers alanine transaminase (ALT) and aspartate aminotransferase (AST) of -3.59 (CI: -5.60, -1.59, p<0.001) and -4.05 (CI: -6.39, -1.71, p<0.001), respectively. HIIT resulted in a MD of -4.31 (95% CI: -9.03, 0.41, p=0.07) and 1.02 (95% CI: -6.91, 8.94, p=0.8) for ALT and AST, respectively. Moreover, both AE types compared to controls showed a significantly lower magnetic resonance spectroscopy (MRS) determined liver fat with a MD of -5.19 (95% CI: -7.33, -3.04, p<0.001) and -3.41 (95% CI: -4.74, -2.08, p<0.001), for MICT and HIIT respectively. MICT compared to controls resulted in a significantly higher cardiorespiratory fitness (MD: 4.43, 95% CI: 0.31, 8.55, p=0.03).



Conclusion

Liver fat is decreased by AE with a concomitant decrease of liver enzymes. AE improved cardiorespiratory fitness. Further studies are needed to elucidate the impact of different types of AE on hepatic inflammation and fibrosis.



Systematic Review Registration

https://www.crd.york.ac.uk/prospero/, identifier (CRD42021270059).





Keywords: non-alcoholic fatty liver disease, aerobic exercise, high-intensity interval training, moderate-intensity continuous training, systematic review, meta-analysis



1 Introduction

The prevalence of obesity has strongly increased, driving an increase in the prevalence of non-alcoholic fatty liver disease (NAFLD) (1, 2). Consequently, NAFLD is now the most common liver disease globally, affecting 30–40% of adult men and 15–20% of adult women (3). The latest findings show an alarming number of children who are developing NAFLD in their early childhood (4). NAFLD is intertwined/associated with multiple metabolic diseases, i.e., metabolic syndrome and type 2 diabetes mellitus (T2DM). At least half of the patients with T2DM have NAFLD. Moreover, atherosclerotic cardiovascular disease (asCVD) is the main cause of mortality among patients with NAFLD (5–7).

The disease spectrum of NAFLD ranges from simple steatosis to non-alcoholic steatohepatitis (NASH) and fibrosis, of which the latter often results in liver-related mortality and morbidity (8, 9). NAFLD can even lead to cirrhosis and hepatocellular carcinoma (HCC), and patients with NAFLD might ultimately require liver transplantation (10–12). The pathophysiology of NAFLD is complex, but insulin resistance seems to be a crucial driving factor (13). Hyperalimentation (14), total parental nutrition (6), or sedentary lifestyle in combination with genetic heritability have also been recognized as important drivers of NAFLD (2, 15).

Despite the magnitude of the clinical problems of NAFLD and its burden on public health, pharmacotherapy for advanced stages of NAFLD has not yet been developed (16). Therefore, lifestyle interventions are still cornerstone management elements for NAFLD (17–19). Current guidelines targeting NAFLD recommend lifestyle therapies, including exercise and dietary modifications. Aerobic exercise (AE) is a type of physical activity when increase in the heart rate and breath are maintained over a period of time (20). Patients with hepatic steatosis are recommended to perform moderate-intensive or vigorous-intensive AE for 150–300 or 75–150 minutes/week, respectively (17–19). In addition to the direct liver related benefits of AE, AE reduces the risk for asCVD in patients with NAFLD (21). However, the evidence for the effect of AE on advanced stages of NAFLD, including fibrosis and NASH, is scarce. Furthermore, which type or modality of exercise intervention is optimal for patients with NAFLD is not yet evident (22, 23).

To address these knowledge gaps, we systematically reviewed the scientific literature to explore the effects of AE without dietary adjustments on NAFLD and NASH, and its associated markers. In this study, we focused on different modalities of AE, namely high-intensity interval training (HIIT), moderate-intensity continuous training (MICT) and sprint-interval training (SIT).



2 Methods and materials

This study was reported using the Preferred Reporting Items of Systematic Reviews and Meta-analysis (PRISMA) statement guidelines (24). The protocol of the systematic review is available in PROSPERO (CRD42021270059) (25).


2.1 Search strategy and data sources

A sensitive systematic literature search was conducted in Medline (via OVID) and Embase (via OVID) in close collaboration with an information specialist (JD) in February 2021. Also, a scoping search was conducted in SPORTDiscuss in response to the reviewer suggestion yielding four articles in population other than patients with NAFLD being irrelevant to this systematic review. The search was limited to articles published in English. The full search strategy is described in detail in Supplementary Material 1.



2.2 The eligibility criteria


2.2.1 Inclusion and exclusion criteria

Studies were eligible if they fulfilled the following inclusion criteria (1): adults patients (≥ 18 years of age) with NAFLD/NASH (with or without fibrosis) diagnosed by histology (liver biopsy) or by non-invasive methods such as magnetic resonance imaging (MRI), ultrasonography (US) or vibration-controlled transient elastography (VCTE; FibroScan) (2); the main outcomes of interest were changes from baseline to the follow up on intrahepatic lipids (IHL), liver stiffness, fibrosis, steatohepatitis and/or inflammation (3); study intervention designed with at least one AE arm without dietary intervention. Studies that contained a dietary intervention combined with exercise were excluded. Studies were excluded if they were animal studies, case reports, case series, conference abstracts and letter/commentary studies. Studies were also excluded if they included subjects with excessive alcohol use, viral hepatitis or autoimmune hepatitis, Wilson’s disease or hemochromatosis, or when the subjects were children (< 18 years of age).




2.3 Screening process

After deduplication, the remaining titles and abstracts of the articles were screened independently by two reviewers (JB and VH) using the Rayyan QCRI program (26). In case of any disagreement, consensus was reached by discussion between the reviewers. In next screening phase, full texts were judged independently by the same two reviewers. A third reviewer (AH or YV) was consulted in case of disagreements.



2.4 Assessment of methodological quality

The Cochrane risk of bias tool for RCTs (RoB2) (27), and the Cochrane risk of bias tool (ROBINS-I) for non-RCT (28) were used to assess the risk of bias, which was performed by JB and VH independently. The risk of bias tool RoB2 contains five different domains that were used to assess the risk of bias, namely those 1) arising from the randomizing process; 2) due to deviations from the intended intervention; 3) due to missing outcome data; 4) in measurement outcome; and 5) in selection of the reported results. The overall judgment of the bias was classified based on the domains in RoB2 as a) low risk of bias, b) some concerns about bias, and c) high risk of bias.

ROBINS-I assessed 1) the risk of bias due to confounding effects; 2) the risk of bias in selection of participants into the study; 3) the risk of bias in classification of the intervention. The risk of bias tool ROBINS-I contains categories of low, moderate, serious and critical risk of bias, or no information.



2.5 Data extraction

The following study characteristics were extracted: title, author, country, year of publication, study design, diagnostic test features, study group characteristics, and the characteristics of exercise intervention (type of exercise, intensity and duration). Primary outcomes were NAFLD activity score (NAS) and individual histological scores for inflammation, ballooning and fibrosis, liver stiffness measurement (LSM) on FibroScan, liver fat (IHL based on MRI, score/grade based on US, steatosis based on controlled attenuation parameter (CAP) on FibroScan), and liver function markers (alanine transaminase (ALT), aspartate aminotransferase (AST), and gamma-glutamyl transferase (γGT)). Additional outcomes were glucose metabolism markers (glucose, insulin, hemoglobin A1c (HbA1c), and Homeostatic Model Assessment for Insulin Resistance (HOMA-IR)), plasma lipid profile markers (total cholesterol (TC), low-density lipoprotein cholesterol (LDL-C), high-density lipoprotein cholesterol (HDL-C), triglycerides (TG)), body composition (body weight, fat mass, body mass index (BMI), and (relative) amounts of visceral adipose tissue (VAT) and subcutaneous visceral tissue (SAT)) and cardiorespiratory fitness (peak or maximal oxygen uptake (VO2 peak) or (VO2 max)). Data extraction was conducted by one author and cross-checked by the other author (JB/VH). Study authors were contacted in case of the absence of reported values.



2.6 Statistical analysis

Included studies were categorized based on the type of the AE intervention (HIIT, MICT and SIT), the measurement technique of liver outcome (histology, MRI, US, FibroScan) and the type of control group. A meta-analysis was performed when there were at least three studies with similar intervention modalities and outcomes. In addition, outcome data were grouped based on intensity, type of AE (HIIT vs. MICT), and type of control group. When articles could not be included for meta-analysis, a narrative synthesis was used to summarize the findings.

Data per marker was unified by using appropriate conversion factors. In case HOMA-IR was not reported and data on glucose and insulin were available, HOMA-IR was calculated by using the formula HOMA-IR = [fasting insulin x fasting glucose]/22.5. Data expressed as mean with 95% confidence interval (CI) were calculated to standard deviations (SD) using the formula of the Cochrane Handbook for Systematic Reviews of Interventions (29). Changes after the intervention were calculated for each parameter in intervention and control groups according to the same Cochrane Handbook (29).

Meta-analyses were performed using the Cochrane Review Manager (RevMan version 5.4, the Cochrane Collaboration, 2020) (30). The extracted data were input as mean ± SD. Heterogeneity was checked by using the chi-square and I2 tests, and 95% CI was calculated using a random effects model. Pearson correlations of mean differences of two outcomes were performed by using IBM SPSS Statistics (version 26.0, Chicago, USA). Sensitivity analyses were conducted to investigate the influence of exercise duration, by removing a study with considerably longer intervention than other studies from meta-analysis (31).



2.7 Publication bias

Publication bias was reduced by searching in different electronic databases, checking abstracts for any further missing reports, checking references from other reviews and contacting experts and authors. Funnel plots were not constructed since the meta-analyses in this review do not have a required minimum of 10 studies per subgroup (29).




3 Results


3.1 Database search and article selection

The database search resulted in a total of 1420 articles. After screening the titles and abstracts, 73 remained for full-text assessment. According to the eligibility criteria, 24 studies, of which 18 were RCTs and six were non-RCTs, were included in this systematic review. In total, ten studies were included in the meta-analysis. The whole selection process is presented in the flow chart (Figure 1).




Figure 1 | Preferred reporting items of systematic reviews and meta-analysis (PRISMA) flow chart [16]. HIIT, high-intensity interval training; MICT, moderate-intensity continuous training; SIT, sprint interval training.





3.2 Study characteristics

This systematic review included 18 RCTs (Table 1) and six non-RCTs (Table 2), including a total of 815 and 199 subjects with diagnosed NAFLD, respectively. The sample size of the studies varied from 11 (43) to 209 (49). The mean age ranged between 39.7 ± 6.7 (39) and 60 ± 3.4 years (49), and most of the studies included both men and women. The method used for diagnosis of NAFLD and/or NASH varied: six studies used histology (n=121) (37, 41, 44, 46, 53, 55), nine MRI (n=399) (32, 33, 35, 43, 47–49, 51, 56), eight US (n=386) (34, 38, 42, 45, 46, 50, 52, 53), and one FibroScan (n=48) (39). Included studies reported NAFLD in different stages; histologically assessed NAS score varied from 3.6 (37) to 5 (41), while the patients’ steatotic status ranged from 10.3 ± 4.4% (40) to 31.3 ± 4.8% of liver fat (33) based on MRS. Liver stiffness was assessed by LSM FibroScan in three studies (n=68) (34, 42, 44), while two studies scored liver histology to assess hepatic fat and fibrosis (n=25), as well as liver inflammation and ballooning (37, 54).


Table 1 | The characteristics of the included randomized controlled trials (RCT).




Table 2 | The characteristics of the included non-randomized controlled trials (non-RCT).





3.3 Characteristics of exercise interventions

The AE interventions of RCTs and non-RCTs with varying types of sports, intensities and durations are presented in Tables 1, 2. Of the 18 RCTs, four conducted HIIT, 10 MICT and four did both types of AE. There were three HIIT and one MICT non-RCTs. In two non-RCTs a sprint interval training intervention (SIT) was performed (53, 56). Altogether six studies executed a RCT-HIIT either by bicycle/ergometer with three training sessions per week with a duration per session varying from 13-min (42) to 40–60 min for 12 (40, 41) or eight weeks (32), or by treadmill training with four sessions per week for four weeks (48) or six months (49). Control groups received standard care or nothing, except for the resistance training (RT) control group of Oh et al. (42). Intensity of the training intervals was based either on VO2max (32), VO2peak (42, 48), Borg rating of perceived exertion (40, 41), maximum predicted heart rate (MHR) (49), heart rate reserve (HRR) (54) or maximum heart rate (HRmax) (51, 52).The duration of RCT-MICT interventions varied from eight weeks (32, 34, 45) up to six months (37, 38, 44, 49), and were conducted on a cycle ergometer (32, 34, 42) or a treadmill (33, 36, 37), or the intervention was treadmill or brisk walking (35, 44, 45, 47, 49). Interventions were performed at 60–80% (32–34, 38, 39, 42, 45) or between 30% and 60% of heart rate (HR) (36, 43, 46–49). Cardiorespiratory fitness was evaluated by ergospirometry or treadmill spirometry test in eight studies (32, 41–44, 46–48).



3.4 Meta-analysis and narrative review

The meta-analysis was performed for the liver outcomes (IHL, ALT, AST, γGT), glucose metabolism (glucose, HOMA-IR) and the plasma lipid profile parameters (TC, LDL-C, HDL-C, TG), as well as the cardiorespiratory fitness level (VO2max and VO2peak) and the total body weight from RCTs. Eight studies could not be integrated into the meta-analysis due to unsuitable study design or incomparable assessment techniques. Therefore, these eight studies are reported narratively. Among these studies is the one by Cevik et al. (34), in which two active arms, one AE intervention with and one without whole-body vibration, were used. Bacchi et al. (33) also performed a RCT with two active arms. Also, the 2019 and 2020 studies of Franco et al. (38, 39) had multiple active arms. The first study was conducted with two active arms and the latter with six active intervention arms. The studies by Oh et al. (42) and Winn et al. (48) had three and two active arms, respectively. For the studies of Eckard et al. (37) and Shamsoddini et al. (45) assessment techniques were not comparable with other studies. Additionally, all RCTs do not report/study of an outcome of interest, and therefore, are neither integrated in the meta-analysis nor reported narratively. All non-RCTs with the outcome of interest were narratively reviewed.


3.4.1 Liver related outcomes

Various measures as a proxy of NAFLD/NASH have been used in the included studies. While most studies report plasma transaminases and use MRS to quantify IHL, some scored histology to assess inflammation and fibrosis, or performed FibroScan as a proxy for liver fibrosis.


3.4.1.1 Inflammation and fibrosis

FibroScan using LSM was used only in two studies with a MICT intervention (n=35) (34, 44), thus meta-analysis of this method was not possible. In general, MICT did not result in a significant effect on LSM. In the HIIT study that employed LSM, the intervention led to a significant reduction in hepatic stiffness (-16.8%, n=20, p<0.005) (42). In another study, HIIT reduced LSM as well as histological assessed hepatocyte ballooning and fibrosis (54). A rather long 6-month MICT did not significantly reduce the histological-determined NAS (37).



3.4.1.2 Liver transaminases

With respect to liver transaminases, a meta-analysis of seven studies shows that subjects in AE (n=283) had significantly lower plasma ALT concentrations compared to controls (n=280) (MD: -3.78, 95% CI: -5.58, -1.98, p<0.001) (Figure 2A). However, the plasma ALT concentrations were only significantly lower in MICT subjects but not in HIIT subjects. Yet, there is no significant subgroup difference (I2 = 0%, Chi2 = 0.08, df=1, p=0.78). While plasma AST concentrations were not lower in AE compared to control, MICT subjects (n=161) had significant lower plasma AST concentrations than control subjects (n=150) (MD: -4.05, 95% CI: -6.39, -1.71, p=0.0007) (Figure 2B). No significant differences were observed between the groups in plasma γGT concentrations (Figure 2C).




Figure 2 | Forrest plot for the effect of moderate-intensity continuous training (MICT) and high-intensity interval training (HIIT) on liver transaminases: (A) alanine transaminase (ALT); (B) aspartate transaminase (AST); (C) Forrest plot for the effect of MICT on gamma-glutamyl transpeptidase (γGT).



Four RCTs that report transaminases were not included in the meta-analysis due to incomparable study designs. These studies showed varying results on the ALT concentrations upon AE. The study by Cevik et al. (34) reported a significant decrease in ALT and AST concentrations after an AE with and without whole body vibration from baseline. In turn, Bacchi et al. (33) did not show a significant reduction in ALT after an AE intervention (nor after RT intervention). In line, Winn et al. (48) did not find significant changes in transaminases from baseline after HIIT or MICT, but unfortunately, they did not report the change in ALT of the control group for comparison. Oh et al. (42) reported no change in ALT or AST concentrations after HIIT, but there was a significant change after MICT. In non-RCTs, there is a significant reduction of ALT and AST concentrations after the 3-month HIIT intervention in the study by Khaoshbaten et al. (52), as well as after a 12-week MICT intervention by Abd El Kader et al. (50). The SIT intervention by MacLean et al. (53) did affect transaminases. Houghton et al. (41) show close to significant reduction in γGT after 12-week HIIT. However, another 12-week HIIT did not results change in the concentrations (40), nor did AE with whole-body vibration (34).



3.4.1.3 Intrahepatic lipids

In total, eight studies were included in the IHL meta-analysis (Figure 3): five MICT studies (35, 36, 43, 46, 47), two HIIT studies (40, 41), and two studies with both HIIT and MICT (32, 49). There was a significant lower IHL upon the HIIT intervention (n=108) compared to the control (n=114) (-3.41; 95% CI: -4.74, -2.08, p<0.001). The IHL was also lower in the MICT subjects (n=169) than in the controls (n=151) (-5.19; 95% CI: -7.33, -3.04, p<0.001). The overall effect of AE (n=277), irrespective of the type, was significantly lower IHL than in controls (n=265) with a mean difference of -4.10 (95% CI: -5.33, -2.87, p<0.001).




Figure 3 | Forrest plot for effect of moderate-intensity continuous training (MICT) and high-intensity interval training (HIIT) on intrahepatic lipids (IHL) measured by magnetic resonance spectroscopy (MRS).



Among the three RCTs that were not included in the meta-analysis due to large differences in the study design/intervention arms, Bacchi et al. (33) reported a 32.8% reduction of MRI-determined hepatic fat in AE arm compared to the baseline; another intervention arm was a resistance training showing a relative reduction of -25.9%. Moreover, Oh et al. (42) reported a reduction of hepatic fat after both HIIT and RT interventions of -16.6% and -47.2%, respectively. Also, Winn et al. (48) reported reductions in IHL of -37.0% or -20.0% after both HIIT or MICT, respectively. In non-RCTs, the SIT intervention by Sergeant et al. (56) led to 12.4% reduction of hepatic fat. O’Gorman and colleagues (54) do not report regression in steatosis assessed by histology after a 12-week HIIT. However, they observed a significant decrease in CAP measured by FibroScan (51). FibroScan was also used to assess liver steatosis measured using the CAP in three MICT studies (34, 42, 44). CAP was not significantly affected after an 8-week MICT intervention without whole-body vibration (34). In contrast, MICT with whole-body vibration showed significant decrease in CAP. The study by Oh et al. (42) showed a significant reduction in steatosis assessed using CAP after baseline in all three intervention groups (RT, HIIT and MICT) in accordance with MRI-determined IHL results.




3.4.2 Body weight

The body weight was lower upon AE compared to control with a MD of -1.90 (95% CI: -2.45, -1.35, n=245, p<0.001) without heterogeneity (I2 = 0, τ2 = 0.00, p=0.83). With respect to the AE subgroups, the MDs for body weight were -1.80 (95% CI: -2.15, -1.08, n=154, p<0.001) and -2.06 (95% CI: -2.93, -1.18, n=91, p<0.001) for MICT and HIIT, respectively. No significant subgroup difference was observed (Chi2 = 0.20, df=1, I2 = 0%, p=0.65) (Figure 4).




Figure 4 | Forrest plot for the effect of moderate-interval continuous training (MICT) and high-intensity interval training (HIIT) on total body weight.



Studies that were not part of the meta-analysis used varying metrics to measure body compositional changes or did not have a comparable study design to be included in the meta-analysis. Among these the study of Abdelbasset et al. (32) reported a significant decrease in BMI after both HIIT and MICT. A MICT intervention by Rezende et al. (44) did not lead to a significant change in BMI, but it did decrease waist circumference, albeit that this was not significantly different from the decrease in the control group. Bacchi et al. (33) observed a significant decrease in BMI, total body fat mass, MRI-determined VAT and SAT, thickness of superficial subcutaneous adipose tissue layer and sagittal abdominal diameter after both MICT and RT interventions. Similarly, fat mass decreased upon a MICT interventions by Oh et al. (42). In this latter study, no significant changes in body weight, visceral and subcutaneous adipose tissue area were observed upon HIIT. The 6-month MICT intervention of Eckard et al. (37) did not induce significant changes in body weight. In non-RCTs, there was a significant change in weight and BMI upon three month HIIT intervention in the study of Khaoshbaten et al. (52). In line, O’Gorman et al. (54) found a significant change in BMI and waist circumference upon HIIT. In two SIT interventions no effects on body weight and composition were seen (53, 56), albeit that a decrease in VAT mass was reported in the latter study (56).

In order to study whether the significant reductions in weight are associated with the reductions in liver fat, we performed a Pearson correlation analysis with all studies. This showed that a reduction of IHL upon AE intervention correlated significantly with the weight reduction (r=0.714, p=0.031) (Figure 5). Of interest, reductions of IHL and weight were not correlated with the duration of the intervention or with any other measured parameter.




Figure 5 | Simple scatter plot with linear fit line and 95% CI of intrahepatic lipids (IHL, %) reduction mean difference (MD) against weight reduction (kg; MD) upon aerobic exercise (AE) including both modalities, high-intensity interval training (HIIT) and moderate-intensity continuous training (MICT) interventions.





3.4.3 Cardiorespiratory fitness

The meta-analysis for cardiorespiratory fitness was performed with MICT intervention studies since this outcome was not reported in the other interventions. Four studies assessing cardiorespiratory fitness either by VO2max (46) or VO2peak (43, 44, 47) upon 16- (43, 46, 47) or 24-week (44) MICT interventions are integrated in the meta-analysis. There is a significantly higher cardiorespiratory fitness in the MICT groups (n=52) compared to the controls (n=44) with a MD of 4.43 (95% CI: 0.31, 8.55, p=0.03) with a considerable heterogeneity (I2 = 96%, τ2 = 15.61, p<0.00001) (Figure 6).




Figure 6 | Forrest plot for the effect of moderate-intensity continuous training (MICT) on cardiorespiratory fitness level assessed as maximum or peak oxygen uptake (VO2max or VO2peak).



In non-RCTs, a significant increase in VO2max was observed after a HIIT intervention of seven consecutive days (51). Also, VO2max is increased significantly after HIIT exercise, as well as when compared to the control group (54). There were significant increases in VO2peak and VO2max after SIT programs (51, 53).

In order to study whether the significant increase in cardiorespiratory fitness compared to controls are associated with the reductions in liver fat, we performed a Pearson correlation analysis with the studies. Cardiorespiratory fitness did not show significant correlation with liver fat (r=-0.04, p=0.98), or with liver transaminases (ALT r=88, p=0.32; AST r=0.94, p=0.22). Yet, these analyses were conducted with a very limited number of studies (n=3) due to the limited availability of the outcomes of interest and the independent variables.



3.4.4 Glucose metabolism

The meta analysis showed that there was no significant change in glucose concentrations upon MICT (MD: -0.04, 95% CI: -0.23, 0.15, n=161, p=0.70), HIIT (MD: 0.07, 95% CI: -0.07, 0.21, n=91, p=0.35), or AE in general (MD: -0.01, 95% CI: -0.15, 0.13, n=252, p=0.88) (Figure 7A). Yet, when compared to controls (n=40), HIIT subjects (n=39) had a lower HOMA-IR with a MD of -0.42 (95% CI: -0.76, -0.07, p=0.02) (Figure 7B).




Figure 7 | Forrest plot for the effect of moderate-intensity continuous training (MICT) and high-intensity interval training (HIIT) on: (A) glucose; (B) homeostatic Model Assessment for Insulin Resistance (HOMA-IR).



Other proxies of glucose metabolism were investigated in a subset of the articles that were not part of the meta-analysis due to an incomparable study design. For instance, Bacchi et al. (33) reported a modest significant increase in the glucose disposal rate after AE intervention. Cevik et al. (34) did not show a significant change in glucose after the interventions. However, HOMA-IR was significantly decreased after AE with whole-body vibration but not in those without the vibration (34). Winn et al. (48) did not find a significant change in HOMA-IR upon HIIT or MICT. In non-RCTs, HOMA-IR decreased after a SIT program by Sergeant et al. (56), as well as by MacLean et al. (53). Haus et al. (51) reported a significant reduction in fasting plasma glucose concentrations after a 7-day HIIT.



3.4.5 Plasma lipids

In the meta analysis, the plasma total cholesterol concentration was significantly lower upon AE in general and upon MICT than in controls, with a MD of -0.19 (95% CI: -0.29, -0.09, n=261, p<0.001) and -0.20 (95% CI: -0.31, -0.09, n=154, p<0.001) (Figure 8A) for AE and MICT, respectively. In line, plasma LDL-C concentration was lower upon MICT, and HDL-C concentration was higher upon AE, MICT and HIIT, compared to controls (Figures 8B, C). When compared to controls, AE subjects had lower plasma TG concentrations (MD: -0.26, 95% CI: -0.39, -0.14, n=284, p<0.0001) with a considerable heterogeneity of 81% (τ2 = 0.02, p<0.0001) (Figure 8D).




Figure 8 | Forrest plot for the effect of moderate-intensity continuous training (MICT) and high-intensity interval training (HIIT) on plasma lipids: (A) total cholesterol (TC); (B) high-density lipoprotein cholesterol (HDL-C); (C) Forrest plot for the effect of MICT on low-density lipoprotein cholesterol (LDL-C); (D) triglycerides (TG).



The meta-analysis of lipid concentrations did not include the following studies due to non-comparable study designs. In the study of Winn et al. (48), plasma TC and HDL-C concentrations were unchanged upon MICT and HIIT (48). Bacchi et al. (33) and Cevik et al. (34) did not report a significant change in LDL-C after a HIIT intervention (34). Yet, plasma TG concentrations are decreased after MICT in the study by Bacchi et al. (33), but not in the study by Cevik et al. (34). In non-RCTs, there is a significant increase in plasma HDL-C concentrations upon a SIT (56). Also, Khaoshbaten et al. (52) observe a significant increase in HDL-C concentrations and a decrease in TG concentrations upon 3-month HIIT.




3.5 Sensitivity analysis

In order to examine the impact of the intervention duration on the meta-analyses, we conducted sensitivity analysis by removing Rezende et al. (n=19) (44) with a 24-week intervention, which did not lead to any significant changes. Furthermore, we performed a sensitivity analysis by removing Zhang et al. (n=135) (49) with a 26-week intervention from the analysis (Table 3). The analysis did not result in a significant difference in the IHL; however, the plasma AST results changed significantly before and after removing Zhang et al. (MD: -2.51, p=0.09 vs. MD: -4.43, p=0.002). In regard to the plasma TC, there was a significant change, after removing the data of Zhang et al. for HIIT (MD: -0.15 vs. -0.30) as well as for the HIIT for TG (MD: -0.50 vs. -0.47). After removing both Rezende et al. (44) and Zhang et al. (49), in addition to the significant changes mentioned by removing Zhang et al., TG for MICT changed significantly (MD: -0.15, p=0.10 vs. MD: -0.23, p=0.03) (Table 4).


Table 3 | Results of meta-analyses before and after sensitivity analysis including mean difference (MD), 95% CI and significance level, as well as heterogeneity (I2) and significance level per intervention type, consisting of studies with similar intervention duration excluding study by Zhang et al.




Table 4 | Results of meta-analyses before and after sensitivity analysis including mean difference (MD), 95% CI and significance level, as well as heterogeneity (I2) and significance level per intervention type, consisting of studies with similar intervention duration excluding study by Zhang et al. and Rezende et al.





3.6 Quality assessment

The quality assessment resulted in overall low risk of bias in all domains for three RCTs (35, 42, 47), while ten articles showed some concerns in the overall judgment since they had a moderate risk in one domain (32–34, 37, 39, 43–46, 49) (Figure 9A). One study showed a high risk of classification of interventions as the intervention groups were not clearly defined, also the information used to define the intervention groups was not mentioned at the start (52). Two studies were scored high risk of selection bias, since they did not use random sequence (38, 48). Studies that raised concerns in the quality are included in the narrative review, however, were not integrated in the meta-analysis. Quality assessment of non-RCTs is shown in Figure 9B. Non-RCTs are included in the narrative review.




Figure 9 | The results of the quality assessment of (A) randomized controlled trials (RCTs); (B) non-randomized controlled trials (non-RCTs).






4 Discussion

This systematic review assessed the effects of two types of AE (MICT and HIIT) without dietary changes on NAFLD and related metabolic parameters. Our findings showed that both HIIT and MICT significantly reduced IHL, an effect significantly associated with reductions in body weight. In addition, MICT but not HIIT reduced liver transaminases and both AE types improved the plasma lipid profile. Although AE did not affect blood glucose concentrations, HIIT improved HOMA-IR.

In general, we observed no effect of AE on fibrosis, related varying results on liver stiffness. While MICT did not lead to improvements in liver fibrosis in the included studies (34, 44), HIIT did significantly improve liver fibrosis (42, 54). Previously, fibrosis regression has been associated with a dose-dependent increase in physical activity (51). In line, insufficient physical activity is an independent predictor of fibrosis in NAFLD (21). Despite the fact that liver fibrosis is the most important determinant of the risk of liver-related mortality (57), most studies invest in detecting steatosis and not fibrosis. Like fibrosis, liver inflammation as an endpoint in lifestyle interventions has been overlooked. In contrast, plasma concentrations of the liver enzymes AST, ALT and γGT as proxy of liver functioning are often measured. Increased plasma concentrations of these liver enzymes are associated with an increased risk for the progression to advanced liver disease (58), characterized by inflammation and fibrosis. Yet, non-invasive NAFLD tests that often include the plasma transaminase concentrations are not optimal (59). Thus, in order to more firmly draw conclusions on the effects of exercise on NASH and liver fibrosis, well controlled exercise intervention studies with sufficient sample sizes and elucidative endpoints in patients with advanced stages of NAFLD are called for.

Nearly all included studies showed lower IHL after MICT and HIIT. This is in line with a recent systematic review in which the effects of MICT and HIIT were studied in a wide range of patients, i.e., those with obesity and T2DM, without information on NAFLD (60). We found a significant positive correlation between the reductions in body weight and IHL upon AE. Of interest, it has already been suggested that effects of AE on IHL might be mediated by alterations in body composition, e.g., loss of body weight and adipose tissue mass, or an increased muscle mass (61). In line, another meta-analysis reported similar association of body weight loss and decrease in IHL (62). Based on these earlier studies and our present results, we can conclude that AE-induced weight loss and changes in body composition are crucial in reducing IHL. It also underscores that weight loss per se is beneficial for the liver.

We did not detect a differential effect of MICT and HIIT on IHL. This is in line with previous studies in which HIIT and MICT were compared (32, 36, 42, 48), underscoring that neither was superior in ameliorating steatosis. However, some studies reported that moderate-intensity training is better in reducing liver fat than low-intensity training (63). This notion was supported by a prospective study in which vigorous but not moderate physical activity lowered the risk for NAFLD (64). Yet, current guidelines state that any level of physical activity or exercise can be beneficial for patients with NAFLD (17). Perhaps, practically, the paramount aim may be to engage sedentary patients to increase their activity at any level (22). In order to increase the engagement for long-term adherence to exercise, physical activity and exercise programs should be personalized according to the limitations and preferences (i.e. comorbidities, clinical characteristics, personal goals) of the individual patient with NAFLD (22, 54, 65). More studies need to investigate the different modalities of AE in patients with different stages of NAFLD to direct these personalized guidelines.

We did not find a significant change in blood glucose concentrations upon AE, which was in line with a previous study (66). Yet, a modest, but a significant decrease was found in HOMA-IR upon HIIT. Patients with NASH often have a higher HOMA-IR than healthy controls (67) and thus, are insulin resistant (68). Insulin resistance plays a central role in hepatic lipid accumulation (69). Consequently, lipid metabolism is also often altered in patients with NAFLD (70), and therefore patients with NAFLD present an increased asCVD related mortality (5). Evidently, elevated LDL-C concentrations, promoting the development of thrombus and plaque (71, 72), and elevated concentrations of plasma TG (73) increase the risk of asCVD. Simultaneously, an increase of HDL-C concentrations is associated with a significant risk reduction (7, 71). Our meta-analysis showed significant higher plasma HDL-C concentrations and lower plasma LDL-C and TC concentrations upon the MICT compared to controls. Plasma TG concentrations were only lower upon HIIT compared to controls. Another systematic review about AE-induced changes in NAFLD, however, did not report significant changes in plasma lipids, except for a reduction in plasma TG concentrations (66). Physical activity is associated with lower asCVD related mortality in patients with NAFLD (21), which is probably partly due to the improvements in lipid profile, and partly due to improved cardiorespiratory fitness (74). In fact, we observed higher cardiorespiratory fitness upon MICT compared to control in our meta-analyses. These metabolic targets, cardiorespiratory fitness together with plasma lipid profile by exercise should be viewed as part of holistic treatment of patients with NAFLD who present an increased risk for asCVD.

Most of the included studies performed supervised exercise sessions, regardless of the modality (32, 33, 35–37, 40, 42, 44–47, 49, 51, 54, 56). In addition to the supervised sessions, some of the studies prescribed home-based/unsupervised training to the study subjects (40, 54, 75). Yet, this does have a major impact to our meta-analyses. The compliance to the exercise intervention was determined either by cardiopulmonary exercise test (43, 46–48, 54, 56, 75) or by physical activity accelerometer (45, 47, 75) or/and questionnaire (40, 75). Given that limited number of studies determined the cardiorespiratory fitness at the follow-up, the meta-analysis for cardiorespiratory fitness could be only conducted with four comparable studies. In future studies, it would be ideal to assess the compliance to the intervention by the exercise test for reliable results, and simultaneously, study the efficacy of the aerobic exercise intervention.

Regarding limitations, lack of sufficient data impeded conducting meta-analysis for all interventions and outcomes, while relatively small number of studies were included in each conducted meta-analysis. In addition, the small number of studies precluded the detection of publication bias on a funnel plot. Publication bias may also arise from the grey literature that the systematic review of the literature do not consider. To minimize the risk of publication bias, we used a comprehensive and sensitive search strategy for finding published full texts and conference abstracts as well as backward reference searching of the included studies. Furthermore, we detect variable degrees of heterogeneity in the meta-analyses. In general, meta-analyses with high heterogeneity should be interpreted cautiously. High heterogeneity may be driven from statistical and methodological heterogeneity since clinical heterogeneity has been kept minimum by including well characterized patient group and interventions (31). Different methods that an outcome is measured may lead to differential intervention effect sizes resulting in a high heterogeneity, for example the meta-analyses of HOMA-IR have high heterogeneity. HOMA-IR was calculated by using the reported values of glucose and insulin that in the first place are measured in different laboratories, possibly by different methods, leading to high heterogeneity in the meta-analyses.

In conclusion, the evidence available for exercise interventions in patients with NAFLD clearly indicates that hepatic fat is decreased by AE. It can be mediated by reduction of body weight, regardless of exercise modality, with a concomitant decrease of liver enzymes upon MICT, and improvements in plasma lipids. In addition, HIIT may improve HOMA-IR. Yet, there is a striking lack of studies with liver histology, precluding any firm conclusions pertaining to the effect of AE on NASH or liver fibrosis, the main clinically relevant disease parameters in NAFLD. In order to draw conclusions on the effects of exercise on NASH and liver fibrosis and determine the optimal modality of AE, well-controlled exercise intervention studies with elucidative endpoints in patients with advanced stages of NAFLD are called for.
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The homeostasis of the most important nitrogen-containing intermediates, ammonia and glutamine, is a tightly regulated process in which the gut-liver axis plays a central role. Several studies revealed that nitrogen metabolism is altered in Metabolic Dysfunction-Associated Fatty Liver Disease (MAFLD), a consensus-driven novel nomenclature for Non-Alcoholic Fatty Liver Disease (NAFLD), the most common chronic liver disease worldwide. Both increased ammonia production by gut microbiota and decreased ammonia hepatic removal due to impaired hepatic urea cycle activity or disrupted glutamine synthetase activity may contribute to hepatic ammonia accumulation underlying steatosis, which can eventually progress to hyperammonemia in more advanced stages of steatohepatitis and overt liver fibrosis. Furthermore, our group recently showed that augmented hepatic ammoniagenesis via increased glutaminase activity and overexpression of the high activity glutaminase 1 isoenzyme occurs in Fatty Liver Disease. Overall, the improved knowledge of disrupted nitrogen metabolism and metabolic miscommunication between the gut and the liver suggests that the reestablishment of altered gut-liver axis nitrogenous balance is an appealing and attractive therapeutic approach to tackle Fatty Liver Disease, a growing and unmet health problem.
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Introduction


Ammonia, a central element in whole-body nitrogen metabolism

Ammonia is an inorganic nitrogen waste product metabolized and produced in all tissues and the principal culprit of hepatic encephalopathy (HE), a spectrum of neuropsychiatric abnormalities derived from liver dysfunction (1). Elevated blood ammonia, hyperammonemia, results from an imbalance between the ammonia produced and the body capacity to metabolize or remove it. In the human body under healthy conditions, ammonia is produced mostly in the gut by three main mechanisms: hydrolysis of urea by bacterial urease, bacterial protein deamination, and intestinal mucosal glutamine metabolism. Although the colon is conventionally assumed to be the major site of gut-ammonia production, recent evidence indicates that the stomach and small intestine are also involved (2). In the opposite, hepatic urea cycle is a well-described metabolic pathway for ammonia detoxification. Five urea cycle enzymes (UCEs) [carbamoyl phosphate synthetase I (CPS-1), Ornithine transcarbamoylase (OTC), argininosuccinate synthetase (ASS), argininosuccinate lyase (ASL) and arginase 1 (ARG1)] and 2 membranes transporters mediate the conversion of toxic ammonia into non-toxic urea that is excreted in the urine, ureagenesis (3). Hepatic ammonia metabolism is a highly zonated process being ureagenesis exclusively restricted to the periportal zone where the portal blood that carries ammonia from the gut first passes. Hepatic ammonia escaping ureagenesis is further excreted by means of the glutamine synthetase (GS) enzyme that catalyzes the ATP-dependent condensation of ammonia and glutamate to glutamine and solely expressed in the pericentral zone of the liver lobule. Failures in any of the gene coding for UCEs gives rise to a series of inherited life-threatening conditions overall characterized by aberrant ammonia accumulation, the urea cycle disorders (UCDs) (4). Also, the liver-specific GS-deficient mice present hyperammonemia and show increased locomotion, impaired fear memory, and a slightly reduced life span (5). By using liver specific and whole-body GS-KO mice together with stepwise increments of enterally or intravenously administered ammonium carbonate to challenge ammonia detoxification, Hakvoort and colleagues established that urea cycle and GS contribute equally to hepatic ammonia detoxification (6).



Glutamine, a major nontoxic interorgan nitrogen carrier, and hepatic glutamine metabolism

Glutamine, the most abundant amino acid in the body, much like ammonia is a major player in whole-body nitrogen metabolism. In the liver, glutamine metabolism is zonated, where glutamine is usually converted to glutamate and ammonia by the periportal mitochondrial enzyme glutaminase. Glutamate is further converted to α-ketoglutarate (αKG) by glutamate dehydrogenase (GDH) to enter the tricarboxylic acids (TCA) cycle. Ammonia produced during glutamine breakdown by glutaminase in periportal hepatocytes, together with ammonia derived for the gut entering liver through the portal vein, is partially removed by the urea cycle activity. Unremoved ammonia is delivered via the blood stream to pericentral hepatocytes for efficient hepatic ammonia detoxification through GS activity that converts ammonia into glutamine completing the intrahepatic cycling of glutamine (Figure 1A). In vivo experiments suggest that changes in net hepatic glutamine balance are mainly regulated by glutaminase activity, with the flux through glutamine synthetase being relatively constant (7). The glutaminase family consists of two isoenzymes, the kidney-type glutaminase (GLS, also known as GLS1) and the liver-type glutaminase (GLS2) genes. Healthy adult intestine and kidney express the GLS gene whereas the GLS2 gene is highly expressed in the healthy adult liver (8).




Figure 1 | Overview of hepatic nitrogen metabolism homeostasis and disrupted gut-liver nitrogen metabolism in Fatty Liver Disease. (A) Both ammonia and glutamine hepatic metabolism are highly zonated processes. Hepatic ammonia enters in the liver from the gut where it can be eliminated by the urea cycle activity. In alternative, periportal hepatic glutaminase can convert glutamine to ammonia. Glutaminase and gut-derived ammonia that is not excreted in the periportal urea cycle, escapes to the pericentral region where is further eliminated by means of the glutamine synthetase (GS) enzyme. This enzyme converts ammonia back to glutamine and closing the glutamine cycle in order to maintain glutamine homeostasis. (B) Nitrogen metabolism homeostasis is disrupted in Fatty Liver Disease. Overall, inflamed gut in Fatty Liver Disease is characterized by the accumulation of proteobacteria Escherichia coli, very active in the production of ammonia. Gut-derived ammonia efflux through the portal vein can damage the liver directly or in alternative can exert detrimental effects on gut permeability and might indirectly contribute to NAFLD facilitating toxic molecules drainage into the portal blood. Additionally, it is possible that endotoxin and inflammation may contribute to increased uptake of ammonia from the gut into the bloodstream and thereby contribute to the latter’s toxic effect on the liver. In addition, Fatty liver Disease is characterized by diminished hepatic urea cycle activity and a switch from the low activity GLS2 to the high activity glutaminase, GLS, that together induce the accumulation of ammonia content in the liver. Ammonia can further drive fibrosis by promoting hepatic stellate cells activation, the main fibrogenic cell type. (Created by Biorender.com).






Metabolic dysfunction-Associated or Non-Alcoholic Fatty Liver Disease (MAFLD/NAFLD)

Metabolic Dysfunction-Associated Fatty Liver Disease (MAFLD), a consensus driven novel nomenclature for Non-Alcoholic Fatty Liver Disease (NAFLD) (9, 10), and from now on referred to as Fatty Liver Disease, comprehends a spectrum of conditions characterized by hepatic fat accumulation which can progress to inflammation, fibrosis and eventually leading to cirrhosis and hepatocellular carcinoma. Fatty Liver Disease is the most common type of chronic liver disease worldwide with an updated estimated prevalence of nearly 40% (11), the leading cause of liver-related morbidity and mortality (12), and often associated with obesity, insulin resistance, and diabetes (13, 14).


Ammonia in fatty liver disease

Disturbed interorgan trafficking of ammonia is a feature of Fatty Liver Disease. Indeed, our group and others showed that hepatic ammonia is increased in mouse models of diet-induced steatohepatitis as well as in Fatty Liver Disease patients’ liver biopsies (15–18). On the other hand, hyperammonemia, a distinguishable feature in advanced stages of cirrhosis and liver failure, was solely reported in mouse models of advanced fibrosis whereas it remains normal in animal models of steatosis and early stages of steatohepatitis (17, 19). In agreement, Felipo et al. described that patients with liver cirrhosis are hyperammonemic, Fatty Liver Disease patients have normal blood ammonia and patients with advanced steatohepatitis present mild hyperammonemia (20). Of interest, in vivo experiments in mouse models of early Fatty Liver Disease have shown that blood ammonia concentrations are significantly elevated in the portal vein blood (21), which suggests that a still functional hepatic ammonia extraction by the liver may reestablish normal blood ammonia levels.



Gut-derived ammonia in fatty liver disease

Compelling evidence links the gut microbiome, intestinal barrier integrity, and the accumulation of fat in the liver. Indeed, dietary factors may alter the gut microbiota and intestinal barrier function, favoring the occurrence of metabolic endotoxemia and low-grade inflammation, contributing to the development of obesity and Fatty Liver Disease (revised in (22)). Gut-derived ammonia efflux through the portal vein can damage the liver directly or in alternative can exert detrimental effects on gut permeability and might indirectly contribute to Fatty Liver Disease facilitating toxic molecules drainage into the portal blood. Additionally, it is possible that endotoxin and inflammation, hallmarks of Fatty Liver Disease, may contribute to increased gut ammonia uptake into the bloodstream and accounting for the latter’s toxic effect on the liver (23). In vitro studies unraveled that the largest amount of ammonia is generated by gram-negative anaerobes, clostridia, enterobacteria such as E. coli, and Bacillus spp (24–26). Noteworthy, enterobacteria such as E. Coli are consistently enriched in steatosis and steatohepatitis (22). Shotgun metagenomic sequencing revealed a positive association between increased abundance of E. coli and advanced fibrosis in Fatty Liver Disease patients (27). Although these results suggest an accumulation of gut ammonia-producing bacteria in Fatty Liver Disease, the precise amount of ammonia generated by gut microbiota and its contribution to the accumulation of hepatic ammonia or hyperammonemia during steatohepatitis remains to be explored.



Deregulated hepatic urea cycle activity in fatty liver disease

Ureagenesis through the urea hepatic cycle is impaired in animal models and patients with Fatty Liver Disease (16, 28, 29). Under these circumstances, reduced ureagenesis is related to decreased regulation of the UCEs at the gene level via hypermethylation of promoter regions of these genes (16, 30). However, reduction in the functional capacity for ureagenesis is more pronounced in simple steatosis than in steatohepatitis (29). Though post-transcriptional changes of the urea cycle genes cannot be ruled out, this difference is most probably a result of increased glucagon levels or inflammatory mediators, known to stimulate ureagenesis, that are augmented in steatohepatitis and not in simple steatosis. In the last years, steatosis-driven downregulation of urea cycle enzymes genes has been associated to the detrimental effects of long-chain fatty acids (31) or, in alternative, changes in the methylation index and methionine cycle rates observed in Fatty Liver Disease (32).



Glutamine synthetase activity in fatty liver disease

Glutamine synthetase expression is decreased in cirrhosis independently of the etiology of the patients (33) and in drug-induced liver injury (34). In the opposite, GS is increased in regenerative states such as chronic hepatitis, focal nodular hyperplasia, peritumoral hyperplasia and some hepatocellular neoplasms (33). In pre-clinical mouse models of Fatty Liver Disease, GS protein expression was shown to be augmented (19, 21). Likewise, Eriksen et al. described that GS gene expression is augmented in patients both in simple steatosis and steatohepatitis compared to healthy liver lean and obese controls (29). In agreement, increased protein GS was also reported by our group in patients with early steatohepatitis (19). However, other studies have shown that hepatic protein GS expression decreased progressively in patients with steatosis and almost disappeared in steatohepatitis (16). Discrepancies reported in literature can reflect a lack of specificity of some antibodies used for the immunohistochemical staining or in alternative a mismatch between the regulation at the transcriptionally or post-transcriptional level of GS. Indeed, the GS gene is transcriptionally activated by glucocorticoid hormones in a tissue-specific fashion. However, at the ultimate level, the GS enzyme expression if governed by a post-transcriptional mechanism where GS protein turnover dependent of 26S proteosome is increased by a product feedback mechanism after glutamine stimulation (35). Further studies are necessary to better understand the spatiotemporal regulation of GS expression in the progression of Fatty Liver Disease.



Glutamine and hepatic glutaminase activity in fatty liver disease

Glutamine metabolism homeostasis is disrupted in Fatty Liver Disease. Although serum glutamine is not significantly altered between healthy controls and patients with steatohepatitis, serum glutamate, a metabolite which metabolic pathways are closely related to glutamine, is augmented in patients with steatohepatitis (19). Similar findings were reported by Kuo et al., where serum glutamine remains constant as fibrosis severity worsens, but glutamate, the glutamate/glutamine ratio, the TCA cycle intermediate α-KG, and their downstream metabolites in the TCA cycle all increase as fibrosis severity worsened. Other study has shown that glutamine concentrations were significantly elevated in the hepatic vein and heart blood of Western diet-fed mice, a mouse model of steatohepatitis, but not in the portal vein blood (21). Differences in glutamine concentrations between the hepatic and portal veins are consistent with increased hepatic GS expression in Fatty Liver Disease (21).

Hepatic glutamine metabolism is mostly regulated by the actions of the glutaminase enzyme (7). Eriksen et al. described that GLS2 expression, the liver type glutaminase, is decreased in steatohepatitis (29). In addition, recent findings from our group and others unraveled that the high-activity isoenzyme 1 of glutaminase (GLS) is overexpressed in mouse models and patients with steatohepatitis, which translates into an overall increase of hepatic glutaminase activity (19, 36) (Figure 1B). Importantly, the overexpression of GLS was detected in steatotic hepatocytes in pre-clinical and clinical samples of Fatty Liver Disease, with its transcriptional regulation still not fully understood (19). The relevance of glutamine metabolism in other types of hepatic cells during Fatty Liver Disease has also been addressed. Indeed, activation of HSCs, the main fibrogenic cell type, is highly dependent on glutaminolysis and GLS (36), suggesting that glutaminolysis is a potential diagnostic marker and therapeutic target during the progression from steatohepatitis to fibrosis (37). In addition, glutamine is one of the main sources of energy for Kupffer and endothelial cells (38), with GLS stimulating the proliferation, migration, and survival of the latter (39). However, to our knowledge the relevance of glutaminase alterations in Kupffer and endothelial cells underlying Fatty Liver Disease has not been specifically addressed.




Modulation of nitrogen metabolism in fatty liver disease: Therapeutic approaches

Deregulated ammonia and glutamine homeostasis are hallmarks of Fatty Liver Disease. Therefore, is not surprising that therapeutic approaches modulating the gut-liver nitrogen metabolism are potentially relevant for the treatment of Fatty Liver Disease.


Targeting gut microbiota in fatty Liver disease therapy

The gut is a potential source of systemic ammonia in Fatty Liver Disease; thus, capturing part of the gut ammonia may mitigate disease symptoms. Even though the beneficial effects of targeting ammonia-producing gut microbiota in advanced stages of chronic liver disease, such as cirrhosis, have been previously explored, studies addressing the effects of the specific targeting of ammonia-producing microbiota in Fatty Liver Disease are scarce.

Non-absorbable disaccharides, such as lactulose, are the first-line therapy for patients with hyperammonemia underlying UCDs and cirrhosis related HE (40–42). It has been shown that lactulose treatment ameliorated hepatic inflammation in animal models with steatohepatitis but could not completely prevent the development of steatohepatitis (43, 44). The antibiotic rifaximin, often used in combination with lactulose, has become the most effective antibiotic of choice in the treatment of hyperammonemia (45). Whereas some studies have shown that Rifaximin therapy appears to be effective and safe in modifying steatohepatitis through reduction of serum endotoxin and improvement of insulin resistance, proinflammatory cytokines, CK-18, and liver fat score (46, 47), other studies do not indicate a clear beneficial effect of rifaximin in patients with Fatty Liver Disease (48).

Probiotics can also reduce the total amount of ammonia in the portal blood by inhibiting bacterial urease activity. As most probiotics produce acids that reduce the pH in the intestine, ammonia absorption also decreases (49). In addition, probiotics reduce inflammation and oxidative stress in liver cells which further leads to increased hepatic clearance of ammonia (50–53). Even though several studies and clinical trials have encouraged the use of probiotic supplementation as promising and safe therapeutic approach in Fatty Liver Disease, nowadays the efficacy of probiotics in the management of these conditions remains limited to hypotheses.

Fecal microbiota transplantation (FMT) is an emerging treatment approach that is aimed at rebuilding intestinal microbiota to treat diseases and has been shown to attenuate hyperammonemia in HE animal models (54, 55). FMT may reduce ammonia synthesis by altering the gut microbiota composition to a taxon low in urease, diminish uptake of ammonia by reestablishing the integrity of the intestinal barrier and increase ammonia clearance by improving liver function. Shen et al. depleted animals of their preexisting gut microbiota and then inoculated with altered Schaedler flora (ASF), a defined consortium of 8 bacteria with minimal urease gene content. This protocol resulted in establishment of a persistent new community that promoted a long-term reduction in fecal urease activity and ammonia production. In a murine model of hepatic injury, ASF transplantation was associated with decreased morbidity and mortality (56). In another study, Kurtz et al. modified the oral probiotic Escherichia coli nissle 1917 to create a strain (SYNB1020) that produces L-arginine and consumes ammonia. SYNB1020 was shown to decrease systemic hyperammonemia in a mouse model of thioacetamide (TAA)-induced liver injury and phase I clinical trial showed a significant clinical effect and safety (57).

Finally, supplementation with Yaq-001, a non-absorbable synthetic carbon with high adsorptive capacity for bacterial products including LPS and pro-inflammatory cytokines, can reduce the transintestinal migration of gut microbiota and related metabolites, such as ammonia, bacteria-derived products, acetaldehyde, hydrophobic bile acids, and inflammation factors, including TNF-α and IL-6 in cirrhotic rats (58). This compound has also been shown to be safe and well tolerated in decompensated cirrhotic patients (59) and further studies in animal models and patients with Fatty liver Disease can provide insightful results.



Therapeutic strategies to restore hepatic ammonia homeostasis either increasing ureagenesis or inhibiting glutaminase in fatty liver disease

Therapeutic strategies to reestablish ammonia content by diminishing urea cycle activity in patients with UCDs, cirrhosis and liver failure, have been developed in the last years. In fact, treatment with sodium benzoate to UCDs patients effectively decreases the blood ammonia level by reducing glycine metabolism in the liver, kidney, and brain. Other therapeutic option is sodium phenylacetate/phenylbutyrate that is rapidly oxidized to phenylacetate (PA) which conjugates to glutamine in the liver and is excreted as phenylacetylglutamine (PAGN) by the kidneys. In alternative, ornithine phenylacetate (OP) that on one hand uses PA to condensate to hepatic glutamine and excreted as PAGN, and on the other hand uses ornithine to boost urea cycle activity, effectively reduced ammonia levels in bile duct ligated rats, a mouse model of hepatic cholestasis, and in cirrhosis (60, 61). For the treatment of Fatty liver Disease, OP has been shown to reduce hyperammonemia whilst ameliorating steatohepatitis and fibrosis in mouse models (16, 17). In addition, hepatic ammonia content can be potentially rescued by inhibiting the activity of hepatic glutaminase. On this basis, our group and others have recently shown that both the specific silencing of hepatic GLS isoenzyme by using molecular approaches based on small interference RNA technology or its inhibition by using small chemical inhibitors can ameliorate steatohepatitis and fibrosis in pre-clinical mouse models of Fatty Liver Disease (19, 36). Finally, in the last years some in vivo studies have been carried out to address the effects of glutamine supplementation in the treatment of Fatty Liver Disease, with some of them showing a certain protective effect (62–64). Table 1 summarizes the current therapeutic approaches that have been used to date for the modulation of nitrogen metabolism in Fatty Liver Disease.


Table 1 | Current therapeutic approaches modulating nitrogen metabolism in pre-clinical and clinical studies in Fatty Liver Disease.






Concluding remarks

Fatty Liver Disease is characterized by increased hepatic ammonia content in early stages of steatosis followed by mild hyperammonemia in more advanced stages of steatohepatitis and fibrosis (15–18, 20). In addition, glutamine homeostasis is altered in Fatty Liver Disease as shown by increased serum glutamate/glutamine ratio in these patients (19, 36, 37). Fatty Liver Disease is characterized by gut dysbiosis and accumulation of the enterobacteria E. coli, very active in the production of ammonia (27). In addition, hepatic ammonia accumulation underlying Fatty Liver Disease is associated both with impaired liver ureagenesis through downregulation of the expression of UCEs (16, 28–30), and augmented hepatic glutaminase activity (19, 29, 36). Whether Fatty Liver Disease impairs nitrogen metabolism, or if these alterations in ammonia metabolism, ureagenesis ad glutaminase activity occur first and are the root of the appearance or progression of Fatty Liver Disease remains to be uncovered. However, the fact that UCDs patients seldom develop fatty liver as a consequence of disturbed ammonia metabolism (65), highlights the relevance of disturbed nitrogen metabolism as a potential driving mechanism in the onset of Fatty liver Disease.

Even though in the last years an effort has been carried out to define and understand the miscommunication between the gut and the liver in the deregulation of nitrogen metabolism in Fatty Liver Disease, there are still open questions. First, the fractional contribution of gut ammonia production, disturbed urea cycle function, glutamine synthetase expression or enhanced hepatic glutaminase activity contribution to altered ammonia and glutamine homeostasis in the context of Fatty Liver Disease remains to be addressed. We acknowledge that these pathways may contribute unequally and vary depending on several factors such as age, gender, body mass index, dietary regimen, stage of the disease and others. For example, the liver is a sexual dimorphic organ, and at least in healthy rats, significant sex-related changes in urea cycle were found (66). Therefore, studies addressing the discovery of organ-specific biomarkers panels to be used as surrogates of the main metabolic pathways underlying deregulated nitrogen metabolism in Fatty Liver Disease are relevant. These biomarkers will allow the classification and grouping in sub-types of patients presenting similar characteristics with respect to their gut-liver nitrogen metabolism. Secondly, the term MAFLD was coined, among other things, to avoid diagnosis exclusion based on alcohol consumption (9). Alcohol consumption is clearly under-reported in NAFLD (67) which precludes that many of the clinical studies presenting impaired nitrogen metabolism in the context of NAFLD may also include patients undergoing alcohol consumption. In agreement, earlier studies suggest that patients with acute and chronic alcoholic liver disease present hyperammonemia and decreased capacity for urea synthesis (68, 69). Thereby, it would be interesting to understand how alcohol modulates the gut-liver nitrogen metabolism independent of other dietary factors which can be successfully performed in in vivo mouse models. Also, although the gut and the liver are central in the regulation of whole-body nitrogen metabolism, other organs cannot be obliviated. In fact, Elfeki and Singal recently proposed that chronic kidney disease may contribute to the higher levels of ammonia among patients with Fatty Liver Disease (70). And finally, is crucial to find novel targets and more effective pharmacological agents or therapeutical approaches to modulate nitrogen metabolism.

In summary, the liver-gut axis nitrogen metabolism is disturbed in Fatty Liver Disease with significant changes in ammonia and glutamine homeostasis and this has led to the hypothesis that therapeutic strategies that modulate nitrogen metabolism can potentially be used for the clinical managements of Fatty Liver Disease.
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Before
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Before [0.02, 0.08]
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-0.15
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-0.15
-0.44, 0.13
-0.30
[-0.47, -0.12]
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008
[0.04,0.12]
-0.50
[-0.82,-0.17)
0.47
[-1.00, 0.06]
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<0.00001

0.0009

0.07

0.008

0.30

0.001

0.004
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0.003
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12 p-val
10% 034
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86%  0.008
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75%  0.008
12% 032
62%  0.001
NA  NA
85%  0.001
80%  0.03
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ALT, alanine transferase; AST, aspartate transferase; HIIT, high-intensity interval training; HOMA-IR, homeostasic assessment for insulin resistance; HDL-C, high density lipoprotein
cholesterol; THL, intrahepatic lipids; kg, kilogram; LDL-C, low density lipoprotein cholesterol; MICT, moderate-intensity continuous training; mmol/l, milligram per deciliter; UL,

international unit;

; VO2max, maximum oxygen consumption. NA; not applicable.

Results of sensitivity analyses that differ in significance from the original meta-analysis are marked in bold.
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Saudi Arabia 593 30 min treadmill at  stretching, 30 min RT
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C, control group; CT, computed tomography; F, female; HIIT, high-intensity interval training; HRmax, maximum heart rate; HIIT, high-intensity interval training; HRR, heart rate reserve;
I, intervention group; M, male; MICT, moderate-intensity continuous training; MRS, magnetic resonance spectroscopy; MRS-PDFF, magnetic resonance spectroscopy; NA, not applicabl
NAFLD, non-alcoholic fatty liver disease; NASH, non-alcoholic steatohepatitis; NA, not available; RT, resistance training; SD, standard deviation; SIT, sprint interval training;
US, ultrasonography.
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222
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-0.30
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0.04
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0.08
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-0.80
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HIIT
p-val
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0.07

0.008
0.80
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0.35
0.60
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0.32

0.001
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ALT, alanine transferase; AST, aspartate transferase; HIIT, high-intensity interval training; HOMA-IR, homeostasic assessment for insulin resistance; HDL-C, high density lipoprotein
cholesterol; THL, intrahepatic lipids; kg, kilogram; LDL-C, low density lipoprotein cholesterol; MICT, moderate-intensity continuous training; mmol/l, milligram per deciliters UL,

international unit; VO2max, maximum oxygen consumption. NA; not applicable.

Results of sensitivity analyses that differ in significance from the original meta-analysis are marked in bold.
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1 USA 656 25.98 97 502
2 China 596 23.60 39 126
3 Japan 240 9.50 48 30.9
4 UK 151 5.98 45 39.13
5 Italy 146 5.78 38 33.58
6 Brazil 107 424 26 18.24
7 Germany 103 4.08 35 39.31
8 Denmark 99 3.92 30 46.79
9 Canada 86 3.41 30 49.37
10 South Korea 7 2.81 17 2027
11 Australia 69 273 20 2025
12 Spain 67 266 22 2197
13 Turkey 67 265 22 17.97
14 France 66 261 28 388
15 Netherlands 49 1.94 24 60.2
16 India 43 1.70 14 14.93
17 Sweden 41 162 17 38.12
18 Saudi Arabia 39 1.54 14 17.21
19 Belgium 38 1.50 19 2397
20 Switzerland 37 1.47 21 45.89

Ranking: based on the number of total publications.
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C: 74 (46/
28)

Age
(mean
+ SD)

1 (HID):
54.4 +
58

1 (MIC):
549 +

L i
C:552+
43

I: 55.6
20
C:56.0 £
1.9

1: 43.75
+8.62
C: 45.07
+9.11

1:59 +
44
C: 60 +
34

I: 50 [46,
58]*
C:52
46, 59]*

L 514
11
Coh2+
10

Data not
reported

1: 50.45
+9.45
C: 46.23
+9.39

1: 54 +
10
C:52+
12

1
(HIAT):
486 +
18

1
(MICT):
482 +
23

C (RT):
512+
19

I: 50 (44,
56]*
C:48
38, 57]*
I: 56 +
7.8
C:544+
89

1:39.7 +
6.7
C: 458 +
7.3

524+
22
C:528 +
30

1475
22
C:475+
31

1 (HIIT):
41+ 14
I
(MICT):
46 = 19
C:51%
13

1
(MICT):
544+
7.4

1
(MICT-
HIIT):
5324
7.1

C: 549 +
6.8

Disease Diagnosis

stage  technique

THL % Diagnostic

1 (HID): guidelines for

124 NAFLD in

4.5% the Asia-

1 (MIC): Pacific region

129 +

4.2%

CGli2t

5.1%

HL % H-MRS

L1257+

3.7%

C:313+

4.8%

- us

NAFLD H-MRS

with

impaired

FG

IHL % Clinically by

1: 19.4% hepatologist

[14.6,

36.1]*

C: 16.0%

[9.6,32.5]

*

NAS Histology

L3711

C:36%

L1

Moderate  US

to severe

Moderate  FibroScan

to severe

THL % Clinically

1106 £

4.9

C:103 £

44

NAS Histology

L5[3,7)*

C:5[2,7]

- Diagnostic
guidelines for
NAFLD in
the Asia-
Pacific region

- US and
elevated ALT,
and H-MRS

- Histology

Moderate  US

to severe

IHL % US or

:19.6% histology

[14.8,

30.0]*

C: 12.5%

[6.9, 32.9]

*

THL % H-MRS

I: raw data

missing

C:

- H-MRS

THL % H-MRS

I (mod):

18.0 £ 9.9

1 (mod-

vig): 18.4

+9.9

C: 175+

11.0

Outcome
assessment
technique

MRI-PDFF

H-MRS

FibroScan

H-MRS

H-MRS

Histology

Us

FibroScan

H-MRS

H-MRS

FibroScan
CEUS

H-MRS

FibroScan

Us

H-MRS

H-MRS

H-MRS

H-MRS

Intervention details

3 x week, 40-50 min
Cycling: 5-min warm up,
continuous intensity at 60-
70% of the max HR, 5-min
cooling down

3 x week, 40 min

Cycling: 5-min warm up, 4-
min interval x 3 at 80-85%
VO2max, 2-min rest intervals
at 50% VO2max, 5-min
cooling down

3 x week 60 min

Treadmill, cycle or elliptical
machines at 60-65% of heart
rate

4x week 40 min
Cycle ergometer at 60-80% of
HR

2-3 x week, 30-60 min
Nordic brisk walking + other
group exercises at 60-75% of
VO2max

3-5 x week, 30-45 min
Treadmill, cross-trainer, bike
ergometer, rower at 30-60%
of HRR

4-7 x week, 20-60 min
Exercise bicycle, treadmill

4 x week, 45 min
65-75% of VO2

3 x week, 50-60 min
Treadmill, cycling, cross-
training and rowing at 60-
75% MHR

3 x week, 30-40 min

Cycling: 5-min warm up
(very light/somewhat hard),
2-min interval (very hard) x 5
+ cumulative 10 sec increase
per interval per week, 3-min
rest, 3-min cooling down
Intensity based on Borg
rating of perceived exertion

3 x week, 45-60 min
Cycling: 5-min warm up, 2-
min interval x 3, 1-min rest
intervals,

Intensity based on Borg
rating of perceived exertion
(16-20, very hard)

Resistant training: hip and
knee extension, horizontal
row, chest press, vertical row,
and knee extension,
Intensity based on Borg
rating of perceived exertion
(14-16, hard)

3 x week, 13 min

Cycling: 2-min warm up (30
W, 60 rpm), 3-min interval x
3 at 80-85% VO2max (70-80
rpm), 2-min rest interval x 2
at 50% VO2max (60 rpm), 3-
min cooling down (30 W, 60
rpm)

3 x week, 13 min

Cycling: 2-min warm up (30
W, 60 rpm), 3-min interval x
3 at 80-85% VO2max (70-80
rpm), 2-min rest interval x 2
at 50% VO2max (60 rpm), 3-
min cooling down (30 W, 60
rpm)

3-5 x week, 30-45 min
30-60% HRR*

2 x week, 30-50 min
Treadmill

3 x week, 45 min
Treadmill at 60-75% MHR
(max HR)

4-5 x week
Gym-based aerobic exercise at
40-60%

5 x week, 30-60 min
Treadmill at 45-55%
VO2peak

4 x week, duration was
calculated as the ratio of 80
1/02 by the average VO2 (L/
min/O2) per each session
Treadmill at 55% VO2peak
4 x week,

Treadmill: 4-min intervals at
80% VO2peak, 3-min rest
intervals at 50% VO2peak

5 x week, brisk walking

30 min (in total 150 min/
week) at 45-55% MHR**
Ttreadmill 30-min at 65-80%
of MHR**

Control  Duration

No exercise 8 weeks
program,

standard care

RT: 9 exercises 16 weeks
on weight
machines, 3
series of 10
repetitions at
70-80%

AE + whole
body vibration:
Vertical-

8 weeks

sinusoidal
vibration
platforms, 15
min

No exercise 12 weeks
program,

Advised to

maintain their

current level of

PA

No exercise 16 weeks
program,

Advice about

the health

benefits of

exercise in

NAFLD

No exercise 24 weeks
program,

standard care

Combined
exercise

24 weeks

Combined
exercise

12 weeks

No exercise 12 weeks
program,

standard care

No exercise 12 weeks
program,

standard care

Resistance 12 weeks
exercise: Push-
ups, sit ups,
leg press, leg
extensions/
curls, chest
press, pull
downs
Intensity based
on 1-RM
strength test

Conventional 16 weeks

care

No exercise 24 weeks

program

No exercise 8 weeks

program

Conventional 16 weeks

lifestyle advice

No exercise 16 weeks

program

No exercise 4 weeks

program

No exercise 26 weeks

program

C, control group; CT, computed tomography; F, female; FG, fasting glucose; HIIT, high-intensity interval training; I, intervention group; M, male; MICT, moderate-intensity continuous
training; MRS, magnetic resonance spectroscopy; Mri-PDFF, magnetic resonance imaging proton density fat fraction; NAFLD, non-alcoholic fatty liver disease; NASH, non-alcoholic
steatohepatitis; PA, physical activity; RT, resistance training; SD, standard deviation; US, ultrasonography.

*95% CL.

**MHR, maximum predicted heart rate, calculated as 220/min for men and 210/min for women minus the participant’s age.
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Cardiorespiratory fitness

Experimental Control Mean Difference Mean Difference

Study or Subgroup Mean SD Total Mean SD Total Weight IV, Random, 95% CI IV, Random, 95% CI

MICT
Pugh, C. et al. 2013 9.7 6.65 6 -0.3 282 5 18.0%  10.00[4.13, 15.87] —
Rezende, R. et al. 2016 0.6 279 19 -13 3.16 21 26.7% 1.90[0.06, 3.74]
Shojaee-Moradie, F. et al. 2016 75 091 15 0.5 0.78 12 28.1% 7.00 [6.36, 7.64] -
Sullivan, S. et al. 2012 2 091 12 14 1.75 6 27.2% 0.60 [-0.89, 2.09]
Total (95% ClI) 52 44 100.0% 4.43 [0.31, 8.55] —l—
Heterogeneity: Tau? = 15.61; Chi? = 79.21, df = 3 (P < 0.00001); I* = 96% 10 5 0 s 10

Test for overall effect: 2 = 2.11 (P = 0.03) Favours [experimental] Favours [control]
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A Glucose

Experimental Control Mean Difference Mean Difference
Study or Subgroup Mean SD Total Mean SD Total Weight IV, Fixed, 95% CI 1V, Fixed, 95% CI
MIicT
Cheng, S. etal. 2017 -0.2 0.36 22 0.2 0.32 18 8.8% -0.40[-0.61,-0.19]
Cuthbertson, D. et al. 2016 -0.15 04 3 -02 033 20 95% 0.05[-0.15,0.25] T
Pugh, C. et al. 2013 -0.1 045 6 0.1 067 5 08% -0.20[-0.89,0.49] -]
Rezende, R. et al. 2016 -0.46 161 19 -004 08 21 0.6% -0.42[-1.22,0.38] —
Shojaee-Moradie, F. et al. 2016 -02 013 15 -03 0.13 12 40.3%  0.10[0.00, 0.20] -
Zhang, H. et al. 2016 -0.24 042 69 -0.41 044 74 197%  0.17[0.03, 0.31] o
Subtotal (95% CI) 161 150 79.7% 0.05[-0.02,0.12] »
Heterogeneity: Chi? = 23.09, df = 5 (P = 0.0003); I* = 78%
Test for overall effect: Z = 1.37 (P = 0.17)
HIT
Hallsworth, K. et al. 2015 -0.2 1.09 1 0 08 12 06% -0.20[-0.99, 0.59]
Houghton, D. et al. 2017 -0.1 1.05 12 0 1.08 12 05% -0.10[-0.95,0.75] —_—
Zhang, H. et al. 2016 -0.33 043 68 -0.41 0.44 74 19.1% 0.08 [-0.06, 0.22] I
Subtotal (95% CI) 91 98 20.3% 0.07 [0.07,0.21]
Heterogeneity: Chi? = 0.62, df = 2 (P = 0.73); I? = 0%
Test for overall effect: Z = 0.94 (P = 0.35)
Total (95% Cl) 252 248 100.0% 0.05(-0.01,0.12) L 2
ity: Chi = = = 12 = 66%
Heterogeneity: Chi? = 23.76, df = 8 (P = 0.003); I* = 66% P 05 0 05 1

Test for overall effect: Z = 1.65 (P = 0.10)
Test for subaroup differences: Chi? = 0.05, df = 1 (P = 0.83). I* = 0%

B Homeostatis model assesment for insulin resistance (HOMA-IR)

Favours [experimental] Favours [control]

Experimental Control Mean Difference Mean Difference

Study or Subgroup Mean SD Total Mean SD Total Weight IV, Random, 95% CI IV, Random, 95% CI

MICT
Abdelbasset, et al. 2020 -0.8 1.04 15 0.18 1.08 16 121%  -0.98[-1.73,-0.23]
Cheng, S. etal. 2017 -0.17 041 22 017 0.28 18 13.5%  -0.34[-0.48,-0.20] =
Cuthbertson, D. et al. 2016 -043 1.01 30 0.03 076 20 12.9% -0.46 [-0.95, 0.03] :
Rezende, R. et al. 2016 -0.13 237 19 -0.1 078 21 10.6% -0.03 [-1.15, 1.09]
Shojaee-Moradie, F. etal. 2016  -1.91 0.01 15 0 0.01 12 135%  -1.91[-1.92,-1.90] *
Subtotal (95% CI) 101 87 626%  0.77[1.77,022] ~ ——eo——
Heterogeneity: Tau? = 1.19; Chi? = 560.78, df = 4 (P < 0.00001); I* = 99%
Test for overall effect: Z = 1.52 (P = 0.13)

HIT
Abdelbasset, et al. 2020 -08 127 16 0.18 1.08 16 11.8%  -0.98[-1.80,-0.16] — &
Hallsworth, K. et al. 2015 -03 051 " 0 0.55 12 13.0% -0.30[-0.73,0.13] R
Houghton, D. et al. 2017 -0.3 051 12 0 09 12 12.6% -0.30 [-0.89, 0.29] i
Subtotal (95% CI) 39 40 37.4% -0.42[-0.76,-0.07] -
Heterogeneity: Tau? = 0.01; Chi? = 2.25, df = 2 (P = 0.32); I = 11%
Test for overall effect: Z = 2.34 (P = 0.02)
Total (95% CI) 140 127 100.0%  -0.68 [-1.46,0.11] ——
Heterogeneity: Tau? = 1.18; Chi? = 647.22, df = 7 (P < 0.00001); I = 99% [2 ) 73 ¥ 2'

Test for overall effect: Z = 1.69 (P = 0.09)
Test for subaroup differences: Chi 145 df=1(P=0.50) I2=0%

Favours [experimental] Favours [control]
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A Total cholesterol (TC)

Experimental Control Mean Difference Mean Difference

Study or Subgroup Mean SD Total Mean SD Total Weight IV, Random, 95% CI IV, Random, 95% CI

micT
Abdelbasset, et al. 2020 -0.33 0.14 16 -0.07 0.14 16 19.5%  -0.26 [-0.36, -0.16] =
Cuthbertson, D. et al. 2016 -0.19 0.52 30 0.02 043 20  9.0% -0.21[-0.47, 0.05) I
Pugh, C. etal. 2013 -0.3 065 6 -0.1 0.89 5 11% -0.20 [-1.14,0.74] ¢
Rezende, R. et al. 2016 0.003 0.77 19 -0.003 0.67 21 4.1% 0.01 [-0.44, 0.46]
Shojaee-Moradie, F. et al. 2016 -03 0.13 15 0 0.13 12 19.4% -0.30 [-0.40, -0.20; -
Zhang, H. etal. 2016 -0.36 0.65 69 -0.4 0.65 74 11.5% 0.04 [-0.17, 0.25] S———
Subtotal (95% CI) 155 148 64.6%  -0.20 [-0.31, -0.09] E 2
Heterogeneity: Tau? = 0.01; Chi? = 9.41, df = 5 (P = 0.09); I? = 47%
Test for overall effect: Z = 3.64 (P = 0.0003)

HIT
Abdelbasset, et al. 2020 -0.39 0.15 16 -0.07 0.14 16 192%  -0.32[-0.42,-0.22] —
Hallsworth, K. et al. 2015 -0.1 061 1 -02 08 12 27% 0.10 [-0.48, 0.68]
Houghton, D. et al. 2017 -0.2 0.86 12 0.3 0.82 12 2.0% -0.50 [-1.17, 0.17]
Zhang, H. et al. 2016 -0.34 0.65 68 -0.4 0.65 74 11.5% 0.06 [-0.15, 0.27]
Subtotal (95% CI) 107 114 354%  -0.15[-0.44,0.13] s —
Heterogeneity: Tau? = 0.05; Chi* = 11.86, df = 3 (P = 0.008); I* = 75%
Test for overall effect: Z = 1.04 (P = 0.30)
Total (95% Cl) 262 262 100.0%  -0.19 [-0.29, -0.09] E -3
Heterogeneity: Tau? = 0.01; Chi? = 21.28, df = 9 (P = 0.01); I = 58% k 7 -o=.5 3 Ol 5 1=

Test for overall effect: 3.66 (P = 0.0003)
Test for subaroup differences: Chi* = 0.11, df = 1 (P = 0.74), I = 0%

B High density lipoprotein cholesterol (HDL-C)

Favours [experimental] ~ Favours [control]

Experimental Control Mean Difference Mean Difference

Study or Subgroup Mean SD Total Mean SD Total Weight IV, Random, 95% CI IV, Random, 95% CI

MICT
Abdelbasset, et al. 2020 0.06 0.05 15 -0.03 0.06 16 17.8% 0.09 [0.05, 0.13] o
Cuthbertson, D. et al. 2016 0.02 0.11 30 0 0.13 20 11.4% 0.02 [-0.05, 0.09] -
Pugh, C. etal. 2013 0.03 0.18 6 -0.04 02 5 1.9% 0.07 [-0.16, 0.30] T
Rezende, R. et al. 2016 0.25 0.42 19 002 0.24 21 21% 0.23[0.02, 0.44]
Shojaee-Moradie, F. et al. 2016 0.02 0.04 15 0 0.05 12 18.7% 0.02[-0.01, 0.05] ™
Zhang, H. et al. 2016 0.03 0.15 69 -0.02 0.15 74 15.4% 0.05 [0.00, 0.10] =
Subtotal (95% CI) 154 148 67.2% 0.05[0.02, 0.09] *
Heterogeneity: Tau? = 0.00; Chi? = 10.39, df = 5 (P = 0.06); I* = 52%
Test for overall effect: 2.81 (P =0.005)

HIT
Abdelbasset, et al. 2020 0.05 0.06 16 -0.03 0.06 16 17.1% 0.08[0.04, 0.12] E 3
Zhang, H. et al. 2016 0.01 0.14 68 0.02 0.15 74 15.7% -0.01[-0.06, 0.04] 1
Subtotal (95% CI) 84 90 32.8% 0.04 [-0.05, 0.12]

Heterogeneity: Tau? = 0.00; Chi? =7.77, df = 1 (P = 0.005); I* = 87%
Test for overall effect: 0.80 (P =0.43)

Total (95% CI) 238
Heterogeneity: Tau? = 0.00; Chi? = 18.36, df = 7 (P = 0.01); I* = 62%
Test for overall effect: Z = 2.90 (P = 0.004)

Test for subaroup differences: Chi* = 0.12, df = 1 (P = 0.73), I

0%

238 100.0%

¢ Low density lipoprotein cholesterol (LDL-C)

0.05 [0.02, 0.08]

¢

“1

05 1
Favours [control]

05 0
Favours [experimental]

Experimental Control Mean Difference Mean Difference
Study or Subgroup Mean SD_Total Mean SD Total Weight IV, Random, 95% CI IV, Random, 95% Cl
Abdelbasset, et al. 2020 -0.08 0.04 15 -0.002 0.03 16 22.8% -0.08 [-0.10, -0.05] -
Cuthbertson, D. et al. 2016 -0.13  0.23 30 0.1 0.31 20 13.9% -0.24 [-0.40, -0.08] — &
Pugh, C. etal. 2013 -02 023 6 07 05 5 33% -0.90[-1.38,-042]
Rezende, R. et al. 2016 -0.12  0.34 19 -0.009 0.27 21 11.8% -0.11[-0.30, 0.08] — =
Shojaee-Moradie, F. et al. 2016 -0.5 0.133 15 -0.4 0.13 12 18.4% -0.10 [-0.20, -0.00] ==
Sullivan, S. et al. 2012 -0.01 023 12 0.06 0.21 6 10.6% -0.07 [-0.28, 0.14] — =
Zhang, H. et al. 2016 0.07 0.27 69 -0.009 0.27 74 19.2% 0.08 [-0.01,0.17] =
Total (95% CI) 166 154 100.0%  -0.10 [-0.20, -0.01] S
Heterogeneity: Tau? = 0.01; Chi? = 27.76, df = 6 (P = 0.0001); I = 78% '_1 _0' 5 0 0'5 1'
Test for overall effect: Z = 2.19 (P = 0.03) Favours [experimental] Favours [control]
p Triglycerides
Experimental Control Mean Difference Mean Difference
Study or Subgroup Mean SD Total Mean SD Total Weight IV, Random, 95% CI 1V, Random, 95% CI
micT
Abdelbasset, et al. 2020 -0.22 0.09 15 0.02 0.08 16 17.2%  -0.24[-0.30,-0.18] E3
Cheng, S. et al. 2017 0.1 0.76 22 -0.1 0.69 18  52% 0.20 [-0.25, 0.65] =
Cuthbertson, D. et al. 2016 -0.16 1 30 0.05 0.98 20 3.7% -0.21[-0.77,0.35] - = |
Pugh, C. etal. 2013 -0.2 046 6 -1 172 5 0.6% 0.80 [-0.75, 2.35] >
Rezende, R. et al. 2016 0.14 0.51 19 011 0.44 21 8.6% 0.03[-0.27,0.33] N
Shojaee-Moradie, F. et al. 2016 -0.2 0.13 15 03 0.13 12 16.0%  -0.50[-0.60, -0.40] e
Sullivan, S. et al. 2012 0.18 045 12 0.3 0.89 6 22% -0.12[-0.88, 0.64]
Zhang, H. et al. 2016 -0.22 0.19 69 -02 072 74 13.3% -0.02[-0.19, 0.15] L
Subtotal (95% CI) 188 172 66.8% -0.15[-0.33, 0.03] B -
Heterogeneity: Tau? = 0.04; Chi? = 40.27, df = 7 (P < 0.00001); I* = 83%
Test for overall effect: Z = 1.65 (P = 0.10)
HIT
Abdelbasset, et al. 2020 -0.23 0.08 16 0.02 0.08 16 17.3% -0.25[-0.31,-0.19] 5
Houghton, D. et al. 2017 -05 06 12 0.3 061 12 46% -0.80[-1.28,-032) +——————
Zhang, H. et al. 2016 -0.3 0.72 68 0.3 061 74 11.3% -0.60 [-0.82, -0.38] — &
Subtotal (95% CI) 96 102 33.2%  -0.50 [0.82,-0.17] e i—
Heterogeneity: Tau? = 0.06; Chi = 13.64, df = 2 (P = 0.001); I* = 85%
Test for overall effect: Z = 2.98 (P = 0.003)
Total (95% CI) 284 274 100.0%  -0.26 [-0.39, -0.14] -
Heterogeneity: Tau? = 0.02; Chi? = 53.95, df = 10 (P < 0.00001); I = 81% k P 0 5 5 Oi 5 1=

Test for overall effect: Z = 4.29 (P < 0.0001)
Test for subaroup difference hi

126.df=1 (P =0.07). 12=69.3%

Favours [experimental] Favours [control]
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Khaoshbaten, M. etal. 2013 | @ | @ @ | @ | @ | @

MacLean, C.etal.2018 | @ | @ | @ | @ | @ | @
O'Gorman, P.etal. 2020 | @ | @ | ? | @ | @ | @
Sargeant, J. etal. 2018 | @ | ? | @ | @ | ® | ®
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Abdelbasset, etal. 2020 | @ | @ | @ | 2 | @

Bacchi, E.etal. 2013 | @ | @ | @ | @ | @

Cevik, T.etal. 2020 | @ | @ | @ | @ | @
Cheng,S.etal. 2017 | @ | @ | @ | @ | @
Cuthbertson, D. etal. 2016 | @ | @ | ® | ® | @

Eckard, C.etal. 2013 | @ | @ | @ | @ | @

Franco, l.etal.2019 | @ (@ | @ |2 | @
Franco, I etal.2021 | @ @ @ |2 | @
Hallsworth, K. etal.2015 | @ | @ | @ | 2 | @
Houghton, D. etal. 2017 | @ | @ | @ | @ | @

ohs.eta.207 | @ | D | ® || @
Pugh,C.etal.2013 | @ | @ | ® | @ | @
Rezende,R. etal.2016 | @ | @ | @ | @ | @
Shamsoddini, A. etal. 2015 | @ | @ | @ | ® | @

Shojaee-Moradie, F. etal.2016 | @ | 2 | @ | @ | @

Sullivan, S.etal. 2012 | @ | @ | ® | ® | @

winn, N.etal.2018 [ @ | @ @ @ | @
Zhang, H.etal. 2016 | @ | @ | @ | @ | @
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A Alanine transamiase (ALT)

Experimental Control

Mean Difference

Mean Difference

Study or Subgroup Mean  SD Total Mean  SD Total Weight IV, Random, 95% CI IV, Random, 95% CI
MIcT
Abdelbasset, et al. 2020 -3.7 3.09 15 19 294 16 19.9% -5.60 [-7.73, -3.47] -
Cheng, S. etal. 2017 -1.5 691 22 15 6.25 18 11.4% -3.00 [-7.08, 1.08] /T
Cuthbertson, D. et al. 2016 -14 37.15 30 -12 16.25 20 1.4% -2.00[-17.08, 13.08] .
Pugh, C. etal. 2013 -31 34.79 6  -26 40.89 5 02% -5.00([-50.38, 40.38]
Rezende, R. et al. 2016 <71 2269 19 -2.71 19.28 21 1.8% -4.39[-17.51, 8.73] T
Shojaee-Moradie, F. etal. 2016~ -14.3 3.32 15 -98 373 12 17.0%  -4.50[-7.20, -1.80] o
Zhang, H. et al. 2016 -2.7 11.02 69 -3.3 11.19 74 12.9% 0.60 [-3.04, 4.24] —
Subtotal (95% CI) 176 166  64.5%  -3.59 [-5.60, -1.57] L 4
Heterogeneity: Tau? = 2.03; Chi* = 8.74, df =6 (P = 0.19); I? = 31%
Test for overall effect: Z = 3.49 (P = 0.0005)
HIT
Abdelbasset, et al. 2020 -41 295 16 19 294 16 20.3%  -6.00 [-8.04, -3.96] =
Hallsworth, K. et al. 2015 -10 17.69 " 4 14.67 12 1.7% -14.00 [-27.35, -0.65] - = |
Houghton, D. et al. 2017 -1 1513 12 -6 3572 12 0.7% 5.00 [-16.95, 26.95]
Zhang, H. et al. 2016 -41 11.15 68 -3.3 11.19 74 12.8% -0.80 [-4.48, 2.88] —
Subtotal (95% CI) 107 114 355%  -4.31[-9.03,0.41] -
Heterogeneity: Tau? = 11.32; Chi? = 8.46, df = 3 (P = 0.04); I> = 65%
Test for overall effect: Z = 1.79 (P = 0.07)
Total (95% CI) 283 280 100.0%  -3.78 [-5.58, -1.98] k-3
Heterogeneity: Tau? = 3.07; Chi? = 17.75, df = 10 (P = 0.06); I* = 44% _,‘;0 _1‘0 3 1'0 2'0
Test for overall effet;l: Z=412 (PA< 0.0001) Favours [experimental] Favours [control]
Test for subaroup differences: Chi? = 0.08, df = 1 (P = 0.78), I’ = 0%
B Aspartate transaminase (AST)
Experimental Control Mean Difference Mean Difference
Study or Subgroup Mean SD Total Mean SD_Total Weight IV, Random, 95% CI IV, Random, 95% CI
micT
Cheng, S. etal. 2017 -32 5.03 22 4 455 18 16.1% -7.20[-10.17,-4.23] .
Cuthbertson, D. et al. 2016 -8 11.94 30 -4 986 20 10.5%  -4.00 [-10.08, 2.08] =
Pugh, C. etal. 2013 -9 14.99 6 -4 17.68 5 20% -5.00[-24.60, 14.60] ]
Rezende, R. et al. 2016 0.16 23.36 19 -4.23 17.15 21 4.1% 4.39[-8.42,17.20] I —
Shojaee-Moradie, F. et al. 2016 -75 214 15 27 151 12 18.6%  -4.80[-6.18,-3.42] =
Zhang, H. et al. 2016 -1.3 593 69 03 571 74 17.9% -1.60 [-3.51, 0.31] el
Subtotal (95% Cl) 161 150 69.1%  -4.05[6.39, -1.71] L 2
Heterogeneity: Tau? = 3.90; Chi? = 13.44, df = 5 (P = 0.02); I = 63%
Test for overall effect: Z = 3.39 (P = 0.0007)
HIT
Hallsworth, K. et al. 2015 -3 10.82 1" 4 506 12 9.1%  -7.00[-14.01, 0.01]
Houghton, D. et al. 2017 12 14 12 -1 18.25 12 4.0% 13.00[-0.01,26.01]
Zhang, H. et al. 2016 18 5.89 68 02 571 74 17.9% 1.60 [-0.31, 3.51]
Subtotal (95% CI) 91 98  30.9% 1.02 [-6.91, 8.94]
Heterogeneity: Tau? = 35.17; Chi? = 8.59, df = 2 (P = 0.01); 2= 77%
Test for overall effect: Z = 0.25 (P = 0.80)
Total (95% CI) 252 248 100.0% -2.51[-5.41, 0.38] L
Heterogeneity: Tau? = 11.28; Chi? = 46.82, df = 8 (P < 0.00001); I = 83% _40 B 1 o 3 1=u 2’0
Test for overall effect: Z = 1.70 (P = 0.09) Favours [experimental] Favours [control]
Test for subaroup differences: Chi? = 1.44, df = 1 (P = 0.23), 1> = 30.7%
C Gamma-glutamyl transpepridase (YGT)
Experimental Control Mean Difference Mean Difference
Study or Subgrou, Mean SD_Total Mean SD_Total Weight IV, Random, 95% CI 1V, Random, 95% CI
micT
Cheng, S. etal. 2017 12 887 22 -26 742 18 28.0% 3.80(-1.25, 8.85)
Cuthbertson, D. et al. 2016 -18 2919 30 -8 2167 20 20.8% -10.00[-24.12,4.12]
Pugh, C. etal. 2013 -18 22.29 6 -29 28 5 10.0% 11.00[-19.34, 41.34] -
Rezende, R. et al. 2016 -5.79 43.94 19 -856 37.1 21 125% 2.77 [-22.57, 28.11]
Shojaee-Moradie, F. etal. 2016  -17.2 6.16 15 32 3 12 287% -14.00[-17.55, -10.45) -
Total (95% CI) 92 76 100.0%  -3.59 [-15.40, 8.22]
Heterogeneity: Tau? = 123.06; Chi? = 34.23, df = 4 (P < 0.00001); I* = 88% 4,‘;0 g 1'0 ) 1‘0 2‘0

Test for overall effect: Z = 0.60 (P =

.55)

Favours [experimental] Favours [control]
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Intrahepatic lipids (IHL)

Experimental Control Mean Difference Mean Difference
Study or Subgrou Mean SD Total Mean SD Total Weight IV, Random, 95% CI IV, Random, 95% CI

MICT
Abdelbasset, et al. 2020 -24 3.13 15 -0.1 3.26 16 14.7% -2.30 [-4.55, -0.05]
Cheng, S. etal. 2017 -5.5 6.2 22 2.8 548 18 8.3% -8.30[-11.92, -4.68]
Cuthbertson, D. et al. 2016 -9.3 10.35 30 -2.5 8.02 20 4.8% -6.80[-11.91,-1.69]
Pugh, C. etal. 2013 -10.9 21.87 6 -39 107 5 04% -7.00[-26.85, 12.85]
Shojaee-Moradie, F. etal. 2016  -10.7 8.56 15 0.1 135 12 1.8% -10.80[-19.58, -2.02]
Sullivan, S. et al. 2012 274 42 12 245 717 6 35% -5.19[-11.40, 1.02]
Zhang, H. et al. 2016 -6.3 6.57 69 -2.2 6.58 74  15.4% -4.10 [-6.26, -1.94]
Subtotal (95% CI) 169 151  48.9%  -5.19 [-7.33, -3.04]

Heterogeneity: Tau? = 3.15; Chi? = 10.89, df = 6 (P = 0.09); I* = 45%
Test for overall effect: Z = 4.74 (P < 0.00001)

HIIT
Abdelbasset, et al. 2020 -23 3.55 16 -0.1 3.26 16 14.0% -2.20 [-4.56, 0.16]
Hallsworth, K. et al. 2015 -2.8 3.31 1" 0.1 2.67 12 13.4% -2.90 [-56.37, -0.43]
Houghton, D. et al. 2017 -2 553 12 1 3.16 12 8.3% -3.00 [-6.60, 0.60]
Zhang, H. et al. 2016 -7.2 6.52 69 -2.2 6.58 74  15.4% -5.00 [-7.15, -2.85]
Subtotal (95% CI) 108 114  51.1% -3.41[-4.74, -2.08]

Heterogeneity: Tau? = 0.18; Chi? = 3.33, df = 3 (P = 0.34); I? = 10%
Test for overall effect: Z = 5.04 (P < 0.00001)

Total (95% ClI) 277 265 100.0% -4.10 [-5.33, -2.87]
Heterogeneity: Tau? = 1.35; Chi? = 15.38, df = 10 (P = 0.12); I* = 35%

Test for overall effect: Z = 6.54 (P < 0.00001)

Test for subaroup differences: Chi2=1.90.df=1(P=0.17). 12=47.4%

-20 -10 0 10 20
Favours [experimental] Favours [control]
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Body weight

Experimental Control

Mean Difference

Mean Difference

Study or Subgroup Mean SD Total Mean SD Total Weight IV, Random, 95% CI IV, Random, 95% CI
MICT

Cheng, S. et al. 2017 -1 65 22 02 72 18  1.7% -1.20 [-5.49, 3.09] -

Cuthbertson, D. et al. 2016 25 29 30 02 22 20 15.3%  -2.70[-4.12,-1.28] -

Pugh, C. et al. 2013 -22 89 6 1 1858 5 01% -320[-1854, 1214 ¢— ——————————

Shojaee-Moradie, F. et al. 2016 -4 10.2 15 06 3.9 12 1.0% -4.60[-10.21, 1.01] *

Sullivan, S. et al. 2012 02 27 12 02 37 6 28% -0.40 [-3.73, 2.93]

Zhang, H. et al. 2016 26 27 69 -11 27 74 391%  -1.50[-2.39,-0.61] ——

Subtotal (95% Cl) 154 135 59.9%  -1.80 [-2.52, -1.09] D 4

Heterogeneity: Tau? = 0.00; Chi? = 3.73, df =5 (P = 0.59); I = 0%

Test for overall effect: Z = 4.93 (P < 0.00001)
HIT

Hallsworth, K. et al. 2015 -14 86 11 0 65 12 0.8% -1.40[-7.67, 4.87]

Houghton, D. et al. 2017 1 114 12 1 87 12 0.6% 0.00[-7.21,7.21]

Zhang, H. et al. 2016 32 27 68 -1.1 27 74 38.8%  -2.10[-2.99,-1.21] —i—

Subtotal (95% Cl) 91 98 40.1% -2.06 [-2.93, -1.18] S 2

Heterogeneity: Tau® = 0.00; Chi? = 0.36, df =2 (P = 0.83); I>= 0%

Test for overall effect: Z = 4.61 (P < 0.00001)

Total (95% CI) 245 233 100.0%  -1.90 [-2.46, -1.35] L 2

Heterogeneity: Tau? = 0.00; Chi? = 4.29, df = 8 (P = 0.83); I?= 0%
Test for overall effect: Z = 6.74 (P < 0.00001)
Test for subaroup differences: Chi2=0.20. df =1 (P = 0.66). I2= 0%

-2 0 2 4
Favours [experimental] Favours [control]
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Studies identified from:
Databases (n = 1420)

Studies screened
n=73

Studies sought for retrieval
(n=231)

Studies assessed for eligibility
(n=29)

Studies included in review
(n=24)
Studies included for meta-
analysis
(n=10)

Studies removed before
screening:
Duplicate studies removed
(n=13)
Studies removed based on
titles and abstracts according
eligibility criteria (n = 1334)

Studies excluded
(n=42)

Studies not retrieved

n=2

Studies excluded:
Duplicate (n = 2)
No NAFLD diagnosis (n = 2)
Dietary intervention (n= 1)

Interventions of included studies:
MICT (n=11)

HIT (n=7)

MICT and HIIT (n = 4)
SIT(n=2)
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Year

2009

2011

2004

2015

2006

2008

2005

2006

2015

2010

2016

2018

2021

2003

2012

2014

2018

2012

2017

2015

2019

2008

2012

2019

2021

2006

2010

2019

2020

Participants Study design

country

Finnish

Taiwan

Taiwan

Netherlands

Taiwan

UsA

Singapore

Japan

Japan

UsA

Usa

Colombia

Sweden

UsA

China

Taiwan

Korea

UK

UsA

Denmark

UsA

Korea

Malaya

UsA

China

Japan

Usa

Questionnaires sent to subjects in the Population Register
Center
Participants in health examinations at a Taiwan hospital

Multistage health screening program in Taiwan

Multi-staged, stratified, random sampling of participants

over 40 years in Zhengzhou City, China
Questionnaires sent to elderly men in 21 general practices in
Maastricht

Mulistage selection of female participants over 60 older in
‘Taiwan and neighboring islands

Data from the Medical, Epidemiologic, and Social aspects of
Aging (MESA) Study in Michigan

A population-based cross-sectional survey was conducted in
Singapore

A cross-sectional study of community-based elderly
individuals

Community sample > 70 years in Japan

Participants in USA health screening of men
Participants aged > 65 years were included from the
NHANES dataset

A cross-sectional study conducted in five major cities in

Colombi

Questionnaires sent to all inhabitants aged > 65 years in
Tierp, Sweden.

A random sample of men aged 40 - 79 years from Olmsted
County, MN, USA

A cross-sectional survey for adults aged > 18 in five
geographical regions of China.

An internet-based study for subjects aged > 40 years in
China, South Korea, and Taiwan

Questic

symptoms in Taiwan

nnaires sent to 40 years for the lower urinary tract

Data were collected by the Korean Centers for Disease
Control and Prevention

A cross-sectional, population-representative survey
involving 30,000 men and women from the USA, UK and
Sweden evaluating lower urinary tract symptoms (LUTS)
Data from a cluster-randomized trial of BP reduction in 52
black-owned barbershops in Los Angeles County, California
(Clinicaltrials gov, NCT02321618)

Questionnaire was randomized sent to 4,000 individuals
living in Copenhagen County

Data from the Sleep Heart Health Study (SHHS) for
middle-age and older adults

Data were prospective collected in Hanyang University
Hospital

A cross-sectional was conducted among
community-dwelling Malaysian adults aged> 18 years old
A multistage, stratified, cluster random sample were
obtained from the Boston

A cross-sectional survey of nocturia in several communities
in northern China

Multiphasic health screening for 18 952 women in Fukui,
Japan

A sample of 143 patients based on outpatient cardiology

clinic

Sample
size
3,307
509
6517
9,637
2,934
1,523
1,652
2273
862
784
30,500
4,698
1,060
2,081
2,447
3,023
8,284
1,011
92,626

30,000

1,673

2,799
6342
304
4616
5,506
1,198
18,952

143

Gender
(Female/
Male)

N

0/509

1,949/4,568

6621/3.016

0/2,934

1,523/0

987/665

1,134/1,139

435/427

4271357

0/30,500

2,323/2,375

530/530

1,061/1,020

02,447

1,472/1,551

4,208/4,076

Diabetes definition

History of diabetes
History of diabetes

History of diabetes or fasting plasma
glucose = 126 mg/dL, or random
glucose 200 mg/ dL.

History of diabetes

History of diabetes

History of diabetes

History of diabetes

History of diabetes

History of diabetes or fasting plasma
glucose levels > 7.0 mmol/L.

History of diabetes

History of diabetes

History of diabetes or fasting plasma
glucose 2126 mg/dL, or random glucose
2200 mg/ dL.

History of diabetes

History of diabetes

History of diabetes

History of diabetes

History of diabetes

History of diabetes

History of diabetes

15,810/14,107 History of diabetes

0/1,673

1,313/1,486

3361/2,981

83/221

2,634/1.982

3,205/2,301

592/606

0/18,952

106/37

History of diabetes

History of diabetes

History of diabetes

History of diabetes

History of diabetes

History of diabetes

History of diabetes

History of diabetes

History of diabetes patients or fasting

plasma glucose =126 mg/dL, or a recent
HbALC >6.5%

Nocturia
(minimum
episodes)

Number of
nocturia
patients

N

1,856

3,053
965
1,120
520
1,250
262
359
9,440
2,333
593

603

440

2,976

385

16,322

9,325

485

1,022

3,625

83

2,646

1,872

411

m

NOs
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Adjusted 10-year CVD risk

Men >10%/women >11% Men >20%/women >22% Both >30%
ORs (95% CI) p value ORs (95% CI) p value ORs (95% CI) p value

MHR

T1 - - - - - -

T2 1.332 (1.090-1.628) 0.005 1.891 (1.490-2.400) 0.039 1.832 (0.984-3.413) 0.056

T3 1.937 (1.592-2.358) <0.001 2696 (2.119-3.431) <0.001 4607 (2.648-8.017) <0.001
Per SD increment 1.293 (1.194-1.400) <0.001 1.423 (1.305-1.551) <0.001 1.468 (1.310-1.647) <0.001
NLR

T1 = = = = - =

T2 1.119 (0.983-1.440) 0.075 1.098 (0.868-1.389) 0.435 1.218 (0.738-2.012) 0.440

T3 1.290 (1.063-1.565) 0010 1.349 (1.074-1.695) 0.010 1.740 (0.827-2.779) 0.021
Per SD increment 1.022 (0.953-1.095) 0.544 1.074 (1.000-1.153) 0.051 1.094 (0.979-1.222) 0.113
SII

T1 = - - = = -

T2 1.130 (0.935-1.365) 0207 1.123 (0.896-1.408) 0314 1.528 (0.963-2.426) 0.072

T3 1.265 (1.046-1.531) 0016 1.166 (0.933-1.456) 0.177 1.292 (1.206-1.383) <0.001
Per SD increment 1.061 (0.983-1.146) 0.130 1.041 (0.858-1.263) 0.681 1.134 (0.980-1.311) 0.092
SIRI

T1 - - - - — -

T2 1.372 (1.129-1.667) 0.001 1.315 (1.014-1.704) <0.001 2.071 (1.1623-3.692) 0.014

T3 1.568 (1.290-1.907) <0.001 2488 (2.212-2.797) <0.001 3397 (1.958-5.894) <0.001
Per SD increment 1.220 (1.205-1.236) <0.001 1.326 (1.255-1.401) <0.001 1,557 (1.228-1.974) <0.001

Logistic regression model of CVD risk: gender, current drinking, physical activity, salt intake, tea consumption, DM, hyperuricemia, WBC counting, BUN, Scr, TG, LDL-C, and
inflammatory indicators, respectively. CI, confidence interval; CVD, cardiovascular disease; HDL-C, high-density lipoprotein cholesterol; LDL-C, low-density lipoprotein cholesterol; M,
mean; MetD, metabolic disorders; MetS, metabolic syndrome; MHR, monocyte-to-high-density lipoprotein ratio; NLR, neutrophil-to-lymphocyte ratio; OR, odds ratio; SD, standard
deviation; SII, systematic immune-inflammation index; SIRI, systemic inflammation response index; T, tertile.

Statistical significance was defined under two-tailed conditions.
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Characteristics

Male, n (%)

Age, mean (SD)

Status of marriage, n (%)
Elementary school and below, n (%)
Smoking, n (%)
Drinking, n (%)

Family history of diabetes, n (%)
Height, mean (SD)
Weight, mean (SD)
BMI, mean (SD)

WC, mean (SD)

HC, mean (SD)

SBP, mean (SD)

DBP, mean (SD)

HR, mean (SD)

CHOL, mean (SD)

TG, median (IQR)

HDL, mean (SD)

LDL, mean (SD)

AST, median (IQR)
ALT, median (IQR)
GGT, median (IQR)

Non-diabetes

1,511 (27.2%)
54.7 (6.68)
4,987 (90.3%)
564 (10.4%)
514 (9.38%)
154 (2.82%)
853 (15.6%)
158 (7.20)
58.1 (8.54)
232 (2.83)
80.3 (8.40)
934 (6.13)
125 (16.0)
74.8 (9.77)
804 (10.3)
525 (1.06)
1.19 [0.89; 1.62]
1.36 (0.33)
3.18 (0.84)
18.0 [16.0; 21.0]
12.0 [9.00; 16.0]
19.0 [14.0; 25.0]

Group

Diabetes

238 (27.1%)
57.6 (7.00)
772 (88.6%)
145 (17.0%)
73 (8.48%)
27 (3.13%)
187 (21.8%)
158 (6.74)
60.5 (8.34)
244 (2.92)
84.3 (8.39)
94.7 (6.19)
133 (16.8)
77.6 (9.77)
82,9 (10.7)
5.44 (1.10)
1.49 [1.105 1.97)
1.27 (0.32)
331 (0.90)
19.0 [16.05 22.0]
13.0 [9.00; 17.0]
24.0 [18.0; 31.0]

0.989
< 0.001
0.046
< 0.001
0.622
0.280
< 0.001
0.007
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
0.163
< 0.001
< 0.001
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Liver enzymes category

BMI < 30.55 kg/m” (n = 6,386)
AST
ALT
GGT

BMI > 30.55 kg/m” (1 = 48)
AST
ALT
GGT

Fold change (95% CI) of DM risk per unit increase in liver enzymes

Unadjusted model

1.01 (0.99-1.02)
1.03 (1.01-1.04)
1.05 (1.04-1.06)

1.08 (0.95-1.24)
1.06 (0.97-1.16)
1.13 (1.05-1.26)

‘Covariates in the adjusted model: gender, age, BMI, SBP, TG, and HDL.

Bold value are statistically significant.

p=0398
p <0.001
p <0.001

p=0263
p=0202
p=0.001

Adjusted model”

0.98 (0.96-1.01)
1.00 (0.99-1.02)
1.04 (1.03-1.05)

1.16 (0.98-1.39)
1.05 (0.94-1.20)
1.18 (1.04-1.39)

p=0094
p=0573
p <0.001

p=0.095
p=0412
p=0.024
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Parameters

Persistent organ failure, n (%)

MODS, n (%)

Acute necrotic collection, n (%)

Major infection, n (%)

Mortality, n (%)

LOHS, days, median (25"-75" percentile)

Parameters

Persistent organ failure, n (%)

MODS, n (%)

Acute necrotic collection, n (%)

Major infection, n (%)

Mortality, n (%)

LOHS, days, median (25”‘.75“‘ percentile)

Non-HTG patients (n = 1139)

No stress hyperglycaemia  Stress hyperglycaemia
(n = 243)

(n = 896)

136 (15.2)
5 (2.8)
156 (17.4)
45 (5.0)
10 (1.1)
8 (6-12)

HTG-associated patients (n = 653)

No stress hyperglycaemia  Stress hyperglycaemia
(n = 256)

(n =397)

7 (16.9)
15 (3.8)
9 (22.4)
4 (6.0)
7 (1.8)
9 (7-13)

"Logistic regression with OR after adjusting baseline variates.
"Cox proportional hazards model with HR (deceased patients removed) after adjusting baseline variates. These variates included age, gender, body mass index, Charlson comorbidity index,

time to admission and referral status that each with considerable clinical importance.
HTG, hypertriglyceridaemia; OR, odds ratio; HR, hazard ratio; CI, confidence interval; MODS, Multiple Organ Dysfunction Syndrome; LOHS, length of hospital stay.

Bold values indicates that the P value is statistically significant.

78 (32.1)
9(3.7)
87 (35.8)
38 (15.6)
11 (4.5)
10 (6-16)

92 (35.9)
32 (12.5)
87 (34.0)
34 (13.3)
15 (5.9)
12 (8-19)

P

<0.001
0.458
<0.001
<0.001
<0.001
0.001

<0.001

<0.001
0.001
0.002
0.005

<0.001

Estimate, OR or HR
(95% CI)

247 (1.76-3.47)°
1.18 (0.53-2.63)"
254 (1.84-3.51)
328 (2.06-5.23)
376 (1.52-9.31)

(

0.77 (0.61-0.83)°

Estimate,
OR or HR (95% CI)

251 (1.71-3.68)
2.88 (1.48-5.60)
1.55 (1.07-2.22)"
212 (121-3.72)
276 (1.08-7.04)

0.72 (0.61-0.85)"

Adjusted P

<0.001
0.695
<0.001
<0.001
0.004
<0.001

Adjusted P

<0.001
0.002
0.019
0.009
0.034

<0.001
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9916 individuals were included (Guangzhou, China)

- e e e = e = e e = e = ==

Exclusion criteria :

1. Individuals failed to determine the diabetes
diagnostic criteria, n=230;

2. Individuals failed to provide diabetes history,
n=47,

3. Individuals had a history of diabetes, n=691

____________________________________

Exclusion criteria (missing one or more records):
1. BMI, n=278; 4. ALT, n=1596; \
2. WC, n=229; 5. GGT, n=732 :
3. AST, n=477; :

v
6434 individuals were included in final data analyses
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Duration of stress
hyperglycemia

No
Transient (<48 hours)

Persistent (=248 hours)

Duration of stress
hyperglycemia

No
Transient (<48 hours)

Persistent (248 hours)

Duration of stress
hyperglycemia

No
Transient (<48 hours)

Persistent (=48 hours)

Duration of stress
hyperglycemia

No
Transient (<48 hours)

Persistent (=248 hours)

Duration of stress
hyperglycemia

No
Transient (<48 hours)

Persistent (=48 hours)

Duration of stress
hyperglycemia

No
Transient (<48 hours)

Persistent (=48 hours)

POF
n/n total (%)

129/1092 (11.8)
171/556 (30.8)

73/144 (50.7)

MODS
n/n total (%)

22/1092 (2.0)
38/556 (6.8)

21/144 (14.6)

ANC
n/n total (%)

182/1092 (16.7)
176/556 (31.7)

61/144 (42.4)

Major infection
n/n total (%)

40/1092 (3.7)
72/556 (12.9)

29/144 (20.1)

Mortality
n/n total (%)

10/1092 (0.9)
20/556 (3.6)

13/144 (9.0)

LOHS (day)

8 (6-12)
11 (7-17)

13 (8-20)

Estimate,
OR (95% CI)

1 (reference)
2.66 (1.99-3.56)

5.34 (3.39-8.40)

Estimate,
OR (95% CI)

1 (reference)
2.04 (1.11-3.74)

2.33 (1.05-5.15)

Estimate,
OR (95% CI)

1 (reference)
1.94 (1.50-2.49)

2.46 (1.64-3.69)

Estimate,
OR (95% CI)

1 (reference)
3.27 (2.14-4.99)

4.50 (2.51-8.07)

Estimate,
OR (95% CI)

1 (reference)
2.36 (1.04-5.37)

3.91 (1.44-10.57)

Estimate,
OR (95% ClI)

1 (reference)
0.65 (0.59-0.73)

0.58 (0.48-0.70)

Adjusted
P

<0.001

<0.001

Adjusted
P

0.021

0.037

Adjusted
P

<0.001

<0.001

Adjusted
P

<0.001

<0.001

Adjusted
P

0.041

0.007

Adjusted
P

<0.001

<0.001

Multivariable adjusted (Py,4q<0.001)

POF OR (95% Cl)

Multivariable adjusted (P;.,q=0.038)

0 1 2 3 4 5 6
MODS OR (95% Cl)

Multivariable adjusted (P,.,q <0.001)

ANC OR (95% Cl)

Multivariable adjusted (P4 <0.001)

Major infection OR (95% Cl)

Multivariable adjusted (P;.,q=0.023)

o
N
£
(-2
(-]
=3
o
-
N

Mortality OR (95% Cl)

Multivariable adjusted (P,,,q <0.001)

o

0.2 0.4 0.6 0.8 1 1.2
LOHS HR (95% Cl)
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Age, years, median (25"-75" percentile)
Sex, male, n (%)
BMI, median (25"-75" percentile)
Charlson comorbidity index, median (25"-75" percentile)
Pre-existing DM, n (%)
Referral, n (%)
Time to admission, days, median (25"-75" percentile)
Aetiology, n (%)
Biliary
HTG-associated
Alcohol excess

Others or unknown

Total
(n=1792)

47 (38-57)
1135 (63.3)
24.24 (22.03-26.86)
0(0-1)

245 (13.7)

907 (50.6)
1(1-2)

696 (38.8)
486 (27.1)
161 (9.0)
449 (25.1)

Admission glucose and lipid levels, median (25"-75" percentile)

Blood glucose, mmol/L

Triglycerides, mmol/L

Admission clinical severity scores, median (25™-75™ percentile)

SIRS
APACHE IT

8.06 (6.38-11.61)
2,65 (1.04-10.84)

2(1-2)
6 (3-8)

No stress hyperglycaemia
(n = 1293)

47 (39-58)
807 (62.4)
24.03 (21.8-26.37)
0(0-1)

176 (13.6)
627 (48.5)
1(1-2)

543 (42.0)
300 (23.2)
118 (9.1)
332 (25.7)

7.08 (5.9-8.5)
2.77 (0.95-8.24)

1(1-2)
5(3-8)

P for Mann-Whitney U test or Chi-square test of comparison between no stress hyperglycaemia and stress hyperglycaemia groups.
BMI, body mass index; DM, diabetes mellitus; HTG, hypertriglyceridaemia; SIRS, Systemic Inflammatory Response Syndrome; APACHE II, Acute Physiology and Chronic Health

Evaluation II.
Bold values indicates that the P value is statistically significant.

Stress hyperglycaemia
(n =499)

46 (38-54)
328 (65.7)
25.16 (22.77-27.68)
0(0-2)

69 (13.8)

280 (56.1)
1(1-2)

153 (30.7)
186 (37.3)
43 (8.6)

117 (23.4)

12.99 (11.24-17.25)
6.05 (1.52-14.82)

2(1-3)
7 (4-10)

0.094
0.191
<0.001
0.003
0.905
0.004
0.17

<0.001

<0.001
0.736
0.329

<0.001
<0.001

<0.001
<0.001
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Parameters

Persistent organ failure, n (%)
MODS, n (%)

Acute necrotic collection, n (%)
Major infection, n (%)
Mortality, n (%)

LOHS, days, median (25"-75™
percentile)

No stress hyperglycaemia
(n=1293)

203 (15.7)
40 (3.1)
245 (18.9)
69 (5.3)
17 (1.3)
8 (6-13)

"Logistic regression with OR after adjusting baseline variates.
"Cox proportional hazards model with HR (deceased patients removed) after adjusting baseline variates. These variates included age, gender, body mass index, Charlson comorbidity index,
time to admission, referral status, biliary actiology, admission triglyceride levels and APACHE 1I that each with considerable clinical importance.
OR, odds ratio; HR, hazard ratio; CI, confidence interval; MODS, Multiple Organ Dysfunction Syndrome; LOHS, length of hospital stays.

Bold values indicates that the P value is statistically significant.

Stress hyperglycaemia
(n=499)

170 (34.1)
41 (8.2)
174 (34.9)
2 (14.4)
26 (5.2)
11 (7-17)

o

<0.001
<0.001
<0.001
<0.001
<0.001
<0.001

Estimate, OR or HR
(95% CI)

2,00 (1.51-2.65)°
1.18 (0.68-2.06)"
1.78 (1.39-2.29)
222 (1.52-3.24)°
211 (1.04-4.29)*
0.77 (0.68-0.85)"

Adjusted P

<0.001
0.558
<0.001
<0.001
0.039
<0.001
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HOMA2-IR

HOMA2-S

3.2+

2.4+

1.6

0.8

p<0.001

0.0

1404

1054

70

354

Without MAFLD ~ With MAFLD

p<0.001

Without MAFLD ~ With MAFLD

HOMA2-IR

HOMA2-S

2.8+

2.14

1.4+

0.7

p=0.003 for trend

0.0

140+

105+

704

354

Q2

Qs

Serum iron quartiles

p=0.003 for trend

Q2

Qs

Serum iron quartiles
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Variables

Serum iron (umol/L)
Male (n, %)

Age (years)

*DD (months)
Hypertension (n, %)
Obesity (1, %)
Smoking (1, %)
Alcohol (n, %)

[1As (n, %)

LLD (n, %)
Metformin (1, %)
Insulin sensitizers (1, %)
SBP (mmHg)

DBP (mmHg)

WC (cm)

WHR

BMI (kg/m?)

*FPG (mmol/L)
*2-h PPG (mmol/L)
HbA1C (%)

“FCP (ng/ml)

*2h C-P (ng/ml)
*TG (mmol/L)

TC (mmol/L)
HDL-C (mmol/L)
LDL-C (mmol/L)
*ALT (U/L)

“Cr (umol/L)

*SUA (umol/L)
“UAE (mg/24 h)
“eGFR (ml/min/1.73 m?)
“CRP (mg/L)

Values are expressed as the mean + SD, or median with interquartile range, or percentages.

Q1 (n=369)

<10.6
145 (39.3%)
63+ 13
120 (48-156)
201 (54.5%)
156 (42.3%)
63 (17.1%)
36 (9.8%)
289 (78.3%)
71 (19.2%)
182 (49.3%)
28 (7.6%)
134 £ 18
79 + 10
87.95 + 9.98
0.91 +0.07
2434+ 356
7.40 (5.72-9.58)
12.90 (9.42-16.34)
9.06 + 2.56
1.60 (0.93-2.65)
3.25 (1.75-5.26)
1.19 (0.88-1.74)
4.37 + 1.01
1.10 £ 0.29
270 £ 0.79
16 (11-25)
68.0 (56.0-91.0)
295 (240-358)
17.95 (8.85-64.63)
98.8 (69.8-129.1)
3.12 (0.98-8.83)

Q2 (n = 363)

10.6-14.0
158 (43.5%)
61+ 12
96 (36-168)
209 (57.6%)
174 (47.9%)
90 (24.8%)
54 (14.9%)
246 (67.8%)
110 (30.3%)
203 (55.9%)
45 (12.4%)
133 +19
809
89.85 + 10.74
091 +0.07
2504 + 3.62
751 (6.11-9.59)
13.24 (9.94-16.39)
867 +2.25
1.79 (1.10-2.74)
417 (227-6.27)
1.50 (1.04-2.36)
478 + 1.06
113 £ 0.30
296 +0.83
19 (14-29)
66.0 (56.0-82.0)
323 (262-380)
12,45 (7.47-40.67)
1022 (85.1-127.7)
1.36 (0.57-3.42)

p-value: The p-values were not adjusted for age and sex for the trend.
p*-value: The p*-values were adjusted for sex and age for the trend.
“The Kruskal-Wallis H test was applied.

Q3 (n=368)

14.1-18.0
173 (47.0%)
61+ 12
84 (36-132)
216 (58.7%)
166 (45.1%)
101 (27.4%)
54 (14.7%)
235 (63.9%)
106 (28.8%)
199 (54.1%)
46 (12.5%)
135+ 18
81+10
89.65 + 10.55
0.92 + 0.06
24.85+ 358
7.83 (6.22-9.71)
12.72 (9.70-15.99)
8.91 220
1.89 (1.29-2.82)
4.35 (2.55-6.70)
1.44 (1.00-2.13)
481+ 115
1.16 + 0.30
3.00 + 0.86
22 (16-36)
66.0 (56.0-79.3)
314 (262-371)
12.30 (7.16-27.95)
105.6 (87.0-128.4)
1.13 (0.47-2.69)

Q4 (n =367)

>18.0
251 (68.4%)
56+ 13
60 (12-120)
187 (51.0%)
177 (48.2%)
139 (37.9%)
85 (23.3%)
226 (61.6%)
92 (25.1%)
194 (52.9%)
33 (9.0%)
13117
81+9
90.08 + 10.17
092 +0.07
2502 +3.61
8.12 (6.69-10.19)
13.67 (10.47-17.12)
8.88 +2.15
1.93 (1.24-2.76)
457 (2.59-7.08)
1.40 (0.99-2.00)
476 + 1.03
1.16 £ 0.29
310 +0.91
25 (17-37)
69.0 (58.0-79.0)
317 (265-380)
11.10 (6.73-27.16)
1109 (95.5-131.0)
0.87 (0.40-1.85)

p-value

<0.001
<0.001
<0.001
0.146
0.327
<0.001
<0.001
<0.001
0.003
0331
0.065
0.021
0.133
0.043
0.257
0.033
0.001
0.099
0.164
0.006
<0.001
<0.001
<0.001
0.019
<0.001
<0.001
0.057
0.006
<0.001
<0.001
<0.001

*p-value

<0.001
<0.001
0.006
0.205
0.461
0.146
0.537
<0.001
0.004
0.334
0.077
0.552
0.466
0.039
0.253
0.028
0.001
0.008
0.091
0.002
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
0.027
<0.001
<0.001
<0.001
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Fatty Acid Chow HFat HFruct

C10:0 0.000 + 0.000 0.017 + 0.003 0.000 + 0.000
C12:0 0.141 + 0.027 1.370 + 0.225 0.159 + 0.028
C14:0 0.517 + 0.051 3.182 + 0.272° 0.494 + 0.047°
C15:0 0.090 + 0.005 0.082 + 0.005 0.081 + 0.005
C16:0 24.097 £ 0.309 25915 + 0.225° 20.880 + 0.318""
C16:1n7 2.876 + 0.256 8.025 + 0.280" 3.004 +0.197°
C18:0 6.801 + 0.538 4.027 +0.272° 7.793 + 0.562°
C18:1n9 22.877 +0.889 33.708 + 1.234° 29.316 + 0.961*"
C18:1n7 1.917 + 0.045 5.440 + 0.541° 2570 + 0.047°
C18:2n6 25.679 £ 1.135 8312 £ 0.613° 19.856 + 0.312*"
C18:3n3 0.623 + 0.063 0.208 + 0.021 0.414 + 0.017
C20:1n9 0.236 + 0.033 0.430 + 0.036 0.379 + 0.023
C20:3n6 0.497 + 0.053 0.503 + 0.020 0.843 + 0.069
C20:4n6 8.167 + 0.764 4.845 + 0.335" 8.260 + 0.474°
C22:4n6 0.197 + 0.012 0.152 + 0.009 0.167 + 0.010
C22:5n6 0.121 + 0.014 0.263 + 0.015 0.124 + 0.009
C22:5n3 0.299 + 0.012 0.227 + 0.025 0.256 + 0.006
C22:6n3 4.863 + 0.425 3312 + 0.244° 5.407 + 0.298"
¥ MUFA 27.906 + 1.134 47597 + 1.609* 35270 + 1.118 *®
¥ n3 PUFA 5783 + 1.134 3.745 £ 0.279° 6.074 + 0.289"
¥ n6 PUFA 34.661 +0.958 14.074 + 0.895" 29.274 + 0.435*"
¥ SFA 31.650 + 0.622 34.585 + 0.625° 29.407 + 0.560*"

Values represent mean + SEM for five to seven mice per experimental group. *p<0.05 vs. Chow; ©p<0.05 vs. HFat. Monounsaturated fatty acids (MUFAs) correspond to C16:1n7, C18:1n9,
C18:1n7, and C20:1n9. n-3 polyunsaturated fatty acids (PUFAs) correspond to C18:3n3, C22:5n3, and C22:6n3; n-6 PUFA correspond to C18:2n6, C20:3n6, C20:4n6, C22:4n6, and
C22:5n6. Saturated fatty acids (SFAs) correspond to C10:0, C12:0, C14:0, C15:0, C16:0, and C18:0.
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Fatty Acid

C10:0
C12:0
C14:0
C15:0
C16:0
C16:1n7
C18:0
C18:1n9
C18:1n7
C18:2n6
C18:3n3
C20:0
C20:1n9
C20:3n6
C20:4n6
C22:0
C22:4n6
C22:5n6
C22:5n3
C22:6n3
¥ MUFA
¥ n3 PUFA
¥ n6 PUFA
¥ SFA

Chow

0.013 + 0.005
0.390 + 0.155
1.896 + 0.137
0.074 + 0.004
18.601 + 0.761
5.709 + 0.560
4314 + 0.100
39.277 £ 0.550
2976 + 0.165
23.689 + 1.650
0.569 + 0.027
0.256 + 0.028
0.861 + 0.041
0.184 + 0.008
0.703+ 0.060
0.030 + 0.009
0.051 +0.010
0.024 + 0.005
0.046 + 0.009
0.336 + 0.023
48.823 £ 1.112
0.950 + 0.047
24.650 + 1.719
25.577 £ 0.750

HFat

0.210 + 0.013
9.767 + 0.330°
11.261 + 0.141°
0.066 + 0.003
19.777 + 0.134°
9.066 + 0.279*
2.947 £ 0.111°
35.859 + 0.474°
2.109 + 0.049
7.397 +0.121°
0.211 + 0.006
0.239 +0.019
0417 £ 0.013
0.084 + 0.003
0.433 +0.025
0.000 + 0.000
0.019 + 0.003
0.020 + 0.004
0.024 + 0.003
0.097 + 0.006
47.449 + 0.479
0.334 + 0.005"
7.951 +0.134°
44.267 + 0.447°

HFruct

0.023 = 0.012
1.010 + 0.384°
2.137 +0.358"
0.046 = 0.008

14.823 + 0.461*
4369 = 0,213
4.804 + 0.158"

47.856 + 0.854*"
2.853 + 0,088

18.016 + 0.403""
0326 + 0.019
0.727 + 0.053
1.027 + 0.042
0.186 = 0.009
1.369 + 0.104
0.050 £ 0.012
0.036 = 0.007
0.023 = 0.004
0.027 = 0.005
0.297 = 0.009

56104 + 0.823*
0.649 = 0.018""

19.630 + 0.424*"

23617 +0.961°

Values represent mean + SEM for five to seven mice per experimental group. *p<0.05 vs. Chow; "p<0.05 vs. HEat. Monounsaturated fatty acids (MUFAS) correspond to C16:1n7, C18:1n9,
C18:1n7, and C20:1n9. n-3 polyunsaturated fatty acids (PUFA) correspond to C18:3n3, C22:5n3, and C22:6n3; n-6 PUFA correspond to C18:2n6, C20:3n6, C20:4n6, C22:4n6, and C22:5n6.

Saturated fatty acids (SFAs) correspond to C10:0, C12:0, C14:0, C15:0, C16:0, C18:0, C20:0, and C22:0.
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Ten-year CVD risk

Men >10%/women >11% Men >20%/women >22% Both >30%
N % N % N %

MHR
Tl 632 25.7 156 64 22 0.9
T2 757 311 202 83 31 13
T3 1017 40.1 399 157 90 3.6
p for trend <0.001 <0.001 <0.001

NLR
Tl 682 27.9 198 8.1 32 13
T2 820 32.7 246 9.8 44 1.8
T3 904 36.6 313 127 67 2.7
p for trend <0.001 <0.001 <0.001

SII
T1 782 316 232 9.4 36 1.5
T2 784 317 254 103 55 22
T3 840 34.0 321 13.0 79 32
p for trend 0.007 0.025 <0.001

SIRT
Tl 597 242 156 63 21 0.9
T2 848 33.0 242 94 48 1.9
T3 961 40.4 359 15.1 74 3.1
p for trend <0.001 <0.001 <0.001

The detailed intervals of these indicators were as the followi 1) MHR, T1: £0.27; T2: 0.28-0.42; T3: 20.43; (2) NLR, T1: <1.47; T2: 1.48-2.08; T3: 22.09; (3) SII, T1: <282.63; T2: 282.64-
427.34; T3: 2427.38; (4) SIRI, T1: <0.61; T2: 0.62-1.03; T3: 21.04. CVD, cardiovascular disease; FRS, Framingham risk score; MHR, monocyte-to-high-density lipoprotein ratio; NLR,
neutrophil-
Statistical significance was defined under two-tailed conditions.

-lymphocyte ratio; SI1, systematic immune-inflammation index; SIRI, systemic inflammation response index; T, tertile.
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Total N = 7,420 Male N = 3,359 Female N = 4,061 pvalue

N (%) N (%) N (%)

MetD 5,963 (80.4) 2,397 (71.4) 3,566 (87.8) <0.001
MetS 2,317 (31.2) 680 (20.2) 1,637 (40.3) <0.001
Dyslipidemia 5,613 (75.6) 2,261 (67.3) 3,352 (82.5) <0.001

Hypercholesterolemia 3,781 (51.0) 1,595 (47.5) 2,186 (53.8) <0.001

Hypertriglyceridemia 2,465 (33.2) 1,103 (32.8) 1,362 (33.5) 0.523

High LDL-C 1,827 (24.6) 729 (21.7) 1,098 (27.0) <0.001
Low HDL-C 2,512 (33.9) 600 (17.9) 1,912 (47.1) <0.001

Central obesity 3,040 (41.0) 842 (25.1) 2,198 (54.1) <0.001
History of CVD 1,158 (15.6) 370 (11.0) 788 (19.4) <0.001
History of stroke 692 (9.3) 330 (9.8) 362 (8.9) 0.180
History of nephrosis 150 (2.0) 55 (1.6) 95 (2.3) 0.032
Hypertension 3,494 (47.1) 1,699 (50.6) 1,795 (44.2) <0.001
DM 842 (11.3) 363 (10.8) 479 (11.8) 0.182
Hyperuricemia 929 (12.5) 574 (17.1) 355 (8.7) <0.001
Current smoking 2,560 (34.5) 1,938 (57.7) 622 (15.3) <0.001
Current drinking 1,599 (21.5) 1,507 (44.9) 92 (2.3) <0.001
Physical activity <0.001

Low 2,722 (36.9) 943 (28.2) 1,779 (44.2)

Medium 1,402 (19.0) 635 (19.0) 767 (19.0)

High 3,247 (44.1) 1,765 (52.8) 1,482 (36.8)
Salt intake 0.003

Low (<6 g/day) 86 (1.2) 27 (0.8) 27 (1.2)
Medium (26 and <10 g/day) 1,109 (15.0) 470 (14.0) 639 (15.8)

High (210 g/day) 6,203 (83.8) 2,851 (85.2) 3,352 (82.8)
Tea consumption <0.001

No 5,456 (73.5) 2,015 (60.0) 3,441 (84.7)

Rarely (1-2 cups/day) 1,862 (25.1) 1,258 (37.5) 604 (14.9)

Often (23 cups/day) 102 (1.4) 86 (2.6) 16 (3.9)

Data are presented as N (%). Statistical significance was defined at p < 0.05 under two-tailed conditions. CVD, cardiovascular disease; DM, diabetes mellitus; HDL-C, high-density
lipoprotein cholesterol; LDL-C. low-density lipoprotein cholesterol; MetD, metabolic disorders; MetS, metabolic syndrome.
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Total N = 7,420

M + SD
Age (years) 53.71 + 8.68
BMI (kg/m?) 24.58 + 3.55
WC (cm) 81.79 £ 9.61
SBP (mmHg) 138.54 + 21.62
DBP (mmHg) 82.24 £ 11.63
WBC (x10%/L) 6.18 + 2.08
Monocyte (x10%/L) 0.48 + 028
Neutrophil (x10°/L) 3.74 + 2.85
Lymphocyte (x10°/L) 2,66 + 222
Platelet (x10%/L) 206.37 + 60.87
BUN (mmol/L) 5.48 +2.19
Scr (mol/L) 75.45 + 22.05
eGFR (mL/min/1.73 m?) 89.73 + 14.59
SUA (umol/L) 299.15 + 84.94
FPG (mmol/L) 5.96 + 1.55
TCH (mmol/L) 533+ 110
TG (mmol/L) 1.69 + 1.49
HDL-C (mmol/L) 1.34 +0.32
LDL-C (mmol/L) 2.90 + 0.80
MHR 0.38 +0.25
NLR 1.90 + 0.99
SII (*10°/L) 390.19 + 227.63
SIRI (*10°/L) 0.93 + 0.89

Male N = 3,359
M £ SD

54.10 + 8.74
24.47 + 343
82.93 + 9.62
140.90 + 21.15
84.16 + 11.57
643 + 226
0.50 + 0.28
392 +284
2.77£225
195.65 + 58.36
581 £2.14
82.80 + 20.31
91.80 + 14.58
342.60 + 84.33
6.02 = 1.62
525+ 1.07
1.70 = 1.59
1.33 +0.34
2.85+0.78
0.36 + 0.25
1.83 + 0.85
385.67 + 233.48
0.96 + 0.87

Female N = 4,061
M + SD

53.39 + 8.62
24.67 + 3.64
80.84 + 9.49
136.60 + 21.81
80.65 + 11.45
5.98 £ 1.90
0.46 + 0.28
358 £285
257 £2.19
21523 + 6148
522 +219
69.37 + 21.58
88.01 + 14.38
263.20 + 77.69
591 £ 1.50
540 £ 1.13
1.69 + 1.41
1.35 £ 0.30
294 £ 0.81
0.40 + 0.24
1.99 + 1.13
39392 + 222,63
1.21 £+ 0.80

pvalue

0.42
0.0012
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001

0.333
<0.001
<0.001
<0.001
<0.001
<0.001

0.002
<0.001

0.672

0.019
<0.001
<0.001
<0.001

0.120
<0.001

Data are presented as M + SD. Statistical significance was defined at p < 0.05 under two-tailed conditions. BMI, body mass index; BUN, blood urea nitrogen; DBP, diastolic blood pressure;
eGFR, estimated glomerular filtration rate; FPG, fasting plasma glucose; HDL-C, high-density lipoprotein cholesterol; LDL-C. low-density lipoprotein cholesterol; M, mean; MHR,
monocyte-to-high-density lipoprotein ratio; NLR, neutrophil-to-lymphocyte ratio; SBP, systolic blood pressure; Scr, serum creatinine; SD, standard deviation; SII, systematic immune-
inflammation index; SIRI, systemic inflammation response index; SUA, serum uric acid; TCH, plasma total cholesterol; TG, triglyceride; WBC, white blood cells; WC, waist circumference.
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MHR NLR S SIRIL

M £ SD M+ SD M £ SD M+ SD

MetD

Yes 0.49 +0.25 1.96 £ 1.00 392.60 + 225.82 1.24 £ 0.83

No 0.33 £0.22 1.89 + 0.98 370.30 £ 234.70 0.82 + 0.62

P <0.001 0.017 <0.001 <0.001
MetS

Yes 0.44 £0.28 1.92 + 1.07 391.40 + 238.51 0.97 + 1.09

No 0.36 £0.23 1.27 £ 0.80 379.64 + 201.63 0.92 +0.79

P <0.001 0.027 0.042 0.018
Dyslipidemia

Yes 0.40 £ 0.25 1.89 £ 0.97 394.10 £ 226.95 0.94 + 0.83

No 0.34 £0.23 1.94 £ 1.07 378.03 £ 229.36 0.82 + -.61

P <0.001 0.051 0.009 <0.001
Central obesity

Yes 042 £0.28 1.87 £ 1.06 389.20 £ 210.27 0.95 + 1.06

No 0.36 £ 0.22 1.93 £ 0.86 390.87 + 238.96 0.92 +0.75

P <0.001 0.757 0.163 0.011
Hypercholesterolemia

Yes 0.56 +0.24 1.96 + 0.94 391.70 + 230.29 1.39 + 1.00

No 0.40 £ 0.20 1.55 + 1.04 368.61 + 224.85 0.94 +0.76

P <0.001 <0.001 <0.001 <0.001
Hypertriglyceridemia

Yes 0.45 £0.28 1.91 £ 1.06 394.32 + 207.53 1.22 + 1.00

No 0.35 £0.23 1.88 £ 0.85 378.13 £ 236.98 0.90 + 0.76

P <0.001 0.021 <0.001 <0.001
High LDL-C

Yes 0.37 £0.26 1.92 £ 1.02 401.50 + 216.32 1.39 £ 1.13

No 0.38 £0.24 1.54 £ 0.89 386.49 £ 231.10 0.94 £ 0.80

P 0.089 0.01 <0.001 <0.001
Low HDL-C

Yes 0.47 £0.29 1.90 + 0.84 400.04 + 216.62 1.10 £ 0.95

No 0.34 £0.21 1.90 + 1.06 385.15 + 232.92 0.93 +0.76

P <0.001 0.429 <0.001 <0.001

Data are presented as M + SD. Statistical significance was defined at p < 0.05 under two-tailed conditions. HDL-C, high-density lipoprotein cholesterol; LDL-C. low-density lipoprotein
cholesterol; M, mean; MetD, metabolic disorders; MetS, metabolic syndrome; MHR, monocyte-to-high-density lipoprotein ratio; NLR, neutrophil-to-lymphocyte ratio; SD, standard
deviation; SII, systematic immune-inflammation index; SIRI, systemic inflammation response index.
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Inflammation indicators tertiles Continuous

T1 T2 T3 per SD increment
Reference OR (95% CI) OR (95% CI) OR (95% CI)

MetD *

MHR Reference 1.385 (1.176-1.632) 2653 (2.142-3.286) © 1.443 (1.240-1.679) *

NLR Reference 1.127 (0.926-1.372) 1.031 (0.783-1.358) 1.052 (0.811-1.366)

SII Reference 1.105 (0.948-1.287) 1.299 (1.126-1.500) * 1.116 (1.049-1.188) *

SIRI Reference 1.361 (1.174-1.577) * 2.092 (1.622-2.699) * 1.378 (1.047-1.815) *
Met$S *

MHR Reference 1.424 (1.071-1.895) * 2.091 (1.620-2.698) * 1.376 (1.310-1.444) *

NLR Reference 1.011 (0.837-1.220) 1.174 (0.954-1.445) 1.093 (0.849-1.407)

SII Reference 1.267 (1.019,1.576) * 1.588 (1.324-1.904) * 1.235 (1.112-1.372)

SIRI Reference 1.592 (1.376-1.843) * 3.441 (2.917-4.058) * 1.659 (1.413-1.947)
Dyslipidemia ®

MHR Reference 1.131 (1.038-1.232) * 1.547 (1.287-1.859) * 1.472 (1.238-1.752) *

NLR Reference 1.031 (0.830-1.281) 0.999 (0.992-1.007) 0.986 (0.967-1.005)

SII Reference 1.221 (1.054-1.416) * 1.367 (1.176-1.591) 1.112 (1.030-1.200) *

SIRI Reference 1.237 (1.081-1.418) * 1417 (1.218-1.649) * 1.197 (1.176-1.218) *
Central obesity ©

MHR Reference 1.085 (0.855-1.377) 1515 (1.389-1.652) * 1.418 (1.342-1.499) *

NLR Reference 1.093 (0.849-1.407) 1.194 (0.957-1.490) 1.195 (0.950-1.504)

SII Reference 1.120 (1.052-1.192) * 1.299 (1.190-1.418) * 1.216 (1.010-1.160) *

SIRI Reference 1.445 (1.369-1.525) * 2.080 (1.613-2.683) * 1.454 (1.211-1.730)

Statistical significance was defined at the following: *p < 0.05 under two-tailed conditions; *p < 0.001 under two-tailed conditions. , the regression model that included age, gender, history
of CVD, WBC counting, SUA concentration, eGFR, physical activity, salt intake, tea consumption, and current smoking and drinking,. b, the regression model that included age, gender,
history of CVD, WBC counting, SUA concentration, eGER, physical activity, salt intake, tea consumption, current smoking and drinking, hypertension, and DM. ¢, the regression model
that included age, gender, history of CVD, WBC counting, SUA concentration, eGFR, TCH level, TG level, LDL-C level, HDL-C level, physical activity, salt intake, tea consumption, current
smoking and drinking, hypertension, and DM. The detailed intervals of these indicators were as the following: (1) MHR, T1: <0.27; T2: 0.28-0.42 0.43; (2) NLR, T1: <1.47; T2: 1.48~
2.08; T3: 22.09; (3) SII, T1: <282.63; T2: 282.64-427.34; T3: 2427.38; (4) SIRI, T1: <0.61; T2: 0.62-1.03; T3: 21.04. CI, confidence interval; HDL-C, high-density lipoprotein cholesterol;
LDL-C. low-density lipoprotein cholesterol; M, mean; MetD, metabolic disorders; MetS, metabolic syndrome; MHR, monocyte-to-high-density lipoprotein ratio; NLR, neutrophil-to-
lymphocyte ratio; OR, odds ratio; SD, standard deviation; SII, systematic immune-inflammation index; SIRI, systemic inflammation response index; T, tertile.
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ORs (95% CI) p-values for trend

Q1 Q2 Q3 Q4
Model 1 1 2.298 (1.687-3.131) 2.241 (1.646-3.051) 2432 (1.787-3.310) <0.001
Model 2 4 2.551 (1.805-3.607) 2.463 (1.740-3.487) 2.496 (1.745-3.570) <0.001
Model 3 1 2.315 (1.627-3.295) 2.246 (1.577-3.199) 2.370 (1.651-3.402) <0.001
Model 4 1 2.588 (1.736-3.856) 2.429 (1.640-3.596) 2.532 (1.684-3.807) <0.001
Model 5 1 2.944 (1.808-4.794) 3.185 (1.961-5.170) 4.009 (2.375-6.766) <0.001

Model 1: Unadjusted.

Model 2: Adjusted for age, sex, DD, smoking status, alcohol intake, obesity, and hypertension.

Model 3: Further adjustment for use of LLD, I1As, metformin, and insulin sensitizers.

Model 4: Further adjustment for SBP, DBP, WC, WHR, and BMI.

Model 5: Further adjustment for TC, TG, HDL-C, LDL-C, eGFR, Cr, SUA, UAE, HbA1C, FCP, 2-h CP, HOMA2-IR, FPG, 2-h PPG, ferritin, and CRP.
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Zhangwu Dawa Liaoyang
Country Country Country

26 rural villages were involved, totally
11956 participants =35 years

4467 participants met the
exclusion criteria or missing
related information

69 subjects with extremely
abnormal WBC counting
(>50+1079/L or <1.0«1079/L)

7420 participants were enrolled in
the present study
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Model 1
Model 2
Model 3
Model 4
Model 5

Model 1: Unadjusted.

B statistic

0311
0.329
0313
0.345
0.545

OR

1.365
1.390
1.368
1.412
1.725

Model 2: Adjusted for age, sex, DD, smoking status, alcohol intake, obesity, and hypertension.

Model 3: Further adjustment for use of LLD, 1IAs, metformin, and insulin sensitizers.
Model 4: Further adjustment for SBP, DBP, WC, WHR, and BML
Model 5: Further adjustment for TC, TG, HDL-C, LDL-C, eGFR, Cr, SUA, UAE, HbA1C, FCP, 2-h CP, HOMA2-IR, FPG, 2-h PPG, ferritin, and CRP.

95% CI

1.223-1.523
1.224-1.578
1.202-1.556
1.220-1.633
1.427-2.085

p-value

<0.001
<0.001
<0.001
<0.001
<0.001





