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Abstract

:

Food protein or food-derived peptides may regulate blood glucose levels; however, studies have shown inconsistent results. The aim of the present study was to characterize subgroups of individuals with increased risk of type 2 diabetes (T2D) and to investigate the cardiometabolic effects of fish protein in the same subgroups. We first divided participants into high insuliniAUC and low insuliniAUC subjects based on their insulin incremental area under the curve (iAUC) levels after a 2 h oral glucose tolerance test (OGTT), and secondly based on whether they had received 5.2 g salmon fish protein or placebo for 8 weeks, in a previously conducted randomized controlled trial (RCT). We then profiled these groups by analyzing plasma metabolomics and peripheral blood mononuclear cell (PBMC) gene expression. Compared to the low insuliniAUC group, the high insuliniAUC group had higher plasma concentrations of monounsaturated fatty acids (MUFAs) and glycated proteins (GlycA) and lower concentrations of glycine and acetate. After intervention with fish protein compared to placebo, however, only acetate was significantly increased in the low insuliniAUC group. In conclusion, we identified metabolic biomarkers known to be associated with T2D; also, intervention with fish protein did not affect cardiometabolic risk markers in subgroups with increased risk of T2D.
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1. Introduction


Type 2 diabetes (T2D) is estimated to affect more than 425 million individuals globally [1]. Impaired insulin secretion due to dysfunctional pancreatic beta-cells and/or peripheral insulin resistance is established characteristics of T2D, giving dysregulated metabolism of carbohydrates, fatty acids, and protein [2]. Prediabetes is an early stage of this continuum and is a high-risk condition for developing T2D [2]. The term prediabetes is increasingly being used to refer to individuals who are at increased risk of developing T2D [3]. Individuals with prediabetes have elevated levels of fasting serum insulin and Homeostatic Model Assessment for Insulin Resistance (HOMA-IR), indicating a direct relationship between prediabetes and insulin resistance [4]. However, individuals with prediabetes are a diverse population in terms of pathophysiology and clinical presentation [2] and may display variations in fasting or postprandial blood glucose concentrations [4]. Excess adipose tissue increases insulin resistance [5], and the prevalence of prediabetes gradually increases with increasing body mass index (BMI) and waist circumference [4]. Moreover, prediabetes alters serum lipid profiles (increased triglycerides and decreased high-density lipoprotein (HDL)) and increases cardiac risk ratios (total-cholesterol/HDL-C and low-density lipoprotein cholesterol (LDL-C)/HDL-C) and resting blood pressure. Thus, prediabetes is also an important predictor of metabolic syndrome [4]. Individuals with prediabetes and/or metabolic syndrome are at high risk of developing T2D and cardiovascular diseases [4].



The ability to predict progression from impaired glucose tolerance to T2D is, therefore, highly valuable for improved prevention. However, identifying those at the highest risk remains challenging. Some new biomarkers for cardiovascular and T2D risk have been suggested, including lipoprotein insulin resistance (LP-IR) score [6,7,8], and circulating glycoprotein acetyls (GlycA) [6,9] branched-chain amino acids (BCAAs) [6] and glycine [6]. Furthermore, fatty acids are important signaling molecules [10,11], and circulating levels of several fatty acids are increased with insulin resistance [12]. Increased plasma levels of monounsaturated fatty acids (MUFAs) are associated with cardiovascular risk [13] and with increased HbA1c and fasting glucose levels [14]. The effect of fatty acids on diabetic risk is suggested to be through inflammatory mechanisms [15], oxidative stress [16], and hepatic de novo lipogenesis [17]. However, prediabetes is still sub-optimally characterized with respect to a broad risk assessment, and whether these newly suggested biomarkers are more sensitive to dietary intervention in people with increased risk of T2D is still to be elucidated.



There is conclusive evidence from randomized controlled trials (RCT) that intensive lifestyle interventions (diet and/or exercise) [2,18] and medications (such as metformin, alpha-glucosidase inhibitors, and thiazolidinediones) can delay or prevent the onset of T2D in high-risk individuals [2]. Observational follow-up of RCT participants has shown that the beneficial effects of lifestyle interventions may persist over time, improve quality of life, and are both safe and cost-effective [2,19]. A healthy diet is important for both the prevention and management of T2D [20]. Food protein or food-derived peptides have been found to regulate blood glucose levels [21,22,23,24]. Although interventions with fish proteins have shown promising effects on cardiometabolic risk markers [25,26,27,28,29] and glycemic regulation in human studies [28,30], these observations are inconsistent [26,31,32,33]. In a recent RCT, Hustad et al. investigated the effect of an 8-week intervention with salmon fish protein on cardiometabolic risk markers in people with increased risk of T2D [34]. They found that intervention with salmon fish protein had no effect on glycemic regulation in individuals with an increased risk of T2D [34]. However, the participants in the study had large variability in plasma glucose and insulin values. Hence, the lack of a group effect on glycemic regulation could be due to the heterogeneous nature of prediabetes in the studied individuals.



The aim of the present study was to characterize subgroups of individuals with increased risk of T2D who participated in the previous intervention study by Hustad et al. [34]. Participants were grouped based on their insulin incremental area under the curve (iAUC) levels after a 2 h oral glucose tolerance test (OGTT). Metabolome and transcriptome analyses were applied to measure alterations in cardiometabolic risk markers after intake of salmon fish protein in subgroups with low insuliniAUC and high insuliniAUC.




2. Materials and Methods


2.1. Subjects


In the present study, we used clinical, metabolome, and transcriptome data from the FishMeal study [34]. The FishMeal study was a human RCT investigating the effects of salmon fish protein intake on cardiometabolic risk markers. The inclusion criteria were non-diabetic men and women ≥20 years and elevated blood glucose defined as either fasting serum (s)-glucose ≥5.6 mmol/L, 2 h OGTT-s-glucose ≥6.5 mmol/L or HbA1c ≥40 mmol/mol (≥5.8%). People with diabetes were excluded from the study. Further description of the exclusion criteria is available in Hustad et al. [34]. The participants were included in an 8-week double-blind, randomized controlled parallel study with 5.2 g of salmon fish protein (corresponding to 7.5 g of fishmeal) compared with a placebo, as previously described. The participants were instructed to limit their fish and seafood intake to a maximum of 150 g per week and otherwise maintain their usual lifestyle habits throughout the study. The salmon fishmeal contained 69.7 g of protein and 13.2 g of fat/100 g. A more detailed description of the content can be found in [34].



The FishMeal human intervention study analyzed data from 74 participants. For the present study, two participants were excluded due to a lack of data on fasting or 2 h insulin concentrations, resulting in a study sample of 72 participants.




2.2. Blood Sampling and Biochemical Routine Measures


Venous blood samples were drawn after an overnight fast (≥10 h). Serum was obtained from silica gel tubes (Becton, Dickinson, and Company, San Jose, CA, USA) and kept at room temperature for 30–60 min until centrifugation (1500× g, 15 min). Plasma was obtained from K2EDTA tubes (Becton, Dickinson, and Company), immediately placed on ice, and centrifuged within 10 min (2000× g, 4 °C, 15 min).



Serum concentrations of fasting glucose, insulin, HbA1c, triglycerides, total cholesterol, LDL-cholesterol, HDL-cholesterol, high-sensitive C-reactive protein (hsCRP), and glucose and insulin after a 2 h OGTT (75 g glucose load) were measured by standard methods at an accredited routine laboratory (Fürst Medical Laboratory, Oslo, Norway).




2.3. NMR Spectroscopy


Circulating metabolites, before and after the intervention, were quantified at a high throughput proton NMR metabolomics facility (Nightingale Health Ltd., Helsinki, Finland), giving a snapshot of systemic metabolism [35]. The method measures 250 metabolites (lipoprotein subclasses, fatty acids, glycolysis-related metabolites, amino acids, ketone bodies, fluid balance markers, and inflammatory markers) in fasting EDTA plasma.




2.4. Isolation of Peripheral Blood Mononuclear Cells and RNA


Peripheral blood mononuclear cells (PBMCs) from blood samples drawn at fasting, before and after the intervention, were isolated with BD Vacutainer Cell Preparation tubes (Becton, Dickinson). The method is well-documented for PBMCs isolation with more than 90% purity. PBMCs were isolated according to the manufacturer’s instructions and stored at −80 °C until RNA isolation. Total RNA was isolated using the RNeasy kit with QIAshredder homogenization of the cell lysates and DNase treatment using the automated protocol for the QIAcube according to the manufacturer’s instructions (Qiagen, Valencia, CA, USA). The quantity and quality of the isolated RNA were analyzed with the NanoDrop ND-1000 Spectrophotometer (Thermo Fisher Scientific, Gothenburg, Sweden) and the Agilent RNA 6000 Nano kit using Agilent 2100 Bioanalyzer (Agilent Technologies, Santa Clara, CA, USA), respectively. Six participants were excluded due to missing PBMCs and hence RNA, leaving 66 participants for the gene expression analyses.




2.5. Nanostring Gene Expression Assay


RNA expression analysis was performed using the NanoString nCounter system and the nCounter Metabolic Pathways Panel (Nanostring Technologies, https://nanostring.com/support-documents/metabolic-pathways-panel-gene-list/, accessed on 14 October 2022). This panel contains code sets that cover 768 mRNAs annotated to different metabolic pathways, including 20 reference genes, as well as positive and negative controls. All gene name abbreviations are listed in Supplementary Table S1. In addition, the panel was customized by adding 30 additional code sets covering immune and inflammation response and lipid metabolism-related mRNAs (Supplementary Table S2). The procedure was performed according to the manufacturer’s instructions for nCounter Panel-Plus with an RNA input of 75 ng per sample.



Samples with an imaging quality control >75%, binding density between 0.1 and 1.8, positive control linearity >0.95, and the lowest positive control (0.5 fm) count higher than 2 SD above the negative controls were included. Samples were normalized to remove both technical and biological variation. The background threshold was set to be the geometric mean of the negative controls. Each sample was normalized to the mean of its positive controls relative to the geometric mean of positive controls in all samples. Finally, all samples were normalized to all 20 reference genes included in the panel (ABCF1, FCF1, SAP130, MRPS5, COG7, TBP, USP39, EDC3, DHX16, UBB, NRDE2, TLK2, DNAJC14, POLR2A, SDHA, G6PD, OAZ1, TBC1D10B, STK11IP, and AGK). The quality control and the technical and biological normalization were performed in the nSolver analysis software version 4.0 (NanoString Technologies). The stability of the 20 reference genes was assessed using NormFinder.




2.6. Statistics and Bioinformatics Analyses


2.6.1. Tools


All analyses were performed in R version 4.1.2 and RStudio IDE (https://www.rstudio.com/, accessed on 2 December 2021). In the following sections, we indicate the packages and specific functions that were relevant in the following format: package::function (setting). We used tidyverse tools for data management and visualization [36].




2.6.2. Linear Regression Models


We used the R/Bioconductor software package limma [37] for running the linear models and assessing differential metabolite concentrations and gene expressions. We adjusted for age, sex, and BMI in the linear models for the metabolomics data and the gene expression data. We also included smoking as a covariate in the gene expression analyses.




2.6.3. Pre-Processing


We pre-processed the data to optimize downstream modeling. Metabolite concentrations were log-transformed (base::log1p), centered, and scaled (base::scale). Centering and scaling were conducted to make metabolites directly comparable in the same downstream analysis and forest plot visualization. For the intervention data, we centered and scaled independently the before and after intervention values and then calculated the difference in metabolites concentration. Gene expression data were log transformed (base::log2).




2.6.4. Stratification of the Participants and Metabolome and Transcriptome Characterization before Intervention


Before the intervention, the participants in the FishMeal study were divided into three groups based on their insulin incremental area under the curve (iAUC) levels after a 2 h OGTT. We calculated the insulin iAUC using two insulin measurements (fasting and 2 h insulin serum concentration) and the trapezoid method (DescTools::AUC [38]). Participants in the lowest tertile (below 33.3%) were classified into the low insuliniAUC group (n = 24), whereas those in the highest tertile (above 66.6%) to the high insuliniAUC group (n = 24). The two groups were characterized and compared for metabolic profiling (including metabolites and PBMC gene expression profiles). We included all three groups in the linear modeling and focused on the comparison between the low and high insuliniAUC groups. The linear model of the group characterizations before intervention (limma::lmFit followed by limma::eBayes) was defined as: metabolite or gene = insuliniAUC group + covariates. We considered that metabolites concentrations and gene transcripts expression with p < 0.05 (no FDR correction) were different between the low and high insuliniAUC groups. Supplementary Figure S1 illustrates the outline of the analysis pipeline for the characterization of the subgroups before intervention.




2.6.5. Analyses of Metabolic and Gene Expression Profiles in the Subgroups after Intervention


The same metabolites and gene transcripts were measured after intervention with fish protein or placebo in the low insuliniAUC groups (n = 16 and n = 8, respectively) and the high insuliniAUC groups (n = 12 and n = 12, respectively). We assessed changes in plasma metabolite concentrations and changes in PBMC gene expression levels before and after intervention in the low and high insuliniAUC groups.



We defined the linear model (limma::lmFit followed by limma::eBayes) for the effects of the fish protein intervention as changes in metabolite or gene =insuliniAUC group + treatment group + covariates. Then, we computed the estimated coefficient for the contrasts between fish protein-treated low insuliniAUC vs. placebo-treated low insuliniAUC and fish protein-treated high insuliniAUC vs. placebo-treated high insuliniAUC. Metabolite concentrations and gene transcript expressions with p < 0.05 (no FDR correction) were considered altered when compared to placebo. Supplementary Figure S2 illustrates the outline of the analysis pipeline of the fish protein intervention.




2.6.6. Gene Set Enrichment Analysis and Competitive Gene Set Testing


We used the list of genes (obtained with limma::lmFit followed by limma::eBayes) (p values < 0.05, no FDR correction) and searched for “enriched pathways” in order to understand patterns in gene expression that could be different between the low insuliniAUC and high insuliniAUC groups and affected by the fish protein intervention. This consisted of testing if the obtained list of genes over-represented Gene Ontology (GO) terms [39,40] or KEGG pathways [41] more than expected by chance. The lists of genes were tested with the limma::kegga function for KEGG pathways and the limma::goana function for GO terms. We restricted the universe of genes only to genes found in our nCounter panel (Supplementary Tables S1 and S2). The p-values returned by limma::goana and limma::kegga functions are unadjusted for multiple testing because GO terms and KEGG pathways are often overlapping, and standard methods of p-value adjustment may be very conservative [42].



To broaden our search, we used the Hallmark gene sets from the Molecular Signatures Database (MSigDB) [43]. The Hallmarks gene sets summarize and represent specific biological states or processes and display coherent expression [43]. With the Hallmark gene sets, we performed competitive gene set testing, which allowed us to distinguish the most important biological process from those that are less important. For this analysis, we used the Hallmark gene set and the Camera method (limma::camera) [44]. Because the Camera method also considers fold changes, we could interpret if the biological pathways were up- or downregulated.






3. Results


3.1. Subgroup Characterization before Intervention


For this exploratory study, 72 individuals with a high risk of T2D (n = 27 males/45 females) were divided into three groups (tertiles) based on their insulin iAUC values before intervention. The groups with the lowest and the highest insuliniAUC were compared.



Table 1 shows the anthropometric and biochemical characteristics of the study population before intervention. The median age was 53.0 years in the low insuliniAUC group and 61.5 years in the high insuliniAUC group. The two groups had similar BMI (median BMI in the low insuliniAUC group: 32.4 kg/m2 and high insuliniAUC group: 33.0 kg/m2). The proportion of women to men was higher in both groups (low insuliniAUC group: 71% and high insuliniAUC group: 63%). The proportion of participants that used tobacco daily was higher in the high insuliniAUC group (26.3%) compared to the low insuliniAUC group (9.1%). We found differences in parameters related to glucose metabolism and insulin sensitivity (glycemic regulation) between the low insuliniAUC and high insuliniAUC groups as expected, in which the low insuliniAUC group being the one with the lowest glucose 2 h, fasting insulin, insulin 2 h, and HOMA-IR and with the highest Matsuda index (Table 1).




3.2. Subgroup Differences in Metabolic Profile before Intervention


To characterize individuals in the two subgroups (low insuliniAUC and high insuliniAUC), we measured the plasma concentration of 250 metabolites. Compared to the low insuliniAUC group, the high insuliniAUC group had a higher ratio of MUFAs to total fatty acids (MUFA%) (Figure 1), lower levels of glycine and acetate, and a higher level of the inflammatory marker GlycA (Figure 2). Although there were no significant differences between the low insuliniAUC and high insuliniAUC groups regarding BCAAs, we observed a tendency to a higher individual (p = 0.09 for valine) and total BCAAs (p = 0.10) in the high insuliniAUC group compared to the low insuliniAUC group (Figure 2).



There were no differences in total cholesterol levels or lipid composition of lipoproteins between the low insuliniAUC and high insuliniAUC groups (Supplementary Figure S3) neither on the LP-IR score (data not shown). Despite this, we observed a tendency coherent with higher LP-IR score in the high insuliniAUC compared to the low insuliniAUC group: higher levels of large very low-density lipoproteins (VLDL) particles and lower levels of large HDL particles (Supplementary Figure S4). See Supplementary Table S3 for more information about all the NMR metabolites, fold-changes, p values, and adjusted p values.




3.3. Subgroup Differences in Gene Expression before Intervention


We measured the gene expression of 778 gene transcripts involved in immunometabolism in PBMCs to investigate if the observed differences in insulin sensitivity and metabolites between the groups could be associated with differences in gene expression. We found 39 genes with a different expressions between the low insuliniAUC and high insuliniAUC groups at a nominal significance level of 0.05 (Figure 3). CPT1A (carnitine palmitoyl transferase 1A) was the most differentially expressed gene in terms of p value (p = 0.0004) and fold change (log2 fold-change = 0.24) and was higher expressed in the high insuliniAUC group compared to the low insuliniAUC group (Figure 3). However, none of the genes were significantly different between the groups after adjustment for false discovery rate (FDR < 0.1). See Supplementary Table S4 for more information about all the tested gene transcripts, fold-changes, p values, and adjusted p values.




3.4. Gene Set Enrichment Analysis and Competitive Gene Set Testing before Intervention


To understand patterns in gene expression between the low insuliniAUC and high insuliniAUC groups, we performed a gene enrichment analysis including the 39 genes with different expression (p < 0.05, without FDR correction) and using KEGG pathways and Gene Ontology (GO) terms. The top three KEGG pathways that showed enrichment in the high insuliniAUC compared with the low insuliniAUC group were thyroid cancer, ribosome, and fatty acid degradation (Table 2). In concordance, the top three GO terms (molecular function) were rRNA binding, large ribosomal subunit rRNA binding, and core promoter sequence-specific DNA binding. Furthermore, we performed a competitive gene set test (CAMERA) using the hallmark gene sets from MSigDB. Comparing the low insuliniAUC and high insuliniAUC, we found that the two most important altered gene sets were those related to MYC targets V1 (FDR = 0.0005) and MYC targets V2 (FDR = 0.02), which were both downregulated in the high insuliniAUC group (Table 3).




3.5. Characterization of the Study Population in the Different Intervention Groups


We further investigated the effect of intervention with salmon fish protein on cardiometabolic risk markers in the low insuliniAUC and high insuliniAUC subgroups. Table 4 shows the anthropometric and biochemical characteristics of the study population allocated into distinct groups (low insuliniAUC and high insuliniAUC) and treatments (placebo or fish protein) before the intervention. We observed the same pattern in glucose metabolism and insulin sensitivity as before subdividing into intervention groups: individuals in both low insuliniAUC groups had lower glucose 2 h, fasting insulin, insulin 2 h, and HOMA-IR and higher Matsuda index, compared to individuals in the high insuliniAUC groups (Table 4). We did not find significant differences in glycemic regulation (glucose, insulin, HOMA-IR, and HbA1c) after the intervention between individuals receiving a placebo or fish protein for the low insuliniAUC or the high insuliniAUC groups (data not shown).




3.6. Effect on Metabolic Profile after Fish Protein Intervention


We investigated the effect on plasma metabolites after 8-weeks of salmon fish protein intake compared to placebo in the low insuliniAUC and high insuliniAUC subgroups. We observed that fish protein-treated low insuliniAUC participants had higher acetate levels than placebo-treated low insuliniAUC participants (Figure 4). We did not find any other significant changes in plasma metabolites in the low insuliniAUC or high insuliniAUC groups after the intervention (Supplementary Figures S5–S7). See Supplementary Tables S5 and S6 for more information about all the NMR metabolites, fold-changes, p values, and adjusted p values.




3.7. Effect on Gene Expression after Fish Protein Intervention


Fold changes in gene expression were evaluated from before to after intervention with fish protein compared to placebo in the low insuliniAUC and high insuliniAUC groups. We found nine genes with altered expression in the fish protein-treated low insuliniAUC group compared to the placebo-treated low insuliniAUC group and 14 genes with altered expression in the fish protein-treated high insuliniAUC group compared to placebo-treated high insuliniAUC group, with a significance level below 0.05. After adjusting for FDR, none of the genes showed significant changes. Fold changes in gene expression during dietary interventions are typically not large, and in our study, the most altered genes in terms of fold change were AMDHD1 (Amidohydrolase Domain-Containing Protein 1, log2 fold-change = 0.43) and CD274 (CD274 molecule, log2 fold-change = −0.43) in the fish protein-treated low insuliniAUC compared to placebo-treated low insuliniAUC group. At the same time, ABCA1 (ATP Binding Cassette Subfamily A Member 1, log2 fold-change = 0.32) and IDO1 (Indoleamine 2,3-Dioxygenase 1, log2 fold-change = −0.51) were the most altered genes in the fish protein-treated high insuliniAUC group compared to placebo-treated high insuliniAUC group (Figure 5). We did not conduct gene enrichment analysis due to the small number of differentially expressed genes after the intervention. See Supplementary Tables S7 and S8 for more information about all the genes, fold changes, p values, and adjusted p values.





4. Discussion


In the present study, we investigated the metabolic and gene expression profile of subgroups of participants with different insulin responses to identify biomarkers of cardiometabolic risk and further determine whether any of these subgroups respond to an 8-week intervention with fish protein. Before the intervention, we found that the plasma level of GlycA and MUFAs, and the gene expression of CPT1A were higher, and glycine and acetate levels were lower in individuals in the high insuliniAUC group compared to individuals in the low insuliniAUC group. After the intervention, only acetate was increased in the low insuliniAUC group treated with fish protein compared to the placebo-treated low insuliniAUC group. However, none of the metabolites and gene transcripts before and after the intervention were significantly altered after adjustment for FDR, and hence the results should be carefully interpreted.



We found that GlycA levels were higher in the high insuliniAUC group, that is, the group with less insulin response (increased 2 h glucose, fasting insulin, 2 h insulin, and reduced Matsuda index), compared to the low insuliniAUC group before intervention. GlycA is shown to be positively correlated with insulin resistance, BMI, markers of metabolic syndrome, and the ratio of leptin to adiponectin [45,46]. Furthermore, GlycA is associated with different inflammatory markers and is considered a biomarker of systemic inflammation and subclinical vascular inflammation [47]. Hence, GlycA is suggested as a new biomarker of cardiometabolic disease and T2D risk [19,22]. Although GlycA levels were higher in the high insuliniAUC group compared to the low insuliniAUC group, we did not observe any significant difference in hsCRP between the groups (Tables S1 and S4). The high insuliniAUC group showed a tendency to a higher hsCRP concentration, and possibly we did not reach statistical significance due to a small sample size, intra-individual variations in hsCRP, or hsCRP did not capture the whole inflammatory process in our participants. This suggests that GlycA may act as a more precise risk marker of CVD and T2D compared to hsCRP [48]. Epidemiological studies supporting this hypothesis found that the association between GlycA and cardiovascular events, or T2D, was slightly attenuated by the addition of hsCRP to the regression model [48].



Before the intervention, we found that the high insuliniAUC group had a higher level of MUFAs to total fatty acids ratio compared to the low insuliniAUC group. In the NHANES study, the higher plasma concentrations of SFAs and MUFAs were associated with elevated HbA1c and fasting glucose levels [14], which is in line with our results. Furthermore, previous research has also shown that higher MUFA levels and lower PUFA and linolic acid levels are associated with increased cardiovascular risk in the FINNRISK study [13]. Hence, high circulating MUFA and low PUFA levels are linked to increased cardiovascular risk.



CPT1A was upregulated in the high insuliniAUC group compared to the low insuliniAUC group before intervention and was one of the most differentially expressed genes in terms of the p value. The CPT1A protein, a key regulatory enzyme of β-oxidation, is in the outer membrane of the mitochondria. CPT1A facilitates the translocation of long-chain fatty acids across the mitochondrial membrane for fatty acid β-oxidation. Hence, our results may reflect a shift in metabolic sources from carbohydrates to fatty acids in the high insuliniAUC group. In accordance with our observations, the Framingham Heart Study (FHS) Offspring Cohort found a positive association between mRNA expression of CPT1A in whole blood with fasting glucose and triglycerides, as well as BMI. Moreover, it was described that fat intake was negatively associated with CPT1A methylation, therefore, increasing CPT1A gene expression [49]. In an animal study, mitochondrial dysfunction caused by a high-fat diet was linked to insulin resistance in muscle, implying that excessive CPT1A activity overloads the mitochondria resulting from incomplete oxidation of long-chain fatty acids [50].



In our population, we found a tendency for a higher BCAAs plasma concentration in the high insuliniAUC group compared to the low insuliniAUC group before the intervention (Figure 2). We reached significance for valine and total BCAAs without age, sex, and BMI correction (data not shown). Both BCAAs and aromatic amino acids have been positively correlated with insulin resistance in T2D [51,52], and BCAAs are suggested as a metabolic signature associated with insulin resistance [53,54]. Increased levels of BCAAs may be a causal factor for developing insulin resistance and T2D by hampering insulin signaling pathways [55], and the accumulation of toxic BCAA metabolites triggers mitochondrial dysfunction [56].



Before the intervention, the individuals in the high insuliniAUC group had lower levels of plasma glycine compared to the low insuliniAUC group. In line with our results, most studies suggest an inverse association between glycine and prediabetes and T2D [51]. People with nondiabetic insulin resistance or impaired glucose tolerance have reduced circulating glycine [52]. It is unclear if reduced levels of glycine have an active role in the development of T2D, but it has been observed that interventions with delayed or reversed T2D (bariatric surgery or physical activity) are associated with an increase in circulating glycine concentrations [57,58,59]. Furthermore, glycine supplementation has been shown to give enhanced insulin response and glucose tolerance [60,61]. The consumption of 5.2 g of salmon protein (corresponding to 7.5 g fishmeal) was enough to significantly increase the post-prandial concentration of several amino acids, especially glycine [62]. However, in the present intervention study lasting for 8 weeks, we did not find an effect of fish protein on glucose metabolism, insulin response, or plasma glycine concentration in subgroups of individuals with increased T2D risk. Our fishmeal supplement provided 389 mg of glycine per day, which is considerably lower than the dosages used by others, including 1 mmol glycine/kg lean body mass (~5.63 g for a 75 kg patient) [60] and 5 g of glycine [61]. There are many metabolic effects of circulating glycine, and glycine supplementation may impact glucose tolerance [59]. Current evidence point to a glycine effect in the brain via dorsal vagal complex N-methyl-D-aspartate (NMDA) receptors, systemically reducing oxidative stress and inflammatory response and increasing insulin secretion in the islets via glycine receptors (GlyRs) [59].



Increased glucose levels promote reactive oxygen species (ROS) overproduction [63], resulting in morphological changes in mitochondria [64]. Excessive ROS could damage the proteins, lipids, and DNA in the mitochondria, leading to mitochondrial dysfunction and reduced mitochondria biogenesis [64]. Several studies have found a link between mitochondrial dysfunction and insulin resistance in various tissues [64]. We found a down-regulation in the Myc targets V1 and V2 pathways in the high insuliniAUC group (Table 3), which could be a sign of reduced mitochondrial biogenesis, as Myc induces mitochondrial biogenesis and increases mitochondrial function through many pathways [65]. Moreover, alterations in the oxidizing environment of the endoplasmic reticulum (ER) can induce ER stress. There is evidence that beta-cell ER stress in patients with T2D can cause beta-cell dysfunction by decreasing insulin synthesis and secretion [66]. This could be a reason for the ribosome-enriched pathway found in the high insuliniAUC group before intervention (Table 2).



We observed lower concentrations of acetate in the high insuliniAUC compared to the low insuliniAUC group before intervention (Figure 2). In contrast, acetate was associated with prediabetes and T2D in other studies [51]. Acetate is a short-chain fatty acid produced by microbiota. The microbiome is a potential source of biologically active metabolites, frequently linked with diet composition [67]. It has been shown in healthy subjects that prebiotics increased plasma glucagon-like peptide 1 (GLP-1) and peptide YY (PYY) concentrations, whereas postprandial plasma glucose response decreased after a standardized meal [68]. In another RCT, healthy individuals treated with long-chain MUFAs derived from fish oil increased GLP-1 secretion. The proposed mechanism is linked to gut microbiota producing short-chain fatty acids that act through the G protein-coupled receptors expressed on enteroendocrine cells, enteric neurons, and enteric leukocytes [69]. In our study, acetate was increased in the low insuliniAUC group after fish protein intervention compared to placebo treatment, while no change was observed in the high insuliniAUC group. Recent studies show that gut microbial composition may help to identify individuals who may benefit from dietary interventions [70].



This study has several strengths and limitations. One strength is the detailed profiling of both metabolites and gene expressions in subgroups of people with increased T2D risk. The small number of participants in the phenotypic subgroups in the intervention is a limitation of the study, giving a higher risk of both false positive and false negative findings. The results from small studies cannot be generalized to the population as a whole. Furthermore, the inclusion criteria for participation were increased risk of T2D, and hence the lack of a healthy control group is a limitation of the present study. Lastly, the short-term duration of the present study does not reflect the long-term effects. Despite this, we were able to identify metabolic biomarkers (GlycA, MUFA %, glycine, and acetate), as well as candidate gene expression patterns in the group of participants that displayed high insuliniAUC.




5. Conclusions


In conclusion, our results support that several plasma metabolites (GlycA, MUFA %, glycine, and acetate) may serve as biomarkers to predict the progression of T2D; however, the usefulness of these needs further testing and validation in prospective studies. Whether these newly suggested biomarkers are more sensitive to dietary interventions in people with increased risk of T2D is still to be elucidated.



Results from this and similar intervention studies are important for hypothesis generation in terms of pathophysiology and clinical manifestation in subgroups of individuals in heterogeneous populations.








Supplementary Materials


The following supporting information can be downloaded at: https://www.mdpi.com/article/10.3390/nu14235165/s1, Figure S1: Methods flow chart before intervention; Figure S2: Methods flow chart after the intervention; Figure S3: Cholesterol concentration, lipoprotein sizes, and lipid composition and apolipoprotein concentration in plasma before intervention; Figure S4: Lipoprotein subclasses concentration and composition in plasma before intervention; Figure S5: Changes in fatty acid profile in plasma after the intervention; Figure S6: Changes in cholesterol concentration, lipoprotein size and lipid composition and apolipoprotein concentration in plasma after the intervention; Figure S7: Changes in lipoprotein subclass concentration and composition in plasma after the intervention. Table S1: Nanostring nCounter Metabolic Pathway Panel; Table S2: Additional code-sets covering immune and inflammation response and lipid metabolism-related mRNAs; Table S3: Metabolomic analysis before the intervention. Low insuliniAUC vs. high insuliniAUC group; Table S4: Gene expression analysis before the intervention. Low insuliniAUC vs. high insuliniAUC group; Table S5: Metabolomic analysis after the intervention. Fish protein-treated low insuliniAUC vs. placebo-treated low insuliniAUC; Table S6: Metabolomic analysis after the intervention. Fish-protein-treated high insuliniAUC vs. placebo-treated high insuliniAUC; Table S7: Gene expression after the intervention. Fish-protein-treated low insuliniAUC vs. placebo-treated low insuliniAUC; Table S8: Gene expression analysis after the intervention. Fish-protein-treated high insuliniAUC vs. placebo-treated high insuliniAUC.





Author Contributions


Conceptualization, K.S.H., I.O., T.S., K.T.D., S.M.U. and K.B.H.; conduction of the FishMeal study, K.S.H. and I.O., formal analysis and visualization, F.C., J.J.C., A.R. and V.H.T.-H., writing—original draft preparation, F.C. and V.H.T.-H., writing—review and editing, F.C., J.J.C., V.M.V., K.S.H., I.O., A.R., T.S., K.T.D., S.M.U., K.B.H. and V.H.T.-H. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by the University of Oslo, The Throne Holst Foundation for Nutrition Research and FHF—Norwegian Seafood Research Fund, Oslo, Norway (FHF Project 901420). F.C. benefited from GRISOLIAP/2019/091 grant from the Generalitat Valenciana and the European Social Fund, and secondly, the BEFPI/2021/011 grant from the Generalitat Valenciana and the European Social Fund.




Institutional Review Board Statement


The study was conducted in accordance with the Declaration of Helsinki, and the Regional Ethics Committee for Medical Research in South-East Norway approved the study. The study was registered at ClinicalTrials.gov (Identifier: NCT03764423).




Informed Consent Statement


Informed consent was obtained from all subjects involved in the study.




Data Availability Statement


The datasets used are available from the corresponding author upon reasonable request.




Acknowledgments


The authors gratefully acknowledge the participants who volunteered for the present study. We thank Siddhartha Das (University of Oslo) for his guidance with the bioinformatic tools.




Conflicts of Interest


During the past 5 years, S.M.U. has received research grants from Mills AS, TINE BA, and Olympic Seafood, none of which are related to the content of this manuscript. During the past 5 years, K.B.H. has received research grants or honoraria from Mills AS, Amgen, and Sanofi, none of which are related to the content of this manuscript. During the past 5 years, V.H.T-H. collaborates with and/or has received research grants from Mills AS, Mesterbakeren, Det Glutenfrie Verksted, and the Norwegian Celiac Disease Association, none of which are related to the content of this manuscript. F.C., J.J.C., V.M.V., K.S.H., I.O., A.R., T.S., and K.T.D. declare no conflict of interest. The funders had no role in the design of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript; or in the decision to publish the results.




References


	



Zheng, Y.; Ley, S.H.; Hu, F.B. Global aetiology and epidemiology of type 2 diabetes mellitus and its complications. Nat. Rev. Endocrinol. 2018, 14, 88–98. [Google Scholar] [CrossRef]

	



DeFronzo, R.A.; Ferrannini, E.; Groop, L.; Henry, R.R.; Herman, W.H.; Holst, J.J.; Hu, F.B.; Kahn, C.R.; Raz, I.; Shulman, G.I.; et al. Type 2 diabetes mellitus. Nat. Rev. Dis. Primers 2015, 1, 15019. [Google Scholar] [CrossRef]

	



American Diabetes, A. Diagnosis and classification of diabetes mellitus. Diabetes Care 2013, 36 (Suppl. 1), S67–S74. [Google Scholar] [CrossRef] [PubMed]

	



Alok, K.; Gupta, A.M.; Brashear, M.; William, D.J. Chapter 2—Prediabetes: Prevalence, Pathogenesis, and Recognition of Enhanced Risk. In Nutritional and Therapeutic Interventions for Diabetes and Metabolic Syndrome, 2nd ed.; Academic Press: Cambridge, MA, USA, 2018; p. 18. [Google Scholar] [CrossRef]

	



Rajala, M.W.; Scherer, P.E. Minireview: The adipocyte--at the crossroads of energy homeostasis, inflammation, and atherosclerosis. Endocrinology 2003, 144, 3765–3773. [Google Scholar] [CrossRef]

	



Chung, S.T.; Matta, S.T.; Meyers, A.G.; Cravalho, C.K.; Villalobos-Perez, A.; Dawson, J.M.; Sharma, V.R.; Sampson, M.L.; Otvos, J.D.; Magge, S.N. Nuclear Magnetic Resonance Derived Biomarkers for Evaluating Cardiometabolic Risk in Youth and Young Adults Across the Spectrum of Glucose Tolerance. Front. Endocrinol. 2021, 12, 665292. [Google Scholar] [CrossRef] [PubMed]

	



Shalaurova, I.; Connelly, M.A.; Garvey, W.T.; Otvos, J.D. Lipoprotein insulin resistance index: A lipoprotein particle-derived measure of insulin resistance. Metab. Syndr. Relat. Disord. 2014, 12, 422–429. [Google Scholar] [CrossRef] [PubMed]

	



Harada, P.H.N.; Demler, O.V.; Dugani, S.B.; Akinkuolie, A.O.; Moorthy, M.V.; Ridker, P.M.; Cook, N.R.; Pradhan, A.D.; Mora, S. Lipoprotein insulin resistance score and risk of incident diabetes during extended follow-up of 20 years: The Women’s Health Study. J. Clin. Lipidol. 2017, 11, 1257–1267.e1252. [Google Scholar] [CrossRef]

	



Otvos, J.D.; Shalaurova, I.; Wolak-Dinsmore, J.; Connelly, M.A.; Mackey, R.H.; Stein, J.H.; Tracy, R.P. GlycA: A Composite Nuclear Magnetic Resonance Biomarker of Systemic Inflammation. Clin. Chem. 2015, 61, 714–723. [Google Scholar] [CrossRef]

	



Jump, D.B. Fatty acid regulation of gene transcription. Crit. Rev. Clin. Lab. Sci. 2004, 41, 41–78. [Google Scholar] [CrossRef]

	



Gonzalez-Becerra, K.; Ramos-Lopez, O.; Barron-Cabrera, E.; Riezu-Boj, J.I.; Milagro, F.I.; Martinez-Lopez, E.; Martinez, J.A. Fatty acids, epigenetic mechanisms and chronic diseases: A systematic review. Lipids Health Dis. 2019, 18, 178. [Google Scholar] [CrossRef]

	



Saltiel, A.R.; Kahn, C.R. Insulin signalling and the regulation of glucose and lipid metabolism. Nature 2001, 414, 799–806. [Google Scholar] [CrossRef] [PubMed]

	



Wurtz, P.; Havulinna, A.S.; Soininen, P.; Tynkkynen, T.; Prieto-Merino, D.; Tillin, T.; Ghorbani, A.; Artati, A.; Wang, Q.; Tiainen, M.; et al. Metabolite profiling and cardiovascular event risk: A prospective study of 3 population-based cohorts. Circulation 2015, 131, 774–785. [Google Scholar] [CrossRef] [PubMed]

	



Yu, E.A.; Hu, P.J.; Mehta, S. Plasma fatty acids in de novo lipogenesis pathway are associated with diabetogenic indicators among adults: NHANES 2003-2004. Am. J. Clin. Nutr. 2018, 108, 622–632. [Google Scholar] [CrossRef] [PubMed]

	



Odegaard, J.I.; Chawla, A. Pleiotropic actions of insulin resistance and inflammation in metabolic homeostasis. Science 2013, 339, 172–177. [Google Scholar] [CrossRef] [PubMed]

	



Delarue, J.; Magnan, C. Free fatty acids and insulin resistance. Curr. Opin. Clin. Nutr. Metab. Care 2007, 10, 142–148. [Google Scholar] [CrossRef]

	



Sanders, F.W.; Griffin, J.L. De novo lipogenesis in the liver in health and disease: More than just a shunting yard for glucose. Biol. Rev. Camb. Philos. Soc. 2016, 91, 452–468. [Google Scholar] [CrossRef]

	



Pan, X.R.; Li, G.W.; Hu, Y.H.; Wang, J.X.; Yang, W.Y.; An, Z.X.; Hu, Z.X.; Lin, J.; Xiao, J.Z.; Cao, H.B.; et al. Effects of diet and exercise in preventing NIDDM in people with impaired glucose tolerance. The Da Qing IGT and Diabetes Study. Diabetes Care 1997, 20, 537–544. [Google Scholar] [CrossRef]

	



Li, G.; Zhang, P.; Wang, J.; Gregg, E.W.; Yang, W.; Gong, Q.; Li, H.; Li, H.; Jiang, Y.; An, Y.; et al. The long-term effect of lifestyle interventions to prevent diabetes in the China Da Qing Diabetes Prevention Study: A 20-year follow-up study. Lancet 2008, 371, 1783–1789. [Google Scholar] [CrossRef]

	



Micha, R.; Shulkin, M.L.; Penalvo, J.L.; Khatibzadeh, S.; Singh, G.M.; Rao, M.; Fahimi, S.; Powles, J.; Mozaffarian, D. Etiologic effects and optimal intakes of foods and nutrients for risk of cardiovascular diseases and diabetes: Systematic reviews and meta-analyses from the Nutrition and Chronic Diseases Expert Group (NutriCoDE). PLoS ONE 2017, 12, e0175149. [Google Scholar] [CrossRef]

	



Nong, N.T.P.; Hsu, J.L. Characteristics of Food Protein-Derived Antidiabetic Bioactive Peptides: A Literature Update. Int. J. Mol. Sci. 2021, 22, 9508. [Google Scholar] [CrossRef]

	



Jin, R.; Teng, X.; Shang, J.; Wang, D.; Liu, N. Identification of novel DPP-IV inhibitory peptides from Atlantic salmon (Salmo salar) skin. Food Res. Int. 2020, 133, 109161. [Google Scholar] [CrossRef] [PubMed]

	



Gao, J.; Gong, H.; Mao, X. Dipeptidyl Peptidase-IV Inhibitory Activity and Related Molecular Mechanism of Bovine alpha-Lactalbumin-Derived Peptides. Molecules 2020, 25, 3009. [Google Scholar] [CrossRef] [PubMed]

	



Fosgerau, K.; Hoffmann, T. Peptide therapeutics: Current status and future directions. Drug Discov. Today 2015, 20, 122–128. [Google Scholar] [CrossRef] [PubMed]

	



Dale, H.F.; Jensen, C.; Hausken, T.; Lied, E.; Hatlebakk, J.G.; Bronstad, I.; Lihaug Hoff, D.A.; Lied, G.A. Effect of a cod protein hydrolysate on postprandial glucose metabolism in healthy subjects: A double-blind cross-over trial. J. Nutr. Sci. 2018, 7, e33. [Google Scholar] [CrossRef] [PubMed]

	



Kawasaki, T.; Seki, E.; Osajima, K.; Yoshida, M.; Asada, K.; Matsui, T.; Osajima, Y. Antihypertensive effect of valyl-tyrosine, a short chain peptide derived from sardine muscle hydrolyzate, on mild hypertensive subjects. J. Hum. Hypertens 2000, 14, 519–523. [Google Scholar] [CrossRef] [PubMed]

	



Nobile, V.; Duclos, E.; Michelotti, A.; Bizzaro, G.; Negro, M.; Soisson, F. Supplementation with a fish protein hydrolysate (Micromesistius poutassou): Effects on body weight, body composition, and CCK/GLP-1 secretion. Food Nutr. Res. 2016, 60, 29857. [Google Scholar] [CrossRef] [PubMed]

	



Vikoren, L.A.; Nygard, O.K.; Lied, E.; Rostrup, E.; Gudbrandsen, O.A. A randomised study on the effects of fish protein supplement on glucose tolerance, lipids and body composition in overweight adults. Br. J. Nutr. 2013, 109, 648–657. [Google Scholar] [CrossRef]

	



Zhu, C.F.; Li, G.Z.; Peng, H.B.; Zhang, F.; Chen, Y.; Li, Y. Treatment with marine collagen peptides modulates glucose and lipid metabolism in Chinese patients with type 2 diabetes mellitus. Appl. Physiol. Nutr. Metab. 2010, 35, 797–804. [Google Scholar] [CrossRef]

	



Ouellet, V.; Marois, J.; Weisnagel, S.J.; Jacques, H. Dietary cod protein improves insulin sensitivity in insulin-resistant men and women: A randomized controlled trial. Diabetes Care 2007, 30, 2816–2821. [Google Scholar] [CrossRef]

	



Hovland, I.H.; Leikanger, I.S.; Stokkeland, O.; Waage, K.H.; Mjos, S.A.; Brokstad, K.A.; McCann, A.; Ueland, P.M.; Slizyte, R.; Carvajal, A.; et al. Effects of low doses of fish and milk proteins on glucose regulation and markers of insulin sensitivity in overweight adults: A randomised, double blind study. Eur. J. Nutr. 2020, 59, 1013–1029. [Google Scholar] [CrossRef]

	



Nenseter, M.S.; Osterud, B.; Larsen, T.; Strom, E.; Bergei, C.; Hewitt, S.; Holven, K.B.; Hagve, T.A.; Mjos, S.A.; Solvang, M.; et al. Effect of Norwegian fish powder on risk factors for coronary heart disease among hypercholesterolemic individuals. Nutr. Metab. Cardiovasc. Dis. 2000, 10, 323–330. [Google Scholar] [PubMed]

	



Jensen, C.; Fjeldheim Dale, H.; Hausken, T.; Hatlebakk, J.G.; Bronstad, I.; Lied, G.A.; Hoff, D.A.L. Supplementation with Low Doses of a Cod Protein Hydrolysate on Glucose Regulation and Lipid Metabolism in Adults with Metabolic Syndrome: A Randomized, Double-Blind Study. Nutrients 2020, 12, 1991. [Google Scholar] [CrossRef] [PubMed]

	



Hustad, K.S.; Ottestad, I.; Hjorth, M.; Dalen, K.T.; Saether, T.; Sheikh, N.A.; Stromnes, M.; Ulven, S.M.; Holven, K.B. No effect of salmon fish protein on 2-h glucose in adults with increased risk of type 2 diabetes: A randomised controlled trial. Br. J. Nutr. 2021, 126, 1304–1313. [Google Scholar] [CrossRef] [PubMed]

	



Soininen, P.; Kangas, A.J.; Wurtz, P.; Suna, T.; Ala-Korpela, M. Quantitative serum nuclear magnetic resonance metabolomics in cardiovascular epidemiology and genetics. Circ. Cardiovasc. Genet. 2015, 8, 192–206. [Google Scholar] [CrossRef] [PubMed]

	



Wickham, H.; Averick, M.; Bryan, J.; Chang, W.; McGowan, L.D.A.; François, R.; Grolemund, G.; Hayes, A.; Henry, L.; Hester, J.; et al. Welcome to the Tidyverse. J. Open Source Softw. 2019, 4, 1686. [Google Scholar] [CrossRef]

	



Ritchie, M.E.; Phipson, B.; Wu, D.; Hu, Y.; Law, C.W.; Shi, W.; Smyth, G.K. Limma powers differential expression analyses for RNA-sequencing and microarray studies. Nucleic Acids Res. 2015, 43, 13. [Google Scholar] [CrossRef]

	



Signorell, A.; Aho, K.; Alfons, A.; Anderegg, N.; Aragon, T.; Arachchige, C.; Arppe, A.; Baddeley, A.; Barton, K.; Bolker, B.; et al. DescTools: Tools for Descriptive Statistics. 2022. Available online: https://cran.r-project.org/package=DescTools (accessed on 22 October 2022).

	



Ashburner, M.; Ball, C.A.; Blake, J.A.; Botstein, D.; Butler, H.; Cherry, J.M.; Davis, A.P.; Dolinski, K.; Dwight, S.S.; Eppig, J.T.; et al. Gene ontology: Tool for the unification of biology. The Gene Ontology Consortium. Nat. Genet. 2000, 25, 25–29. [Google Scholar] [CrossRef]

	



Gene Ontology, C. The Gene Ontology resource: Enriching a GOld mine. Nucleic Acids Res. 2021, 49, D325–D334. [Google Scholar] [CrossRef]

	



Kanehisa, M.; Goto, S. KEGG: Kyoto encyclopedia of genes and genomes. Nucleic Acids Res. 2000, 28, 27–30. [Google Scholar] [CrossRef]

	



Ritchie, S.C.; Wurtz, P.; Nath, A.P.; Abraham, G.; Havulinna, A.S.; Fearnley, L.G.; Sarin, A.P.; Kangas, A.J.; Soininen, P.; Aalto, K.; et al. The Biomarker GlycA Is Associated with Chronic Inflammation and Predicts Long-Term Risk of Severe Infection. Cell Syst. 2015, 1, 293–301. [Google Scholar] [CrossRef]

	



Liberzon, A.; Birger, C.; Thorvaldsdottir, H.; Ghandi, M.; Mesirov, J.P.; Tamayo, P. The Molecular Signatures Database (MSigDB) hallmark gene set collection. Cell Syst. 2015, 1, 417–425. [Google Scholar] [CrossRef] [PubMed]

	



Wu, D.; Smyth, G.K. Camera: A competitive gene set test accounting for inter-gene correlation. Nucleic Acids Res. 2012, 40, e133. [Google Scholar] [CrossRef] [PubMed]

	



Dullaart, R.P.; Gruppen, E.G.; Connelly, M.A.; Otvos, J.D.; Lefrandt, J.D. GlycA, a biomarker of inflammatory glycoproteins, is more closely related to the leptin/adiponectin ratio than to glucose tolerance status. Clin. Biochem. 2015, 48, 811–814. [Google Scholar] [CrossRef]

	



Lorenzo, C.; Festa, A.; Hanley, A.J.; Rewers, M.J.; Escalante, A.; Haffner, S.M. Novel Protein Glycan-Derived Markers of Systemic Inflammation and C-Reactive Protein in Relation to Glycemia, Insulin Resistance, and Insulin Secretion. Diabetes Care 2017, 40, 375–382. [Google Scholar] [CrossRef] [PubMed]

	



Lawler, P.R.; Mora, S. Glycosylation Signatures of Inflammation Identify Cardiovascular Risk: Some Glyc It Hot. Circ. Res. 2016, 119, 1154–1156. [Google Scholar] [CrossRef] [PubMed]

	



Connelly, M.A.; Otvos, J.D.; Shalaurova, I.; Playford, M.P.; Mehta, N.N. GlycA, a novel biomarker of systemic inflammation and cardiovascular disease risk. J. Transl. Med. 2017, 15, 219. [Google Scholar] [CrossRef] [PubMed]

	



Lai, C.Q.; Parnell, L.D.; Smith, C.E.; Guo, T.; Sayols-Baixeras, S.; Aslibekyan, S.; Tiwari, H.K.; Irvin, M.R.; Bender, C.; Fei, D.; et al. Carbohydrate and fat intake associated with risk of metabolic diseases through epigenetics of CPT1A. Am. J. Clin. Nutr. 2020, 112, 1200–1211. [Google Scholar] [CrossRef] [PubMed]

	



Koves, T.R.; Ussher, J.R.; Noland, R.C.; Slentz, D.; Mosedale, M.; Ilkayeva, O.; Bain, J.; Stevens, R.; Dyck, J.R.; Newgard, C.B.; et al. Mitochondrial overload and incomplete fatty acid oxidation contribute to skeletal muscle insulin resistance. Cell Metab. 2008, 7, 45–56. [Google Scholar] [CrossRef] [PubMed]

	



Guasch-Ferre, M.; Hruby, A.; Toledo, E.; Clish, C.B.; Martinez-Gonzalez, M.A.; Salas-Salvado, J.; Hu, F.B. Metabolomics in Prediabetes and Diabetes: A Systematic Review and Meta-analysis. Diabetes Care 2016, 39, 833–846. [Google Scholar] [CrossRef]

	



Thalacker-Mercer, A.E.; Ingram, K.H.; Guo, F.; Ilkayeva, O.; Newgard, C.B.; Garvey, W.T. BMI, RQ, diabetes, and sex affect the relationships between amino acids and clamp measures of insulin action in humans. Diabetes 2014, 63, 791–800. [Google Scholar] [CrossRef]

	



Newgard, C.B.; An, J.; Bain, J.R.; Muehlbauer, M.J.; Stevens, R.D.; Lien, L.F.; Haqq, A.M.; Shah, S.H.; Arlotto, M.; Slentz, C.A.; et al. A branched-chain amino acid-related metabolic signature that differentiates obese and lean humans and contributes to insulin resistance. Cell Metab. 2009, 9, 311–326. [Google Scholar] [CrossRef] [PubMed]

	



Palmer, N.D.; Stevens, R.D.; Antinozzi, P.A.; Anderson, A.; Bergman, R.N.; Wagenknecht, L.E.; Newgard, C.B.; Bowden, D.W. Metabolomic profile associated with insulin resistance and conversion to diabetes in the Insulin Resistance Atherosclerosis Study. J. Clin. Endocrinol. Metab. 2015, 100, E463–E468. [Google Scholar] [CrossRef] [PubMed]

	



Vanweert, F.; Schrauwen, P.; Phielix, E. Role of branched-chain amino acid metabolism in the pathogenesis of obesity and type 2 diabetes-related metabolic disturbances BCAA metabolism in type 2 diabetes. Nutr Diabetes 2022, 12, 35. [Google Scholar] [CrossRef] [PubMed]

	



Lynch, C.J.; Adams, S.H. Branched-chain amino acids in metabolic signalling and insulin resistance. Nat. Rev. Endocrinol. 2014, 10, 723–736. [Google Scholar] [CrossRef]

	



Tulipani, S.; Griffin, J.; Palau-Rodriguez, M.; Mora-Cubillos, X.; Bernal-Lopez, R.M.; Tinahones, F.J.; Corkey, B.E.; Andres-Lacueva, C. Metabolomics-guided insights on bariatric surgery versus behavioral interventions for weight loss. Obesity 2016, 24, 2451–2466. [Google Scholar] [CrossRef]

	



Glynn, E.L.; Piner, L.W.; Huffman, K.M.; Slentz, C.A.; Elliot-Penry, L.; AbouAssi, H.; White, P.J.; Bain, J.R.; Muehlbauer, M.J.; Ilkayeva, O.R.; et al. Impact of combined resistance and aerobic exercise training on branched-chain amino acid turnover, glycine metabolism and insulin sensitivity in overweight humans. Diabetologia 2015, 58, 2324–2335. [Google Scholar] [CrossRef]

	



Yan-Do, R.; MacDonald, P.E. Impaired “Glycine”-mia in Type 2 Diabetes and Potential Mechanisms Contributing to Glucose Homeostasis. Endocrinology 2017, 158, 1064–1073. [Google Scholar] [CrossRef]

	



Gannon, M.C.; Nuttall, J.A.; Nuttall, F.Q. The metabolic response to ingested glycine. Am. J. Clin. Nutr. 2002, 76, 1302–1307. [Google Scholar] [CrossRef]

	



Gonzalez-Ortiz, M.; Medina-Santillan, R.; Martinez-Abundis, E.; von Drateln, C.R. Effect of glycine on insulin secretion and action in healthy first-degree relatives of type 2 diabetes mellitus patients. Horm. Metab. Res. 2001, 33, 358–360. [Google Scholar] [CrossRef]

	



Hjorth, M.; Galigniana, N.M.; Ween, O.; Ulven, S.M.; Holven, K.B.; Dalen, K.T.; Saether, T. Postprandial Effects of Salmon Fishmeal and Whey on Metabolic Markers in Serum and Gene Expression in Liver Cells. Nutrients 2022, 14, 1593. [Google Scholar] [CrossRef]

	



Yan, L.J. Pathogenesis of chronic hyperglycemia: From reductive stress to oxidative stress. J. Diabetes Res. 2014, 2014, 137919. [Google Scholar] [CrossRef] [PubMed]

	



Bhatti, J.S.; Bhatti, G.K.; Reddy, P.H. Mitochondrial dysfunction and oxidative stress in metabolic disorders—A step towards mitochondria based therapeutic strategies. Biochim. Biophys. Acta Mol. Basis Dis. 2017, 1863, 1066–1077. [Google Scholar] [CrossRef] [PubMed]

	



Rosselot, C.; Baumel-Alterzon, S.; Li, Y.; Brill, G.; Lambertini, L.; Katz, L.S.; Lu, G.; Garcia-Ocana, A.; Scott, D.K. The many lives of Myc in the pancreatic beta-cell. J. Biol. Chem. 2021, 296, 100122. [Google Scholar] [CrossRef] [PubMed]

	



Eizirik, D.L.; Pasquali, L.; Cnop, M. Pancreatic beta-cells in type 1 and type 2 diabetes mellitus: Different pathways to failure. Nat. Rev. Endocrinol. 2020, 16, 349–362. [Google Scholar] [CrossRef] [PubMed]

	



Chen, Z.Z.; Gerszten, R.E. Metabolomics and Proteomics in Type 2 Diabetes. Circ Res 2020, 126, 1613–1627. [Google Scholar] [CrossRef]

	



Cani, P.D.; Lecourt, E.; Dewulf, E.M.; Sohet, F.M.; Pachikian, B.D.; Naslain, D.; De Backer, F.; Neyrinck, A.M.; Delzenne, N.M. Gut microbiota fermentation of prebiotics increases satietogenic and incretin gut peptide production with consequences for appetite sensation and glucose response after a meal. Am. J. Clin. Nutr. 2009, 90, 1236–1243. [Google Scholar] [CrossRef]

	



Tsutsumi, R.; Yamasaki, Y.; Takeo, J.; Miyahara, H.; Sebe, M.; Bando, M.; Tanba, Y.; Mishima, Y.; Takeji, K.; Ueshima, N.; et al. Long-chain monounsaturated fatty acids improve endothelial function with altering microbial flora. Transl. Res. 2021, 237, 16–30. [Google Scholar] [CrossRef]

	



Kovatcheva-Datchary, P.; Nilsson, A.; Akrami, R.; Lee, Y.S.; De Vadder, F.; Arora, T.; Hallen, A.; Martens, E.; Bjorck, I.; Backhed, F. Dietary Fiber-Induced Improvement in Glucose Metabolism Is Associated with Increased Abundance of Prevotella. Cell Metab. 2015, 22, 971–982. [Google Scholar] [CrossRef]








[image: Nutrients 14 05165 g001 550] 





Figure 1. Fatty acids profile in plasma before intervention. The forest plot displays the normalized beta coefficients (mean difference) and 95% confidence interval for the difference between the low insuliniAUC and high insuliniAUCgroups. Estimates on the left and right side of the zero-line translate to lower and higher in the high insuliniAUC group compared to the low insuliniAUC group, respectively. Color denotes the p value. Abbreviations: DHA: Docosahexaenoic acid, DHA%: Ratio of docosahexaenoic acid to total fatty acids, iAUC: incremental Area Under the Curve, LA: Linoleic acid, LA%: Ratio of linoleic acid to total fatty acids, MUFA: Monounsaturated fatty acids, MUFA%: Ratio of monounsaturated fatty acids to total fatty acids, Omega-3%: Ratio of omega-3 fatty acids to total fatty acids, Omega-6%: Ratio of omega-6 fatty acids to total fatty acids, PUFA: Polyunsaturated fatty acids, PUFA%: Ratio of polyunsaturated fatty acids to total fatty acids, SFA: Saturated fatty acids, SFA%: Ratio of saturated fatty acids to total fatty acids, Unsaturation: Degree of unsaturation. 
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Figure 2. Amino acids, glycolysis-related metabolites, ketone bodies, and inflammation markers concentration in plasma before intervention. The forest plot displays the normalized beta coefficients (mean difference) and 95% confidence interval for the difference between the low insuliniAUC and high insuliniAUC groups. Estimates on the left and right side of the zero-line translate to lower and higher in the high insuliniAUC group compared to the low insuliniAUC group, respectively. Color denotes the p value. Abbreviations: BCAA: Branched-chain amino acids, iAUC: incremental Area Under the Curve. 
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Figure 3. Volcano plot of differentially expressed genes before intervention. The linear model was adjusted by age, sex, BMI, and daily use of tobacco. Genes with p value < 0.05 (no FDR correction) and with an absolute fold change above 1.10 were highlighted. Genes on the left side of the volcano plot are down-regulated, and those on the right are up-regulated in the high insuliniAUC group compared to the low insuliniAUC group. Abbreviations: ACAT1: acetyl-CoA acetyltransferase 1, ADH4: alcohol dehydrogenase 4 (class II) pi polypeptide, ADH6: Alcohol dehydrogenase 6 (class V), ALOX12: arachidonate 12-lipoxygenase 12S type, APOC2: apolipoprotein C2, BCL2L1: BCL2 such as 1, CD36: CD36 molecule (alternatively FAT: Fatty acid traslocase, or SCARB3: Scavenger receptor class B member 3), CPT1A: carnitine palmitoyltransferase 1A, DERA: deoxyribose-phosphate aldolase, FOLR1: folate receptor alpha, GPX1: glutathione peroxidase 1, HSPE1: heat shock protein family E (Hsp10) member 1, iAUC: incremental Area Under the Curve, ITGB5: integrin subunit beta 5, MYC: MYC proto-oncogene, bHLH transcription factor, NR1H4: nuclear receptor subfamily 1 group H member 4 (alternatively FXR: Farnesol Receptor HRR-1), OTC: ornithine transcarbamylase, PDCD1: programmed cell death 1, PDK4: pyruvate dehydrogenase kinase 4, PGAM2: phosphoglycerate mutase 2, RIMKLA: ribosomal modification protein rimK such as family member A, SDSL: serine dehydratase like, SLC6A18: solute carrier family 6 member 18, STK3: serine/threonine kinase 3, TK2: thymidine kinase 2, TPR: translocated promoter region, nuclear basket protein. 
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Figure 4. Changes in amino acids, glycolysis-related metabolites, ketone bodies, and inflammation markers concentration in plasma after the intervention. The forest plot displays the normalized beta coefficients (mean difference) and 95% confidence interval for the differences between the fish protein-treated low insuliniAUC group and placebo-treated low insuliniAUC group (triangles) and the differences between the fish protein-treated high insuliniAUC group and placebo-treated high insuliniAUC group (circles). Estimates on the left and right side of the zero-line translate to lower and higher in individuals that received the fish protein than those that received the placebo, respectively. Color denotes the p value. Abbreviations: BCAA: Branched-chain amino acids, iAUC: incremental Area Under the Curve. 
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Figure 5. Differentially expressed genes in the low insuliniAUC and high insuliniAUC groups after the intervention. The figure shows the differentially expressed genes (p value < 0.05, no FDR correction) after the intervention in the low insuliniAUC and high insuliniAUC groups, sorted by fold change (blue dots). The genes with altered expression were obtained using a linear model adjusted for covariates (age, sex, BMI, and daily use of tobacco). Fold change represent the difference in PBMCs gene expression between fish protein-treated low insuliniAUC and placebo-treated low insuliniAUC group (left panel) and the difference between fish protein-treated high insuliniAUC and placebo-treated high insuliniAUC (right panel). Abbreviations: ABCA1: ATP binding cassette subfamily A member 1, AGXT: alanine-glyoxylate and serine-pyruvate aminotransferase, AMDHD1: amidohydrolase domain containing 1, CD274: CD274 molecule, CD84: CD84 molecule, COX7C: cytochrome c oxidase subunit 7C, DEPTOR: DEP domain containing MTOR interacting protein, DERA: deoxyribose-phosphate aldolase, ECHS1: enoyl-CoA hydratase, short chain 1, ERN1: endoplasmic reticulum to nucleus signaling 1, GAPVD1: GTPase activating protein and VPS9 domains 1, GOT1: glutamic-oxaloacetic transaminase 1, IDH3G: Isocitrate Dehydrogenase (NAD(+)) 3 Non-Catalytic Subunit Gamma, IDO1: indoleamine 2,3-dioxygenase 1, iAUC: incremental Area Under the Curve, L2HGDH: L-2-hydroxyglutarate dehydrogenase, LAG3: lymphocyte activating 3, NAT8L: N-acetyltransferase 8 like, PAH: phenylalanine hydroxylase, PKLR: pyruvate kinase L/R, PRKAB2: protein kinase AMP-activated non-catalytic subunit beta 2, PSPH: phosphoserine phosphatase, RPS6KB2: ribosomal protein S6 kinase B2, STK3: serine/threonine kinase 3. 
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Table 1. Anthropometric and biochemical characteristics of subgroups before intervention.
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	Variable
	Low Insuliniauc
	High Insuliniauc
	p Value





	
	n = 24
	n = 24
	



	Sex (n female, %)
	17 (71%)
	15 (63%)
	



	Tobacco use daily (n, %)
	2 (9.1%)
	5 (26.3%)
	



	Age (y)
	53.0 (46.3–64.0)
	61.5 (49.5–65.0)
	n.s



	Weight (kg)
	94.9 ± 16.8
	100.3 ± 19.0
	n.s



	BMI (kg m−2)
	32.4 (28.9–35.1)
	33.0 (31.0–36.4)
	n.s



	f. Glucose (mmol L−1)
	5.4 (5.0–5.8)
	5.2 (5.1–5.7)
	n.s



	Glucose 2 h (mmol L−1)
	4.7 ± 1.1
	6.9 ± 1.1
	***



	HbA1c (%)
	5.8 ± 0.3
	5.9 ± 0.3
	n.s



	f. Insulin (pmol L−1)
	56 (44–92)
	124 (102–196)
	***



	Insulin 2 h (pmol L−1)
	154 (120–225)
	804 (661–1152)
	***



	Insulin iAUC (pmol h L−1)
	113 (60–163)
	766 (647–1058)
	***



	HOMA-IR
	2.4 (1.7–3.7)
	4.9 (3.7–5.8)
	***



	Matsuda index
	6.9 (4.9–10.7)
	1.8 (1.1–2.1)
	***



	Triglycerides (mmol L−1)
	1.4 ± 0.7
	1.6 ± 0.6
	n.s



	Total cholesterol (mmol L−1)
	5.3 ± 1.3
	5.0 ± 0.8
	n.s



	HDL-C (mmol L−1)
	1.4 (1.2–1.8)
	1.2 (1.1–1.4)
	n.s



	LDL-C (mmol L−1)
	3.5 (2.6–4.3)
	3.3 (2.9–4.2)
	n.s



	ApoA1 (g L−1)
	1.7 (1.5–1.8)
	1.5 (1.4–1.7)
	n.s



	Apo B (g L−1)
	1.1 ± 0.3
	1.0 ± 0.2
	n.s



	hsCRP (mg L−1)
	3.4 (2.1–4.6)
	4.2 (2.6–7.3)
	n.s



	Systolic BP (mm Hg)
	117 ± 13
	123 ± 17
	n.s



	Diastolic BP (mm Hg)
	69 (58–78)
	71 (66–78)
	n.s







*** p < 0.001 low insuliniAUC vs. high insuliniAUC. Parametric data are expressed as mean ± SD, and non-parametric data as median and interquartile range. Differences between tertiles were assessed using an ANOVA with Tukey posthoc test for parametric variables or Kruskal-Wallis rank sum test with Pairwise Wilcoxon Rank Sum Tests for non-parametric variables. Abbreviations: ApoA1: apolipoprotein A-I, Apo B: apolipoprotein B, BMI: body mass index, BP: blood pressure, f.: fasting, HbA1c: hemoglobin A1c, HDL-C: high-density lipoprotein cholesterol, HOMA-IR: homeostatic model assessment for insulin resistance, hsCRP: high sensitivity C-reactive protein, iAUC: incremental Area Under the Curve, LDL-C: low-density lipoprotein cholesterol, n.s: not significant.
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Table 2. Enriched KEGG pathways and top 5 GO terms before intervention.
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	Pathway Name
	Ratio
	p Value
	Genes Symbol





	KEGG Pathway ID
	
	
	
	



	hsa05216
	Thyroid cancer
	4/12
	2.00 × 10−3
	MYC, MAPK1, TP53, TPR



	hsa03010
	Ribosome
	2/2
	2.45 × 10−3
	RPLP0, RPL23



	hsa00071
	Fatty acid degradation
	4/17
	8.02 × 10−3
	ACAT1, ADH4, ADH6, CPT1A



	hsa05219
	Bladder cancer
	3/14
	2.89 × 10−2
	MYC, MAPK1, TP53



	GO term ID
	
	
	
	



	GO:0019843
	rRNA binding
	3/3
	1.17 × 10−4
	NPM1, RPLP0, RPL23



	GO:0070180
	large ribosomal subunit rRNA binding
	2/2
	2.45 × 10−3
	RPLP0, RPL23



	GO:0001046
	core promoter sequence-specific DNA binding
	3/7
	3.55 × 10−3
	MYC, NPM1, TP53



	GO:0003735
	structural constituent of ribosome
	2/3
	7.12 × 10−3
	RPLP0, RPL23



	GO:0003723
	RNA binding
	7/50
	9.25 × 10−3
	HSPE1, IMPDH2, NPM1, RPLP0, TP53, TPR, RPL23







For KEGG pathways and GO terms (molecular function), we performed a gene enrichment analysis using the list of 39 differentially expressed genes (p value < 0.05, no FDR correction) obtained with the adjusted linear model as input. All the analyses were performed using the genes in the nCounter Human Metabolic Pathways Panel plus 30 additional genes from the custom panel (Supplementary Tables S1 and S2). The displayed pathways are differentially expressed in the high insuliniAUC group compared to the low insuliniAUC group. Pathways are sorted by p value. The ratio column represents the number of genes with differential expression in that set and the total number of genes in that pathway. The symbols of the differentially expressed genes in each pathway are shown.
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Table 3. Top 10 differentially expressed hallmark gene sets (MSigDB) before intervention.
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	Hallmark (MSigDB) Gene Sets
	Number of Genes in the SET
	Direction
	p Value
	FDR





	MYC targets V1
	22
	Down
	1.18 × 10−5
	5.92 × 10−4



	MYC targets V2
	6
	Down
	9.73 × 10−4
	2.43 × 10−2



	IL6 JAK STAT3 signaling
	19
	Up
	3.15 × 10−3
	5.05 × 10−2



	Epithelial mesenchymal transition
	11
	Up
	5.12 × 10−3
	5.05 × 10−2



	TGF beta signaling
	4
	Up
	5.63 × 10−3
	5.05 × 10−2



	Wnt beta catenin signaling
	4
	Down
	6.05 × 10−3
	5.05 × 10−2



	TNFA signaling via NFKB
	31
	Up
	1.55 × 10−2
	1.11 × 10−1



	Apoptosis
	21
	Up
	2.63 × 10−2
	1.64 × 10−1



	Protein secretion
	6
	Up
	3.26 × 10−2
	1.69 × 10−1



	Interferon gamma response
	28
	Up
	3.37 × 10−2
	1.69 × 10−1



	Angiogenesis
	2
	Up
	4.46 × 10−2
	2.03 × 10−1







For hallmark gene sets, we performed a competitive gene set test named CAMERA. The analysis was performed using the genes in the nCounter Human Metabolic Pathways Panel plus 30 additional genes from the custom panel (Supplementary Tables S1 and S2). The displayed gene sets are differentially expressed in the high insuliniAUC group compared to the low insuliniAUC group. Gene sets are sorted by p value. The Direction column indicates if the gene set is down- or up-regulated in the high insuliniAUC group compared to the low insuliniAUC group. Abbreviations: FDR: False Discovery Rate, IL6: Interleukin-6, JAK: Janus Kinase, MSigDB: Molecular Signature Database, MYC: Myc proto-oncogene bHLH transcription factor, NFKB: Nuclear factor-kappa B, STAT3: Signal Transducer and Activator of Transcription 3, TGF beta: Transforming Growth Factor Beta, TNFA: Tumor Necrosis Factor-Alpha.













[image: Table] 





Table 4. Anthropometric and biochemical characteristics of the study population in the different intervention groups.
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	Low Insuliniauc

Placebo
	Low Insuliniauc

Fish Protein
	High Insuliniauc

Placebo
	High InsuliniAUC

Fish Protein
	p Value





	
	n = 8
	n = 16
	n = 12
	n = 12
	



	Sex (n female, %)
	5 (62%)
	12 (75%)
	9 (75%)
	6 (50%)
	



	Tobacco use daily (n, %)
	2 (25%)
	0 (0%)
	2 (10%)
	3 (25%)
	



	Age (y)
	56.9 ± 13.9
	52.1 ± 10.6
	59.0 ± 9.2
	56.1 ± 10.6
	n.s



	Weight (kg)
	92.9 ± 19.6
	95.9 ± 15.8
	97.0 ± 13.9
	104.0 ± 23.3
	n.s



	BMI (kg/m2)
	30.2 (28.5–34.1)
	32.8 (29.4–35.7)
	34.1 (31.2–36.0)
	32.9 (30.8–37.6)
	n.s



	f. Glucose (mmol L−1)
	5.8 (5.0–6.2)
	5.2 (5.0–5.6)
	5.3 (5.0–5.7)
	5.2 (5.1–5.8)
	n.s



	Glucose 2 h (mmol L−1)
	4.9 ± 1.1
	4.7 ± 0.4
	6.8 ± 1.4
	6.9 ± 0.8
	**, ###



	HbA1c (%)
	5.9 (5.7–6.1)
	5.8 (5.7–5.9)
	5.7 (5.6–5.8)
	5.9 (5.7–6.3)
	n.s



	f. Insulin (pmol L−1)
	73 ± 65
	66 ± 61
	139 ± 70
	147 ± 62
	**, ###



	Insulin 2 h (pmol L−1)
	148 (133–228)
	164 (115–218)
	764 (685–1152)
	861 (661–1171)
	***, ###



	Insulin iAUC (pmol h L−1)
	116 (73–163)
	113 (53–159)
	766 (647–1058)
	830 (638–1078)
	***, ###



	HOMA-IR
	2.2 (1.6–3.2)
	2.4 (1.8–3.7)
	4.3 (3.4–8.6)
	5.1 (4.4–7.6)
	###



	Matsuda index
	6.2 (4.6–11.2)
	6.8 (5.1–8.6)
	1.8 (1.2–2.2)
	1.7 (1.1–2.0)
	***, ###



	Triglycerides (mmol L−1)
	1.2 ± 0.4
	1.5 ± 0.4
	1.6 ± 0.7
	1.6 ± 0.4
	n.s



	Total cholesterol (mmol L−1)
	5.0 ± 0.8
	5.4 ± 1.6
	4.9 ± 0.8
	5.2 ± 0.8
	n.s



	HDL-C (mmol L−1)
	1.5 (1.2–1.8)
	1.4 (1.2–1.8)
	1.3 (1.1–1.5)
	1.2 (1.0–1.3)
	n.s



	LDL-C (mmol L−1)
	3.2 ± 0.6
	3.7 ± 1.0
	3.1 ± 0.2
	3.8 ± 1.0
	n.s



	ApoA1 (gL−1)
	1.8 (1.5–1.8)
	1.7 (1.5–1.8)
	1.6 (1.4–1.7)
	1.5 (1.4–1.6)
	n.s



	ApoB (gL−1)
	0.9 ± 0.2
	1.1 ± 0.2
	1.0 ± 0.2
	1.1 ± 0.2
	n.s



	hsCRP (mg L−1)
	4.0 ± 2.4
	3.5 ± 3.1
	4.6 ± 3.0
	5.4 ± 3.1
	n.s



	Systolic BP (mm Hg)
	119 ± 16
	116 ± 13
	124 ± 20
	122 ± 13
	n.s



	Diastolic BP (mm Hg)
	68 ± 13
	70 ± 11
	70 ± 8
	71 ± 11
	n.s







** p < 0.01 and *** p < 0.001 low insuliniAUC placebo vs. high insuliniAUC placebo. ### p < 0.001 low insuliniAUC fish protein vs. high insuliniAUC fish protein. Parametric data are expressed as mean ± SD, and non-parametric data as median and interquartile range. Differences between groups were assessed using an ANOVA with Tukey posthoc test for parametric variables or Kruskal-Wallis rank sum test with Pairwise Wilcoxon Rank Sum Tests for non-parametric variables. Abbreviations: ApoA1: apolipoprotein A-I, Apo B: apolipoprotein B, BMI: body mass index, BP: blood pressure, f: fasting, HbA1c: hemoglobin A1c, HDL-C: high-density lipoprotein cholesterol, HOMA-IR: homeostatic model assessment for insulin resistance, hsCRP: high sensitivity C-reactive protein, iAUC: incremental Area Under the Curve, LDL-C: low-density lipoprotein cholesterol, n.s: not significant.
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