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Background: The mechanisms responsible for calorie restriction (CR)-induced improvement in insulin sensitivity (IS) have not been fully elucidated. Greater insight can be achieved through deep biological phenotyping of subjects undergoing CR, and integration of big data.

Materials and Methods: An integrative approach was applied to investigate associations between change in IS and factors from host, microbiota, and lifestyle after a 6-week CR period in 27 overweight or obese adults (ClinicalTrials.gov: NCT01314690). Partial least squares regression was used to determine associations of change (week 6 – baseline) between IS markers and lifestyle factors (diet and physical activity), subcutaneous adipose tissue (sAT) gene expression, metabolomics of serum, urine and feces, and gut microbiota composition. ScaleNet, a network learning approach based on spectral consensus strategy (SCS, developed by us) was used for reconstruction of biological networks.

Results: A spectrum of variables from lifestyle factors (10 nutrients), gut microbiota (10 metagenomics species), and host multi-omics (metabolic features: 84 from serum, 73 from urine, and 131 from feces; and 257 sAT gene probes) most associated with IS were identified. Biological network reconstruction using SCS, highlighted links between changes in IS, serum branched chain amino acids, sAT genes involved in endoplasmic reticulum stress and ubiquitination, and gut metagenomic species (MGS). Linear regression analysis to model how changes of select variables over the CR period contribute to changes in IS, showed greatest contributions from gut MGS and fiber intake.

Conclusion: This work has enhanced previous knowledge on links between host glucose homeostasis, lifestyle factors and the gut microbiota, and has identified potential biomarkers that may be used in future studies to predict and improve individual response to weight-loss interventions. Furthermore, this is the first study showing integration of the wide range of data presented herein, identifying 115 variables of interest with respect to IS from the initial input, consisting of 9,986 variables.

Clinical Trial Registration: clinicaltrials.gov (NCT01314690).
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INTRODUCTION

Obesity-associated impairment of glucose homeostasis is influenced by multiple elements including diet, physical activity, pharmacology and other lifestyle factors, predisposition from the host due to genetics, epigenetics, physiology and, as discovered more recently, gut microbiota alterations (Mutch and Clément, 2006; Khan et al., 2014; Mozaffarian, 2016). Although these elements have been implicated in different facets of the etiology of type 2 diabetes (T2D), specific mechanisms showing how they interact remain partially understood. Through high-throughput generation of biological data and analytical approaches involving data integration of elements from multiple sources, we endeavored to shed light on these complex interactions and highlight relevant mechanistic pathways.

Gut microbiota composition and function may play an important role in the prevention but also progression of insulin resistance (Qin et al., 2012; Cotillard et al., 2013; Karlsson et al., 2013; Le Chatelier et al., 2013; Dao et al., 2015; Forslund et al., 2015; Pedersen et al., 2016). Some bacterial species, such as Akkermansia muciniphila and Faecalibacterium prausnitzii, as well as high gut microbial gene richness are known to be associated with better metabolic and intestinal health (Cotillard et al., 2013; Le Chatelier et al., 2013; Dao et al., 2015; Plovier et al., 2017). Interestingly, studies considering the microbiome’s functional potential have identified a series of pathways that are linked with different stages of insulin resistance. Among these pathways, branched chain amino acid (BCAA) metabolism by microbiota stands out. A recent study of the metagenome found increased abundance of bacterial genes coding for BCAA production and decreased abundance of genes coding for BCAA transporters on the bacterial wall in relation to insulin resistance in non-diabetic Danish adults (Pedersen et al., 2016).

High circulating concentrations of BCAA may disrupt glucose homeostasis in situations of stress on the body such as in high caloric intake (especially high-fat diets) or diets rich in foods with high glycemic index and excess body weight (Newgard et al., 2009; Roberts et al., 2014). BCAA have been repeatedly found to be elevated in T2D and obesity, and have been considered as early predictors of T2D (Roberts et al., 2014). Through activation of the nutrient-sensitive mTOR pathway and shift toward anabolism, BCAA may be redirected from protein synthesis toward gluconeogenesis with disruption of glucose homeostasis partly through chronically increased insulin secretion. Excessive fat mass storage in obesity may lead to not only in situ metabolic disruption, with some evidence of decreased BCAA catabolism (Roberts et al., 2014), but also ectopic fat deposition and inflammation. These modifications play an important role in the development of insulin resistance.

Lifestyle interventions resulting in weight loss, which involve calorie restriction (CR) together with improved dietary quality, and increased physical activity, lead to amelioration of IS (Després et al., 2001; Speakman and Mitchell, 2011; Kong et al., 2013). However, response to these interventions greatly varies from one person to another and a greater understanding at the individual level is needed to predict and enhance response (Kong et al., 2013; Dao et al., 2016). CR has been shown to significantly modify the transcriptional gene profile in subcutaneous adipose tissue (sAT) (Clément et al., 2004; Viguerie et al., 2005; Capel et al., 2009; Rizkalla et al., 2012), as well as other AT depots, and to modulate microbiota composition and function (reviewed in Dao et al., 2016).

So far, knowledge about the relationship between lifestyle factors, host biology, gut microbiota and gut-derived metabolites is somewhat fragmented. A better understanding of their interconnection may be achieved through data integration approaches across different disciplines of biological sciences and medicine (Kussmann et al., 2013; Kidd et al., 2014; Wu et al., 2015; Dao et al., 2016), and great efforts to develop data integration methods are currently being undertaken. Data integration can provide greater biological insight, a better understanding of relationships between variables, and may lead to innovative data-driven hypotheses paving the way to the discovery of mechanistic links. In fact, new data integration approaches are increasingly required to analyze the vast amounts of data being collected from deep phenotyping of patients (Piening et al., 2018).

The goal of this study was to improve our understanding of the inter-connectivity of IS and lifestyle, gut microbiome and host factors through the use a data integration approach. We aimed to conduct an in-depth exploration of associations between CR-induced improvement in IS and changes in host biology, gut microbiota and lifestyle factors. Novel connections between these elements were identified.

MATERIALS AND METHODS

Study Population and Dietary Intervention

A subgroup (N = 27) of the MICRO-Obes study (Cotillard et al., 2013; Kong et al., 2013, 2014) has been included in this report, based on AT sample availability. All analyses have been conducted using the delta (week 6 – baseline) of the different variables. The participants were overweight and obese adults [3 men and 24 women, median [interquartile range (IQR)] age and BMI: 41 (26) years and 33.9 (5.8) kg/m2] with no chronic conditions and no medication use. The dietary intervention was completed at the Pitié-Salpêtrière Hospital in Paris, France and consisted of a 6-week individually prescribed hypocaloric diet (1200 kcal/d for women and 1500 kcal/d for men) followed by a 6-week weight-maintenance period. Only information collected at baseline and week 6 of the intervention has been included in the present analysis. This diet consisted of habitually consumed foods plus meal replacement with four dietary products daily (60–75 kcal; designed by CEPRODI-KOT Laboratory). These supplements consisted of lyophilized powder enriched in protein and soluble fiber (mainly inulin) and composed of low glycemic index carbohydrates. This intervention has been previously described in detail (Rizkalla et al., 2012; Kong et al., 2013). This study has been registered in ClinicalTrials.gov (NCT01314690) and approved by the Ethical Committee of Hôtel-Dieu Hospital in Paris, France in 2008 (under the number 0811792). All participants provided written informed consent. Data collection occurred in 2009 and 2010.

Assessment of Clinical Parameters

Body composition, sAT adipocyte diameter, and fasting blood lipids, insulin, glucose, inflammatory markers, and IS/secretion markers were assessed as described previously (Dao et al., 2015). Body composition measures included anthropometric measurements (weight, height, waist, and hip circumference), and dual energy X-ray (DXA) absorptiometry. Blood samples were collected after a 12-h fast.

Assessment of Food and Drink Intake

Diet was assessed with a 7-day unweighted food diary administered at baseline and week 6, as previously described in Kong et al. (2014). The software PROFILE DOSSIER V3 was used for analysis of the diaries and consumed foods were grouped into 26 food groups according to French dietary surveys. Average intake of energy, nutrients, and food groups were calculated from intake over the 7 days. The PROFILE DOSSIER X029 computer software (Audit Conseil en Informatique Médicale, Bourges, France) was used to analyze all food diaries and generate nutrient intakes. This software has a food composition database consisting of 400 food items which are representative of the French diet (Bouché et al., 2002).

Change in Diet and Clinical Variables

Changes in clinical and diet data were estimated using SAS 9.4. Median and IQR are reported for all variables. Statistical significance in change in clinical outcomes was determined with Wilcoxon signed rank sum test. Correction for multiple testing per class of variable was done using BH with FDR at the 5% level, and adjusted P-values are reported. Post hoc statistical power calculations for the change in IS markers from baseline to week 6 of CR is presented in Supplementary Table 1.

Adipose Tissue Biopsies and Gene Expression With Microarray Analysis

Subcutaneous adipose samples were collected at baseline and week 6 by needle biopsy from the periumbilical region under local anesthesia. Samples were frozen rapidly in liquid nitrogen then stored at -80°C until they were further processed for microarray analysis as described in Rizkalla et al. (2012). Briefly, total RNA was extracted by using the RNeasy total RNA Mini kit (QIAGEN) with one-column DNase digestion. RNA quality and concentration were assessed by using an Agilent 2100 Bioanalyzer (Agilent Technologies). An Illumina RNA amplification kit (Ambion) was used according to the manufacturer’s instructions to obtain biotin-labeled complementary RNA from 250 ng total RNA. Hybridization processes were performed with Illumina Human HT-12 version 3.0 Expression BeadChips (Illumina, Inc.). Hybridized probes were detected with cyanin-3-streptavidin (1 mg/mL; Amersham Biosciences, GE Health Care) and scanned by using an Illumina BeadArray Reader. Raw data were extracted with GenomeStudio 2011.1 Software by using the default settings and quantile normalization. Relevant genes associated with changes in IS were annotated using the FunNet tool (Prifti et al., 2008), using the whole human genome as the reference gene set.

Batch Correction of Microarray Data

Transcriptomics data were adjusted for batch effects that are technical artifacts inherent to DNA/RNA sample processing (Supplementary Figure 1A) (Leek et al., 2010). We chose the pSVA approach (Chen et al., 2011; Parker et al., 2014), to remove these effects based on an in-house micro-array quality control procedure. The pSVA adjustment method, which is based on singular value decompositions, has been shown to be very efficient in preserving biological heterogeneity (Parker et al., 2014).

We have evaluated the adjustment quality of our data following the approach described in Gagnon-Bartsch and Speed (Gagnon-Bartsch and Speed, 2012). Specifically, two sets of control genes have been determined from the literature and narrowed down by statistical analysis: positive controls (18 genes) that were shown to be differentially expressed between male and female AT, and negative controls (47 genes) whose expression is independent of the gender biological signal (Supplementary Figures 1B,C). P-value rank of controls were assessed before and after batch effect correction to identify the optimal adjustment approach (Supplementary Figures 1D,E). A complementary qPCR analysis confirmed the batch effect correction improvement (Supplementary Figures 1F,G). The final data set included only genes that were 100% present in all 27 subjects at both time points.

Analysis of sAT Gene Expression by qPCR

RNAs from AT were prepared using RNeasy Lipid Tissue kit (Qiagen) and cDNAs were synthesized using SuperScript II and random hexamers (Promega). Quantitative PCR with SybrGreen was performed and relative quantification of each transcript in comparison to 18S was determined using the 2-ΔΔCt method. All primer sequences are available upon request.

Metagenomic Sequencing for Assessment of Gut Microbiota

Fecal microbiota was characterized with shotgun quantitative metagenomics (N = 27). Total fecal DNA was analyzed with high throughput SOLiD sequencing, as described in Cotillard et al. (2013). Reads were mapped and counted onto the 3.9 million gene catalog, as described in Dao et al. (2015). Only MGS with more than 700 genes were considered.

Serum and Urine Metabolic Phenotyping by 1H NMR Spectroscopy

Urine (N = 21) and serum (N = 24) samples were randomized, prepared and measured on a NMR spectrometer (Bruker) operating at 600.22 MHz 1H frequency using previously published experimental parameters (Dona et al., 2014). The 1H NMR spectra were then pre-processed and analyzed as previously reported (Dumas et al., 2006) using Statistical Recoupling of Variables-algorithm (Blaise et al., 2009). Structural assignment was performed as reviewed in Dona et al. (2016), using in-house and publicly available databases.

Fecal Metabolomics

Analysis of frozen fecal samples (N = 26) from patients was performed using an Agilent 7890A gas chromatography system coupled to an Agilent 5975C inert XL EI/CI MSD system (Agilent, Santa Clara, CA, United States). A HP-5MS fused-silica capillary column (30 m × 250 μm × 0.25 μm; Agilent J & W Scientific, Folsom, CA, United States) was used. Sample preparation and GC/MS methods were performed as detailed in the paper of Gao et al. (2009). Peaks obtained from fecal water samples were aligned, grouped and corrected according to the mass to charge ratio (m/z) and retention time using XCMS R tools (Smith et al., 2006). Resulting MS data was a data matrix in which 835 features were found and characterized by a retention time (RT), mass to charge ratio (m/z) and their corresponding intensities per patient. Spectra were deconvoluted using Automated Mass Spectral Deconvolution and Identification System (AMDIS) before being compared with reference libraries (in-house and NIST05). Annotation and identification of features were based on standards proposed by Sumner et al. (2007). Eighty-five features were found statistically relevant and identified based on the retention time, m/z and reference spectra of standards from a local database. Features were considered as putatively annotated when only the m/z and RT and main fragments were matched with the reference standards. The remaining features were putatively characterized (m/z and RT were verified with metabolites in our local database) or noted as unknown features.

Inputs From Host, Lifestyle, and Microbiota for Partial Least Squares Regression Analysis

A large set of variables measured from elements in host, lifestyle patterns or microbiota have been included in the data integration analysis presented herein. Specifically, as shown in Figure 1A, the following numbers of variables have been included: 26 food groups and 34 nutrients derived from 7-day food diaries, three physical activity variables obtained from the validated Baecke questionnaire, 741 MGS derived from metagenomic sequencing, 835 features from fecal metabolic features obtained using GC–MS, 562 urine and 180 serum metabolic features measured with NMR, 45 clinical parameters (including anthropometric measures, markers of IS, circulating concentrations of lipids, inflammatory markers, adipokines, creatine, and cystatin C, and adipocyte diameter measured from sAT biopsies).


[image: image]

FIGURE 1. Analysis pipeline for data integration. (A) Groups of variables from host, gut microbiota, and lifestyle were considered as input for this analysis. Specifically, the inputs were changes (week 6 – baseline) in the following blocks of variables: [image: image] clinical parameters (N = 45), including 10 markers of IS/resistance ([image: image]), [image: image] lifestyle factors (food groups, N = 26, nutrients N = 34, and physical activity, N = 3), [image: image] MGS (N = 741, i.e., with more than 700 genes), [image: image] fecal metabolic features (N = 835), [image: image] urine metabolic features (N = 562), [image: image] serum metabolic features (N = 180), and [image: image] sAT gene expression (N = 7,560 ILMN probes). (B) Two blocks of variables at a time were analyzed using PLSR with canonical mode (MixOmics R package). We have analyzed changes in [image: image] versus changes in [image: image] through [image: image], and between [image: image] and [image: image]. Association coefficient threshold = | 0.7| was selected for analysis with [image: image] and [image: image], and | 0.75| for analysis with [image: image], [image: image], [image: image] and [image: image]. An example of a PLSR network between blocks [image: image] and [image: image] is shown. (C) The associations between [image: image] and host, microbiota, or lifestyle were interpreted. (D) From the PLSR output, the features most strongly associated with improvement in IS after CR were selected (top 20% variables from each PLSR). (E) Visualization of selected features in network reconstruction using SCS (ScaleNet, developed by our group). In hypothetical network shown in E, red nodes: microbiota; blue nodes: host; green nodes: lifestyle factors. Arrows refer to dependency directionality.



Partial Least Squares Regression With Canonical Mode

Multivariate methods such as PLSR are well-suited and often applied to big biological data, including situations where the number of variables (clinical parameters, metabolic features, genes, etc.) is much larger than the number of observations (patients). In particular, PLSR is used to model relationships between two groups of variables (Esposito Vinzi et al., 2010). It maximizes the covariance between latent variables which are linear combinations of the observed pairs of variable groups. The results can be efficiently visualized as graphs that enable better understanding of underlying biological relations and processes. In our analysis, we have used the R “mixOmics” package (Omics Data Integration Project), and the function pls(), with the mode = “canonical,” which assumes no directional relationships between data sets. PLSR usually refers to an asymmetric deflation of the two groups of variables, if the deflation is symmetric, then the mode is called canonical mode. A threshold between | 0.7| and | 0.75| for association coefficients was set in order to only consider the strongest connections between each variable block and IS. Networks from PLSR were generated using Cytoscape (Shannon et al., 2003).

Spectral Consensus Strategy for Accurate Reconstruction of Large Biological Networks

Developing statistical methods to accurately reconstruct biological interaction networks is a central goal of integrative systems biology (Herrgård et al., 2008). In the networks that are of interest in our analysis, nodes represent variables and edges indicate statistical dependency. While many network reconstruction methods exhibit competitive results on various types of data, most state-of-the art methods are challenged to scale to very high dimension datasets where the number of variables might be several orders of magnitude larger than the number of observations. In our analysis, this is precisely the setting we encounter as the number of variables is 9,986 and the number of observations is 27.

To accurately reconstruct such a network of interactions we have developed an original method (Affeldt et al., 2016) that first reduces the reconstruction problem into a large number of much simpler reconstruction problems, then let the lower-dimension problem be solved by state-of-the art reconstruction methods and finally adopt a consensual voting strategy between these methods to identify the most accurate sub-graphs. The different sub-graphs are then connected when they share common nodes like pieces of a larger puzzle. The main originality of the method lies in its powerful problem reduction that, thanks to a so-called spectral decomposition, both identifies non-exclusive sets of most likely dependent variables and enables the approach to scale-up to large biological networks. ScaleNet networks were generated using Cytoscape (Shannon et al., 2003). For the network presented herein, we used 14% of the eigenvector, and the size of the subgraphs used for the reconstruction was 0.03.

Prediction and Regression

The target variables being predicted (i.e., revised QUICKI index and HOMA-B as markers of IS) are continuous, therefore, we performed a linear regression to estimate the impact of each set of independent of variables on the variable of interest. The MSE provides the average of the squares of the errors of deviations, and quantifies the difference between the real and estimated data. To measure the impact of each data source on IS, we ran linear regressions and computed the MSE for each type of data (10-fold cross validation) (Hastie et al., 2009). We inferred that the inverse values of the MSE represent the magnitude of the impact. The intuition behind such a visualization is that the lower the error, the more significant the data are.

Analysis of Subcutaneous Adipose Tissue DDRGK1 in a Separate Obese Population

To explore some of the novel links identified with PLSR and ScaleNet, we used existing data from an unpublished CR study and determined association between sAT DDRGK1 and IS. The methodologies for these variables were the same that in the present study. The validation study consisted of a 6-week very low calorie diet, followed by 6 weeks of weight stabilization. In this group of overweight/obese adults, only baseline and week 12 values (i.e., after the weight regain and stabilization period) are presented.

Availability of Data

Data used in this manuscript can be accessed as follows: (1) AT Illumina microarray data with Gene Expression Omnibus (GSE112307), (2) serum metabolomics NMR data with Metabolights (pending accession code), (3) urine metabolomics NMR data with Metabolights (pending accession code), (4) fecal metabolomics GC–MS data with Metabolights (MTBLS653), and (5) metagenomics raw solid read data with the European Bioinformatics Institute European Nucleotide Archive (ERP003699).

RESULTS

Dietary Intervention-Induced Weight Loss and Improved Insulin Sensitivity: Multiple Inputs Used for Data Analysis and Integration

Figure 1 shows an overview of the different steps taken to analyze the data presented in this study. Details are provided in Section “Materials and Methods.” The study population is a subgroup from the MICRO-Obes study (Cotillard et al., 2013; Kong et al., 2013, 2014), consisting of 27 overweight or obese adults who underwent a 6-week CR intervention (1,200 kcal/day for women and 1,500 kcal/day for men). The diet was low in fat (25% of energy intake), high in protein (35% of energy intake), and rich in total fiber and in carbohydrates with a low glycemic index. The diet composition has been described elsewhere (Rizkalla et al., 2012). The variable inputs as described previously (Cotillard et al., 2013; Kong et al., 2013, 2014), were divided into the following blocks (Figure 1A): [image: image] 45 clinical variables that included anthropometry, adipocyte diameter, measures from blood chemistry profiles (including 10 IS markers, [image: image]), and inflammatory markers; [image: image] lifestyle factors (26 food groups, 34 macro- and micronutrients, 3 indexes representing degree of physical activity at work, sports and leisure time); [image: image] 741 MGS; [image: image] 835 fecal metabolic features; [image: image] 562 urine metabolic features; [image: image] 180 serum metabolic features; and [image: image] 7,560 genes expressed in sAT. The change (week 6 – baseline) in each variable was exclusively used in all analytical steps (Figures 1B–E).

As expected, the dietary intervention led to a significant reduction in BMI, with an average weight loss of 5.4 ± 2.5%, as well as waist-to-hip ratio, % fat mass and android fat (Table 1). There was a significant decrease in blood lipids, and a marked improvement in surrogate markers of insulin secretion (HOMA-B, calculated as described in Levy et al., 1998); or IS (HOMA of insulin resistance, HOMA-IR, HOMA-S, Disse index, the quantitative IS check index, QUICKI, the revised QUICKI, insulin to glucose ratio, and the new FIRI, Table 1). It is important to note that there was a wide range of change in IS, with both responders and non-responders to the intervention, as is commonly the case with lifestyle and CR interventions (Kong et al., 2013). Indeed, while all participants experienced a decrease in BMI during this period, there was individual variability in change of the revised QUICKI, with 19 individuals having an increase (improving IS as measured by this index) and 8 individuals having a decrease in this index. As such there was no significant improvement in mean revised QUICKI (Table 1). Supplementary Figure 2 shows individual trajectories for IS indexes used in the analysis.

TABLE 1. Change in clinical outcomes with calorie restriction.

[image: image]

Change in Insulin Sensitivity After Diet-Induced Calorie Restriction: Association With a Myriad of Lifestyle, Gut Microbiota, Metabolic Features, and Adipose Tissue Genes

Using PLSR with canonical mode, we examined association networks between the changes in IS from this CR intervention and changes in lifestyle factors (i.e., diet and physical activity), blood, urine, and fecal metabolomics, gut metagenomics, and sAT transcriptomics. Although there is redundancy in some of the IS markers, they were included to ensure analytical relevance. In other words, we would expect similar indexes such as FIRI and HOMA-IR to be associated with consistent sets of variables (which was the case, as seen in Supplementary Figure 3).

The networks depicting PLSR results (Figures 2A,B) show strong associations of change between several groups of variables and IS markers. We considered association coefficients greater than | 0.7| or, in some cases, | 0.75|. These thresholds represent a trade-off between analytical stringency and retention of useful information (Supplementary Table 2). Above the selected thresholds, there were associations between improvements in IS and change in nutrient intake that included fiber, carbohydrate, alcohol, β-carotene, vitamins A, B6, and B9, magnesium, phosphorus, and iron (Figure 2C and Supplementary Figure 4A, Supplementary Table 3). No food groups were associated with IS above the selected threshold.


[image: image]

FIGURE 2. Association between changes in IS and factors in host, microbiota, and lifestyle. (A,B) Superimposed PLSR networks associated with change in insulin sensitivity (ΔINS. SEN.), where nodes are arranged by (A) betweenness centrality and (B) variable type. The green edges correspond to positive correlations of change and the red edges correspond to negative correlations of change. (C) Summary of variables from host, microbiota, and lifestyle factors associated with ΔINS. SEN. Association coefficient threshold = [0.7] for lifestyle factors, and | 0.75| for metabolomics and sAT gene expression. NA, not annotated; BCAAs, branched chain amino acids; AAAs, aromatic amino acids; AAs, amino acids; MGS, metagenomic species. No association with change in physical activity or food groups was found above the selected threshold.



Regarding gut microbiota changes, 10 MGS, each detected in at least two subjects, were associated (in some cases negatively and in others positively) with improvement in IS after CR. Three of these MGS have not been annotated at any taxonomic level (Figure 2C). Of the annotated ones, when considering the lowest taxonomic annotation available, one was related to the species Collinsella intestinalis (having negative association of change with revised QUICKI). At the genus level there were two Alistipes (having positive association of change with revised QUICKI, Disse index or glucose), one Bacteroides and one Prevotella (both having positive association of change with glucose). At the family level one Lachnospiraceae (having negative association of change with glucose); and at the order level one Clostridiales (having negative association of change with revised QUICKI) (Supplementary Figure 4C). Of the unannotated MGS, there was one having a negative association of change with the Disse index (Best Hit: uncultured Faecalibacterium sp.), and two having a negative association of change with fasting glucose (Best Hit: Opitutaceae bacterium TAV5 and uncultured Faecalibacterium sp.).

There were 84 serum metabolic features whose changes in concentration were most strongly associated (81 negatively and 3 positively) with improvement in IS. Among these were BCAA and AAAs, as well as other amino acids, namely lysine, glutamate, and glutamine (Figure 2C and Supplementary Figure 4B). IS improvement was associated with a decrease in BCAA, consistent with the literature (Roberts et al., 2014). Several explanations could account for the implication of BCAA in glucose homeostasis. One hypothesis is the potential role of AT, which has been shown to have decreased expression of BCAA catabolic enzymes in obesity and insulin resistance (Roberts et al., 2014). In agreement with this hypothesis, the PLSR analysis between variation in serum metabolic features and sAT transcriptomics show strong significant associations between sAT genes and BCAA as well as with other metabolites including 3-hydroxyisobutyrate and 3 methyl-2-oxovalerate (Supplementary Figure 5). When considering change in AT genes coding for enzymes involved in BCAA catabolism (Supplementary Figure 5F) (Herman et al., 2010), there was a positive association of change between valine and isoleucine with the BCAT2 gene. This enzyme converts BCAA into α-ketoacids in the first step of BCAA catabolism (Herman et al., 2010). There was a negative association between all BCAA and gene expression of DBT, which is part of the BCKDH complex. This complex catalyzes the second step of BCAA catabolism, namely the conversion of α-ketoacids into acyl-CoA esters. Only isoleucine was positively associated with BCKDHA, which is also part of the BCKDH complex. ALDH6A1, involved in a downstream step of the pathway, was also negatively associated with variations in all BCAA. These results suggest that while substrates to the first step of BCAA catabolism may decrease with weight loss, subsequent steps of the pathway increase, reflecting an upregulation of BCAA catabolism.

In urine, change in hippurate, a metabolite previously found to be inversely associated with metabolic syndrome risk, gut microbiota richness (Pallister et al., 2017), and obesity (Elliott et al., 2015), was positively associated with improvement in IS, specifically, with a decrease in plasma insulin, HOMA-IR and FIRI (Supplementary Figure 4B). Fecal metabolites associated with change in IS included isoleucine, alanine, β-alanine, 2-hydroxyhexanoic acid, arabinose methoxyamine, valeric acid, phenylacetic acid, 3-hydroxypyridine, 4-cresol, malonic acid, and lactate (Supplementary Figure 4B).

PLSR analysis also revealed that the clinical factors most strongly associated with AT genes were Disse, QUICKI, FIRI and revised QUICKI indexes, NEFAs, non-HDL, adipocyte diameter, interleukin-6 (IL-6), BMI, hip circumference and fat mass (in kg) (Supplementary Figure 4D). There were 257 genes associated with these clinical factors (summarized in Figure 2C and listed in Supplementary Table 4).

In summary, this PLSR analysis, where we have applied stringent association coefficient thresholds, has resulted in the identification of a large set of factors (N = 565) from multiple sources that are connected to changes in IS after CR.

Data Reduction and Integration: Novel Connections Between Insulin Sensitivity, BCAA and DDRGK1, an Adipocyte Expressed Gene Involved in Protein Ubiquitination

Our next objective was to gain a deeper insight into these large sets of interactions between variables and highlight novel connections based on the strongest associations between in CR-induced changes in IS, metabolic features, sAT genes and MGS. To reduce the number of features, we examined the top 20% associations which was a trade-off between stringency and retention of strong associations with change in IS (Supplementary Table 5).

We used ScaleNet, a network learning approach based on SCS, developed by our group (Affeldt et al., 2016), to examine and visualize the strongest statistical dependencies between CR-induced IS changes and the selected variables. The data reduction approach led to focus on the following features: three nutrients (carbohydrate in % of energy intake, fiber in grams, and alcohol in grams), MGS (three species with highest prevalence in subjects, namely GU:41 from the Clostridiales order, GU:84 from the Alistipes genus, and GU:228 which is not annotated but whose strongest hit from the gene catalog is Faecalibacterium sp.), 22 serum metabolic features, 19 urine metabolic features, 24 fecal metabolic features, the markers of IS, adipocyte diameter, NEFA, and 32 sAT genes.

ScaleNet thus established statistical dependencies between these variables based on the consensus taken from different network reconstruction approaches. The dependencies derived through ScaleNet are therefore more robust than if any one single network reconstruction method were used. These statistical dependencies represent the pairwise mutual information between variables, and so they capture both linear and non-linear relationships.

As shown in Figure 3A, the reconstructed network is composed of a large cluster (top) and several smaller clusters not connected to the large cluster (bottom). This network showed several within-class modules, such as for fecal metabolic features for which a distinct cluster of nodes (variables) can be seen, sAT genes, or serum metabolic features, where several features corresponding to serum glucose clustered together. Importantly, we observed statistical dependencies depicting already established connections between classes of variables (Figure 3A). Indeed, the IS markers that clustered together were strongly connected with a serum BCAA cluster (leucine, valine, and valine + isoleucine).


[image: image]

FIGURE 3. Connection between change in IS, BCAAs and other factors from host, lifestyle, and microbiota. (A) ScaleNet network reconstruction showing how changes in variables most strongly associated with improvements in IS are associated with each other. The green edges correspond to positive correlations of change and the red edges correspond to negative correlations of change. (B) Change from baseline to week 6 in select variables from network (highlighted in orange ellipse on the network in A). When significant, adjusted P-values (BH correction) from Wilcoxon Signed Rank test are shown. (C) Linear regression model, where each section of the pie chart shows the relative contribution of change in selected variables (grouped by class) to change in revised QUICKI and HOMA-B. Variables included in the model were those found in the main cluster of the network in part A (except serum metabolic features annotated as glucose). MGS, metagenomic species; metab., metabolic features; DDRGK1, DDRGK domain containing 1 (also known as Dashurin).



This network showed a novel direct connection between the sAT gene DDRGK1 (also known as UFM1-Binding Protein 1, or UFBP1 or Dashurin) and three markers of IS (glucose, HOMA-B, and revised QUICKI), as well as with serum acetylcarnitine and GU:228 (unannotated, with closest relevance to Faecalibacterium sp.), and an indirect connection with other markers of IS and serum BCAA. The DDRGK1 gene has not been previously explored in human AT. Revisiting existing “in house” microarray data from obese women (unpublished) revealed that DDRGK1 is 1.6-fold more highly expressed in isolated adipocytes than stromal vascular fraction in sAT (Supplementary Figure 6). To further examine the relevance of this relationship between DDRGK1 and IS variation, we explored another group of 27 overweight and obese patients with comparable clinical characteristics (unpublished data, Supplementary Table 6). Here, the subjects had undergone a very low-calorie diet for 6 weeks followed by a 6-week weight maintenance period, and DDRGK1 expression was examined after 12 weeks (Supplementary Figure 7). After this weight maintenance phase, there was a significant positive correlation of change between the revised QUICKI and DDRGK1 expression in sAT (Supplementary Figure 7C).

The changes in selected variables having dependencies with the IS cluster is displayed in Figure 3B, showing a significant decrease in serum BCAA and acetylcarnitine, a tendency to decrease in DDRGK1, and no significant change in GU:228, or unannotated urine and fecal metabolic features directly connected with the IS cluster. The network also showed dependencies between serum lysine and different elements including blood glucose, unannotated fecal metabolic features, an MGS from the Clostridiales order, and acetylcarnitine.

Insulin Sensitivity Improvement After CR: Important Contribution of Metagenomic Species and Fiber Consumption in the Diet

The ScaleNet network showing the statistical dependencies of highly connected variables (Figure 3A) suggests that not only lifestyle factors, fecal, urine, and serum metabolic features, but also AT genes and gut microbiota composition contribute to improvements in IS after CR. We then examined the relative contribution of these elements to improved IS after CR. We used linear regression and computed the inverse of the MSE by variable class.

The pie charts on Figure 3C show that the greatest contribution (around 50%) to improvement in revised QUICKI and HOMA-B index came from change in abundance of the three MGS included in the network, increase in dietary fibers and, in the case of HOMA-B, change in concentration of fecal metabolic features. Interestingly, there were similar contributions from sAT gene expression (including DDRGK1) and selected serum and urine metabolic features (between 5 and 17%). These results also suggest important contributions by gut microbiota MGS and dietary intake of fiber to improvements in IS.

DISCUSSION

In this study, we have identified novel links between host glucose homeostasis, lifestyle factors and gut microbiota in the context of a 6-week CR intervention. This is to our knowledge the first study integrating information from lifestyle factors, gut microbiota composition, clinical factors, sAT gene expression, and metabolomics from serum, urine and feces, to investigate their relationship with IS changes after CR. The variables that were found to be more strongly associated with changes in IS should be explored in future studies as potential biomarkers or predictors of individual responses to this kind of intervention.

The analytical approach presented herein has led to: (1) integration and visualization of multiple associations between changes in gut microbiota, human omics data, lifestyle factors, and IS; (2) reduction of data dimensionality to highlight key variables of interest (from 9,986 variables to 115 variables included in the ScaleNet reconstruction); (3) identification of a robust inverse association between changes in circulating BCAA with IS during CR; and (4) identification of new links between IS and different elements such as those seen with metabolic features in urine and feces, sAT genes and gut microbiota composition. (5) Finally, we show an important contribution of MGS in improved IS after CR in link with diet modulation.

Decreased Serum BCAA Associated With Increased Insulin Sensitivity Are Connected With Features From Host, Lifestyle, and Gut Microbiota

One of the strongest associations with IS improvement was a significant decrease in BCAA with CR (Figure 3B). This differs from previous findings comparing metabolomics profiles between a gastric bypass intervention and a weight-matched dietary intervention (Laferrère et al., 2011). The authors observed a decrease in BCAA and their metabolites in the surgical group, concomitant with amelioration in IS. However, this was not the case in the dietary intervention group. The baseline BMI for this group was considerably higher than in our study group (42.8 ± 3.8 vs. 34.0 ± 4.1 kg/m2, respectively), and their insulin resistance markers remained higher than what we have observed in this study after the dietary intervention. Therefore, greater weight loss may have been necessary to yield significant decrease in BCAA related to an improvement in IS, as shown in the present study. Associations were identified not only between BCAA and IS, but also with sAT gene expression, corroborating the hypothesis of a potential role of sAT in insulin resistance through inhibition of BCAA catabolism in AT which may accompany the known alteration of other metabolic pathways, including mTOR signaling in skeletal muscle, increase in gluconeogenesis, decrease in glycolysis and β-oxidation, and increased mitochondrial stress (Newgard et al., 2009; Herman et al., 2010; Roberts et al., 2014).

Our data integration and reduction approach led to the identification of robust dependencies between the IS markers/BCAA cluster in the ScaleNet network with DDRGK1, a gene involved in protein ubiquitination. The relationship between DDRGK1 and IS was confirmed in an independent group of overweight/obese subjects following a different dietary intervention setting. Indeed, this second group was explored during a weight maintenance phase after a period of weight loss. Thus the fact that AT gene expression profiles greatly vary depending on the stage of weight loss and regain (Capel et al., 2009; Piening et al., 2018) could account for the difference in the direction of correlation between this study population and the independent clinical group.

DDRGK1 has been shown to become activated and bind to UFM1 in pancreatic beta cell lines for protection against ER stress-induced apoptosis (Lemaire et al., 2011). There is evidence in cell lines that DDRGK1 regulates NF-κB through interaction with IκBα (Xi et al., 2013). Limited evidence is available about this gene’s function in AT. We show here that it is more highly expressed in isolated adipocytes than in the stromal vascular fraction calling for deeper exploration of this gene in adipocyte metabolic pathways. The ScaleNet network also shows a link between DDRGK1 and an unannotated MGS whose strongest alignment is with Faecalibacterium sp. Interestingly, this microbial genus has been shown to be anti-inflammatory and associated with IS (Sokol et al., 2008; Le Chatelier et al., 2013; Munukka et al., 2014).

The network also showed elements from sAT, microbiota composition and fecal and urine metabolomics connected to the IS and BCAA cluster. Acylcarnitines are intermediates of fatty acid oxidation that, when elevated, may be involved in lipid-induced pathways of insulin resistance, although this hypothesis has been questioned (Schooneman et al., 2013). Studies have conversely shown that acetyl-L-carnitine supplementation leads to improved IS in insulin-resistant overweight and obese individuals (Ruggenenti et al., 2009). Acylcarnitines may also derive from other metabolites, including ketone bodies, BCAA, lysine and, in the case of acetylcarnitine, glucose. Acetylcarnitine, the two-carbon acylcarnitine, may be an indicator of glucose and fatty acid catabolism status and has been previously associated with insulin resistance (Schooneman et al., 2013). A recent weight loss study in obese subjects showed that acylcarnitines, including acetylcarnitine, were positively correlated with NEFAs at baseline (Schooneman et al., 2016). In this study, contrary to our findings and other published evidence (Ruggenenti et al., 2009; Muoio et al., 2012), acetylcarnitine increased after a weight loss intervention and was not correlated with IS. The design of this study differed from ours in that it was a 12-week intervention including a group on diet with physical activity and another on pharmacological treatment. The differences in study design (including diet) and effects induced on host metabolism from these interventions could explain the discrepancies between the studies. Here, concentration of acetylcarnitine decreased significantly, and on the ScaleNet network (Figure 3A) it was directly connected with DDRGK1, and indirectly connected with BCAA, IS markers and a MGS from the Clostridiales order (GU: 41). This suggests a possible link between ER stress in sAT, and insulin resistance-associated dysregulation of AT metabolism. This hypothesis calls for confirmation in future studies, both involving large human cohorts, as well as mechanistic exploration in in vivo and in vitro models.

Cross-Talk Between Gut Microbiota Composition and Insulin Sensitivity After CR

The cross-talk between microbiota and metabolism in various organs and tissues, including AT, has been described mostly in mice but less so in humans (Tremaroli and Bäckhed, 2012; Geurts et al., 2014; Fetissov, 2017). Even though we focused our study on peripheral organs, there is current interest in the cross-talk between gut microbiota and brain signaling (Wang et al., 2018). Gut microbiota likely has a role in BCAA-associated development of insulin resistance, as shown by Pedersen et al. (2016), where a connection between circulating BCAA, increased BCAA synthesis and decreased BCAA import in microbiota was identified in insulin resistant adults. In the same study, a causal role for gut microbiota in increase of circulating BCAA and insulin resistance was suggested in a mouse model. Consistently, our results demonstrate that a reduction of caloric intake, body weight and improvement in dietary quality results in a significant decrease in BCAA, which is connected with improvement in IS and potentially also sAT metabolism and protein ubiquitination, and with compositional changes in the gut microbiota. The relative contribution to circulating BCAA, as well as other metabolites, from the gut microbiome and host and the degree of gut permeability before and after weight loss interventions in human obesity are to be considered in future studies (Genser et al., 2018).

Challenges in Integration of Data With High Dimensionality

A limitation of this study is the small sample size, an issue generally encountered in studies using big data and deep phenotyping. To circumvent this issue, we have used stringent approaches in the different steps of the analysis, including high thresholds for selection of relevant variables and methods adapted to high dimensionality such as the local reconstruction aspect of ScaleNet. The advantage of this method is that it goes far beyond pairwise associations of variables, taking into account all long-range associations within subsets of variables, considering both linear and non-linear relationships. This method is adapted to high-dimensional settings since each reconstruction method uses many local reconstructions based on a spectral setting. However, it is important to note that the links we have identified need to be corroborated by future research, including comparable study designs and similar population characteristics. In fact, this analytical approach will be applied to the Metacardis study population1.

This study included only three men, which prevented the assessment of sex differences in our outcomes. Future studies should be balanced for gender to identify potential sex-specific effects relevant in the treatment of obesity. Another limitation is that some metabolic features included in this analysis could not be annotated due to lack of knowledge in public databases and/or limitations in the identification of low intensity metabolites, so interpretation of these results could evolve depending on the depth of our abilities to annotate further features.

The PLSR analysis takes into account pairwise associations between two sets of variables rather than all possible connections between and within both groups of variables. Our approach started with a pairwise assessment of connections with IS in order to prioritize variables of greatest relevance, followed by the ScaleNet analysis, which included all possible connections between these variables. However, the fact that we have initially considered associations between two groups of variables at a time (i.e., IS markers versus each block of variables), instead of taking a more global approach, may have masked other important connections between variables. Conversely, the approach we have used makes the results more interpretable.

CONCLUSION

Our data integration approach has provided new insights and revealed new associations between IS and AT genes, metabolites, lifestyle factors, and microbiota during CR. Although here we present some initial steps toward validation of our observations, this approach should be repeated in other populations with similar characteristics, and ideally with larger sample sizes, to determine the robustness and reproducibility of the more novel links we have identified. A recent study has also taken a data integration approach to study multi-omics associations during weight gain and weight loss, and have uncovered connections between biomarkers and the gut microbiota in individuals undergoing weight gain followed by weight loss (Piening et al., 2018). Similarly to our study, Piening et al. (2018) highlight connections between IS status and circulating BCAA and acylcarnitines. It is through reproducing such strategies in different studies that a reliable and more complete picture of the connection between obesity, metabolism, gut microbiota, and lifestyle factors will be obtained.

This type of integrative approach should lead to innovative applications for personalized care. Individual response profiles from weight loss interventions could be optimized by targeting markers of interest identified through this analysis. Data integration has the potential for the development of personalized approaches that would allow us to tackle obesity and other associated cardiometabolic diseases.

MICRO-OBES CONSORTIUM MEMBERS

Aurélie Cotillard, Sean P. Kennedy, Nicolas Pons, Emmanuelle Le Chatelier, Mathieu Almeida, Benoit Quinquis, Nathalie Galleron, Jean-Michel Batto, Pierre Renault, Stanislav Dusko Ehrlich, Hervé Blottière, Marion Leclerc, Tomas de Wouters, Patricia Lepage.

AUTHOR CONTRIBUTIONS

MD, SR, J-DZ, and KC have designed the overall study. KC and SR have designed and conducted the clinical research and clinical data management. MD managed analysis and interpretation of results. MD, NS, RB, SA, EP, J-DZ, and KC developed the analysis strategy. JA-W and BK contributed to clinical data analysis. VP carried out adipose tissue gene expression analysis and validation. BH and EV contributed to dietary data analysis. M-ED, JC, and LH carried out the serum and urine metabolomics analysis. FI, EP-G, and CJ carried out the fecal metabolomics analysis. EP, JD, and J-DZ conducted the microbial data analysis. All authors contributed to the preparation, writing, and approval of the manuscript.

FUNDING

This work was supported by Agence Nationale de la Recherche (ANR MICRO-Obes and ANR-10-IAHU-05) and the European Union’s Seventh Framework Programme for research, technological development and demonstration under grant agreement HEALTH-F4-2012-305312 (METACARDIS) and Fondation Leducq (to KC’s team). The clinical work received support from KOT-Ceprodi, Danone Nutricia Research and the Foundation Coeur et Artère. LH was in receipt of an MRC Intermediate Research Fellowship in Data Science (Grant No. MR/L01632X/1) and Heart and Stroke Foundation of Canada.

ACKNOWLEDGMENTS

We thank the subjects for their participation in this study. We also thank Christine Baudoin who contributed to the clinical investigation study, Soraya Fellahi and Jean-Philippe Bastard (Department of Biochemistry and Hormonology, Tenon hospital) for analyses of biological markers, Dominique Bonnefont-Rousselot and Randa Bittar (Department of Metabolic Biochemistry, Pitié-Salpêtrière Hospital) for help with the analysis of plasma lipid profile.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fphys.2018.01958/full#supplementary-material

ABBREVIATIONS

AAAs, aromatic amino acids; ALDH6A1, aldehyde dehydrogenase 6 family, member A1; AT, adipose tissue; BCAT2, branched chain amino acid; transaminase 2; BCAA, branched chain amino acid; BCKDH complex, branched chain ketoacid dehydrogenase; BCKDHA, branched chain ketoacid dehydrogenase E1; BH, Benjamini-Hochberg; BMI, body mass index; CR, calorie restriction; DBT, dihydrolipoamide branched chain transacylase E2; DDRGK1, DDRGK domain containing 1; FIRI, fasting insulin resistance index; HOMA-B, homeostasis model assessment of beta cell function; HOMA-IR, homeostasis model assessment of insulin resistance; HOMA-S, homeostasis model assessment of insulin sensitivity; IL-6, interleukin-6; IS, insulin sensitivity; MGS, metagenomic species; MSE, mean squared error; NEFAs, non-esterified fatty acids; NF-κB, nuclear factor-κB; non-HDL, non-high density lipoprotein = total cholesterol – HDL; PLSR, partial least squares regression; pSVA, permuted-surrogate variable analysis; QUICKI, quantitative insulin sensitivity check index; revised QUICKI, revised quantitative insulin sensitivity check index; sAT, subcutaneous adipose tissue; SCS, spectral consensus strategy; T2D, type 2 diabetes; UFM1, ubiquitin-fold modifier 1.

FOOTNOTE

1http://www.metacardis.net/

REFERENCES

Affeldt, S., Sokolovska, N., Prifti, E., and Zucker, J.-D. (2016). Spectral consensus strategy for accurate reconstruction of large biological networks. BMC Bioinformatics 17:1308. doi: 10.1186/s12859-016-1308-y

Blaise, B. J., Shintu, L., Elena, B., Emsley, L., Dumas, M.-E., and Toulhoat, P. (2009). Statistical recoupling prior to significance testing in nuclear magnetic resonance based metabonomics. Anal. Chem. 81, 6242–6251. doi: 10.1021/ac9007754

Bouché, C., Rizkalla, S. W., Luo, J., Vidal, H., Veronese, A., Pacher, N., et al. (2002). Five-week, low-glycemic index diet decreases total fat mass and improves plasma lipid profile in moderately overweight nondiabetic men. Diabetes Care 25, 822–828. doi: 10.2337/diacare.25.5.822

Capel, F., Klimcáková, E., Viguerie, N., Roussel, B., Vítková, M., Kováciková, M., et al. (2009). Macrophages and adipocytes in human obesity: adipose tissue gene expression and insulin sensitivity during calorie restriction and weight stabilization. Diabetes 58, 1558–1567. doi: 10.2337/db09-0033

Chen, C., Grennan, K., Badner, J., Zhang, D., Gershon, E., Jin, L., et al. (2011). Removing batch effects in analysis of expression microarray data: an evaluation of six batch adjustment methods. PLoS One 6:e17238. doi: 10.1371/journal.pone.0017238

Clément, K., Viguerie, N., Poitou, C., Carette, C., Pelloux, V., Curat, C. A., et al. (2004). Weight loss regulates inflammation-related genes in white adipose tissue of obese subjects. FASEB J. 18, 1657–1669. doi: 10.1096/fj.04-2204com

Cotillard, A., Kennedy, S. P., Kong, L. C., Prifti, E., Pons, N., Le Chatelier, E., et al. (2013). Dietary intervention impact on gut microbial gene richness. Nature 500, 585–588. doi: 10.1038/nature12480

Dao, M. C., Everard, A., Aron-Wisnewsky, J., Sokolovska, N., Prifti, E., Verger, E. O., et al. (2015). Akkermansia muciniphilaand improved metabolic health during a dietary intervention in obesity: relationship with gut microbiome richness and ecology. Gut 65, 426–436. doi: 10.1136/gutjnl-2014-308778

Dao, M. C., Everard, A., Clément, K., and Cani, P. D. (2016). Losing weight for a better health: role for the gut microbiota. Clin. Nutr. Exp. 6, 39–58. doi: 10.1016/j.yclnex.2015.12.001

Després, J. P., Lemieux, I., and Prud’homme, D. (2001). Treatment of obesity: need to focus on high risk abdominally obese patients. BMJ 322, 716–720. doi: 10.1136/bmj.322.7288.716

Dona, A. C., Jiménez, B., Schäfer, H., Humpfer, E., Spraul, M., Lewis, M. R., et al. (2014). Precision high-throughput proton NMR spectroscopy of human urine, serum, and plasma for large-scale metabolic phenotyping. Anal. Chem. 86, 9887–9894. doi: 10.1021/ac5025039

Dona, A. C., Kyriakides, M., Scott, F., Shephard, E. A., Varshavi, D., Veselkov, K., et al. (2016). A guide to the identification of metabolites in NMR-based metabonomics/metabolomics experiments. Comput. Struct. Biotechnol. J. 14, 135–153. doi: 10.1016/j.csbj.2016.02.005

Dumas, M.-E., Barton, R. H., Toye, A., Cloarec, O., Blancher, C., Rothwell, A., et al. (2006). Metabolic profiling reveals a contribution of gut microbiota to fatty liver phenotype in insulin-resistant mice. Proc. Natl. Acad. Sci. U.S.A. 103, 12511–12516. doi: 10.1073/pnas.0601056103

Elliott, P., Posma, J. M., Chan, Q., Garcia-Perez, I., Wijeyesekera, A., Bictash, M., et al. (2015). Urinary metabolic signatures of human adiposity. Sci. Transl. Med. 7:285ra62. doi: 10.1126/scitranslmed.aaa5680

Esposito Vinzi, V., Chin, W. W., Henseler, J., and Wang, H. (2010). Handbook of Partial Least Squares-Concepts. Available at: http://www.springer.com/gp/book/9783540328254 [accessed November 21, 2016].

Fetissov, S. O. (2017). Role of the gut microbiota in host appetite control: bacterial growth to animal feeding behaviour. Nat. Rev. Endocrinol. 13, 11–25. doi: 10.1038/nrendo.2016.150

Forslund, K., Hildebrand, F., Nielsen, T., Falony, G., Le Chatelier, E., Sunagawa, S., et al. (2015). Disentangling type 2 diabetes and metformin treatment signatures in the human gut microbiota. Nature 528, 262–266. doi: 10.1038/nature15766

Gagnon-Bartsch, J. A., and Speed, T. P. (2012). Using control genes to correct for unwanted variation in microarray data. Biostatistics 13, 539–552. doi: 10.1093/biostatistics/kxr034

Gao, X., Pujos-Guillot, E., Martin, J.-F., Galan, P., Juste, C., Jia, W., et al. (2009). Metabolite analysis of human fecal water by gas chromatography/mass spectrometry with ethyl chloroformate derivatization. Anal. Biochem. 393, 163–175. doi: 10.1016/j.ab.2009.06.036

Genser, L., Aguanno, D., Soula, H. A., Dong, L., Trystram, L., Assmann, K., et al. (2018). Increased jejunal permeability in human obesity is revealed by a lipid challenge and is linked to inflammation and type 2 diabetes. J. Pathol. 246, 217–230. doi: 10.1002/path.5134

Geurts, L., Neyrinck, A. M., Delzenne, N. M., Knauf, C., and Cani, P. D. (2014). Gut microbiota controls adipose tissue expansion, gut barrier and glucose metabolism: novel insights into molecular targets and interventions using prebiotics. Benef. Microbes 5, 3–17. doi: 10.3920/BM2012.0065

Hastie, T., Tibshirani, R., and Friedman, J. (2009). The Elements of Statistical Learning - Data Mining, Inference. Available at: http://www.springer.com/fr/book/9780387848570 [accessed November 21, 2016].

Herman, M. A., She, P., Peroni, O. D., Lynch, C. J., and Kahn, B. B. (2010). Adipose tissue branched chain amino acid (BCAA) metabolism modulates circulating BCAA levels. J. Biol. Chem. 285, 11348–11356. doi: 10.1074/jbc.M109.075184

Herrgård, M. J., Swainston, N., Dobson, P., Dunn, W. B., Arga, K. Y., Arvas, M., et al. (2008). A consensus yeast metabolic network reconstruction obtained from a community approach to systems biology. Nat. Biotechnol. 26, 1155–1160. doi: 10.1038/nbt1492

Karlsson, F. H., Tremaroli, V., Nookaew, I., Bergström, G., Behre, C. J., Fagerberg, B., et al. (2013). Gut metagenome in European women with normal, impaired and diabetic glucose control. Nature 498, 99–103. doi: 10.1038/nature12198

Khan, M. T., Nieuwdorp, M., and Bäckhed, F. (2014). Microbial modulation of insulin sensitivity. Cell Metab. 20, 753–760. doi: 10.1016/j.cmet.2014.07.006

Kidd, B. A., Peters, L. A., Schadt, E. E., and Dudley, J. T. (2014). Unifying immunology with informatics and multiscale biology. Nat. Immunol. 15, 118–127. doi: 10.1038/ni.2787

Kong, L. C., Holmes, B. A., Cotillard, A., Habi-Rachedi, F., Brazeilles, R., Gougis, S., et al. (2014). Dietary patterns differently associate with inflammation and gut microbiota in overweight and obese subjects. PLoS One 9:e109434. doi: 10.1371/journal.pone.0109434

Kong, L. C., Wuillemin, P.-H., Bastard, J.-P., Sokolovska, N., Gougis, S., Fellahi, S., et al. (2013). Insulin resistance and inflammation predict kinetic body weight changes in response to dietary weight loss and maintenance in overweight and obese subjects by using a Bayesian network approach. Am. J. Clin. Nutr. 98, 1385–1394. doi: 10.3945/ajcn.113.058099

Kussmann, M., Morine, M. J., Hager, J., Sonderegger, B., and Kaput, J. (2013). Perspective: a systems approach to diabetes research. Front. Genet. 4:205. doi: 10.3389/fgene.2013.00205

Laferrère, B., Reilly, D., Arias, S., Swerdlow, N., Gorroochurn, P., Bawa, B., et al. (2011). Differential metabolic impact of gastric bypass surgery versus dietary intervention in obese diabetic subjects despite identical weight loss. Sci. Transl. Med. 3:80re2. doi: 10.1126/scitranslmed.3002043

Le Chatelier, E., Nielsen, T., Qin, J., Prifti, E., Hildebrand, F., Falony, G., et al. (2013). Richness of human gut microbiome correlates with metabolic markers. Nature 500, 541–546. doi: 10.1038/nature12506

Leek, J. T., Scharpf, R. B., Bravo, H. C., Simcha, D., Langmead, B., Johnson, W. E., et al. (2010). Tackling the widespread and critical impact of batch effects in high-throughput data. Nat. Rev. Genet. 11, 733–739. doi: 10.1038/nrg2825

Lemaire, K., Moura, R. F., Granvik, M., Igoillo-Esteve, M., Hohmeier, H. E., Hendrickx, N., et al. (2011). Ubiquitin fold modifier 1 (UFM1) and its target UFBP1 protect pancreatic beta cells from ER stress-induced apoptosis. PLoS One 6:e18517. doi: 10.1371/journal.pone.0018517

Levy, J. C., Matthews, D. R., and Hermans, M. P. (1998). Correct homeostasis model assessment (HOMA) evaluation uses the computer program. Diabetes Care 21, 2191–2192. doi: 10.2337/diacare.21.12.2191

Mozaffarian, D. (2016). Dietary and policy priorities for cardiovascular disease, diabetes, and obesity: a comprehensive review. Circulation 133, 187–225. doi: 10.1161/CIRCULATIONAHA.115.018585

Munukka, E., Pekkala, S., Wiklund, P., Rasool, O., Borra, R., Kong, L., et al. (2014). Gut-adipose tissue axis in hepatic fat accumulation in humans. J. Hepatol. 61, 132–138. doi: 10.1016/j.jhep.2014.02.020

Muoio, D. M., Noland, R. C., Kovalik, J.-P., Seiler, S. E., Davies, M. N., DeBalsi, K. L., et al. (2012). Muscle-specific deletion of carnitine acetyltransferase compromises glucose tolerance and metabolic flexibility. Cell Metab. 15, 764–777. doi: 10.1016/j.cmet.2012.04.005

Mutch, D. M., and Clément, K. (2006). Unraveling the genetics of human obesity. PLoS Genet 2:e188. doi: 10.1371/journal.pgen.0020188

Newgard, C. B., An, J., Bain, J. R., Muehlbauer, M. J., Stevens, R. D., Lien, L. F., et al. (2009). A branched-chain amino acid-related metabolic signature that differentiates obese and lean humans and contributes to insulin resistance. Cell Metab. 9, 311–326. doi: 10.1016/j.cmet.2009.02.002

Pallister, T., Jackson, M. A., Martin, T. C., Zierer, J., Jennings, A., Mohney, R. P., et al. (2017). Hippurate as a metabolomic marker of gut microbiome diversity: modulation by diet and relationship to metabolic syndrome. Sci. Rep. 7:13670. doi: 10.1038/s41598-017-13722-4

Parker, H. S., Leek, J. T., Favorov, A. V., Considine, M., Xia, X., Chavan, S., et al. (2014). Preserving biological heterogeneity with a permuted surrogate variable analysis for genomics batch correction. Bioinforma. Oxf. Engl. 30, 2757–2763. doi: 10.1093/bioinformatics/btu375

Pedersen, H. K., Gudmundsdottir, V., Nielsen, H. B., Hyotylainen, T., Nielsen, T., Jensen, B. A. H., et al. (2016). Human gut microbes impact host serum metabolome and insulin sensitivity. Nature 535, 376–381. doi: 10.1038/nature18646

Piening, B. D., Zhou, W., Contrepois, K., Röst, H., Gu Urban, G. J., Mishra, T., et al. (2018). Integrative personal omics profiles during periods of weight gain and loss. Cell Syst. 6, 157.e8–170.e8. doi: 10.1016/j.cels.2017.12.013

Plovier, H., Everard, A., Druart, C., Depommier, C., Van Hul, M., Geurts, L., et al. (2017). A purified membrane protein from Akkermansia muciniphila or the pasteurized bacterium improves metabolism in obese and diabetic mice. Nat. Med. 23, 107–113. doi: 10.1038/nm.4236

Prifti, E., Zucker, J.-D., Clement, K., and Henegar, C. (2008). FunNet: an integrative tool for exploring transcriptional interactions. Bioinforma. Oxf. Engl. 24, 2636–2638. doi: 10.1093/bioinformatics/btn492

Qin, J., Li, Y., Cai, Z., Li, S., Zhu, J., Zhang, F., et al. (2012). A metagenome-wide association study of gut microbiota in type 2 diabetes. Nature 490, 55–60. doi: 10.1038/nature11450

Rizkalla, S. W., Prifti, E., Cotillard, A., Pelloux, V., Rouault, C., Allouche, R., et al. (2012). Differential effects of macronutrient content in 2 energy-restricted diets on cardiovascular risk factors and adipose tissue cell size in moderately obese individuals: a randomized controlled trial. Am. J. Clin. Nutr. 95, 49–63. doi: 10.3945/ajcn.111.017277

Roberts, L. D., Koulman, A., and Griffin, J. L. (2014). Towards metabolic biomarkers of insulin resistance and type 2 diabetes: progress from the metabolome. Lancet Diabetes Endocrinol. 2, 65–75. doi: 10.1016/S2213-8587(13)70143-8

Ruggenenti, P., Cattaneo, D., Loriga, G., Ledda, F., Motterlini, N., Gherardi, G., et al. (2009). Ameliorating hypertension and insulin resistance in subjects at increased cardiovascular risk: effects of acetyl-L-carnitine therapy. Hypertens 54, 567–574. doi: 10.1161/HYPERTENSIONAHA.109.132522

Schooneman, M. G., Napolitano, A., Houten, S. M., Ambler, G. K., Murgatroyd, P. R., Miller, S. R., et al. (2016). Assessment of plasma acylcarnitines before and after weight loss in obese subjects. Arch. Biochem. Biophys. 606, 73–80. doi: 10.1016/j.abb.2016.07.013

Schooneman, M. G., Vaz, F. M., Houten, S. M., and Soeters, M. R. (2013). Acylcarnitines: reflecting or inflicting insulin resistance? Diabetes 62, 1–8. doi: 10.2337/db12-0466

Shannon, P., Markiel, A., Ozier, O., Baliga, N. S., Wang, J. T., Ramage, D., et al. (2003). Cytoscape: a software environment for integrated models of biomolecular interaction networks. Genome Res. 13, 2498–2504. doi: 10.1101/gr.1239303

Smith, C. A., Want, E. J., O’Maille, G., Abagyan, R., and Siuzdak, G. (2006). XCMS: processing mass spectrometry data for metabolite profiling using nonlinear peak alignment, matching, and identification. Anal. Chem. 78, 779–787. doi: 10.1021/ac051437y

Sokol, H., Pigneur, B., Watterlot, L., Lakhdari, O., Bermúdez-Humarán, L. G., Gratadoux, J.-J., et al. (2008). Faecalibacterium prausnitzii is an anti-inflammatory commensal bacterium identified by gut microbiota analysis of Crohn disease patients. Proc. Natl. Acad. Sci. U.S.A. 105, 16731–16736. doi: 10.1073/pnas.0804812105

Speakman, J. R., and Mitchell, S. E. (2011). Caloric restriction. Mol. Aspects Med. 32, 159–221. doi: 10.1016/j.mam.2011.07.001

Sumner, L. W., Amberg, A., Barrett, D., Beale, M. H., Beger, R., Daykin, C. A., et al. (2007). Proposed minimum reporting standards for chemical analysis chemical analysis working group (CAWG) metabolomics standards initiative (MSI). Metabolomics 3, 211–221. doi: 10.1007/s11306-007-0082-2

Tremaroli, V., and Bäckhed, F. (2012). Functional interactions between the gut microbiota and host metabolism. Nature 489, 242–249. doi: 10.1038/nature11552

Viguerie, N., Poitou, C., Cancello, R., Stich, V., Clément, K., and Langin, D. (2005). Transcriptomics applied to obesity and caloric restriction. Biochimie 87, 117–123. doi: 10.1016/j.biochi.2004.12.011

Wang, Y., Wang, Z., Wang, Y., Li, F., Jia, J., Song, X., et al. (2018). The gut-microglia connection: implications for central nervous system diseases. Front. Immunol. 9:2325. doi: 10.3389/fimmu.2018.02325

Wu, H., Tremaroli, V., and Bäckhed, F. (2015). Linking microbiota to human diseases: a systems biology perspective. Trends Endocrinol. Metab. 26, 758–770. doi: 10.1016/j.tem.2015.09.011

Xi, P., Ding, D., Zhou, J., Wang, M., and Cong, Y.-S. (2013). DDRGK1 regulates NF-κB activity by modulating IκBα stability. PLoS One 8:e64231. doi: 10.1371/journal.pone.0064231

Conflict of Interest Statement: Co-authors from Danone Nutricia Research are part of the METACARDIS Consortium and they have contributed to the work presented herein in this capacity.

The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2019 Dao, Sokolovska, Brazeilles, Affeldt, Pelloux, Prifti, Chilloux, Verger, Kayser, Aron-Wisnewsky, Ichou, Pujos-Guillot, Hoyles, Juste, Doré, Dumas, Rizkalla, Holmes, Zucker, Clément and the MICRO-Obes Consortium. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fphys-09-01958-e001.jpg





OPS/images/fphys-09-01958-e003.jpg





OPS/images/fphys-09-01958-g002.jpg
e

131 metabolic features:
+ 116 NA, Isoleucine, L-

alanine, f-alanine, 2-
Hydroxyhexanoic acid, 4-
cresol, arabinose
methoxyamine, valeric
acid, phenylaceti acid,
lactate, 3-hydroxypyridine,

malonic acid (Fig S4).

Alnsulin sens

AASERUM METABOLOMICS (N=84):
» 23 NA, BCAAS, AAAS, other AAs,
lipids, glucose, other (Fig S4)

AURINE METABOLOMICS (N=73):
- 55 NA, Iysine, ketones, hippurate,
other (Fig $4).

ASAT function (linked also to NEFA, nonHDL, IL-

6, adipocyte diameter, hip circumference, fat

‘mass and BMI). For gene list see Table S4:

» Regulation of cell cycle

« DNA repair, transcription, regulation of
transciption.

« RNA modification, ranslation, protein modification.

« Intracellular protein transport.

« Apoplosis, proteolysis, ubiqt
stress.

Carbohydrate metabolism, ipid metabolism.

« Respiratory electron transport chain.

+ Signal transduction, inflammation.

- Angiogenesis; celular components.

ination, response to.

AINS. SEN. vs. AHOST






OPS/images/fphys-09-01958-e002.jpg





OPS/images/fphys-09-01958-g003.jpg





OPS/images/fphys-09-01958-g001.jpg
A. Input

B. Association
between host,
_lifestyle and

D. Selection of

E. Network creation

‘v

Example of PLER network betwoen @ and @

C. Interpretation of
associations
between @ and
host, microbiota, or
lifestyle

features associated with selected
with insulin features using
microbiota (PLSR) sensitivity ScaleNet
e x“" Host (HostVar,,
° = = HostVar,, .
T = l \ l Hostvar,)
o e 1 Litenyt (Lo Var, ‘
LifeSVary, ...,
LifeSVary) [ ]
- - wicosion wos, | & _—— @
Human Host MGS, ..., MGS,) [ )






OPS/images/cross.jpg
3,

i





OPS/images/fphys-09-01958-t001.jpg
Variable

Age
Sex M

F
BMI (kg/m?)
Hip circumference
(cm)
Waist
circumference (cm)
Waist-to-Hip ratio
Fat mass (%)
Fat free mass (%)
Android fat (%)
Gynoid fat (%)
Adipocyte diameter
pm)
Serum triglycerides
mM)
NEFA (mM)
Cholesterol (mM)
HDL (mM)
LDL (mM)
CRP (mg/L)
L-6 (pg/ml)
nsulin (rUI/ml)
Glucose (MM)

nsulin : Glucose
HOMA2-IR
HOMA2-B
HOMA2-S

FIRI

Disse Index
QUICKI

Revised QUICKI

Number

27
3
24
27
27

27

27
27
27
27
27
27

27

27
27
27
27
27
27
27
27
27
27
27
27
27
27
27
27

Baseline

Median

41

33.9
118

107

0.92
42.7
54.3
59.4
38.5
110.9

1.08

0.49
5.21
1.35
3.30
3.60
1.24
8.6
5.1
1.75
1.15
94.0
87.1
1.93
-6.7
0.34
0.39

IQR

26

5.8
12

14

0.12
6.9
6.6
8.3
7.8

1.5

0.63

0.29
1.27
0.50
0.99
5.25
1.48
5.1
0.5
0.90
0.71
30.9
68.2
1.19
4.5
0.04
0.06

Week 6
Median IQR
31.9 5.9
114 15
99 13
0.89 0.13
41.6 6.1
55.5 6.2
57.7 9.5
38.6 9.8
101.7 6.1
0.82 0.53
0.50 0.32
4.66 1.03
1.11 0.41
297 0.94
3.12 417
1.47 1.10
5.7 3.7
5.0 0.4
1.27 0.48
0.74 0.48
78.3 32.9
1352 835
112 0.77
-4 6.8
0.37 0.04
0.41 0.05

Padj

1.3E-08
4.17E-08

7.4E-07

0.0217
0.0002
0.0005
0.0117
0.0383
1.3E-08

0.0010

0.0485
4.63E-05
0.0002
0.0016
0.40
0.97
1.3E-08
0.0032
0.0005
1.3E-08
5.06E-05
1.67E-08
1.3E-08
0.06
1.3E-08
0.12

Wilcoxon signed rank sum test, adjusted P-values (Padj, BH correction) are
shown. BMI, body mass index; NEFA, non-esterified fatty acids; HDL, high density
lipoprotein; LDL, low density lipoprotein; CRR, C-reactive protein; IL-6, interleukin-
6, FIRI, new fasting insulin resistance index; revised QUICKI, revised quantitative
insulin sensitivity check index; IQR, interquartile range. Bold values are significant

adjusted p-values.





OPS/images/cover.jpg
, frontiers
in Physiology

A Data Integration Multi-Omics
Approach to Study Calorie
Restriction-Induced Changes in
Insulin Sensitivity









OPS/images/fphys-09-01958-e008.jpg





OPS/images/logo.jpg
, frontiers
in Physiology





OPS/images/fphys-09-01958-e005.jpg





OPS/images/fphys-09-01958-e004.jpg





OPS/images/fphys-09-01958-e007.jpg





OPS/images/fphys-09-01958-e006.jpg





