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THE COMPLEXITY OF THE HUMAN SYSTEM 



One system with 

efficient communications 

One balanced system 

(homeostasis) 

THE COMPLEXITY OF THE HUMAN SYSTEM 



THE DYNAMICS OF METABOLIC PHENOTYPES 



GLOBAL INTEGRATIVE APPROACHES 

Lusis et al, 2008 

Datasets and comprehensive response to biological systems 

Genotype 
Genomic
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DNA 
What can happen 

What appears to be happening 
Transcriptomics 

RNA 

Proteomics 

Proteins 

What makes it happen 

Metabolomics 

Metabolites What has happened and is happening Phenotype 



Serkova, 2011 

Robust, sensitive and predictive biomarkers of metabolic health 

status are needed in the fields linked to diseases and nutrition 

Morrow et al., 2014 

BIOMARKERS 



PREDICTIVE MARKERS OF DIABETES 

Inclusion 

Non T2D 
Non T2D 

(n=189) 

T2D (n=189) 

Subjects 

selection 

Framingham 

12 years Follow up 
Targeted metabolomic approach 



TYPE 2 DIABETES (T2D) AND GAZEL 

An integrative multidisciplinary approach, putting together sociology, 

epidemiology, nutrition, metabolomics, statistics, and computer science, to develop 

accurate and robust indicators and biomarkers of health status, predictive of 

T2D development  



SELECTION OF A SUB-COHORT OF T2D SUBJECTS 

 Inclusion:  7,537 subjects with biological sampling 

- Men, overweight, alive in 2012 

- Without T2D 

 

 End of the study (2008-2012):   

- Case = subjects  with declared diabetes 
 

-   Controls paired on: 

- Age (years): [52 ;55[, [55 ;58[ and [58 ;64[ 

- BMI (kg/m²): [25 ;28[ and [28 ;30[ 

- Location within 2 classes:  

 * 1-2-3= Nord, Paris/RP, Nord-Est 

 * 7-8-9= Centre, Nord-West, Bretagne 

 

 

 

 Collected variables: food frequency questionnaires (FFQ), physical activity, alcohol 

 consumption, smoking; possibility to reply to a new questionnaire (food and health) 

 

 ANALYSES: Untargeted serum metabolomics 
 

DIAPASON :  
A CASE-CONTROL STUDY 

 Case (n=56):  

Men alive in 2012 

Mean age: 65.9 + 2.9 yr  

Mean BMI: 27.1 + 1.2 kg/m2 

 Controls (n=56):  

Men alive in 2012 

Mean age: 65.5 + 2.6 yr  

Mean BMI: 26.7 + 1.3 kg/m2 

Prediction of T2D development 5 years later 



APPROACHES & WORKFLOW 

 MODEL BUILDING AND  

MARKER DISCOVERY 
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 UNTARGETED METABOLOMIC APPROACH USING MASS SPECTROMETRY  

 PREDICTION EVALUATION - VALIDATION 

 FOOD PATTERNS AND TRAJECTORIES 



PREDICTION AND EVALUATION 

 MEASUREMENT OF PREDICTION ACCURACY 
→ evaluating if the model meets prediction requirements 

Sensitivity, specificity,  

ROC curve, concordance index 

 COMPARISON OF THE MODELS AND TO THE EXISTING ALTERNATIVES 
→ Does the model bring significant improvement? 

Model and accuracy 

comparisons 

Looking for the respective roles of the variables (X1, X2, X3…) 

Y = f(X1 , X2 ,X3…) 
 

Reduction of the number of variables for considering only the most relevant and predictive ones 

for Y (T2D) 

 MODEL BUILDING USING LOGISTIC REGRESSION 



  Controls Case  p 

Age, years  56.6±2.6 (56) 58.9±3.0 (56) 0.54 

Weight, kg  80.4±7.2 (56) 79.9±6.2 (56) 0.90 

BMI, height/m2  26.7±1.3 (56) 27.1±1.2 (56) 0.046 

Waist/Hip ratio 93.3±4.5 (56) 95.7±3.7 (56) 0.005 

Systolic blood pressure, mmHg  129.1±12.5 (56) 136.5±13.7 (56) 0.004 

Diastolic blood pressure, mmHg  77.9±8.4 (56) 80.2±8.4 (56) 0.005 

Total cholesterol, mM 5.7±0.7 (56) 5.6±0.9 (56) 0.41 

HDL-cholesterol, mM 1.5±0.4 (54) 1.5±0.3 (56) 0.51 

Triglycerides, mM 1.0±0.4 (56) 1.2±0.5 (56) 0.06 

Fasting glucose, mM 5.5±0.5 (56) 6.6±1.3 (56) 4.9E-9 

        

SUBJECT CHARACTERISTICS 

112 RETIRED SUBJECTS AT SAMPLING (T0, 2004) 

 

CASE AT T1 (2009):  

100% T2D,  

70% HYPERTENSION, 

76% DYSLIPIDEMIA 



FOOD PATTERNS 

 Selection of 9,042 men in GAZEL (15,011) 

Different criteria (alive in 2012, answered to at least 2 FFQ between 1998, 2004 and 2009…) 

Determination of  relevant and not redundant food items in the annual questionnaires: 22 food items 

Food trajectories of the DIAPASON 
sub-cohort followed the same 

trends than those of the whole 

cohort 

• Development of MCA on the 1998 variables and construction 

of Food Patterns 

• Identification of food patterns 

Construction of Foods Patterns with Multiple Correspondence Analysis (MCA) on the 

GAZEL cohort 

Scatter plot of the eligible subjects 

of GAZEL and the sub-cohort study 



• Healthy: healthy foods (vegetables, fruits…) 

• Western: fat and sweet products 

• Traditional French: cooked and traditional French diet (rich in wine, cheese, vegetables, low in dairy, fish and fruits) 

3 food patterns: ‘Healthy’, ‘Western’ and ‘Traditional French’ 

FOOD PATTERNS 

Food trajectories of the sub-cohort followed the same trends than those of the whole cohort 

Improvement of food patterns with time. 

Subjects of the sub-cohort are following the 

same trajectories than those of GAZEL 

 Projection of the variables in 2004 and 2009 on the MCA in 1998 
 

• Analysis of the evolution of the mean score between 1998 and 2009 

Healthy 

Traditional 

Western 



USING FOOD ITEMS, SOCIOECONOMICS AND CLINICAL DATA IN 2004 

 More than 80 variables (categorical & quantitative) were considered 

 Logistic regressions were performed to pre-select relevant variables (p ˂ 0.25) 

PREDICTION OF EVOLUTION TOWARDS T2D 

32 variables were obtained with BMI as cofactor:  
 

10 food items (ex: raw vegetables, dessert, bred…),  

10 socio-economic variables (ex: diploma, income…),  

12 clinical parameters (ex: hypertension, weight, TG,…) 

 Stepwise selection (AIC criteria) to identify predictive variables: 



 MASS SPECTROMETRY METABOLOMIC ANALYSES 

ON SERUM SAMPLES 

Monitoring thousands of metabolites 

 Final data set: 

Number of ions (variables): 1,195 (ESI pos), 208 (ESI neg) 
 

Number of samples (subjects): 111 (1 outlier, 1 Case) 

UNTARGETED METABOLOMICS APPROACH 

PLS after UV-scaling on significant ions 

(without BH correction) 

Q2=0.39 

ANOVA analyses 

after BH correction 

Factor T2D 

Cofactor BMI 

Factor 

BMI 

Nb significant ions ‘Case’ 

ESI pos 

52 41 

Nb significant ions ‘Case’ 

ESI neg 

 

10 

 

12 

13 

4 



FEATURE SELECTION METHODS  

39 

1,195 ions 

Esi+: 48 ions Esi-: 10 ions 

Anova BH 

13 

Random forest 

9 

Features 

 LOGISTIC REGRESSIONS ON 58 IONS:  

 5 METABOLITES IDENTIFIED AS PREDICTIVE 
Pr(>Chi) 

p148 0.016* 

p167 0.058 

p198 0.015* 

p268 0.0002*** 

p288 0.037* 



MODEL COMPARISONS 

 AUC 95% CI Misclassification (%) False positive False negative 

W/H ratio + glycemia 0.74 0.66-0.82 26% 16 13 

5 metabolites 0.82 0.75-0.89 18% 10 10 

W/H ratio + glycemia + 4 metabolites 0.89 0.83-0.95 11% 5 7 

 

Metabolomics data showed a better prediction capacity: more integrative 

The best predictive model is including metabolomics and clinical data 
 

The 4 metabolomic markers in the integrative model are different from the 5 previous ones 

In a model including food items and metabolomics: correlations between 

them filtered one of them             Preference on metabolomic markers 



CORRELATION NETWORK 

58 ions, 

14 clinical parameters, 

22 food items 

Exclusion of metabolites by 

correlations:  

p268 & p148 correlated with W/H 

ratio 

 

Food items: p167 correlated with 

light product consumption 



CONCLUSION 

FEW PREDICTIVE BIOMARKERS 



TOWARDS DATA INTERPRETATION… 

Chen et al. Anal Chem 2008 

 Predictive metabolites currently being identified 

 48 signals to be annotated to map data on metabolic pathways and networks, and 
generate hypotheses on pathophysiological mechanisms 



… AND SYSTEMS BIOLOGY 

Ahn et al., 2006 

Adapté de Mardinoglu & Nielsen, 2011 
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