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Abstract 

Human beings may be exposed via their environment to multiple chemicals as a consequence 

of human activities and the use of man made products. Little knowledge is routinely generated 

on the hazards of these chemical mixtures. The metabolomic approach is widely used to 

identify metabolic pathways modified by diseases, drugs, or toxic exposures. This review, 

based on the state-of-the-art of the current applications of metabolomics in environmental 

health, attempts to determine whethermetabolomics can constitute an original approach to the 

study of associations between multiple, low-dose environmental exposure and subtoxic effects 

in human beings.Studying the biochemical consequences of complex environmental 

exposures is a challenge demanding the development of careful experimental and 

epidemiological designs, in order to take into account possible confounders associated with 

the high level of inter-individual variability induced by different lifestyles. The choice of 

populations studied, sampling and storage procedures, statistical tools used and system 

biology are worthy of consideration. Suggestions for improved experimental and 

epidemiological designs are discussed. This short review shows that metabolomics may be a 

powerful tool in environmental health in the identification of both complex exposure 

biomarkers directly in human populations and modified metabolic pathways, in a bid to 

improve understanding the environmental causes of diseases. Nevertheless, the validity of 

biomarkers and the relevancy of animal-to-human extrapolation remain key challenges that 

need to be properly explored.  
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Introduction 

Regulations on chemicals entering the European Union market, for both domestic and 

professional uses, are based on risk assessment and management,on a chemical-by-chemical 

basis (i.e. Regulations EC 1107/2009 on pesticides or EC 1907/2006 on chemicals). Although 

these methods allow a comprehensive risk assessment for single chemicals for regulatory 

purposes, they do not permit a global risk analysis in case of different uses and multiple 

exposures. Such multiple exposures are characterized by various substancesand sources or 

routes of exposure (diet, air, oral or respiratory for example). Regulatory toxicological 

toolsare not suitable to the study of effects induced by the complex and low-dose mixtures 

that arerepresentative of human exposures, and are of limited relevance for environmental 

health.In this context, the development of new strategies - especially the identification of 

biomarkersof early effect using high-throughput approachessuch as metabolomics - is of 

particular importance. This bioanalytical approach entails studying the nature and quantity of 

potentially all metabolites produced by an organism,i.e. the detectable endogenous molecules 

involved in the growth and homeostasis of the organism. Themetabolic profile constitutes the 

ultimate step in the cellular response, and is considered the key link between genesand 

phenotypes(Fiehn 2002).It has come to be widely used in recent years to identify metabolic 

pathways modified by disease, drugs or toxic exposure, as reviewed by several 

authors(Lindon et al. 2004;Robertson et al. 2011). Because it has the ability to provide helpful 

information in the definition of markers of toxicity - as reported for example for 

hepatotoxicity or nephrotoxicity (Beger et al. 2010) - this approach may constitute an 

integrative tool to increase our understanding of the subtle metabolic disruptions induced by 

complex and low-dose exposures to pollutants as described in figure 1.  
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Furthermore, the metabolic changes induced by these exposures may be observed directly 

from biological fluidsthat are easy to collect - such as urine or blood - making possible their 

identification directly in humans. However, these changesremain difficult to highlight,due to 

the high number of potentially confoundingfactors affecting the metabolome, in addition to 

environmental exposure (lifestyle, diet or therapeutic drug treatments for example). This is 

why the metabolomic approach in humans has not yet been extensively explored in the field 

of environmental health. In this context, this short review attempts to determine whether 

metabolomics can constitute an original approach to study of the associations between 

multiple, low-dose exposures to environmental pollutants and effects in human 

beings.Following a short description of the methods used in metabolomics, current 

applications in environmental health – in both toxicology and epidemiology – will be 

describedto identify the most important criteria that would be taken into account.Finally, this 

article addresses ways to identify key methodological challenges. This article is not intended 

to be a comprehensive review of the methods used in metabolomics (already available 

elsewhere), nor to indicate how toxicological studies may provide a corroborative evidence to 

support the results observed in epidemiological studies. 

 

Methods used in metabolomics 

Metabolomics combines the use of analytical and statistical toolstoidentify the metabolites 

that are significantly modified between groupsas shown in the flowchart presented in figure 2. 

Two types of metabolomicapproaches can be distinguished: untargeted metabolomics, which 

corresponds to a comprehensive analysis of all measurable molecules in a sample (including 

unknown metabolites), and targetedmetabolomics, in whicha set of chemically and 

biochemically characterized metabolites (such as lipids, amino acids, nucleotides, or 

steroids)are measured.Samples used for metabolomic studies could be any biological matrices 
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(fluids such as urine, plasma, saliva, sperm, animal tissue extracts or human tissues like 

biopsies or placenta, for example). The most widely usedsamples are urine and plasma 

because theycorrespond tonon- (or minimally) invasive procedures and requirelimited, if 

any,pre-treatment steps, prior toanalysis. 

Analytical Tools 

The analytical tools used in metabolomics are based on spectroscopic techniques. Currently, 

due to their performance for the analysis of small organic molecules and their complementary 

information, nuclear magnetic resonance (NMR) and mass spectrometry(MS) are the most 

widely used analytical techniques in metabolomics. MSis mostly used in hyphenation with 

different chromatography techniques (gas or high/ultra-performanceliquid chromatography, 

respectively GC and H/UPLC) or capillary electrophoresisfor sample separation prior to MS 

analysis. Thesemethods have been in use formore than 40 years e.g. forthe characterization of 

cellular energy metabolism or forbiofluids analyses.Sample preparation steps typically used 

for NMR and MS analyses have recentlybeen reviewed (Alvarez-Sanchez et al. 2010a). The 

main advantagesof NMR rely on the ease of sample preparation, non-destructive analysis of 

the sample (which may be recovered for further analyses), adaptability of the method to high-

throughput analyses and the ability to provide a quantitative picture of the metabolic 

fingerprint. This technique wastherefore generally preferred for large-scale applications, 

where thousands of molecules were being measured within a short period of time. NMR 

allows for measurement of metabolites, typically at the μg/mL level, and is less sensitive than 

MSwhich can detect compounds at the pg/mL level. Besides sensitivity, the broaddiversity of 

ionization methods and mass analyzers(Bedair and Sumner 2008), available for MS allows 

identification of a large number of metabolites. The development of high-resolution MS 

techniques (particularly during the last ten years) has expanded the capacity for compound 

identification, thanks in particular to accurate mass measurements offering access to the 
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elemental composition of metabolites (and their potential fragments). This feature provides 

invaluable information for the identification of “known unknowns” using chemical database 

queries. However, unlike NMR, MS sensitivity is compound-dependent and may be affected 

by matrix effects. Moreover,absolute quantification by MS requires specific approaches based 

on targeted compounds, and global profiling is often limited to semi-quantitative approaches. 

To a lesser extent,optical spectroscopy (e.g. near-infrared or Raman) is also used because of 

the simplicity of sample preparation. Each toolcan provide complementary information 

regarding the wide diversity of metabolite chemical structures.Comprehensive reviews on 

these topics are available elsewhere(Bothwell and Griffin 2011;Dettmer et al. 2007;Dunn et 

al. 2005;Lindon and Nicholson 2008;Ross et al. 2007) and a comparison of NMR and MS 

techniques was recently covered as part of a toxicometabolomics review (Bouhifd et al. 

2013). 

Data pre-processing 

The objective of the data pre-processing stage is the achievement of extracted data 

corresponding to quantified spectral peaks, by converting raw data into files easily useable for 

statistical analyses. It includes different steps depending on the chosen analytical tool and has 

already been described well in the review by Madsen et al. (Madsen et al. 2010). Alignment, 

baseline correction, peak picking ordeconvolutionare several methods practicable for both MS 

and NMR techniques, and previously described (Koek et al. 2011;Theodoridis et al. 2012).In 

MS, resulting datasets include retention time, m/z ratio and intensity of each detected signal. 

Peak identification is therefore required.Normalization can also be used to minimize bias and 

experimental variability induced in the analytical step. In NMR spectroscopy,it is also 

possible to includeabucketing step in the case of untargeted metabolomics, where spectra are 

reduced into consecutive spectral bins(see Ross et al. 2007 for review).Subsequent steps 

include scaling - when maximum variance projection methods were applied -to give the same 
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weight to variables which could have different ranges. Most often, unit variance (the data 

matrix is divided by the standard deviation to obtain a variance of 1), mean centering 

(subtraction of the mean) or Pareto scaling (divided by the square root of the standard 

deviation) is used (see Van den Berg et al. 2006 for more information).The pre-processing 

steps were recently described in a comprehensive review (Molinska et al. 2012). Finally, 

filtering could also be used to improve data quality. A few techniques and practical examples 

are described in the review from Bouhifd (Bouhifd et al. 2013). 

Statistical tools 

Spectral analyses engender hundreds of variables (peaks or spectral regions) which are highly 

correlated. Dimension reduction is therefore one of the main objectives of statistical analyses 

and is performed by multivariate methods.A large number of different statistical tools are 

available – in both unsupervised and supervised methods – and has been briefly described 

elsewhere (Madsen et al. 2010; Putri et al. 2013). For example, we canmentionprincipal 

component analysis (PCA), non-hierarchical or hierarchical clustering,linear discriminant 

analysis (LDA), partial least squares (PLS) regressions, orthogonal projections to latent 

structures (OPLS), and machine learning techniques such as support vector machines (SVM). 

PCA and PLS are most often used to study the effects of environmental pollutants on health 

(see next chapter).  

PCA is a non-supervised method allowings visualization of the spontaneous distribution of 

the observation in a two dimensional plane(Bair et al. 2006);Partial least squares (PLS) 

regressions are supervised methods that supply a statistical model explaining individual 

characteristics (e.g. exposures) according to the matrix of experimental variables (i.e. 

metabolites)(Wold et al. 2001). Different variants exist, such as PLS-DA(PLS-discriminant 

analysis), widely used for modeling observations belonging to different groups (e.g. 

case/control or differently exposed individuals)(Waterman et al. 2009) or orthogonal PLS 
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(OPLS). In OPLS, Y-predictive variability of X (correlated to Y) is separated from Y-

orthogonal variability (uncorrelated to Y). Predictive variability is only modeled by predictive 

components(Trygg and Wold 2002). In all cases, the different models built should be 

validated. The most common methods are the use of an independent validation set or cross-

validation. A description of these methods is made elsewhere (Broadhurst and Kell 

2006;Wold et al. 2001). 

Metabolite identification and biological interpretation 

Metabolite identification plays a key role in the interpretation of the metabolomics research 

results. Different approaches are needed depending on the analytical tool chosen butspectral 

library searching on the Internet is a common step. For example, the Madison metabolic 

consortium database (MMCD, http://mmcd.nmrfam.wisc.edu/), the Human Metabolome 

Database (HMDB, http://www.hmdb.ca/), the Biological Magnetic Resonance Data Bank 

(BMRB, http://www.bmrb.wisc.edu/metabolomics/)and the Kyoto encyclopedia of genes and 

genomes (KEGG, http://www.genome.jp/kegg/) are widely used.Werner et al. (2008) 

reviewed databases from mass spectrometry data used for metabolome annotation.More 

recently, other authors have reviewed the huge development of the metabolome databases 

(Fukushima and Kusano, 2013), especially the HMDB which has been considerably 

expanded,and includes now more than 40,000 annotated metabolites (Whisart et al. 2009; 

2013). 

Unknown metabolites have to be identified using MS/MS or NMR structural characterization 

tools.When a chemical structure is suggested, confirmation can be obtained by comparison 

with the spectra of authentic standards.When potential metabolites from exogenous 

contaminants are suggested, it is also possible to carry out short experimentations in 

laboratory mammals exposed to the parent compounds, so asto unambiguously characterize 

their metabolites by plasma or urinary analysis (Jamin et al. 2013). 

http://www.hmdb.ca/
http://www.bmrb.wisc.edu/metabolomics/)
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Two dimensional NMR spectra are also required as an aid to spectral assignment and to 

confirm the identity of metabolites.Once candidate biomarkers have been identified, the final 

step is to decipher the main metabolic pathways involved in the modifications observed, and 

suggest biological hypotheses in accordance with the involvement of the modified metabolites 

in biochemical pathways (amino-acids synthesis, energetic metabolism, fatty acids oxidation, 

etc.).  

In order to fully integrate these data, mechanistic interpretation has to be achieved at the 

metabolic network level. Metabolic network gathers all the metabolic reactions an organism 

can perform into a single mathematical model. For Humans, a compartmentalised model 

publicly available (Duarte et al. 2007) contains 3311 reactions and 2766 metabolites. The aim 

is to computationally decipher, among all these reactions and metabolites, the ones involved 

in the metabolic response of the organism when exposed to contaminants. To do so, 

algorithms have been developed which extract relevant sub-networks based on network 

topology and biomarkers (Jourdan et al. 2010). 

 

Current applications in environmental health 

Animal experiments and epidemiological studies are commonly used to assess potential 

factors that can affect human health, and in particular the effect of chemical exposure as a risk 

factor. In this context, comparing various exposure groups in animals or humanscan 

determine potential links between an environmental factor and a health effect. In the field of 

toxicology, metabolomics is used to identify candidate biomarkers of exposure and effects. 

Many toxicological studies demonstrate that metabolomics is a powerful method for detecting 

changes in the metabolome of exposed individuals. The identification of discriminant 

metabolites between groups is made easier by the possibility of controlled conditions: inter-

individual variability among tested animals is reduced by the use of similar species, strains, 
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individuals and laboratory conditions.Most of the toxicological studies have been published 

within the context of drug development(Beger et al. 2010;Robertson 2005). In recent years, 

some authors have focused on environmental pollutants, in particular endocrine disruptors 

such as phthalates (plasticizers widely found in our environment) and pesticides. Table 1 

describes the main studies carried out on animal models, the methodological approaches used, 

and the main results. Sumner et al. (2009) showed correlations between developmental 

outcomes in rat pups exposed to benzylbutylphthalate (BBP) during pregnancy and 

modification of the metabolic pathways in dams and pups. Modifications included metabolites 

derived from citrate cycle and amino acid catabolism. Changes were observed in urine by 

NMR spectroscopy and subsequent PCA and PLS-DA analyses. It has been suggested that 

di(ethylhexyl)phthalate (DEHP) exposure could modify several aminoacid concentrations 

(glutamine, valine, tyrosine/phenylalanine, isoleucine) in the plasma and liver extracts 

frommale mice (NMR analyses, OPLS statistical data treatment), leading the authors to 

suggest a new hepatic pathway targeted by DEHP exposure in mice explaining its potential 

for endocrine disruption (Eveillard et al. 2009). In utero,DEHP was also shown to affect lipid 

profiling in the fetal rat brain (Xu et al., 2007), which may lead to aberrant neurodevelopment. 

More recently, Xia and co-workers (2011) combined the analyses of multiple biological 

matrices, including maternal serum, placenta and fetal brain tissue in order to evaluate the 

teratogenic effects of di-n-butylphthalate (DBP) in mice. By means ofGC time-of-flight MS 

combined with PLS-DA, these authors have shown that DBP disrupted maternal and fetal 

metabolic profiles, altering citrate cycle, amino acid, purine and lipid metabolism.Van 

Ravenzwaay et al. (2010) used metabolomics based on MS analyses of plasma samples to 

investigate possible interactions resulting from combined exposure to DEHP and DBP in rats. 

They showed that simultaneous exposure to high dosages of the mixture (3mg/kg feed) over a 

period of 28 days resulted in a profile that was significantly different from the individual 
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compounds. However, these effects were less than additive and inconsistent changes were 

observed at lower doses. Co-exposure to DEHP and aroclor 1254 was found to disturb lipid 

metabolism, leading to an accumulation of lipid in the liver(Zhang et al. 2012). Tryptophan 

and phenylalanine metabolisms were also disturbed in this case. Recently, Cabaton et al. 

(2013) hypothesized that the metabolism of mice perinatally exposed to bisphenol A may be 

disrupted. After subcutaneous low-dose exposure (0.025 to 25 μg/kg BW/day) to pregnant 

mice from gestational day 8 through day 16 of lactation, they showed a disruption in the 

glycolysis, glycogenesis and energy metabolism both at postnatal day 2 and 21.They also 

confirmed brain development alterations suggested in the literature for bisphenol A(decrease 

in glutamate and GABA concentrations in brain samples at postnatal day 21) (Cabaton et al. 

2013). 

Some publications draw attention to the potential of metabolomics in pesticide research, 

including toxicological issues (see Aliferis and Chrysayi-Tokousbalides 2011 for review). 

They show promising results in terms of (eco)-toxicological risk assessment of bioactive 

compounds using model organisms representative of different levels of organization. Kim and 

co-workers investigated the metabolic profile of methoxychlor, an organochlorine insecticide 

known to be an endocrine disrupter. The NMR analyses of urine samples from female rats 

showed a decrease of acetate, benzoate, lactate, glycine and alanine in a dose-dependent 

manner(Kim et al. 2009).A recent study showed the impact of endosulfan, another 

organochlorine insecticide, on the metabolic profile of blood, bone marrow and liver in mice 

orally exposed for 11 weeks to a level corresponding to the acceptable daily intake (ADI). A 

decrease in plasma LDL, VLDL and choline concentrations and an increase in plasma glucose 

levels were observed, associated with a potential oxidative disturbance in the liver (Canlet et 

al. 2013). 
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The same team also showed modification of amino acid metabolism, citrate cycle, urea cycle 

and glucose metabolism in mice orally exposedto the same dose of endosulfan combined with 

atrazine and chlorpyrifos (exposure levels corresponding to their respective ADI).Wang and 

co-workers (2009, 2011) investigated the metabolic profiles of rats following exposure to 

chlorpyrifos and carbaryl, two anticholinesterase insecticides known to be neurotoxic in 

mammals. Serum analyses suggest that their exposure(alone or in combination) could cause a 

disturbance in energy and fatty acid metabolism in the liver mitochondria (Wang et al. 2009). 

Metabolomic analysis of urine confirmed these conclusions, especially in terms of impact on 

the energy metabolism (Wang et al. 2011). The same group recently investigated the 

metabolomic responses of rat to propoxur, another anticholinesterase insecticide (Liang et al. 

2012a; 2012b). The NMR analysis of urine samples suggeststhe induction of oxidative stress, 

and alteration inthe energy metabolism and lipid metabolism (enhancement of ketogenesis 

and fatty acid beta-oxidation) in the liver contributing to the hepatotoxicity of this insecticide, 

as previously shown for chlorpyrifos and carbaryl (Wang et al. 2009; 2011). They also studied 

the effect of combined exposures to oganophosphorus insecticides (dichlorvos or propoxur) 

with pyrethrinoïds (deltamethrin or permethrin), and showed that, even at doses not exhibiting 

any clinical or physiopathological effects, organophosphorus and pyrethrinoids, tested 

individually or in combination, were able to disrupt the energy metabolism of the liver 

andinduce potential nephrotoxicity (Wang et al. 2013; Liang et al. 2012c). Similar findings 

were published after oral and chronic exposures (drinking water) to dichlorvos in rats 

(disturbances in the carbohydrate and fatty acid metabolism, anti-oxidant system) (Yang et al. 

2011; 2013). Other authors investigated the metabolic changes in rats induced by chronic oral 

exposure (viadrinking water) to dimethoate, an organophosphorus insecticide. They found 

significant changes in the urinary and plasmatic metabolic UPLC-MS fingerprints, especially 

for L-tyrosine, citric, uric and suberic acids, glycylproline, allantoin, isovalerylglutamic acid 
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and lipids (as well as urinary organophosphorous metabolites). The authors suggested a link 

between these changes and the impairment of the hepatic and nervous systems (Feng et al. 

2012). A series of other chronic studies in rats on organophosphorus insecticides also showed 

renal and perturbed glucose, nucleic acid, and protein metabolism (for acephate) (Hao et al. 

2012), disturbance in energy and lipid metabalolism, oxidative stress, and DNA damage (for 

phorate) (X. Sun et al. 2012).This series of studies demonstratesthe ability of the 

metabolomics approach to identify metabolic pathways modified by environmental 

contaminants and suggest hypotheses about their potential mechanism of action. Moreover, as 

was observed for BBP, DBPand some organophosphorus pesticides, metabolomics could, in 

some cases, be more sensitive on a dose scale than histopathology orclinical blood 

biochemistry in recognizing early toxicological events. 

Recently, several other contaminants were investigated in rodents. Neerathilingam et al. 

(2010) showed a disturbance of the energy metabolism with changes in citrate cycle 

metabolites in 24-hour urine collection of rats exposed to tributylphosphate (an 

organophosphorous widely used as a solvent, extractant or plasticizer). The adverse renal 

response to perfluorododecanoic acid, a perfluorinated carboxylic chemical, was also 

identified in male rats as contributing to disorders in glucose and amino acid metabolism(H. 

Zhang et al. 2011).A modification of the urinary profile of mice subchronically exposed to 

benzene was described, even at a dose which does not elicit changes in body weight or blood 

parameters (R. Sun et al. 2012). Changes related to glutathione, TCA cycle and amino acids 

metabolism were observed in the urinary profile of rats exposed to acrylamide (J. Sun et al. 

2010). 

 

These publications indicate that metabolomics represents a promising tool for studying 

contaminant toxicity and mode of action, as well as for investigating the effects of mixtures of 
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xenobiotics. Nevertheless, in the case of environmental applications, most toxicological 

studies suffer from a lack of similarities with human exposure conditions, in particular 

through the use of high doses of a single chemical or simple mixture.Few low-dose studies are 

available in the case of chemical mixtures. For instance, Du et al. investigated the effect of a 

mixture of low-doses (corresponding to the NOAEL in a two-year study) of 4 

organophosphorus pesticides (dichlorvos, dimethoate, acephate and phorate). They showed 

disturbance in energy and lipid metabolism, oxidative stress, and DNA damage (Du et al. 

2013). Mehri et al. investigated the effect in mice of a mixture of low-doses (derived from 

their respective acceptable daily intakes) of six pesticides frequently found in fruits and 

vegetables grown in France and showed a metabolic signature linked to oxidative stress and 

glucose regulation (Merhi et al. 2010). Likewise, the metabolic dysfunction of contaminated 

lake water, which is an important drinking water source for the nearby city (in China)was 

investigated inmale mice. The water contamination includes polycyclic aromatic 

hydrocarbons (PAHs) and organochlorine insecticides. The study found that its ingestion 

induced liver damage with alterations in energy and amino acid metabolism(Y. Zhang et al. 

2011). 

Besides this metabolic profiling obtained in urine, plasma or tissue extracts from mammals 

exposed either orally or subcutaneously, more mechanistic studies are implemented on cell 

lines, both in animals (for example, neuronal cultures exposed to methylmercury and mercury 

chloride) (van Vliet et al. 2008) and in humans (for example, lung epithelial cells exposed to 

cigarette smoke or hepatocellular carcinoma-derived cells exposed to ammonia) (Vulimiri et 

al. 2009; Shintu et al. 2012).  

Given the limitations of experimental toxicology, the best strategy for the identification of 

metabolic disturbance in environmental health will be to set up studies directly targeted on the 

human populations. Most metabolomics studies carried out in humans focus on clinical 
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research and the identification of biomarkers for early detection in pathologies such as cancer, 

heart disease or adverse pregnancy outcomes(Diaz et al. 2011;Kenny et al. 2008;Mamas et al. 

2011; Kim et al. 2010). These studies are based on the comparison of a small number of 

people affected by the disease againsthealthy individuals. They are very promising in terms of 

the discovery of biomarkers to aid disease diagnosis, because predetermined pathologies have 

a major influence on the metabolic pathway of an organism, facilitating identification of 

discriminant metabolites between cases and controls. Environmental epidemiology aims at 

finding subtle metabolic disturbances resulting from chronic low-level exposure to multiple 

pollutants. Metabolomics is not very developed in this field of research because metabolic 

modifications expected with environmental exposures are thought to be minor in 

comparisonwith the inter-individual variability that can be observed in a human population. 

To our knowledge, only four studies have taken an interest in modification in urinary or blood 

metabolic profiles associated with human environmental exposures. The first of these 

concerned 51 workers exposed to welding fumes in Taiwan. The study has shown an increase 

of metabolites involved in inflammatory and oxidative tissue injury processes, especially 

glycine, taurine and betaine (Kuo et al. 2012). The second was interested in urinary metabolic 

profiles in 178 human volunteers living near a source of environmental cadmium pollution in 

Great Britain. Several metabolites involved in mitochondrial metabolism (citrate, 3-

hydroxyisovalerate and 4-deoxy-erythronic acid) and amino acid metabolism 

(dimethylgycine, creatine and creatinine) were associated with cadmium exposure, suggesting 

oxidative stress that was confirmed by an increase ofurinary 8-oxo-deoxyguanosine(Ellis et 

al. 2012). The third focused on 83 pregnant women living in a French agricultural area 

(Brittany). As a surrogate of environmental pesticide exposure, the surface area of land 

dedicated to agricultural cereal activities in their towns of residence was used to categorize 

the women into three groups. The study showed modifications to the urinary metabolites 
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involved in oxidative stress and energy metabolism (an increase in glycine, threonine, lactate 

and glycerophosphocholine and a decrease in citrate) in the most exposed women after 

adjusting for the main potential confounders (age, body mass index, parity and smoking) 

(Bonvallot et al. 2013). The largestof these studies was a large-scale epidemiological study 

(includingmore than 4,000 individuals),which was conducted to investigate metabolic 

variations within four different population groups with different dietary patterns (Asian, 

North-American, and European). The urinary metabolic excretion patterns were discriminated 

between populations having contrasting lifestyles, diets and pathology risk factors, in 

particular blood pressure and cardiovascular disease (Holmes et al. 2008). Such a large-scale 

metabolic approach could be very useful in identifying the main interactions between 

lifestyle, diet, genetics and environmental exposures.  

 

Discussion 

Metabolomic studies in environmental healthmay represent a good way of highlighting new 

biomarkers linked with pollutant exposures and suggesting hypotheses for a better 

understanding ofthe mechanistic pathways associated with metabolic changes. This short 

review allows identification of some issues in order to come up with an ideal design from an 

environmental health perspective: this ideal design should be as similar as possible to an 

experimental situation where the only modifying factor would be environmental exposure, i.e. 

without confounding factors. Both toxicology and epidemiology have advantages and 

limitations. In toxicology,the controlled conditions of very simple mixtures limit variability 

and confusion factors - but the difficulty lies in getting closer to the real human exposures 

(number of pollutants and levels of exposure). Epidemiology allows the complexity of human 

exposures to be taken into account yet requires the definition of strategies aimed at reducing 

the number of confoundingfactors. These observations involvethe development of new 
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original environmental health strategies that combine both human and animalstudies. The 

main challenges in study design, recruitment of individuals or definition of exposure groups, 

sampling strategy, statistical tools used, pathway analysis and system biology are briefly 

described below. 

Study design, recruitment of individuals and definition of exposure groups 

The use of metabolomics in environmental epidemiology requires an 

improvementinexperimental protocols to optimizereliability, reproducibility, and sensitivity. 

One solutionis the use of large-scale studies such as metabolome-wide association studiesor 

metabolic phenotyping for which optimal protocols (sampling strategies, analyses and 

processing) have been largely described elsewhere (Bictash et al. 2010;Dumas et al. 

2006).The interest of these studies mainly lies in the possibility of studying both phenotypic 

and cultural/environmental factors (especially diet). At this scale, it is possible to link 

metabolic profiling with the presence of risk factors or disease. For example, in the study 

from Holmes et al. (Holmes et al. 2008), cultural differences and diet could be considered as a 

surrogate for environmental differences, without acknowledgment of direct contaminant 

exposures. The same issues could be expressed for environmental epidemiology on a smaller 

scale. Furthermore, in this case, three main challenges may be described: 

Limitation of the inter and intra-individual variability within groups being compared: the 

population studied should be sufficiently homogeneous to reduce uncontrolled variability, 

especially in terms of diet. This could be achieved through the choice of culturally-similar 

individuals (Lenz et al. 2004) having the same gender, age and physiological conditions – 

such asbody mass index, for example – and without specific pathologies or medication. 

Limitation of co-exposure and other confounding factors: this could be achieved by making 

all co-variables – such as diet (the most important co-variable in environmental health) – 

homogeneous, for example by choosing culturally-similar individuals. In addition, it is 
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advisedthat the number of individuals be high enough to take into account non-controllable 

variability. But giving a minimal number of subjects is almost impossible in metabolomics 

because of poor knowledge of variability of endogenous metabolites in all biological fluids, 

cells or tissues. 

The choice of a contrasted environmental exposure between groups of individuals: in this 

case, in environmental epidemiology, geographical indicators may be used as a surrogate for 

complex and multiple exposures, since some studies have shown that residential proximity to 

anthropic activities could increase exposure to pollutants. This is well established with 

pesticides exposure and agricultural area, as shown by several authors (Jamin et al. 2013; 

Munoz-Quezada et al. 2012; Gunier et al. 2011; Bradman et al. 2011). But the measurement 

of environmental exposures remains a challenge. Exposure should be assessed in different 

ways, associating, for example, biological measurements with geographical indicators.In 

toxicology, the challenge remains in the definition of exposures as similar as possible to 

human exposures, taking into account their complexity in terms of both number of pollutants 

and choice of dose levels. Few toxicological studies are designed using these hypotheses 

(Cabaton et al. 2013; Zhang Y. et al. 2011; Mehri et al. 2010). 

Biological sampling strategy 

Type of biological fluid and sampling and storage conditions are essential to the design of 

sampling strategy(Alvarez-Sanchez et al. 2010b). Blood and urine metabolic profiles are now 

preferred over other biological fluids because they embody a large number of metabolic 

pathways representative of the whole metabolism of an organism. Theyare better studied. 

Other biological fluids such as saliva or hair are becoming emerging media, due to the non-

invasiveness of their sampling procedures (Zhang et al. 2012; Bessonneau et al. 2013; 

Neyraud et al. 2013). The moment of collection for each individual should be as similar as 

possible since there is considerable intra-individual variability depending on time of day or 
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night, especially for urine. Finally, storage conditions must be closely controlled to avoid 

microbial contamination or degradation, and should be the same as for all samples analyzed in 

orderto reduce inter-individual variability.Few studies have directly discussed storage 

conditions for metabolomics use. Most of these showed low metabolic degradation where 

samples are frozen immediately, or at most 24 hours followingcollection at ambient 

temperature (Maher et al. 2007). This was confirmed by Peakman and Elliott (2008) who 

tested sample stability at 4°C and 18°C in different studies, and showed integrity of the 

samples maintained at 4°C at least up to 24 hours (Peakman and Elliott, 2008). Dunn et al. 

(2008) also showed that analytical variance was of the same magnitude as variance observed 

between samples stored at 4°C for 0 or 24 hours (no statistical significant changes between 

the 2 storage conditions) (Dunn et al. 2008). Likewise, a long period of freezing (-40° C for 

urine and -80° C for blood, for 9 months) does not appearto have any impact on the metabolic 

profile (Beckonert, 2007). Recently, Hebels et al. studied the influence of long-term storage of 

blood samples for omics analysis in environmental health research. No trend was observed in 

relation to the storage temperature after immediate thawing (storage at -80°C from several 

weeks to several months) (Hebels et al. 2013).Although one study showed minimal effects of 

storage temperature (overa period of one week) on human plasma lipids profiles (tested 

conditions: 4°C, -20°C and -80°C) (Zivkovic et al. 2009), Deprez et al. showed more changes 

following storage at 4°C or at room temperature on rat plasma samples. The changes observed 

could be due to lipid hydrolysis (Deprez et al. 2002). However, even though a few studies 

showed significant modifications of metabolic profiles in plasma, in order to define the most 

rigorous study design, it would be preferable to have immediate freezing of biological 

samples, directly after collection, to prevent changes and decrease possible variability 

observed between samples.  

Analytical methods 
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In terms of their advantages and limitations, both NMR and MS techniques appear to be 

highly complementary.On the one side, the ease of sample preparation and rapid analysis time 

provided by NMR techniques is well adapted to high throughput fingerprinting, and on the 

other, the high sensitivity of MS techniques and their ability to measure more metabolites 

allows for extended metabolome coverage. Indeed, NMR allows for the measurement of 

major metabolites (i.e. metabolites in the field of micromolar concentrations) such as amino 

acids, organic acids, carbohydrates and lipids. MS is able to evidence minor metabolites such 

as steroids, hormones, neurotransmitters or other trace compounds, which may be present at 

concentrations as low as picomolar. On the other hand, NMR provides access to highly polar 

metabolites (sugars, sugar phosphates, etc) which are often difficult to handle using the 

universal reversed phase C18-based LC-MS methods, and which may require specific 

analytical strategies such as hydrophilic (ion) interaction liquid chromatography (HILIC) – 

MS or capillary electrophoresis – MS coupling (Idborg et al. 2005; Cubbon et al. 2010; 

Ramautar et al. 2013). It therefore appear relevant, in order to identify dynamic pathways of 

toxicity, to associate the two technologies in metabolomics for environmental health. As 

discussed by Bouhifd et al., the choice of an analytical tool is generally a compromise 

between sensitivity and selectivity (Bouhifd et al. 2013). However, the combined use of NMR 

and MS could enable characterization of many more metabolites – not only those related to 

the functioning of the organism (endogenous metabolites), but also those generated by 

environmental exposure (traces of pollutants). Indeed, in addition to the identification of 

endogenous metabolites, metabolomics is already used in the detection and identification of 

metabolites coming from xenobiotics, using targeted or semi-targeted techniques. For 

example, conjugated metabolites of bisphenol A were unambiguously characterizedin plasma, 

urine and testis from laboratory rodents orally exposed (Lacroix et al. 2011; Chen et al. 2012) 

using targeted profiling.Semi-targeted profiling was used to characterize pesticide metabolites 
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in the urine of pregnant women living in a French agricultural area. Based on a list of 

numerous pesticides commonly used on French crops, and using UHPLC coupled to HRMS, 

several metabolites from two fongicides (azoxystrobin and fenpropimorph) were identified in 

the urine of thosewomen livingin areas where cereal cropspredominate(Jamin et al. 2013). 

This approach can be considered to bea first step in the characterization of an “exposome”, 

since it was described for the first time by Wild (2005) and defined as the totality of all 

exposure over a lifetime. The term “all exposure” refers to a global approach taking into 

account not only a variety of sources such as hazardous agents (chemical, physical, 

biological) as well as social characteristics considered “external exposures” – but also all 

measurable biomarkers (metabolites, adducts, biotransformation products, etc.) considered as 

markers of “internal exposures”. Rappaport defined two generic approaches for characterizing 

the exposome: the bottom-up approach characterizing external exposure (environmental 

contamination and exposure assessment), which is useful in improving prevention strategies 

in public health, and the top-down approach, which uses untargeted omics techniquesto 

identify biomarkers in biological fluids, and is useful inimproving knowledge about the 

causes of human disease (Lioy and Rappaport, 2011; Rappaport, 2011).In characterizing the 

global exposure of human populations at different stages of life, metabolomics could make 

the connection between “external” and “internal” exposures at critical periods of life, as it was 

described by T.J. Athersuch (Athersuch, 2012).This author and his collaborators proposed 

several keys to the development and application of omics technologies (including 

metabolomics) in environmental epidemiology (Vineis et al. 2013). 

Statistical analysis 

In environmental epidemiology, supervised methods could be preferred due to the high level 

of variability within a human population, often inducing a lack of separation with 

unsupervised methods such as PCA (Miller, 2007). For example, cluster analysis and PLS 
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have been already shown to be successful in human studies (Ellis et al. 2012;Bonvallot et al. 

2013; Holmes et al. 2008). However,application of a preliminary PCA would be 

usefulinhighlighting the spontaneous separation of outliers. 

Biomarker identification 

Currently, metabolite identification remains a key challenge in metabolomics. Even though 

(as previously mentioned) numerous databases have been established and developed in recent 

years, none of these offers overall coverage of the metabolome. Searching against all 

databases is necessary, but comparison of information from one database to another is 

difficult, due to the varying data format or data recovery methods used. To improve the 

biomarker identification step, many bio-informatics toolshave been developed, covering both 

MS (Zhou et al. 2012; Li et al. 2013) and NMR spectra (Tulpan et al. 2011). 

Biological interpretation 

Acquisition of information – on the quantities of the different metabolites found in biological 

fluids in normal conditions, and factors influencing their levels in biological fluids in order to 

be able to detect subtle disturbances related to environmental factors – is an important 

challenge(Vlaanderen et al. 2010). Many studies have been published concerning the impact 

of certain physiological parameters in the metabolic profiles of a normal healthy population. 

The main factors include, but are not limited to: age (D'Adamo et al. 2010;Gu et al. 2009), 

gender (Bertram et al. 2009;Kochhar et al. 2006), body mass index (Bertram et al. 2009) and 

also diet ingested 24 hours prior to collection(Lenz et al. 2004). These studies are very helpful 

in improving knowledge about metabolic variability between healthy individuals, and could 

be very useful in environmental epidemiology. Additional mechanistic information onthe 

metabolic pathways involved in the toxicity of complex mixtures should be 

providedfromanimal experiments. Indeed, the use of environmental health metabolomics in 

humans is still exploratory and it requires the creation of a connection between metabolic 
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modifications which may be observed, early toxicity and adverse effects on the organism, as 

made by Ellis et al. with the association between modified urinary metabolic profiles and 

proteinuria (Ellis et al. 2012). These connections are easier to determine in animals with the 

use of different doses scales, allowing to identify adverse effects, early toxic effects, and 

metabolic changes in a same experiment. In this case, given the great diversity of 

environmental exposures, the challengeslie in the choice of exposure groups and model 

chemical mixtures that are as close as possible to human exposure andin finding out how the 

various metabolites are connected together in order to regulate cell functioning. The question 

that needs to be addressed is: what is the biological and health significance in the whole 

organism of the observed metabolic changes? 

The understanding of biological networks is of great interest but still needs significant 

development, particularlyin computational tools (Kholodenko et al. 2012). Progress has been 

made recently in the reconstruction of the metabolic networks of biological systems, and the 

mechanisms triggering the shifts of these metabolic networks following exposure to model 

contaminants. For this, NMR was used, but also high-resolution MS, which grants access to a 

larger set of metabolites, and makes it possible to characterize their exact mass. In order to 

study the modulation of metabolic networks and to gain a better understanding of the 

mechanisms of action of low doses of contaminants, computational models of these networks 

have been developed (Jourdan et al., 2010). In parallel, there has been considerable progress 

in the development of bioinformatic tools and databases (e.g. KEGG (Kanehisa and Goto, 

2000) and HMDB (Wishart et al. 2007, 2009, 2013)) making metabolomics studies much 

more quantitative and far more extensive in terms of metabolic coverage. Recent biochemical 

databases provide information about the interconnectivity of metabolism which can be 

automatically polled using metabolomics secondary analysis tools. Starting with lists of 

altered metabolites, there are two main types of analysis: enrichment analysis computes which 
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metabolic pathways have been significantly altered whereas metabolite mapping 

contextualizes the abundances and significances of measured metabolites into network 

visualizations (Booth et al. 2013). 

In this case, targeted metabolomics on particular metabolic pathways could be an interesting 

perspective in order to explain more in-depth environmental contaminant mechanisms of 

action. 

Finally, this short review has shown that although numerous studies are published in the field 

of toxicology to study the mechanisms of action of environmental pollutants, little 

epidemiological data gives rise to a comprehensive knowledge of what may be observed in 

humans. The issue of animal-to-human extrapolation – well-studied in hazard 

characterization– is still topical, and remains a challenge in metabolomics. A new research 

strategy is needed in order to understand the significance of the modifications observed in a 

metabolic profile as well as the validity of the biomarkers identified in toxicology. The role of 

in vitro metabolomics may have the capacity to meet this challenge with the development of 

human cell assays and the comparison of the mechanisms of action of environmental 

pollutants between species. 

 

In conclusion, metabolomics may be a powerful tool in environmental health for two main 

reasons: 1) the identification of complex exposure biomarkers, directly in human populations, 

or the characterization of “internal exposures” as an approximation of the exposome; and 2) 

the identification of modified metabolic pathways allowing the suggestion of hypotheses on 

mechanisms of toxicity and in order to better understand the environmental causes of 

diseases. Although it is not yet well used in humans, there is potential for the development of 

this technique, associated with classical environmental epidemiology and toxicology, as was 

shown by the first studies published in this field in recent years.Numerous key challenges 
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were highlighted that needed further research – including recruitment of individuals and 

definition of exposure groups, sampling strategies, analytical and statistical techniques, 

metabolite identification and biological/ toxicological interpretation. In addition, the relevance 

of animal-to-human extrapolation remains a dominant issue. 
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Figure Legends 

Figure 1: Diagram of the toxicity of a contaminant and the link with the metabolic fingerprint 
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Figure 2: flowchart of a metabolomics analyses 

 


