
Introduction

Metabolic profiling, incorporating metabonomics 
(Nicholson et  al., 1999) and metabolomics (Fiehn, 
2002) is a promising high-throughput technology that 
can identify thousands of metabolic signals and can 
lead, if appropriately used, to the identification of new 
biomarkers (Keun and Athersuch, 2007, Lindon et al., 
2005, Coen et al., 2008). In a previous study, metabolic 
profiling has been shown to be able to distinguish dif-
ferent population subgroups and to identify potential 
biomarkers of diet-related hypertension (Holmes et al., 
2008). While this study used urine samples, several 

large epidemiological cohort studies that are available 
today have collected blood as the primary biological 
sample. It is therefore important to validate the use of 
blood samples for the development of metabolome-
wide profiles in cancer studies nested in cohorts. Such 
profiles may lead to the identification of both biomark-
ers of exposure (e.g. dietary components, environmen-
tal pollutants) and of markers of early damage (e.g. 
early disease-specific metabolic changes), notably for 
carcinogenesis.

Prospective cohort studies are conceptually suitable 
for the identification of new biomarkers of both expo-
sure and early biological effect, since they are based on 
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Abstract
Background: Predictive disease risk biomarkers that can be linked to exposure have proved difficult to iden-
tify in case-control studies.

Methods: Parallel statistical analysis of the correlation between 1H NMR profiles from plasma samples col-
lected before disease onset (EPIC cohort), versus exposure to dietary compounds, and follow-up disease 
endpoints (colon and breast cancer) was performed.

Results: Metabonomic signatures associated with colon cancer and dietary fiber intake (a protective factor 
according to epidemiological studies) were identified.

Conclusion: This implementation of the novel “meet-in-the-middle” analytical strategy indicates how case-
control studies nested in prospectively collected cohorts may reveal intermediate biomarkers linking expo-
sure and disease.
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pre-clinical biological samples that are not influenced 
by the inherent metabolic changes due to the disease 
itself.

Identifying the overlap between markers of exposure 
and predictive markers of disease outcome has previously 
been defined as a “meet-in-the-middle” approach (Vineis 
and Perera, 2007). According to that original concept, the 
finding that preclinical biomarkers shown to be related to 
particular exposures in prospective studies are also ele-
vated in certain subclasses of disease would strengthen 
causal links between exposures and disease. Prospective 
studies working from exposure to preclinical response 
would directly complement retrospective studies back-
tracking from clinical disease to preclinical response to 
exposure. This “meet-in-the-middle approach” has poten-
tial to open new avenues for prevention by identifying the 
specific environmental factor(s) involved in the disease 
process (Vineis and Perera, 2007).

As a proof-of-concept, we describe here a possible 
implementation of the “meet-in-the-middle” approach, 
based on a small pilot study, using a nested case-control 
design within a cohort of healthy individuals enrolled in 
the European Prospective Investigation into Cancer and 
Nutrition (EPIC), with an average of 7 years follow-up 
information relating to colon and breast cancer disease 
outcome. In this work, we have used the approach to 
identify a list of putative intermediate biomarkers that 
link exposure and disease outcome.

Methods

Available data from EPIC Torino sub-cohort

In a nested case-control pilot study of colon (24 cases and 
23 controls) and breast (19 cases and 20 controls) can-
cers, a total of 86 plasma samples from the Turin (Italy) 
sub-cohort of EPIC (referred to throughout as the EPIC 
Torino cohort) were processed using standard 1H NMR 
metabolic profiling protocols (Beckonert et al., 2007). The 
methods and rationale of EPIC, a large prospective cohort 
study with over 520,000 volunteer subjects enrolled from 
23 centres in 10 Western European countries, have been 
detailed elsewhere (Riboli, 1992, Riboli et  al., 2002). 
For the EPIC Torino component, lifestyle and personal 
history data was collected using standardized question-
naires used in other sub-cohorts. Anthropometric data 
were collected from most participants at recruitment 
(Bingham and Riboli, 2004). For both cancers, cases 
and controls were matched on gender and age. Plasma 
samples were collected on average 7 years before cancer 
onset. Information on the dietary intake of the volunteers 
was captured using two different dietary assessment 
instruments. First, diet over the previous 12 months 
was measured at recruitment by means of validated 

country-specific questionnaires, designed to ensure high  
compliance and better measures of local dietary habits 
in each of the EPIC centres (Bingham and Riboli, 2004). 
Second, diet over the 24 hours prior to interview (24-hour 
dietary recall) was collected in a subset using a standard-
ized software (Bingham and Riboli, 2004). In each of the 
23 EPIC centers, blood samples were drawn from most 
participants, stored at 5–10°C, protected from light, and 
transported to local laboratories for processing and aliq-
uot preparation. Blood was separated into 0.5 mL fractions 
(serum, plasma, red blood cells, and buffy coat for DNA 
extraction). Each fraction was placed into straws, which 
were heat-sealed and stored in liquid nitrogen at -196°C. 
Sodium citrate was used as anticoagulant and straws are 
made of a ionomeric resin (CRYO BIO SYSTEM). The 
time between collection and storage in this particular 
centre (Torino) was monitored and ranged between 2 
and 5 hours. EPIC has devoted much effort to establish 
an adequate sample collection and storage (Peluso et al., 
2005), and internal studies have been conducted to assess 
sample stability over time (Teahan et al., 2006).

Measurements for a large number of dietary expo-
sures (e.g. estimates of intake of specific food groups, 
foods and nutrients) and anthropometric and lifestyle 
data were considered, including a wide range of poten-
tial or known risk factors for cancer (smoking, BMI, and 
physical activity) as well as intake estimates of a panel of 
nutrients potentially involved in carcinogenesis (a total 
of 30 dietary variables). All dietary intake estimates were 
adjusted on total energy intake, as previously described 
in EPIC analyses (Vergnaud et al., 2010).

Metabolomics methodology

High-resolution one-dimensional 1H NMR spec-
tral profiles for the individual EPIC plasma samples 
(n = 86) were obtained at 600 MHz (1H operating fre-
quency) using a Bruker AVANCE 600 spectrometer 
(Bruker BioSpin, Rheinstetten, Germany) according 
to established sample preparation and acquisition 
protocols (Beckonert et al., 2007). Briefly, each sample 
was thawed and a 300 µL aliquot diluted with 300 µL 
saline solution (80:20 H2O:D2O (v/v), 0.9% NaCl (w/v)) 
giving a total volume of 600 µL. Prior to analysis, each 
sample was centrifuged (12,000 g, 5 min, 4 C) to remove 
any suspended, insoluble material, and 550 uL of the 
supernatant was subsequently transferred to a 5 mm 
glass NMR tube (GPE Scientific Ltd, Leighton Buzzard, 
Bedfordshire, England). Samples were submitted for 
1H NMR analysis immediately after preparation (i.e. 
no additional freeze-thaw cycles). One-dimensional, 
1H Carr-Purcell-Meiboom-Gill (CPMG) spectra were 
acquired as described previously (Beckonert et al., 2007) 
with suppression of the water resonance achieved by 
radiofrequency presaturation (δH = 4.701). Spectra were 
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then phased and baseline-corrected using in-house 
automated MATLAB routines (supplied by Drs T Ebbels, 
O Cloarec, HC Keun & JTM Pearce). Calibration of all 
spectra using the glucose doublet (δH = 5.233), was con-
ducted as described previously (Pearce et al., 2008). The 
spectral resolution of the metabonomic profiles indi-
rectly impacts the power of the study. Typically, higher 
spectral resolution results in more statistical tests being 
performed and therefore to a more stringent multiple 
testing correction. Given the small number of obser-
vation available in our study, spectral intensities were 
then integrated over 275 contiguous regions, whith a 
corresponding spectral resolution of 0.04 ppm / region, 
which has already been shown to be biochemically rel-
evant (Ebbels et al., 2007).

Implementation of the ‘meet-in-the-middle’ approach

An outline of our analytical strategy is illustrated in 
Figure  1. First relationships between spectral data and 
each disease end point were explored (colon and breast 
cancers were considered separately).

Spectral regions representing the water resonance 
(4.40 – 5.00 ppm) and those below 0 ppm were excluded, 
resulting in a total of 235 spectral regions used as pre-
dictor variables in subsequent chemometric analysis. 
Spectral data were first normalized so that the cumula-
tive spectral intensities over the 235 variables summed 
to 1 for each individual. Spectral data were subsequently 
analyzed using an O2PLS approach that has been well 
established for biomarker identification in metabolic 
profiling (Trygg and Wold, 2003, Cloarec et al., 2005). For 

each of the 235 spectral regions, the O2PLS approach pro-
vided estimates of their regression coefficient, represent-
ing their contribution to case-control discrimination. A 
bootstrap resampling technique was used to estimate the 
uncertainty of each regression coefficient, and approxi-
mate Student’s t-tests were performed to estimate the 
p-value for each spectral variable in relation to disease 
outcomes (Holmes et  al., 2008). Bonferroni correction 
was applied as a conservative adjustment of the signifi-
cance criteria for individual pair-wise comparisons to 
account for multiple testing: with an overall family wise 
error rate of 0.05, the per-test significance level was set to 
α = 0.05/235  =  2.1x10−4.

In parallel, the associations between exposure esti-
mates (diet, anthropometry, lifestyle) and spectral 
regions were assessed using either an analysis of vari-
ance (ANOVA) for categorical variables or (ii) a non-par-
ametric Spearman’s rank correlation test for continuous 
variables.

From these two parallel analyses, we obtained lists 
of putative markers of (i) the disease outcome, and (ii) 
exposure. These were compared in a second step in order 
to identify possible intersecting signals, therefore defin-
ing potential intermediate biomarkers.

Plausible plasma metabolites with characteristic reso-
nances in the spectral regions identified in the analysis 
described above were characterized using published 
literature data and database resources (Nicholson et al., 
1995, Wishart et al., 2007), thus producing a list of puta-
tive intermediate molecules that may link exposure and 
disease outcome, thus providing leads for future investi-
gation and validation.

Selected exposure
measurements:
anthropometry,
lifestyle, diet...

Putative
Exposure
Markers
(spectral
regions)

Putative
Intermediate

Markers
(spectral
regions)

Putative
Effective
Marker

(molecule)

Putative
Disease
Markers
(spectral
regions)

Disease
Outcomes:

Brease/Colon cancer,
cases and controls

Significance assessment
O2PLS-bootstrap

Bonferroni correction

Plasma
1H NMR Profiles:

235 spectral regions
(resolution 0.04 ppm)

Molecular
Identification

In
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tio
n

Correlation assessment:
ANOVA

Spearman correlation

Figure 1.  Schematic representation of the implementation of the ‘meet-in-the middle’ approach.
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Results

We first compared spectra from the 24 colon cancer cases, 
and the 19 breast cancer cases against 43 pooled controls. 
Based on these samples, the O2PLS approach did not 
highlight any significant associations for breast cancer 
but found eight spectral regions significantly associated 
to colon cancer outcome: [3.20-3.24], [3.64-3.68], [3.68-
3.72], [4.04-4.08], [4.24-4.28], [6.80-6.84], [7.00-7.04], 
[7.72-7.76] ppm. Basing our calculations on the stand-
ard q-value approach and R-package from Storey (Storey, 
2002), we estimated the maximum false discovery rate 
(FDR) for the variables whose O2PLS p-values were 
below the Bonferroni corrected significance level: we 
found that the FDR for this analysis was <0.003. For both 
cancers, when limiting the sample size by using gender-
matched case/control pairs, no statistically significant 
association was found. However, the ranking of the asso-
ciations according to their p-values (whether significant 
or not) was consistent with the one based on the (larger) 
pooled controls population. This could be explained by 
the gain in power related to the use of a larger sample 
size, though it could lead to uncontrolled confounding 
for the matching variables. The results detailed below 
describe the analysis of colon cancer as the disease out-
come compared to pooled controls.

We examined the strength of the associations between 
spectral regions and exposure variables. In Figure 2 we 
map the peak/exposure combinations showing a higher 
level of correlation (the top associations correspond to 
those with p-values <0.05).

For the vast majority of exposure measurements, the 
total number of such associations remains below 15, 
while for dietary fibers and total protein intake there are 
over 20 associations (21 and 38 respectively): for these 
two variables, larger continuous spectral regions showing 
a higher level of correlation can be observed.

We summarize in Table 1 the spectral variables/expo-
sure associations involving any of the significant spectral 
regions primarily found to be related to case-control dis-
crimination by the O2PLS approach (horizontal dashed 
lines in Figure 2).

Due to the high p-values of these associations (p-val-
ues ranging from 0.003 to almost 0.05), none would 
survive any realistic correction for multiple testing, and 
could therefore not be considered as statistically sig-
nificant. However, some are well-recognized risk factors 
for colon cancer (e.g. smoking), while dietary fibers are 
the most established protective factor for colon cancer 
(Bingham et  al., 2003, Wiseman, 2008). Furthermore, 
lower p-values were found for exposure measurements 
associated to more than one putative marker of the dis-
ease outcome, therefore suggesting a greater relevance 
of these signals. In particular, dietary fibers intake was 
found to be associated to four putative markers (with 

corresponding p-values ranging from 0.003 to 0.02 and 
an Odds Ratio = 0.64). For these associations we also per-
formed the calculation of the FDR. This showed that each 
of the four putative markers associated with dietary fiber 
intake had an FDR<0.35.

Discussion

The purpose of the present pilot study was to explore 
the possibility of using plasma metabolic profiles, in a 
prospective study on diet and cancer, to define interme-
diate metabolic biomarkers via a ‘meet-in-the-middle’ 
approach as defined above. The strongest (negative) 
association we identified in relation to colon cancer, both 
in terms of statistical significance and of number spectral 
regions associated with cancer onset, involved dietary 
intake of fibers. This lends plausibility to our findings. 
Thiamin was also found negatively associated with three 
spectral regions, in turn significantly associated to colon 
cancer. This observation is interesting because thiamin 
has been recently suggested as potential protective fac-
tors for colon cancer (Bruce et al., 2003).

While it was not possible to make unambiguous 
associations between individual metabolites and the 
exposure measurements, it is interesting to note that two 
spectral regions have just one metabolite indicated from 
interrogation of metabolomic databases. One indicates 
a possible link between a metabolite of benzoic acid 
[6.80-6.84] and dietary fibers, while the other suggests 
an association between histidine metabolism [7.72-7.76] 
and BMI. Benzoic acid is predominantly derived from gut 
microbial fermentation of plant phenolics in the colon 
(Nicholson et al., 2005, Phipps et al., 1998, Aura, 2007), 
a process also plausibly linked to higher dietary fibers 
exposure and lower colon cancer risk. Increased blood 
levels and excretion of histidine metabolites such as 
methylhistidine are associated with a high meat intake, 
as is detection of carnosine, a beta-alanine-histidine 
dipeptide that is highly abundant in meat (Block et al., 
1965, Park et al., 2005, Myint et al., 2000, Abe et al., 1993, 
Dragsted, 2010). It is also plausible that a signature of 
meat intake could positively correlate to BMI and can-
cer risk. One region [3.68-3.72] appears to be associated 
with the majority of exposure measurements: this spec-
tral region contains signals from two of the most abun-
dant metabolites in blood, glucose and glutamine. Both 
metabolites report on the combined effects of multiple 
energetic and dietary processes, hence these correlations 
are likely to be non-specific.

Taken together, our results suggest that meaning-
ful relationships can be found using our data analysis 
strategy on metabolic profiling and are consistent with 
the epidemiological literature relating to colon cancer 
(Wiseman, 2008). This pilot study has provided evidence 
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of the utility of “meet-in-the-middle” approaches to iden-
tify putative metabolites that may be statistically linked 
to both exposures and disease outcomes, thus leading to 
potential intermediate biomarkers. The small number of 
observations available in the current study was a con-
siderable weakness and limited the confidence with 
which putative markers could be derived due to multi-
ple testing considerations. Larger studies would permit 
analyses to be conducted with greater statistical power 
(and facilitate the use of high-resolution profile data) 

and are an obvious next step in establishing the utility 
of our approach. A number of omics-based profiling 
projects currently underway are using large numbers of 
biological samples from prospective cohort studies with a 
nested case-control design. These studies will be ideal for 
deriving intermediate markers of early response that link 
exposure and disease endpoints, through an approach 
similar to the one we describe here. We conclude that the 
“meet-in-the-middle” approach to biomarker discovery 
previously proposed (Vineis and Perera, 2007) provides 
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Figure 2.  Map of the strongest associations between exposure variables (X-axis) and 1H NMR spectral regions (Y-axis). The strength of the associa-
tion for each exposure/spectral variable combination is measured by the corresponding p-value. For clarity, only associations with p-values<0.05 
are plotted, and these are colored according to their p-values. The total number of such associations is shown in brackets for each exposure 
measurement. Horizontal dotted lines represent spectral regions in the 1H NMR spectra that were found significantly associated with the disease 
outcome (colon cancer).

Table 1.  Summary of the spectral regions that were found significantly associated with colon cancer onset by the OPLS approach, and whose 
association with the exposure variables had a p-value <0.05 (these p-values are reported in the table).

Exposure [3.20-3.24] [3.68-3.72] [4.04-4.08] [4.24-4.28] [6.80-6.84] [7.72-7.76]

Smoking Status  0.0426     

BMI      0.0351

Energy  0.0111 0.0474    

Tot. Fats  0.0334     

Cholesterol  0.0227     

Mono unsat Ac.  0.0059     

Diet. Fibres  0.0205 0.0156 0.0033 0.0141  

Vit. C  0.0249  0.0419   

K  0.0191 0.0255 0.02   

Mg 0.045      

RiboFv  0.0247     

Thiamin  0.0061 0.0375 0.0288   

Vit. B6  0.0351     

Potential Metabolite 
Assignments

choline arginine 
β-glucose

glutamine leucine citrul-
line α-glucose

Creatinine lipid glyceryl 
myo-inositol choline 2,3-
diphosphoglyceric acid

Threonine lipid  
glyceryl

p-aminobenzoic  
acid

histidine
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a simple and efficient strategy for biomarker discovery in 
molecular epidemiological research.
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