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Abstract

Background: Epidemiological studies of associations between metabolites and cancer risk have typically focused on
specific cancer types separately. Here, we designed a multivariate pan-cancer analysis to identify metabolites poten-
tially associated with multiple cancer types, while also allowing the investigation of cancer type-specific associations.

Methods: We analysed targeted metabolomics data available for 5828 matched case-control pairs from cancer-
specific case-control studies on breast, colorectal, endometrial, gallbladder, kidney, localized and advanced prostate
cancer, and hepatocellular carcinoma nested within the European Prospective Investigation into Cancer and Nutri-
tion (EPIC) cohort. From pre-diagnostic blood levels of an initial set of 117 metabolites, 33 cluster representatives

of strongly correlated metabolites and 17 single metabolites were derived by hierarchical clustering. The mutually
adjusted associations of the resulting 50 metabolites with cancer risk were examined in penalized conditional logistic
regression models adjusted for body mass index, using the data-shared lasso penalty.

Results: Out of the 50 studied metabolites, (i) six were inversely associated with the risk of most cancer types: glu-
tamine, butyrylcarnitine, lysophosphatidylcholine a C18:2, and three clusters of phosphatidylcholines (PCs); (ii) three
were positively associated with most cancer types: proline, decanoylcarnitine, and one cluster of PCs; and (jii) 10 were
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specifically associated with particular cancer types, including histidine that was inversely associated with colorectal
cancer risk and one cluster of sphingomyelins that was inversely associated with risk of hepatocellular carcinoma and

positively with endometrial cancer risk.

Conclusions: These results could provide novel insights for the identification of pathways for cancer development, in

particular those shared across different cancer types.

Keywords: Metabolomics, Cancer, Breast, Colorectal, Endometrial, Kidney, Liver, Prostate, Lasso, EPIC

Background

Metabolomics allows the simultaneous measurement of
a large variety of compounds present in biological sam-
ples, such as human blood [1, 2]. Circulating metabolite
levels can reflect both endogenous and exogenous pro-
cesses, providing a snapshot of biological activity [3, 4].
As a result, metabolomics may facilitate the identification
of biological mechanisms involved in the development of
chronic diseases. For example, prior metabolomics stud-
ies have identified metabolites associated with the risk
of various chronic conditions, including type 2 diabetes
(T2D) [5-7], cardiovascular diseases (CVD) [8-10], and
different site-specific cancers, including cancers of the
breast [11], prostate [12, 13], endometrium [14], kid-
ney [15], colorectum [16-18], hepatocellular carcinoma
(HCC) [19], and others [20, 21].

Several shared biological mechanisms are known to
underlie multiple chronic diseases. Obesity, physical inac-
tivity, and adherence to a Western-type diet, as well as
chronic inflammation and insulin resistance, are recog-
nized risk factors for cardio-metabolic diseases, includ-
ing T2D, CVD, and several site-specific cancers [22—24].
Metabolomics may help uncover novel etiological mecha-
nisms that are common to several chronic diseases as well
as those that are disease-specific. One recent study iden-
tified metabolites associated with the risk of multimor-
bidity, defined as the simultaneous presence of multiple
chronic conditions within one individual [25]. Focusing
on a pre-defined panel of metabolites, a targeted metabo-
lomics study of breast, prostate, and colorectal cancers in
a German population found that circulating levels of the
phosphatidylcholine PC ae C30:0 and several lysophos-
phatidylcholines, including lysoPC a C18:0, were predic-
tive of the development of any of these three cancers [26],
suggesting that some etiological mechanisms could be
shared across multiple cancer types.

In this work, we extended this concept by leverag-
ing targeted metabolomics data available within nested
case-control studies on eight cancer types (breast, colo-
rectal, endometrial, gallbladder and biliary tract, kidney,
localized prostate and advanced prostate cancers, and
HCC) previously acquired in the European Prospective
Investigation into Cancer and Nutrition (EPIC) [11, 12,
14, 15, 19]. The data-shared lasso [27-29], a penalized

multivariate approach specifically designed for the inves-
tigation of a set of shared risk factors across different
disease outcomes, was used to carry out a multivariate
pan-cancer analysis to identify mutually adjusted metab-
olites associated with cancer risk and to identify those
metabolites with consistent or heterogeneous patterns of
associations across the eight cancer types.

Methods

Study population

EPIC is an ongoing multicentric prospective study with
over 500,000 men and women recruited between 1992
and 2000 from 23 centres in 10 European countries [30],
originally designed to study the relationship between
diet and cancer risk. Incident cancer cases were identi-
fied through a combination of methods, including health
insurance records, cancer and pathology registries, and
active follow-up through study participants and their
next-of-kin. At recruitment, information on diet and life-
style was collected via self-administered questionnaires.
Blood samples were collected from around 386,000 par-
ticipants according to a standardized protocol. In France,
Germany, Greece, Italy, the Netherlands, Norway, Spain,
and the UK, serum (except in Norway), plasma, eryth-
rocytes, and bufty coat aliquots were stored in liquid
nitrogen (— 196 °C) in a centralized biobank at the Inter-
national Agency for Research on Cancer (IARC). In Den-
mark, blood fractions were stored locally in the vapour
phase of liquid nitrogen containers (— 150 °C), and in
Sweden, they were stored locally at — 80 °C in standard
freezers. Fasting was not required.

Our analyses used a set of metabolomics measure-
ments from 15,948 EPIC participants from seven cancer-
specific matched case-control studies nested within EPIC
(Table 1). In each study, each case was matched to one
control selected among cancer-free participants (other
than non-melanoma skin cancer) by risk set sampling,
using matching factors that included study centre, sex,
age at blood collection, time of the day of blood collection,
fasting status, and use of exogenous hormones for women.

All participants provided written informed consent to
participate in the EPIC study. The cancer-specific case-
control studies were all approved by the ethics committee
of IARC and participating EPIC centres.
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Table 1 Description of the original seven cancer-specific matched
case-control studies nested within EPIC

Cancer site Number  Matrix Laboratory Kit used
of
samples
Breast 3172 Citrate plasma® IARC p180
Colorectal (study 946 Citrate plasma  1ARC p180
1)
Colorectal (study 2295 Serum HZMP p150
2)
Endometrial 1706 Citrate plasma  ICL® p180
Liver 662 Serum IARC p180
Kidney 1213 Citrate plasma  IARC p180
Prostate 6020 Citrate plasma  IARC p180

2 Except Swedish participants (n=101; EDTA plasma)
b Helmhotz Zentrum Miinchen

¢ Imperial College London

Laboratory analysis

As summarized in Table 1, pre-diagnostic blood sam-
ples were assayed at the Helmholtz Zentrum (Miinchen,
Germany) for the second colorectal cancer study, at
Imperial College London (UK) for the endometrial can-
cer study, and at IARC for all other studies. Data for a
total of 171 metabolites were acquired by tandem mass
spectrometry using either the AbsoluteIDQ p150 (for
the second colorectal cancer study) or the AbsoluteIDQ
p180 commercial kit (Biocrates Life Science AG, Inns-
bruck Austria). Two successive assays were used, liquid
chromatography-tandem mass spectrometry (LC-MS/
MS) for amino acids and biogenic amines, and flow
injection analysis-tandem mass spectrometry (FIA-
MS/MS) for the other metabolites. Samples were either
serum or citrate plasma, and samples within each study
were all from the same type of blood matrix, except for
the breast cancer study (Table 1). Samples of each case-
control pair were assayed on the same batch (and in the
same laboratory).

Selection of the metabolites and data pre-processing

Data were pre-processed following an established pro-
cedure [31]. Briefly, metabolites with more than 25%
missing values in any study were excluded. Samples with
more than 25% missing values overall were excluded, as
were those detected as outliers by a principal compo-
nent analysis (PCA)-based approach applied within each
study separately. Then, for all metabolites measured by
FIA with a semi-quantitative method (acylcarnitines,
glycerophospholipids, sphingolipids, hexoses), measure-
ments below the batch-specific limit of detection (LOD)
were imputed to half the LOD. When the batch-specific
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LOD was unknown, LOD was first set to study-specific
medians of known batch-specific LODs. For the metabo-
lites measured with a fully quantitative approach (amino
acids and biogenic amines), measurements below the
lower limit of quantification (LLOQ) or above the upper
limit of quantification (ULOQ) were imputed to half the
LLOQ or to the ULOQ, respectively. For all metabolites,
other missing values were imputed to the batch-specific
median of the non-missing measurements. The result-
ing measurements were then log-transformed to improve
symmetry.

Cancer types and exclusion criteria

We focused on eight cancer types, namely breast, colo-
rectal, endometrial, kidney, gallbladder and biliary tract
cancers, HCC, and advanced and localized prostate. As
detailed in the Supplementary Material (Additional file 1:
Section 1 [12, 19]), matched case-control pairs for HCC
and gallbladder and biliary tract cancer were extracted
from the liver cancer study, while matched case-control
pairs for advanced and localized prostate cancer were
extracted from the prostate cancer study. Since hor-
mones could affect metabolite levels and their association
with cancer risk [11], women using exogenous hormones
(either hormone replacement therapy or oral contracep-
tive) at baseline were excluded.

Statistical analyses

All analyses were performed using R software. Charac-
teristics of cases and controls for the eight studied can-
cer types were described using the mean and standard
deviation or frequency. Pearson correlations between the
metabolites were computed in controls only to reduce
collider bias.

Clustering of metabolites

The most strongly correlated metabolites were grouped
together by applying the hierarchical clustering approach
implemented in the ClustOfVar R package [32] to the
control samples. For each cluster, the method defined
its representative as the first principal component in the
PCA of the metabolites grouped into that cluster. In our
figures and tables, cluster representatives were labelled
as “xxx_clus’;, with “xxx” representing one particular
metabolite that composed that cluster. We retained the
model with the lowest number of clusters such that rep-
resentatives explained at least 80% of the total variation
in each cluster. Cluster representatives and metabolites
left isolated after the clustering were simply referred to as
metabolites hereafter.
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Multivariate analyses

Given the number of studied metabolites, penalized con-
ditional logistic regression models were used to estimate
mutually adjusted associations with cancer risk. Since
body mass index (BMI) could be a strong confounder of
the relationship between several of the examined metab-
olites [33, 34] and cancers [35-39], metabolite-specific
linear models were used to compute residuals on BMI. To
account for the large number of metabolites and leverage
possible commonalities among the metabolic disorders
preceding cancer development for different cancer types,
estimation was based on the data-shared lasso [27-29],
an extension of the lasso [40] allowing the analysis of
case-control studies with multiple disease types. For each
metabolite, the data-shared lasso decomposes its type-
specific odds ratio as the product of (i) an overall odds
ratio capturing the overall association with cancer and
(ii) type-specific deviations from this overall odds ratio.
Then, the method identifies whether its overall (mutually
adjusted) association with cancer is null or not and also
whether some of its type-specific associations deviate
from its (possibly null) overall association with cancer.
Compared to more standard approaches, the data-shared
lasso was shown to perform particularly well for the iden-
tification of features with a consistent non-null associa-
tion with multiple disease types, while also allowing for
the identification of type-specific associations [29]. The
data-shared lasso along with its implementation are
described further in the Supplementary Material (Addi-
tional file 1: Section 2 [27-29, 41-45]).

To assess the robustness of the identified associations,
the data-shared lasso was applied repeatedly on 100
bootstrap samples generated from the original sample
[46]. Moreover, following the rationale of the lasso-OLS
hybrid [47], associations identified by the data-shared
lasso were further inspected using unpenalized condi-
tional logistic regression models, (i) to quantify their
strength and investigate possible heterogeneity among
the type-specific associations beyond those identified by
the data-shared lasso (see Additional file 1: Section 3 [47,
48] for details); (ii) to assess possible departure from lin-
earity by comparing models with natural cubic splines to
models with linear terms only; and (iii) to assess possi-
ble attenuation after excluding, in turn, first 2 and first 7
years of follow-up (to examine potential reverse causation
and more generally assess the impact of time to diagnosis
on our findings), after adjustment for additional factors
(education level, waist circumference, height, physical
activity, smoking status, alcohol intake, use of non-steroi-
dal anti-inflammatory drugs, and, for women, menopau-
sal status and phase of menstrual cycle in premenopausal
women), and after reintegrating the pairs comprising at
least one hormone user. Effect modification by BMI was
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assessed under standard (ie., non-conditional) logistic
regression models after breaking the matching and cor-
recting metabolite measurements for batch and study
effects [31]. Finally, to assess the impact of the exclusion
of pairs with missing information on tumour stage in the
prostate study, the data-shared lasso was applied to 100
bootstrap samples generated from the sample compris-
ing all pairs from the prostate study, after considering an
additional subtype (“unknown stage”) for prostate cancer.

Univariate analyses

For comparison, non-mutually adjusted associations with
cancer risk were estimated for each metabolite in condi-
tional logistic regression models adjusted for BMI. Those
analysis and subsequent results are presented in the Sup-
plementary Material (Additional file 1: Section 4 [49]).

Analysis of additional metabolites

The 16 metabolites (Additional file 2: Table S1) that were
not acquired in the second colorectal cancer study (Abso-
luteIDQ p150 kit) were not included in our main analysis
and were examined in a reduced sample, using the meth-
ods described above.

Results

Data pre-processing

Among the 118 metabolites that were measured in all
cancer type-specific studies of the main analysis, the
acylcarnitine C4-OH (C3-DC) was the only one that was
missing in more than 25% of the samples of at least one
study (prostate) and was excluded. Exclusions of subjects
are detailed in Fig. 1. Briefly, 44 samples were initially
excluded due to being either assayed on batches with
less than 10 samples (6 samples), identified as outlying
samples (2 samples), or unmatched to either a case or a
control sample (36 samples). Seventy-nine pairs from the
liver study were also excluded, having developed a liver
cancer other than HCC or GBC, along with 1164 pairs
from the prostate study for which no information on the
tumour stage was available for the case. Finally, 881 pairs
including at least one exogenous hormone user at blood
collection were excluded.

Description of the study population
A total of 11,656 EPIC participants were included in the
analysis comprising 5828 matched case-control pairs.
Cases were diagnosed at an average age of 64.4 years, 8.4
years after blood collection. The main characteristics of
cases and controls in each study are displayed in Table 2.
The main analysis focused on 117 metabolites that
were retained after the pre-processing step (Additional
file 2: Table S1). As displayed in Additional file 2: Figure
S1, strong positive correlations were observed between
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Original centralized database
n = 15,948 samples

S
Exclusion of :
* 6 samples assayed on a batch with less than 10 samples
< * 2 outlying samples
« 36 samples corresponding to cases with no matched
A controls or vice versa
n = 15,904 \ /
(7,954 matched pairs) ~
Exclusion of :
* 79 pairs of the liver cancer study where the case
< developed a liver cancer other than HCC or GBC
* 1,164 pairs of the prostate cancer study for which no
\ 4 information on tumour stage was available for the case
n=13,418 -
(6,709 matched pairs)
Exclusion of :
» 881 pairs including at least one exogenous hormone user
at blood collection
Y

Final study population
n = 11,656 samples
(5,828 matched pairs)

cancer and HCC for hepatocellular carcinoma

Fig. 1 Flowchart summarizing the exclusion criteria to derive the final sample used in our main analysis. GBC stands for gallbladder and biliary tract

some metabolites, particularly between some of the
glycerophospholipids (phosphatidylcholines, PCs, and
lysophosphatidylcholines, lysoPCs) and sphingomyelins
(SMs).

Clustering of metabolites

The hierarchical clustering applied to controls grouped
100 metabolites into 33 clusters of size ranging from
2 to 6 metabolites per cluster, while 17 metabolites
remained isolated. As displayed in Fig. 2, clusters com-
prised metabolites of the same chemical class, and cor-
relations between metabolites and their representative
were consistently greater than 0.83. On average, clusters’
representatives explained 86% of the total variation of
their cluster (range: 80-95%), and the 33 4+ 17 = 50 stud-
ied metabolites together explained more than 88% of the
total variation of the original 117 metabolites.

Multivariate analyses

As displayed in Figs. 3 and 4, the data-shared lasso identi-
fied nine metabolites with a non-null overall association
with cancer: butyrylcarnitine (acylcarnitine C4), glu-
tamine, lysoPC a C18:2, and three clusters of PCs (those
containing PC aa C32:2, PC aa C36:0, and PC aa C36:1,
respectively), with an inverse overall association with
cancer risk, and decanoylcarnitine (acylcarnitine C10),
proline, and the cluster of PCs that included PC aa C28:1
with a positive overall association. Cancer type-specific

deviations from the overall association with cancer risk
were identified for three of these metabolites: the associ-
ation between proline and breast cancer risk was inverse
or null, while the associations between lysoPC a C18:2
and the cluster containing PC aa C36:0 with localized
prostate cancer were positive or null.

Several cancer type-specific associations were identi-
fied among the remaining 41 metabolites. Specifically,
positive associations were observed between breast
cancer risk and two clusters that included tetrade-
cenoylcarnitine (acylcarnitine C14:1) and PC aa C36:5,
respectively. The risk of colorectal cancer was positively
associated with arginine and PC ae C36:0 and inversely
associated with the cluster that included histidine. The
risk of HCC was positively associated with the cluster
containing PC aa C40:2 and inversely associated with
the two clusters that included lysoPC a C20:3 and SM
C16:0, respectively. This latter cluster was also positively
associated with endometrial cancer risk. The cluster that
included octadecenoylcarnitine (acylcarnitine C18:1) was
inversely associated with the risk of advanced prostate
cancer. Finally, the risk of localized prostate cancer was
inversely associated with hexoses (H1).

The strength of the associations identified by the data-
shared lasso was similar after excluding, in turn, the first
2 and the first 7 years of follow-up (Additional file 2:
Fig. S2), and after reintegrating the 881 pairs compris-
ing at least one hormone user (Additional file 2: Fig. S3).
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Fig. S4).

1.20 (0.97-1.47). For each overall association and type-
specific deviation identified by the data-shared lasso,
linearity and absence of effect modification by BMI were
compatible with our data (Additional file 2

Focusing on the nine metabolites that had a non-null
overall association with cancer, the analysis presented in

SM C16:0, whose OR decreased from 1.51 (1.19-1.93) to

1, whose odds ratio (OR)

was attenuated from 1.09 (95% confidence interval: 1.01—

Likewise, models adjusted for additional factors pro-
duced similar associations (Additional file 2: Fig. S2),
except for the overall association with cancer for the
1.17) to 1.04 (0.98-1.12), and for the association between
endometrial cancer risk and the cluster that included

cluster that included PC aa C28
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Fig. 3 Summary of the main results from the multivariate pan-cancer analysis. It evaluated mutually adjusted associations between each feature
(more precisely, their residuals after adjustment for BMI) and the risk of the eight cancer types, using a data-shared lasso penalty. White entries
correspond to the absence of identified associations, while green and red entries correspond to inverse and positive associations, respectively.
The more intense the colour, the larger the absolute value of the log-odds ratio (that were re-estimated in multivariate unpenalized conditional

: Section 3.a for details). The x-axis represents the 50 features (33 cluster representatives and 17 isolated
metabolites). In the labels of the y-axis, numbers correspond to the numbers of pairs for each type-specific cancer, while BrC stands for breast
cancer, CRC for colorectal cancer, EnC for endometrial cancer, KiC for kidney cancer, GBC for gallbladder and biliary tract cancer, HCC for
hepatocellular carcinoma, and Adv.PrC and Loc.PrC for advanced and localized prostate cancers, respectively

Additional file 2: Fig. S5 suggested possible cancer type-
specific deviations from the overall associations beyond
the three ones identified by the data-shared lasso, in par-
ticular for HCC (with acylcarnitine C4, proline, and the
cluster that comprises PC aa C36:1) and for kidney can-
cer (with acylcarnitines C10 and C4 and the cluster that
comprises PC aa C36:1). However, none of the compari-
sons between the models identified by the data-shared
lasso and the nine “extended” models used to derive these
fully cancer type-specific associations reached statistical
significance (Additional file 2: Fig. S5).

As displayed in Table 3 (third column), 15 out of the
22 associations identified by the data-shared lasso were
replicated in more than 50% of the bootstrap samples. As
displayed in Table 4, three inverse cancer type-specific
associations that were not identified by the data-shared
lasso on the original sample were identified in more
than 55% of the bootstrap samples: the cluster compris-
ing glycine with endometrial cancer risk (identified in
65% of the bootstrap samples) and the cluster containing
decenoylcarnitine (acylcarnitine C10:1) with risk of kid-
ney cancer (56%) and lysoPC a C16:1 with risk of local-
ized prostate cancer (84%). Positive associations between
arginine and kidney cancer risk (74%) and between the
cluster containing lysoPC a C16:0 and localized prostate
cancer risk (86%) were also observed in more than 55% of
the bootstrap samples.

Results obtained on the bootstrap samples generated
from the extended sample comprising all the pairs from
the prostate study are presented in Additional file 2:
Tables S2 and S3. Fifteen associations out of the 22 iden-
tified in our main analysis were replicated in more than
50% of these bootstrap samples. A few additional overall
and type-specific associations were identified in a large
proportion of the bootstrap samples (see Additional
file 2: Table S3). In particular, an inverse association
between acylcarnitine C10 and unknown stage prostate
cancer was observed in 80% of the samples.

Univariate analysis

The results from the univariate analysis are presented in
the Supplementary Material (Additional file 1: Section 4)
and in Additional file 2: Fig. S6.

Analysis of the extended list of metabolites

After excluding 2134 samples from the second colo-
rectal cancer study which used a different platform
that measured a lower number of metabolites, 16 addi-
tional metabolites could be evaluated (Additional file 2:
Table S1). Among them, the clustering step grouped
leucine and isoleucine together. The analysis of this
extended list of metabolites then focused on 65 metab-
olites (31 isolated metabolites and 34 cluster represent-
atives), measured in 9522 participants. As displayed in
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BrC CRC EnC KiC GBC HCC Adv.PrC  Loc.PrC
c10 1.05 1.05 1.05 1.05 1.05 1.05 1.05 1.05
(1.00,1.11) (1.00,1.11) (1.00,1.11) (1.00,1.11) (1.00,1.11) (1.00,1.11) (1.00,1.11) (1.00,1.11)
1.16
c14 1 Clus (1.04,1.29)
4 0.95 0.95 0.95 0.95 0.95 0.95 0.95 0.95
c (0.90,0.99)  (0.90,0.99)  (0.90,0.99)  (0.90,0.99)  (0.90,0.99)  (0.90,0.99)  (0.90,0.99)  (0.90,0.99)
arginine
lutamine 0.91 0.91 0.91 0.91 0.91 0.91 0.91 0.91
g (0.87,096)  (0.87,0.96)  (0.87,0.96)  (0.87,0.96)  (0.87,0.96)  (0.87,0.96)  (0.87,0.96)  (0.87,0.96)
£ i 0.86
histidine_Clus (0.78,0.96)
rolin 0.94 1.13 1.13 1.13 1.13 1.13 1.13 1.13
Proline  ga10s) (107119 (107,119  (1.07,1.19)  (1.07,1.19)  (1.07,1.19)  (1.07,1.19)  (1.07,1.19)
lysopc a ¢18 2 0.89 0.89 0.89 0.89 0.89 0.89 0.89 1.06
ysopc_a_ = (0.84,0.95) (0.84,0.95) (0.84,0.95) (0.84,0.95) (0.84,0.95) (0.84,0.95) (0.84,0.95) (0.96,1.17)
lysopc_a c20_3 Clus
¢ aa ¢28 1 Clus 1.09 1.09 1.09 1.09 1.09 1.09 1.09 1.09
pc_aa_czo_1_ (1.01,1.17) (1.01,1.17) (1.01,1.17) (1.01,1.17) (1.01,1.17) (1.01,1.17) (1.01,1.17) (1.01,1.17)
c aa c32 2 Clus 0.90 0.90 0.90 0.90 0.90 0.90 0.90 0.90
pc_aa _Coc < | (0.83,098)  (0.83,0.98)  (0.83,0.98)  (0.83,098)  (0.83,0.98)  (0.83,0.98)  (0.83,0.98)  (0.83,0.98)
& B8 636, 0 Cliis ‘ 0.81 081 081 081 - 081 0.81 ‘ 0.81 1.1
pC_aa_e35_Y_ (0.76,087)  (0.76,087) = (0.76,087)  (0.760.87)  (0.76,0.87)  (0.76,0.87)  (0.76,0.87)  (1.00,1.23)
36 1 Cl 0.95 0.95 0.95 0.95 0.95 0.95 0.95 0.95
pc_aa coo_1_LIUS 0891000  (0.89,1.00)  (0.89,1.00)  (0.89,1.00)  (0.89,1.00)  (0.89,1.00)  (0.89,1.00)  (0.89,1.00)
pc_aa c36_5 Clus
pc_aa_c40 2 Clus -
0.87
hi (0.77,0.98)
Fig. 4 Summary of the mutually adjusted associations identified by the data-shared lasso. Only the 19 features (8 isolated metabolites and 11
cluster representatives) for which the data-shared lasso identified an association with at least one cancer type are presented on the y-axis. Point
estimates and 95% confidence intervals of the corresponding odds ratios were obtained through non-penalized conditional logistic regre55|on
models using the design matrix derived from the positions of the non-zero components in the data-shared lasso vector estimate ( g, 8, ,8K>;
see Additional file 1: Section 3.a for details. They have to be interpreted with caution since they are the result of post-selection inference. In the
labels of the columns, BrC stands for breast cancer, CRC for colorectal cancer, EnC for endometrial cancer, KiC for Kidney cancer, GBC for gallbladder
and biliary tract cancer, HCC for hepatocellular carcinoma, and Adv.PrC and Loc.PrC for advanced and localized prostate cancers, respectively

Table 3, 11 out of the 22 associations identified in the
main analysis presented above were again replicated
in more than 50% of the bootstrap samples generated
from this reduced sample. Four associations that were
not identified in our previous analyses were identi-
fied in more than 55% of these new bootstrap samples
(Table 4): an overall positive association between can-
cer risk and glutamate (55% of the bootstrap samples),
an overall inverse association between cancer risk with
spermine (78%), and two cancer type-specific asso-
ciations between glutamate with breast cancer risk

(inverse, 56%) and between serotonin and colorectal
cancer risk (positive, 84%).

Discussion

Using available metabolomics data from eight cancer-
specific matched case-control studies nested within the
EPIC cohort, we investigated the relationship between
pre-diagnostic blood levels of over one hundred metab-
olites and risks of breast cancer, colorectal cancer,
endometrial cancer, gallbladder and biliary tract can-
cer, HCC, kidney cancer, and localized and advanced
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Table 3 Robustness of the associations identified in the main analysis. For each identified association, the proportion of bootstrap

samples on which it was replicated is reported (in bold when >50%)

Feature Cancer type® Proportion of bootstrap samples® Proportion
of bootstrap
samples®

Overall associations with cancer risk

c10 Overall 62% 59%
c4 Overall 47% 39%
Glutamine Overall 73% 76%
Proline Overall 65% 50%
lysopc_a_c18_2 Overall 57% 47%
pc_aa_c28_1_Clus Overall 57% 64%
pc_aa_c32_2_Clus Overall 49% 71%
pc_aa_c36_0_Clus Overall 86% 95%
pc_aa_c36_1_Clus Overall 50% 40%
Cancer type-specific associations
c14_1_Clus BrC 80% 76%
Proline BrC 77% 70%
pc_aa_c36_5_Clus BrC 36% 47%
Arginine CRC 88% 19%
his_Clus CRC 81% 72%
pc_ae_c36_0 CRC 80% 46%
sm_c16_0_Clus EnC 85% 87%
lysopc_a_c20_3_Clus HCC 32% 47%
pc_aa_c40_2_Clus HCC 61% 34%
sm_c16_0_Clus HCC 90% 78%
c18_1_Clus Adv.PrC 40% 49%
lysopc_a_c18_2 Loc.PrC 14% 23%
pc_aa_c36_0_Clus Loc.PrC 49% 41%
h1 Loc.PrC 75% 68%

@ BrC stands for breast cancer, CRC for colorectal cancer, EnC for endometrial cancer, HCC for hepatocellular carcinoma, and Adv. Prc and Loc.PrC for advanced and

localized prostate cancers, respectively

b Bootstrap samples were generated from the original sample of 5828 matched case-control pairs with information on 117 metabolites (corresponding to 50 features

after the clustering step)

€ Bootstrap samples were generated from the sample which comprised 4761 matched case-control pairs with information on 133 metabolites (corresponding to 65
features after the clustering step) after excluding the participants of the second CRC study

prostate cancers. In our main analysis, we found nine
metabolites associated with cancer risk across different
cancer types, suggesting the existence of shared meta-
bolic pathways, as well as fourteen cancer type-specific
associations. These identified associations were found
to be robust after extensive sensitivity analyses: in par-
ticular, they were not attenuated after exclusion of the
first years of follow-up, hence were less likely to be due
to reverse causality, were not attenuated after adjust-
ment for relevant cancer risk factors, were not modified
by BMI, and did not deviate significantly from linear-
ity. In additional analyses, in particular those based
on bootstrap samples, we identified several additional

metabolites possibly associated with the risk of specific
cancer types or with cancer risk across different cancer
types.

Our results suggested that concentrations of glycer-
ophospholipids (phosphatidylcholines and lysophosphati-
dylcholines) could be linked to the risk of cancer overall as
well as to specific cancer types. The role of glycerophos-
pholipids in carcinogenesis is not fully understood but
could be related to their documented anti-inflammatory
properties, protection from oxidative stress, inhibition
of cell proliferation, and induction of apoptosis [50-52].
We observed a consistent inverse association between
cancer risk with lysoPC a C18:2 as well as three clusters
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Table 4 Other associations identified in a large proportion of the bootstrap samples. Associations identified in at least 55% of both
bootstrap analyses are reported, along with the proportion of bootstrap samples in which they were identified, and the corresponding
average log-odds ratio (as estimated by the data-shared lasso on each bootstrap sample)

Feature Cancer type® Proportion of

bootstrap samples'

Average log-ORP Proportion of Average log-OR¢

bootstrap samples?

Overall associations with cancer risk

Glutamate Overall -
Spermine Overall -
Type-specific associations
gly_Clus EnC 65%
c10_1_Clus KiC 56%
lysopc_a_c16_1 Loc.PrC 84%
Arginine KiC 74%
lysopc_a_c16_0_Clus Loc.PrC 86%
Glutamate BrC -
Serotonin CRC -

- 55% 0.09
78% —0.10
—-0.17 78% —-0.14
—-0.18 56% -0.17
-0.19 78% -0.18
0.23 71% 0.21
0.24 79% 0.22
- 56% —-0.14
- 84% 0.35

2 BrC stands for breast cancer, CRC for colorectal cancer, EnC for endometrial cancer, KiC for kidney cancer, and Loc.PrC for localized prostate cancer

b Bootstrap samples were generated from the original sample of 5828 matched case-control pairs with information on 117 metabolites (corresponding to 50 features

after the clustering step)

€ Bootstrap samples were generated from the original sample which comprised 4761 matched case-control pairs with information on 133 metabolites (corresponding
to 65 features after the clustering step) after excluding the participants of the second CRC study

of phosphatidylcholines across all studied cancer types,
except localized prostate cancer for which the association
with lysoPC a C18:2 and one cluster of phosphatidylcho-
lines was absent, or positive. An inverse association was
previously reported between lysoPC a C18:2 with T2D
in different studies [7, 53] as well as with risks of breast,
colorectal, and prostate cancers in the pan-cancer analysis
conducted in the EPIC Heidelberg study [26]. Our results
regarding the three clusters of phosphatidylcholines were
in line with many previously reported inverse associa-
tions between cancer and phosphatidylcholines [11, 12, 15,
16, 20, 54]. Besides, we identified a positive association
between the cluster that included PC aa C28:1 and can-
cer risk across all studied cancer types. This cluster also
comprised PC ae C30:0, for which a positive association
was reported with risks of breast, colorectal, and prostate
cancers in the EPIC Heidelberg study [26]. Cancer type-
specific positive associations were found for the cluster
containing PC aa C36:5 with breast cancer, PC ae C36:0
with colorectal cancer, and the cluster containing PC aa
C40:2 with HCC. These three clusters were correlated
with one another (Pearson correlation greater than 0.48),
indicating that higher levels of these phosphatidylcholines
might contribute to the development of these three cancer
types.

We also observed robust associations between spe-
cific circulating amino acids and cancer risk. Our results
suggested that proline was positively related to cancer
risk across all studied cancer types, except breast can-
cer and possibly HCC (see Additional file 2: Fig. S5). A

positive association between proline and prostate cancer
risk was previously reported in EPIC [12]. In addition, a
drosophila model of high-sugar diet [55] recently high-
lighted the possible role of proline in tumour growth, and
proline was also found to distinguish colorectal cancer
patients from those with adenomas [56] and to be asso-
ciated with metastasis formation [57]. In the body, pro-
line is generally synthesized via the glutamate/pyrroline
5-carboxylate pathway [58]. Glutamate was also found to
be positively related to the risk of all cancer types except
for breast cancer in our analysis. Moreover, glutamate is
formed from the degradation of glutamine, which was
inversely associated with overall cancer risk. Although
prior studies of the French E3N and SUVIL.MAX cohorts
reported a positive association between glutamine and
premenopausal breast cancer [59, 60], our results regard-
ing glutamine and glutamate were consistent with those
of many previous studies that reported inverse associa-
tions between glutamine and risk of colorectal cancer
[18], HCC [19, 61], and T2D (7, 25] and positive asso-
ciations between glutamate and risk of premenopausal
breast cancer [60], kidney cancer [15], HCC [19, 61],
and T2D [7]. Lower serum levels of glutamine were also
observed in kidney cancer [62] and ovarian cancer [63]
cases compared to controls. Glutamine is an energy sub-
strate for cancer cells and makes a major contribution to
nitrogen metabolism. Alterations in glutamine-glutamate
equilibrium often reflect energetic processes related to
cancer metabolism [64]. It is possible that altered levels
of glutamine and glutamate in individuals subsequently
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diagnosed with cancer may reflect ongoing metabolic
processes related to cancer development and as such may
serve as an early biomarker of cancer risk. However, the
inverse association between glutamine levels and over-
all cancer risk observed in our analysis was only slightly
attenuated after excluding, in turn, the first 2 and the first
7 years of follow-up suggesting that changes in the glu-
tamine-glutamate may precede cancer development.

Our analysis additionally identified two positive and
two inverse cancer type-specific associations with circu-
lating amino acids. We observed an inverse association
between colorectal risk and the cluster containing histi-
dine, for which previous studies reported inverse associa-
tions with risks of colorectal cancer and T2D [25], while
a positive association was reported with breast cancer
[60]. Also, lower serum levels of histidine were previously
reported in ovarian cancer cases compared to controls
[65]. Our results further suggested an inverse associa-
tion between endometrial cancer risk and the cluster
composed of glycine and serine, in line with previous
results from the EPIC cancer-specific study of endome-
trial cancer [14]. Previous studies also reported inverse
associations between glycine and/or serine with risks of
T2D [25]. Finally, our analysis suggested a positive asso-
ciation between arginine with risks of colorectal and kid-
ney cancers (Table 4). Arginine plays a key role in nitric
oxide production and polyamines synthesis [66]. Both
have been found to be associated with tumour growth,
with polyamines enhancing it and nitric oxide inhibit-
ing it. Arginine’s influence on tumour growth thus might
be related to the relative activity of those two pathways.
For instance, arginine was previously found to be posi-
tively associated with breast cancer in the E3N cohort
[60], while an inverse association with breast cancer was
reported in EPIC [11].

Regarding the biogenic amines, we found a posi-
tive association between serotonin levels and colorectal
cancer risk, consistent with previous results from the
CORSA case-control study and a previous EPIC analysis
of colon cancer [67]. We also found a consistent inverse
association between spermine and the risk of the eight
studied cancer types. Like other polyamines, spermine is
involved in cell proliferation and differentiation and has
antioxidant properties [68], and dysregulation of poly-
amine metabolism is characteristic of multiple types of
tumours [69]. It was previously reported that polyamine
supplementation, in particular spermidine, which acts as
an intermediate in the conversion of putrescine to sper-
mine, could be related to reduced overall and cancer-spe-
cific mortality [70-72].
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In our analysis, localized and advanced prostate can-
cers were considered as two different outcomes as previ-
ous results suggested that metabolic dysregulation might
be predictive of advanced or aggressive prostate cancers
only [12]. In fact, we observed some differences between
the metabolites associated with risks of localized and
advanced prostate cancers, respectively. Specifically, and
as previously reported [12, 13], our results suggested
that hexoses, glycerophospholipids, octadecenoylcar-
nitine (acylcarnitine C18:1), and/or octadecadienylcar-
nitine (acylcarnitine C18:2) could help differentiate the
respective mechanisms involved in the development
of aggressive and localized prostate tumours. On the
other hand, the positive association with decanoylcarni-
tine (acylcarnitine C10), which was observed with risk
of all cancer types, and in particular with both localized
and advanced prostate cancer risk, was notably attenu-
ated when including the unknown stage prostate cancer
pairs: it was only detected in 44% of the bootstrap sam-
ples generated from that extended sample (see Addi-
tional file 2: Table S2), in line with the inverse association
between decanoylcarnitine and unknown stage prostate
cancer that was observed in 80% of the samples (Addi-
tional file 2: Table S3). Overall, these results suggested
that the positive association between decanoylcarnitine
and prostate cancer identified in our main analysis might
not be real and might be due to an association between
decanoylcarnitine and cancer stage missingness in our
prostate cancer study.

Some metabolites identified in our study were previ-
ously associated with established cancer risk factors, such
as obesity [33, 34]. In particular, a recent metabolomics
study of BMI reported inverse associations with glu-
tamine, lysophosphatidylcholine a C18:2, and phosphati-
dylcholine PC aa C38:0 (which was clustered with PC
aa C36:0 in our analysis) and a positive association with
glutamate. Directions of the associations with BMI were
consistent with those identified in our study with can-
cer risk after adjustment for BMI, indicating that these
metabolites might be mediators of the obesity-cancer
relationship.

Our study has several strengths. First, it relied on
a large sample of pre-diagnostic metabolomics data
acquired among 5828 case-control pairs in nested stud-
ies on eight cancer types within a large prospective
cohort, on average 6.4 years before cases developed can-
cer. Second, in a context where some metabolites might
be predictive of cancer risk for multiple cancer types,
the data-shared lasso used in our analysis automatically
accounted for or ignored cancer types when assessing
the association between each metabolic feature with
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cancer risk, depending on whether heterogeneity among
the cancer type-specific associations was supported by
the data for that particular feature. The comparison of
results produced by the standard univariate analyses and
the data-shared lasso illustrated the interest of the latter.
First, the data-shared lasso benefited from the increased
statistical power of the pooled analysis for the identi-
fication of metabolites that could be involved in cancer
development for multiple cancer types: for example,
butyrylcarnitine (acylcarnitine C4) was not associated
with cancer risk in any of the cancer type-specific uni-
variate analyses, while it was in the univariate pooled
analysis and in the data-shared lasso analysis. Moreover,
unlike the simple pooled analysis, the data-shared lasso
would not necessarily mask cancer type-specific asso-
ciations: for example, the data-shared lasso identified a
positive association between the cluster containing tet-
radecenoylcarnitine (acylcarnitine C14:1) and breast
cancer risk, as the univariate analysis of the breast cancer
study did, while the univariate pooled analysis could not.
Another key difference between the standard univari-
ate analyses and the data-shared lasso is that the latter
allowed the investigation of mutually adjusted associa-
tions, hence the identification of metabolites or clusters
of metabolites whose association with cancer risk could
not be explained away by other metabolites included in
our analysis. Furthermore, mutual adjustment revealed
associations that could not be detected in minimally
adjusted models, such as the one between arginine and
colorectal cancer risk, which was not apparent in mod-
els not adjusted for glutamine and histidine. Another
strength of our study stemmed from the extensive sensi-
tivity analyses that we carried out.

On the other hand, identifying cancer risk factors is
particularly challenging when candidate risk factors
are strongly correlated with one another. Here, we clus-
tered the most strongly correlated metabolites together
prior to applying the data-shared lasso. As a sensitivity
analysis, the data-shared lasso was applied to the origi-
nal set of 117 metabolites, thus ignoring the clustering
step, and the results were largely consistent with those
of our main analysis (Additional file 2: Fig. S7). Moreo-
ver, because strong correlations remained among some
of the metabolites produced by the hierarchical cluster-
ing (Additional file 2: Fig. S8, Additional file 2: Fig. S9),
we applied the data-shared lasso to multiple bootstrap
samples to gauge the robustness and specificity of the
associations identified in our main analysis. Although
most of the identified associations were replicated in a
large proportion of bootstrap samples, a few of them
were less robust, hence more questionable. For example,
the identified inverse association between HCC risk and
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the cluster that included lysoPC a C20:3 was replicated
in 32% of the bootstrap samples only. This lack of robust-
ness could be due to the strong correlation between this
cluster and the other three studied metabolites related
to lysoPCs (Pearson correlation greater than 0.65; Addi-
tional file 2: Fig. S8). As a matter of fact, an inverse asso-
ciation between HCC risk and at least one of the four
metabolites related to lysoPCs was identified in 78% of
the bootstrap samples. Overall, these results were sugges-
tive of a stronger inverse association with features related
to lysoPCs for HCC compared to the other cancer types,
but our analysis failed to unambiguously identify which
specific lysoPCs might underlie this stronger inverse
association. An additional limitation for interpreting the
lipid results is the lack of specificity for lipids measured
with the AbsoluteIDQ p180/p150 kits as a result of the
FIA method [73, 74], which does not allow for unambigu-
ous identification of the compounds measured since the
signal observed could correspond to several compounds.
Moreover, the limited sample size for some of the studied
cancer types (in particular, gallbladder and biliary tract
cancer and HCC) was a limitation for the identification of
cancer type-specific deviations. In this respect, we com-
plemented our analysis by the inspection of estimates
computed under models derived from the one identi-
fied by the data-shared lasso but that further allowed
fully type-specific associations (Additional file 2: Fig. S5).
Another potential limitation of our study was the lack of
repeated measurements, yet previous studies suggested
that blood levels of metabolites were relatively stable and
that a single measurement might be sufficient to capture
medium-term exposure [75-77].

Conclusions

Our results confirmed the complex link between metab-
olism and cancer risk and highlighted the potential of
metabolomics to identify possible informative mark-
ers associated with cancer risk and to gain insights into
the biological mechanisms leading to cancer develop-
ment. Our study indicated that specific metabolite
families might be related to the risk of multiple cancer
types. Some of these metabolites could reflect biological
mechanisms underlying the carcinogenic effects of some
established cancer risk factors, including obesity.
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