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Significance of this study

What is already known on this subject?
 ► Pancreatic cancer is most often diagnosed at 
advanced stages, has poor survival and has 
few established risk factors beyond cigarette 
smoking, history of diabetes and excess body 
weight.

 ► Metabolomics profiles may offer improved 
insights into aetiology and the system of 
factors involved in the process of pancreatic 
tumourigenesis.

 ► Limited large prospective epidemiological 
studies have examined associations between 
prediagnostic metabolites and pancreatic 
ductal adenocarcinoma risk.

What are the new findings?
 ► This large prospective study measured 554 
identified metabolites in serum collected up to 
24 years prior to cancer diagnosis.

 ► Thirty- one prediagnostic circulating metabolites 
were significantly associated with pancreatic 
cancer with 12 metabolites below the 
Bonferroni correction threshold.

 ► Metabolites in the dipeptide, fibrinogen 
cleavage peptide, alanine and aspartate, 
glutathione, purine, tobacco, γ-glutamyl amino 
acid and glutamate metabolism groups were 
the most strongly associated with pancreatic 
cancer.

 ► Five top metabolites, the dipeptides 
glycylvaline, α-glutamyltyrosine, 
tryptophylglutamate; a fibrinogen cleavage 
peptide, DSGEGDFXAEGGGVR and an amino 
acid, aspartate had significant time- varying 
associations such that associations were 
strongest during the first 10–15 years after 
participants’ blood collection and were 
attenuated thereafter.

ABSTRACT
Objective To assess whether prediagnostic metabolites 
were associated with incident pancreatic ductal 
adenocarcinoma (PDac) in a prospective cohort study.
Design We conducted an untargeted analysis of 554 
known metabolites measured in prediagnostic serum (up 
to 24 years) to determine their association with incident 
PDac in a nested case- control study of male smokers 
(372 matched case- control sets) and an independent 
nested case- control study that included women and non- 
smokers (107 matched sets). Metabolites were measured 
using Orbitrap elite or Q- exactive high- resolution/
accurate mass spectrometers. controls were matched 
to cases by age, sex, race, date of blood draw, and 
follow- up time. We used conditional logistic regression 
adjusted for age to calculate Ors and 95% cis for a 1 
sD increase in log- metabolite level separately in each 
cohort and combined the two Ors using a fixed- effects 
meta- analysis.
Results Thirty- one metabolites were significantly 
associated with PDac at a false discovery rate <0.05 
with 12 metabolites below the Bonferroni- corrected 
threshold (p<9.04×10–5). similar associations were 
observed in both cohorts. The dipeptides glycylvaline, 
aspartylphenylalanine, pyroglutamylglycine, 
phenylalanylphenylalanine, phenylalanylleucine and 
tryptophylglutamate and amino acids aspartate 
and glutamate were positively while the dipeptides 
tyrosylglutamine and α-glutamyltyrosine, fibrinogen 
cleavage peptide DsgegDFXaegggVr and glutathione- 
related amino acid cysteine- glutathione disulfide 
were inversely associated with PDac after Bonferroni 
correction. Five top metabolites demonstrated significant 
time- varying associations (p<0.023) with the strongest 
associations observed 10–15 years after participants’ 
blood collection and attenuated thereafter.
Conclusion Our results suggest that prediagnostic 
metabolites related to subclinical disease, γ-glutamyl 
cycle metabolism and adiposity/insulin resistance are 
associated with PDac.

InTRODuCTIOn
Pancreatic cancer is a leading cause of cancer deaths 
and one whose incidence is increasing in the USA 
and worldwide.1 There is no effective screening 
test for the malignancy, the majority are diagnosed 
at advanced stages and has poor survival.1 Most 
pancreatic cancers are ductal adenocarcinomas 

(PDAC).2 Smoking, history of diabetes mellitus and 
adiposity are among the few established risk factors.2 
PDAC cases often have GI problems, weight loss or 
diabetes prior to being diagnosed due to subclinical 
cancer which can influence biomarkers. Prospective 
studies with prediagnostic measures of exposures 
are less prone to these issues.
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Significance of this study

How might it impact on clinical practice in the foreseeable 
future?

 ► Provides clues to understand aetiology and potential 
mechanisms that may have utility for prevention or 
therapeutic approaches.

 ► The metabolites that were more strongly associated among 
cases diagnosed within 10–15 years after their blood 
collection may be related to subclinical disease.

 ► These metabolites in combination with other biomarkers and 
screening modalities may have usefulness for early detection 
in high- risk groups.

Metabolomics is a high- throughput method that measures 
many small molecules in biospecimens. A metabolomic profile 
represents the collection of metabolites within a biological system 
that reflects endogenous, environmental and genetic factors, as 
well as the gut microflora that may play a role in metabolism. As 
the pancreas is a major organ involved in metabolic regulation, 
the metabolomics approach may offer improved insights into 
aetiology and uncover biochemical pathways unique to pancre-
atic carcinogenesis, tumour proliferation and systemic response 
to the tumour. We conducted an untargeted analysis to deter-
mine whether metabolites were prospectively associated with 
incident PDAC in a nested case- control study of male smokers 
from the Alpha- Tocopherol, Beta- Carotene Cancer Prevention 
Study (ATBC) and an independent nested case- control study in 
the Prostate, Lung, Colorectal and Ovarian Cancer Screening 
Trial (PLCO). We hypothesised that unique metabolic profiles 
would be associated with PDAC.

MATeRIAlS AnD MeTHODS
We conducted a nested case- control study of 373 matched 
cases- control pairs within the ATBC cohort and an independent 
nested case- control study of 107 matched cases- control pairs 
from PLCO cohort. Details of ATBC and PLCO have previously 
been described.3 4

The ATBC was a randomised primary prevention trial that 
tested whether alpha- tocopherol, beta- carotene or both would 
reduce the incidence of lung or other cancers in male smokers. 
The study included 29 133 men from southwestern Finland, 
aged 50–69 years at baseline, who smoked at least five cigarettes 
per day.3 Participants provided a serum sample after an overnight 
fast prior to randomisation between 1985 and 1988.3 The PLCO 
was a randomised multicentre trial in the USA (Birmingham, 
Alabama; Denver, Colorado; Detroit, Michigan; Honolulu, 
Hawaii; Marshfield, Wisconsin; Minneapolis, Minnesota; Pitts-
burgh, Pennsylvania; Salt Lake City, Utah; St. Louis, Missouri 
and Washington, District of Columbia) that sought to determine 
the effectiveness of early detection screening procedures for 
prostate, lung, colorectal and ovarian cancers on disease- specific 
mortality.4 The PLCO screening arm included approximately 77 
000 men and women, aged 55–74 years, who provided non- 
fasting blood samples at enrolment between 1993 and 2001.4 
Aliquots of serum were stored at −70°C. Informed consent was 
obtained by study participants.

Data on demographics, lifestyle factors and possible 
confounders were collected from self- administered question-
naires at baseline from each cohort.3 4 For the ATBC partici-
pants, height and weight were measured by trained study staff.

Case ascertainment and selection of controls
Cases were incident primary pancreatic adenocarcinomas 
(International Classification of Diseases- O-3: C25.0- C25.3, 
C25.7- C25.9). Cases from ATBC were identified via linkage to 
the Finnish Cancer Registry. PLCO cases were ascertained by 
annual mail- in survey, cancer registries and/or National Death 
Index, and confirmed by trained study abstractors. The interval 
between serum collection and diagnosis was up to 31 December 
2011 and 15 May 2010 for ATBC and PLCO, respectively.

One matched control was selected for each case. Controls 
were alive and free from PDAC on the date of cancer case diag-
nosis. Controls were matched to cases on age at blood draw (±5 
years), and date of blood draw within 30 days for ATBC. For 
PLCO, controls were frequency matched to cases on age at blood 
draw (5- year blocks), date of blood collection (2- month blocks), 
sex and race. We excluded one ATBC case- control set because 
one case was identified as having extreme outlier measurements 
for multiple metabolites. Our final analytic ATBC set included 
372 matched cases- control pairs.

laboratory analysis
The samples were sent to Metabolon (Durham, North Carolina, 
USA) on dry ice with the ATBC (2013/2014) samples having 
metabolites measured prior to the PLCO (2017) samples. 
Serum samples were assayed using untargeted ultrahigh perfor-
mance liquid chromatography- tandem mass spectrometry and/
or gas chromatography mass spectrometry (online supplemen-
tary methods).5 6 Metabolites were measured using either the 
Orbitrap Elite or Orbitrap Q- Exactive platforms. Metabolite 
peak intensity was normalised according to run- day by dividing 
each metabolite observation by the median for that metabolite 
on that run- day. Peaks were identified via linkage to Metabo-
lon’s known chemical reference library. Metabolon grouped 
the metabolites into chemical classes and subpathways based on 
Kyoto Encyclopedia of Genes and Genomes classifications.7

Serum samples from cases and their matched controls were 
chosen from never thawed parent vials, aliquoted and processed 
in a controlled, consistent manner. Case and their matched 
control samples were placed consecutively in each batch. Blinded 
replicate quality control samples, comprising 10% of the overall 
study, were included across all batches. The median (25th to 
75th percentile range) intraclass correlation coefficient was 0.85 
(0.63–0.95).

Across the two studies, 1058 known metabolites and 740 
unknown metabolites were measured. We excluded metabo-
lites where ≥50% of participants had metabolite values below 
the limit of detection (LOD) in ATBC. We did not apply the 
same LOD restrictions on PLCO because we wanted to repli-
cate metabolites in ATBC and <20% of PLCO participants 
were current smokers. We also excluded dipeptide and lysolipid 
metabolites that were not curated on the Q- Exactive platform 
(used to measure PLCO metabolites) and unknown metabolites. 
In total, 554 known metabolites were included in our analytic set. 
Metabolites below detection were assigned with the minimum 
observed value for that metabolite. Metabolite levels were then 
log- transformed and normalised to have an SD equal to 1.

Statistical analyses
We tested for differences in selected characteristics between 
cases and controls using Wilcoxon’s rank- sum for continuous 
variables and χ2 for categorical variables. For each study, we 
calculated the ORs and 95% CIs for a 1 SD increase in log- 
metabolite level using conditional logistic regression which 
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Table 1 Baseline characteristics of participants in the two nested case- control studies (median, 25th and 75th percentile or numbers and 
proportions)

ATBC PlCO

Case Control Case Control

(n=372) (n=372) P value* (n=107) (n=107) P value*

Age, years

  Blood draw 57 (53–61) 57 (53–61) 0.98 65 (61–69) 65 (61–68) 0.73

  Diagnosis (range) 69 (50–87) 70 (56–86)

Time to diagnosis, years (range) 11.4 (0.06–23.8) 5.4 (0.29–16.2)

Males, n (%) 372 (100) 372 (100) 1.00 67 (62.6) 67 (62.6) 1.00

Race, n (%)

  White 372 (100) 372 (100) 1.00 93 (86.9) 93 (86.9) 1.00

  Black 5 (4.7) 5 (4.7)

  Asian 5 (4.7) 5 (4.7)

  Other 4 (3.7) 4 (3.7)

Smoking status, n (%)

  Never 39 (36.5) 43 (40.2) 0.06

  Former 47 (43.9) 55 (51.4)

  Current 372 (100) 372 (100) 1.00 21 (19.6) 9 (8.4)

   Cigarettes smoked per day 20 (15–25) 20 (15–25) 0.03 20 (20–30) 30 (30–40) 0.14

   Number of years smoked 36 (32–42) 36 (30–41) 0.47 44 (37–48) 48 (42–52) 0.20

Pack- years 38.0 (27.0–46.5) 35.0 (23.0–45.0) 0.02 17.5 (0–45.0) 9.0 (0–37.0) 0.20

Self- reported diabetes†, n (%) 23 (6.2) 11 (3.0) 0.04 6 (5.6) 3 (3.0) 0.24

Body mass index (kg/m2) 26.2 (24.0–28.5) 26.0 (23.6–28.1) 0.25 26.4 (23.7–29.2) 27.2 (23.8–29.7) 0.70

BMI categories‡, %

  Normal 131 (35.2) 148 (39.8) 0.34 38 (35.5) 34 (31.8) 0.84

  Overweight 175 (47.0) 169 (45.4) 45 (42.1) 48 (44.9)

  Obese 66 (17.7) 55 (14.8) 24 (22.4) 25 (23.4)

Alcohol use§, g/day 11.4 (3.1–28.4) 9.4 (2.2–24.5) 0.12 2.1 (0.3–16.8) 1.7 (0.4–10.0) 0.98

Alcohol use,4 categories, n (%)

  0 g 40 (11.3) 51 (14.3) 0.19 0 0 0.14

  >0 and <15 g 161 (45.4) 170 (47.6) 76 (72.9) 75 (77.9)

  >15 and <30 g 65 (18.3) 69 (19.3) 7 (7.3) 11 (11.5)

  >30 g 89 (25.1) 67 (18.8) 21 (19.8) 10 (10.6)

*P values for categorical and continuous variables were based on χ2 test and Wilcoxon’s rank- sum test, respectively.
†Self- reported diabetes 1 PLCO control missing data.
‡BMI was calculated by dividing measured weight (kg) by height squared (m2) and categorised according to the WHO obesity classifications as <25 (normal), 25–30 (overweight) 
and 30 kg/m2 or more (obese).
§Missing alcohol use data: ATBC 17 cases and 15 controls missing data, PLCO 3 cases and 11 controls missing data.
ATBC, Alpha- Tocopherol, Beta- Carotene Cancer Prevention Study; BMI, body mass index; PLCO, Prostate, Lung, Colorectal and Ovarian Cancer Screening Trial.

inherently adjusts for the matching factors (sex, age, race, date- 
season of blood draw and time). We calculated an overall esti-
mate by combining the ORs using a fixed- effects meta- analysis. 
As some of the metabolites may be on the causal pathway or 
characterise known exposures associated with PDAC (ie, body 
mass index (BMI), diabetes, smoking), we first evaluated associ-
ations without adjusting for confounders beyond the matching 
factors. Secondary analyses were additionally adjusted for 
smoking (ATBC: years smoked and smoking intensity; PLCO: 
never, former quit >15 years ago, former quit <15 years ago or 
current smoking), BMI (kg/m2, continuous) and diabetes (yes, 
no). We carefully evaluated smoking as a confounder in each 
cohort. Cohort- specific smoking variables were created given 
the characteristics of each population and the manner in which 
smoking history was queried in each cohort.

We evaluated the association between metabolic pathways 
and PDAC using 42 predefined groups based on chemical class 
(online supplementary methods). For each of the two studies, 
we combined the p values of the metabolites included in a given 
pathway by Fisher’s method (Fisher’s statistic =  

∑
−2ln

(
pj

)
 ) 

and obtained a pathway- level p value by comparing the observed 
statistic with a permutation- based null distribution. We then 
calculated an overall pathway level p value by combining the 
ATBC and PLCO values using Fisher’s method.

We evaluated whether the strength of the association varied 
with time between blood draw and diagnosis separately in the 
ATBC and PLCO cohorts for the Bonferroni- corrected signif-
icant metabolites because the ATBC participants had longer 
follow- up time (online supplementary table 1). We performed 
a likelihood ratio test comparing two models. The first model 
allowed the coefficient, β(t), for the log- metabolite to vary by 
time since blood draw. This model, describing the coefficient β(t) 
by a natural spline with 3 df, was fit using the gam function in 
R with a random intercept for the case- control pair. The second 
model assumed the coefficient was constant over time, β(t)=β.

We considered a false discovery rate (FDR) level of 0.05 for 
statistical significance (Q value), however note the Bonferroni- 
adjusted α-level for the combined analyses is 9.04×10−5 
(0.05/554) for individual metabolites and 0.0012 (0.05/42) for 
metabolic pathways.
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Figure 1 Manhattan plot of the p values for metabolites associated 
with pancreatic cancer by metabolite chemical class, meta- analysis 
nested case- control results from the Alpha- Tocopherol, Beta- Carotene 
Cancer Prevention Study (ATBC) and Prostate, Lung, Colorectal and 
Ovarian Cancer Screening Trial (PLCO). The total number of metabolites 
and the number with statistically significant associations (Bonferroni 
p<9.04×10–5, Q value <0.05) are presented by chemical class in the key.

The descriptive analyses were preformed using Statistical 
Analysis Systems (SAS) software V.9.3 (SAS Institute, Cary, North 
Carolina, USA) and the remaining analyses were performed 
using the R programming language. All statistical tests were 
two- tailed.

ReSulTS
The characteristics of cases and controls in each cohort are shown 
in table 1. The median interval between serum collection and 
diagnosis was 11.4 years for ATBC (0.06–23.8 years) and 5.4 
years for PLCO (0.29–16.2 years). The median PDAC diagnosis 
age was 69 years in ATBC and 70 years in PLCO. Compared 
with each study’s controls, ATBC cases more often reported a 
history of diabetes, and smoked slightly more cigarettes per day 
(although medians were the same, p<0.05), while PLCO cases 
were more often current smokers (p=0.06). Compared with the 
PLCO participants, the ATBC participants were slightly younger 
at baseline when their blood sample was collected, all male, all 
Caucasian and current smokers; had smoked greater pack- years, 
however had similar median BMI and age when diagnosed with 
PDAC.

In combined analyses, 31 metabolites were significant at a Q 
value <0.05 (figure 1 and table 2) and 12 metabolites were signif-
icant at the Bonferroni- corrected threshold with similar direc-
tion of associations in both ATBC and PLCO with the exception 
of guanine which was present in ATBC but not PLCO. Most 
metabolite associations were more significant for the combined 
results than either cohort alone. Among the top metabolite 
associations, eight dipeptide metabolites were associated with 
PDAC below the Bonferroni- corrected threshold: six were posi-
tively (glycylvaline, aspartylphenylalanine, pyroglutamylglycine, 
phenylalanylphenylalanine, phenylalanylleucine and trypto-
phylglutamate: OR=1.30–1.46, p=4.84×10–5 to 4.33×10–8, 
Q value <0.001) and two were inversely (tyrosylglutamine and 
α-glutamyltyrosine: OR=0.72–0.74, p=3.21 to 5.63×10–6, Q 
value <0.00035). A fibrinogen cleavage peptide, DSGEGD-
FXAEGGGVR (OR=0.74, p=1.05×10–5, Q value=0.0005) 
and amino acid, cysteine- glutathione disulfide (OR=0.75, 
p=1.49×10–5, Q value=0.0006) were inversely while the amino 
acids aspartate (OR=1.31, p=3.93×10–5, Q value=0.001) and 
glutamate (OR=1.31, p=8.91×10–5, Q value=0.002) were 

positively associated with PDAC. Many of the top metabolites 
were correlated (online supplementary figure 1A,B).

There were several additional notable top- ranking metabolites 
(table 2). The monosaccharide mannose, three peptide metabo-
lites in the γ-glutamyl amino acid group (γ-glutamylglutamate, 
γ-glutamylphenylalanine, γ-glutamylisoleucine), two phenylal-
anine (phenylalanine, 3- methoxytyrosine) and two tryptophan 
(C- glycosyltryptophan, tryptophan) amino acid metabolites 
were positively associated with PDAC. Nucleotide metabolites 
in the purine metabolism group (7- methylguanine, N2,N2- 
dimethylguanosine) were positively associated, except for the 
purine guanine which was inversely associated in ATBC. Most 
of the metabolites showed linear associations in that ORs consis-
tently increased or decreased over the quartiles (online supple-
mentary table 2).

Further adjustment for age, smoking, BMI and baseline 
diabetes did not affect most associations (online supplementary 
table 3): 24 metabolites remained associated with PDAC at Q 
value <0.05. Notably, tobacco metabolites (cotinine, hydroxy-
cotinine, cotinine N- oxide, O- cresol sulfate) were no longer 
significant at the FDR threshold.

We also performed a forward stepwise logistic regression anal-
ysis to determine the number and magnitude of the conditionally 
independent associations of the top 31 FDR <0.05 metabolites 
(online supplementary table 4). This method selects the most 
significant metabolite associated with PDAC given the other 
selected metabolites in the model. Seven metabolites (glycyl-
valine, α-tocopherol, mannose, 3- methoxytyrosine, tryptophan, 
hydroxycotinine and tyrosylglutamine) were significantly associ-
ated with PDAC up to step seven after which the risk estimates 
became unstable with additional metabolites.

Among the 12 top metabolites, 5 metabolites had signif-
icant time- varying associations (figure 2) with the strength of 
the associations for glycylvaline (p=0.015), α-glutamyltyro-
sine (p=0.006), DSGEGDFXAEGGGVR (p=0.02), aspartate 
(p=0.02) and tryptophylglutamate (p=4.85×10–4) stronger 
among cases diagnosed within 10–15 years after their blood 
collection in the ATBC cohort. There was no significant time- 
varying association among the PLCO participants (p>0.05, 
online supplementary figure 2 shows patterns in PLCO for the 
five metabolites that were time varying in ATBC).

Six metabolic pathways were associated with PDAC at the 
Bonferroni- corrected threshold of 0.0012 (table 3 and online 
supplementary table 5, ie, dipeptide, fibrinogen cleavage peptide, 
alanine and aspartate, glutathione, purine and tobacco). The 
γ-glutamyl amino acid and glutamate metabolism groups were 
close to the Bonferroni threshold (p<0.0017). Twenty pathways 
had p values <0.05.

DISCuSSIOn
In this nested case- control study, we observed significant asso-
ciations between multiple metabolites and PDAC. Thirty- one 
metabolites were significantly associated with PDAC at an FDR 
<0.05 with 12 metabolites below the Bonferroni- corrected 
threshold. Metabolites in the dipeptide, fibrinogen cleavage 
peptide, alanine and aspartate, glutathione, purine, tobacco, 
γ-glutamyl amino acid and glutamate metabolism groups were 
the most strongly associated with PDAC. Similar associations 
were observed in male smokers and an independent nested case- 
control study that included non- smokers and women.

To our knowledge, four prospective epidemiological studies 
have examined metabolomic profiles and PDAC with varying 
results.8–11 The first measured 83 metabolites in 453 cases and 
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Figure 2 Metabolites with significant time- varying associations (p<0.05), nested case- control results from the Alpha- Tocopherol, Beta- Carotene 
Cancer Prevention Study (ATBC). Glycylvaline, α-glutamyltyrosine and tryptophylglutamate are dipeptides, DSGEGDFXAEGGGVR is a fibrinogen 
cleavage peptide and aspartate is a non- essential amino acid. X- axis is time from baseline blood draw (0 year) to date of pancreatic adenocarcinoma 
diagnosis up to 24 years. The Y- axis shows the strength of the association measured as either the OR (right axis) or log(OR) (left axis). The magnitude 
of the associations are larger (ie, further from OR=1 or log(OR)=0) when the blood draw is closer to the date of diagnosis.

898 matched controls from four cohorts and showed signif-
icant positive associations between three plasma branched- 
chain amino acids (BCAA, ie, isoleucine, leucine and valine) 
and PDAC, associations that were confirmed in a mutant KRAS 
mouse model.8 The strongest associations were observed among 
participants with samples collected between 2 and 5 years prior 
to cancer diagnosis that the mouse model demonstrated was 
related to tissue protein breakdown that occurs in early stage 
disease.8 Another study, which measured 167 metabolites in 226 
matched case- control sets from two Shanghai cohorts, showed 
significant inverse associations for six glycerophospholipids and 
tetracosanoic acid, and positive associations for one glycero-
phospholipid (PC15:0/18:2), coumarin and picolinic acid.9 Two 
recent studies showed no significant associations.10 11 In contrast 
to these studies, the present study included more cases and 
measured a larger number of metabolites. We observed positive 
associations for the BCAA, however below our multiple compar-
ison significance threshold (OR=1.09 to 1.15, p>0.03, Q value 
>0.13) and no associations for the other metabolites. Our lack 
of replication of the Shanghai study’s results may be related to 
the different platforms used to measure metabolites9 or popu-
lation differences including racial/ethnic group and exposures.

Five of our most significant metabolites (glycylvaline, α-glu-
tamyltyrosine, tryptophylglutamate, DSGEGDFXAEGGGVR 
and aspartate) had significant time- varying effects with the 
strongest associations observed among cases diagnosed within 
10–15 years after their blood collection. These metabolites 
largely consist of dipeptide metabolites which are incomplete 
breakdown products of protein catabolism. Some of these asso-
ciations might reflect a precachexic, paraneoplastic state.8 They 
could also be related to other physiological tumour processes 
such as nutrient scavenging and catabolism of intracellular and 
extracellular protein that fuel tumour growth.12 13 Our results 
suggest metabolic changes due to subclinical disease may occur 
up to 15 years prior to cancer diagnosis.

The elevated risk associated with higher concentrations of the 
non- essential amino acids aspartate and glutamate is consistent 
with known PDAC biology.13 14 Experimental studies of PDAC 

show that mutant KRAS modifies glutamine metabolism within 
PDAC cells such that aspartate is synthesised from glutamine- 
derived glutamate to generate fuel (NADPH) that promotes 
tumour growth.13 This process also maintains higher reduced 
glutathione levels and redox balance.13 15 In previous metabo-
lomic studies, blood, saliva and tumour tissue glutamate concen-
trations have been associated with PDAC in small case- control 
studies,16–19 and rodent studies have shown higher glutamate 
concentrations in blood and pancreatic tissue from pancreatic 
intraepithelial neoplasia and PDAC compared with control 
animals.20 21 These studies show less consistent associations for 
aspartate.21 22

We are unsure what might explain the protective association 
for the fibrinogen cleavage peptide, DSGEGDFXAEGGGVR. 
DSGEGDFXAEGGGVR is the N- terminal cleaved form of 
ADpSGEGDFXAEGGGVR, a fibrinogen A- alpha chain peptide. 
Loci in the ABO blood group, fucosyltransferase 2 (secretor 
status included), alkaline phosphatase (ALPL) and glutamyl- 
aminopeptidase (ENPEP) genes have been associated with 
fibrinogen peptide phosphorylation.23 ABO blood group and 
loci in the ABO gene have also been associated with PDAC24 
and venous thromboembolism25 26 with O blood type conferring 
protective associations for both outcomes. Thromboembolic 
disease (Trousseau syndrome) is known to occur in some PDAC 
patients27 and it is possible that this process might somehow 
contribute to the time- varying association we observe.

We observed PDAC associations for multiple metabolites 
related to glutathione metabolism and homeostasis, namely posi-
tive associations for γ-glutamyl amino acid and glutamate and an 
inverse association for cysteine- glutathione disulfide. Cysteine- 
glutathione disulfide is an oxidised form of glutathione. The 
γ-glutamyl amino acids metabolites are formed using the extra-
cellular membrane- bound enzyme γ-glutamyltransferase (GGT), 
which transfers a γ-glutamyl moiety from glutathione to amino 
acids and peptides.28 The γ-glutamyl cycle synthesises and 
degrades glutathione in response to reactive oxygen species with 
glutamate being a product of the degradation. Higher circu-
lating GGT concentrations have been associated with digestive 
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Table 3 Metabolic pathways associated with pancreatic cancer*†

Subpathway Metabolites, n P value

Dipeptide group/polypeptide 28 <0.0001

Fibrinogen cleavage peptide 2 0.0002

Alanine and aspartate metabolism group 8 0.0005

Glutathione metabolism 3 0.0005

Purine metabolism group 17 0.0009

Tobacco metabolism group 4 0.001

Gamma- glutamyl amino acid metabolism group 13 0.0015

Glutamate metabolism 4 0.0017

Glycolysis, gluconeogenesis, pyruvate 
metabolism group

7 0.004

Bile acids 19 0.006

Sphingolipid metabolism 5 0.007

Benzoate metabolism 20 0.009

Tocopherol metabolism 6 0.01

Tryptophan metabolism group 17 0.01

Phenylalanine and tyrosine metabolism 18 0.02

Sugar metabolism 10 0.02

Pyrimidine metabolism group 13 0.03

Sterol/steroid 28 0.03

Butanoate metabolism; cysteine, methionine, 
S- adenosylmethionine, taurine metabolism

15 0.04

Urea cycle; arginine and proline metabolism 
group

17 0.04

*Pathways are based on the Kyoto Encyclopaedia of Genes and Genomes and 
described in online supplementary table 1. For each of the two studies, we 
combined the p values of the metabolites included in a given pathway by Fisher’s 
method. We then calculated an overall pathway level p value by combining the 
ATBC and PLCO values using Fisher’s method. The analyses included 479 case- 
control sets (372 from the ATBC study, 107 from the PLCO study).
†The p values are not adjusted for multiple comparisons. The Bonferroni- corrected 
significance for the 42 pathways is 0.05/42=0.0012. The dipeptide, fibrinogen 
cleavage peptide, alanine and aspartate, glutathione, purine and tobacco 
metabolism groups significant after Bonferroni correction. Complete pathway 
results in online supplementary table 5.
ATBC, Alpha- Tocopherol, Beta- Carotene Cancer Prevention Study; PLCO, Prostate, 
Lung, Colorectal and Ovarian Cancer Screening Trial; SAM, S- adenosylmethionine.

cancers29 including pancreatic cancer in large cohort studies.30 31 
While glutathione metabolism is important for detoxification 
of carcinogens, moderate levels of reactive oxygen species and 
elevated glutathione concentrations can activate signalling path-
ways that promote tumour growth and metastasis.15 In addition, 
higher GGT expression has been correlated to therapeutic resis-
tance, worst prognosis and reduced cancer survival,15 which is 
characteristic of PDAC. Taken together, the associations that 
we observe might be indicative of a process related to oxidative 
stress, γ-glutamyl cycle metabolism and metabolites and path-
ways that interact with the γ-glutamyl cycle.

Glutamate, the γ-glutamyl amino acids, mannose, phenylala-
nine, tryptophan, N2,N2- dimethylguanosine, 7- methylguanine 
and 7-α-hydroxy-3- oxo-4- cholestenoate have been associated 
with higher BMI, insulin resistance, progression to diabetes 
or type 2 diabetes in epidemiological studies,32–40 known risk 
factors for PDAC. BMI is not strongly associated with PDAC in 
our study or in smokers41 42 and it is plausible that these metab-
olites are more sensitive indicators of visceral adiposity and its 
metabolic processes. For example, mannose may be a more accu-
rate biomarker than glucose for assessing insulin resistance.43 
This is particularly relevant for pancreatic carcinogenesis given 
the proximity of the pancreas to visceral adipose tissue and the 
greater potential for fatty pancreas infiltration,44 45 which has 

been associated with PDAC.46 Some of these metabolites have 
also been associated with other cancers.47–49 Our results suggest 
that the metabolic profiles may be detecting an aspect of diabetes 
and metabolic disease related to PDAC beyond that determined 
by BMI.

Strengths of our study include its prospective design and repli-
cation in an independent cohort. Our study includes a large 
number of PDAC cases increasing our ability to observe asso-
ciations if they exist. The metabolites were measured in blood 
collected up to 24 years prior to cancer diagnosis, reducing 
the likelihood of reverse causation and enabling us to eval-
uate time- varying associations that might be related to tumour 
biology. Our nested case- control design has internal validity 
and no control selection bias. The case- control samples were 
handled in a comparable manner and the metabolic platform 
was reliable. Although long- term serum storage could change 
some compounds, given that we matched by follow- up time, 
any changes would be non- differential by case- control status 
and not bias risk estimates. Limitations include that pancreatic 
tissue- specific metabolite concentrations risk associations may 
differ from what we observe in peripheral blood. Metabolites 
were measured at one time point, baseline. Repeated metabo-
lite measurements may increase the accuracy of the exposure 
and better evaluate associations related to pre- invasive disease, 
particularly blood samples collected within 5–10 years prior 
to cancer diagnosis. As many of the top metabolites are highly 
correlated, we do not know if one of the correlated metabolites 
alone is associated with PDAC or a process that incorporates 
all contributes to the associations that we observe. Diabetes was 
queried once at baseline without distinguishing type (eg, type 
2 vs pancreatogenic diabetes) and a very small proportion of 
participants reported being diagnosed with diabetes; therefore, 
we cannot carefully evaluate how diabetes may mediate the asso-
ciations we observe or whether associations differ by diabetes. 
We do not have adequate power to evaluate time- varying inter-
actions in PLCO, given the smaller number of cases and shorter 
follow- up time (up to 16 years in PLCO compared with 24 years 
in ATBC). Most participants in our study were from the ATBC 
study and current smokers at the time their blood was collected. 
The ranking of metabolites associated with PDAC may differ 
in American populations and those which include more non- 
smokers and women. As our population is primarily middle- aged 
or older individuals of European ancestry, our results might not 
be generalisable to other ethnicities or younger populations.

In conclusion, our prospective study results suggest predi-
agnostic systemic metabolism is associated with PDAC. We 
observed associations for metabolites related to subclinical 
disease, γ-glutamyl cycle metabolism and adiposity/insulin resis-
tance. The associations that we observe can be used to inform 
future hypothesis- driven investigations and the time- varying 
metabolite associations in combination with known risk factors, 
other PDAC biomarkers and screening modalities might have 
utility for risk prediction and early detection. Additional popula-
tion, clinical and experimental research is needed to confirm and 
more fully understand our findings.
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