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Abstract
Biological age is an important risk factor for chronic diseases. We examined the associations between five markers of
unhealthy ageing; Growth Differentiation Factor-15 (GDF-15), N-terminal pro-brain natriuretic peptide (NT-proBNP), glycated hemoglobin A1c (HbA1C), C-Reactive Protein (CRP) and cystatin-C; with risks of cancer and cardiovascular disease
(CVD). We used a case-cohort design embedded in the EPIC-Heidelberg cohort, including a subcohort of 3792 participants
along with 4867 incident cases of cancer and CVD. Hazard ratios (HRs) were computed and the strongest associations
were used to build weighted multi-marker combinations, and their associations with cancer and CVD risks were tested.
After adjusting for common confounders, we observed direct associations of GDF-15 with lung cancer risk, NT-proBNP
with breast, prostate and colorectal cancers, HbA1C with lung, colorectal, and breast cancer risks, and CRP with lung and
colorectal cancer risks. An inverse association was observed for GDF-15 and prostate cancer risk. We also found direct
associations of all 5 markers with myocardial infarction (MI) risk, and of GDF-15, NT-proBNP, CRP and cystatin-C with
stroke risk. A combination of the independently-associated markers showed a moderately strong association with the risks
of cancer and CVD ( HRQ4-Q1 ranged from 1.78[1.36, 2.34] for breast cancer, when combining NT-proBNP and HbA1C, to
2.87[2.15, 3.83] for MI when combining NT-proBNP, HbA1C, CRP and cystatin-C). This analysis suggests that combinations
of biomarkers related to unhealthy ageing show strong associations with cancer risk, and corroborates published evidence
on CVD risk. If confirmed in other studies, using these biomarkers could be useful for the identification of individuals at
higher risk of age-related diseases.
Keywords Ageing biomarkers · Cancer risk · Cardiovascular disease · Case-cohort · NT-proBNP

Background
Non-communicable diseases (NCDs) are the number one
cause of mortality worldwide. According to the Global Burden of Diseases (GBD), 73.4% of the deaths that occurred
in 2017 were linked to NCDs, among which approximately
31% linked to cardiovascular diseases (CVD) and 29% to
cancer [1]. Geographic and temporal variations in disease
incidence rates worldwide [1] indicate that CVD and many
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common forms of cancer, especially those that have become
frequent in more affluent societies, may share epidemiologic
risk factors, in particular lifestyle factors such as smoking,
diet, physical activity and energy balance, and various etiologic disease mechanisms triggered by these factors. Given
these likely communalities in the etiology of multiple
chronic disease types, there is interest in biological markers that may identify individuals at increased overall risk of
prematurely developing any of these major diseases, in view
of more personalized prevention strategies.
One area of particular interest in this regard relates to
mechanisms of biological ageing, which may constitute a
shared set of pathways increasing the susceptibility of developing a variety of diseases generally related to older age,
including CVD, many frequent forms of cancer, and other
degenerative diseases (“geroscience” hypothesis) [2–4].
Markers of biological ageing might be used for the prediction of overall chronic disease risk, and for providing novel
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insights into diseases etiology and their underlying biological pathways [5, 6]. In addition, there is increasing evidence
that biological ageing processes can be specifically targeted
and modulated through preventive and therapeutic interventions, including changes in dietary composition and energy
restriction [7], increased physical activity [8] or drug treatments [9].
The biological process of ageing is related to a wide
array of biological alterations. On the cellular level this
includes increased genomic instability, epigenetic alterations, mitochondrial dysfunction, increased oxidative stress,
loss of proteostasis, deregulated nutrient sensing, and cellular senescence [10]. On a more systemic level, ageing is
characterized by losses and physiologic alterations of respiratory, cardiovascular, neurological, metabolic, musculoskeletal, hepatic and renal functions [11, 12], which in
part may be reflected in various circulating blood biomarkers [13–15]. In context of a large-scale geroscience-guided
clinical trial that aims to examine the effects of metformin
treatment on the incidence of age-related chronic diseases
and functional degeneration [16], an expert panel performed
a comprehensive literature review and identified a shortlist
of about 10 selected blood-based biomarkers that may be
used to monitor ageing processes [15]. The 10 markers were
selected from initially 258 candidates, based on criteria of
(1) measurement reliability and feasibility, (2) relevance
to ageing, (3) ability to predict all-cause mortality, clinical
and functional outcomes, and (4) potential responsiveness
to lifestyle or medical interventions. Five major biomarkers
in the selected list are: (i) growth differentiation factor-15
(GDF-15; previously also known as macrophage-inhibitory
cytokine-1 [MIC-1]), produced in response to oxidative
stress and mitochondrial dysfunction and used as a marker
for metabolic effects induced by metformin, a widely used
glucose-lowering agent with a potential life-span extending
effects in animal studies [17, 18]; (ii) N-terminal pro-brain
natriuretic peptide (NT-proBNP), a protein secreted by ventricular myocytes to decrease vascular resistance [19] and
used as biomarker for cardiovascular health, to diagnose and
establish the prognosis for heart failure [20]; (iii) glycated
hemoglobin A1c (HbA1C), a marker for medium-term average plasma glucose and metabolic ageing [15]; (iv) C-reactive protein (CRP), a marker for systemic inflammation [15];
and (v) cystatin-C, a biomarker of glomerular filtration rate
(GFR), kidney disease and ageing-related physical and cognitive dysfunction [21].
For these 5 selected biomarkers, examined either individually or in various combinations [22, 23], epidemiologic
studies have documented clear associations with increased
CVD risk and mortality, summarized in several meta-analyses [24–28]. With regard to cancer risk, studies have also
documented associations of higher CRP concentrations with
increased risks of cancers of the lung [29, 30], breast [31]
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and colorectum [32], but not prostate cancer [33], and of
elevated HbA1C levels with increased risks of endometrial,
renal, colorectal, gastric, pancreatic, breast, liver and respiratory cancers [34–36]. By contrast, only few studies so far
have examined the possible relationships of cancer risk with
GDF-15 [37–41], NT-proBNP [42], and Cystatin-C levels
[43], and with inconsistent results. In light of the limited
investigations on how these ageing-related biomarkers, alone
or in combination may be associated with cancer risk, we
conducted a prospective case-cohort study within the European Prospective Investigation into Cancer and Nutrition
(EPIC)–Heidelberg cohort to assess the long-term associations between blood levels of GDF-15, NT-proBNP, HbA1C,
CRP and Cystatin-C with the risk of the four most frequent
forms of cancer (breast, prostate, colorectum, lung). For
comparison, we performed parallel analyses on these markers in relation the risks of myocardial infarction (MI) and
stroke. The aim of these exploratory analyses is to examine
whether these markers related to different dimensions of
ageing (such as inflammation, mitochondrial dysfunction,
metabolic and functional ageing), and having shown strong
associations with chronological age and mortality risk, are
associated with the risks of cancer and CVD.

Methods
Study setting
The current study used a nested case-cohort design, embedded within the EPIC-Heidelberg Study– a population-based
cohort study that was initiated to investigate associations
between diet, metabolic factors and lifestyle with the risks
of cancer and other chronic diseases [44]. The EPIC-Heidelberg cohort comprises a total of 25,540 women and men
aged 35–65 recruited between 1994 and 1998 from the local
general population in Heidelberg and surrounding municipalities. At baseline, data about participants' health status,
usual diet, lifestyle, socioeconomic status, and reproductive
history were collected using extensive self-administered
questionnaires and interviews, and anthropometric indices
(height, weight, waist and hip circumferences) were measured. A blood sample was drawn on the day of recruitment,
independently of fasting status, and kept for a maximum
of 24 h at + 4 °C to + 10 °C until centrifugation and further
processing. Blood samples were aliquoted into fractions of
plasma, serum, erythrocytes and buffy coat and stored under
liquid nitrogen at − 196 °C. Informed consent was obtained
from all participants at baseline.
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Prospective disease ascertainment
In EPIC–Heidelberg, incident chronic disease occurrences
were prospectively ascertained through active follow-up
among study subjects and their next-of-kin, combined with
linkages to hospitalization records, and cancer and pathology
registries. Mortality outcomes were ascertained from death
certificates which were collected from mortality registries.
For the present case-cohort study, all verified incident cases
of breast (International Classification of Diseases (ICD)-10:
C50, 685 cases), prostate (ICD-10: C61, 597 cases), lung
(ICD-10: C34, 219 cases) and colorectal (ICD-10: C18-20,
284 cases) cancer, as well as incident cases of MI (ICD-10:
I21, 774 cases) and stroke (ICD-10: I60, I61, I63, I64, 798
cases), diagnosed up to the end of December 2014 were
included. All cases were validated and coded by a study
physician based on medical records and only verified cases
remained in the dataset. In addition, to reach exhaustiveness, all cases detected via the linkage to cancer registries
were included, even if they were not self-reported. For breast
cancer, we also abstracted clinical record data about tumor
estrogen receptor (ER), progesterone receptor (PR) and
human epidermal growth factor receptor (Her2) status. For
prostate cancer we used clinical record data to further subclassify into high- and low-grade disease based on Gleason
scores (high grade: Gleason Score = 4 + 3 or ≥ 8, low grade:
Gleason Score = 3 + 4 or ≤ 6) [45].

Case‑cohort sampling
The sub-cohort was selected using a two-step age-stratified
sampling of the entire EPIC-Heidelberg cohort (for details,
see Supplemental Material, Figure S1). Case-cohort designs
allow investigating several different outcomes, and sparing
the excessive use of biological specimens [46]. Oversampling older participants ensures a stronger statistical power
to investigate age-related outcomes. The first sampling step
(2009 case-cohort) consisted of a 10% random selection
(Sub1) of the full cohort, which was used for initial casecohort analyses with chronic disease cases diagnosed until
December 2009 [47, 48]. For the second step (2014 casecohort), an additional 10% sampling (Sub2) was performed
among participants who at baseline were above age 50 and
who had not been sampled during the first step. The 2 samples (Sub1 and Sub2) were then merged to obtain the final
sub-cohort, with a total of 3794 randomly selected study
participants. The present case-cohort study further included
a total of 4869 verified cases of cancer (breast, colorectum,
prostate, lung) or CVD (myocardial infarction, stroke)
occurring until the end of December 2014. Of the incident
disease cases, 894 occurred within the sub-cohort; thus, the
present case-cohort study is based on a total of 7783 study
participants, among which 7767 had data for at least one of

the biomarkers of interest (2 participants were excluded from
the sub-cohort and 16 from the cases because they had no
biomarker measurement available).

Laboratory measurements
The measurements of GDF-15, NT-proBNP, CRP and
cystatin-C were carried out on the electrochemiluminescence platform QuickPlex SQ 120 (Meso Scale Diagnostics
(MSD), Maryland, USA). R-Plex kits for each of the analytes were obtained from MSD and the protocols carried out
according to the manufacturer’s primary protocol. Briefly,
the biotin coupled capture antibody was incubated in small
spot streptavidin coated plates followed by wash steps and
incubation of the calibrators, quality controls (QCs) and
study samples at appropriate dilutions (GDF-15 1:100, NTproBNP 1:20, CRP 1:1000 and Cystatin-C 1:1000). After
three wash steps, the wells were incubated with a secondary
detection antibody conjugated to the electrochemiluminescent label. Following three further washes, the plates were
incubated with MSD Gold read buffer and analyzed in the
QuickPlex SQ 120 instrument. The coefficient of variation
(CV) of QCs for inter-batch and intra-batch measurements
were 2,0% and 12.8% for GDF-15, 3.9% and 18.8% for NTproBNP, 4.0% and 15.9% for CRP and 6.5% and 20.3% for
Cystatin C. HbA1C samples were analyzed on the HPLC
Variant Turbo II (Bio-Rad, Munich Germany) according to
the manufacturer’s instructions. After installation of a fresh
analytical cartridge, the system was primed with the provided whole blood samples and calibrated with provided
standards. Unknown samples were then run batch wise using
an auto-sampler with QCs inserted throughout each batch.
The CV percentage for HbA1c QCs was 2.01% inter-batch
while intra-batch CV was 3.89%. Laboratory personnel
were blinded to sample type/status for all measurements
and assays.

Statistical analyses
Participants’ characteristics at baseline were described separately for cohort study participants selected in the sub-cohort
(according to sex), and for the cases of each of the selected
chronic disease endpoints. Spearman correlation coefficients, and linear regression analyses were used to examine associations of GDF-15, NT-proBNP, HbA1C, CRP
and cystatin-C with age, sex, level of education, physical
activity level, body mass index (BMI), smoking (status, lifetime duration, pack-years), alcohol consumption, and baseline type-2 diabetes, and to estimate the percentage of the
variance (adjusted model R2) in each biomarker potentially
explained by lifestyle factors.
Prospective associations between the five biomarkers
and risks of breast, prostate, lung, colorectal cancers, MI
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and stroke, were assessed using Cox proportional hazards
models. Inverse sub-cohort sampling probability (ISSP) [46]
weighting was used to account for the case-cohort design,
and for the oversampling of older participants according to
the case-cohort sampling scheme; that is, participants aged
50 or younger were assigned a 10% probability, and those
aged above 50 a 19% probability (10% given they were
not drawn in the first selection step (a 90% probability):
10% + (10% × 90%)). Cause-specific hazard ratios (HR) and
their 95% confidence intervals (CI) were obtained for any
first occurrence of incident cancer (i.e., considering the earlier occurrence of any other cancer type as competing events,
with the exception of non-melanoma skin cancer) or incident
cardiovascular event (where stroke and MI were considered
as mutually competing events). Cancers and CVD were not
considered as mutually competing events. In all Cox models,
age was the underlying timescale, and all models were additionally stratified by age at recruitment (5-year category) to
account for a potential birth cohort effect. Biomarkers were
used both as categorical (sex-specific quartiles based on the
distribution in the sub-cohort), and continuous (after a log-2
based transformation; HRs were therefore interpreted as the
relative hazard for a doubling of biomarker concentration).
The proportional hazard assumption was tested using an
extended version of the Schoenfeld residuals [49], and tests
for linear trends were based on the median of each quartile
modelled as a continuous variable.
Model 1 (intrinsically adjusted for age as timescale) was
adjusted for sex (except for breast and prostate cancer) and
age-stratified. To account for possible confounding factors,
a further model (model 2) was additionally adjusted for BMI
(kg/m2, continuous), lifetime alcohol consumption (g/day,
continuous), smoking status (never, long time quitters, short
time quitters, current light, and current heavy smokers),
physical activity (inactive, moderately inactive, moderately
active, active), educational level (none/primary school, technical school, secondary school, university), baseline selfreported diabetes (yes/no) (only for GDF-15 and HbA1C),
and baseline self-reported hypertension (yes/no) (only for
MI and stroke analyses). All confounders were completely
known with no missing data. Finally, we fitted mutually
adjusted models in which, for each disease outcome, all 5
biomarkers were included as continuous variables (log-2
transformed) to explore which markers showed associations
with each disease after adjusting for the other biomarkers.
The latter models were then used to build models with multimarker combinations, with significant markers weighted by
their relative beta-coefficients. We explored the magnitude
of the associations between quartiles of this combination
index and risks of cancer and CVD.
In secondary analyses, we investigated the associations
between the biomarker levels and risks of breast cancer
according to tumor subtypes (ER-, Her2 + , luminal [ER + /
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Her2-] and triple negative [ER-/PR-/Her2-] tumors) and age
at diagnosis (using a cut-off of 55, as a proxy for menopausal
status), and prostate cancer according to the grade of tumor
(low and high as described earlier). In addition, associations
were explored separately by smoking status (never, former,
current). To assess possible reverse causation bias, sensitivity analyses were conducted excluding cases diagnosed
within the first 2 years of follow-up. Tests were two-sided
and p-values less than 0.05 were considered statistically
significant. All analyses were performed using SAS V.9.4
(SAS Institute).

Results
Baseline characteristics of the EPIC–Heidelberg sub-cohort
participants, having data for at least one of the five biomarkers (n = 3792) are described in Table 1. For women (51%) in
the sub-cohort, the average age at enrollment was 51 years
(range 35–66), whereas for men the average age was
54 years (range 40–65). Both women and men on average
were slightly overweight, whereas among women, almost
two-thirds of the participants reported to be at least moderately active, and 37% among men. Among women, 53%
had never smoked and 22% had a university degree, whereas
among men, 31% had never smoked and 36% had a university degree. The prevalence rates of self-reported type-2 diabetes and hypertension were 2 and 27%, respectively, among
women, and 6 and 37%, respectively, among men.
In the sub-cohort, all five biomarkers showed significant
associations with age (Table 2); however, the association
was not linear for NT-proBNP. Age and sex in combination
explained respectively 13, 4, 7, 2 and 13% percent of the variance of GDF-15, NT-proBNP, HbA1C, CRP and cystatin-C.
Among the other covariates, the strongest predictors of the
five biomarkers were smoking status for GDF-15 (explaining
8% of the variance of GDF-15, after adjustment for age and
sex), and baseline diabetes for HbA1C (explaining 28% after
adjustment for age and sex). When analyzed simultaneously,
all the covariates explained respectively 23, 4, 37, 12 and
14% of the variance in circulating GDF-15, NT-proBNP,
HbA1C, CRP and cystatin-C. The biomarkers were not
strongly correlated with each other: strongest correlations
were found between GDF-15 and CRP (age and sex-adjusted
Spearman partial correlation coefficient = 0.26) and HbA1C
and CRP (coefficient = 0.19) (Supplemental Figure S2).
Regarding CVD, proportional hazards models adjusted
only for age and sex showed significant increases in risks
of both MI and stroke at higher levels of each of the five
biomarkers. Highest hazard ratios were observed for CRP,
HbA1c and GDF-15, with hazard ratios above 2.4 for MI,
and above 1.6 for stroke, when comparing highest to lowest quartile levels of these markers (Table 3). Additional
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Table 1  Baseline characteristics of the study population, EPIC-Heidelberg Case-cohort (n = 7767)
Subcohort

Incident cases

Total

Men

Women

Breast cancer Prostate cancer Lung cancer Colorectal
cancer

MI

Stroke

(n = 3792)

(n = 1847)

(n = 1945)

(n = 684)

(n = 596)

(n = 218)

(n = 283)

(n = 740)

(n = 758)

n = 331

n = 110

n = 116

n = 40

n = 68

n = 128

n = 139

51 (35; 66) 51 (35; 65)

57 (41; 65)

54 (36; 65)

55 (36; 65)

55 (36; 66) 56 (35; 65)

17 ± 2

9±5

10 ± 5

9±4

10 ± 5

10 ± 5

1026 (53%) 345 (50%)
374 (19%) 141 (21%)

232 (39%)
216 (36%)

17 (8%)
33 (15%)

95 (34%)
88 (31%)

218 (29%)
189 (25%)

265 (35%)
218 (29%)

151 (8%)

64 (9%)

56 (9%)

23 (11%)

35 (12%)

74 (10%)

65 (9%)

173 (9%)

59 (9%)

26 (4%)

24 (11%)

26 (9%)

64 (9%)

59 (8%)

221 (11%)

75 (11%)

66 (11%)

121 (55%)

39 (14%)

195 (26%)

151 (20%)

571 (29%)

174 (25%)

205 (34%)

101 (46%)

102 (36%)

289 (39%)

289 (38%)

802 (41%)

272 (40%)

174 (29%)

77 (35%)

91 (32%)

229 (31%)

246 (32%)

135 (7%)

57 (8%)

16 (3%)

11 (5%)

14 (5%)

29 (4%)

34 (4%)

437 (22%)

181 (26%)

201 (34%)

29 (13%)

76 (27%)

193 (26%)

189 (25%)

244 (12%)
496 (25%)

97 (14%)
190 (28%)

182 (30%)
183 (31%)

35 (16%)
78 (36%)

69 (24%)
66 (23%)

176 (24%)
215 (29%)

159 (21%)
215 (28%)

1012 (52%) 334 (49%)

203 (34%)

88 (40%)

120 (42%)

285 (38%)

318 (42%)

193 (10%)

63 (9%)

28 (5%)

17 (8%)

28 (10%)

64 (9%)

66 (9%)

43 (2%)

9 (1%)

30 (5%)

9 (4%)

22 (8%)

80 (11%)

65 (9%)

522 (27%)
25.5 ± 4.7
7 ± 15

172 (25%)
25.3 ± 4.4
8 ± 10

219 (37%)
27.0 ± 3.2
27 ± 27

75 (34%)
26.5 ± 4.4
36 ± 51

111 (39%)
27.4 ± 3.9
25 ± 31

328 (44%) 352 (46%)
28.0 ± 4.0 27.2 ± 4.3
22 ± 27
22 ± 27

Cases in subn = 894
n = 563
cohort
Age at recruit- 53 (35; 66) 54 (40; 65)
ment*
Duration of
17 ± 3
17 ± 4
follow-up
Smoking status
Never
1599 (42%) 573 (31%)
1037 (27%) 663 (36%)
Long time
quitter
(> 10 y
ago)
353 (9%)
202 (11%)
Short time
quitter
(≤ 10 y or
less)
104 (6%)
Current, light 277 (7%)
(≤ 10 cig
/d)
526 (14%) 305 (17%)
Current,
heavy (> 10
cig/d)
Level of education
1156 (31%) 585 (32%)
None/
primary
school
completed
1302 (34%) 500 (27%)
Technical/
professional
school
Secondary
229 (6%)
94 (5%)
school
1105 (29%) 668 (36%)
Longer
university
(incl. University)
Physical activity level
Inactive
838 (22%) 594 (32%)
Moderately
1078 (28%) 582 (32%)
inactive
Moderately
1569 (41%) 557 (31%)
active
Active
307 (8%)
114 (6%)
Baseline self-reported diabetes
Yes
152 (4%)
109 (6%)
Baseline self-reported hypertension
Yes
1205 (32%) 683 (37%)
BMI (Kg/m2) 26.2 ± 4.3 26.9 ± 3.6
17 ± 27
28 ± 32
Alcohol
consumption
(g/d)

9±5
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Table 1  (continued)
Subcohort

GDF-15 (pg/
mL)
NT-proBNP
(pg/mL)
HbA1C
(mmol/
mol)∞
CRP (mg/L)
Cystatin-C
(ng/mL)

Incident cases

Total

Men

Women

Breast cancer Prostate cancer Lung cancer Colorectal
cancer

MI

Stroke

(n = 3792)

(n = 1847)

(n = 1945)

(n = 684)

(n = 596)

(n = 218)

(n = 283)

(n = 740)

(n = 758)

730 ± 1143 727 ± 487

733 ± 1527 702 ± 1421

719 ± 436

931 ± 487

715 ± 335

799 ± 426

830 ± 534

235 ± 323

204 ± 370

263 ± 269

298 ± 273

233 ± 331

220 ± 251

262 ± 322

262 ± 367

295 ± 398

36 ± 8

37 ± 9

35 ± 7

35 ± 5

37 ± 9

38 ± 8

37 ± 9

39 ± 12

38 ± 9

3±5
511 ± 356

3±5
532 ± 414

3±5
491 ± 291

3±4
467 ± 402

3±5
564 ± 317

5±5
533 ± 289

4±6
538 ± 301

5±6
570 ± 366

4±5
561 ± 308

Values are n (%) for categorical variables, and mean ± SD for continuous variables

*

mean (min; max)

∞

HbA1C in % can be obtained from mmol/mol as follows: HbA1C (%) = (0.0915 × (HbA1C mmol/mol)) + 2.15%

adjustments for BMI, lifetime alcohol consumption, smoking (never, long time quitters, short time quitters, current
light, and current heavy smokers), physical activity level,
educational level, baseline self-reported diabetes (for GDF15 and HbA1C), and baseline self-reported hypertension
(model 2) only moderately attenuated the HR estimates for
each of the markers, and after full multivariable adjustment
only the association of HbA1C with risk of stroke was no
longer statistically significant.
With regard to cancer, basic risk models adjusted only
for age and sex showed increased risks at multiple cancer
(organ) sites for higher blood concentrations of NT-proBNP
(breast, prostate, colorectum), HbA1C (lung, colorectum,
breast), and CRP (lung, colorectum), whereas higher GDF15 levels were associated only with an increased risk of
lung cancer. The strongest associations were observed for
lung cancer, where minimally adjusted models showed a
more than eightfold hazard ratio for top vs. bottom quartiles of GDF-15 (HRQ4-Q1 = 8.14 [95% CI: 4.70, 14.09]),
a more than fourfold hazard ratio for top vs bottom quartiles of CRP (HRQ4-Q1 = 4.15 [2.55, 6.75]), and a more than
threefold hazard ratio for top vs bottom quartiles of HbA1c
(HRQ4-Q1 = 3.28 [2.13, 5.07]). Each of these associations
with lung cancer risk were strongly attenuated, however,
when models were additionally adjusted for smoking status
and educational level (in addition to alcohol consumption
for GDF-15) and further covariates in model 1. For NTproBNP, HR associations (for breast, prostate, and colorectal
cancer) were of moderate magnitude, with highest hazard
ratio of 2.2 for top vs. bottom quartiles (colorectal cancer),
and for this biomarker there was no change in HR estimates
after additional covariate adjustments. Interestingly, levels
of GDF-15 showed a significant inverse association with risk
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of prostate cancer. Cystatin-C levels showed no association
with risks of prostate, lung or colorectal cancer risk, but
showed a borderline significant inverse association for breast
cancer in the multivariable-adjusted model.
Analyses among never, former and current-smokers
showed statistically significant heterogeneity in biomarker
risk associations only for HbA1C with risks of breast (p-heterogeneity = 0.01) and colorectal (p-heterogeneity = 0.02)
cancer; where significant and moderately strong associations were observed only in never smokers (Supplemental
Table S1). On the other hand, for lung cancer, marker associations were only statistically significant in current smokers;
however, heterogeneity tests were non-significant, suggesting that absence of significance in never and former smokers
might be linked to the limited number of lung cancer cases in
these subgroups. Furthermore, although heterogeneity tests
were not significant, the direct associations of NT-proBNP
with colorectal and breast cancer risk were of a stronger
magnitude or statistically significant exclusively among
never smokers, respectively (Supplemental Table S1).
For breast cancer, further exploratory analyses by ER,
PR and HER receptor status and by age at tumor diagnosis showed significant associations of HbA1c especially
with risk of Her2 + cancers (p-heterogeneity = 0.04), and
of tumors diagnosed after age 55, although no significant
heterogeneity was observed (Supplemental Table S2). No
statistically significant heterogeneity was observed for the
associations of NT-proBNP with breast and prostate cancer
risk, according to tumor subtypes, grade and age at diagnosis
(Supplemental Table S2). The inverse association between
GDF-15 and prostate cancer risk was more pronounced for
high-grade disease, with a borderline significant heterogeneity (p-heterogeneity = 0.05).

Age
< 40
[40—45[
[45—50[
[50—55[
[55 -60[
≥ 60
Sex
Men
Women
Level of education
None/primary school
Technical/professional
Secondary school
Longer (incl. University)
Physical activity level
Inactive
Moderately inactive
Moderately active
Active
BMI
Normal
Overweight
Obese
Smoking status
Never
Long time quitter (> 10 y)
Short time quitter (≤ 10 y)
Current, light (≤ 10 cig /d)
Current, heavy (> 10 cig/d)
Alcohol consumption£
Low consumers
High consumers
Baseline diabetes

624 ± 7
647 ± 7

579 ± 7
598 ± 9
643 ± 14
679 ± 16
824 ± 11

642 ± 7
614 ± 8
674 ± 11

630 ± 10
640 ± 9
640 ± 7
620 ± 15

676 ± 8
631 ± 8
655 ± 18
601 ± 8

661 ± 7
611 ± 6

518 ± 18
533 ± 12
586 ± 13
645 ± 9
731 ± 9
803 ± 10

Mean ± SE

GDF-15

0.14

0.13

0.13

0.21

0.14

< .001

0.60

< .001

< .001

0.008

0.15

0.13

< .001

< .001

0.13

R

< .001

P*

2

220 ± 7
231 ± 7

218 ± 8
229 ± 11
247 ± 17
225 ± 19
225 ± 14

225 ± 8
219 ± 9
243 ± 14

218 ± 12
231 ± 10
230 ± 9
210 ± 18

225 ± 10
243 ± 9
222 ± 21
210 ± 9

196 ± 8
255 ± 7

212 ± 21
205 ± 13
218 ± 14
180 ± 11
224 ± 11
315 ± 11

Mean ± SE

NT-proBNP

0.99

0.32

0.67

0.31

0.64

< .001

< .001

< .001

P*

0.04

0.04

0.04

0.04

0.04

0.04

0.04

0.04

R

2

35.9 ± 0.2
35.0 ± 0.2

34.8 ± 0.2
35.0 ± 0.2
35.4 ± 0.4
36.2 ± 0.5
37.3 ± 0.3

34.7 ± 0.2
35.2 ± 0.2
38.1 ± 0.3

34.8 ± 0.5
35.5 ± 0.2
35 .7 ± 0.2
35.5 ± 0.4

36.5 ± 0.2
35.8 ± 0.2
35.1 ± 0.5
34.2 ± 0.2

35.9 ± 0.2
34.9 ± 0.2

33.3 ± 0.5
33.9 ± 0.3
34.5 ± 0.3
35.8 ± 0.3
36.7 ± 0.3
38.3 ± 0.3

Mean ± SE

HbA1C

< .001

< .001

< .001

< .001

0.05

< .001

< .001

< .001

P*

0.35

0.07

0.08

0.09

0.07

0.08

0.07

0.07

R

2

2.9 ± 0.1
3.0 ± 0.1

2.6 ± 0.1
2.7 ± 0.2
3.2 ± 0.3
2.6 ± 0.3
4.3 ± 0.2

2.0 ± 0.1
3.3 ± 0.1
5.1 ± 0.2

2.7 ± 0.2
3.1 ± 0.2
3.0 ± 0.1
3.1 ± 0.3

3.6 ± 0.1
2.9 ± 0.1
2.9 ± 0.3
2.4 ± 0.1

2.8 ± 0.1
3.1 ± 0.1

2.1 ± 0.3
2.6 ± 0.2
2.2 ± 0.2
3.1 ± 0.2
3.7 ± 0.2
4.0 ± 0.2

Mean ± SE

CRP

Table 2  Levels of GDF-15, NT-proBNP, HbA1C, CRP, cystatin-C among different strata of the sub-cohort, EPIC-Heidelberg (n = 3792)

< .001

0.42

< .001

< .001

0.45

< .001

0.07

< .001

P*

0.02

0.02

0.04

0.09

0.02

0.03

0.02

0.02

R

2

467 ± 7
464 ± 6

459 ± 7
450 ± 9
469 ± 14
470 ± 16
501 ± 12

464 ± 7
463 ± 7
477 ± 11

477 ± 9
464 ± 8
461 ± 7
454 ± 15

470 ± 8
459 ± 8
467 ± 17
465 ± 8

465 ± 7
465 ± 6

337 ± 18
350 ± 11
356 ± 12
563 ± 9
589 ± 9
597 ± 10

Mean ± SE

Cystatin-C

0.27

0.72

0.01

0.53

0.53

0.80

0.94

< .001

P*

0.13

0.13

0.13

0.13

0.13

0.13

0.13

0.13

R2
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13

p-value for lifestyle factor, obtained using a generalized linear model adjusted for age and sex

Lifetime alcohol consumption according to sex-specific median: median in men = 20.6 g/day and in women = 4.1 g/day

£

Values are means (adjusted for age and sex) ± SE

*

HbA1C in % can be obtained from mmol/mol as follows: HbA1C (%) = (0.0915 × (HbA1C mmol/mol)) + 2.15%

GDF-15: n = 3701; NT-proBNP: n = 3430; HbA1C: n = 3717; CRP: n = 3635; Cystatin-C: n = 3665

R2 for a model including all of the above factors: 0.23 for GDF-15, 0.04 for NT-proBNP, 0.37 for HbA1C, 0.12 for CRP and 0.14 for Cystatin-C

2.9 ± 0.1
4.7 ± 0.4
34.6 ± 0.1
59.6 ± 0.5
226 ± 5
226 ± 28
629 ± 5
841 ± 23
No
Yes

R2: adjusted R2 obtained using age and sex-adjusted linear regressions, interpreted as the variance in the biomarker jointly explained by age, sex and the specific lifestyle factor

466 ± 5
441 ± 23

Mean ± SE
Mean ± SE
Mean ± SE
Mean ± SE
Mean ± SE

Table 2  (continued)

GDF-15

P*

R2

NT-proBNP

P*

R2

HbA1C

P*

R2

CRP

P*

R2

Cystatin-C

P*

R2

B. Srour et al.

Findings were unchanged when cases diagnosed within
the first 2 years of follow-up were excluded. Only the association of cystatin-C with risk of stroke became non-significant (Supplemental Table S3).
When the five markers were examined simultaneously,
in a mutually adjusted manner, MI risk was associated with
levels of NT-proBNP, HbA1C, CRP and cystatin-C. As for
stroke, associated biomarkers were GDF-15, NT-proBNP
and CRP. By contrast, the only biomarkers associated with
breast cancer risk were NT-proBNP and HbA1C, whereas
only GDF-15 (negative) and NT-proBNP (positive) were
associated with prostate cancer, only GDF-15 and HbA1C
with lung cancer risk, and only NT-proBNP with colorectal
cancer risk. Models combining these biomarkers, weighted
by their effect sizes in the mutually adjusted models, and
adjusted for BMI, lifetime alcohol consumption, smoking,
physical activity level, educational level, baseline selfreported diabetes, and baseline self-reported hypertension, showed moderately strong associations with cancer
and CVD risk, ranging from HRQ4-Q1 = 1.78 [1.36, 2.34]
for breast cancer (combining NT-proBNP and HbA1C), to
HRQ4-Q1 = 2.87 [2.15, 3.83] for MI (combining NT-proBNP,
HbA1C, CRP and cystatin-C) (Table 4).

Discussion
In this prospective analysis, we found risk associations for
both CVD (MI, stroke) and cancer with five ageing-related
biomarkers that were pre-selected on the basis of their measurement reliability, relevance to biological ageing, and ability to predict all-cause mortality. All five markers showed
associations with long-term risk of CVD (NT-proBNP, CRP,
HbA1C and Cystatin-C for MI; GDF-15, NT-proBNP and
CRP for stroke). Regarding cancer, increased risks were
observed especially among individuals who had higher
blood concentrations of NT-proBNP (breast, prostate, colorectum), HbA1C (lung, colorectum, breast), and CRP (lung,
colorectum), whereas higher GDF-15 levels were associated
with an increased risk of lung cancer and a reduced risk of
prostate cancer.
NT-proBNP was associated with breast, prostate, colorectal cancer and CVD risks. HbA1C was associated with
breast, lung and colorectal (among never smokers) cancer
and MI risks. CRP was associated with lung cancer and
CVD risks. Cystatin-C was inversely associated with breast
cancer risk and directly associated with CVD risk. For each
of the chronic disease outcomes, combining the markers
showed HRs between 1.78 (breast cancer) and 2.87 (MI)
comparing highest to lowest quartiles, after adjustment for
smoking, BMI, alcohol consumption, physical activity, and
self-reported diabetes or hypertension.
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Table 3   Associations between GDF-15, NT-proBNP, HBA1C, CRP, cystatin-C with cancer and CVD risk, EPIC-Heidelberg (n = 7767)

GDF-15
Breast cancer
Number of cases
Model 1
Model 2
Prostate cancer
Number of cases
Model 1
Model 2
Lung cancer
Number of cases
Model 1
Model 2
Colorectal cancer
Number of cases
Model 1
Model 2
Mycordial Infarction
Number of cases
Model 1
Model 2
Stroke
Number of cases
Model 1
Model 2
NT-proBNP
Breast cancer
Number of cases
Model 1
Model 2
Prostate cancer
Number of cases
Model 1
Model 2
Lung cancer
Number of cases
Model 1
Model 2
Colorectal cancer
Number of cases
Model 1
Model 2
Mycordial Infarction
Number of cases
Model 1
Model 2
Stroke
Number of cases
Model 1
Model 2

Q1

Q2

Q3

Q4

P-trend

Continuous

P

145
Ref
Ref

175
1.20 (0.92,1.55)
1.22 (0.94,1.59)

156
1.11 (0.84,1.46)
1.15 (0.87,1.53)

147
1.11 (0.84,1.47)
1.19 (0.89,1.61)

0.72
0.42

1.00 (0.88,1.14)
1.03 (0.90,1.17)

0.98
0.71

134
Ref
Ref

140
0.80 (0.60,1.05)
0.83 (0.63,1.10)

167
0.80 (0.61,1.05)
0.84 (0.63,1.11)

136
0.66 (0.50,0.89)
0.71 (0.52,0.97)

0.01
0.05

0.76 (0.62,0.94)
0.79 (0.63,0.99)

0.01
0.04

19
Ref
Ref

28
1.66 (0.91,3.03)
1.10 (0.59,2.03)

45
2.85 (1.60,5.09)
1.27 (0.70,2.31)

110
8.14 (4.70,14.09)
2.73 (1.57,4.77)

< .001
< .001

2.10 (1.77,2.50)
1.64 (1.37,1.96)

< .001
< .001

45
Ref
Ref

76
1.45 (0.98,2.14)
1.34 (0.90,2.00)

73
1.24 (0.83,1.86)
1.09 (0.72,1.66)

74
1.29 (0.85,1.95)
1.06 (0.68,1.66)

0.56
0.73

1.02 (0.82,1.28)
0.91 (0.71,1.16)

0.86
0.45

106
Ref
Ref

142
1.30 (0.98,1.72)
1.10 (0.83,1.46)

224
2.00 (1.53,2.61)
1.47 (1.11,1.94)

236
2.39 (1.82,3.14)
1.43 (1.07,1.91)

< .001
0.03

1.66 (1.46,1.87)
1.32 (1.14,1.54)

< .001
< .001

102
Ref
Ref

141
1.24 (0.94,1.65)
1.15 (0.87,1.53)

193
1.56 (1.18,2.05)
1.33 (1.01,1.77)

288
2.51 (1.91,3.29)
1.93 (1.44,2.57)

< .001
< .001

1.65 (1.46,1.86)
1.47 (1.28,1.68)

< .001
< .001

103
Ref
Ref

161
1.61 (1.21,2.14)
1.63 (1.23,2.17)

159
1.61 (1.21,2.15)
1.63 (1.21,2.18)

179
1.80 (1.37,2.38)
1.83 (1.38,2.44)

< .001
< .001

1.18 (1.11,1.27)
1.19 (1.11,1.27)

< .001
< .001

89
Ref
Ref

126
1.49 (1.10,2.01)
1.48 (1.09,2.02)

157
1.91 (1.42,2.57)
1.90 (1.40,2.56)

177
1.92 (1.44,2.57)
1.90 (1.42,2.56)

< .001
< .001

1.17 (1.10,1.25)
1.17 (1.10,1.25)

< .001
< .001

40
Ref
Ref

50
1.25 (0.82,1.92)
1.24 (0.79,1.95)

54
1.33 (0.87,2.03)
1.39 (0.89,2.19)

47
1.21 (0.78,1.87)
1.12 (0.71,1.76)

0.78
0.97

1.08 (0.97,1.19)
1.06 (0.96,1.18)

0.15
0.23

42
Ref
Ref

68
1.76 (1.17,2.63)
1.76 (1.17,2.65)

57
1.51 (0.99,2.30)
1.52 (1.00,2.32)

90
2.21 (1.50,3.25)
2.22 (1.50,3.28)

< .001
< .001

1.19 (1.10,1.30)
1.19 (1.10,1.30)

< .001
< .001

136
Ref
Ref

154
1.15 (0.89,1.48)
1.18 (0.90,1.54)

175
1.31 (1.02,1.69)
1.35 (1.04,1.76)

207
1.53 (1.20,1.96)
1.62 (1.26,2.08)

< .001
< .001

1.15 (1.08,1.23)
1.16 (1.09,1.24)

< .001
< .001

144
Ref
Ref

147
1.06 (0.83,1.37)
1.07 (0.82,1.38)

176
1.26 (0.98,1.61)
1.24 (0.96,1.60)

227
1.51 (1.19,1.91)
1.48 (1.17,1.88)

< .001
< .001

1.16 (1.09,1.24)
1.15 (1.08,1.23)

< .001
< .001
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Table 3  (continued)

HbA1C
Breast cancer
Number of cases
Model 1
Model 2
Prostate cancer
Number of cases
Model 1
Model 2
Lung cancer
Number of cases
Model 1
Model 2
Colorectal cancer
Number of cases
Model 1
Model 2
Mycordial Infarction
Number of cases
Model 1
Model 2
Stroke
Number of cases
Model 1
Model 2
CRP
Breast cancer
Number of cases
Model 1
Model 2
Prostate cancer
Number of cases
Model 1
Model 2
Lung cancer
Number of cases
Model 1
Model 2
Colorectal cancer
Number of cases
Model 1
Model 2
Mycordial Infarction
Number of cases
Model 1
Model 2
Stroke
Number of cases
Model 1
Model 2

13

Q1

Q2

Q3

Q4

P-trend

Continuous

P

178
Ref
Ref

147
1.26 (0.98,1.63)
1.29 (1.00,1.66)

189
1.29 (1.01,1.65)
1.34 (1.04,1.72)

161
1.30 (1.01,1.67)
1.43 (1.09,1.88)

0.06
0.01

1.24 (0.87,1.76)
1.78 (1.08,2.94)

0.24
0.02

179
Ref
Ref

104
0.99 (0.75,1.31)
1.02 (0.77,1.35)

149
1.17 (0.91,1.51)
1.19 (0.92,1.54)

153
1.06 (0.82,1.37)
1.21 (0.92,1.60)

0.48
0.12

1.00 (0.72,1.38)
1.35 (0.90,2.03)

0.99
0.15

37
Ref
Ref

31
1.45 (0.89,2.37)
1.16 (0.70,1.93)

69
2.83 (1.86,4.32)
1.92 (1.21,3.04)

76
3.28 (2.13,5.07)
1.74 (1.07,2.81)

< .001
0.02

2.58 (1.84,3.63)
2.66 (1.32,5.34)

< .001
0.01

77
Ref
Ref

46
0.97 (0.66,1.41)
0.93 (0.64,1.37)

73
1.19 (0.85,1.66)
1.14 (0.80,1.61)

83
1.36 (0.97,1.90)
1.09 (0.74,1.61)

0.05
0.50

1.62 (1.07,2.46)
1.17 (0.67,2.05)

0.02
0.58

164
Ref
Ref

113
1.17 (0.90,1.52)
1.06 (0.81,1.38)

186
1.63 (1.29,2.06)
1.39 (1.09,1.77)

265
2.42 (1.93,3.04)
1.50 (1.16,1.93)

< .001
< .001

3.02 (2.31,3.95)
1.92 (1.29,2.88)

< .001
< .001

177
Ref
Ref

128
1.17 (0.91,1.49)
1.10 (0.86,1.42)

187
1.37 (1.09,1.72)
1.25 (0.99,1.58)

221
1.59 (1.26,2.00)
1.18 (0.91,1.52)

< .001
0.22

1.95 (1.48,2.57)
1.38 (0.92,2.07)

< .001
0.12

151
Ref
Ref

161
1.09 (0.85,1.41)
1.16 (0.89,1.50)

157
1.07 (0.83,1.38)
1.18 (0.90,1.55)

148
1.04 (0.80,1.35)
1.17 (0.88,1.56)

0.96
0.54

1.00 (0.95,1.05)
1.02 (0.96,1.08)

0.86
0.50

130
Ref
Ref

137
0.98 (0.74,1.29)
1.04 (0.78,1.39)

163
1.11 (0.85,1.44)
1.18 (0.89,1.56)

142
0.97 (0.74,1.28)
1.09 (0.80,1.48)

0.82
0.71

1.02 (0.96,1.08)
1.05 (0.98,1.11)

0.52
0.16

23
Ref
Ref

37
1.68 (0.98,2.87)
1.37 (0.78,2.40)

52
2.37 (1.43,3.93)
1.67 (0.97,2.86)

85
4.15 (2.55,6.75)
2.25 (1.31,3.87)

< .001
< .001

1.32 (1.22,1.43)
1.16 (1.05,1.28)

< .001
< .001

46
Ref
Ref

58
1.19 (0.79,1.77)
1.09 (0.72,1.65)

78
1.51 (1.02,2.22)
1.33 (0.89,1.99)

77
1.52 (1.03,2.25)
1.26 (0.81,1.96)

0.05
0.40

1.10 (1.02,1.19)
1.06 (0.97,1.16)

0.01
0.18

93
Ref
Ref

125
1.35 (1.01,1.80)
1.15 (0.86,1.55)

192
2.07 (1.57,2.72)
1.59 (1.19,2.11)

286
3.34 (2.57,4.34)
2.15 (1.61,2.87)

< .001
< .001

1.30 (1.24,1.37)
1.19 (1.12,1.25)

< .001
< .001

105
Ref
Ref

140
1.29 (0.98,1.69)
1.19 (0.90,1.57)

204
1.78 (1.37,2.31)
1.56 (1.20,2.04)

263
2.41 (1.87,3.11)
1.91 (1.45,2.52)

< .001
< .001

1.19 (1.14,1.25)
1.14 (1.08,1.20)

< .001
< .001
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Table 3  (continued)

Cystatin-C
Breast cancer
Number of cases
Model 1
Model 2
Prostate cancer
Number of cases
Model 1
Model 2
Lung cancer
Number of cases
Model 1
Model 2
Colorectal cancer
Number of cases
Model 1
Model 2
Mycordial Infarction
Number of cases
Model 1
Model 2
Stroke
Number of cases
Model 1
Model 2

Q1

Q2

Q3

Q4

P-trend

Continuous

P

172
Ref
Ref

162
0.94 (0.72,1.22)
0.95 (0.73,1.24)

141
0.81 (0.61,1.07)
0.82 (0.61,1.09)

143
0.85 (0.63,1.15)
0.87 (0.64,1.18)

0.29
0.35

0.86 (0.74,0.99)
0.86 (0.75,1.00)

0.04
0.05

111
Ref
Ref

159
1.18 (0.89,1.56)
1.18 (0.89,1.56)

130
0.86 (0.64,1.15)
0.86 (0.64,1.15)

164
1.05 (0.79,1.40)
1.06 (0.79,1.41)

0.86
0.89

1.02 (0.90,1.17)
1.03 (0.90,1.17)

0.72
0.72

43
Ref
Ref

46
1.08 (0.68,1.69)
1.03 (0.64,1.67)

59
1.39 (0.90,2.14)
1.22 (0.77,1.94)

50
1.18 (0.74,1.86)
1.06 (0.65,1.72)

0.45
0.80

1.13 (0.93,1.38)
1.08 (0.88,1.33)

0.20
0.47

52
Ref
Ref

70
1.18 (0.81,1.71)
1.15 (0.79,1.68)

70
1.09 (0.74,1.60)
1.08 (0.73,1.59)

72
1.06 (0.72,1.56)
1.03 (0.70,1.51)

0.96
0.84

0.99 (0.83,1.18)
0.99 (0.83,1.18)

0.93
0.90

145
Ref
Ref

172
1.17 (0.91,1.50)
1.13 (0.87,1.46)

166
1.13 (0.87,1.45)
1.04 (0.80,1.35)

212
1.40 (1.09,1.81)
1.25 (0.97,1.61)

0.01
0.12

1.23 (1.09,1.39)
1.17 (1.04,1.32)

< .001
0.01

130
Ref
Ref

182
1.26 (0.98,1.61)
1.21 (0.94,1.56)

201
1.34 (1.05,1.72)
1.27 (0.99,1.64)

203
1.28 (0.99,1.66)
1.21 (0.94,1.57)

0.16
0.32

1.16 (1.04,1.30)
1.14 (1.01,1.28)

0.01
0.03

Quartiles are based on the sex-specific distribution of the biomarker in the sub-cohort
Sex-specific quartile cut-offs for GDF-15 were 503.1, 628.6, 830.0 in men and 451.2, 576.6, 737.4 in women
Sex-specific quartile cut-offs for NT-proBNP were 61.3, 114.7, 230.8 in men and 93.3, 193.4, 338.0 in women
Sex-specific quartile cut-offs for HbA1C were 33, 35, 38 in men and 32, 34, 37 in women
Sex-specific quartile cut-offs for CRP were 0.7, 1.6, 3.5 in men and 0.6, 1.5, 3.6 in women
Sex-specific quartile cut-offs for Cystatin-C were 324.7, 458.2, 647.8 in men and 294.2, 418.1, 603.7 in women
Model 1 is a cause-specific Cox model adjusted for sex (except for breast and prostate cancer) and age (as timescale), and stratified for age as 5-y
categories
Model 2 is further adjusted for BMI, lifetime alcohol consumption, smoking status (never, long time quitters, short time quitters, current light,
and current heavy smokers), physical activity level, educational level, baseline self-reported diabetes (for GDF-15 and HbA1C), and baseline
self-reported hypertension (for myocardial infarction and stroke)
Continuous HR for one unit increment in log-2 based biomarker = change in hazard associated with a doubling of biomarker concentration
HRs were corrected to match case-cohort design using inverse sub-cohort sampling probability weighting (ISSP)

Our findings for MI and stroke are consistent with those
from previous studies and published meta-analyses [24–28],
with very similar effect sizes for CRP [27], NT-proBNP
[25], and GDF-15 [24]. A prospective study by Ho et al.
used targeted proteomics to identify strong predictors of
CVD and mortality, covering 85 pre-selected protein markers. In mutually adjusted analyses, GDF-15 was the only
biomarker associated with CVD risk, whereas twelve further
ones were associated with all-cause mortality, among which
GDF-15, NT-proBNP, and Cystatin-C, and six (among

which NT-proBNP and GDF-15) were associated specifically with CVD death [22]. Another prospective study by
Daniels et al. [23] also found that GDF-15 and NT-proBNP,
but not CRP, were independent predictors of overall and
cardiovascular mortality, GDF-15 being the strongest for
overall mortality and NT-proBNP for cardiovascular mortality. Participants in the highest quartiles of both biomarkers
had a significantly higher risk of overall mortality (HR = 2.6
[2.0, 3.5]) compared to those in the lowest quartiles of both
biomarkers. Our findings that all our five candidates are
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Ref
Ref
Ref
Ref
Ref
Ref

< .0001
< .0001
0.37
< .0001
< .0001
0.0001

p-value
1.89 (1.15;3.13)
1.48 (0.98;2.22)
2.23 (1.12;4.44)
1.28 (0.74;2.21)
1.89 (1.26;2.81)
1.19 (0.80;1.78)

HR (95%CI)

HbA1C

1.61 (1.23;2.10)
1.61 (1.22;2.13)
1.80 (0.99;3.28)
1.52 (1.00;2.32)
2.10 (1.57;2.82)
1.79 (1.37;2.35)

Q3
HR (95%CI)

0.01
0.06
0.02
0.38
0.002
0.3903

p-value
1.01 (0.96;1.07)
1.06 (1.00;1.13)
1.08 (0.98;1.19)
1.05 (0.96;1.14)
1.14 (1.08;1.21)
1.10 (1.04;1.16)

HR (95%CI)

CRP

0.88 (0.76;1.01)
1.03 (0.90;1.19)
0.99 (0.82;1.20)
1.00 (0.84;1.19)
1.14 (1.01;1.28)
1.08 (0.96;1.21)

HR (95%CI)

1.78 (1.36;2.34)
1.83 (1.39;2.42)
2.44 (1.33;4.48)
2.22 (1.50;3.28)
2.87 (2.15;3.83)
2.44 (1.86;3.20)

Q4
HR (95%CI)

0.63
0.06
0.11
0.28
< .0001
0.0005

p-value

Cystatin-C

< .0001
< .0001
0.002
< .0001
< .0001
< .0001

p-trend

0.07
0.65
0.92
0.99
0.03
0.21

p-value

Quartiles of the combination index constructed by the sum of each significant biomarker in the mutually adjusted model, weighted by its corresponding beta-coefficient (w); as follows: Breast
cancer: NT-proBNP (w = 0.16403), HbA1C (w = 0.6387); Prostate cancer: GDF-15 (w = -0.33278), NT-proBNP (w = 0.17026); Lung cancer: GDF-15 (w = 0.39846), HbA1C (w = 0.80369);
Colorectal cancer: NT-proBNP (w = 0.1834); MI: NT-proBNP (w = 0.14331), HbA1C (w = 0.63457), CRP (w = 0.1356), Cystatin-C (w = 0.12972); Stroke: GDF-15 (w = 0.27614), NT-proBNP
(w = 0.12693), CRP (w = 0.09422). HRs were corrected to match case-cohort design using inverse subcohort sampling probability weighting (ISSP)

Continuous HR for one unit increment in log-2 based biomarker = change in hazard associated with a doubling of biomarker concentration

Models were cause-specific, stratified for age (5-y category), adjusted for age (as timescale), sex (except for breast and prostate cancer), BMI, lifetime alcohol consumption, smoking status
(never, long time quitters, short time quitters, current light, and current heavy smokers), physical activity level, educational level, baseline self-reported diabetes (for GDF-15 and HbA1C), baseline self-reported hypertension (for myocardial infarction and stroke), and mutually adjusted for the 4 other biomarkers (except for the models with the multi-marker scores)

1.59 (1.23;2.07)
1.48 (1.11;1.97)
1.05 (0.55;1.99)
1.76 (1.17;2.65)
1.74 (1.30;2.32)
1.32 (1.00;1.74)

Q2
HR (95%CI)

1.18 (1.10;1.26)
1.19 (1.11;1.27)
1.05 (0.95;1.15)
1.20 (1.10;1.31)
1.15 (1.08;1.23)
1.13 (1.06;1.21)

HR: Hazard Ratio, CI: Confidence interval, MI: Myocardial infarction

Multi-marker combination
Breast cancer
Prostate cancer
Lung cancer
Colorectal cancer
MI
Stroke

0.94
0.004
< .0001
0.21
0.18
0.0001

Q1
HR (95%CI)

Mutually adjusted models
Breast cancer
1.00 (0.88;1.15)
Prostate cancer
0.72 (0.57;0.90)
Lung cancer
1.49 (1.24;1.80)
Colorectal cancer
0.85 (0.67;1.09)
MI
1.11 (0.95;1.30)
Stroke
1.32 (1.15;1.51)

HR (95%CI)

HR (95%CI)

p-value

NT-proBNP

GDF-15

Table 4  Associations between mutually adjusted models, multi-marker combination and cancer and CVD risk, EPIC-Heidelberg (n = 7767)
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independent predictors for CVD risk (NT-proBNP, HbA1C,
CRP and Cystatin-C for MI, and GDF-15, NT-proBNP and
CRP for stroke) are consistent with these previous studies,
and we also found a similarly strong association of marker
combinations with risks of both MI ( HRQ4-Q1 = 2.87, after
adjustment for other established CVD risk factors) and
stroke (HRQ4-Q1 = 2.44).
Regarding cancer, our findings for CRP and HbA1C
are also quite in line with those from previous prospective
studies. For CRP, previous prospective studies have shown
increased risks of colorectal cancer [32], and of lung cancer among ever smokers [29, 30, 50], in association with
higher blood levels. Likewise, previous studies have also
found an increased risks of colorectal cancer [34, 35], and
again of lung cancer among smokers [34, 35], for individuals
who had elevated HbA1C, even within the normo-glycemic
range. For breast cancer, by contrast, findings from previous
studies have been inconsistent [34, 35], possibly because of
heterogeneities in risk factor associations with breast cancer
developing before or after menopause, or depending tumor
sub-types.
Novel observations from our study are the increased
risk of lung cancer, and the reduced risk of prostate cancer, among individuals who had higher blood levels of
GDF-15. The association with lung cancer in part appeared
confounded by smoking, but persisted after smoking was
adjusted for (HR = 2.73 after adjustment for smoking and
other confounders vs HR = 8.14 in models adjusted only for
age and sex). Other studies have found higher levels of circulating GDF-15 in patients with pulmonary fibrosis [51]
– a condition associated with high lung cancer risk [52].
For prostate cancer, the inverse association of risk with
GDF-15 appeared more pronounced for high-grade than
low-grade disease. These findings are consistent with those
from a cross-sectional study [53] showing that prostate cancer cases had lower GDF-15 levels than men with benign
prostatic hyperplasia. The latter study, however, showed that
patients with higher Gleason scores had higher GDF-15 levels, unlike our findings showing a stronger inverse association for high-grade prostate cancer. Our findings suggested
no association between circulating GDF-15 with breast or
colorectal cancer; however, an independent prospective
study showed a positive association between GDF-15 levels and colorectal cancer risk [40]. It is worth mentioning
that two small prospective studies, one among diabetics and
one among elderly individuals, found positive associations
between higher levels of GDF-15 and overall cancer risk
[37, 39]; these studies, however, were too small to examine
relative risks for individual cancer types.
For NT-proBNP, our study showed for the first time in the
general population moderately strong associations between
higher blood levels and increased risks of breast, prostate
and colorectal cancer. These findings are consistent with

those from a small prospective study (n = 699 and 24 cancer cases) in coronary disease patients, linking NT-proBNP
with overall cancer risk [42], and support findings from a
retrospective study showing that BNP levels are elevated in
cancer patients [54]. We did not observe an association with
lung cancer, in contrary to findings from one cross-sectional
study suggesting that lung cancer patients were more likely
to have elevated NT-proBNP levels [55].
For cystatin-C our data suggest a possible inverse association with breast cancer risk, although this association was
statistically significant only in multi-variate adjusted risk
models or when cases diagnosed within the first 2 years were
excluded. However, our data showed no evidence for any
further associations of cystatin-C with risk of cancers of
the colorectum, lung or prostate. We are not aware of other
studies, so far, that prospectively examined the association
of cystatin-C in initially cancer free subjects with later cancer risk.
To our knowledge, this study is the first to assess how
combinations of these five biomarkers associate with cancer
incidence. Daniels et al. found that in a mutually adjusted
model, GDF-15 was the only predictor of cancer-specific
mortality [23]. Our results suggested that NT-proBNP and
HbA1C combined together, show a strong joint association
with breast cancer incidence, while combining GDF-15 and
HbA1C is strongly associated with lung cancer incidence.
On the other hand, having simultaneously high levels of NTproBNP and low levels of GDF-15 is associated with a 83%
increase in prostate cancer risk.
Recent studies showed that biological ageing relies
on several pillars, that might surprisingly interconnect
[3, 15, 56], among which metabolism, inflammation, and
adaptation to stress. Previous research suggests that each
of our selected biomarkers might reflect one or several
pathophysiological pathways underlying biological ageing and age-related diseases: GDF-15 has been described
as a strong biomarker for biological ageing [57]. Mitochondrial dysfunction (strongly linked to ageing) in animal models increased GDF-15 levels; this trend was also
observed in humans with mitochondrial disease, possibly
through impaired calcium homeostasis and excessive oxidative stress and in older than in younger persons, potentially as a response to impaired calcium homeostasis and
excessive oxidative stress [58, 59]. NT-proBNP, released
from cardiomyocytes undergoing wall stress or ischemia
and, well-known for indicating cardiovascular health, was
suggested to be a strong indicator of biological ageing
[15, 60] and might be stimulated by several pro-inflammatory cytokines, including tumor necrosis factor-α and
some interleukins [42]. HbA1C is, in addition to its role
in diabetes diagnosis, a marker of metabolically unhealthy
biological ageing [61], and CRP reflects chronic inflammation linked to biological ageing [27]. Last, cystatin-C
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might, in addition to its role in kidney function, mediate
an increase in other risk factors for ageing, such as anemia,
insulin resistance and inflammation [62]. The five biomarkers might therefore reflect a systemic state of cellular
or functional ageing. Indeed, moderate to strong correlations with chronological age have been described for these
markers, especially GDF-15 (average age = 71 ± 11 years
old) [23], NT-proBNP (average age = 68 ± 8 years old)
[63] and cystatin-C (average age = 72 ± 4 years old) [62].
These correlations were weaker in our cohort (R2 ranged
between 0.02 for CRP and 0.13 for GDF-15 and CRP);
however, our participants were younger at the time of
cohort enrollment and blood donation. Interestingly, participants above 50 years old in our cohort (55 for NTproBNP) had clearly higher levels than younger participants (Table 2); which possibly suggests that the analyzed
biomarkers might begin to show a stronger discriminatory
ability of unhealthy ageing above the age of 50. While
some combinations of these biomarkers have been shown
to be strongly associated with mortality and cardiovascular
health, our study was the first to show that the biomarkers
might have a predictive capacity for cancer incidence. In
regard to the complex process of transformation to malignancy, recent studies hypothesize that, independently of
chronological age, some ageing-associated changes in the
cellular microenvironment (such as increased inflammation or decreased immunity) might be required for carcinogenesis [64]. It is also unclear whether the biomarkers
used in the present study are themselves biological mediators of effect, or whether they merely reflect the effects of
other unmeasured biological factors or functional states;
which might explain the moderate correlations with age.
Indeed, Mendelian Randomization studies have shown that
some of our biomarkers (GDF-15, cystatin-C) were not
causally associated with cancer and CVD risks, respectively [38, 41, 65].
Biological ageing is surely influenced by genetic factors, however it can still be delayed or targeted by environmental influences [64], including lifestyle changes [7, 8] or
pharmacological interventions [9]. Correlations between
our selected biomarkers and lifestyle factors were relatively moderate: GDF-15 showed the strongest correlation
with smoking (Spearman partial coefficient with number
of pack-years and duration of smoking = 0.26 and 0.25,
respectively, p < 0.001) and CRP was the only candidate
with a moderate correlation with adiposity (Spearman
partial coefficient with BMI = 0.37, p < 0.001). Therefore,
even though our findings support the usefulness of combining these biomarkers to identify participants at higher
NCD risk, our data provide no evidence on how healthier
lifestyles might help improve the levels of these biomarkers, and thus, whether these biomarkers would help evaluate the efficacy of lifestyle prevention strategies. Further
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studies in other populations including younger and older
adults are needed to investigate the associations between
these biomarkers and lifestyle factors.

Strengths and limitations
This study had several strengths. It was the first study to
assess the associations between combinations of biomarkers
linked to biological ageing (GDF-15, NT-proBNP, HbA1C,
CRP, cystatin-C) and cancer risk. The present analyses were
well-powered and comprehensively adjusted for potential
confounders. Our study included healthy participants from
the general population, free of major cardiovascular conditions or cancer at baseline. This has allowed detecting possible associations, before diagnosis was made or symptoms
appear. We had data about histological grading for prostate
cancer and breast tumor subtypes, as well as a relatively long
follow-up duration (median 10y): even though this enabled
us to investigate long term associations, a dilution effect
could not be entirely ruled out. Nevertheless, this could have
led to a non-differential measurement error (identically in
cases and non-cases), most probably leading to an underestimation of the observed associations. Moreover, the risk of
residual confounding, linked either to unmeasured factors
(e.g., family history of diseases, blood pressure, some environmental exposures) or to imperfections in data collection
(for smoking for instance) cannot be totally excluded despite
adjusting for a 5-category smoking variable. However, the
majority of associations with cancer risk were also found in
never smokers. Moreover, even if these markers have shown
strong associations with chronological age and mortality risk
in previous studies, they cannot be interpreted as signatures
of biological ageing. In addition, the multi-marker combination we developed was not cross-validated; however, it was
not intended for further replication, or clinical practice, but it
aimed to examine whether these markers, reflecting different
dimensions of ageing hallmarks (inflammation, mitochondrial dysfunction, metabolic and functional ageing), jointly
show stronger associations with cancer and CVD risk, in
our study population, than considering each of them individually. Furthermore, even though these five markers were
related to ageing, any direct inference of the observed associations to a specific single dimension of biological ageing
is not straightforward, and should be interpreted with caution, as these markers are not specific to ageing, and could
reflect other causal pathways (including for instance cellular
stress, cardiovascular health, glucose intolerance, inflammation, or renal dysfunction) and as biological ageing covers a
wide array of mechanisms and pathways. Last, the number
of cases might have been limited to detect associations in
stratified and tumor subtypes/grades models, leading to a
weaker statistical power in some of these analyses.
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Conclusions
This study allowed us to have an umbrella view of the
associations between five biomarkers linked to biological
ageing (GDF-15, NT-proBNP, HbA1C, CRP, cystatinC) and cancer and CVD risks. While all of them were
independently associated with CVD risk, we observed
for the first time that combining NT-proBNP and HbA1C
associates strongly with breast cancer risk, GDF-15 and
NT-proBNP with prostate cancer risk, and GDF-15 and
HbA1C with lung cancer risk. If confirmed in other studies and settings, these findings open up the possibility of
using combinations of biological ageing markers to predict
cancer, CVD risk and mortality, which might enable risk
stratification to identify people at high risk of NCDs.
Supplementary Information The online version contains supplementary material available at https://d oi.o rg/1 0.1 007/s 10654-0 21-0 0828-3.
Acknowledgements The authors are grateful for the continuous participation of our cohort participants—without their commitment this
work would not have been possible.
Authors Contribution RK, TK and VK contributed to the conception
and design of the study. TJ organized the sample handling and laboratory analyses. BS conducted statistical analyses. LCH participated in
statistical analyses. BS wrote an initial draft manuscript, which all
authors reviewed and revised. All authors read and approved the final
manuscript.
Funding Open Access funding was enabled and organized by Projekt
DEAL. The present project was supported by the Helmholtz Association’s Initiative on Aging and Metabolic Programming (AMPro
ZT-0026). BS was awarded a “Prix Jeunes Chercheurs”, by the Bettencourt-Schueller Foundation.
Availability of data and materials EPIC–Heidelberg was launched in
the 1990s. Unlike in new studies run today, public access to data from
the EPIC population was not part of the study protocol at that time.
Thus, the data protection statement and informed consent of the EPIC
participants do not cover the provision of data in public repositories.
Nevertheless, we are open to providing our dataset upon request for
(a) statistical validation by reviewers and (b) pooling projects under
clearly defined and secure conditions and based on valid data transfer
agreements.

Declarations
Disclaimer None of the funders had any role in the study design; in
collection, analysis, and interpretation of data; in the writing of the
report; and in the decision to submit the manuscript for publication.
Competing interest None declared.
Ethics approval and consent to participate This project is covered by
the ethical approval for the EPIC–Heidelberg cohort (Ethical Committee of the Medical Faculty Heidelberg, reference number 13/94).
Consent for publication Not applicable.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References
1. Vos T, Lim SS, Abbafati C, Abbas KM, Abbasi M, Abbasifard M,
et al. Global burden of 369 diseases and injuries in 204 countries
and territories, 1990–2019: a systematic analysis for the Global
Burden of Disease Study 2019. The Lancet. 2020;396:1204–22.
2. Niccoli T, Partridge L. Ageing as a risk factor for disease. Curr
Biol. 2012;22:R741–52.
3. Kennedy BK, Berger SL, Brunet A, Campisi J, Cuervo AM, Epel
ES, et al. Aging: a common driver of chronic diseases and a target
for novel interventions. Cell. 2014;159:709–13.
4. Burch JB, Augustine AD, Frieden LA, Hadley E, Howcroft TK,
Johnson R, et al. Advances in geroscience: impact on healthspan
and chronic disease. J Gerontol Ser A. 2014;69:S1-3.
5. Crimmins E, Vasunilashorn S, Kim JK, Alley D. Biomarkers related to aging in human populations. Adv Clin Chem.
2008;46:161–216.
6. Waziry R, Gras L, Sedaghat S, Tiemeier H, Weverling GJ, Ghanbari M, et al. Quantification of biological age as a determinant of
age-related diseases in the Rotterdam Study: a structural equation
modeling approach. Eur J Epidemiol. 2019;34:793–9.
7. Riscuta G. Nutrigenomics at the interface of aging, lifespan, and
cancer prevention. J Nutr. 2016;146:1931–9.
8. Rebelo-Marques A, De Sousa LA, Andrade R, Ribeiro CF, MotaPinto A, Carrilho F, et al. Aging hallmarks: the benefits of physical exercise. Front Endocrinol. 2018;9:258.
9. Kulkarni AS, Gubbi S, Barzilai N. Benefits of metformin in attenuating the hallmarks of aging. Cell Metab. 2020;32:15–30.
10. Farr JN, Almeida M. The spectrum of fundamental basic science
discoveries contributing to organismal aging. J Bone Miner Res
Off J Am Soc Bone Miner Res. 2018;33:1568–84.
11. Grimmer M, Riener R, Walsh CJ, Seyfarth A. Mobility related
physical and functional losses due to aging and disease: a motivation for lower limb exoskeletons. J Neuroengineering Rehabil.
2019;16:2.
12. Ungvari Z, Tarantini S, Donato AJ, Galvan V, Csiszar A. Mechanisms of vascular aging. Circ Res. 2018;123:849–67.
13. Wagner K-H, Cameron-Smith D, Wessner B, Franzke B. Biomarkers of Aging: From Function to Molecular Biology. Nutrients
[Internet]. 2016 [cited 2020 Dec 2];8. Available from: https://
www.ncbi.nlm.nih.gov/pmc/articles/PMC4924179/
14. Arai Y, Martin-Ruiz CM, Takayama M, Abe Y, Takebayashi T,
Koyasu S, et al. Inflammation, but not telomere length, predicts
successful ageing at extreme old age: a longitudinal study of semisupercentenarians. EBioMedicine. 2015;2:1549–58.
15. Justice JN, Ferrucci L, Newman AB, Aroda VR, Bahnson JL,
Divers J, et al. A framework for selection of blood-based biomarkers for geroscience-guided clinical trials: report from the TAME
Biomarkers Workgroup. GeroScience. 2018;40:419–36.
16. Barzilai N, Crandall JP, Kritchevsky SB, Espeland MA. Metformin
as a Tool to Target Aging. Cell Metab Elsevier. 2016;23:1060–5.

13

B. Srour et al.
17. Coll AP, Chen M, Taskar P, Rimmington D, Patel S, Tadross
JA, et al. GDF15 mediates the effects of metformin on body
weight and energy balance. Nature Nature Publishing Group.
2020;578:444–8.
18. Martin-Montalvo A, Mercken EM, Mitchell SJ, Palacios HH,
Mote PL, Scheibye-Knudsen M, et al. Metformin improves
healthspan and lifespan in mice. Nat Commun. Nature Publishing Group; 2013;4:2192.
19. Poortvliet R, de Craen A, Gussekloo J, de Ruijter W. Increase in
N-terminal pro-brain natriuretic peptide levels, renal function and
cardiac disease in the oldest old. Age Ageing. 2015;44:841–7.
20. Hijazi Z, Oldgren J, Siegbahn A, Granger CB, Wallentin L.
Biomarkers in atrial fibrillation: a clinical review. Eur Heart J.
2013;34:1475–80.
21. Shlipak MG, Mattes MD, Peralta CA. Update on Cystatin
C: incorporation into clinical practice. Am J Kidney Dis.
2013;62:595–603.
22. Ho JE, Lyass A, Courchesne P, Chen G, Liu C, Yin X, et al.
Protein biomarkers of cardiovascular disease and mortality in
the community. J Am Heart Assoc. 2018;7:e008108.
23. Daniels LB, Clopton P, Laughlin GA, Maisel AS, BarrettConnor E. Growth-differentiation factor-15 is a robust, independent predictor of 11-year mortality risk in communitydwelling older adults: the Rancho Bernardo Study. Circulation.
2011;123:2101–10.
24. Xie S, Lu L, Liu L. Growth differentiation factor-15 and the
risk of cardiovascular diseases and all-cause mortality: a metaanalysis of prospective studies. Clin Cardiol. 2019;42:513–23.
25. Willeit P, Kaptoge S, Welsh P, Butterworth AS, Chowdhury
R, Spackman SA, et al. Natriuretic peptides and integrated
risk assessment for cardiovascular disease: an individualparticipant-data meta-analysis. Lancet Diabetes Endocrinol.
2016;4:840–9.
26. Cavero-Redondo I, Peleteiro B, Álvarez-Bueno C, RodriguezArtalejo F, Martínez-Vizcaíno V. Glycated haemoglobin A1c as
a risk factor of cardiovascular outcomes and all-cause mortality in diabetic and non-diabetic populations: a systematic review
and meta-analysis. BMJ Open [Internet]. 2017 [cited 2020 Dec
2];7. Available from: https://www.ncbi.nlm.nih.gov/pmc/articles/
PMC5642750/
27. The Emerging Risk Factors Collaboration. C-reactive protein concentration and risk of coronary heart disease, stroke,
and mortality: an individual participant meta-analysis. Lancet.
2010;375:132–40.
28. Einwoegerer CF, Domingueti CP. Association between increased
levels of cystatin c and the development of cardiovascular events
or mortality: a systematic review and meta-analysis. Arq Bras
Cardiol. 2018;111:796–807.
29. Muller DC, Larose TL, Hodge A, Guida F, Langhammer A,
Grankvist K, et al. Circulating high sensitivity C reactive protein
concentrations and risk of lung cancer: nested case-control study
within Lung Cancer Cohort Consortium. BMJ [Internet]. British
Medical Journal Publishing Group; 2019 [cited 2020 Dec 2];364.
Available from: https://www.bmj.com/content/364/bmj.k4981
30. Zhou B, Liu J, Wang Z-M, Xi T. C-Reactive Protein, Interleukin 6 and Lung Cancer Risk: A Meta-Analysis. PLoS ONE.
2012;7:e43075.
31. Guo L, Liu S, Zhang S, Chen Q, Zhang M, Quan P, et al. C-reactive protein and risk of breast cancer: A systematic review and
meta-analysis. Sci Rep. 2015;5:10508.
32. Tsilidis KK, Branchini C, Guallar E, Helzlsouer KJ, Erlinger
TP, Platz EA. C-reactive protein and colorectal cancer risk:
a systematic review of prospective studies. Int J Cancer.
2008;123:1133–40.
33. Guo Y-Z, Pan L, Du C-J, Ren D-Q, Xie X-M. Association
between C-reactive protein and risk of cancer: a meta-analysis

13

34.
35.

36.
37.
38.

39.

40.

41.
42.

43.
44.

45.

46.
47.

48.

49.
50.

of prospective cohort studies. Asian Pac J Cancer Prev APJCP.
2013;14:243–8.
de Beer JC, Liebenberg L. Does cancer risk increase with HbA1c,
independent of diabetes? Br J Cancer. 2014;110:2361–8.
Peila R, Rohan TE. Diabetes, glycated hemoglobin, and risk of
cancer in the UK Biobank Study. Cancer Epidemiol Biomark Prev
Publ Am Assoc Cancer Res Cosponsored Am Soc Prev Oncol.
2020;29:1107–19.
Hope C, Robertshaw A, Cheung KL, Idris I, English E. Relationship between HbA1c and cancer in people with or without
diabetes: a systematic review. Diabet Med. 2016;33:1013–25.
Pavo N, Wurm R, Neuhold S, Adlbrecht C, Vila G, Strunk G, et al.
GDF-15 Is associated with cancer incidence in patients with type
2 diabetes. Clin Chem Oxford Academic. 2016;62:1612–20.
Au Yeung SL, Luo S, Schooling CM. The impact of GDF-15,
a biomarker for metformin, on the risk of coronary artery disease, breast and colorectal cancer, and type 2 diabetes and metabolic traits: a Mendelian randomisation study. Diabetologia.
2019;62:1638–46.
Wallentin L, Zethelius B, Berglund L, Eggers KM, Lind L,
Lindahl B, et al. GDF-15 for prognostication of cardiovascular and cancer morbidity and mortality in men. PLoS ONE.
2013;8:78797.
Mehta RS, Song M, Bezawada N, Wu K, Garcia-Albeniz X,
Morikawa T, et al. A prospective study of macrophage inhibitory cytokine-1 (MIC-1/GDF15) and risk of colorectal cancer.
J Natl Cancer Inst. 2014;106:dju016.
Zhou H, Shen J, Fang W, Liu J, Zhang Y, Huang Y, et al. Mendelian randomization study showed no causality between metformin use and lung cancer risk. Int J Epidemiol. 2019
Tuñón J, Higueras J, Tarín N, Cristóbal C, Lorenzo Ó, BlancoColio L, et al. N-Terminal pro-brain natriuretic peptide is associated with a future diagnosis of cancer in patients with coronary artery disease. PLoS ONE [Internet]. 2015 [cited 2020 Dec
1];10. Available from: https://www.ncbi.nlm.nih.gov/pmc/artic
les/PMC4457823/
Mok Y, Ballew SH, Sang Y, Coresh J, Joshu CE, Platz EA, et al.
Albuminuria, kidney function, and cancer risk in the community. Am J Epidemiol. 2020;189:942–50.
Riboli E, Hunt KJ, Slimani N, Ferrari P, Norat T, Fahey M, et al.
European Prospective Investigation into Cancer and Nutrition
(EPIC): study populations and data collection. Public Health
Nutr Cambridge University Press. 2002;5:1113–24.
Parker C, Gillessen S, Heidenreich A, Horwich A, ESMO
Guidelines Committee. Cancer of the prostate: ESMO Clinical
Practice Guidelines for diagnosis, treatment and follow-up. Ann
Oncol Off J Eur Soc Med Oncol. 2015;26(suppl 5):v69–77.
Kulathinal S, Karvanen J, Saarela O, Kuulasmaa K. Case-cohort
design in practice – experiences from the MORGAM Project.
Epidemiol Perspect Innov EPI. 2007;4:15.
Katzke VA, Sookthai D, Johnson T, Kühn T, Kaaks R. Blood
lipids and lipoproteins in relation to incidence and mortality
risks for CVD and cancer in the prospective EPIC–Heidelberg
cohort. BMC Med. 2017;15:218.
Graf ME, Sookthai D, Johnson T, Schübel R, Maldonado SG,
Pletsch-Borba L, et al. Pre-diagnostic plasma concentrations of
Fibrinogen, sGPIIb/IIIa, sP-selectin, sThrombomodulin, Thrombopoietin in relation to cancer risk: findings from a large prospective study. Int J Cancer. 2018;143:2659–67.
Xue X, Xie X, Gunter M, Rohan TE, Wassertheil-Smoller S,
Ho GY, et al. Testing the proportional hazards assumption in
case-cohort analysis. BMC Med Res Methodol. 2013;13:88.
Shiels MS, Pfeiffer RM, Hildesheim A, Engels EA, Kemp
TJ, Park J-H, et al. Circulating inflammation markers and
prospective risk for lung cancer. JNCI J Natl Cancer Inst.
2013;105:1871–80.

Ageing‑related markers and risks of cancer and cardiovascular disease: a prospective study…
51. Lambrecht S, Smith V, Wilde KD, Coudenys J, Decuman S,
Deforce D, et al. Growth differentiation factor 15, a marker of
lung involvement in systemic sclerosis, is involved in fibrosis
development but is not indispensable for fibrosis development.
Arthritis Rheumatol. 2014;66:418–27.
52. Ballester B, Milara J, Cortijo J. Idiopathic Pulmonary Fibrosis
and Lung Cancer: Mechanisms and Molecular Targets. Int J Mol
Sci [Internet]. 2019 [cited 2020 Oct 26];20. Available from:
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6387034/
53. Brown DA, Stephan C, Ward RL, Law M, Hunter M, Bauskin AR, et al. Measurement of serum levels of macrophage
inhibitory cytokine 1 combined with prostate-specific antigen improves prostate cancer diagnosis. Clin Cancer Res.
2006;12:89–96.
54. Bando S, Soeki T, Matsuura T, Tobiume T, Ise T, Kusunose
K, et al. Plasma brain natriuretic peptide levels are elevated in
patients with cancer. PLoS ONE. 2017;12:e0178607.
55. Aujollet N, Meyer M, Cailliod R, Combier F, Coignet Y, Campard S, et al. High N-terminal pro-B-type natriuretic peptide: a
biomarker of lung cancer? Clin Lung Cancer. 2010;11:341–5.
56. López-Otín C, Blasco MA, Partridge L, Serrano M, Kroemer G.
The Hallmarks of Aging. Cell. 2013;153:1194–217.
57. Lehallier B, Gate D, Schaum N, Nanasi T, Lee SE, Yousef H, et al.
Undulating changes in human plasma proteome profiles across the
lifespan. Nat Med. 2019;25:1843–50.
58. Davis RL, Liang C, Sue CM. A comparison of current serum
biomarkers as diagnostic indicators of mitochondrial diseases.
Neurology. 2016;86:2010–5.

59. Fujita Y, Taniguchi Y, Shinkai S, Tanaka M, Ito M. Secreted
growth differentiation factor 15 as a potential biomarker for mitochondrial dysfunctions in aging and age-related disorders. Geriatr
Gerontol Int. 2016;16:17–29.
60. Muscari A, Bianchi G, Forti P, Magalotti D, Pandolfi P, Zoli M,
et al. N-terminal pro B-type natriuretic peptide (NT-proBNP): a
possible surrogate of biological age in the elderly people. GeroScience. 2020. https://doi.org/10.1007/s11357-020-00249-2.
61. Suvarna HIS, Moodithaya S, Sharma R. Metabolic and cardiovascular ageing indices in relation to glycated haemoglobin in healthy
and diabetic subjects. Curr Aging Sci. 2017;10:201–10.
62. Sarnak MJ, Katz R, Fried LF, Siscovick D, Kestenbaum B,
Seliger S, et al. Cystatin C and aging success. Arch Intern Med.
2008;168:147–53.
63. Hogenhuis J, Voors AA, Jaarsma T, Hillege HL, Boomsma F, van
Veldhuisen DJ. Influence of age on natriuretic peptides in patients
with chronic heart failure: a comparison between ANP/NT-ANP
and BNP/NT-proBNP. Eur J Heart Fail. 2005;7:81–6.
64. White MC, Holman DM, Boehm JE, Peipins LA, Grossman M,
Henley SJ. Age and Cancer Risk. Am J Prev Med. 2014;46:S7-15.
65. van der Laan SW, Fall T, Soumaré A, Teumer A, Sedaghat S,
Baumert J, et al. Cystatin C and cardiovascular disease: a mendelian randomization study. J Am Coll Cardiol. 2016;68:934–45.
Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

13

