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Abstract
The ‘European Prospective Investigation into Cancer and Nutrition’ cohort (EPIC) is a prospective study including ~ 520,000 
participants recruited across Europe (1991–2000) with in-depth baseline data on nutritional, lifestyle, medical, and anthro-
pometric variables, and baseline blood samples. Here we introduce EPIC4ND, a case-cohort study within EPIC designed 
to identify biomarkers predicting a future onset of dementia, Alzheimer’s disease (AD), Parkinson’s disease (PD), and 
amyotrophic lateral sclerosis (ALS). EPIC4ND comprises 6415 initially non-diseased participants (aged 35–80  years, 
mean age at baseline: 54 ± 9, 64% women) including 1899 incident cases with up to 30 years of follow-up and data on 
at least one omics domain available from pre-disease blood samples. EPIC4ND includes 4604 subcohort members (4441 
non-cases and 163 incident cases) and 1811 additional incident cases ascertained from the broader EPIC cohort. Among 
the incident cases, there are 1190 dementia cases (818 AD), 610 PD cases, and 199 ALS cases. Additionally, 72 prevalent 
PD cases and 118 incident Parkinsonism cases are available for comparison. Molecular data generated encompass pro-
teomics, genome-wide DNA methylation, and SNP genotyping with 4127 EPIC4ND participants (including 1635 incident 
cases) having data on all three domains. Smaller studies include data on metals, metabolites, and environmental chemicals, 
while ongoing efforts focus on ultrasensitive targeted biomarker measurements and small RNA sequencing. Genome-wide 
association studies and analyses of epidemiological risk factors validate the dataset by confirming many known risk fac-
tors. Leveraging these extensive pre-disease multi-layered omics data offers a unique opportunity to identify biomarker 
signatures predicting neurodegenerative diseases and to explore their interplay with epidemiological risk factors.
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including 519,978 participants (70.5% women, mostly aged 
35–70 years at baseline) recruited from 23 centers across 
ten European countries [1, 2]. With approximately 30 years 
of follow-up, EPIC was originally designed to explore the 

The original EPIC cohort

The ‘European Prospective Investigation into Cancer and 
Nutrition’ cohort (EPIC) is a multi-centre prospective study 
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relationships between diet and cancer, while also having 
the potential to investigate other chronic diseases. Between 
1991 and 2000, the original EPIC cohort recruited partici-
pants from the general adult population (generally from 35 
to 70  years) across 10 European countries. The sampling 
frame varied by country and center as detailed e.g. in ref. 
[2]. Briefly, most centers recruited adults from the general 
population residing in a specific town or area. However, 
there were a few exceptions to this recruitment scheme, of 
which the following are of relevance for EPIC4ND: Parts of 
the Italian and Spanish cohorts included members of local 
blood donors, employees of selected enterprises, and/or civil 
servants; the cohort in Utrecht (The Netherlands) and a sub-
fraction of the cohort in Florence (Italy) included women 
invited for a local population-based breast cancer screening 
programme. In Oxford (UK) half of the cohort was recruited 
among subjects who did not eat meat, i.e., vegans, vegetar-
ians, and fish eaters. In Utrecht, only women were recruited. 
As a result, a fraction of participants recruited into the EPIC 
cohort have led healthier lifestyles or have had higher edu-
cational attainment than the general population; thus, the 
cohort is not perfectly generalizable to the general population 
at mid-life. Eligible individuals were invited via postal mail 
or in person. Individuals who agreed to participate signed an 
informed consent agreement. In most centers, participants 
received a questionnaire on diet and a questionnaire on life-
style via mail. Most participants completed these question-
naires at home and were then invited to a study centre for an 
examination. This included collection of the two completed 
questionnaires, anthropometry and measurement of blood 
pressure. Blood samples were collected and separated into 
citrate plasma, serum, buffy coats, and erythrocytes using 
identical protocols and equipment, and then aliquoted for 
long-term storage in liquid nitrogen (− 196 °C) at a central 
biobank located at the International Agency for Research on 
Cancer (IARC)/World Health Organization in Lyon, France 
[1, 2]. A computer-assisted 24-h dietary recall was recorded 
in a representatitive subsample (n = 36,900) for calibration 
purposes [3]. Not all of the centres maintained records of 
all individuals invited to participate. Based on centers rel-
evant for EPIC4ND with corresponding data available, the 
response rate ranged between 60% and 35% (Spanish cen-
ters: 55–60% [4], Cambridge/Norfolk: 40% [5], Heidelberg: 
38% [6], Utrecht: 35% [7]). Follow-up aimed at identify-
ing incident cancer and other diseases has been based on 
a combination of center-specific methods including linkage 
to health insurance records, cancer and pathology records, 
mortality records, and, in a subset of centers, also on active 
folllow-up. Since the initial enrollment, several working 
groups have conducted case ascertainments and research 
projects to investigate the role of lifestyle and dietary fac-
tors on a range of outcomes beyond cancer, such as diabetes 

[8], cardiovascular disease [9], inflammatory bowel dis-
ease [10], and neurodegenerative diseases [11–19]. This 
also offers the possibility to investigate multimorbidity as 
well as the intersections of risk factors and pathways across 
chronic diseases.

Rationale for the new focus and new data 
collection

Neurodegenerative diseases (ND) such as Alzheimer’s dis-
ease (AD), Parkinson’s disease (PD), and amyotrophic lat-
eral sclerosis (ALS) are becoming increasingly prevalent, 
particularly in aging, industrialized populations, leading to 
increasing costs for the public health systems [20–22]. For 
example, the number of people diagnosed with dementia is 
projected to rise from 55 million in 2019 to 139 million by 
2050 globally. As a result, the costs associated with dementia 
are expected to drastically increase, too, from 1.3 trillion US 
dollars annually in 2019 to 2.8 trillion US dollars by 2030 ​
(​​​h​t​​t​p​s​​:​/​/​w​​w​w​​.​a​l​z​i​n​t​.​o​r​g​/​u​/​W​o​r​l​d​-​A​l​z​h​e​i​m​e​r​-​R​e​p​o​r​t​-​2​0​2​3​.​
p​d​f​​​​​)​. Given these trends, the ultimate goal of translational 
research in the ND field is to develop strategies for prevent-
ing these devastating and currently incurable conditions. In 
this context, identifying individuals at risk in pre-disease 
or early disease stages may be important for improving the 
success of clinical treatment trials (e.g., ref. [23]). Patho-
physiological mechanisms underlying AD and PD begin as 
early as 20 years or more before diagnosis (while the pro-
dromal period for ALS is largely unknown). Accordingly, 
the identification of robust and easily accessible predictive 
blood biomarkers suitable for screening strategies relies on 
the availability of large prospective cohorts with baseline 
blood samples and long-term follow-up (i.e., > 10  years). 
This represents a major challenge, particularly for diseases 
with lower incidence rates such as PD and ALS. Conse-
quently, relative to diagnostic biomarker studies, few pro-
spective population-based studies with long-term follow-up 
have explored predictive molecular biomarkers (see below). 
Candidate blood biomarkers such as p-tau217, Aβ 42/40, 
GFAP, and neurofilament light chain (NfL) possess predic-
tive potential in the path towards clinical AD, especially in 
settings when other biological AD readouts are already pos-
itive (e.g., based on Aβ positivity in PET scanning or CSF), 
when focusing on conversion to AD over short follow-up 
intervals of a few years and/or in select individuals at higher 
risk of AD (e.g., [24–26]). However, their long-term per-
formance in the general population remains less explored, 
and current evidence suggests that these biomarkers must be 
combined with other predictors for sufficient predictive per-
formance [27–31]. For PD, possibly one of the most prom-
ising, and potentially also predictive, candidate biomarkers 
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is abnormally aggregated α-synuclein, which has report-
edly been detected in seed-amplification assays in differ-
ent tissues and biofluids including blood [32]. However, 
epidemiological studies on prediagnostic blood samples 
are currently scarse (e.g., ref. [33]; reviewed by ref. [34]). 
Lastly, for ALS, the hitherto most promising biomarker 
appears to be NfL (systematically reviewed by ref. [35]); 
however, data from prospective epidemiological cohorts are 
limited [29, 36]. Furthermore, NfL lacks disease specificity 
and is considered as a “general” biomarker for neurodegen-
eration [29]. Large-scale prospective omics studies, par-
ticularly those focusing on proteomics, have only recently 
begun to emerge, identifying promising additional candi-
dates in ND including AD and dementia [37–40] as well 
as PD [41]. To address this still largely understudied field, 
we established the EPIC4ND case-cohort with the aim to 
develop prediction models for dementia (particularly AD), 
PD and ALS based on blood-based biomarkers in combina-
tion with pre-diagnostic lifestyle factors. The newly estab-
lished EPIC4ND case-cohort will leverage the existing 
unique EPIC cohort by generating and analyzing multidi-
mensional molecular biomarkers derived from blood sam-
ples taken at baseline, i.e., at early pre-disease stages. This 
case-cohort design represents a cost-effective and powerful 
alternative to analyzing the entire EPIC cohort, for which 
multi-omic profiling is currently unfeasible due to financial 
and logistical constraints. Furthermore, compared to nested 
case–control studies, the case-cohort design offers flexibil-
ity and efficiency by enabling the simultaneous investiga-
tion of multiple outcomes within a single randomly selected 
subcohort of non-cases, maximizing the number of avail-
able non-cases and minimizing the number of biomarker 

measurements required saving sample resources and costs 
[42].

New areas of research

To identify molecular signatures and biomarkers predictive 
of a future onset of AD/dementia, PD, and ALS, several lay-
ers of molecular omics data were recently generated in base-
line blood samples of up to 6,415 EPIC participants using 
high-throughput methodologies (Fig. 1). This includes pro-
teomic data (SomaScan) generated from plasma samples 
and genomic and epigenomic (i.e., methylomic) data from 
blood-derived DNA samples (see below). In addition, the 
generation of transcriptomic (small RNAs) data and the tar-
geted protein biomarker data for amyloid and tau pathol-
ogy and neurodegeneration (ultrasensitive immunoassays) 
is currently underway. The new areas of research will focus 
on: i) identifying novel individual molecular biomarkers for 
a future onset of AD, PD, and ALS, ii) discovering molecular 
biomarker signatures by combining multiple markers within 
and across molecular domains, iii) investigating biomark-
ers and pathways shared across the investigated ND and in 
comparison to other chronic diseases, and iv) integrating 
these signatures with established demographic and lifestyle 
risk factors for predictive modelling. The EPIC4ND case-
cohort will serve as a valuable resource for addressing a 
range of additional related questions by exploiting and inte-
grating the available high-dimensional data in the frame-
work of the EPIC study: This includes assessing interactions 
among markers within the same and across different molec-
ular domains, as well as their interplay with demographic, 
medical, and lifestyle factors. It also involves exploring the 
role of biological aging through the construction of molecu-
lar clocks and uncovering pathophysiological mechanisms 
underlying our biomarker observations. Additionally, this 
multi-omics resource can be utilized for research on other 
quantitative phenotypes measured within the corresponding 
subcohort in EPIC.

Description of the case-cohort and case 
ascertainment

The EPIC4ND case-cohort comprises a total of 6415 par-
ticipants aged 35–80 years at baseline who were recruited 
as part of the EPIC study in twelve centers across five coun-
tries. Quality-controlled data from at least one molecular 
domain generated from baseline blood samples is available 
for each EPIC4ND participant. According to the case-cohort 
design, the 6415 participants comprised 4604 subcohort 
members (thereof 4441 non-cases from the subcohort that 
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Fig.  1  Venn diagram illustrating the omics domains analyzed in the 
EPIC4ND case-cohort. Legend. This figure depicts the number of sam-
ples from the EPIC4ND case-cohort with measurements available for 
at least one omics domain after quality control. Notably, small RNA-
Seq data for 3992 samples and data on established neurodegenerative 
disease biomarkers for 1700 samples of the core EPIC4ND dataset 
(i.e., those with data from all three omics domains) are currently being 
generated
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did not have incident dementia, PD, and ALS, as well as 163 
incident cases) and 1811 additional incident cases ascer-
tained from the broader EPIC cohort. Subcohort members 
were randomly drawn among all participants 35–80 years 
at baseline from within the existing EPIC-InterAct subco-
hort [8]. Varying numbers of centers contributed per disease 
entity (Table 1, Supplementary Tables 1–4): Since ALS was 
passively ascertained based on linkage to readily available 
mortality records in EPIC, the number of particpating cen-
ters was large (n = 12; Spain: Murcia, Andalucía/Granada, 
Gipuzkoa/San Sebastian, Navarra; Italy: Turin, Florence, 
Varese; United Kingdom: Cambridge/Norfolk, Oxford; 
Netherlands: Utrecht, Bilthoven; Germany: Heidelberg). 
Participation of some centers from the original EPIC cohort 
in the centralized biomarker measurement projects was pre-
cluded by legal or data protection restrictions. Nearly all 
centers participating in EPIC4ND were also able to actively 
link to and validate PD cases (n = 10, except Andalucía/
Granada and Oxford). For the dementia/AD case-cohort, the 
ascertainment of cases required substantial local resources 
and was feasible only in the four Spanish centers. Regard-
ing the overall sample size, the number of cases was deter-
mined by the number of total incident cases with available 
plasma samples identified in the screened centers, i.e., 
1190 dementia cases, thereof 818 AD, 610 PD cases, and 
199 ALS cases (Table 1, Supplementary Tables 1–4). The 
subcohort as reference group was intentionally designed to 
be substantially larger than the corresponding numbers of 
cases, which was achieved for each disease studied, and its 
final size was primarily determined by the amount of avail-
able funding. Notwithstanding, to our knowledge EPIC4ND 
currently represents the largest methylomic and small RNA 
transcriptomic study on incident neurodegenerative disease 
and, for incident PD and ALS, also the largest SomaScan-
based proteomic study. Notably, 193 eligible incident ND 
cases who did not have biomaterial available were excluded 
from the EPIC4ND case-cohort. However, data from these 
latter individuals can and have already been included in epi-
demiological, non-molecular studies investigating the entire 
EPIC cohort (see examples below).

The dementia/AD, PD, and ALS case ascertainments 
have been described previously [11, 13, 43, 44]. Details of 
last ascertainment years per center are provided in Supple-
mentary Tables 1–4. Potential PD and Parkinsonism cases 
were identified using a combination of multiple health 
record sources as available in the centers: These included 
self-reported PD diagnoses and symptoms gathered from 
baseline or follow-up questionnaires, record linkage with 
primary care records, hospital discharge databases, National 
Health System databases (Italy), mortality registries using 
relevant disease codes (ICD-9: 332, 332.0, 332.1, ICD-10: 
G20, and ICPC: N87), and prescription databases, where 

use of antiparkinsonian medications (ATC/DDD codes 
N04, N04A, N04B; Italian drug prescription database: 038) 
was ascertained. This linkage approach intended to maxi-
mize sensitivity as it is highly unlikely that a PD patient 
will never receive a relevant code in any health database. 
Following the initial linkage, the validation phase increased 
specificity: Records on potential cases underwent system-
atic review by expert neurologists involving scrutiny of 
medical records such as general practitioner notes, hospital 
documents, specialist reports, and drug histories. A stan-
dardized template was filled in, which allowed for extrac-
tion of clinical data, included a checklist on the UK Brain 
Bank Criteria [45], an assessment of the quantity and qual-
ity of the clinical data available and of the confidence of the 
expert neurologist in the clinical diagnosis leading to a label 
on the certainty of the final clinical diagnosis (“definite”, 
“very likely”, “probable”, “possible”) [13]. Subsequently, 
a total of 66% of the identified potential PD cases which 
underwent medical record review were confirmed to have 
classical PD in the validation phase [13]. Updates to the PD 
ascertainment have been performed by five EPIC centers 
in Germany (Heidelberg), Italy (Florence and Turin), and 
the Netherlands (Bilthoven and Utrecht) contributing 239 
participants as additional PD cases. For comparison pur-
poses, 72 prevalent PD cases and 118 cases with Parkinson-
ism other than PD, which are not considered to be part of 
the main EPIC4ND dataset, have also been included in the 
molecular profiling (Supplementary Table 5).

The dementia/AD case ascertainment was performed 
following a similar approach [43, 44]: Potential demen-
tia cases were identified by linking data from all available 
health databases, including primary care databases, hospital 
discharge, mortality and drug prescription registries using 
relevant ICD-9 (290, 331), ICD-10 (F00-F03, G30), ICPC2 
(P20, P70, N29, N99), and ATC (N06DA02, N06DA03, 
N06DA04, N06DX01) codes. Expert neurologists then 
reviewed all available medical records including outpatient 
and hospital reports, prescriptions, and diagnostic tests to 
confirm the diagnosis based on a standardized algorithm. A 
case was validated as incident dementia if a clinical diagno-
sis was documented or, in a minority of cases with absence 
of medical reports, if relevant codes or antidementia drug 
use were present. Extracted data included clinical data 
(DSM IV criteria, clinical features and subtypes of demen-
tia, incidence date and neuropsychological assessments), 
functional status, results of the diagnostic tests, use of anti-
dementia drugs, source, quality and amount of informa-
tion, and the clinical judgement of the reviewer, who finally 
established the diagnosis of dementia, its subtype when 
clinical information was sufficient, and the degree of quality 
of the data (high, medium, low) and certainty of the diag-
nosis (probable and possible). Note that exact study-specific 
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Table 1   Selected baseline characteristics of the EPIC4ND case-cohort

Characteris�c AD Demen�a PD ALS
Cases Non-cases Cases Non-cases Cases Non-cases Cases Non-cases

N (% women) 818 (69) 1818 (62) 1190 (67) 1785 (62) 610 (46) 4010 (65) 199 (57) 4585 (66)
Median AAE (IQR) 59 (55-63) 49 (43-56) 59 (55-63) 49 (43-55) 59 (54-64) 52 (46-59) 58 (53-65) 52 (46-59)
Median AAD (IQR) 78 (74-81) 78 (73-81) 71 (65-75) 73 (67-77)
Median AAC (IQR) 71 (65-77) 71 (65-77) 69 (63-76) 70 (64-77)
Median follow-up �me (IQR) 19 (16-22) 22 (21-23) 19 (16-21) 22 (21-24) 11 (7-15) 16 (15-18) 14 (9-18) 18 (16-20)
High/medium certainty, n (%) 801 (98) 1117 (94) 352 (58) n.a.
Educa�on level, n (%)

No educa�on 495 (61) 639 (35) 722 (61) 616 (35) 52 (9) 500 (12) 15 (8) 692 (15)
Primary school 229 (28) 705 (39) 330 (28) 699 (39) 220 (36) 1505 (38) 68 (34) 1618 (35)
Technical/professional school 25 (3) 140 (8) 38 (3) 139 (8) 138 (23) 722 (18) 47 (24) 782 (17)
Secondary school 32 (4) 107 (6) 38 (3) 107 (6) 72 (12) 617 (15) 20 (10) 654 (14)
Longer educa�on 31 (4) 214 (12) 49 (4) 213 (12) 100 (16) 566 (14) 31 (16) 683 (15)
Missing or not specified 6 (1) 13 (1) 13 (1) 11 (1) 28 (5) 100 (2) 18 (9) 156 (3)

Smoking status, n (%)
Never 622 (76) 1007 (55) 865 (73) 984 (55) 303 (50) 1902 (47) 89 (45) 2268 (49)
Former 88 (11) 324 (18) 149 (13) 320 (18) 203 (33) 1038 (26) 69 (35) 1161 (25)
Current 108 (13) 487 (27) 175 (15) 481 (27) 92 (15) 998 (25) 33 (17) 1084 (24)
Missing 0 (0) 0 (0) 1 (0) 0 (0) 12 (2) 72 (2) 8 (4) 72 (2)

Coffee consump�on (ml/d), n (%)
0 146 (18) 202 (11) 214 (18) 196 (11) 53 (9) 297 (7) 22 (11) 360 (8)
0.1-199.9 570 (70) 1267 (70) 827 (69) 1243 (70) 291 (48) 2122 (53) 77 (39) 2470 (54)
200-399.9 61 (7) 265 (15) 95 (8) 262 (15) 78 (13) 548 (14) 27 (14) 596 (13)
400-799.9 16 (2) 43 (2) 19 (2) 43 (2) 137 (22) 720 (18) 48 (24) 792 (17)
>800 1 (0) 4 (0) 1 (0) 4 (0) 35 (6) 220 (5) 21 (11) 253 (6)
Missing 24 (3) 37 (2) 34 (3) 37 (2) 16 (3) 103 (3) 4 (2) 114 (2)

Alcohol drinking pa�ern (life�me), n (%)
Never 249 (30) 347 (19) 343 (29) 343 (19) 33 (5) 406 (10) 12 (6) 549 (12)
Former light 112 (14) 216 (12) 162 (14) 212 (12) 59 (10) 311 (8) 15 (8) 367 (8)
Former heavy 9 (1) 22 (1) 18 (2) 21 (1) 3 (0) 30 (1) 2 (1) 31 (1)
Light 90 (11) 193 (11) 120 (10) 188 (11) 67 (11) 424 (11) 25 (13) 541 (12)
Never heavy 240 (29) 702 (39) 358 (30) 690 (39) 349 (57) 1951 (49) 105 (53) 2171 (47)
Periodically heavy 91 (11) 270 (15) 149 (13) 263 (15) 66 (11) 462 (12) 17 (9) 496 (11)
Always heavy 15 (2) 58 (3) 28 (2) 58 (3) 5 (1) 70 (2) 4 (2) 72 (2)
Missing 12 (1) 10 (1) 12 (1) 10 (1) 28 (5) 356 (9) 19 (10) 358 (8)

Physical ac�vity, n (%)
Inac�ve 397 (49) 675 (37) 551 (46) 659 (37) 163 (27) 1012 (25) 51 (26) 1248 (27)

Moderately inac�ve 241 (29) 595 (33) 378 (32) 582 (33) 210 (34) 1307 (33) 63 (32) 1513 (33)
Moderately ac�ve 107 (13) 325 (18) 163 (14) 321 (18) 120 (20) 803 (20) 41 (21) 884 (19)
Ac�ve 73 (9) 223 (12) 98 (8) 223 (12) 99 (16) 776 (19) 37 (19) 826 (18)
Missing 0 (0) 0 (0) 0 (0) 0 (0) 18 (3) 112 (3) 7 (4) 114 (2)

BMI (kg/m2), n (%)
<18.5 1 (0) 1 (0) 1 (0) 1 (0) 7 (1) 22 (1) 3 (2) 27 (1)
18.5-24.9 79 (10) 411 (23) 127 (11) 405 (23) 210 (34) 1596 (40) 96 (48) 1765 (38)
25-29.9 369 (45) 872 (48) 534 (45) 857 (48) 277 (45) 1662 (41) 70 (35) 1910 (42)
>30 369 (45) 534 (29) 528 (44) 522 (29) 116 (19) 730 (18) 30 (15) 883 (19)

Diabetes, n (%)
Yes 89 (11) 101 (6) 153 (13) 95 (5) 34 (6) 135 (3) 6 (3) 167 (4)
No 729 (89) 1714 (94) 1037 (87) 1687 (95) 424 (70) 3258 (81) 122 (61) 3796 (83)
Missing 0 (0) 3 (0) 0 (0) 3 (0) 152 (25) 617 (15) 71 (36) 622 (14)

Hypertension, n (%)
Yes 260 (32) 347 (19) 386 (32) 338 (19) 180 (30) 738 (18) 39 (20) 856 (19)
No 557 (68) 1470 (81) 802 (67) 1446 (81) 267 (44) 2228 (56) 83 (42) 2688 (59)
Missing 1 (0) 1 (0) 2 (0) 1 (0) 163 (27) 1044 (26) 77 (39) 1041 (23)

Hyperlipidaemia, n (%)
Yes 235 (29) 382 (21) 348 (29) 371 (21) 152 (25) 694 (17) 36 (18) 798 (17)
No 577 (71) 1423 (78) 835 (70) 1402 (79) 308 (50) 2682 (67) 95 (48) 3145 (69)
Missing 6 (1) 13 (1) 7 (1) 12 (1) 150 (25) 634 (16) 68 (34) 642 (14)

Cardiovascular problem, n (%)
Yes 268 (33) 359 (20) 397 (33) 350 (20) 195 (32) 788 (20) 42 (21) 909 (20)
No 548 (67) 1455 (80) 790 (66) 1431 (80) 381 (62) 2730 (68) 134 (67) 3183 (69)
Missing 2 (0) 4 (0) 3 (0) 4 (0) 34 (6) 492 (12) 23 (12) 493 (11)

Legend. This table presents selected baseline characteristics of the EPIC4ND case-cohort. Unless otherwise specified, all variables reflect 
the status at the time of recruitment. N = number, IQR = interquartile range, AAE = age at examination (recruitment), AAD = age at diagnosis, 
AAC = age at censoring, BMI = body mass index.
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sensitivities and specificities of our case ascertainment 
approach cannot be provided given the lack of an inde-
pendent “gold standard” applied to all participants of our 
study. However, given that our data linkages in EPIC4PD 
and EPIC4AD relied on a comprehensive approach search-
ing for all relevant related codes in all available health data-
bases as described above we expect a comparatively high 
sensitivity of our initial case ascertainment. Furthermore, 
this step was followed by validation by expert neurologists, 
which improves the specificity of our approach. Theremore, 
we expect the sensitivities and specificities of our case 
ascertainment to be at the upper end of published estimates 
for data linkage-based epidemiological studies (for PD, see 
e.g. systematic review of relevant studies by ref. [46], for an 
overview of relevant studies in dementia/AD, see ref. [43]). 
Since the initial ascertainment, updates in selected centers 
yielded 435 additional incident dementia cases.

Finally, due to the fatal character of the disease and the 
median short survival in ALS of 2–3  years in European 
cohorts [47], case ascertainment relied solely on linkage 
to mortality records, identifying cases using ICD-10 code 
G12.2 as an immediate, antecedent, or underlying cause of 
death. In all published EPIC studies for ALS [11, 12, 14, 
15], age at death was used as a proxy for age at diagno-
sis. The EPIC cohort’s centralized and complete mortality 
record system ensured thorough case identification, despite 
the common unavailability of true diagnosis age from these 
records. In this context, we addressed concerns about pos-
sibly including prevalent cases by requesting age at diagno-
sis from four participating centers that linked to the earliest 
available G12.2 code in their health records (excluding 
mortality records). Among the 37 individuals from these 
four centers, only one was found to be a prevalent case. 
These additional data may be used in sensitivity analyses 
in biomarker studies in EPIC. In this context, analyses par-
ticularly for ALS, but also for dementia/AD and PD may 
include implementing a “wash-out” period of a few years 
between study recruitment and inclusion in the analysis. 
This approach helps to exclude cases diagnosed shortly 
after enrollment, thereby minimizing the inclusion of preva-
lent cases. Since the follow-up in EPIC is largely based on 
passive follow-up using a comprehensive linkage strategy, 
the attrition rate is neligible due to few participants with-
drawing from the study or moving out of the country. Since 
the original publications [11, 12, 14, 15], the linkage to mor-
tality records was updated centrally at IARC and/or locally 
for selected centers.

In addition to the EPIC4ND case-cohort, a French PD 
and ALS case-cohort (257 cases [238 PD, 19 ALS] and 
281 non-cases) within the French E3N cohort [48, 49] and 
a nested AD case–control dataset (n = 352 incident cases, 
n = 352 controls, with 142 additional longitudinal samples 

from cases) from Umeå, Sweden [50], are available as an 
extended molecular data resource within the EPIC4ND 
framework. Genomic and methylomic data have been gen-
erated for the French dataset and will be generated for the 
Swedish dataset using the same platforms and standardized 
data processing protocols as for the core EPIC4ND cohort. 
The generation of proteomic data in both datasets is planned 
as a next step.

Omics data measurements

In the EPIC4ND case-cohort, proteomic data were gener-
ated from baseline plasma samples, while genome-wide 
DNA methylation and SNP genotyping data were gener-
ated from DNA extracted from buffy coats. The genera-
tion of small RNA sequencing data and targeted biomarker 
measurements from plasma samples is underway. In sub-
sets of the nested PD and ALS case–control datasets, mass 
spectrometry has been performed on erythrocytes to also 
measure metals (PD and ALS) [15, 16] and on plasma to 
measure endogenous/biological metabolites and environ-
mental chemicals (PD) [17, 19].

Specific to EPIC4ND, proteomic data were generated 
from plasma samples using the affinity-based SomaScan 
v4.1 assay (SomaLogic, Inc.) that measures >6000 proteins 
based on ~ 7000 aptamers. After quality control (QC), a total 
of 7285 aptamers (6381 proteins) across 1932 ND cases and 
4411 non-cases are now available for statistical analysis. 
Methylomic data were generated from DNA extracted from 
buffy coats using the Infinium MethylationEPIC (v2) array 
(Illumina, Inc.) that contains ~ 930 k CpG sites. Following 
QC, 889,259 of these CpG sites are available for analysis 
across 1730 ND cases and 2581 non-cases. Genome-wide 
SNP genotyping data were generated using the Global 
Screening Array v1 (Illumina), which includes custom con-
tent for ~ 40  k mostly infrequent genetic variants located 
in genetic loci relevant for ND and movement disorders. 
Following QC and genotype imputation using established 
protocols [51], the final dataset comprises 7,381,754 SNPs 
in 1706 ND cases and 2593 non-cases available for statisti-
cal analysis. The “multi-omics” core dataset comprises 962 
dementia (thereof 650 AD), 523 PD, and 170 ALS cases with 
data available on all three molecular domains. Due to differ-
ing numbers of EPIC centers per disease entity, the numbers 
of non-cases in the core dataset are 972 for the AD-specific 
EPIC4ND case-cohort (EPIC4AD), 2227 for EPIC4PD, and 
2587 for EPIC4ALS (Supplementary Tables 1–4).

Furthermore, small RNA sequencing in plasma samples 
of 3992 EPIC4ND participants (small RNA libraries pre-
pared from the NextFlex Small-RNA-Seq kit (PerkinElmer, 
Waltham, Massachusetts), followed by sequencing on a 
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HiSeq 4000 instrument (Illumina, San Diego, California) 
with 2 × 50 bp reads; data analysis will largely follow the 
protocol described in ref. [52]) and targeted biomarker 
measurements in plasma samples of 1700 EPIC4ND par-
ticipants (measuring biomarkers using the CNS NULISA 
assay, Alamar, Inc.) of the core dataset are currently being 
generated. In addition, in two overlapping nested case–con-
trol studies for PD and ALS (PD: n = 362 cases, n = 362 
matched controls; ALS: n = 107 cases, n = 319 matched con-
trols), data on metals in erythrocyte samples were generated 
using inductively coupled plasma mass spectrometry [15, 
16]. Furthermore, for the nested case–control study in PD, 
metabolomics in plasma were generated using using both 
liquid chromatography- high resolution mass spectrom-
etry (LC-HRMS) [17, 19] and gas chromatography-high 
resolution mass spectrometry (GC-HRMS). LC-HRMS is 
effective for measuring endogenous/biological metabolites, 
while both LC-HRMS and GC-HRMS are capable of detect-
ing internal markers for environmental chemicals. Most 
samples from these nested case–control studies also have 
corresponding genomic and methylomic data available, 
as described above. Finally, a large-scale whole exome/
genome sequencing project, involving the sequencing of 
approximately 200,000 EPIC samples, is being planned as a 
future initiative. This project will also encompass EPIC4ND 
and the French dataset.

Data analysis in the context of a case-cohort

While case-cohort designs offer substantial economic 
efficiencies, they require some specific analytical consid-
erations. This is mostly due to the oversampling of cases 
from outside the subcohort in the dataset. To ensure sta-
tistical metrics reflect the original cohort, several methods 
were proposed in the literature to account for this situation, 
depending on the underlying analysis: For instance, in Cox 
regression analyses, Prentice’s weighting can be applied 
where incident cases outside the subcohort only enter the 
risk set very shortly before the time of their event while 
all subcohort members (cases and non-cases) constantly 
remain in the risk set until event/right censoring [53]. Bar-
low’s weighting additionally utilizes the inverse of the sam-
pling fraction as weights for incident cases and non-cases 
of the subcohort [54]. For an overview and comparison of 
these and related methods, see ref. [42, 55, 56]. Similarly, 
the oversampling of cases also needs to be considered in 
re-classification methods such as the Net Reclassifica-
tion Index (NRI), since reclassification indices are based 
on absolute risk differences. As a solution, either only the 
subcohort may be used, but this may lead to imprecision as 
all the oversampled cases would be ignored. Alternatively, 

weighting can be applied by the Horvitz-Thompson estima-
tor weighting each participant (cases and non-cases within 
or outside the subcohort) by the inverse of their selection 
probability from the original cohort [57].

Key findings

The EPIC4ND case-cohort comprises 1974 incident ND 
cases (1190 dementia thereof 818 AD, 610 PD, 199 ALS) and 
4441 non-cases across 12 centers from five European coun-
tries. The mean age at baseline was 54 (range 35–80) years 
for all EPIC4ND participants. The mean age at diagnosis 
for the incident cases was 77 (± 7 standard deviation [SD]) 
years for dementia and 77 ± 6 years for AD, 70 ± 8 years for 
PD. Mean age at death for ALS (used as a proxy for age at 
diagnosis, see above) was 72 ± 9 years. The mean time to 
diagnosis was 19 ± 4 years for AD, 11 ± 5 years for PD, and 
13 ± 6 years for ALS. The mean follow-up time for non-cases 
(defined as time until the last record of absence of the spe-
cific disease, usually at the time of last case ascertainment), 
was 22 ± 4 years in EPIC4AD, 16 ± 4 years in EPIC4PD, and 
18 ± 5 years in EPIC4ALS. In EPIC4AD, there were more 
women among cases than among non-cases. Future AD and 
other dementia cases were more likely to consume less cof-
fee than average at recruitment, to be overweight, and have 
diabetes. Additionally, they tended to have lower educa-
tional attainment, be never smokers at recruitment, be phys-
ically inactive, and to be less likely to drink alcohol lightly 
compared to never drinkers but more likely to drink heavily. 
In EPIC4PD, cases comprised more men than non-cases. 
Future PD cases were less likely to smoke at recruitment 
and were more likely to be former light drinkers compared 
to never drinkers. Finally, in EPIC4ALS, there were more 
men among cases than among non-cases. Future ALS cases 
were less likely to be overweight (Table 1, Fig. 2, Supple-
mentary Table 6). These results are largely in line with pre-
vious EPIC cohort studies on dementia and AD [44], PD 
(e.g., ref. [58]) and ALS (e.g., ref. [12]) where instead of the 
case-cohort, the complete cohort of all participating centers 
was included as reference group. Furthermore, the positive 
associations of AD risk with obesity and diabetes, and heavy 
alcohol consumption, and inverse association with educa-
tion levels are in line with the major risk factors described 
in independent studies [59] while the inverse association 
with smoking is unusual. In contrast, the inverse association 
of PD with smoking is well established based on numerous 
independent studies [60]. This highlights that our smaller 
case-cohort design, optimized for molecular analyses, is not 
only representative of the larger study population but also 
accurately reflects many of the established risk factors in the 
source population (Fig. 2). 
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The validity of our dataset is also substantiated by 
genome-wide association studies (GWAS) that we con-
ducted in EPIC4ND using logistic regression analyses of 
AD, PD, and ALS (additive model, adjusted for the first 
four principal components, sex, and age at baseline). These 
analyses confirmed that the vast majority of EPIC4ND 
participants is of European descent (Supplementary Fig. 
1). These analyses revealed at least nominally significant 
effects of various well-established ND risk loci [61–64], 
including APOE rs429358 (OR = 4.02, p = 4.73E-24) for 
AD, GBA rs35749011 (OR 2.44, p = 4.81–03), SNCA 
rs356182 (OR 0.80, p = 6.43–03) and MAPT rs62053943 
(OR = 0.79, p = 3.58E-02) for PD, and C9ORF72 rs2453555 
(OR = 1.36,p = 1.13E-02) for ALS (Supplementary Table 7, 
Supplementary Fig.  2). Several other known GWAS risk 
loci showed nominally significant effect estimates point-
ing into the same direction with 95% confidence intervals 
overlapping between the previous GWAS and the EPIC4ND 
GWAS. Exceptions were observed for MS4A4E rs1582763 
(AD risk), for which effects estimate directions were 
inverse, and for CLCN3 rs62333164 (ALS risk), for which 
the effect estimate was slightly stronger in the EPIC4ND 
study (Supplementary Table  7). Furthermore, polygenic 
risk scores (PGS) for AD, PD, and ALS generated in the 
EPIC4ND case-cohort based on the established indepen-
dent genome-wide significant (α = 5 × 10−8) GWAS risk 
SNPs [61–64] revealed strong associations with AD, PD, 
and ALS status. Specifically, we observed an OR of 2.04, 
1.46, and 1.43 for AD, PD, and ALS, respectively, per one 
SD increase of the PGS (Supplementary Table 8). This sup-
ports the robustness of the case asertainment as well as the 
quality of the genetic data.

Furthermore, initial findings on plasma metabolites 
generated using mass spectrometry and on metals in 

erythrocytes have recently been published using overlap-
ping, nested case–control studies for PD [16, 17, 19] and 
ALS [15].

Comparison with other resources, strengths 
and limitations

This population-based case-cohort study is unique in the 
ND field for its study design with the availability of pre-
disease blood samples, an extensive follow-up period of up 
to 30 years, and the new, in-depth measurements of multi-
layered molecular data. Furthermore, EPIC4ND ensures 
high diagnostic accuracy by validating dementia, AD and 
PD cases through a re-review of medical records by expert 
neurologists following an initial case ascertainment via data 
linkage. This is in contrast to most mega-cohort studies with 
baseline biomaterial available, such as the UK Biobank 
[65], that rely solely on data linkage to study incident neuro-
degenerative diseases. Moreover, all EPIC4ND participants 
underwent extensive phenotyping and risk factor assess-
ment, in particular diet, at baseline, yielding a comprehen-
sive range of lifestyle and medical variables. In addition 
and despite being a multi center study, both the phenotypic 
characterization and the processes for retrieving and storing 
blood samples have been highly standardized and harmo-
nized, minimizing between-center heterogeneity.

When compared to other prospective cohorts with data 
on incident neurodegenerative disease cases and non-
genetic omics data available, the UK Biobank [65] is the 
one of the best-established resources. It provides proteomic 
data for approximately 52,000 participants using the Olink 
Explore 3072 platform, currently covering around 3000 
protein markers [66] (versus approximately 7000 protein 

Fig.  2  Forest plots of association analyses of baseline lifestyle and 
medical factors with instantaneous risk for Alzheimer’s disease, Par-
kinson’s disease and amyotrophic lateral sclerosis in the EPIC4ND 
casecohort. Legend. These forest plots depict the association results of 

Prentice-weighted Cox proportional hazard regression analyses (strati-
fied for age, sex, and center) on Alzheimer’s disease (A), Parkinson’s 
disease (B) and amyotrophic lateral sclerosis (C). HR=hazard ratio, 
CI=confidence interval, N=number, P=p-value, BMI=body mass index
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markers available in EPIC4ND). While the UKB substan-
tially surpasses EPIC4ND in overall sample size, the case-
cohort design applied to EPIC4ND resulted in comparable 
numbers of incident cases of AD (n in UKB ≈ 600), PD 
(n ≈ 800), and ALS (n ≈ 200) [29]. Importantly, the UKB 
(recruited 2006–2010) has a much shorter follow-up period 
than EPIC4ND (recruited 1991–2000). Other omics-based 
cohorts with blood-based proteomic and other omic data 
investigating neurodegenerative diseases include deCODE 
(total n = 36,000) [67, 68], ARIC (total cohort size: n ≈ 
11,000) [38], and AGES (total n ≈ 5000) [39]. Although 
these cohorts often have larger overall sample sizes (for 
some studies this is also true for the number of dementia/
AD cases), we note that EPIC4ND includes substantially 
more incident PD and ALS cases. As a matter of fact, ALS 
has not typically been investigated in these cohorts due to 
the overall very low case numbers. Additionally, EPIC4ND 
is distinguished by the availability of multi-omics data 
available for each participant of the core dataset.

Notwithstanding, our study has several weaknesses: 
First, although we aimed for the highest possible quality in 
ascertainment of AD, PD, and ALS cases within our study, 
the accuracy of the diagnosis ultimately lies in the respon-
sibility of the diagnosing or treating physician, and there 
may be some variability across centers. Second, despite the 
above described multi-layered comprehensive linkage for 
case ascertainment, a limitation of this study is the likely 
lower sensitivity of health record-coded dementia/AD com-
pared to PD and ALS [69]. This limitation, which may apply 
to many registry-based epidemiological studies, likely leads 
to misclassification of some AD cases in the subcohort as 
non-cases. Thus, for dementia/AD, observed effect size 
estimates likely represent conservative (under)estimates of 
the truly underlying associations. At the same time, while 
PD and ALS diagnoses are likely more accurate than that 
of AD, they are comparatively infrequent diseases, so any 
misclassification may have a proportionally larger conse-
quence on the effect estimates than in common conditions 
like AD. Third, as in most epidemiological studies, some 
sources of bias may exist: A potential limitation of our study 
is selection bias, which can occur in prospective cohorts if 
participation or retention depends on both the exposure and 
the outcome [70]. In EPIC4ND this risk is likely mitigated 
given the random sampling of the subcohort where recruit-
ment was irrespective of future case status, the prospective 
study design, and the diverse multi-layered case ascertain-
ment methods. Furthermore, competing risk due to death 
from causes other than the outcome of interest is a common 
issue in survival analyses, especially in late-onset diseases 
such as ND. In EPIC4ND, we usually account for this by 
using cause-specific hazard models, which treat compet-
ing events (such as death from other causes than ND) as 

right-censored at the time of occurrence providing valid 
estimates of the association between exposures and ND 
incidence [71]. In addition, despite studying late-onset dis-
eases we acknowledge the potential for survival bias (left-
truncation) given that our baseline cohort consists of mostly 
middle-aged individuals who must haved survived until the 
age of study recruitment. Hence, severe ND cases with early 
onset may have been missed. By using age as the underly-
ing time scale and implementing left-truncated Cox propor-
tional hazards models, participants only enter the risk sets at 
their age of recruitment, thereby comparing individuals of 
the same age and mitigating the impact of delayed entry on 
the corresponding hazard ratios [72]. Notwithstanding, some 
risk of bias remains, but this is the case for nearly any epi-
demiological study. Fourth, while we aimed to obtain high-
quality diagnostic information standardized evaluations of 
specific disease phenotypes (e.g., initial symptoms) and 
of disease progression (e.g., severity or therapy response) 
are largely missing. Lastly, EPIC is based in Europe and as 
demonstrated above the vast majority of participants are of 
European descent. As a result, although the ascertainment 
of a pan-European cohort is a strength in terms of gener-
alizability to European populations, the generalizability of 
findings to other ethnic groups and populations is limited, 
highlighting the urgent need for future studies including 
more diverse populations.

Conclusions

EPIC4ND is a unique resource for identifying novel molec-
ular biomarkers for a future onset of AD, PD, and ALS and 
for investigating biomarkers and pathways shared across 
ND and other diseases. Additionally, it enables the inves-
tigation of the interplay and interactions among multiple 
omics domains. Its validity is supported by associations 
with established lifestyle and genetic risk factors. Similar 
studies are urgently needed to address the critical need for 
identifying individuals at high risk of ND, facilitating the 
development of targeted preventive and early therapeutic 
interventions.

Data access

Data can be accessed by external researchers provided 
the proposed project is approved by the EPIC4ND work-
ing group and the EPIC steering committee. Potential col-
laborators can contact the EPIC4ND working group chair, 
Christina Lill (christina.lill@uni-muenster.de), EPIC 
administrator Sherry Morris (epicadmin@imperial.ac.uk), 
and EPIC PI Elio Riboli (e.riboli@imperial.ac.uk). Further 
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information regarding data access can be found at: ​h​t​t​p​s​:​/​/​e​
p​i​c​.​i​a​r​c​.​f​r​/​a​c​c​e​s​s​/​​​​​. Data dictionaries for EPIC are available 
at: https:/​/epic.i​arc.fr/​worki​ng-documents/.
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2​6​-​0​1​4​3​0​-​1​​​​​.​​
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