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Peripheral transcriptomic biomarkers 
for early detection of sporadic Alzheimer 
disease?
Adva Hadar, BPharm, MSc; David Gurwitz, PhD

Early detection of sporadic Alzheimer  
disease is crucial for successful therapy

Cardiovascular diseases and cancer are current-
ly the major cause of death among the elderly in devel-
oped countries. However, the World Health Organiza-
tion (WHO) projects that by 2050, old-age dementia, 
most notably as result of sporadic (late-onset) Alzheim-
er disease (AD), will triple compared with current rates 
and become the major cause of death in developed as 
well as in low and middle-income countries.1 Accord-
ing to the WHO report (updated on December 2017),1 
there are presently 50 million patients with dementia 
worldwide, with 10 million new cases diagnosed each 
year, and up to 70% of these diagnosed with AD. In-
deed, while there are many different forms of dementia, 
AD is the most common one and contributes to 60% 
to 70% of all dementia cases. These numbers are pro-
jected to increase to 152 million by 2050, due mostly to 
increased life expectancies in middle- and low-income 
countries. Accordingly, the global societal cost is esti-
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Alzheimer disease (AD) is the major epidemic of the 
21st century, its prevalence rising along with improved 
human longevity. Early AD diagnosis is key to success-
ful treatment, as currently available therapeutics only 
allow small benefits for diagnosed AD patients. By con-
trast, future therapeutics, including those already in 
preclinical or clinical trials, are expected to afford neu-
roprotection prior to widespread brain damage and 
dementia. Brain imaging technologies are developing 
as promising tools for early AD diagnostics, yet their 
high cost limits their utility for screening at-risk popu-
lations. Blood or plasma transcriptomics, proteomics, 
and/or metabolomics may pave the way for cost-effec-
tive AD risk screening in middle-aged individuals years 
ahead of cognitive decline. This notion is exemplified 
by data mining of blood transcriptomics from a pub-
lished dataset. Consortia blood sample collection and 
analysis from large cohorts with mild cognitive impair-
ment followed longitudinally for their cognitive state 
would allow the development of a reliable and inex-
pensive early AD screening tool.     	          
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mated to nearly triple from US$818 billion in 2015 to 
over US$2 trillion already by 2030.1 The current societal 
cost already represents 1.1% of global gross domestic 
product (GDP); this monetary burden is higher, on av-
erage 1.4% of the local GDP, in developed countries. 
For example, a recent study from France calculated 
annual costs of nearly €30,000 for the care of patients 
with advanced AD.2 Extrapolating this cost for the 152 
million AD patients projected by 2050, the global cost 
could become as high as US$5 trillion, which represents 
7% of current global GDP (though costs in low-income 
countries may be lower). In any scenario, future soci-
etal costs for treating AD patients represent a worrying 
burden for the global economy. The only sensible solu-
tion to this worrying trend would be the development 
of therapeutics for very early disease stages, along with 
affordable diagnostics for AD risk detection among 
middle-aged individuals and population-wide screen-
ing programs, so that the progress of dementia may be 
addressed (and ideally halted) prior to dementia onset.   

Current first-line AD therapeutics include acetylcho-
linesterase inhibitors and glutamate signaling ligands, 
and are at best capable of slowing the progress of de-
mentia. Their low therapeutic capacity reflects the fact 
that once an individual is diagnosed with AD the brain 
damage is already too extensive for such drugs to repair 
the widespread impairment.3,4 Many tentative AD thera-
peutics are still in various stages of preclinical or clini-
cal development.5,6 It is hoped that such future “disease-
modifying therapeutics” would exhibit improved efficacy 
in slowing brain neurodegeneration, provided that they 
are prescribed early on, that is, well before severe brain 
damage has taken place. Prospective disease-modifying 
therapeutics include neurotrophic factors or their syn-
thetic mimetics and agents capable of reducing neuro-
inflammation or allowing clearance of soluble amyloid-b 
so that its aggregation and subsequent brain accumula-
tion are drastically reduced. At this time most such tenta-
tive AD therapeutics are in early stages of development; 
their approval and marketing may take many years.7,8 
Moreover, it has been suggested that AD may represent 
a disorder rather than a single distinct disease, reflecting 
metabolic, developmental, or cardiovascular deficits.9-11 
Hence, once a larger selection of disease-modifying 
therapeutics become available, hopefully before 2030, 
successful treatment may require patient stratification 
according to AD subtypes for prescribing precision med-
icine therapeutics according to each patient’s symptoms, 

demographics, identified insufficiencies, and comorbidi-
ties. In this manner, precision medicine for AD patients 
would be prescribed similarly to the already practiced 
successful application of biomarker-dependent precision 
medicine in oncology.12,13

In this commentary we suggest that identifying di-
agnostic biomarkers based on blood or plasma tran-
scriptomes, proteomes, and/or metabolomes may pro-
vide the best approach for both enabling cost-effective 
population-wide screening for individuals at high risk 
to develop late-onset dementia, as well as enhancing 
precision medicine for such individuals prior to onset 
of dementia.14-16

Early Alzheimer disease diagnosis by imaging 
technologies

Precision medicine in oncology is typically based on 
DNA, RNA, and protein biomarkers detected in biop-
sied tumor tissues; brain biopsies are obviously not an 
option for CNS disorders, including neurodegenerative 
disorders. Thus, research on early detection of AD has fo-
cused over the past two decades on brain-imaging tech-
nologies. This topic has been extensively reviewed; see 
for example recent reviews on functional magnetic reso-
nance (fMRI) imaging by Topiwala et al17 and on posi-
tron emission tomography (PET) imaging by Fantoni et 
al18 and by Shea et al.19 In addition to brain imaging, stud-
ies on early detection biomarkers for sporadic AD are 
ongoing with retinal20 and vascular imaging.21 Cerebro-
spinal fluid (CSF) samples are also extensively studied 
as suitable biofluid for early detection of sporadic AD, 
in particular with protein studies on CSF amyloid-b and 
tau.22-25 Yet, while brain imaging tools and CSF protein 
analysis offer hopes for improved early AD detection, 
their high costs (brain imaging) and health risks (CSF 
sampling) prohibit their use as a population-wide screen-
ing tool. By comparison, we estimate that testing an indi-
vidual for her AD risk with genomic biomarkers would 
cost around 500 euros. Fees for such tests will likely keep 
decreasing in 5 to 10 years due to reduced costs of DNA 
and RNA sequencing technologies. 

DNA vs RNA biomarkers for early Alzheimer disease 
detection

Genome-wide association studies (GWAS) examin-
ing the presence of common single-nucleotide poly-
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morphisms (SNPs) in DNA samples from unrelated 
individuals by using microarray technologies have 
dominated the search for disease risk and phenotype- 
associated alleles for two decades.26-28 Over the last 
decade, along with decreasing costs of next-generation 
whole genome DNA-sequencing technologies, human 
DNA studies have been moving from microarray-
based to DNA-sequencing technologies, that yield far 
higher coverage of an individual’s genome sequence. 
DNA-sequencing informs not only on the presence of 
common SNPs but also on rare SNPs, as well as on the 
presence of short insertions, deletions, duplications, and 
rearrangements in a donor’s DNA sequence.29 Early 
SNP-based microarrays for human DNA studies typi-
cally examined over half-million SNPs. Next-generation 
whole genome DNA-sequencing (WGS) may examine 
nearly the entire 3.2 billion nucleotides of the human 
DNA sequence. Given the large DNA sequence het-
erogeneity among humans, such huge amounts of data 
mean that very large cohorts are required for deriving 
statistically meaningful findings about associations be-
tween disease and DNA alleles. Thus, cohorts of tens 
of thousands of patients along with matched controls 
have become the norm rather than the exception for 
identifying disease risk genotypes or phenome-genome 
associations. Indeed, recently published GWAS have 
featured 46 939 patients and 27 910 controls for iden-
tifying prostate cancer risk alleles30;  449 484 individu-
als for identifying genetic loci associated with neuroti-
cism31;  269 867 individuals for identifying loci linked 
to intelligence32; 60  720 patients along with 618 527 
controls for identifying allergic rhinitis risk lock33; and 
498 134 individuals for a UK Biobank study on the ef-
fects of coffee drinking on mortality.34 Studying such 
extremely large cohorts demonstrates the utility of the 
GWAS approach, but at the same time, also the need 
for collecting samples from very large cohorts, a scheme 
requiring large research consortia. Such consortia illus-
trate the way forward for advancing genomic medicine 
and future precision medicine research for complex dis-
orders. However, one must bear in mind that the power 
afforded by such large GWAS consortia highly depends 
on accurate patient phenotyping, which becomes more 
problematic when research teams include a large num-
ber of participating medical centers, that, when located 
in countries where divergent diagnostic criteria are 
applied, may add noise to the project’s data. Such con-
cerns have been raised for example in the context of es-

tablishing pharmacogenomic biomarkers for precision 
medicine35,36 and seem to be highly relevant for sporadic 
(late-onset) AD risk detection.

The research of sporadic AD has also benefited 
from GWAS studies. In 2007, a GWAS study of 1086 
sporadic AD patients and controls37 verified the already 
established status of APOE as the major risk gene for 
sporadic AD, with the presence of the SNP rs4420638 
near APOE yielding odds-risk ratio of 4.01 with a Bon-
ferroni corrected P-value=5.3x10-.34 To our knowledge, 
this P-value remains the smallest reported to date with 
similarly sized patient cohorts of multigenic disorders. 
Further sporadic AD GWAS have so far identified ma-
jor risk alleles in about 30 additional genes, some still 
requiring validation by larger cohort studies.16 The larg-
est sporadic AD study to date was published by the 
Alzheimer’s Disease Sequencing Project in May 201838 
and featured exome sequencing of 6965 sporadic AD 
patients and 13 252 controls. The only gene attaining ge-
nome-wide level statistical significance (besides APOE) 
was SORL1  (sortilin related receptor 1), encoding a 
preproprotein that, following proteolytic processing, 
generates a receptor that likely plays a role in protein 
endocytosis and sorting, possibly affecting the clearance 
of extracellular amyloid-b.39 This finding awaits an inde-
pendent validation.

However, these extensive GWAS and exome-se-
quencing research projects have not yet been (and in 
our opinion are not likely to be) translated into popu-
lation-wide programs for sporadic AD risk screening. 
The reasons are diverse and mirror the insufficient sen-
sitivity and specificity of data derived from DNA geno-
typing or sequencing alone for AD risk determination. 
This in turn reflects that besides DNA sequence, an in-
dividual’s non-genetic factors, including lifestyle, level 
of education, diet, gut microbiome, comorbidities, and 
other external exposures contribute to the risk of ac-
quiring sporadic AD.40,41 Such non-genetic factors may 
or may not be reflected by an individual’s epigenome, 
the collective term for non-inherited DNA modifica-
tions, which have been extensively studied also in the 
context of AD risk prediction.42,43   

In contrast with DNA genotyping or sequencing, 
transcriptomics, the study of gene expression profiles at 
the level of RNA (including also the transcribed RNA 
of noncoding genes, microRNAs and long-noncoding 
RNAs), informs not only about inherited but also, al-
beit indirectly, about noninherited genomic informa-
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tion.44,45 As such, transcriptomic studies also capture 
genomic information affected by individuals’ environ-
mental exposures and comorbidities; these may in part 
be relevant for risks of acquiring complex diseases, in-
cluding sporadic AD. Thus transcriptomics appear to 
potentially be more informative compared with DNA 
genotyping or DNA sequencing for developing diag-
nostic tools for complex disorders, including sporadic 
AD.46,47 An additional advantage is derived from im-
proved statistical power: transcriptomic technologies 
examine the expression levels of up to 20 000 human 
genes in given biological samples, that is, at least 1000-
fold fewer variables are being measured compared 
with GWAS or DNA sequencing studies; this in turn 
allows more power and thus smaller cohorts.48,49 Deep 
sequencing may in addition detect up to twice as many 
long-noncoding RNAs (lncRNAs), though the func-
tions of most of them remain enigmatic. 

It is important to keep in mind that applying RNA 
as early AD risk biomarkers, as well as in the context of 
other diseases, has its limitations: the transcriptome is 
highly dynamic50 and highly cell-specific51; hence RNA 
findings in peripheral tissues should be taken with cau-
tion, and require support by additional diagnostic tools. 
Moreover, mRNA levels may not faithfully reflect the 
corresponding protein level.52 Hence, studies are re-
quired for validation of tentative RNA biomarkers 
reported by transcriptomic studies with postmortem 
brain tissues or blood samples. 

In addition to blood, saliva samples are also a likely 
source for early diagnosis of AD. In recent years, several 
notable findings in salivary samples have been reported 
that await confirmation in larger AD and mild cogni-
tive impairment (MCI) cohorts. These studies include 
measurements of salivary lactoferrin,53 amyloid-b,54,55 
and tau.56 However, salivary tau was found unsuitable 
as an AD or MCI biomarker in a recent larger cohort.57 
To our knowledge, no studies (as of July 2018) have re-
ported on tentative salivary-based RNA biomarkers for 
AD or MCI. 

As noted above, a key problem with early AD di-
agnostics is that the brain tissue is inaccessible for bi-
opsy sampling, while CSF collection is not a valid op-
tion for population-wide screening; which leaves blood 
or saliva as the most likely optional biosamples. Blood 
samples have extensively been employed for searching 
early AD biomarkers, in particular proteomic and me-
tabolomic biomarkers, topics beyond the scope of this 

article. Readers are referred to fine recent reviews on 
protein58-61 and metabolome62 early AD biomarkers. A 
roadmap for developing a blood test for early AD de-
tection was recently proposed by Kiddle et al;61 these 
authors outline a plan focused on changing research 
approach concepts from small studies to large multi-
center consortia efforts and improved data sharing be-
tween research teams, a notion with which we strongly 
concur as the best way forward. Below, for demonstrat-
ing the untapped potential for discovering early AD 
biomarkers by studying blood transcriptomic signa-
tures from large cohorts of MCI and AD patients, we 
provide a demonstrative example based on data mining 
of a single blood gene expression dataset. 

MCI peripheral blood data mining example 
as proof of concept

Data mining of existing blood transcriptomics data-
sets was performed on the Gene Expression Omnibus 
(GEO; https://www.ncbi.nlm.nih.gov/gds/) on dataset 
GSE63060 (contributed by Sood et al 2015)63 using the 
GEO2R software tool (https://www.ncbi.nlm.nih.gov/
geo/geo2r/). This tool allows comparison of groups of 
samples whose transcriptomics datasets have been de-
posited on the GEO server in order to identify genes 
that are differentially expressed between groups of 
samples. We applied this tool on dataset GSE6306063 
for comparing sets of candidate genes; we chose four 
genes reported as having differential expression in 
blood derived cell lines based on amyloid-b sensitiv-
ity or when comparing cell lines from AD patients and 
controls: RGS2, SIRT1, INPP4B, and FAH.64,65 To this 
list we added a fifth gene, SERPINA1, based on the 
suggestion of higher serum alpha-1-antitrypsin protein 
as a tentative AD biomarker by Wetterling and Tegt-
meyer, 1994.66 Next, the receiver operating characteris-
tics (ROC) curve67 was applied for analyzing the blood 
expression levels of the above genes as a tentative MCI 
prediction tool, based on the candidate genes. ROC 
curves demonstrate the diagnostic capacity of classifiers 
as their discrimination thresholds are varied. In the con-
text of diagnostic biomarkers, they allow the estimation 
of the classifier accuracy, by showing the relationships 
between clinical sensitivity and specificity for group 
differences. In a given ROC curve, the x-axis shows 1 
minus specificity (false positive) fraction and the y-axis 
shows sensitivity (true positive) fraction. Additionally, 
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 Figure 1.  Whole blood expression levels for selected genes in 80 MCI and 104 healthy controls from dataset GSE63060 and an example MCI prediction 
tool. Distribution, FD and P-values for MCI vs control expression levels are shown for: (a) RGS2; (b) SIRT1; (c) INPP4B; (d) FAH; (e) SERPINA1; (f) 
the sum expression levels of RGS2, SIRT1, and INPP4B minus the sum expression levels of FAH and SERPINA1. Two-tail T-test was applied for 
testing Equality of Means; (g) ROC curve representing a positive actual state for MCI. Smaller values indicate stronger evidence for the positive 
actual state. AUC=0.777±0.034, P=1.20E-10; Asymptotic 95% Confi dence Interval: Lower bound=0.710 and Upper Bound=0.844. The ROC 
curve of the Tool has higher AUC compared with each of the genes by itself. For statistical analyses, SPSS 23 software (SPSS Inc., Chicago, IL, 
USA) was used. AUC: area under the curve; ROC: receiver operating characteristics. See main text for further details.
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the area under the curve (AUC) of a ROC curve of a 
given test can be used as a measure for its discrimina-
tive capacity. As shown in Figure 1, while each of the 
five genes showed a fold-difference (FD) of between 
1.1 and 1.3 between MCI and nondemented controls 
(with significance values P=3.47E-03 and P=2.7E-07), 
our tentative 5-gene tool showed a superior separation 
between MCI and controls: FD=1.8 and P=4.60E-12. As 
shown in Table  I, ROC curve analysis applied on the 
transcriptomic dataset GSE63060, which shows gene 
expression levels in blood samples from AD patients 
(n=145), MCI patients (n=80), and nondemented age-
matched controls (n=104) indicated that our tentative 
5-gene tool identified MCI patients vs controls with an 
AUC=0.777 and P=1.20E-10. Applying the same tool 
on the AD patients vs controls in the same GSE63060 
dataset identified AD patients with AUC=0.683 and 
P=8.8E-7. Less robust AUC and P-values were found 
for applying the same tool on GSE63061 by the same 
authors,63 which shows gene expression levels in blood 
samples from AD patients (n=139), MCI patients 
(n=109) and non-demented controls (n=134). Of note, 
in both the latter GEO datasets, ROC curve analysis of 
our proposed 5-gene tool indicated more robust iden-
tification of MCI patients compared with AD patients 
(each compared with nondemented age-matched con-
trols). This observation suggests that our proposed tool 
is likely more adequate for correctly classifying MCI 
than AD patients. We identified two further GSE files 
containing transcriptomic data from at least 40 indi-
viduals, GSE85426 and GSE4229.68 However, these two 
files, unlike GSE63060 and GSE63061, include data de-
rived from RNA of peripheral blood mononuclear cells 
(PBMC) rather than whole blood, do not include MCI 
patients, and have considerably fewer samples (these 
datasets are from 90 and 18 AD patients and 90 and 

22 nondemented controls, respectively). Indeed, ROC 
curves for the latter two datasets indicated that our ex-
ample 5-gene prediction tool could not distinguish be-
tween AD patients and controls. Therefore, we cannot 
conclude about the plausible MCI or AD biomarker 
utility of transcriptomics of whole blood biosamples 
compared with PBMC, nor about the value of transcrip-
tomics for identifying MCI compared with AD patients. 
The reasons are, unfortunately, the miniscule number of 
such GEO datasets currently available for bioinformat-
ics analysis. This clearly demonstrates the need for fur-
ther blood transcriptomic studies with larger MCI and 
AD cohorts, as well as the unmet need for open data 
sharing from such studies. 

Looking ahead

The peripheral blood GSE63060 data mining ex-
ample based on the expression of five candidate genes 
presented in Figure 1 is definitely inadequate for serving 
as early diagnostics for sporadic AD detection. We pres-
ent it merely to illuminate the potential of transcriptomic 
data mining in discovering early sporadic AD biomark-
ers that may, in future, be utilized for population-wide 
screening. Table I demonstrates that at this time, our il-
lustrative example lacks validation owing to the lack of 
sufficiently large open GEO datasets from MCI patients. 
GSE63060 includes transcriptomic data from merely 
80 MCI and 104 matched nondemented individuals; as 
discussed above, much larger cohorts (at least several 
hundreds of individuals) would be needed for develop-
ing prediction tools for sporadic AD with robust specific-
ity and sensitivity. For example, a recent transcriptome-
wide association study included breast tissue RNA from 
229 000 women (122 977 cases and 105 974 controls) for 
identifying new candidate susceptibility genes for breast 
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GSE# Reference RNA source  MCI      AD    Control
AUC

(MCI vs. control)
AUC

(AD vs. control)
Comments

GSE63060 63 whole blood 80       145       104 AUC=0.777  
P=1.20E-10

AUC=0.683
P=8.8E-7

GSE63061 63 whole blood 109      139       134 AUC=0.638
P=2.2E-4

AUC=0.627
P=2.7E-4

GSE85426 NA PBMC 0          90         90 NA AUC=0.472
P=0.524

No INPP4B probe

GSE4229 68 PBMC 0          18         22 NA AUC=0.500
P=1.000

No SIRT1 probe

Table I. �AUC and P-values derived from GEO datasets following ROC curve analysis by the 5-gene example tool presented in Figure 1.
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cancer.69 Having large cohort datasets openly shared on 
the GEO website would allow the application of machine 
learning tools70,71 for devising a reliable and affordable 
diagnostics tools for AD as well as other disorders of old 
age. Ideally, such datasets should incorporate blood tran-
scriptomics (or microRNA profiling of plasma or serum) 
along with proteomic and metabolomic data.72,73 In addi-
tion, efforts must include the collection of longitudinal 
blood samples as well as of longitudinal cognitive score 

data, along the successful UK Biobank approach. With 
increased projected human longevity, and the expected 
approval and marketing of disease modifying therapeu-
tics for neurodegenerative disorders, investing in such 
studies and making their data openly available seems to 
be the best way forward.  o
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Biomarcadores periféricos de la transcriptómica 
para la detección precoz de la Enfermedad de 
Alzheimer esporádica

La Enfermedad de Alzheimer (EA) es la principal epide-
mia del siglo XXI y su prevalencia está aumentando con 
el incremento de la longevidad humana. El diagnóstico 
precoz de la EA es clave para un tratamiento exitoso, ya 
que las terapias actualmente disponibles sólo permiten 
pequeños beneficios para los pacientes diagnosticados 
con EA. Al contrario, se espera que las futuras terapias, 
incluyendo las que ya están en ensayos preclínicos o 
clínicos, proporcionen una neuroprotección previo al 
daño cerebral generalizado y demencia. Las tecnologías 
de imágenes cerebrales se están desarrollando como 
prometedoras herramientas para diagnósticos precoces 
de la EA, aunque todavía su alto costo limita su empleo 
como evaluación en poblaciones en riesgo. La trans-
criptómica, proteómica y/o metabolómica sanguínea o 
plasmática pueden abrir la vía para una evaluación eco-
nómica del riesgo de EA en individuos de edad media 
años antes del deterioro cognitivo. Este concepto está 
ilustrado por la explotación de datos de transcriptomas 
sanguíneos provenientes de una base de datos publica-
da. Un consorcio de recolección de muestras sanguíneas 
y de análisis de grandes cohortes con deterioro cogniti-
vo leve, seguidas longitudinalmente en su estado cog-
nitivo podría permitir el desarrollo de una herramienta 
de evaluación precoz de la EA que sea confiable y de 
bajo costo.    

Biomarqueurs périphériques de la 
transcriptomique pour la détection précoce de la 
maladie d’Alzheimer sporadique

La prévalence de la maladie d’Alzheimer (MA), épidé-
mie principale du XXIe siècle, augmente avec l’augmen-
tation de l’espérance de vie. Les traitements actuelle-
ment disponibles n’apportant que de faibles bénéfices 
pour les patients atteints, un diagnostic précoce de la 
maladie est essentiel pour la traiter efficacement. A 
l’avenir, les traitements (y compris ceux déjà en essais 
cliniques ou précliniques) devront assurer une protec-
tion neuronale avant même l’apparition de lésions cé-
rébrales étendues et de signes de démence. Les tech-
niques d’imagerie cérébrale sont des outils prometteurs 
pour le diagnostic précoce de MA mais leur coût élevé 
limite leur utilisation pour le dépistage des populations 
à risque. La métabolomique, la protéomique et/ou la 
transcritomique sanguines ou plasmatiques peuvent 
ouvrir la voie d’un dépistage à moindre coût du risque 
de MA chez des sujets d’âge moyen, des années avant le 
déclin cognitif. L’exploitation des données de transcrip-
tomes sanguins à partir d’une base de données publiées, 
en est l’illustration. Un consortium de recueil d’échantil-
lons sanguins et d’analyses à partir de grandes cohortes 
de sujets atteints de troubles cognitifs légers dont l’état 
cognitif est suivi longitudinalement permettra le déve-
loppement d’un outil de dépistage précoce de la MA 
fiable et peu coûteux.




