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a b s t r a c t 

Background: Alzheimer’s disease (AD) is the most common form of dementia, and early diagnosis is crucial to 
enable effective interventions. Currently, Alzheimer’s disease is diagnosed through cognitive assessments, brain 
imaging and fluid biomarkers focused on determining amyloid (A) and, tau (T) protein levels as well as neu- 
rodegeneration (N) in the AT(N) framework. Prognostic biomarkers for predicting cognitive decline within the 
amyloid positive (A 𝛽+ ) individuals would further strengthen the framework. 
Objectives: This study evaluated small RNAs as novel auxiliary biomarkers, independent of the AT(N) framework, 
either alone or in combination with established protein markers, for detecting the earliest cognitive decline in 
AD. 
Design: The European Prevention of Alzheimer’s Disease (EPAD) clinical trial platform is a prospective, multi- 
center study designed to investigate biomarkers for preclinical and prodromal AD. 
Setting: Peripheral whole blood RNA sequencing was performed on participants across Europe with no cognitive 
impairment or very mild cognitive impairment (MCI), stratified by cerebrospinal fluid amyloid levels. 
Participants: 1,913 participants, 50 years or older and free of dementia diagnosis at enrollment, were analyzed. 
Intervention: (if any) Not applicable. 
Measurements: Ultra-deep small RNA sequencing was performed on whole blood samples using a refined blocking 
protocol to eliminate highly abundant erythroid small RNAs, and thereby to open sequencing bandwidth for 
the discovery of less abundant biomarker RNAs. Biomarker RNAs were deconvolved into plasma or blood cell 
origin and analyzed for functional relevance. We define high and low amyloid groups based on a cutoff on the 
p-tau181 /A 𝛽1-42 ratio as determined from cerebrospinal fluid. 
Results: We identified a combination of small RNAs that predicted early cognitive decline (Clinical Dementia 
Rating of 0.5) with an area under the receiver-operator curve of ∼0.7. Notably, when focusing on individuals 
with cognitive decline and high amyloid burden (A 𝛽+ ), the predictive accuracy improved to an AUC of 0.77. This 
performance could be extended to the entire cohort when combining blood RNA and CSF amyloid markers (AUC 
0.76). We conducted bioinformatic analyses to interrogate the likely functional relevance of these small RNAs, 
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. Introduction 

Alzheimer’s Disease (AD) is a progressive neurodegenerative disor-
er with no known cure, contributing to ∼60% of global dementia cases
 1 ]. AD prevalence rises sharply with age, affecting ∼3% of individu-
ls over 50 and 6% over 75, with higher incidence rates observed in
emales than males. The global economic burden was estimated to be
2.8 trillion USD in 2019 and is projected to increase to $8.5 trillion
y 2040 [ 2 ], highlighting the urgent need for more effective diagnostic
nd therapeutic strategies [ 3 ]. 

The recent approval of three drugs (lecanemab, donanemab, and
ducanumab) marks a milestone in AD research [ 4 ]. However, these
herapies are limited to patients with cognitive symptoms, requiring ex-
ensive positron emission tomography (PET) or invasive cerebrospinal
uid (CSF) sampling to confirm amyloid burden. This approach limits
he ability to intervene during the preclinical phase of AD, despite evi-
ence that amyloid beta protein (A 𝛽) accumulation begins years before
ognitive decline becomes apparent. Recent advances have led to the
evelopment of sensitive and accessible blood-based assays that detect
D-related protein markers — such as phosphorylated tau (p-tau), to-

al tau (t-tau), and A 𝛽 — offering substantial improvements in early
creening efforts [ 3 , 5 ]. However, these assays may still benefit from
uxiliary biomarkers to refine prognostic accuracy and better identify
hose most at risk of imminent cognitive decline. AD pathology is com-
lex and multifactorial, involving amyloid plaques, vascular dysfunc-
ion, neuronal loss, and interactions with immune and inflammatory
athways [ 6 ]. Notably, a high amyloid burden alone does not reliably
redict AD progression; many individuals with elevated amyloid remain
ognitively intact [ 7 ]. Therefore, identifying complementary biomark-
rs that capture other aspects of AD biology outside the AT(N) (Amyloid,
au, neurodegeneration) framework is crucial. 

Among these, small RNAs (sRNAs), particularly microRNAs (miR-
As), are gaining attention for their potential use in early detection, pa-

ient stratification, treatment selection and disease monitoring [ 8–12 ].
iRNAs are short, non-coding RNA molecules derived from longer pre-

ursors that regulate gene expression and are implicated in AD pathol-
gy through various mechanisms, including the cleavage of amyloid pre-
ursor protein (APP) by 𝛽-secretases (BACE1) and 𝛾-secretases [ 6 , 13 ].
ACE1, in particular, has drawn significant interest as a therapeutic tar-
et in AD research [ 14 , 15 ]. Furthermore, as molecular rheostats of di-
erse cellular and inflammatory processes, small RNAs offer a window
nto downstream effector mechanisms of disease pathology. As accessi-
le readouts of key cellular and inflammatory processes, sRNAs can be
eliably measured from blood samples using PCR and next-generation
equencing (NGS), making them attractive non-invasive biomarkers. 

To explore the potential of sRNAs as biomarkers for AD, we an-
lyzed whole blood samples from the EPAD (European Prevention of
lzheimer’s Dementia) cohort, a pan-European project designed to in-
estigate the preclinical and prodromal phases of AD. While this analysis
as cross-sectional rather than longitudinal, the cohort’s focus on early,
re-dementia stages of AD provides a unique opportunity to identify
iomarkers that may reveal the earliest cognitive changes. 

Using ultra-deep small RNA sequencing, with the implementation
f blocking of highly abundant erythroid sRNAs, we identified biolog-
cally relevant sRNAs linked to AD and broader dementia pathways.
hese findings underscore the potential of combining sRNA and protein
2

ntia-relevant pathways, including neuronal, cardiovascular, and inflammatory
st that small nucleolar RNAs warrant further investigation as potential disease-
icroRNAs. 
A biomarkers with protein-based assays offers preliminary evidence for strat-
e amyloid positive continuum. Small nucleolar RNAs and microRNAs warrant
ntary diagnostic tools, and their use may enable more precise and effective

iomarkers to improve early diagnostic accuracy and patient stratifica-
ion, paving the way for more accessible and effective interventions in
he fight against AD [ 16 ]. 

. Methods 

.1. Patient cohorts 

All participants were recruited through the EPAD study [ 17 , 18 ]. The
nclusion criteria were having a study partner (e.g. friend or relative)
nd being over the age of 50. For an exhaustive description see [ 19 , 20 ].
articipants were recruited from 31 sites in 10 countries throughout
urope. We used the final version of the EPAD LCS (longitudinal cohort
tudy) [ 17 ]. 

.2. Methodology EPAD data preparation 

The EPAD dataset contains more than 2096 individuals with each
ubject having made between 1 to 5 visits [ 17 ]. Of these, 1934 individ-
als had available blood samples which were used in this study. During
ach visit, the subjects performed an array of cognitive tasks and some
nderwent MRI, CSF (cerebrospinal fluid) sampling, or blood donation.
ot all subjects performed all tasks at all visits. 

Since the EPAD study had a maximum of 4 visits (visits 1, 3, 4 and
) where blood could be drawn, either one or multiple blood samples
ere received per subject. Not all subjects had blood drawn on the first
isit. The earliest available blood was used for analysis. In some cases,
SF and blood were drawn on different visits. 

.3. Cognitive assessment 

The cognitive status of subjects was assessed using the Clinical De-
entia Rating (CDR) global score [ 21 , 22 ]. Subjects with normal cog-
ition (no signs of cognitive impairment) have a CDR of 0, whereas
ndividuals with a CDR of 0.5 are considered to have very mild cogni-
ive impairment and thus exhibit the earliest cognitive symptoms of AD.
nly four individuals with CDR = 1 (mild cognitive impairment) and no

ubjects with higher CDRs were enrolled. 
As an alternative measure of cognition, the MMSE (Mini-Mental State

xam [ 23 ]) was also performed. In this test, individuals with normal
ognition achieve scores close to the maximum of 30. Any significant
ecrease is considered a sign of cognitive decline. 

.4. CSF biomarkers 

The following biomarkers from cerebrospinal fluid (CSF) of patients
ere assayed: amyloid beta 1-42 (A 𝛽1-42 or A 𝛽 42), phosphorylated tau
81 (p-tau181 , or simply p-tau), and total tau (t-tau). 

The CSF biomarker variables were binarized to determine amyloid
tatus for classification tasks as reported previously [ 20 , 24 , 25 ]. While
revious EPAD analyses defined amyloid positivity as A 𝛽 42 (A 𝛽1-42 )
 1000 pg/ml, here the ratio of p-tau181 / A 𝛽1-42 , was used with a thresh-
ld of > 0.024. This threshold separated the population into a binary
amyloid status ”, i.e. low amyloid (A 𝛽-, negative) and high amyloid
A 𝛽+ , positive) sub-groups. See Fig. S2 for an illustration of how the
hreshold cleanly separated the population along the p-tau181 and A 𝛽1-42 
xes. The EPAD study did not include measurements of A 𝛽 40 (A 𝛽1-40 ).
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.5. Genetic markers 

Apolipoprotein E (APOE) genotyping was determined using TaqMan
ssays for rs7412 and rs429358. Genotyping of DNA, extracted from
lood samples, took place on a ThermoFisher QuantStudio 12K Flex in
he Genetics Core, Edinburgh Clinical Research Facility, University of
dinburgh. APOE e4 carriers were defined as having at least one e4
llele. 

.6. PAXgene collection and processing 

Peripheral blood was drawn following the EPAD manual, which is
vailable upon request. In general, blood was drawn in the mornings
here possible. Fasting was not strictly required. 

To generate deep sRNA profiles that capture both cell-free and im-
une cell-derived signals, we analyzed PAXgene RNA whole blood

ubes. Blood samples (2.5 ml each) were collected following PAXgene
formerly PreAnalytiX, now Qiagen) guidelines. For long-term preser-
ation, samples were stored at − 80°C. RNA extraction was performed
sing the QIAsymphony PAXgene Blood RNA Kit on the QIAsymphony
P liquid handling station (Qiagen, Venlo, The Netherlands). For quality
ontrol, custom artificial spike-in sequences were added to resuspended
ellets prior to extraction. Elution occurred at 72°C for 10 minutes in
00 𝜇l of elution buffer, and RNA was aliquoted and stored at -80°C. 

.7. Sample inclusion criteria 

Of a total of 3302 received blood samples, 2903 passed extraction
nd FragmentAnalyzer quality control (QC) when they resulted in a nor-
al electropherogram. 

1913 samples remained after excluding duplicate samples from the
ame individual and those missing CDR scores. 1742 samples were com-
lete with matching CSF markers. Sample numbers used for calculating
tatistics or fitting machine learning (ML) models thus may differ de-
ending on whether CSF markers were involved, as indicated in Table 2 .

.8. sRNA-Seq with blocking of highly abundant RNAs 

For ligation, 200 ng of total RNA or up to 5 𝜇l of RNA (if con-
entration was low) was combined with 0.25 𝜇M of a 3’-adapter (IDT,
oralville, IO) and T4 RNA ligase 2 KQ (NEB, Ipswich, MA) for 1 hour
t 28°C. Next, ligation with 0.125 𝜇M of a 5’-adapter (IDT) was car-
ied out with T4 RNA ligase 1 for 30 minutes at 28°C. Blocking oligos
IDT) were added directly to the ligation mix, which was then dena-
ured at 75°C for 2 minutes and cooled to 25°C. Reverse transcription
as performed with LunaScript (NEB, Ipswich, MA) and 0.08 𝜇M of RT
rimer (IDT) for 1 hour at 50°C. RT clean-up was conducted using Mag-
ind beads (Omega Bio-Tek, Norcross, GA) at a 2.5 × sample-to-bead
atio, per the manufacturer’s protocol. Library PCR was performed us-
ng the NEBNext ULTRA II Q5 master mix (NEB, Ipswich, MA) and dual
ndex primers as previously described. PCR products were cleaned us-
ng Mag-bind beads with 0.9 × and 1.8 × ratios. DNA concentrations
ere assessed with the Quant-iT kit (ThermoFisher Scientific, Waltham,
A) on a VICTOR Nivo plate reader (Revvity, formerly PerkinElmer).
 15 μM multiplexed library pool was prepared, loaded onto a Novex
%–12% PAGE gel (ThermoFisher Scientific, Waltham, MA), and frag-
ents above 180 base pairs were excised. The library was eluted from

he gel overnight at 37°C, purified with the DNA Clean and Concen-
rator Kit (Zymo Research, Freiburg, Germany), and sequenced using a
ual-indexing approach on a NextSeq2000 (Illumina, San Diego, CA) as
reviously described. Further details are provided in [ 26 ] and support-
ng online material (Fig. S1). 

.9. Data preprocessing 

FastQ files from the Illumina NextSeq 2000, generated through re-
eated measurements of each multiplexed pool (batch of samples pro-
3

essed together using dual indexing), were aggregated into a single
astQ file per pool. Reads of at least 18 nucleotides that appeared in
t least three samples per sequencing pool and in at least 10% of all
amples were UMI-corrected (to remove PCR artifacts) and converted
nto raw read count matrices by summing UMI-corrected counts of sRNA

equences. RNA expression was then calculated as: 𝑌𝑖𝑗 = 𝑙𝑜𝑔2 (1 +
𝑐𝑋𝑖𝑗 

𝑀𝑖 
) ,

here the values are log2-transformed, 1-shifted, library-size normal-
zed reads per million (RPM), with (c = 106 ) for each patient sample i
nd RNA feature j. 

.10. Mitigation of confounder bias 

Potential clinical confounders (expected to be correlated with dis-
ase and/or biomarkers) were age, sex, APOE status, and binary
myloid-tau status. At this stage any samples with missing values or un-
lear group assignment were excluded, including those with rare APOE
tatus, i.e. e2/e2 . It has been established within the EPAD study that
here is an interaction between amyloid, sex, and APOE [ 25 ]. 

These confounders were neutralized via propensity score matching
PSM) [ 27 ] ( Table 3 ), where a logistic regression model is trained on
he target variable using only confounders as independent variables.
he numerical propensity score is used to match patients with simi-

ar confounder profiles in the negative (CDR normal) to those in the
ositive group (CDR impaired). Only matches with a propensity score
ifference smaller than 0.1 (PSM strength parameter) were considered.
ince the chosen PSM strength parameter allows for minor mismatches,
nd to monitor any remaining confounder effects, the confounder vari-
bles were also included as model covariates. This practice ensures that
o selected small RNA marker was used as a confounder proxy. 

An additional confounder or batch variable, namely the EPAD clini-
al site, was not well suited for PSM matching due to the high number
f clinics and heterogeneous sample distribution and class imbalances
er clinic. Instead, as a test for clinic bias, models were trained with the
inarized clinic identities (one-hot dummy encoding) given as model
ovariates in addition to small RNA expression. While disregarding the
erformance metrics from such models (which will be inflated by batch
ffects), any selected small RNAs can be assumed to be free of clinic
ias, with the caveat of potentially removing too many features where
linic and disease signal coincide. 

.11. Machine learning 

One hundred logistic regression classifiers were trained on a ran-
omly chosen 75% of samples resulting from a given PSM matching,
hile the remaining 25% were used as test sets for performance evalu-
tion. This process was repeated five times with different random shuf-
ing of samples prior to PSM, to account for random sampling effects

ntroduced by PSM itself. 
A strict detection rate filter was applied to admit only small RNAs

ith non-zero (i.e. detected) expression values in at least 99% of samples
3161 sRNAs in total). This filter was used for the dual benefit of feature
election and avoidance of batch effects (which are often driven by noisy
ow-expression features). A strong L1 penalty was used to select a small
umber of predictive small-RNA features. 

Small RNAs coinciding with blocking targets were excluded. 

.12. Importance ranking of small RNAs 

Small RNAs with a non-zero weight assigned by L1-penalized logistic
egression were mapped to the precursor (long) RNA of origin. Since
ach model was replicated 100 times, the number (percentage) of times
 small RNA was selected could be used as an indicator of its importance.
recursor importance was calculated by averaging individual small RNA
mportance scores across five different PSM replicates using small RNAs
nly and summing averaged importance scores for all small RNAs from
he same precursor, finally dividing the resulting values by 100. 
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.13. Small RNA annotation 

Our customized small RNA annotation strategy has been extensively
escribed in [ 28 ]. Briefly, we generated a comprehensive reference
atabase from sources that included miRbase [ 29 ], GtRNAdb [ 30 ], NCBI
 31 ], snoDB [ 32 ], piRNA cluster database [ 33 ] and Ensembl [ 34 ]. Se-
uences were iteratively mapped against the database using bowtie
 35 ], initially allowing zero mismatches, followed by subsequent rounds
ermitting up to 3 mismatches for previously unmapped reads. Small
NA sub-classes were defined as described previously [ 28 ]. 

.14. sRNA co-expression analysis 

The most important RNAs were taken from representative ML models
corresponding to row 6 in Table 2 ) as those selected in at least 50% of
eplicates. This set was expanded by identifying other RNAs with corre-
ated expression above a Spearman coefficient of 0.7 and expression was
veraged per precursor. A network was created by connecting highly
orrelated precursors. A correlation cut-off was chosen which formed
 single connected network. This network contained almost all nodes
except one singular node), while also avoiding more connections than
ecessary. 

All networks were visualized in Cytoscape [ 36 ]. 

.15. Differential expression analysis 

Differential expression was quantified at the precursor level by sum-
ing up read counts mapping to the same precursor, including the same
NAs from co-expression analysis. Log2 fold changes (FC) were cal-
ulated using the DESeq2 software [ 37 ]. A positive log2-FC indicates
hat a given RNA is more highly expressed in CDR-impaired individ-
als, whereas a negative value indicates higher expression in normal
ubjects. 

.16. miRNA gene targets and protein interaction network 

A miRNA-target gene interaction network was generated
sing the web-based miRNET tool [ 38 ] (accessible under
ttps://www.mirnet.ca/ ). The miRBase IDs of top-scoring miRNA
recursors were queried against miRTarBase v9.0 [ 39 ] with the fol-
owing parameters: organism: Homo sapiens , tissue type: unspecified,
nclude protein-protein interactions from IMEx interactome [ 40 ]. The
esulting network consisting of over 24 000 edges was scanned for the
resence of AD-associated genes from KEGG [ 41 ] database (pathway
o. 05010) as well as a set of manually curated AD-related genes based
n literature reports. A subnetwork containing the abovementioned
enes was created directly in miRNET [ 38 ] using the “extract currently
ighlighted modules ” function. Selected genes from the resulting
ubnetwork were manually grouped by functional roles. 

.17. Deconvolution of cell type origin 

Based on the data published in [ 42 ], small RNAs were deconvolved
nto their likely blood compartment origin including the plasma fraction
nd 10 different cell types. Fractions per precursor were calculated using
 mean of fractions for individual small RNAs, each weighted by the
atio of given small RNA importance to the sum of importances of all
mall RNAs mapping to the same precursor. 

. Results 

The EPAD participants were initially stratified into four cohorts
ased on cognitive status (CDR) and CSF-derived amyloid status
 Table 1 ). Instead of the commonly used A 𝛽42/A 𝛽40, the alternative
-tau181 /A 𝛽42 ratio was used for binarizing amyloid status (in the ab-
ence of A 𝛽40 measurements; see Methods and Fig. S2). This metric had
4

hown good performance in plasma and CSF [ 43 ]. Cohort 1 (n = 1093)
omprised cognitively normal individuals with low amyloid burden (A 𝛽-
, whereas Cohort 2 (n = 275) included cognitively normal individuals
ith high amyloid burden (A 𝛽+ ). Cohorts 3 (n = 261) and 4 (n = 284) in-

luded individuals with mild cognitive impairment (CDR ≥ 0.5) and low
r high amyloid burden, respectively. Demographics (sex, APOE geno-
ype, age) and clinical measurements (MMSE, p-tau181 , t-tau, A 𝛽1-42 ) are
ummarized in Table 1 . For the purpose of training predictors of mild
ognitive impairment, cohorts 1 + 2, as well as 3 + 4 were combined
nto two groups, which were then confounder-matched (see below and
ethods). 

.1. Amyloid status classification 

Initial attempts to predict amyloid status solely from small RNA
sRNA) expression achieved a mean AUC of ∼0.52 (Table 2; rows #1-5),
uggesting negligible predictive power. Given that protein-based blood
ests have recently become more accurate in detecting amyloid [ 44–46 ],
s well as tau pathology [ 47–51 ], we did not pursue sRNA-based amy-
oid classification further. 

.2. Cognitive status classification 

We next asked whether sRNAs might be more useful for predicting
ognitive impairment – particularly mild cognitive decline which fre-
uently precedes a formal AD diagnosis. 

Cognitive status was determined by the Clinical Dementia Rating
CDR) scale [ 21 , 22 ], comparing CDR = 0 (n = 1368 before confounder
atching, normal cognition; negative control group) with CDR ≥ 0.5

n = 545 before confounder matching, impaired cognition; positive ef-
ect group). Only three participants had a CDR of 1, and none were
igher, indicating predominantly mild cognitive impairment (MCI) in
ur dataset. MMSE scores confirmed the distinction between the two
roups with a Cohen’s d effect size of 0.841 and a t-test metric of T = -12
t a highly significant p-value of 1.64 × 10-29 . However, there may be
esolution issues when matching MMSE scores to the CDR stages of 0
nd 0.5 [ 52 ]. 

Models trained solely on sRNA features achieved a mean AUC of
0.70 for differentiating CDR 0 from CDR ≥ 0.5, a marked improve-
ent over a random baseline of 0.50 and over confounder-only baselines

 ∼0.50), as shown in Fig. 1 a and Table 2 . 
Stratifying participants by CSF-based amyloid status revealed lower

redictive power (AUC ∼0.64) among amyloid-negative individuals
 Fig. 1 b) but higher performance (AUC ∼0.77) for amyloid-positive in-
ividuals ( Fig. 1 c). This suggests that the sRNA signal appears more
losely linked to AD-related cognitive impairment than to other forms
f cognitive impairment. 

We used propensity score matching (PSM) prior to the discovery ML
uns (discovery: offering a broad range of RNAs for selection) to mini-
ize confounding (see Methods). The impact of confounders was very

ow, as indicated by virtually identical precursor importance and AUCs
etween models trained either without or with confounders (Table 2;
ows #6-10 vs rows #11-15, respectively). The only deviation in precur-
or importance and AUC was observed when adding the clinic identities
s additional input variables – with the aim of determining the theoreti-
al potential of batch effects. Indeed, the highly inflated AUCs of around
.84 (Table 2; rows #16-20) revealed a significant potential for batch
ffect due to class imbalances between clinics. The clinic itself can then
ecome a predictor of CDR, diminishing the need for true RNA mark-
rs. Consequently, some RNA markers decreased in importance, while
thers remained relatively stable (most notably miR-186). 

The observation that models trained without clinic identifiers per-
ormed at much lower AUCs, is an encouraging confirmation that those
odels were not exploiting batch effects. This is most likely due to the

ombination of strict detection rate filters removing very noisy features,
nd strong L1 penalty enforcing low feature count – in combination with

https://www.mirnet.ca/
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Table 1 

Summary of subjects in the EPAD cohort, including subgroups based on cognitive and amyloid status. 

Subgroups 

Cohort 1 
Low Amyloid burden, 
Normal cognition 

Cohort 2 
High Amyloid burden, 
normal cognition 

Cohort 3 
Low Amyloid burden, 
impaired cognition 

Cohort 4 
High Amyloid burden, 
impaired cognition 

Sample size (n) 1093 275 261 284 
sex 

f 634 (58%) 179 (65%) 137 (52%) 128 (45%) 
m 459 (42%) 96 (35%) 124 (48%) 156 (55%) 
APOE genotype 

e2/e2 5 (0%) 0 (0%) 1 (0%) 0 (0%) 
e2/e3 108 (10%) 16 (6%) 30 (12%) 11 (4%) 
e2/e4 27 (3%) 14 (5%) 5 (2%) 7 (3%) 
e3/e3 617 (57%) 108 (40%) 154 (61%) 95 (34%) 
e3/e4 304 (28%) 101 (38%) 61 (24%) 126 (45%) 
e4/e4 15 (1%) 28 (10%) 3 (1%) 38 (14%) 
Clinical dementia 

rating (CDR) 

0 1093 (100%) 275 (100%) 0 (0%) 0 (0%) 
0.5 0 (0%) 0 (0%) 261 (100%) 280 (99%) 
1 0 (0%) 0 (0%) 0 (0%) 4 (1%) 
Binary amyloid status 

(p-tau181 / A 𝜷1-42 ) 

low 1093 (100%) 0 (0%) 261 (100%) 0 (0%) 
high 0 (0%) 275 (100%) 0 (0%) 284 (100%) 
age 

mean ± std 63.85 ± 7.06 67.84 ± 6.13 66.9 ± 7.71 70.33 ± 7.3 
median (min, max) 64.0 (50, 85) 68.0 (50, 89) 67.0 (50, 88) 71.0 (50, 86) 
CSF p-tau181 levels 

(pg/ml) 

mean ± std 16.27 ± 5.7 28.55 ± 14.49 17.68 ± 6.47 32.95 ± 15.05 
median (min, max) 15.33 (8, 51) 24.89 (8, 107) 16.52 (8, 43) 30.48 (8, 112) 
CSF t-tau levels (pg/ml) 

mean ± std 195.47 ± 64.07 296.67 ± 124.43 213.79 ± 73.83 340.98 ± 135.35 
median (min, max) 186.7 (80, 547) 271.5 (80, 848) 200.3 (87, 515) 325.7 (80, 947) 
CSF A 𝜷1-42 levels 

(pg/ml) 

mean ± std 1578.49 ± 710.87 716.51 ± 256.41 1623.4 ± 790.37 685.8 ± 248.88 
median (min, max) 1448.0 (371, 7017) 685.6 (200, 1556) 1475.0 (533, 6828) 653.9 (210, 1478) 
MMSE score 

mean ± std 28.88 ± 1.29 28.4 ± 1.63 28.14 ± 1.78 26.51 ± 2.95 
median (min, max) 29.0 (19, 30) 29.0 (19, 30) 28.0 (21, 30) 27.0 (12, 30) 
p-tau181 / A 𝜷1-42 ratio 

mean ± std 0.011 ± 0.004 0.043 ± 0.023 0.012 ± 0.004 0.052 ± 0.027 
median (min, max) 0.01 (0.005, 0.024) 0.036 (0.024, 0.181) 0.01 (0.006, 0.024) 0.044 (0.024, 0.24) 
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 strong true biological signal from the RNA markers like miR-186 and
thers. 

Finally, models only using clinical confounders (age, sex, APOE,
myloid status), i.e. using no RNAs, achieved no predictive performance
nder the same model parameters as before (AUC = 0.5, see Table 2 rows
21-25), thus confirming the effectiveness of PSM (see also Table 3 for

tatistical tests before and after PSM). 

.3. Testing minimal combinations of sRNA and protein markers 

When evaluating potential biomarkers, minimizing the number of
arkers can be beneficial, particularly when transitioning from high-

hroughput sequencing methods to lower-throughput analytical tech-
iques such as PCR or digital PCR. Our analysis identified that a lim-
ted number of small RNAs contribute most significantly to predictive
ccuracy. Table 2 summarizes AUCs from models using either protein-
ased markers (CSF A 𝛽1-42 , p-tau, t-tau) or small RNAs, or a combination
hereof. Individual RNA precursors or combinations of those were used,
s indicated in the table. 

The protein-only baseline is surpassed by all combinations with small
NAs, with models using as few as three different RNAs approaching
eak performance. The addition of protein markers notably improves
odel performance within the low amyloid group, where RNA-only
odels show much lower performance compared to the high-amyloid

roup. 
5

.4. Biological relevance of putative AD markers 

Machine learning models trained to predict CDR were analyzed for
he most important features (sRNAs) selected for classification (see
ethods). When aggregating results from multiple replicates, and then
apping small RNAs to their precursor RNA, a clear ranking of impor-

ant sRNA classes emerged. miRNAs originating from several precursors
uch as mir-186, mir-363, mir-26a, and mir-22 are consistently selected
s the most important features (see Fig. 2 ). Other classes, however, in-
luded tRNA, rRNA, snoRNA and mRNA fragments that contributed to
lassification. 

We then analyzed the mixed-cell small RNA expression profiles to
nfer their probable cellular or plasma origins [ 42 ]. The heatmap pre-
ented in Fig. 2 illustrates these potential sources. Notably, the RNAs
lustered into two distinct groups: one associated predominantly with
mmune cells (e.g. mir-26a, SNORD104, mir-150, 5S-rRNA, and mir-
25a), and another group primarily linked to plasma and erythrocytes
e.g. mir-186, mir-363, tRNA-Glu and tRNA-Gly, 28S-rRNA, mir-22, mir-
54, mir-423, and mir-1270). 

.5. Small RNA co-expression network and differential expression 

The machine learning (ML) models developed from small RNA ex-
ression data were optimized to select a limited set of markers, thereby
inimizing redundancy among highly correlated RNAs. However, to
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Fig. 1. Machine learning predictions of CDR cognitive impairment. ROC curves and AUCs were obtained for 100 randomly picked test set splits of patient samples. 
(a-c) Propensity score matching was applied to samples before splitting, admitting all small RNAs detected in at least 99% of samples for logistic regression machine 
learning. (b + e) shows ROC curves only for the low amyloid subset of patients, whereas (c + f) shows the high amyloid subset. (d-f) Only small RNAs from the 
mir-186, mir-363, and mir-150 precursors were admitted, combined with the CSF markers A 𝛽1-42 , p-tau, and t-tau. 
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etter understand underlying biological interactions, it is useful to ex-
mine a broader set of correlated RNAs. Fig. 3 a illustrates not only the
ey RNAs identified by ML models (highlighted with thick black boxes)
ut also includes additional RNAs with correlated (co-expressed) expres-
ion profiles, mapped to their shared precursor RNAs (network nodes).
ines (edges) between nodes represent significant correlations between
recursor RNAs. Nodes are color-coded based on differential expression
nalysis, comparing cognitively normal to impaired groups indepen-
ently from ML-derived importance. This network reveals three promi-
ent clusters of strongly interconnected RNAs. Notably, one of these
lusters (top center) primarily contains small nucleolar RNAs (snoRNAs)
ather than the more common microRNAs. As anticipated, snoRNAs ex-
ibit strong correlations with the 28S large ribosomal subunit, consistent
ith their known biological roles [ 53 ]. 

MicroRNAs were the most consistently impactful class, targeting
enes involved in the functional categories of apoptosis, inflammation,
eurotransmission, amyloid processing, and other AD-related pathways
 Fig. 3 b). Note that the homologous BACE2 is listed instead of BACE1 as
6

 miR-186 target, as this was supported by miRNET (Methods). A table
isting more detailed support for the given gene functions is provided in
upporting online information (Table S1). 

. Discussion 

.1. Context and relevance of findings 

This study provides the first comprehensive analysis of small RNA
iomarkers within the EPAD cohort to classify cognitive impairment.
he predictive performance, particularly among individuals with ele-
ated amyloid levels, suggests potential utility for identifying subjects
ith early cognitive decline. Targeting at-risk populations (e.g., based
n age or family history) and combining these with blood-based protein
arkers that serve as proxies for CSF-derived amyloid and tau, could

ignificantly enhance early detection and facilitate timely neurological
ssessments. 
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.2. Biological insights 

Beyond prediction, our findings provide insights into molecular pro-
esses involved in mild cognitive decline. The small RNAs identified
ssociate with critical molecular pathways previously linked to neu-
odegeneration, including neuronal development, apoptosis, inflam-
ation, hypoxia, and amyloid metabolism. These associations high-

ight the potential biological relevance of small RNAs not only as
able 2 

erformance summary of machine learning models predicting CDR. AUCs are colored
atch included or clinical confounders only, respectively); presence of non-RNA inp
lternatively for discovery, the RNA precursor importance is given as green horizonta

7

iomarkers but also as active participants in Alzheimer’s disease (AD)
athogenesis. 

Interestingly, small RNA profiles correlated more closely with cogni-
ive impairment rather than directly with amyloid burden. For example,
iR-186, a robust predictor in our analysis, targets BACE1, a central en-

yme in amyloid precursor protein processing. Despite this functional
ink, miR-186 levels did not correlate strongly with amyloid burden
n this dataset (Pearson r = -8.12e-02; p-value = 7.60e-04; n = 1718), sug-
 on blue gradient, except for the upper and lower performance baselines (clinic 
ut data indicated in solid black; presence of RNA input data in solid gray, or 
l bars. PSM = Propensity Score Matching. 

( continued on next page ) 
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Table 2 ( continued ) 
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esting its role extends beyond amyloid metabolism. Additionally, miR-
86 levels remained stable with increasing age (Pearson r = 6.46e-02;
-value = 4.96e-03; n = 1888), contrasting previous observations in aging
D-model mice, where miR-186 declined with age [ 54 ]. This discrep-
ncy underscores the complex and likely context-dependent regulation
f miR-186’s regulatory roles, necessitating further exploration in hu-
an and animal studies. 
8

Pathways previously implicated in amyloid translocation across the
lood-brain barrier (BBB), such as those mediated by LRP1 and APOE,
ere notably absent from our miRNA-target gene network. This absence
ight reflect differences in regulatory mechanisms captured by small
NAs versus proteins or suggest that these pathways operate indepen-
ently of the cognitive decline detected by miRNA markers. This finding
einforces the concept that miRNAs complement protein biomarkers by
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Fig. 2. Cell type deconvolution of most important small RNAs at precursor level. 
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apturing distinct aspects of neurodegeneration, offering a broader per-
pective on early disease progression. 

A key question emerging from these findings pertains to the bio-
ogical origin of the identified small RNAs. RNA preserved in PAXgene
ubes originates from diverse blood components (e.g., red blood cells,
latelets, leukocytes) and extracellular sources, such as plasma and ex-
somes, some of which may be brain derived. Given that BBB dysfunc-
ion is a hallmark of AD, increased BBB permeability may facilitate the
ranslocation of CNS-derived RNAs into peripheral blood. Indeed, the
nrichment of brain-related functions among the strongest predictive
arkers suggests at least partial CNS origins. Additionally, lymphocytes

hat traverse the BBB might contribute specific RNA signatures reflect-
ng systemic interactions with brain tissue, highlighting the complex
nterplay between systemic and brain-derived factors in the context of
ognitive impairment. 

Our findings also shed light on vascular contributions to AD pathol-
gy [ 55 , 56 ]. Although advanced imaging techniques such as MRI and
ET have demonstrated vascular involvement in AD [ 57 , 58 ], their high
ost and limited accessibility restrict widespread clinical application.
mall RNAs may bridge this gap by acting as accessible biomarkers re-
ecting vascular pathology. 

We identified multiple small RNAs targeting critical vascular path-
ays. VEGFA (Vascular Endothelial Growth Factor A) and HIF1A

Hypoxia-Inducible Factor 1 Alpha) are among the targets of miR-186-
9

p. They are known vascular regulators and are implicated in neurode-
eneration [ 59 ]. Furthermore, miR-363-3p targets NOTCH1 which is
ctive in neurovascular aging and neurodegeneration [ 60 , 61 ]. Notably,
OTCH1 is processed by 𝛾-secretase – a subunit of which (nicastrin,
CSTN) is also regulated by miR-186-5p [ 62 ]. Collectively, these inter-
ctions emphasize the potential importance of vascular mechanisms in
arly cognitive impairment and underscore the biomarker potential of
mall RNAs. 

.3. Limitations and future directions 

While a core set of confounding variables has been adjusted for in
his study, several additional factors may influence blood RNA levels and
hould be included in future studies where practically possible. These
nclude different comorbidities, medications, fasting status, and other
hysiological conditions (e.g. renal conditions). While attempts were
ade to capture medication use in the EPAD study, the quality and com-
leteness of these data were insufficient for robust analysis. While one
revious study found a significance of fasting [ 63 ], others reported low
hort-term variability even when not controlling for fasting [ 64 ]. 

While the prognostic utility of small RNA markers is promising, sev-
ral limitations must be acknowledged. Longitudinal studies tracking
mall RNA levels over time are required to delineate their trajectories
cross disease progression. Integrating additional protein biomarkers –
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Fig. 3. Functional analysis of important small RNAs. (a) Co-expression network between small RNA classes (precursor level). Nodes are connected if the precur- 
sor expression vectors correlated with r > 0.7 (r = Spearman rank correlation). Red boxes: higher expression in impaired individuals, blue boxes: higher in normal 
individuals. Thick box borders indicate most important precursors from ML models. (b) Functional categories of AD-related gene targets of most important miRNAs. 
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of these biomarkers. 
uch as amyloid- 𝛽 variant ratios (e.g., A 𝛽42/A 𝛽40) – may improve di-
gnostic precision and better contextualize small RNA findings. 

Future research should integrate miRNA and protein analyses from
oth blood and CSF to investigate marker migration and identify syn-
rgies for diagnostics. Specifically, p-tau217 has been found as a potent
lood marker for AD and future studies should investigate the potential
enefits of adding small RNA markers for early detection of MCI and
D. 

A comparison of RNA capture methods, such as PAXgene versus
erum sampling tubes, is essential for standardizing findings. A prelimi-
ary comparison with a previous PAXgene-based study in a smaller co-
ort with more advanced cognitive decline, indicates some agreement
ith the miRNAs found here, but notably failed to detect miR-186 [ 65 ].
he targeted depletion of highly abundant RNAs in the present study
10
otentially contributed to the discovery of novel markers, emphasizing
he value of advanced RNA profiling techniques. 

Exploring CNS-derived RNAs in the bloodstream —via exosomes, im-
une cells, or BBB disruption —remains a critical area for further in-

estigation. Expanding resources like the miR-Blood atlas [ 42 ] to en-
ompass neurodegeneration could accelerate the understanding of small
NA migration mechanisms. Additionally, deconvoluting small RNA
ontributions from immune cells in the blood could enhance our un-
erstanding of systemic immune responses in neurodegeneration. 

Lastly, although our machine learning approach was rigorous, the
ack of an independent validation cohort limits external generalizability.
uture studies incorporating diverse external populations and validation
atasets will be essential to confirm the clinical utility and robustness
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Table 3 

Effect of propensity score matching (PSM) on confounder 
variables in normal and impaired CDR. The upper table con- 
tains samples without PSM whereas the lower table has sam- 
ples with PSM. Chi-square testing was applied to categorical 
variables and a t-test was performed on the continuous vari- 
able age. 

confounder impaired normal p-value 

APOE status 7.65E-05 
e2/e2 1 (0%) 5 (0%) 
e2/e3 41 (8%) 124 (9%) 
e2/e4 12 (2%) 41 (3%) 
e3/e3 249 (47%) 725 (54%) 
e3/e4 187 (35%) 405 (30%) 
e4/e4 41 (8%) 43 (3%) 
Sex 2.13E-05 
Female 265 (49%) 813 (59%) 
Male 280 (51%) 555 (41%) 
Amyloid status 1.68E-45 
Negative 261 (55%) 1094 (86%) 
Positive 216 (45%) 171 (14%) 
Age 7.64E-25 
mean ± std 68.69 ± 7.68 64.66 ± 7.07 

confounder (PSM) impaired (PSM) normal (PSM) p-value 

APOE status 0.61 
e2/e2 0 (0%) 0 (0%) 
e2/e3 33 (8%) 40 (10%) 
e2/e4 10 (2%) 13 (3%) 
e3/e3 194 (48%) 201 (50%) 
e3/e4 138 (34%) 129 (32%) 
e4/e4 31 (8%) 23 (6%) 
Sex 0.04 
Female 205 (50%) 235 (58%) 
Male 201 (50%) 171 (42%) 
Amyloid status 1 
Negative 252 (62%) 252 (62%) 
Positive 154 (38%) 154 (38%) 
Age 0.94 
mean ± std 67.69 ± 7.45 67.72 ± 6.78 
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Additionally, variability in cognitive impairment assessments may
ntroduce diagnostic bias, underscoring the potential advantage of em-
loying modern standardized cognitive evaluation tools in future RNA
iomarker studies [ 66 ]. 

.4. Beyond miRNAs: Other RNA Classes 

While miRNAs are the dominant predictive markers in our dataset,
ther RNA classes merit exploration. tRNA and rRNA fragments, tra-
itionally associated with protein translation, may exert regulatory
unctions that remain underexplored [ 67 , 68 ]. snoRNAs, exemplified by
NORD104 —known to methylate PARP1 in cancer contexts —also sug-
est potential involvement in AD pathology through epigenetic regula-
ion [ 69 ]. Thus, future studies should routinely incorporate analyses of
iverse RNA classes to capture a broader spectrum of biologically rele-
ant signals. 

.5. Aging, Comorbidities, and Cross-Disease Insights 

The intersection of aging, AD, and other age-related diseases (e.g.
ancer, cardiovascular disease) underscores the shared mechanisms and
omplicates biomarker specificity. Small RNAs targeting key regulators
ike BACE1 or poly (ADP-ribose) polymerase 1 (PARP1) likely influence
ultiple aging-related pathologies [ 70–72 ]. Broader comparative anal-

ses that span multiple disease states are necessary to delineate shared
ersus disease-specific pathways. The paradoxical pattern of miR-186,
levated in AD yet declining with age in mouse models, underscores the
mportance of investigating small RNAs in varied biological contexts to
larify their disease-specific versus aging-associated roles. 
11
Given the heterogenous nature of cognitive decline, broadening
iomarker panels beyond amyloid and tau proteins will be crucial, es-
ecially for cases involving atypical clinical presentations or complex
omorbidities [ 73 ]. 

.6. Conclusion 

Our study demonstrates the potential of small RNA biomarkers for
he early detection of cognitive decline, especially among amyloid pos-
tive individuals within the EPAD cohort. As RNA profiling method-
logies evolve and our understanding of RNA biology advances, these
arkers could become components of practical, non-invasive diagnos-

ic tools, enabling earlier interventions and improved patient outcomes.
ltimately, miR-186 and related small RNAs may offer valuable insights

nto the broader molecular landscape of neurodegeneration beyond tra-
itional amyloid and tau-centric frameworks as they regulate vascular
nd inflammatory pathways, among others, that play a crucial role in
CI and AD. 
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