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Background: Accurate diagnosis of Alzheimer disease (AD) involving less invasive molecular procedures and at
reasonable cost is an unmetmedical need.We identified a serummiRNA signature for AD that is less invasive than
a measure in cerebrospinal fluid.
Methods: From the Oxford Project to Investigate Memory and Aging (OPTIMA) study, 96 serum samples were
profiled by a multiplex (>500 analytes) microRNA (miRNA) reverse transcription quantitative PCR analysis, includ-
ing 51 controls, 32 samples from patients with AD, and 13 samples from patients with mild cognitive impairment
(MCI). Clinical diagnosis of a subset of AD and the controls was confirmed by postmortem (PM) histologic exami-
nation of brain tissue. In amachine learning approach, the AD and control samples were split 70:30 as the training
and test cohorts. A multivariate random forest statistical analysis was applied to construct and test a miRNA
signature for AD identification. In addition, theMCI participants were included in the test cohort to assess whether
the signature can identify early AD patients.
Results: A 12-miRNA signature for AD identification was constructed in the training cohort, demonstrating 76.0%
accuracy in the independent test cohort with 90.0% sensitivity and 66.7% specificity. The signature, however, was
not able to identify MCI participants. With a subset of AD and control participants with PM-confirmed diagnosis
status, a separate 12-miRNA signature was constructed. Although sample size was limited, the PM-confirmed
signature demonstrated improved accuracy of 85.7%, largely owing to improved specificity of 80.0% with compa-
rable sensitivity of 88.9%.
Conclusion: Although additional and more diverse cohorts are needed for further clinical validation of the
robustness, the miRNA signature appears to be a promising blood test to diagnose AD.

IMPACT STATEMENT
This study provides valuable information on novel blood-based microRNA markers in Alzheimer disease

(AD) diagnosis. Our results indicate that the serum microRNA signature has high sensitivity and acceptable

specificity in identification of AD patients. In conjunction with the current clinical diagnosis practice, the results

of this study may contribute to a clinical algorithm with improved accuracy in AD diagnosis.
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Alzheimer disease (AD)6 is the most common
form of dementia with increasing prevalence in
people over 65 years old. Although tremendous
efforts have been invested in understanding dis-
ease biology and developing therapeutic agents,
the cause and progression of the disease are not
fully understood, and no therapeutic agent is avail-
able to stop or reverse the disease, except symp-
tomatic therapy (1). Enrolling appropriate patients
by accurate disease diagnosis tools is essential to
assess efficacy in AD therapeutics development.
Clinical diagnosis of AD relies on characteristic
neurological and neuropsychological features as-
sessed by physicians, which could be subjective (2,
3). Definite diagnosis of AD can only be made by
examining the neuropathological hallmarks of the
disease at autopsy: amyloid plaques and neurofi-
brillary tangles (4, 5). Therefore, biomarkers to fa-
cilitate AD diagnosis will have great value in clinical
practice and in identifying patients for therapeu-
tics development.
The breakthrough biomarkers with demon-

strated clinical utility to aid AD diagnosis include
protein markers in cerebrospinal fluid (CSF), such
as total tau, phosphorylated tau, and amyloid-β
peptide (Aβ) of residues 1-42 (Aβ42), and neuroim-
aging markers such as the Food and Drug
Administration–approved amyloid imaging agents
florbetapir and Flutemetamol (6–9). Although these
markers have high accuracy to detect the patho-
physiological and neuropathological changes of
AD, they are not ideal for implementation in the
clinic as a front-line practice because (a) CSF col-
lection by lumbar puncture is considered an inva-
sive procedure with blood contamination, and (b)
imaging measures are expensive and facility re-
stricted. Therefore, extensive efforts have been in-
vested in blood-based AD marker identification.

Many candidate blood-based protein markers
have been identified with a variety of technologies
such as immunochemistry, aptamer detection,
and LC-MS (10–13). Most of these candidates, how-
ever, were not replicated in independent studies,
largely owing to (a) fidelity of sample annotation,
that is, blood samples with only subjective clinical
diagnosis lacking postmortem confirmation, (b)
preanalytical variability including sample collection
and handling, and (c) analytical performance of dif-
ferent assay platforms such as precision, accuracy,
sensitivity, and specificity. Recently, advancements
in immunochemistry technology have improved
assay sensitivity and reduced plasma matrix inter-
ference in low abundant protein detection. This
improvement has enabled plasma-based AD
protein marker identification such as Aβ42 and
tau, which correlate with AD biology in the brain
(14–22).
In addition to blood-based protein markers,

blood-based microRNAs (miRNAs) have emerged
as promising AD diagnosis markers (23–25).
miRNAs are small (approximately 22 nucleotides),
noncoding RNAs that primarily regulate gene ex-
pression posttranscriptionally. Circulating miRNAs
are remarkably stable, a characteristic that sup-
ports their use in the clinic. Advancements inmod-
ern genomics technologies such as multiplex
quantitative reverse transcription PCR (RT-qPCR),
microarray, and RNAseq have enabled miRNA-
based biomarker discovery. Previous reports sug-
gested that miRNAs are causally linked to AD by
directly affecting the underlying pathogenic path-
ways (26). Owing to sample heterogeneity and pre-
analytical and analytical variabilities, blood-based
miRNA AD markers remain inconclusive.
Here, we applied a machine learning approach

to identify AD markers by profiling miRNAs in
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human serum with a multiplex RT-qPCR analysis.
Specifically, we aimed to identify markers to dis-
criminate AD from nondemented controls. We
constructed a 12-miRNA signature in the training
set and demonstrated that the serum miRNA sig-
nature allowed the prediction of AD with 90.0%
sensitivity, 66.7% specificity, and 76.0% accuracy in
an independent validation cohort. Furthermore,
when the machine learning approach was applied
to the subset of training and test cohorts with only
postmortem-confirmed AD and controls, a revised
signature was constructed that improved specific-
ity from 67% to 80% and with comparable sensitiv-
ity at 90%.

MATERIALS AND METHODS

Study design

A cohort of 96 serum samples was obtained
from the Oxford Project to Investigate Memory
and Ageing (OPTIMA) study. Ethical approval was
given to the Research Tissue Bank (OPTIMA) by
the Research Ethics Committee (Oxfordshire
RECC), reference number 09/H0606/70. Individu-
als who met National Institute of Neurological and
Communicative Disorders and Stroke and the
Alzheimer's Disease and Related Disorders Associ-
ation criteria for diagnosis of probable AD were
classified as AD patients (3). Individuals were diag-
nosed as mild cognitive impairment (MCI) accord-
ing to the practice parameter described by
Petersen et al. (27, 28). Controls were defined as
elderly participants whose cognitive test scores
were above the cutoffs for impairment and had
remained stable over at least the previous 2 years.
Clinical diagnosis of a subset in this cohort was
confirmed by postmortem (PM) histologic exami-
nation of brain tissue with established Consortium
to Establish a Registry for Alzheimer Disease
criteria.
Abundance of 566 miRNAs in serum was

measured by a multiplex RT-PCR assay (MiRXES,

Singapore). A 12-miRNA signature was con-
structed according to the serum miRNA expres-
sion data in the training cohort. The validity of the
signature to discriminate AD from the controls was
assessed in the blinded test cohort. In addition, the
ability of the signature to discriminate MCI from
the controls was explored in the blinded test
cohort.

Sample collection

Serum samples were collected at University of
Oxford clinical site. Fasting was not requested be-
fore sampling. For serum preparation, venous
blood was drawn into BD red top vacutainers by
venipuncture from each volunteer. The blood
tubes were incubated at room temperature for 1 h
and subsequently centrifuged at 3000g for 5 min
at 4 °C to separate serum and clot. Serum was
transferred to a 5 mL polypropylene tube (Falcon,
cat. no. 352063), spun at 3000g for 10 min at 4 °C,
and then divided into 500 μL aliquots into 1 mL
polypropylene cryotube (NUNC, cat. no. 366656).
Serum aliquots were stored at −70 °C.

Multiplex analysis of serummiRNAs

Serum miRNAs were analyzed on the multi-
plex RT-qPCR miRNA profiling platform (MiRXES,
Singapore) described previously (29–31). Briefly,
the platform includes RNA extraction from se-
rum samples, multiplex RT, multiplex augmenta-
tion PCR, and single-plex qPCR analysis. Multiple
levels of platform controls were included in sample
analysis, including 3 levels of spiked-in RNA isola-
tion controls, 3 levels of spiked-in RT controls, non-
template control for RT, nontemplate control for
qPCR, reference serumcontrol, and reference RNA
control. All control samples passed prespecified
acceptance criteria to ensure sample analysis
quality.

Data preprocessing of miRNA data

In the miRNA assay, each miRNA had its own
standard curve, and only concentrationswithin the
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linear range of each miRNA were used to generate
the standard curves. In addition, only miRNAs that
had cycle threshold (CT) values at least 1 CT away
from the minimum of the 8 nontemplate control
replicates were included. The median CT value for
our identified miRNA signature is 24.4. Further-
more, miRNA with RSD% (RSD, relative standard
deviation) <30% between the 2 technical replicate
measurements were removed from the standard
curve data and were flagged before downstream
analysis was performed. The median R2 value is
0.9996, and the median amplification efficiency is
104% among the miRNAs profiled in this study.
The raw data from themiRNA are in the format of

CT values. For each miRNA, its linear range was first
determined from the titration curve. CT values were
then subsequently converted into copy numbers
with the concentrations on the standard curves that
arewithin the linear range. To reduceanalytical vari-
ability, data normalization was performed by
scaling the counts for each miRNA such that the
geometric mean for the isolation spike-in are on
average the same across different participants.

Construction of a 12-miRNA signature model
in the training cohort

The random forest algorithm was used to
construct the miRNA classification model in pre-
dicting the disease outcome, owing to its ability to
model the complex nonlinear relationship be-
tween predictor and outcome variables (32). A
nested cross-validation strategy was implemented
to simultaneously determine the optimal number
of features in constructing the classifier and evalu-
ate the associated prediction performance with
the associated features. During this process, it
was critical to ensure that feature selection and
performance evaluation were carried out in com-
pletely independent data sets. Specifically, our
procedures were the following: step A in the train-
ing cohort, split the data into 3 chunks: data chunk
A, data chunk B, and data chunk C; step B trained
the random forest model with data chunk A,

obtained feature ranking, and removed the lowest
ranking features iteratively with the recursive fea-
ture elimination procedure; step C for each feature
set obtained from each of the feature elimination
steps, we plotted the area under the ROC curve
generated in the independent chunk B data
against the number of features in that feature set.
The optimal number of features in data chunk A
(e.g., X number of features) was then determined
as the smallest number of features required to
reach the highest area under the ROC curve in the
chunk B data. For step D, to obtain an objective
assessment of the prediction performance of se-
lected features, we constructed another random
forest with the combined chunk A and chunk B
data, then kept X highest ranking features deter-
mined from step C, from the recursive feature
elimination procedure, and predicted on the inde-
pendent chunk C data. Area under the ROC curve
on the chunk C data was subsequently obtained.
Steps A–D were repeated 1000 times, and the
median of the optimal number of features (gen-
erated with the chunk A and chunk B data only),
and the median of the prediction performance
associated with the optimal number of features
(calculated from the independent chunk C data)
were reported as the nested cross-validation
performance in the results section below. The
determination of the optimal features and the
performance evaluation used completely inde-
pendent data chunks to avoid overfitting of the
random forest model.

RESULTS

Study setup and multiplex RT-qPCR profiling
analysis of human serummiRNAs

The goals of this study were (a) to discover a
blood miRNA signature that can discriminate AD
from nondementia controls by identifying and
cross-validating a multimarker signature and (b) to
validate the prediction performance of the signa-
ture in a separate and blinded cohort.
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Serum samples of 96 participants in the OPTIMA
study were used in the biomarker signature
training and test study. This OPTIMA cohort had 51
control participants, 32 AD patients, and 13 MCI
participants. In themachine learning approach, AD
and control participants were split 70:30 as the
training and test cohorts. The training cohort con-
sisted of 36 control participants and 22 AD pa-
tients, and the blinded cohort for prospective
validation included 15 controls and 10 ADpatients.
To assess whether the constructed AD signature
can discriminateMCI samples from the controls, all
MCI participants were included in the test cohort
but were assessed separately from the ADpatients
in the test cohort. Table 1 illustrates demographics
for the training and test cohorts. The criteria used
for choosing participants in the training cohort was
age- and sex-matched AD and control participants
as illustrated by the P values. Owing to sample size
limitation of the OPTIMA cohort, it was impossible
to match age between AD and control in the test
cohort, in which control participants were older
than AD patients. Among the 96 participants,
for those who went through PM histologic

examination of brain tissue, 17 were confirmed
controls and 28 were confirmed AD patients.
We used a multiplex RT-PCR assay (MiRXES,

Singapore) to profile 566miRNAs in human serum. To
assessplatform repeatability, an additional 5 rep-
licates of 1 AD serum sample and 1 control se-
rum sample were included in this study. MiRXES,
who performed sample analysis, was blinded.
Values of miRNA copy number were used for in-
trastudy precision analysis. The majority of ana-
lytes exhibited <30% CV (n = 6) (see Fig. 1 in the
Data Supplement).

Construction of a 12-miRNA signature
predictive of AD diagnosis

We performed supervised classification using
miRNA expression data. Specifically, we used a
multivariate statistical method, random forest (RF),
to construct the best-performing signature model
predictive of AD diagnosis. We selected a model
with 12 miRNAs because there was no significant
improvement in performance accuracy between
the 12-miRNAmodel and 566-miRNAmodel. In RF,

Table 1. Demographics of the training and test cohorts.

Control AD
P value

(AD vs Control) MCI
P value

(MCI vs Control)
Training cohort
Participants, n 36 22
Age, years
Mean ± SD 77 ± 10 73 ± 10 0.124
Range 41–93 57–84

Sex
Men 20 8 0.251
Women 16 14

Test cohort
Participants, n 15 10 13
Age, years
Mean ± SD 80 ± 10 66 ± 5 0.000 75 ± 11 0.265
Range 63–98 59–73 52–89

Sex
Men 6 4 1.000 8 0.449
Women 9 6 5
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rank is an indicator of feature/variable importance,
which is ameasure of themagnitude of association
(32). Fig. 1A lists 12 human serum miRNAs in the

best-performing signature model, which are the
top 12 miRNAs among the 566 profiled miRNAs in
the performance ranking. As illustrated in the
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miRNA Name AD/Controla P-value

has-miR-346 ↑ 0.0013
has-miR-345-5p ↑ 0.0239
has-miR-122-3p ↑ 0.0001
has-miR-208b-3p ↓ 0.0006
has-miR-1291 ↑ 0.0052
hsa-miR-640 ↑ 0.0004
has-miR-499a-5p ↓ 0.0231
has-miR-650 ↑ 0.0035
has-miR-1285-3p ↑ 0.0032
has-miR-1299 ↑ 0.0003
has-miR-1267 ↑ 0.0055
has-miR-206 ↓ 0.0004

aDirection of change was determined by comparing abundance of miRNA in serum from AD patients to that from control subjects.

A

B

Fig. 1. A serum 12-miRNA signature for AD diagnosis.
(A), List of the 12 serummiRNAs in the signature model. (B) Box-whisker plot of the intensity (log2 abundance of miRNA copy
number) of the 12 miRNAs in the training and test cohorts.
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box-whisker plots in Fig. 1B, serummiRNAs such as
hsa-miR-346, hsa-miR-345-5p, and hsa-miR-
122-3p were upregulated in AD compared to
the controls, whereas hsa-miR-208b-3p, hsa-miR-
499a-5p, and hsa-miR-206 were downregulated in
AD.
Three-fold nested cross-validation of the 12-

miRNA signature exhibited an area under the
curve (AUC) of 0.83 (95% CI: 0.72–0.93), 86.4%
sensitivity, 75.0% specificity, and 79.3% accuracy
in discrimination of AD from the controls in the
training cohort (Fig. 2A, black line). In addition to
the multivariate RF analysis, we also performed a
univariate logistic regression analysis of the 12
signature miRNAs in the training cohort. All 12
miRNAs exhibited statistically significant

difference between AD and controls, with P value
<0.05 (Fig. 1A).

Test of the 12-miRNA signature in a
separate, blinded cohort

To assess the performance of the 12-miRNA sig-
nature in discrimination of unknown samples, we
applied the RF signature to samples in the test co-
hort, which consisted of 15 control participants, 10
AD patients, and 13 MCI participants. The predic-
tion performance of the signature, however, was
tested in 2 groups: controls vs AD in group 1 and
controls vs MCI in group 2. AUC of the signature
was 0.77 (95% CI: 0.57–0.97) in the test cohort
(15 controls and 10 AD) with 90.0% sensitivity,
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Fig. 2. Performance of the 12-miRNA signature in the training and test cohorts.
(A), ROC curves of the 12-miRNA signature in discriminationof ADpatients fromcontrol participants in the training (black) and
test (blue) cohorts. (B), Classification of ADpatients and control participants by the 12-miRNA signature. (C), ROC curves of the
12-miRNA signature in discrimination of MCI from control participants in the training (black) and test (purple) cohorts. (D),
Classification of MCI and control participants by the 12-miRNA signature.
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66.7% specificity, and 76.0% accuracy (Fig. 2A,
blue line). In addition, Fig. 2B shows that 9 of 10
AD patients and 10 of 15 controls were pre-
dicted correctly.
To investigate whether the underlying molecular

events led to alteration of the 12 serummiRNAs oc-
curring in the early or late stage of AD progression,
performance of the 12-miRNA signaturewas also as-
sessed in discrimination of MCI from the controls in
the test cohort. AUC of the signature was 0.53 (95%
CI: 0.30–0.76) in the test cohort (15 controls and 13
MCI) with 38.5% sensitivity, 66.7% specificity, and
53.6%accuracy (Fig. 2C, purple line). Only 5 of 13MCI
participantswerepredictedcorrectly (Fig. 2D). There-
fore, themolecular events that led toalterationof the
serum miRNA signature perhaps happened after
earliest clinical detectable stage of AD. Because the
same 15 control samples were used in the AD vs
control and MCI vs control test analyses, the predic-
tionoutcome for thecontrolswere thesame in these
2 separate analyses. Therefore, the 12-miRNA signa-
ture has no utility in discrimination of MCI from the
controls.

Construction and test of a separate miRNA
signature from PM-confirmed participants
predictive of AD diagnosis

Clinical diagnosis of AD is subjective, and some-
times conflicting outcomes are reported from
multiple assessments. In the OPTIMA cohort, clini-
cal status for 17 out of 51 control participants and
28 out of 32 AD patients was PM confirmed. Al-
though sample size was limited, we attempted to
construct and test a separate miRNA signature
with samples from PM-confirmed participants,
aiming for improved accuracy in AD diagnosis. We
call this separate signature “PM-confirmed miRNA
signature.” In the machine learning approach, PM-
confirmed participants in the OPTIMA training and
test cohorts were included in the PM-confirmed
training and test cohorts, respectively. Table 2 illus-
trates demographics of AD and control partici-
pants in the PM-confirmed training and test

cohorts. The PM-confirmed AD and control
participants were age and sex matched in the
PM-confirmed training cohort, as illustrated by
the P values. Again, it was impossible to match
age between AD and control participants in the
PM-confirmed test cohort, owing to sample size
limitation, resembling the scenario in the OPTIMA
test cohort (compare Tables 1 and 2).
We applied the same machine learning ap-

proach, using the RF multivariate statistical
method to construct and test the PM-confirmed
miRNA signature predictive of AD diagnosis. Coin-
cidently, the best-performing signaturemodel also
contained 12miRNAs (Fig. 4B). FivemiRNAswere in
the original signature identified from AD and con-
trol participants irrelevant of participation in PM
examination and in the new signature identified
from PM-confirmed participants (compare Figs. 1
and 3). In addition, these 5 miRNAs had consistent
changing directions in AD vs control in both signa-
tures. Among these 5 common miRNAs, has-miR-
206 and has-miR-208b-3p were downregulated in
AD patients compared to the controls, whereas
has-miR-640, hasp-miR-346, and has-miR-122-3p
were upregulated in AD patients.
Three-fold nested cross-validation of the PM-

confirmed 12-miRNA signature exhibited AUC of
0.95 (95% CI: 0.87–1.00), 94.7% sensitivity, 83.3%
specificity, and 90.3% accuracy in discrimination
of AD from the controls in the PM-confirmed
training cohort (Fig. 4A, black line). In addition, all
12-miRNAs exhibited statistically significant dif-
ference between AD and controls, with P value
<0.05 in a univariate logistic regression analysis
(Fig. 3A). Next, we assessed the performance of
the PM-confirmed signature in discrimination of
unknowns. AUC of the signature was 0.76 (95%
CI: 0.41–1.00) in the PM-confirmed test cohort
(5 controls and 9 AD) with 88.9% sensitivity, 80.0%
specificity, and 85.7%accuracy (Fig. 4A, blue line). Fig.
4B showed that 8of 9ADpatients and4of 5 controls
were predicted correctly.
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Despite very limited sample size, the serum
miRNA signature identified from PM-confirmed AD
and control participants demonstrated improved
accuracy from 76.0% to 85.5% in diagnosis of AD
as compared to the signature identified from all
participants with andwithout PMexamination. The
improved accuracy is largely due to the improved
specificity, from 66.7% to 80.0%. The comparable
sensitivity at 90% is consistent with the fact that
about 90% of AD patients in the OPTIMA cohort
had PM-confirmed diagnosis. Furthermore, the
PM-confirmed signature was not able to discrimi-
nate MCI from the controls with AUC of 0.52. This
result is consistent with the fact that, in this cohort,
AD serum samples were from a late stage of AD
because serum collection date was very close to
the PM examination date for all AD samples with
PM confirmation.

DISCUSSION

We identified and validated 12 serummiRNAs as
a composite indicator for ADby amachine learning
approach. Using a subset of the training and test

cohorts containing only the PM-confirmed AD and
control participants, we identified and validated a
separate 12-miRNA signature with overlapping
components between these 2 signatures. Both sig-
natures have high sensitivity for AD diagnosis. The
PM-confirmed signature, however, demonstrated
improved specificity, highlighting the importance
and need on applying objective biomarkers for AD
diagnosis.
AD is characterized histologically by the accumu-

lation of the processing products of the amyloid-β
precursor (APP) protein. Among the identified
miRNA biomarkers in this study, miRNA-346 was
recently discovered as a novel regulator of APP
(33). Typically, miRNAs function through RNA-
induced silencing complex to inhibitmRNA translation
by targeting the 3′-untranslated region (UTR). Interest-
ingly, a novel activity of miR-346 is to upregulate
APP translation and Aβproduction by targeting the
predicted target site in the APP 5′-UTR through the
conventional RNA-induced silencing complex ma-
chinery. Here we report that circulating miR-346
concentrations were increased in AD patients as
compared to the controls (Figs. 1 and 3).miR-346 is

Table 2. Demographics of the training and test cohorts with postmortem-confirmed diagnosis.

Control AD
P value

(AD vs Control) MCI
P value

(MCI vs Control)
Training cohort
Participants, n 12 19
Age
Mean ± SD 78 ± 7 74 ± 9 0.097
Range 65–90 57–82

Sex
Men 5 7 1.000
Women 7 12

Test cohort
Participants, n 5 9 13
Age
Mean ± SD 92 ± 5 65 ± 5 0.000 75 ± 11 0.000
Range 86–98 59–71 52–89

Sex
Men 2 4 1.000 8 0.769
Women 3 5 5
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one of 5 common components in both miRNA sig-
natures identified from participants with or with-
out PM confirmation.

Another identified miRNA that has been impli-
cated in AD is miR-206. miR-206 targets the mRNA
transcript of brain-derived neurotrophic factor

hsa-miR-208b-3phsa-miR-206 hsa-miR-640 hsa-miR-19a-5p

hsa-miR-193a-3phsa-miR-518f-5p hsa-miR-346 hsa-miR-122-3p

hsa-miR-143-5phsa-miR-145-5p hsa-miR-106a-3p hsa-miR-1246

miRNA Name AD/Controla P-value

has-miR-206        ↓ 0.0129
has-miR-208b-3p ↓ 0.0055
has-miR-640 ↑ 0.0041
has-miR-19a-5p ↑ 0.0139
has-miR-518f-5p ↑ 0.1395
hsa-miR-193a-3p ↓ 0.0488
has-miR-346 ↑ 0.0075
has-miR-122-3p ↑ 0.0189
has-miR-145-5p ↑ 0.0318
has-miR-143-5p ↑ 0.0127
has-miR-106a-3p ↑ 0.1408
has-miR-1246 ↑ 0.0033

A

B

aDirection of change was determined by comparing abundance of miRNA in serum from AD patients to that from control subjects.
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Fig. 3. A serum 12-miRNA postmortem-confirmed signature for AD diagnosis.
(A), List of the 12 serum miRNAs in the signature model. Colored in blue are 5 common miRNAs between the 12-miRNA
signature and the 12-miRNA postmortem-confirmed signature. (B), Box-whisker plot of the intensity (log2 abundance of
miRNA copy number) of the 12 miRNAs in the postmortem-confirmed signature in the training and test cohorts.
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and suppresses its expression level. It was re-
ported that injection of a neutralizing inhibitor of
miR-206 (antagomir), AM206, into the cerebral
ventricles of AD mice increased the brain levels of
BDNF and improved their memory function (34).
Furthermore, AM206 prevented the detrimental
effects of Aβ42 on BDNF and dendritic spine de-
generation. In our study, circulating miR-206 con-
centrations were decreased in AD patients as
compared to the controls (Figs. 1 and 3). Impor-
tantly, like miR-346, miR-206 is also a common
component in both miRNA AD signatures identi-
fied in this study. In addition to the previous
findings on miR-346 and miR-206 in AD patho-
physiology and neuropathology, serum miR-1246
was also reported as an AD biomarker (Figs. 1 and
3) (35).
Several identified serum miRNAs are brain de-

rived and have the potential to be implicated in
regulation of AD pathophysiology, directly or in-
directly. For example, miR-145-5p was reported
as a putative regulator of the nuclear receptor
subfamily 4 group A member 2 (also known as
nuclear receptor related 1 protein) (36). Nuclear
receptor subfamily 4 group A member 2 is an
emerging target for neuroprotective therapy

against neuroinflammation and neuronal cell
death because altered expression of NR4A2 was
connected to AD progression. CSF miR-345 was
upregulated in the unaffected mutation carriers
in an early-onset familial AD study (37). In addi-
tion, miR-650 expression in glioma was associ-
ated with prognosis of patients (38). miR-
208b-3p was reported to be independently
associated with risk of cerebral ischemic events,
cardiovascular death, and myocardial infarction
(39). Lastly, miR-1285-3p was implicated in regu-
lation of Kynurenine 3-monooxygenase, which is
associated with nicotine initiation and addiction
in the brain (40).
Our study has some potential limitations. Specif-

ically, the size and diversity of the training and test
cohorts are limited. The limitation by sample size
and coverage of PM-confirmed diagnosis was re-
flected by 66.7% specificity of the 12-miRNA signa-
ture in the independent test cohort, although this
cohort demonstrated 90.0% sensitivity. The obser-
vation that the PM-confirmed signature exhibited
improved specificity (80.0%) in the PM-confirmed
test cohort underscores the importance of accu-
rate clinical diagnosis in novel biomarker discov-
ery. Although the majority of the AD patients were
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Fig. 4. Performance of the 12-miRNA PM-confirmed signature in the training and test cohorts.
(A), ROC curves of the 12-miRNA postmortem-confirmed signature in discrimination of AD patients from control participants
in the training (black) and test (blue) cohorts. (B), Classification of postmortem-confirmed AD patients and control partici-
pants by the 12-miRNA postmortem-confirmed signature.
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confirmed by PMdiagnosis, which was reflected by
comparable sensitivity (90%) between the 12-
miRNA signature and the PM-confirmed signature
in respective test cohort, few control participants
had this confirmation. Another limitation is the
short duration between sample collection time
point and PM diagnosis confirmation. The fact that
this test cannot distinguish between control and
MCI participants suggests that the utility of the test
could be assessing MCI participants for evidence
of AD. It would be great if early time point samples
could be obtained in future algorithm refinement
to screen all comers. In summary, additional pop-
ulations from more diverse geographical location,
institution, and ethnic origins need to be tested to
further refine and assess the robustness of the

serum miRNA signatures in discrimination of AD
from controls.

CONCLUSION

In conclusion, we constructed and validated a
serummiRNA signature for AD diagnosis. A revised
signature with overlapping components was also
identified with limited samples with PM-confirmed
diagnosis. In the future, the serum miRNA signa-
ture, or some components in the signature, in con-
junction with other molecular biomarkers, may
potentially be used to discriminate AD from con-
trols. Further validation studies are warranted and
should also investigate if the serum miRNA signa-
ture can be used to help diagnosis of AD.
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