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Abstract

Background: Cerebrospinal fluid (CSF) microRNA (miRNA) biomarkers of Alzheimer’s
disease (AD) have been identified, but have not been evaluated in prodromal AD, including mild
cognitive impairment (MCI).

Objective: To assess whether a set of validated AD miRNA biomarkers in CSF are also sensitive

to early-stage pathology as exemplified by MCI diagnosis.

Methods: We measured the expression of 17 miRNA biomarkers for AD in CSF samples from
AD, MCI, and cognitively normal controls (NC). We then examined classification performance of
the miRNAs individually and in combination. For each miRNA, we assessed median expression
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in each diagnostic group and classified markers as trending linearly, nonlinearly, or lacking any
trend across the three groups. For trending miRNAs, we assessed multimarker classification
performance alone and in combination with apolipoprotein E £4 allele (APOE £4) genotype and
amyloid-B4; to total tau ratio (Ap42: T-Tau). We identified predicted targets of trending miRNAs
using pathway analysis.

Results: Five miRNAs showed a linear trend of decreasing median expression across the ordered
diagnoses (control to MCI to AD). The trending miRNAs jointly predicted AD with area under
the curve (AUC) of 0.770, and MCI with AUC of 0.705. Ap4»:T-Tau alone predicted MCI with
AUC of 0.758 and the AUC improved to 0.813 (p= 0.051) after adding the trending miRNAs.
Multivariate correlation of the five trending miRNAs with AB4:T-Tau was weak.

Conclusion: Selected miRNAs combined with Ap4»:T-Tau improved classification performance
(relative to protein biomarkers alone) for MCI, despite a weak correlation with Ap4,:T-Tau.
Together these data suggest that that these miRNAs carry novel information relevant to AD, even
at the MCI stage. Preliminary target prediction analysis suggests novel roles for these biomarkers.

Keywords

Alzheimer’s disease; amyloid; APOE &4, biomarkers; cerebrospinal fluid; microRNA; mild
cognitive impairment; tau proteins

INTRODUCTION

As populations age globally and in the United States, the prevalence of people living

with Alzheimer’s disease (AD) has increased. Globally AD is the most common cause of
dementia, accounting for 60-80% of all cases (http://www.alz.org/alzheimers). In 2019 there
were an estimated 5.8 million Americans living with AD, whose care generated a total cost
of $290 billion, and it is projected that by 2050 these numbers will grow to approximately
13.8 million individuals costing over $1.1 trillion [1]. Given the enormity of the emotional
and economic costs to patients, caregivers, and health systems, there is an urgent need to
identify biomarkers that can be used to diagnose AD earlier in disease progression, so that
treatments to slow or prevent the disease can be initiated.

Cerebrospinal fluid (CSF) is a well-established biofluid for biomarker studies focused on
neuropathological diseases [2]. Among the most extensively studied CSF protein biomarkers
for AD are amyloid-PBs2 (AP42), total tau (T-Tau), and phosphorylated taul81 (P-Tau) [3].
These markers are useful for diagnosis, but do not track with the progression of AD in
clinical trials, and cannot be used as prognostic tools [4]. The continuum of AD severity

is subdivided by cognitive function, and increases from preclinical AD, to mild cognitive
impairment (MCI) due to AD, to dementia due to AD [5-7]. However, progression across
these stages is highly variable. Outcomes for individuals with MCI are especially difficult to
predict: while some patients progress to AD, others remain stable, or even revert to normal
cognition. In studies of individuals with MCI, 15% of those over 65 developed dementia
[8], while 32% [9] to 38% [10] developed AD dementia within 5 years. Thus, preemptive
identification of individuals with MCI that convert to AD is of great importance, as it would
allow earlier initiation of treatments to slow brain changes that lead to AD dementia.
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Our studies are novel in that we have systematically evaluated the potential of extracellular
microRNAs (miRNA) in CSF as biomarkers for AD, and for detection of early brain
changes in patients with MCI that progress to AD. We initiated our studies when
extracellular RNAs in biofluids were just beginning to be evaluated as biomarkers for human
disease [11]. In contrast to prior reports that examined miRNAs in CSF as biomarkers for
AD, our initial biomarker discovery studies focused on CSF from living (not postmortem)
donors and were comprised of a large sample size from a well-characterized repository

of AD patients and cognitively normal controls (NC) [12]. We also utilized a rigorous
analytic approach to examine the performance of combinations of miRNAs, and miRNAs

in combination with APOE 4 genotype status, on classification performance [12]. Our
discovery studies identified 36 CSF miRNAs that discriminate AD from NC, supporting that
measurable differences in miRNAs in CSF from living donors can be exploited for use as
clinical biomarkers for AD.

We then moved forward to validate the performance of the AD CSF miRNAS in a new

and independent sample cohort, again from a large cohort of living donors [13]. Consistent
with the discovery study, we found that miRNA combinations plus APOE &4 genotype
status increased classification performance for AD. We further found that adding the ratio of
AB42:T-Tau to miRNA combinations increased classification performance and, importantly,
that performance of miRNA combinations is better than for Ap4»:T-Tau alone. However,
combining all three variables (MiRNAS, Ap4,:T-Tau, APOE #4 status) does not improve
performance beyond what is seen for the combination of Ap4,:T-Tau and miRNAs [13].
These findings demonstrated that the miRNAs include significant and novel information not
conferred by either APOE 4 status or APB4:T-Tau, and suggest that the information carried
by CSF miRNAs could be useful for diagnosing AD.

The purpose of the current study is to assess whether the validated AD miRNA biomarkers
are also sensitive to early-stage pathology as exemplified by MCI diagnosis. Thus, here we
assessed the performance of 17 AD miRNAs in CSF in patients with MCI in a large sample
size of living donors from a well-characterized repository to examine three diagnostic
groups: NC, MCI, and AD. Five of the validated miRNAs trended with progression from
NC to MCI to AD and showed substantial increases in classification performance in both
MCI and AD when added to Ap4:T-Tau. Notably, the boost in classification performance
from the miRNAs was larger for MCI than for AD because AB4,:T-Tau alone was a weaker
predictor of MCI than of AD. Combined with a weak correlation of the trending markers
with AP42:T-Tau levels, our results suggest that the validated CSF miRNA biomarkers for
AD carry independent information that could be relevant for disease characterization even at
the MCI stage.

MATERIALS AND METHODS

Participants

All procedures were approved by the Institutional Review Board of the University of
California San Diego (UCSD IRB 80012). All participants provided written informed
consent and underwent detailed evaluations consisting of medical history, physical

and neurological examinations, laboratory tests, and neuropsychological assessments.

J Alzheimers Dis. Author manuscript; available in PMC 2022 July 07.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Sandau et al.

Page 4

Cogpnitively unimpaired NC participants were volunteers in good health with no symptoms
of cognitive impairment or neurological disease, and normal performance on a detailed
battery of neuropsychological tests. The age distribution and sex ratio of NC samples to that
of the MCI and AD diagnostic groups were matched to the best of our ability. Participant
samples were banked at the UCSD Shiley-Marcos Alzheimer’s Disease Research Center
(UCSD ADRC).

CSF collection

The USCD ADRC uses a standardized CSF collection protocol corresponding to that of
other AD centers engaged in biomarker research [14]. Lumbar punctures were done in the
morning under fasting conditions, in the lateral decubitus position with a 24-gauge Sprotte
spinal needle. The first 2 mL of CSF collected was used for clinical tests, then 10-20 mL of
CSF was collected, gently mixed, and transferred to polypropylene tubes in 500 pL aliquots.
The tubes included a subject number but no other identifying information. The CSF aliquots
were flash frozen on dry ice and stored at —80°C.

APOE &4 genotyping

APOE 4 genotypes were determined by polymerase chain reaction (PCR)

amplification and restricted fragment length polymorphism [15], as previously

described [16]. Venous blood was drawn from participants and genomic DNA

was extracted using the QlAamp DNA Blood Mini Kit (Qiagen, Valencia, CA,

USA) followed by PCR amplification. The APOE &4 gene sequences were

amplified using forward (5"-ACGCGGGCACGGCTGTCCAAGGA-3") and reverse (5'-
GCGGGCCCCGGCCTGGTACAC-3") primers. The amplification products were digested
with Hhal (restriction enzyme site GCGAC) and subjected to electrophoresis on
polyacrylamide gels. After electrophoresis, the gels were stained with ethidium bromide and
the digested fragments were visualized by ultraviolet illumination. A unique combination
of Hhal fragment sizes enabled unambiguous typing of all homozygotic and heterozygotic
combinations: Hhal cleaves at GCGC encoding 112arg (E4) and 158arg (E3, E4), but does
not cut at GTGC encoding 112cys (E2, E3) and 158cys (E2).

CSF AB42 and T-Tau measures

Measurements of CSF AB42 and T-Tau levels were performed at the UCSD ADRC using
enzyme-linked immunosorbent assays (ELISAS) as previously reported [17]. CSF AR4)
was measured using the Euroimmun ELISA kit EQ 6521-9601-L (ADx Neurosciences,
Ghent, Belgium). CSF T-Tau was measured using the ELISA kit EQ 6531-9601-L (ADx
Neurosciences).

RNA isolation and gPCR

We instituted safeguards to improve quality control based on findings and outcomes from
our initial AD miRNA discovery studies. We included multiple positive controls (CSF
miRNAs verified in our previous studies [12, 13] that were unchanged between controls
and AD) and negative controls (miRNAs not detected in CSF in our previous studies).
We also imposed strict uniformity over manufacturing variables: all kit and reagents were
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matched by lot, with no exceptions, to minimize variation from sources unrelated to the
differentiation of diagnostic groups.

We generated Custom TagMan® Array MicroRNA Cards which included probes for 17 AD
miRNA biomarkers, as well as 4 non-changing CSF miRNAs (positive controls), 2 miRNAs
not detected in CSF (negative controls), and U6 snRNA (Supplementary Table 1). Of the

17 biomarker miRNAs in the arrays, 14 appeared as strong biomarker candidates in our
validation study [13], and an additional 3 (miR-1291, miR-142-3p, and miR-519b-3p) were
strong biomarker candidates in our initial discovery study [12], but did not perform well

in the validation study. Each array card was designed to assay 4 individual CSF samples,
with 4 technical replicates for all RNA probes on the card. We analyzed miRNA expression
in 102 new CSF samples obtained from the UCSD ADRC, and 63 repeated CSF samples
from our previous validation studies [13] for reliability testing. As a further reliability check,
we obtained duplicate aliquots for 5 CSF samples (4 NC, 1 MCI) and ran each of the
duplicates on a different array card. The run order of the samples was arranged so that every
single array card contained at least one NC sample and, whenever possible, also included at
least one MCI sample, AD sample, or both. This was done to avoid confounding technical
card batch differences with sample diagnosis differences, and only 10% of cards failed

to meet this arrangement (due to the larger number of NC samples relative to the other

two diagnoses). Within diagnosis type, the plating order of samples was fully randomized
(under the constraint that we would only accept a randomization where duplicates fell on
separate cards). On every card we also included a sample from a homogeneous reservoir

of a pooled CSF reference standard obtained from NCs at the Oregon Health & Science
University Layton Aging and Alzheimer’s Disease Center in order to monitor the stability of
the process over time.

Total RNA was extracted from 500 pL of CSF using the mirVana™ PARIS™ Kit (AM1556,
Thermo Fisher Scientific (TFS), Waltham, MA) then concentrated using the RNA Clean

and Concentrator-5 Kit (R1013, Zymo Research, Irvine CA), as previously described [12,
13]. We previously reported that 500 pL of CSF vyields a very low amount of RNA (~1 ng)
such that it precludes measuring the concentration [12]. Thus, we instituted a protocol to
isolate total RNA from an absolute (500 uL) amount of CSF, then concentrate the RNA to
the smallest amount needed for the arrays in order to maximize the amount of RNA going
into the PCR. We then controlled for variance in the normalization step. Thus, we used 4.1
pL of total RNA from each sample for reverse transcription (RT) using a custom primer pool
generated by TFS to specifically reverse transcribe 23 miRNAs (17 AD miRNA biomarkers,
4 non-changing positive control CSF miRNAs, and 2 negative control miRNAs not detected
in CSF), and U6. Based on the recommended protocol by TFS for Custom TagMan®

Array MicroRNA Cards (publication part #4478705), to include a pre-amplification step

for RNA inputs <350 ng of total RNA, we then used 7.5 pL of the resulting cDNA for
pre-amplification using a custom Pre-Amp primer pool generated by TFS to specifically pre-
amplify the 23 miRNAs and U6. The pre-amplification products were diluted 1 : 4 in RNase/
DNase-free water, then 9 pL of the diluted samples were mixed with TagMan® master

mix (TFS) and RNase/DNase-free water to a 225 pL final volume, then loaded onto the
Custom TagMan® Array MicroRNA Cards (TFS) containing probes for the 23 miRNAs and
U6. We also included parallel reactions that contained only water (no RNA)+RT enzyme,
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or RNA with no RT enzyme, as controls for spurious amplifications in these experiments
(Supplementary Table 1). The quantitative PCR (qPCR) amplifications and acquisition of the
resulting data were carried out on a QuantStudio™ 12K Flex Real-Time PCR System (TFS).
All NC, MCI, and AD gPCR data files were imported into ExpressionSuite Software v.1.1
(TFS) and processed together to generate automatic baseline and threshold values used to
calculate quantification cycle (Cq) values. The Cq value for each well was reported along
with the amplification quality score (AmpScore) and Cq confidence (CgqConf) score, which
serve as metrics for the quality of each amplification.

Preprocessing of Cq values

We applied Cq validity checks to each well individually, and implemented acceptability
criteria across the 4 replicate wells per probe per sample that had to be met in order to
consider the miRNA measurement valid. We required AmpScore =1.0 and CqConf =0.8, and
based on the rapid decline (with increasing Cq value) that we observed in the fraction of
wells meeting these criteria for Cq >34, we set the Cq censoring threshold at 34. If a well
failed to meet either the AmpScore or CqConf criteria, we set the Cq value to missing if the
assigned Cq was <34; if Cq was =34 the well was considered censored instead. After this
step, if at least 2 of the 4 replicates for a probe for a sample had a non-missing Cq value,
then we considered the measurement valid; otherwise the entire measurement was removed
(just 0.16% of measurements failed in this way). The rationale for this approach was that if
at least half of the replicates for a sample for a probe indicated some measurable expression,
it would be treated as having been measured at a value rather than censored at a lower

limit. However, usually either all four replicate wells had valid Cq values, or none of them
did. Final Cq values were taken as the median of the miRNA values in the quadruplicate
wells; miRNAs with median value =34 were labeled censored for the sample, as they were
considered to have expression too low for reliable detection in the assay. Censored values
were included in the final statistical analysis.

Preprocessing of miRNAs

Our assay included probes for negative controls, positive controls, U6 SnRNA, and the AD
miRNA biomarkers. We required the negative control miRNAs to show low expression
profiles (i.e., uniformly AmpScore <1.0, CqConf <0.8, and Cq =34 or missing for every
well). Due to their importance for normalization, we applied greater stringency to the
positive control miRNAs. Thus, for the positive controls and U6 snRNA we required robust
expression in at least 90% of samples, with AmpScore 1.0 and CqConf =0.8, but with a
more stringent average Cq <32 across the cohort than for the biomarker miRNAs. As U6
was used for batch correction of cards and positive controls were used for normalization
(see Batch correction and normalization below), we required that every sample have a valid
U6 measurement and valid measurements for at least 2 of the 4 non-changing positive
control miRNAs. We also verified that the maximum of pairwise mean Cq contrasts between
diagnostic groups was no larger than 1 Cq in magnitude for any positive control miRNA (in
nearly all cases the maximum contrast magnitude was 0.5 Cq or less). By these rules, all
positive controls were retained and no experimental samples were excluded. For biomarker
miRNAs we required robust expression in at least 20% of samples with average Cq <34,
with AmpScore =1.0 and CqConf =0.8 for all expressed wells.
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Array card batch correction, normalization, and transformation of expression scale

U6 snRNA has shown weaknesses as a normalizer in previous investigations by us and
others [18]. However, U6 snRNA showed excellent stability of expression across cards when
averaged over all samples on the card and for that reason was suitable as a monitor for
variation at the card level. Thus, median Cq values were corrected for array card batch
variation by aligning mean values of U6 snRNA across cards using a 3-level random-effects
mixed model [19]: sample nested in card nested in RNA isolation batch. We generated

best linear unbiased predictions for the batch and card effects from the fitted mixed model
and subtracted these from all Cq values in the corresponding batches and cards. Following
batch correction, Cq values were normalized relative to a linear combination of our verified
“non-changing” positive controls (miR-30e-3p, miR-574-3p, miR-638, and miR-92a) using
a crossed random-effects mixed model (miRNAs crossed with samples) for the Cq values

of all positive control miRNAS. (Supplementary Table 2 includes the Cq distributional
characteristics of the positive control miRNAs, and evidence that the per-card mean of

U6, and the distributions of each of the other positive controls, did not differ by diagnosis
group.) For normalization we calculated a best linear unbiased prediction for each sample’s
offset from the overall mean (across all samples) of positive controls using fitted values from
the mixed model, then subtracted this offset from the measured Cq values for the sample.

As in our discovery and validation studies [12, 13], we transformed the normalized Cq
values onto an “expression” (i.e., positively oriented) scale so that higher values indicated
relatively greater quantities of miRNA expression. (Expression = Cgnormy,ax— Cgnorm,
where Cgnormy,,, Was the largest non-censored normalized Cq value in the data, rounded up
to the nearest integer.) Censored Cq values were assigned a value of zero on this expression
scale and included in the final analysis. All gPCR data and donor-specific metadata is being
prepared for submission into the NCBI Gene Expression Omnibus (GEQ) repository.

Exclusion of aberrant samples

We initially examined CSF miRNA expression in 165 samples (49 AD, 38 MCI, and 78
NC). However, after normalization, 32 CSF samples showed normalization offsets that were
extremely large in magnitude (~7 Cq), with normalizer values from 3- to 10-fold more
extreme than the standard deviation of typical samples. These 32 samples had unusually
extreme Cq values across all miRNAs in the array, a finding that was replicated when the
assays were rerun using stored RT samples. Investigating further, we identified 14 of the

32 CSF samples as technical failures in the RT that resulted in extremely low miRNA
expression. However, no explanation could be found for the remaining 18 CSF samples,
most of which showed extremely high miRNA expression. There was also no apparent
relationship between an aberrant expression profile and any patient characteristic or design
factor, including collection site, RNA isolation batch or date, array card lot or run date,
participant diagnosis, sex, age, or any AD-related characteristic such as AB4» or T-Tau
levels in the CSF. (The minimum p-value across all factors tested for association with the
expression profile was >0.2, using a variety of parametric and nonparametric statistical
tests.) Thus, we excluded the 14 technical failures and the 18 aberrant samples from further
analysis to avoid the risk of bias in the results. Due to the lack of association with any
patient factors, these exclusions had no meaningful effect on the distributions of those
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factors, and had only negligible effect on the Cq values for the remaining 133 samples when
these were recalculated in ExpressionSuite; the concordance between calculated Cq values
before and after the exclusion of the 32 samples was 0.98 (Lin’s concordance coefficient),
showing nearly perfect linear correlation and zero bias. Thus, after exclusion of these
samples, 133 unique samples (37 AD, 31 MCI, 65 NC) and 3 duplicates (1 MCI, 2 NC)
remained in the analytic cohort.

Statistical analysis

To determine whether miRNA information correlated with diagnostic progression and
group ordering (NC to MCI to AD), we first confirmed that the diagnostic groups were
different according to established measures of disease severity by visually comparing group
distributions of Mini-Mental State Examination (MMSE) scores and AB4:T-Tau levels,

and tested for natural ordering using ordered logistic regression. Next, we used several
visual and analytic methods to assess whether the miRNA expression profiles were naturally
ordered across diagnosis groups. We initially plotted the Cq distributions of the miRNAs for
each group side by side and looked for trending of the median Cq values. Outcomes were
either a linear trend (NC to MCI to AD), a nonlinear trend (2 of 3 groups different from

the remaining group), or no trend (an ambiguous pattern). We then calculated approximate
Bayesian posterior probabilities (based on approximate Bayes factors from harmonic-mean
combining of p-values) that the AD and MCI were both significantly different from the NC,
and that the 3 groups were strictly ordered.

We then used receiver operating characteristic (ROC) curve analysis [20] to assess the
predictive power of the linear trending miRNAs as a group for discriminating AD and MCI
from NC. We report the area under the ROC curve (AUC), a measure of classification
performance, for the miRNA classifiers with and without APOE &4 status, with and
without AP4,:T-Tau levels, and with and without the combination of AB4p:T-Tau levels

and APOE &4 status to differentiate performance under alternative sets of information. In
calculating the ROC curves, we used two different methods to build classifiers: logistic
discriminant analysis (similar to logistic regression, but with more than one group) and a
smooth k-nearest-neighbor classifier (A= 9) based on Euclidean distance. We then averaged
the predicted probabilities using the harmonic mean (the appropriate average for values
between zero and one). The ROC curves were smoothed for easier visualization of the
differences. (Average spacing between curves and AUC were both well preserved under

the smoothing.) We assessed the strength of the canonical (i.e., best linear) correlations
between the multivariate set of trending miRNA expression values and diagnosis rank, and
with AB4o:T-Tau levels, to further validate the panel of trending miRNAs, not just for
distinguishing AD and MCI from NC, but also for correctly ordering the groups with respect
to disease severity.

MiRNA target prediction

We used TargetScan 7.2 [21] and miRDB [22, 23] to predict target mMRNAs of the top five
trending miRNAs (miR-142-3p, miR-146a-5p, miR-146b-5p, miR-365a-3p, miR-193a-5p).
TargetScan and miRDB were chosen as they are both widely used and frequently updated.
As subsequent pathway analysis is most effective with a limited gene set, predicted targets
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were excluded if they had a Cumulative Weighted Context Score above -0.3 in TargetScan
ora target score of below 60 in miRDB. The use of a union between the two target
prediction algorithm outputs, as opposed to an intersection where only targets predicted by
both algorithms are included in the analysis, may increase the sensitivity of the predicted
targets and the likelihood of predicting novel targets [24, 25]. Thus to determine whether

a union, an intersection, or an individual target list should be used in subsequent pathway
analysis for the trending miRNAs, we calculated sensitivity, specificity, and precision values
using validated miRNA-target pairs from miRTarBase, an experimentally validated miRNA-
target interactions database [26]. The miRTarBase values ranged from 0-1, with high-quality
results indicated as closer to 1 [24, 25]. The union of TargetScan and miRDB showed the
highest values of sensitivity (0.35), specificity (0.833), and precision (0.98). Thus, pathway
analysis was performed on the union set of the unique targets using QIAGEN Ingenuity
Pathway Analysis (IPA). For this pathway analysis we excluded cancer related tissue and
cell lines to avoid the knowledge bias towards cancer in IPA.

Participant characteristics

Participant characteristics for the 133 total participants in this study (37 AD, 31 MCI, and
65 NC) are shown in Table 1. In the final set of 133 participants the sex ratio was close to

a 1:1 male to female ratio overall, but varied somewhat from group to group (NC ~2: 3
but AD and MCI both ~3 : 2). Participants in all 3 groups were well matched for age (mean
73.2 + 7.1, range 53-89), but the AD group had more variance than the other groups and
contained some sex bias (with females tending to be younger than males in that group).

NC participants were in good health with a mean MMSE [27] score of 29.1 + 1.2, Clinical
Dementia Rating (CDR) scores of 0, no evidence or personal or family history of cognitive
or functional decline, and also performed normally on a neuropsychological test battery.

AD patients were diagnosed with probable AD according to ADRDA-NINDS criteria [6,
28], with a mean MMSE score of 21.6 + 4.5 and CDR scores of 1-2. MCI patients were

in between, with mean MMSE score of 26.9 + 1.5 and CDR scores of 0-0.5. CSF AP

and T-Tau measurements were as expected, with NC having high A4 and low T-Tau, AD
having low AB4; and high T-Tau, and MCI falling somewhere in the middle (medium values
of both AB4, and T-Tau). APOE &4 genotyping was available for 131 of the 133 participants
in the study. Within the NC group, 66.2% of participants had no APOE 4 allele, 27.7%

had 1 allele, and 6.2% had 2 alleles. In the AD group 50.0% had no APOE &4 alleles,
33.3% had 1 allele, and 16.7% had 2 alleles. Thus as expected, APOE &4 genotype was
over-represented in AD [29]. Unsurprisingly, the MCI group was more similar to AD in
APOE #4 allele frequencies: 40.0% with no alleles, 46.7% with 1, and 13.3% with 2. Figure
1 shows the distributions of MMSE scores (A) and Ap4,:T-Tau measures (B) for each of the
3 diagnostic groups.

Verification of biomarker relevance in the cohort

As a global check on the relevance of the panel of miRNAs for the cohort in the present
study (which included both new NC, MCI, and AD samples, as well as repeated NC and
AD samples), we verified that the miRNA profiles (taken across the entire panel) for MCI
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and AD samples consistently differed from those of typical NC samples. Thus, the miRNA
profile as a whole is a marker of AD-like disease in our cohort. Details of this analysis can
be found in the Supplementary Results.

Quantitative and statistical measures for the individual miRNAs

Next, we report the quantitative and statistical measures of 15 of the 17 miRNAs examined,
along with their trend classifications, in Table 2. The 15 miRNAs included all 14 of

the validated biomarkers from the previous study, plus 1 of the additional miRNAs
(miR-142-3p). The 2 excluded miRNAs were miR-1291, which failed to show expression
in most samples (appearing robustly in just 4% of the cohort), and miR-519b-3p, which
exhibited universal failure in all samples. Thirteen of the miRNAs were well represented
across the samples at close to 80% attestation or better in all 3 diagnostic groups. However,
miR-15b-5p and miR-331-3p were poorly attested at <50% each in every group, with the
lowest attestation in AD. Inspection of the trend of median fold change across groups
showed that, overall, many of the miRNAs had a pattern of decreased expression with
increasing disease.

Expression trends of the individual miRNAs across diagnoses

We show the trend plots for the 15 viable miRNAs in Fig. 2. Five of the AD markers
(miR-142-3p, miR-146b-5p, miR-146a-5p, miR-365a-3p, and miR193a-5p) showed a linear
trend of median expression across the ordered diagnoses, where miRNA expression
decreased as disease severity increased. Four of the remaining markers showed nonlinear
trends: miR-19b-3p had higher expression in NC that decreased to similar levels in MCI

and AD, whereas miR-484 had lower expression in NC that increased to similar levels in
MCI and AD. Both miR-140-5p and miR-331-3p showed similar levels in NC and MCI that
decreased in AD. The other 6 markers were classified as having no trend, as their expression
in MCI tended to be either higher or lower than in both AD and NC. For each of the trending
miRNAs we calculated a Bayesian posterior probability of the hypothesis that both MCI and
AD differ from NC and are naturally ordered with respect to average levels of the miRNA.
The probabilities were generally close to 2/3 (i.e., approximately 2 : 1 odds in favor).

Classification performance of trending miRNA biomarkers versus APOE &4 and Ap42:T-Tau

For detailed evaluation of classification performance (AUC) we used only the 5 trending
miRNAs. The nonlinear patterns were interesting, but not directly relevant to our primary
goal, which was the identification of CSF miRNAs as markers of disease progression from
MCI to AD. We evaluated classification models for MCI versus NC and for AD versus NC.
Predictors comprised the 5 trending miRNAs alone and in combination with: 1) APOE &4,
2) AB42:T-Tau, and 3) both AR4:T-Tau and APOE &4. (For comparison, we also assessed
AUC for APOE &4 alone, AP4o:T-Tau alone, and ARgo:T-Tau + APOE £4.) The trending
miRNAs achieved an AUC of 0.705 for predicting MCI and 0.770 for predicting AD,
compared to NC (Fig. 3 and Table 3). In MCI, adding the trending miRNAs to APOE

&4 showed a large AUC increase (+0.074) over using APOE &4 alone (Fig. 3A). In AD
there was an even more dramatic improvement in AUC (+0.152) from adding the trending
miRNASs to APOE &4 (Fig. 3B). Thus, the miRNA information was not redundant with
the APOE 4 genotype, but provided substantial independent power to differentiate MCI
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and AD from NC, presumably because the miRNAs reflect the dynamics of the disease

state and not mere propensity for disease. Next, adding the trending miRNAS to AB4»:T-Tau
over using Ap42:T-Tau alone showed substantial AUC increases in both MCI (Fig. 3C)

and AD (Fig. 3D). Notably, the boost in classification performance from the miRNAs was
larger for MCI (+0.055) than for AD (+0.036) because AB,4:T-Tau alone was a weaker
predictor of MCI (AUC 0.813) than of AD (AUC 0.903). If clinical MCI indeed reflects
latent neuropathology, it appears that the information from the CSF protein ratio showed
more overlap with the miRNA information when disease was already present, and less
overlap when disease was still nascent. Finally, adding the miRNAs to the combination
AB4o:T-Tau + APOE &4 robustly improved classification performance for MCI (+0.063,

Fig. 3E) and modestly for AD (+0.017, Fig. 3F), relative to Ap4o:T-Tau + APOE &4 alone.
However, note that the combination of all 3 markers (trending miRNAS + AB4o:T-Tau +
APOE £4) provided no meaningful improvement over the combination of trending miRNAs
+ APgo:T-Tau (without APOE #4): 0.819 versus 0.813 respectively for MCI, and 0.898
versus 0.903 respectively for AD. Our previous discovery and validation studies also showed
that adding APOE &4 or AB4o:T-Tau to the miRNAs improved classification performance for
AD [12, 13]. Together these data suggest that the miRNAs combined with other biomarkers
offer a larger gain for predicting MCI, suggesting less overlap and hence greater novelty of
relevant information provided by the miRNAs at that stage. Thus, these miRNAs may carry
substantial additional information as biomarkers for MCI.

Robustness of findings to exclusion of repeated samples

As a sensitivity analysis, we temporarily excluded the repeated 21 NC and 23 AD samples
(retaining 44 NC, 31 MCI, and 14 AD), and on the reduced cohort performed the same
trend and classification analyses as described above. We found that essentially the same
trend profiles emerged for all of the miRNAs, with some attenuation or distortion in a few
cases due to the drastically reduced NC and especially AD sample sizes. We further found
that the classification performance showed the same rank ordering of models as in the full
cohort, as well as strong agreement in AUC values over the scenarios considered. Therefore,
we believe these findings are robust whether or not repeated samples are included. Further
details of this sensitivity analysis can be found in Supplementary Results.

Weak correlation between AB4,:T-Tau and trending miRNAs

We employed a multivariate correlation of the trending markers with Ap4,:T-Tau to examine
whether there was a correlation between the trending miRNAs and AB4,:T-Tau. The
scatterplot (Fig. 4) showed a modest multivariate correlation of 0.38 (v = 0.004) that exists
primarily due to a modest trend in control samples (gray). However, in the “diseased” range
of AB4p:T-Tau levels (between 0 and 2, where most of the AD and MCI samples lie),

there was no appreciable correlation between the trending miRNAs and AB4»:T-Tau levels
(0.17, p=0.922). Empirical trend lines in the plot indicated that a positive relationship only
existed for NC samples. This suggests that information provided by the trending miRNAs as
markers for MCI was mostly independent of that provided by AB4y:T-Tau levels, so that the
miRNAs carry novel information relevant for prediction of AD-like pathology.
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Predicted targets of the trending miRNAs

We queried the predicted targets for the top 5 trending miRNAs (miR-142-3p, miR-146a-5p,
miR-146b-5p, miR-365a-3p, miR-193a-5p) using TargetScan 7.2 [21] and miRDB [22,

23], as depicted in Fig. 5. Target prediction returned a total of 1,214 predicted mRNA:

367 predicted by TargetScan, 1,096 predicted by miRDB. The two target lists from each
algorithm overlapped by 249 targets. We then used IPA to identify pathways that include
the 1,214 total predicted targets. IPA reported that 353 of the targets were found in

214 significant pathways. Notably, Ras-related C3 botulinum toxin substrate 1 (RAC1)

was predicted to be targeted by 4 of the 5 top miRNAs (miR-142-3p, miR-146a-5p,
miR-146b-5p, miR-365a-3p). The significant neural, glial, and immune pathways identified
by IPA that include RAC1 are listed in Table 4.

DISCUSSION

We previously discovered 36 miRNAs in CSF from living donors that differentiate AD from
cognitively normal controls [12]. A follow-up study in a hew and independent cohort of
donors then validated 26 of these miRNAs as potential biomarker candidates for AD in
CSF [13]. Our exhaustive classification performance analysis revealed that 14 of the 26
candidates strongly contribute in a mutually complementary and additive manner to AD
prediction across a broad range of model scenarios [13]. In this study, we investigated the
ability of these 14 validated miRNAS to serve as robust biomarkers for early indications

of AD-associated brain changes in patients diagnosed with MCI. One additional miRNA,
miR-142-3p, a top-ranking candidate in our discovery study [12], also showed promise as a
biomarker for MCI. These 15 biomarkers were then assessed for trending discrimination
performance in MCI and AD. In this cohort, 5 miRNAs showed a linear trend of

median expression across the ordered diagnoses (miR-142-3p, miR-146b-5p, miR-146a-5p,
miR-365a-3p, and miR-193a-5p); this trend reflected decreasing median expression as
disease severity increased. Evaluation of the effect of combining the 5 trending miRNAs
with current AD biomarkers revealed that adding the trending miRNAS to a AB4:T-Tau
classifier for MCI offered a 0.055 AUC increase in performance (0.813 versus 0.758). The
weak correlation of the trending markers with Ap4,:T-Tau levels suggests that the miRNAs
carry substantial additional information relevant for prediction of AD-like pathology, even
at the MCI stage. We have summarized findings from our discovery AD study [12], our
validation AD study [13], and the present MCI study for each of these 15 biomarkers in
Table 5.

Our choice to focus on miRNAs that showed a trend across diagnoses was based on the
model that relevant disease pathology varies linearly across these groups, with NC < MCI
< AD. However, it is also possible that some biological processes will be most robust at
the MCI phase of disease initiation, and in fact we also found a class of 6 “no trend”
miRNAs where MCI expression was either higher or lower than both AD and NC (Fig. 2).
We recognize that these miRNAs may also be informative, and they will thus be the subject
of future analyses in longitudinal studies of MCI patients known to either remain stable or
progress to AD.
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The utility of our analytic approach in the present study is illustrated by the convergence

of our findings with others reported in the literature. For example, 3 of our 5 trending
miRNAs (miR-142-3p, -146a-5p, -146b-5p) have been identified by others [30-35] as
candidate biomarkers for MCI and/or AD. In line with our findings in CSF, the expression
level of miR-142-3p was decreased in plasma of MCI and AD relative to control [34].

Also, miR-146b-5p was decreased in the CSF, hippocampus, and medial frontal gyrus

of AD compared to normal controls [31]. Furthermore, miR-146b-5p was included in a
proposed assay for early diagnosis of AD using fluorescent nanoparticle imaging [35].
While these studies support our findings, alternative miRNAs have been identified as
peripheral biomarkers for early detection of AD, then validated in AD cells, postmortem
brain, and mouse models. These studies revealed increasing levels of miR-455-3p in the
serum of MCI and AD subjects [36]. It is notable that the expression of miR-455-3p was
also significantly upregulated in postmortem AD brain, and in fibroblasts from AD patients,
relative to controls [37], as well as in amyloid precursor transgenic mice [38]. These data
demonstrate the potential to discover biomarkers using peripheral biofluids. In line with this
we are currently assessing the performance of not only the trending miRNAs in plasma, but
also exploring the potential of additional miRNAs. One can imagine that a robust biomarker
assay may consist of combinations of miRNAs, derived from both CSF and the periphery, in
order to increase classification performance of specific miRNAs for AD.

Our statistical approach is also consistent with the literature. In one such example, linear
combinations of a subset of CSF miRNAs (miR-16-5p, -125-5p, -451a, -605-5p) improved
the classification performance between young- or late-onset AD and controls [39]. Also,
combining two sets of miRNA pairs (e.g., miR-191/miR-101 plus miR-103/miR-222) was
shown to greatly improve classification of MCI from controls [40]. Finally, combining
CSF expression levels of let-7b with either AB4g:AP42 or T-Tau:P-Tau also improved the
diagnostic potential for AD [41].

A major limitation of this study was the absence of pathologic confirmation of diagnoses or
of data on progression to AD among the MCI subjects. We considered reassigning diagnoses
according to CSF protein biomarker status, but in the absence of an established cutpoint

for the assays available, and in the face of relatively small groups, we elected to confine

the analysis to the prespecified clinical diagnoses in order to avoid bias from post-foc
assignments.

One unexpected outcome was the finding of 32 participant samples with aberrant expression
profiles in the array data that were uniformly low or high in expression, where “uniformly”
means that this pattern was present across all of the miRNA probes but not necessarily by
the same amount for each probe. We identified 14 samples that were uniformly very low in
expression (Cq values far above those for typical samples, including many or most above
the censoring threshold) which were found to be due to technical errors in the RT. We
found 18 additional aberrant samples, 14 of which were uniformly very high in expression
(Cq values far below those for typical samples), but there was no consideration that could
account for these high-expressing aberrant samples. The aberrant pattern was also present
in the normalizer values (based on the positive control probes), which is why we chose to
present that metric in describing the issue above (see Exclusion of aberrant samples). The
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scale was on the order of £7 Cq, which is indicative of hundred-fold or larger differences in
total expression between the aberrant samples and the typical samples, for every miRNA. As
all of the high-expression (and a few of the low-expression) cases remain unexplained and
unrelated to any participant characteristic or design factor, and the criteria for excluding the
aberrant data were rigorous and unbiased, we felt compelled to exclude them due to their
very extreme response profile, which far exceeds natural variation.

We did examine whether exclusion of the 32 samples impacted the balance of participants
in the study. Our intention was to exactly balance all 3 diagnostic groups by sex and age,
which our sampling was reasonably successful at prior to the exclusions. We examined each
miRNA for association with each factor for the final sample sets, both overall and within
diagnostic groups, but found no hints of confounding. Briefly, none of the miRNAs showed
any signs of a meaningful age trend, either unconditionally or when adjusting for diagnosis,
sex, or both (maximum magnitude of slope much less than 0.5 Cq per decade of age,

well within assay noise windows), and only a handful of the miRNAs showed differences
between sexes even approaching 0.5 Cq in magnitude, with or without other adjustments.
For all the miRNAs we performed sensitivity analyses to rule out confounding of the group
effect by age or sex effects, and found only negligible changes to the associations after
adjustments. The most affected result under age adjustment was for miR-30a-3p, where

the adjusted fold changes were more extreme (i.e., more suggestive of group differences)
than the unadjusted estimates by about 20%; however, the direction of changes and the
classification of this miRNA as “no trend” remained the same because the MCI change was
still larger than the AD change. The most affected result under adjustment for sex was for
miR-146a-5p, one of the “trending” miRNAs highlighted in the manuscript; in this case,
the trend shallowed under adjustment (also by about 20%) such that all the groups moved
closer together, but again, the ordering of the groups as NC > MCI > AD remained stable.
None of the miRNAs would be differently classified (as “trend” or otherwise) under these
adjustments, and the essential message that the “trending” miRNAs as a set may suggest

a pathway for tracking disease progression is also unaffected. Thus, we believe there was
no confounding of the findings due to the minor accidental imbalances in age and sex
distributions across the diagnostic groups that was unfortunately exacerbated by the need to
exclude the aberrant samples from the analytic cohort.

Despite these challenges, our analysis has identified CSF miRNAs that provide additive,
novel information which goes beyond the established CSF protein biomarker data to
distinguish MCI from control and AD subjects. We consequently attempted to characterize
this novel information by applying a target prediction strategy. It is well established that
one MiRNA can target hundreds of mRNA transcripts, and that several miRNAs can target a
single mRNA transcript [42, 43]. In addition, miRNAs can bind to the 3’UTRs, the 5’UTRs,
and coding regions, where they can both activate and repress translation [44]. Thus, target
prediction has been a major challenge in determining the effect of miRNAs on translation
and protein expression. We utilized two well-known target prediction programs with
differing algorithms: TargetScan 7.2 [21] and miRDB [22, 23], to identify targets of the 5
trending miRNAs. We then identified the targets that overlapped between the two programs
to increase confidence in the predicted targets. We found that RAC1 was among the targets
of 4 of the 5 trending miRNAs: miR-142-3p, miR-146a-5p, miR-146b-5p, and miR-365a-3p.
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RACL1 is a Rho-GTPase involved in many cellular processes that involve cytoskeleton
dynamics and stimulate axonal growth, dendritic branching, and spine formation [45]. One
study has shown that miR-142-3p acts as a negative regulator of human RACL1 [46], and
several others have shown RAC1 regulation by miR-142-3p in rodents.

It is also noteworthy that miR-142-3p has been implicated in human AD processes [47,

48] and that miR-146a-5p is implicated in AD and Tau human [49, 50]. We found it
interesting that the most significant neuronal pathway in our analysis is Axonal Guidance
Signaling, a process implicated in AD as the loss of dendritic spines is associated with
cognitive decline in patients [51]. RAC1 is highly involved in axon guidance and has

been shown to be decreased in the frontal cortex of AD patients and increased in their
plasma [52]. Additionally, inhibition of RAC1 has also been shown to reduce the activity

of gammasecretase, which cleaves amyloid-p protein precursor and has a direct effect on
AP4, and Tau [52, 53]. These findings show that the predicted target proteins of the trending
miRNAs are associated with AD, lending increased validity to our results. This analysis
also illustrates that these miRNAs could serve not only as biomarkers, but also as roadmaps
to novel targets for further evaluation in AD pathogenesis. Current studies are focused on
identifying novel proteins and pathways that may be regulated by the trending miRNAs that
contribute to the processes underlying neurodegeneration in AD.

Another important consideration of these findings regards the specificity of the trending
miRNAs for AD versus other neurodegenerative diseases or non-AD dementias. While
the studies are beyond the current scope of this manuscript, they are important and a
focus of our ongoing work to assess the specificity of the trending miRNAs for AD
versus Parkinson’s disease, Lewy body dementia, frontotemporal dementia, and vascular
impairment. Specificity of the miRNAs for AD would not only strengthen their utility

as biomarkers for AD, but may also provide insight into target proteins unique to AD
pathology.

In summary, our studies revealed 5 CSF miRNA biomarkers that show a trend of decreased
expression in the progression from NC to MCI to AD. Importantly, combining the trending
miRNAs with AB4:T-Tau levels predicted MCI with increased classification performance,
and the weak correlation of the trending markers with Ap4,:T-Tau levels suggests that

the miRNAs carry independent information relevant for disease characterization even at
the MCI stage. Current studies include assessing the performance of these CSF-validated
miRNAs in plasma (where AB42:T-Tau has been difficult to measure) and in longitudinal
studies of AD and MCI, as well as assessing their specificity for AD versus Parkinson’s
disease and other dementias (Lewy body, frontotemporal, and vascular). In addition, the
targets of these miRNAs may have potential to serve as novel therapeutic targets for AD.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Distributions of MMSE and AR4,:T-Tau ratio with AD progression. The diagnosis groups

trend as expected for measures of disease severity: average MMSE (A) was decreased

modestly in MCI and dramatically in AD, and average AP4»:T-Tau ratio (B) was much lower
for MCI and AD than for NC. For both, the MCI profile was intermediate to the NC and AD
profiles. Individual participants denoted by points and dotted lines represent group medians.

The trend of medians was very apparent for both measures.
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Fig. 2.
Trend plots of 15 validated miRNAs. All normalized Cq values for samples and median

profile across groups are shown for each of the 15 miRNAs that remained viable for this
study. The connected diamonds represent medians for 4 kinds of apparent profiles: linear
(“TREND?”), two kinds of nonlinear (“*AD+ MCI versus NC” and “AD versus MCI + NC”),
and an ambiguous profile showing a lack of natural diagnosis ordering (“NO TREND”).
Multivariate correlation of the trending miRNAs with diagnosis order was —0.36 (p = 0.003).
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Classification performance of AD biomarkers and trending miRNAs. The effects of
combining trending miRNAs with APOE &4 or AP4»:T-Tau on classification performance
(ROCs) are shown for MCI (A, C, E) and AD (B, D, F). AUC increased from 0.639 for
predicting MCI using APOE &4 alone to 0.713 with the trending miRNAs (A), and from
0.620 for predicting AD using APOE &4 alone to 0.772 with the trending miRNAs (B).AUC
increased from 0.758 using AR4,:T-Tau alone to predict MCI to 0.813 with trending
miRNAs (C), and from 0.867 using AP4»:T-Tau alone to predict AD to 0.903 with trending
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miRNAs (D). Combining all 3 markers (AB42:T-Tau + APOE &4 + trending miRNAS)
showed no meaningful improvement in classification performance over Ap4,:T-Tau +
trending miRNAs: AUC increased from 0.813 to 0.819 for predicting MCI, but decreased
from 0.903 to 0.898 for predicting AD (F), in both cases only negligible differences.
miRNAs, expression levels of the 5 trending miRNAs; APOE, APOE &4 status; ABgp:Tau,
AB4o:T-Tau ratio.
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Fig. 4.

Weak correlation between AB4,:T-Tau and five trending miRNAs for MCI. The canonical
linear combination of MiRNAs (i.e., the linear projection of miRNA expression values that
best predicts Ap4o:T-Tau) is shown against AP4»:T-Tau levels. What correlation exists (0.38)
was primarily due to a modest trend in control/ samples (gray). In the “diseased” range of
AB42:T-Tau between 0 and 2, where most of the AD(orange) and MClI(blue) samples lie,
there was no appreciable correlation (0.17) between the trending miRNAs and AB42:T-Tau
levels. Lines show the empirical trends: for NC there was a weak, but consistent positive
relationship, and for AD and MCI the lines show random sampling fluctuations, but no
apparent correlation.
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Fig. 5.

Tagrget prediction pipeline for 5 trending miRNAs. Workflow of the target prediction
analysis. The 5 trending miRNAs were queried using TargetScan 7.2 with a CWCS of <-0.3
and miRDB with a target score >60. The Venn diagram shows the overlap in miRNA targets
predicted by TargetScan 7.2 and miRDB. The pathways of the 1214 predicted mRNA targets
were identified using IPA: 353 of the targets were found in 214 significant pathways.
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The table includes the sex, age, MMSE, and AB,4, and T-Tau measures for 133 study participants. APOEe4

genotype was available for 131 participants. Sex ratio and age distribution was matched across groups to the
best of our ability in order to mitigate the risk of associations between miRNA markers and diagnosis being
confounded by these factors. Examination of each miRNA for association with each factor, both overall and

Participant characteristics.

Table 1.

within diagnostic groups, revealed no hints of confounding.

NC MCI AD All
Sex Male 27 (41.5%) 19 (61.3%) 23 (62.2%) 69 (51.9%)
Female 38 (58.5%) 12 (38.7%) 14 (37.8%) 64 (48.1%)
Al 65 31 37 133
AgeatLp Male 27 (735%5.1) 19 (75.245.8) 23 (74.249.7) 69 (74.2+7.0)
Female 38 (72.7+4.8) 12 (75.647.2) 14 (67.7+9.8) 64 (72.1£7.0)
All 65 (73.0+4.9) 31 (75.446.3) 37 (71.8+10.1) 133 (73.247.1)
MMSE at Lp Male 27 (28.9+1.2) 19 (26.8+1.5) 22 (22.743.8) 68 (26.3+3.6)
Female  38(29.2+13) 11 (27.1£1.6) 14 (19.745.1) 63 (26.7+4.7)
Al 65 (29.1+1.2) 30 (26.9+1.5) 36 (21.6+4.5) 131 (26.5+4.1)
A Male 26 (724.8+332.6) 18 (564.1+351.1) 21 (337.84202.4) 65 (555.2+340.5)
Female 33 (708.9+311.8) 12 (431.0£209.6) 8 (349.4+177.7) 53 (591.7+311.6)
Al 597159+318.4) 30 (510.8+305.5) 29341.0+192.8) 118 (571.6+327.0)
S Male  26(291.2+134.2) 18 (592.8+303.6) 21 (580.2+278.9) 65 (468.1+277.6)
Female 33 (397.4+237.8) 12 (538.042155) 8 (965.3+456.1) 53 (515.0+335.7)
All 59 (350.6+204.4) 30 (570.9+269.1) 29 (686.5+371.8) 118 (489.2+304.6)
ABay: T-Tau Male 26 (2.8+1.3) 18 (1.4+1.2) 21 (0.9+1.4) 65 (1.8+1.6)
Female  33(24%17) 12 (1.0+0.8) 8 (0.5+0.6) 53 (1.8+1.6)
All 59 (2.6+1.5) 30 (1.2+1.1) 29 (0.8+1.3) 118 (1.8£1.6)
Mean (AB): Mean (T-Tay) © Ma€ 26 (2.520.3) 18 (1.00.2) 21 (0.620.1) (65)1.2+0.1
Female  33(1.80.2) 12 (0.840.2) 8 (0.40.1) (53)1.1+0.2
Al 59 (2.0£0.2) 30 (0.920.1) 29 (0.5+0.1) 118 (1.2+0.1)
APOEe4 Alleles (0-2) 0 43 (66.2%) 12 (40.0%) 18 (50.0%) 73 (55.7%)
1 18 (27.7%) 14 (46.7%) 12 (33.3%) 44 (33.6%)
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NC MCI AD All
2 4 (6.2%) 4 (13.3%) 6 (16.7%) 14 (10.7%)
All 65 30 36 131

freporting N (mean%SD)

’treporting N (mean+SE)
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Table 2.

Measures for validated AD miRNA:s.

Page 28

The table reports the quantitative and statistical measures of 15 of the 17 miRNAs examined in each group,

along with their Cq trend pattern.

MiRNA % Detected Median + IQR Expression Median Fold Change vs NC Cq Trend
Level [95% bootstrap CI] Pattern
(nﬂgn (r':’fé'z) (nA:'g?) NC MCl AD MCl AD
miR-142-3p  9B5%  969%  973% i igg a6 [0.407'?13.44] [0.26,?18] TREND
miR-146b-5p  98.5%  93.8%  89.2% 4i§foi 4f§7t 4.1?;1; [0.502'?11.24] [0.481'?17.02] TREND
miR-l4625p  955%  969%  865% oot Ppr %P [0.408‘,810.32] [0.306,712.43] TREND
miR-365a-3p  955%  84d%  865% o 0w 33 [o.zoz'jlfo A 0. 202.%3.85] TREND
MiR-193a-5p  OLO%  906%  BL1%  pee  rar  Gof 0. 4%?1‘?33] . &7312] TREND
miR-19b-3p  1000%  1000%  1000% oot %7er e [0.50(5?10.63] [0.507',811.14] e
miR4ga®  1000%  e6a% 100w  0F  SfRE S5 [0.814?23. 10] [0.814i,219.97] ANE
mR10S) 8219  750% e Hof  GEE AUE 8 [0.11.0.89] MCHNC
miR3313p  493%  469%  405% ot Cpget %N [0.0%2(1).13] [0.0411;(2)2.76] MSEJZ o
mR-2233p  1000%  1000% 1000% Cgot O G [0.815.,214.82] [0715?193 " NO TREND
miR-30a-3p  97.0%  1000%  oLow  aE  ABE 4TIk [0_404?10.47] [0. 503?12_47] NO TREND
miR-378a3p  687%  T50%  784%  Son s ALE 0. 412"&?59] 0. 414"232_ . NO TREND
miR-584-5p  1000%  1000%  973% oo o0 340k [o.slé,lfsm [0.7%?17_35] NO TREND
miR5975p  955%  969%  973% oo AOE 290 0. 406,71Afs A . 612"1;08] NO TREND
miR-15b5p  403%  469%  207% 00k 000 - OO0 [o.oé;gg. 2] 0. 111'%992] NO TREND

*
5 of 136 samples (2 NC, 1 MCI, 2 AD) failed quality control for this miRNA.

Ak
The trend is visible in the normalized Cq values and in the pattern of percent detections, but not on the expression scale where censored values

are set to zero.

J Alzheimers Dis. Author manuscript; available in PMC 2022 July 07.



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuep Joyiny

Sandau et al. Page 29

Table 3.
Classification performance of combinations of AD-MCI trending miRNA biomarkers,

AB42:T-Tau, and APOEe4 status.

The boost in the area under the receiver operating characteristic curve (AUC) from adding the trending
miRNAs to combinations of the existing predictors is shown as a change in AUC. The miRNAs dramatically
outperformed APOEe4 for either diagnosis and added value to an Ap4,:T-Tau prediction of AD. The boost
was even more robust for MCI, where AB42:T-Tau levels were less predictive of MCI than AD. APOEe4
added little or nothing to models already containing AB4:T-Tau information. Omnibus tests of the one-sided
hypotheses showed that the trending miRNAs uniformly improved prediction of disease status (i.e. positive
change for all 3 models considered, accounting for dependencies among the models) return p-values of 0.024
for MCI and 0.039 for AD.

Marker Combinations MCI vs. NC AD vs. NC
AUC Change AUC Change
Trending miRNAs  0.705 0.770
APOEe4 0.639 0.620

APOEe4 + Trending miRNAs 0.713  +0.074 (p=0.176) 0.772  +0.152 (p=0.037)

AP T-Tau 0.758 0.867
AByp:T-Tau  + Trending miRNAs  0.813  +0.055 (p=0.051) 0.903  +0.036 (p=0.113)
ARy T-Tau APOEe4 0.756 0.881

ABgT-Tau  + APOEe4 + TrendingmiRNAs 0.819  +0.063 (p=0.027) 0.898 +0.017 (p=0.414)
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Table 4.
MiRNA target prediction.

The table lists the significant pathways containing RAC1, a protein known to be involved in AD and predicted
to be targeted by 4 of the 5 trending miRNAs.

Ingenuity Pathways —log(p-value)
Neural Axonal Guidance Signaling 6.24
Synaptogenesis Signaling 4.82
HGF Signaling 481
NGF Signaling 4.65
Opioid Signaling 4.06
Endocannabinoid Developing Neuron 3.06
GNRH Signaling 2.79
Reelin Signaling in Neurons 2.55
Amyotrophic Lateral Sclerosis Signaling 2.37
Glucocorticoid Receptor Signaling 2.29
Netrin Signaling 2.22
Glioma Invasiveness Signaling 1.86
Agrin Interactions at Neuromuscular Junction 1.68
Semaphorin Signaling in Neurons 1.46
Glial GDNF Family Ligand-Receptor Interactions 451
Immune Related | Systemic Lupus Erythematosus in B Cell Signaling 6.98
fMLP Signaling in Neutrophils 4.55
B Cell Receptor Signaling 4.49
STAT3 4.16
CCR3 Signaling in Eosinophils 4.15
CXCR4 Signaling 3.82
IL-3 Signaling 3.71
Fc Epsilon RI Signaling 3.46
Natural Killer Cell Signaling 3.37
Regulation of IL-2 Expression in Activated and Anergic T Lymphocytes 3.19
IL-8 Signaling 3.15
PI3K Signaling in B Lymphocytes 3.10
Sphingosine-1-phosphate Signaling 2.98
Macropinocytosis Signaling 2.75
iCOS-iCOSL Signaling in T Helper Cells 231
Fcf 3 Receptor-mediated Phagocytosis in Macrophages and Monocytes 2.03
Leukocyte Extravasation Signaling 1.85
pPKcl, Signaling in T Lymphocytes 1.83
T Cell Receptor Signaling 1.70
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Ingenuity Pathways —log(p-value)
HMGBL1 Signaling 1.61
CD28 Signaling in T Helper Cells 1.33
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Table 5.
Performance of CSF miRNAs across biomarker studies.

Rank reflects our initial prioritization of the miRNAs as biomarker candidates in our discovery study
(1=highest); the ranks of tied miRNAs were averaged. Viability on retest (Viable) indicates whether or not
(Y=yes or N=no) the miRNA proved to be reliably measurable and robustly expressed in a validation cohort
to a degree sufficient to warrant further consideration as a biomarker. Validated for AD (Validated) indicates
whether or not the miRNA demonstrated continued biomarker potential as a significant contributor to AD
classifier models in the validation cohort. The MCI-AD trend (Trend) classification is as in Table 2 and Figure
4. Additional notes reflect our current subjective assessment of the character and value of the miRNA as a
biomarker for MCI or AD.

MiRNA Rank Viable Validated Trend Notes
miR-15b-5p 25 Y Y NO TREND Probably decreased in AD, but with large variance and often not expressed
miR-16-5p 125 Y N Often decreased in AD, but not consistently across cohorts
miR-19b-3p 7 Y Y AD+'|:|/I((::I VS. Decreased equally in MCI and AD
miR-24-3p 10 Y N Often decreased in AD, but not consistently across cohorts
miR-26b-5p 155 N N Tended to be decreased in AD, but rarely expressed
miR-27b-3p 325 N N Tended to be decreased in AD, but rarely expressed
miR-28-3p 23 Y N Unclear directionality of change in AD
miR-29a-3p 125 Y N Often decreased in AD, but not consistently across cohorts
miR-30a-3p 155 Y Y NO TREND Probably decreased in both MCI and AD, but with unclear ordering
miR-30d-5p 26 N N Tended to be decreased in AD, but rarely expressed
miR-125b-5p 17 Y N Often decreased in AD, but not consistently across cohorts
miR-140-5p 125 Y Y AD vs. Decreased in AD, but not MCI

MCI+NC
miR-142-3p 1 Y N TREND Decreasing as NC > MCI > AD;
miR-143-3p 9 Y N Tended to be decreased in AD, but often not expressed
miR-145-5p 20 Y N Often decreased in AD, but not consistently across cohorts
miR-145-3p 20 N N Tended to be decreased in AD, but rarely expressed
miR-146a-5p 18 Y Y TREND Decreasing as NC > MCI > AD
miR-146b-5p 22 Y Y TREND Decreasing as NC > MCI > AD
miR-193a-5p 6 Y Y TREND Decreasing as NC > MCI > AD
miR-195-5p 27 Y N Often decreased in AD, but not consistently across cohorts
miR-202-3p 325 N N Tended to be increased in AD, but rarely expressed
miR-223-3p 24 Y Y NO TREND Increased in MCI and AD, but with large variance
miR-328-3p 125 Y N Often decreased in AD, but not consistently across cohorts
miR-331-3p 325 Y Y AD vs. Decreased in AD but not MCI

MCI+NC
miR-340-5p 4 N Very rarely expressed; unclear directionality of change in AD
miR-365a-3p  32.5 Y Y TREND Decreasing as NC > MCI > AD
miR-378a-3p 8 Y Y NO TREND Increased in MClI and AD, but with large variance
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MiRNA Rank Viable Validated Trend Notes
miR-484 325 Y Y AD+m§:I Vs. Increased equally in MCI and AD
miR-519b-3p 20 N N Technical problems with amplification in all trials; probe seems unusable
for CSF
miR-520b 5 N N Very rarely expressed in any condition, but more likely to appear in AD
miR-532-5p 28.5 Y N Tended to be decreased in AD, but often not expressed
miR-584-5p 36 Y Y NO TREND Probably increased in both MCI and AD, but with unclear ordering
miR-590-5p 325 N N Tended to be increased in AD, but rarely expressed
miR-597-5p 3 Y Y NO TREND Tended to be increased in AD, but with large variance
miR-603 28.5 N N Tended to be increased in AD, but rarely expressed
miR-1291 2 N N Very rarely expressed in any condition, but more likely to appear in AD
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