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Abstract

Archived specimens, taken by standardized procedures in clinical practice, represent a valuable
resource in translational medicine. Their use in retrospective molecular-based studies could provide
disease and therapy predictors. Microfluidic array is user-friendly and cost-effective method allowing
profiling of hundreds of microRNAs from low amount of RNA. However, even though tissue
microRNAs may include potentially robust biomarkers, non-uniformed post-analytical pipelines
could hinder translation into clinics. In this study, epidermal RNA from archival skin biopsy
specimens was isolated from patients with peripheral neuropathy and healthy individuals. Unbiased
miRNA profiling was performed using RT-gPCR-based microfluidic array. We demonstrated that
RNA obtained from archival tissue is appropriate for miRNA profiling, providing evidence that
different practices in threshold selection could significantly influence the final results. We showed
the utility of software-based quality control for amplification curves. We revealed that selection of
the most stable reference and the calculation of geometric mean are suitable when utilizing
microfluidic arrays without known references. By applying appropriate post-analytical settings, we
obtained miRNA profile of human epidermis associated with biological processes and a list of
suitable references. Our results, which outline technical and post-analytical considerations, support
the broad use of archived specimens for miRNA analysis to unravel disease-specific molecular

signatures.

Introduction

Discoveries of microRNA-driven mechanisms of post-transcriptional gene regulation have resulted
with identification of molecular signatures associated with specific patient characteristics and enabled
their entrance into clinical setting as powerful disease-specific biomarkers and potential
pharmaceutical targets. ** This research field is particularly advanced in cancer and is associated with
access to fresh surgical tissues required for molecular profiling, while in plethora of clinical fields,

neurology included, specific studies need to be designed and specimens taken exclusively for study
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purposes. However, efforts have been made to assess archived specimens, taken for diagnostic
purposes, and their quality and utility for molecular profiling, >® which paved new avenues for
molecular-based retrospective studies on archived specimens taken for diagnostic purposes or in
clinical trials.

Small fiber neuropathy (SFN) is a disease of the sensory system, affecting mainly unmyelinated and
thinly myelinated nerve fibers, and it is often accompanied by neuropathic pain.>*? For the past 30
years, evaluation of cutaneous innervation is one of the few diagnostic tests used for establishing the
diagnosis of SFN*2. In the pain clinics, skin biopsy tissues are routinely collected and analyzed to aid
treatment selection or as the inclusion criteria for novel pharmacological trials, making available
valuable tissue biobanks. Molecular signatures of the targeted tissue, such as skin biopsy in the case
of SFN, associated with trial outcomes could provide novel cues and potentially increase rate of
responders by highlighting predictors of treatment response in the clinical practice.’®* MicroRNAs
could represent robust tissue biomarkers and advance pain research and patient management.

Even though potential miRNA candidates have been identified, conflicting findings across studies
and poor clinical translation remain.*® The motives could be various, from the features of the clinical
cohorts investigated, to different post-analytical methodological approaches. The latter has been
emphasized by other researchers that advocated for the standardization of miRNA profiling settings
when utilizing microarrays to achieve inter-laboratory agreement and reproducibility. >

Currently, one of the most widely and cost-efficient TagMan-based methodologies for low-quantity
starting material miRNAs profiling is the RT-gPCR microfluidic array. This is a highly sensitive and
accurate technique enabling the identification of hundreds of miRNAs from samples yielding a low
quantity of RNA.Y" However, post-analytical settings can affect results and must be considered.
Firstly, when generating data from the RT-gPCR systems, the threshold needs to be determined to
generate the quantification cycle (Cq) for each amplified curve.!®1® Several threshold algorithms
could be selected, considering the number of analyzed samples and targets and should be determined

according to the guidelines for the specific array and reported in the publication for data
3
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reproducibility. Secondly, relative expression analysis should be applied only to the targets with
reliable amplification curves. RT-gPCR instruments are supplied with running and analysis software,
that allow users to set the threshold and provide scores for automatic quality check (QC) filtering of
amplification curves. When QC is not applied, the use of unreliable curves for further analysis could
result in false positive data production. Finally, the accurate determination of the relative levels of
miRNAS requires normalization using a reference or endogenous control that should ideally be
constant, stable, unregulated, and unaffected by experimental conditions. For this reason, it should be
selected considering its quality and stability in the sample of interest and studied groups.?’ Variables
that can influence stability are affected by the experimental settings, the origin of the tissue sample
and its heterogeneity, the quantity and stability in different specimens, and the sample handling and
storage.?"%

With this study, we aimed to provide post-analytical pipeline for microfluidic array-based miRNA
profiling in archived specimens, identifying several key steps that need to be considered when
analyzing hundreds of miRNA amplifications in microfluidic system. We compared analysis using
the post-analytical settings most widely used in literature and observed significant influence on final
results, applied in the illustrative experiment on RNA isolated from fixed skin biopsy tissue, derived
from healthy controls and patients suffering from neuropathic pain caused by different aetiologies.
Therefore, this analysis was not aimed at discovering differentially expressed miRNAs related to the
pathology but provides indications for critical post-analytical approaches for threshold setting, quality
control, and endogenous selection. Finally, to improve the knowledge on the molecular mechanisms
that regulate epidermis we provided miRNA profile and a list of stable reference miRNAs that could

serve as references in single assay-based future studies.

Results
We used RNA samples extracted from the epidermal part of skin biopsy from 31 neuropathic pain

patients versus 19 healthy controls as a showcase.
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To contribute toward more unified settings, we described and compared 1) the most widely used
thresholds for Cq generation, 2) amplification curve quality check options generated by the RT-gPCR
instrument, useful for the identification of reliable amplifications and 3) tools for endogenous miRNA
selection (Figure 1). Applying the post-analytical settings, we provided a comprehensive overview

of human epidermal miRNA profile.

Threshold algorithms setting and amplification curve quality check

Firstly, we analyzed the raw data by setting all three threshold algorithms: automatic baseline, manual
baseline fixed at 0.2, and relative threshold (Crr), (Figure 2A). The manual fixed is set by the user
in the linear portion of the amplification curves (default=0.2.) The automatic threshold is
automatically determined by the instrument, one for each miRNA of the experiment. For the relative
threshold (Crr), using an empirically predetermined reference fluorescence value and a proprietary
algorithm, a common point on the reaction efficiency curve is identified and used to map back to the
original amplification curve. The Crr is the method of choice, recommended by ThermoFisher, when
dealing with hundreds of targets, (Figure 2A)%.

Since only reliable amplification curves should be used for further analysis, we evaluated the aspects
of amplified curves, comparing the quality check (QC) scores. The major advantage of this quality
check is the automatic filtering when handling hundreds of amplifications in a single run, where the
visual inspection is impractical and very time-consuming. Considering ampScore>1 and CqConf >0.8
as thresholds for good amplification, we checked the curves with a different type of scores (Figure
2B). With AMPscore>1 and Cqconf> 0.8 we observed a high linear region rise, confirming the
association with strong amplification. When one, or both, parameters are under cut-off, the curves do
not have a linear region resulting in non-reliable amplification (Figure 2B). Setting this threshold
reliably substitutes time-consuming manual inspection of the single amplification curve helping to

resolve ambivalent data. After the quality check, the miRNAs with good quality values
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(AmpScore>1, CqConf>0.8) are 551 (73.1%) for Crr, 547 (72.5%) for automatic, and 547 (72.5%)

for the manually set threshold.

Comparison of threshold settings

For all three threshold algorithms, we compared the number of amplified miRNAs and the raw Cq
values, after selecting only curves with good quality check values (AmpScore>1, CqConf>0.8). We
considered only miRNAs that are expressed in at least 90% of samples (Call Rate>90%). Considering
different call rate categories (90-92-94-96-98-100%), we noted that there was no great difference
between the three thresholds considering the cumulative number of expressed miRNAs. The
percentage of mMiRNAs with reliable amplification in 100% of samples in Crt was 8.7%, in automatic
threshold 9.0%, while slightly fewer miRNAs (8.2%) were detected when applying manually fixed
threshold (Table 1).

We considered an extra level of quality filter, by excluding miRNAs with a median expression of
Cg>32: percentage of barely expressed miRNAs in Crr was 5% (N=6 miRNASs), in automatic
threshold 3.4% (N=4), while we observed the 1.7% (N=2) when applying a manually fixed threshold.
Indeed, the previous filters based on amplification curve quality and call rate threshold (90%) ensure
that only reliably amplified miRNAs will be included in downstream analysis (N=115 for Crt, N=116
for automatic and N=117 for manually set threshold).

To inspect differences among the three threshold algorithms, we compared the raw Cq values of
mMiRNAs that passed quality filters. We observed that the distribution of Cq values generated with the
manually fixed threshold at 0.2 was significantly different when compared with the values generated
with other two thresholds (automatic and Crr). Kruskal-Wallis rank sum test with Dunn’s test post-
hoc analysis was used for multiple comparisons (Table S3). In Figure 2C, we reported as an example
the distribution of Cq values for the different threshold algorithms for the miRNAs with Kruskal p-
value<0.01, showing a different distribution, particularly in the manually fixed one.

Reference miRNA selection in human epidermis
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Many variables can influence the endogenous selection such as the experimental settings, the origin
of the tissue sample and its heterogeneity, the quantity and stability in different specimens, and the
sample handling and storage. Thus, the stability of reference miRNAs needs to be checked in each
experimental condition. To address the variability issue in the presented experimental system, we
followed two main strategies using as input only the miRNAs expressed in all samples (call rate
100%): 1) identification of stable endogenous miRNAs according to stability ranks and 2) the
calculation geometric mean by card, as a normalization factor. To evaluate the expression stability of
reference miRNAs, different statistical algorithms such as BestKeeper, delta Ct, geNorm,
Normfinder, and RefFinder, were employed. Given that the suggested endogenous controls indicated
by ThermoFisher (U6, RNU48, RNU44) resulted not stable after stability evaluation or were not
expressed in all samples, we considered miRNAs that were top ranked by the major part of the applied
algorithms (Table S4). In pool A, Delta Ct, NormFinder and RefFinder equally ranked miR-200c-
002300 (hsa-miR-200c-3p) as the most stable miIRNA whereas BestKeeper and GeNorm showed
inverted places in the rank of mMiIRNAs not concordant within each other. In pool B, miR-99b#-002196
(hsa-miR-99b-3p) emerged as the most suitable normalization control according to all tested
algorithms. The same endogenous were selected for Crr and automatic baseline threshold whereas
hsa-miR-193b-002367 (poolA) and U6-snRNA-001973 (poolB) resulted more stable with manually
fixed threshold selection (Table S4, Table S5).

As a second normalization approach, the geometric mean of Cq values was calculated in both pools
averaging all miRNAs.

The results obtained with two normalization approaches gave consistent results when the expression
values of selected endogenous controls and the global geometric mean of the entire plate were
compared. Figure 3A shows high correlation comparing geometric mean values with the expression
values of best stable miRNAs, hsa-miR-200c-3p (R=0.98, p-value=2.2e-16) and hsa-miR-99b-3p

(R=0.84, p-value=1.4e-14).
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Additionally, we evaluated the distribution of the best-suited reference miRNAs versus global
normalization via geometric mean, comparing the disease and the healthy control groups (Figure
3B). In cards B, the global values of geometric mean do not appear to be stable among the studied
groups (p=0.041). The recommendation is to evaluate the averaged values of geometric mean by
comparing the inter- and intragroup values. On the contrary, we demonstrated that the RefFinder was
able to calculate and rank the comprehensive stability values by considering intragroup and intergroup
variation, to select candidate reference miRNAs.

Furthermore, applied post-analytical pipeline allowed to rank and identify reference miRNA
candidates in human skin epidermis (Table S5). The top 10 most stable miRNAs, whose Cq
distribution is shown in Figure 3C, could be considered as first-choice references in other TagMan-

based assays, using this type of tissue.

Relative expression analysis

The differential expression (DE) of miRNAs was calculated using the relative quantification (RQ)
method applying the 24t approach 8 with healthy controls used as the reference group (Table S6).
To test the effect of post-analytical settings on results, the relative expression analysis was applied to
datasets generated with all three thresholds: manually fixed, automatic and Crr (Table S6). The
relationship among results, obtained with different settings, was investigated with correlation matrix
considering FC and p-value (Figure 4). The analysis shows that values obtained with Cgrt and
automatic threshold highly correlate (FC, R=0.92, Figure 4A; p-value, R=0.93, Figure 4B), even
though they do not completely overlap considering the rank of best DE miRNAs (Table S6). On the
contrary, data generated with manually fixed threshold result significantly different from the other

two settings, particularly in terms of statistical significance (R=0.26-0.28, Figure 4B).

MiRNAs expressed in human epidermis
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A secondary objective of this study was to evaluate if stored skin biopsy samples could be used for
miRNA profiling and allow retrospective analysis applying the latest innovative approaches,
particularly in the area of neuropathic pain and dermatological conditions for which these samples
are taken as part of the standard diagnostic procedure, 0122526

To provide a comprehensive list of miRNAs expressed in human epidermis from fixed skin biopsy,
we considered only data from healthy subjects. Out of the 754 miRNAs included in the cards A+B,
469 (62%) showed detectable expression in skin epidermis and passed quality filters. The details are
reported in Table S7.

For target genes analysis of miRNAs present in at least 95% of healthy subjects, an in-silico prediction
analysis of experimentally validated miRNA-gene interactions was performed by DIANA-TarBase,
selecting 484 target genes reported in skin. We performed an over-representation analysis of Gene-
ontology (GO) Biological Processes and Molecular Functions starting from the list of miRNA-targets.

The GO enriched terms are represented in Figure 5 and listed in Table S8.

Discussion

Archived specimens represent a unique snapshot of the patient’s biology in a specific time period,
associated with clinical characteristics collected for diagnostic purposes. One of the most valuable
characteristics of archived specimens is their large number. The ability to study molecular changes
from large patients’ cohorts within the same pathology and correlate results with the clinical signs of
that specific moment is a game changer in biomarker discovery. Many advanced techniques
nowadays are optimized for archived specimens®#2"-2 nonetheless due to their user-friendliness and
cost-effectiveness, RT-qQPCR-based approaches are the most widely used. RT-qPCR based
microfluidic cards are user-friendly nanoliter-scaled techniques, that enable the detection of hundreds
of miRNAs simultaneously, starting from as little as 1pg of total RNA. This method is easily applied
in a standard molecular laboratory, equipped with either a fast or standard Real-Time PCR System.

Alternative miRNA profiling methods are available, such as SYBR green approach. However,
9
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TagMan technology has the advantage of higher specificity. Unlike SYBR-green based approaches,
which utilize a non-specific intercalating dye for target detection, TagMan Advanced miRNA assays
utilize a TagMan MGB probe that is specific only for the miRNA of interest. Another shortcoming
of SYBR-based approaches is sensitivity, especially in challenging sample types such as fixed skin
biopsies. Microfluidic cards, as a nanoliter-scaled technique, save not only 75% reagents, but also
sample volume compared to a standard 96 well plates needed for SYBR green approach. Since
microfluidic technology differs greatly when compared with single-assay approach, considering the
increased number of targets and sample volume, careful data elaboration is required. Thus, as with
every gPCR-based technique, a rigorous procedure must be followed when planning and performing
experiments to allow inter- and intra-laboratory reproducibility.?%%

To contribute towards more unified standards for microfluidic RT-gPCR based miRNA profiling, we
focused on reviewing and comparing post-analytical settings that we found highly heterogeneous in
published literature. As a showcase, a miIRNA profiling experiment on RNA extracted from fixed
skin biopsy samples was used to provide the stepwise post-analytical procedure.

In this study, we showed that stored skin biopsy samples, used in standard diagnostic procedures,
could be further used for miRNA profiling, yielding an overview of miRNAs expressed in the
epidermis (Table S7), improved knowledge of biological processes that regulate this tissue (Table
S8) and a list of possible reference miRNAs that could serve as a first-choice normalization for future
relative expression experiments in this tissue (Figure 6, Table S5).

Selection of a robust normalization strategy is mandatory; when utilizing microfluidic RT-qPCR
arrays containing hundreds of probes in a sample without known references, two strategies have been
proven to be suitable and coherent: a) selection of the most stable reference miRNA based on stability
ranking and b) calculation of global geometric mean after evaluation of intergroup stability. We
observed a low stability ranking of U6, making it not suitable as an endogenous control for
normalizing relative quantification data in epidermal tissue. This could be due to structural

differences between snRNAs made of 150 nucleotides compared to miRNAs length ranging from 20
10
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to 24 nucleotides. Other authors supported this hypothesis with numerous miRNA profiling studies
providing tissue-specific miRNA reference candidates.3!-3

We showed that the initial software-generated amplification curve quality check is helpful to replace
the time-consuming manual inspection, in this type of experiment, to discard amplification curves
with low quality. In discovery experiments it is important to identify robust molecules, therefore
another visual inspection is recommended once the candidate molecule is identified after ddCt
analysis, to make sure that the amplification satisfies all standards.3*3> When analyzing the RT-qgPCR
microfluidic card studies from January 2019 until September 2022, we noted that QC filtering was
never mentioned, leaving the doubt if even applied. The latter could result in false positive data
production, biased using unreliable amplification curves, thus affecting data reproducibility.

As an additional quality filter, many manufacturers suggest setting the cut-off value for Cq at 32"
cycle. However, by fixing a cut-off value for Cq, we risk omitting low-expressed miRNAs in
downstream analysis, even if they may have biological relevance in distinguishing patients from
healthy controls. An appropriate solution to limit this risk is to consider as cut-off value the median
miRNA Cq.

With this work, we revealed how threshold selection has a significant impact on results, particularly
when using a fixed threshold (Figure 5).

A key attribute of the real time qPCR-based study is a good amplification specificity and efficiency.
In this study, we have not evaluated these parameters. However, previously published works
experimentally showed that miRNA TagMan assays are specific for mature miRNAs and able to
discriminate miRNAs even if their sequence uniqueness is based only on 1 nucleotide change.®¢%
Furthermore, the use of stem-loop technology is the most efficient technology on the market.*’
Microfluidic array used in this study contained manufacturer validated miRNA primers.3 Archived
specimens represent valuable resources in clinical research, which is proven by the fact that novel
molecular techniques are optimized considering the limitations of this type of sample.>"2"283° RNA

in fixed and archived samples is usually highly fragmented requiring preliminary RNA quality and
11
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integrity analysis before performing expensive and highly sensitive experiments.?’4° However,
previously published experiments highlighted that miRNAs are usually not affected by fragmentation,
being themselves around 20 nucleotide-long fragments. Furthermore, their short sequence makes
them more stable and robust over time.3*#! To date, techniques suitable to evaluate the quality and
quantity of miRNAs are limited and when starting new experiments, researchers are left with try-and-
error methods. Here, we showed that RNA extracted from archived fixed specimens represents a good
resource to quantify miRNAs utilizing TagMan microfluidic array approach.

A potential limitation of the study is the use of a case sample composed of patients with different
etiologies, which prevents the identification of disease-specific miIRNA candidates. However,
considering that the primary aim of this study was to probe post-analytical settings and draw
meaningful conclusions regarding the analysis pipeline, we included all the available RNA samples
derived from the same tissue type and collection period. For this reason, we showed biological
processes only in healthy controls, since the use of a not homogeneous phenotype could lead to the
identification of misleading pathways related to DE miRNAs.

We emphasize that the consideration of this overview could provide more uniform, comparable, and

reliable results in microfluidic array RT-gPCR-based investigations.

Methods

Study cohort

We performed an unbiased miRNA profiling of 754 miRNAs in skin biopsies from 31 patients with
painful peripheral neuropathy and 19 healthy controls recruited in Fondazione IRCCS Istituto
Neurologico “Carlo Besta” of Milan, Italy (FINCB) and Maastricht University Medical Center+
(Maastricht UMC+), Maastricht, The Netherlands (Table S1). The study was approved by the local
Ethical Committee (November 7%, 2018, approval no. 56) of the Fondazione IRCCS Istituto

Neurologico “Carlo Besta” of Milan, under the PAIN-net project (grant agreement number 721841).

12
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All experiments were performed in accordance with relevant guidelines and regulations. Written

informed consent was obtained from each participant.

Skin biopsy

All skin biopsies were collected at the distal site of the leg, within the territory of the sural nerve,
during the neurological visit according to standard procedures using a disposable punch with 3mm
diameter.*? The biopsies were handled following the standard diagnostic procedure, starting with
fixation in 2% periodate-lysine-paraformaldehyde (PLP) overnight, serial sectioning in 50 mm
sections, and stored free floating in the in house-made antifreeze solution (30% glycerol, 30%

ethylene glycol, 20% ddH:0, and 20% PBS 0.1M) at -20°C.

RNA isolation

Total RNA was isolated from the epidermis of two 50 mm sections per subject, after tissue dissecting
under the microscope, using TruXtract FFPE total NA kit — column (Covaris, cat.no. PN520220) and
PureLink™ FFPE Total RNA Isolation Kit (Invitrogen, cat.no. K1560-02), according to the
manufacturer’s instructions. Both kits are designed for efficient extraction of nucleic acids from fixed
tissue samples and resulted in high yields of high-quality RNA well suited for analytical methods
such as next-generation sequencing (NGS) or gPCR/RT-gPCR. The RNA purity and concentrations
were measured by NanoDrop ND-1000 Spectrophotometer (Thermo Fisher Scientific) before the
preparation of the miRNA array. All RNA samples achieving adequate purity ratios (A260/A280 =

1.7-2.0) were used for subsequent analysis (Table S2).

MiRNA profiling
miRNA expression analysis was performed using TagMan™ Array Human MicroRNA A+B Cards
(Thermo Fisher Scientific) containing 754 miRNAs. Each array includes three TagMan MicroRNA

Assay endogenous controls to aid in data normalization (RNU44-001094 N=1 per card, RNU48-
13
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001006 N=1 per card, U6 sSnRNA-001973 N=4 per card) and one TagMan® MicroRNA Assay not
related to human as a negative control (assay ID 000338, ath-miR-159). Fifteen ng of total RNA was
reverse transcribed using Megaplex™ RT Primers, Human Pool A v2.1 and Megaplex™ and RT
Primers and Human Pool B v3.0. cDNA was pre-amplified using Megaplex™ PreAmp Primers,
Human Pool A v2.1 and Megaplex™ PreAmp Primers, Human Pool B v3.0, respectively, according
to the manufacturers’ instructions. The pre-amplification products were diluted in 75ul of 0.1x TE
buffer, pH 8.0, and used for the RT-gPCR reaction. PCR reaction mix was prepared using 9ul of the
diluted pre-amplification product, 450ul TagMan™ Fast Advanced Master Mix and 44 1ul Nuclease-
free water. Each reservoir of the card was loaded with 100ul of the PCR mix and centrifuged. RT-
gPCR experiments were performed on VIIATM 7 Fast Real-Time PCR System (Thermo Fisher
Scientific), following the recommended cycling protocol: enzyme activation at 92°C for 10 min,
followed by 40 cycles of denaturation at 95°C for 1 sec and annealing at 60°C for 20 sec. The reaction

volume of each micro-well was 1ul.

Threshold algorithms

The threshold is the level of fluorescence above the baseline and within the exponential growth region
of the amplification curve. The Cq value is the fractional cycle at which an amplification plot crosses
the fluorescence threshold.*® The two definitions are fundamental in every gPCR experiment,
however, there are substantial differences in their generation and application. Namely, the number of
analyzed targets, samples, and diversity among them, as well as the technology used must be
considered in every experiment. There are several possibilities when it comes to threshold setting.
The most common procedure of quantification is referred to as the Ct method, or “baseline threshold”
method, where the threshold could be manually or automatically set. An alternative method called
the Crr, or the “relative threshold” method, has proven to be more robust for analyzing data from

microarray data.?*
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The manually fixed threshold is usually applied for low number targets. The users can set the log
view of generated amplification plots to determine the background-derived signal plots (first cycles)
and put the threshold to the closest point where the background signal is not crossing it.

The automatic threshold is set automatically by the instrument, one for each curve/miRNA of the
experiment. It is based on the assumption that data exhibit a typical amplification plot with plateau
phase, linear phase, exponential or geometric phase and baseline. The baseline threshold algorithm
subtracts a baseline component and sets a fluorescent threshold in the exponential region for miRNA
quantification. It is easy to use but it can lead to inadequate quantification if the curves are not in
sigmoid shape.

The most recent algorithm, the relative threshold (Crt) method is recommended by the manufacturer.
It calculates Crr values for each amplification curve, and no information is needed from the other
curves. The amplification curve is first set to a relative scale by setting the minimum relative
fluorescence value to 0 and the maximum value to 1. A reaction efficiency curve (model) is created
for each amplification curve. A reference efficiency level is used to find the fractional cycle where
efficiency curve (model) reaches a specific value. Then the fluorescence level is determined, and the
relative fluorescence threshold is calculated. Crt is computed as the fractional cycle where the
amplification curve crosses relative fluorescence threshold. When it comes to array technology
allowing the analysis of hundreds of targets, this is the method recommended by ThermoFisher
(TagMan™ miRNA Array Human MicroRNA A+B Cards Set protocol), since it facilitates analysis
of amplifications in low volume reaction, analysis without passive dye normalization, and high
throughput analysis tuned to a high number of reactions. This method takes all of the curves for a
particular target into account (Assay based analysis). There is no need to define a baseline for the
curves since the Crr algorithm obtains a Cq value that is not dependent on the threshold value. The
automatic threshold and Crt methods are based on proprietary algorithms (Thermo Fisher Scientific).
In this work, all threshold settings were applied in DataConnect cloud through Design and Analysis

software (DA2) (Thermo Fisher Scientific, online version).
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Amplification curve quality check

As a measure for amplification quality when handling hundreds of amplifications in a single run, the
users have at their disposal different parameters that allow automatic quality filtering. The three useful
parameters are Amp Status, the AmpScore and the Cq confidence.

AmpStatus is a categorical result assessing normal amplification behavior and defining three
categories: “AMP” if amplification is present, “N0o-AMP” for the absence, and “inconclusive” for a
curve difficult to classify that need to be reviewed. Since the algorithm uses information from all
curves to determine the AmpStatus, it is sensitive to the number of curves. The AmpScore is a
continuous metric of reaction quality for amplification curves that can be used for all qPCR
applications. It allows automatized checks of amplified vs non-amplified reactions. This score is very
helpful because it reliably substitutes the time-consuming manual inspection of the single
amplification curve. It helps to resolve ambivalent data and address false positives and false
negatives. The AmpScore algorithm implies that the height of amplification curve linear region
correlates with reaction quality where high linear region rise is associated with strong amplification,
low linear region rises with weak amplification and non-existent linear region with non-amplification.
Numerically, it ranges between 0 and 2 with values below 1, meaning that amplification does not
reach the required quality “threshold” whereas above 1 is considered good. The Cq confidence value
is a measure of Cq reliability, answering the question of how reliable is the Cqg value obtained, and
not whether it has been amplified or not. It ranges from 0 to 1 with values greater than 0.8 (default)
considered good and >0.95 very confident. It is measured in the context of the amplification curve
itself, and not the relationship with other curves. In this work, we showed how the amplification

curve quality check is helpful to substitute time-consuming manual inspection.

Endogenous control selection
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Many variables can influence the endogenous selection such as the experimental settings, the origin
of the tissue sample and its heterogeneity, the quantity and stability in different specimens, and the
sample handling and storage. Thus, the stability of reference miRNAs needs to be checked in each
experimental condition. To address the variability issue in the presented experimental system, we
followed two main strategies using as input only the miRNAs expressed in all samples (call rate
100%): 1) identification of stable endogenous miRNAs according to stability ranks and 2) the
calculation geometric mean by card, as a normalization factor. To find the most stable miRNAs, in
both cards separately, we used the user-friendly web-based tool RefFinder

(http://www.heartcure.com.au/reffinder)*® developed for evaluating and screening reference

genes/miRNAs from extensive experimental datasets. It integrates the most widely used
computational programs: geNorm, Normfinder, BestKeeper, and the comparative Delta-Ct method.**
47 Bestkeeper is an Excel-based software tool that evaluates miRNA expression stability by
calculating the standard deviation (SD) and coefficient of variation of the Cq values. A smaller SD
indicates better stability of gene expression.*® Normfinder calculates a stability value by combining
intragroup and intergroup variation for candidate reference genes.*® geNorm calculates the average
pairwise variation for a reference with all other miRNAs and presents it as M value. The lowest M
value represents the most stable gene expression.* Delta Ct compares the relative expression of pairs
of reference miRNAs within each sample.*” Finally, the recommended comprehensive ranking is
calculated by RefFinder, which automatically assigns an appropriate weight to individual miRNAs
and calculates the geometric mean of their weights for the overall final ranking, based on the rankings
from each program. We selected two different references, one for each card set (A and B), as only
the endogenous controls (U6, RNU48, RNUA44) set by the manufacturer were present both in cards,
allowing us to calibrate each plate individually. Indeed, each card represents a different experiment,
each one requiring independent retrotranscription (pool A or B specific), pre-amplification (pool
specific), and card loading steps, as well as a different run on the instrument. As second normalization

approach, we calculated the geometric mean of Cq values, based on all miRNAs expressed in 100%
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of samples in each card. Compared to arithmetic mean, it controls better for extreme values and
abundance differences between the different miRNAs. Geometric mean cannot be calculated if a set
of values contains zero or if they are negative. Geometric mean was calculated using the

geometric.mean function as implemented in the R psych package.*®

Relative expression analysis

Only the miRNAs which were detected in at least 90% (call rate >90%) of the samples were
considered. The differential expression of miRNAs was quantified as relative quantification (RQ) via
the 2-24<tapproach *8 with selected endogenous controls for normalization and healthy control samples
used as the reference group. We calculated AACq as mean ACq (miRNA of interest in the group of
interest) — mean of ACq (miRNA of interest in the reference group). Then, the fold change (FC) in
expression was calculated as 2-24¢4, For a reduction of expression in the group of interest respect to
controls we transformed as the negative inverse of 27244 to provide with the fold change reduction
in expression. Comparisons of miRNA expression values in painful peripheral neuropathy patients
and healthy controls were performed according to Wilcoxon rank sum test. The relationship among
results, obtained with different settings, was investigated with a correlation matrix considering FC

and p-value.

Target annotation and GO enrichment analysis

For individual target analysis of miRNASs present in at least 95% of 19 healthy subjects and to identify
genes that represent putative targets, a prediction analysis was performed by DIANA-TarBase v74°
that provides hundreds of thousands of high quality manually curated experimentally validated
miRNA:gene interactions. We selected genes from experiments in skin tissue. Moreover, ClueGO
app (v2.5.8) from Cytoscape 3.9.1°° was applied to identify enriched GO Biological Processes and
Molecular Functions starting from the list of miRNA-targets. We performed an over-representation

analysis based on an enrichment right-sided hypergeometric test that uses Bonferroni as multiple
18
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testing correction. Enriched terms with a p-value <0.05 were considered statistically significant and

represented with bar graphs.
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List of Figure Captions
Figure 1 - Flowchart of post-analytical settings.

Figure 2 - Threshold algorithms settings and amplification curve quality checks

A. Threshold algorithms. Amplification plots represent the automatically set threshold where each
curve has its own threshold (blue arrow), the manually set threshold at 0.2 where the Ct for all
curves is calculated considering the single threshold (blue arrow), the relative threshold (Crr).
The representative plot originates from a single card of healthy control.

B. Amplification curve quality check. The plots show different amplification curves according to
quality parameters (Amp Score, Cq conf). The reliable amplification curves have Amp Score
above 1 and Cq Confidence above 0.8. The unreliable curves are the ones not meeting these
criteria. The representative curves originate from the single card of healthy control.

C. Distribution of raw Cq values generated with manually fixed, automatic and Crt threshold
algorithms. Bar graph indicates the Cq values obtained after the three thresholds selection
(automatic, Crt or manually set at 0.2) for miRNAs with Kruskal p-values<0.01. Only good
quality miRNAs with call rate>90 and median Cq>32 were compared.

Figure 3 - Human epidermal miRNA references

A. Scatter correlation plots comparing the most suitable miRNA references and the geometric
mean. The plot reports the correlation between raw Cq values of hsa-miR-200c-3p as the most
suitable miRNA reference for pool A and hsa-miR-99b-3p for pool B with geometric mean of
the entire plates. Geometric mean has been calculated on Cq values. Pearson coefficient and p-
value are shown in the graphs.

B. Bar graphs representing the comparison of normalization methods by phenotype. The
comparisons of disease (orange) and healthy control (green) groups are made applying Wilcoxon
rank sum test. Significant p-values are shown in the graphs. Geometric mean has been calculated
on Cq values.

C. Box plot of Cq distribution for the top 10 epidermal miRNA references, ranked according
to their stability in fixed human skin epidermis.

Figure 4 - Scatterplot matrix for FC (A) and p-value (B) of differential expression analysis
comparing Crr, automatic and manually fixed threshold settings. Pearson correlation coefficients
(R) are reported.

Figure 5 - Bar plot of enriched Biological Processes (BP) and Molecular Functions (MF) terms.
Graph of over-representation analysis results based on the enrichment right-sided hypergeometric test
of GO terms starting from the list of miRNA-targets expressed in skin. Gene counts are depicted as
bar length. Colors refer to the Bonferroni adjusted p value.

Table 1. Call rate of miRNAs with reliable amplification. Cumulative numbers and percentages of
miRNAs for each call rate category considering different threshold algorithms. Call rate is the
percentage of samples with amplification data for the specific miRNA.
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696

Relative threshold (Cgr)

Automatic threshold

Manually set threshold at

0.2
Call Rate Number Percent Number Percent Number Percent
100% 48 8.7% 49 9.0% 45 8.2%
98% 76 13.8% 75 13.7% 71 13.0%
96% 94 17.1% 94 17.2% 81 14.8%
94% 103 18.7% 104 19.0% 101 18.5%
92% 113 20.5% 113 20.7% 111 20.3%
90% 121 22.0% 120 21.9% 119 21.8%
Total
MIRNAS 551 547 547
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A Scatter correlation plots of the most suitable miRNA references and the geometric mean
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B Bar graphs representing the comparison of normalization methods by phenotype
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GO enrichment analysis
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Salvi and colleagues outlined technical and post-analytical considerations for microfluidic RT-gPCR
based miRNA profiling to contribute towards more unified standards. MicroRNA profiling from
fixed skin biopsies was performed to provide the stepwise post-analytical procedure. They encourage

the use of archived specimens for miRNA analysis to unravel disease-specific molecular signatures.



