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Abstract

Extracellular vesicles (EVs) are nano-sized, membrane-enclosed vesicles released by cells for intercellu-
lar communication. EVs are involved in pathological processes and miRNAs in EVs have gained interest
as easily accessible biomolecules in liquid biopsies for diagnostic purposes. To validate potential miRNA
biomarker, transcriptome analyses must be carried out to detect suitable reference miRNAs. miREV is a
database with over 400 miRNA sequencing data sets and helps the researcher to find suitable reference
miRNAs for their individual experimental setup. The researcher can put together a specific sample set in
miREV, which is similar to his own experimental concept in order to find the most suitable references. This
allows to run validation experiments without having to carry out a complex and costly transcriptome
analysis priorly. Additional read count tables of each generated sample set are downloadable for further
analysis. miREV is freely available at https://www.physio.wzw.tum.de/mirev/.

� 2021 Published by Elsevier Ltd.
Introduction

Cells release EVs from endosomal compartments
or shed them from the plasma membrane. EVs
include exosomes, larger microvesicles, and
apoptotic vesicles released upon cell death and
even more vesicle subpopulations. They can be
found in various types of tissues and body fluids
of most eukaryotic species.1 Different methods are
available for EV isolation, with differential ultracen-
trifugation (dUC) being the most widely used
method. Additional isolation techniques include
methods based on precipitation, filtration, buoyant
density centrifugation or chromatography.2,3 The
purification of EVs from complex biofluids is a chal-
lenge. To generate reliable and comparable EV
based microRNA expression data, suitable EV iso-
lation and characterization techniques must be
by Elsevier Ltd.
applied. The international standard in EV research,
the MISEV guidelines, recognize that there is no
consensus on an optimal or best isolation method
to get pure EVs.4 The choice of the method
depends on the research question at hand and the
downstream analyses. A detailed documentation
of the applied methods and the characterization of
EVs is important for the reproducibility of results.
To be able to interpret EV-based meta-analyses
correctly, all relevant aspects of a study must be
summarized and made available as meta informa-
tion. By considering this information, studies with
different methodologies can be compared. In addi-
tion, studies with the same or similar characteristics
can be combined so that the statistical power
increases. Individual characteristics of EV-studies
can also be weighed for different results through
exploratory data analysis.
Journal of Molecular Biology 433 (2021) 167070

mailto:alex.hildebrandt@tum.de
mailto:alex.hildebrandt@tum.de
https://doi.org/10.1016/j.jmb.2021.167070
https://www.physio.wzw.tum.de/mirev/
https://doi.org/10.1016/j.jmb.2021.167070


A. Hildebrandt, B. Kirchner, Esther N.M. Nolte-’t Hoen, et al. Journal of Molecular Biology 433 (2021) 167070
EVs play an important role in intercellular
communication through the transfer of cytosolic
proteins, lipids and different types of nucleic acids,
i.e. miRNA, lncRNA, mRNA, and DNA.1 In the past,
numerous studies have repeatedly pointed out the
high potential of EVs as a source of biomarker
molecules and how EVs in liquid biopsies could be
used to develop minimally invasive diagnostic pro-
tocols.5–11 Transcriptome analysis of EVs has
mostly focused on miRNAs.12 These short non-
coding RNAs play an important role in the post-
transcriptional regulation of hundreds of biological
processes and pathways. An atypical level of speci-
fic, single miRNAs or an altered miRNA pattern in
body fluids can indicate the presence or progres-
sion of pathophysiological processes or dis-
eases.13–15 In this context, it should be mentioned
that extracellular RNA profiles from body fluids are
not exclusively due to the RNAs in EVs. Extracellu-
lar RNAs (exRNA) can also be present in protein
complexes and lipoprotein particles.16 Most EV iso-
lation methods enrich for EV RNAs but also allow
co-isolation of other exRNAs carrier.
Candidate miRNA biomarker signatures

discovered in small-RNA sequencing experiments
require additional validation by reverse
transcription followed by real-time quantitative-
PCR (RT-qPCR). The relative expression
confirmation by RT-qPCR needs stably expressed
miRNA reference transcripts for reliable
normalization between patients or treatment
groups. These reference miRNAs can be
identified either by performing a transcriptome
analysis through next generation sequencing
(NGS), which is time-consuming and cost-
intensive, or by searching for stably expressed
transcripts in extensive small-RNA sequencing
data sets. When using such published miRNA
references, it must be ensured that these are from
the same tissue type or disease as used in the
new experiment. Additionally, a comparable
experimental setup and workflow must be
adopted. For EV-RNA analysis, important
experimental parameters and confounding
methodological factors are the investigated tissue
type, sample handling, and the applied EV
isolation method, because RNA yield and resulting
miRNA profiles strongly depend on these
factors.17,18

We here present miREV, which can be used as
a database and online tool to find stable
candidate reference miRNAs within a context of
choice. miREV can help scientists to save
valuable resources and validate their hypotheses
more quickly. We here introduce miREV and
show it can be used to search for stable
reference miRNA candidates using the 428
small-RNA sequencing data sets of EVs
currently present in the database.
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Results and discussion

The transcriptional profile of a sample is strongly
influenced by the pre-analytical and experimental
conditions under which the sample was acquired.
Preanalytical variables, EV isolation and RNA
extraction methods are as important as tissue of
origin and disease state of the host.17 miREV
enables scientists to investigate the extracellular
miRNA transcriptome of samples and helps esti-
mating technical as well as biological variances for
selected sample sets. Figure 1 shows an example
of some result plots that can be created with
miREV.
(a) Sample set creation: After user of miREV

has created a sample set by the selection of
variables the sample composition is displayed
through tables as well as through donut plots. (b)
Clustering data according to groups: PCA plot
of a sample set of 112 data sets. 47 datasets
were from patients with colon carcinoma, 16 from
patients with subclinical depression and 49 from
healthy volunteers. Data was normalized by
median ratio of expression and transformed with
the variance stabilizing transformation method.
The 100 microRNAs with the greatest variance
were selected for the calculation of the principal
components. (c) Finding suitable reference
miRNAs: A bar plot summarizes the most
occurred stably expressed transcripts of the result
lists for the sample set chosen. To compare
outcome of different stability measure algorithms
as well as of different normalization strategies an
overlap analysis is available in miREV. (d)
Downstream analysis: Heatmap of most
significant differential expressed microRNAs. This
heatmap represents the clustering results based
on the significant differential expressed
microRNAs found with the DESeq2 package.
Results where filtered with these thresholds:
adjusted p-value: padj. < 0.1; log 2-fold change:
log2FC > |1|. The selected sample set has 71
data sets, including 59 serum samples from
healthy patients and 12 serum samples from
patients diagnosed with sepsis. None = healthy
patients; sepsis = sick patients.
Sample set creation

First, the user of miREV need to create an
individual sample set. This can be done by
selecting experimental variables. EV-isolation
method, biofluid and disease type have several
selections available. A sample set is created
based on this selection. The composition is shown
using four donut plots (Figure 1(a)). The
percentage of the sample set related to the three
experimental variables and the EV
characterization method used for the samples is



Figure 1. Exemplary result plots of miREV and a downstream analysis.
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shown here. The number of samples per selection
is also shown as a table in miREV for each
experimental variable.

Clustering data based on metadata selection

Initial assessments can be quickly made by
visualizing miRNA profiles in a principal
component analysis (PCA). Figure 1(b),
(Figure S3) is showing an example of the
clustering of a sample set in relation to their
disease status. 112 data sets are included. 47
were from patients with colon carcinoma, 16 from
patients with subclinical depression and 49 from
healthy volunteers. For all samples, EVs were
isolated by precipitation from serum. The PCA plot
shows a separation of the two diseased groups on
the second component, responsible for 18.11% of
total variance. In comparison, healthy controls and
colon carcinoma patients are clearly separated
when the first 2 components are considered,
highlighting the classification potential of miREV.
With a subsequent differential expression analysis
(DEA), differentially expressed transcripts can be
identified and further investigated. The necessary
raw read counts and metadata are available to the
user. To avoid misinterpretations of the PCA, one
should pay attention to which experimental setup
has been chosen. The sample set should differ in
only one variable. For example, one cannot say
anything about the origin of a variance if one has
different isolation methods and different diseases
in the one selected sample set. Since the PCA
plot only shows one of the variables, no
information about the other is visible and the
variance is difficult to assign. Another possible
3

application example would be the investigation of
batch effects. These can be caused by the use of
different isolation methods or biofluids for the
samples within the selection. To be able to identify
a batch effect with certainty, the largest possible
number of data records is required. For now, the
database in miREV does not provide enough
statistical power to be able to carry out such
investigations. However, this will be possible with
the addition of new data sets.

Finding stably expressed miRNA as potential
endogenous reference candidates

The quantification of miRNA or mRNA gene
expression has become a standard procedure to
make statements about various cellular and
pathological processes. Although NGS has arrived
in many laboratories, RT-qPCR is still considered
the gold standard for determination of gene
expression levels of a sample. The reason for this
lies within the sensitivity, accuracy and speed
combined with a comparably low price of this
technique. Accuracy of RT-qPCR analysis,
however, depends on the use of appropriate
internal controls. In expression analyses, stably
expressed transcripts are utilized as internal
controls, according to the MIQE guidelines.19 The
normalization with these endogenous references
makes it possible to compare biological samples
from different contexts. Different normalization
methods can be evaluated for their accuracy, preci-
sion and/or over-fitting20 and the degree to which
they influence data analysis depends, amongst
others, on the data distribution.21 miREV offers
the opportunity of choosing from 6 common
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normalization methods and combining them with 3
stability algorithms. This means that a total of 18
result lists are available for each selected sample
set. A result list is a selection of potential reference
miRNAs in descending order according to their
respective stability values in the sample set. Each
result list can be displayed individually or combined
to review consensus results of different normaliza-
tions or stability measurements. A maximum of 30
miRNAs are listed, displaying only transcripts with
the best values for stability. As an example, Figure 1
(c) and Table S4 shows the result of potentially, sta-
bly expressedmiRNAs for all data sets integrated in
miREV so far and lists how often individual miRNAs
appear in the 18 result lists. Some of the listed miR-
NAs have already been described in various human
studies as endogenous, stably expressed exosomal
or extracellular vesicle derived RNAs. For instance
miR-103,miR-221 and let-7a have been mentioned
in studies working with exosomal RNAs obtained
serum with hepatocellular carcinoma, hepatitis B,
and healthy patients.22,23 Members of the miR-30
family, such as miR-30a and miR-30e, are men-
tioned in studies in which the exosomal RNA was
obtained from plasma.24 AlsomiR-425 is mentioned
as a reference miRNA in EVs from adipose derived
mesenchymal stem cells.25 One could easily
assume that the miRNAs with the highest frequency
in that table can be used as universal RT-qPCR ref-
erences. However, it should be noted that the stabil-
ity algorithms also evaluate how often a miRNA is
present within the samples of the sample set.
Accordingly, a miRNA that is present in all samples
of the selected sample set can be ranked as more
stable than a miRNA that is only present in part of
the sample set. The expression variance of the
poorly ranked miRNA can, however, be smaller
than that of the ubiquitous for the part of the sample
set in which it is present. For example, some of the
most common miRNAs in the result list (Table S4)
are mentioned as differentially expressed in a wide
variety of contexts.miR-30d-5p, for example, is dis-
cussed as an EV associated miRNA in connection
with rectal cancer26 and ovarian cancer27 and as a
regulator of conceptus-uterus interactions.28 These
examples should make clear that the result lists in
miREV must always be seen in the biological con-
text of the sample set. Top listed, potentially stably
expressed miRNAs should be used as a starting
point. Validation in each specific experimental setup
or study is required. Information on the biological
context in which the potentially stably expressed
miRNAs are mentioned can give first indications
about the usability.

Downstream analysis of raw read counts

miREV can be used for discovery of differentially
expressed miRNAs in various diseases. This is
facilitated by the fact that all data sets in miREV
were processed using a standardized alignment
and annotation pipeline.29 The generated raw read
4

counts can be downloaded for any selected sample
set. The additionally available metadata makes it
possible to carry out downstream analyses such
as DEA or pathway analysis. Due to the uniform
processing, a wide variety of sample sets can be
compared with one another. There is no need for
time-consuming creation of annotated read count
tables. Results of an exemplary DEA are shown in
Table S5 and Figure 1(d), (Figure S6). The selected
sample set has 71 data sets, including 59 serum
samples from healthy patients and 12 serum sam-
ples from patients diagnosed with sepsis. Since dis-
cussing all differences in miRNA abundance in this
sample set would go beyond the scope of this
paper, only some miRNAs that have already been
associated with sepsis are highlighted. For exam-
ple,miR-223-3pwas found to be a potential biomar-
ker for sepsis in circulating miRNAs mentioned by
Zhang et al.30 Expression levels of miR-223 and
miR-122 are described byWang et al. as significant
higher and lower than in controls.31 miREV does not
only offer the possibility to check whether results
can be reproduced in a similar context. Additional
information relevant to the disease can be found.
As a result of the exemplary DEA, further differenti-
ated expressed miRNAs are listed. For example,
miR-26a-5p is more highly expressed in the
selected sample set and miR-100-5p is less than
in the control group. The results of such a DEA
can provide the user with useful additional informa-
tion for their own studies. In addition, there is the
possibility of comparing results and thereby
strengthening a hypothesis or re-evaluating it.
Materials & methods

All data sets and calculations available in miREV
were processed in advance to ensure quick
response times to queries. Individual tasks of the
calculation pipeline are described below and
shown in Figure 2.
(a) Mapping: The mapping step processed raw

NGS data sets to miRNA count tables. Data sets
mapped with less than 7% to reference miRNAs
were removed. (b) Sample set creation: Data
sets were split in all possible combinations of the
experimental variables. Each combination is one
sample set. Resulting sample sets with less than
10 samples were removed. Additionally, miRNAs
that did not pop up in at least 95% of each sample
set were excluded. (c) Normalization: Each
sample set was normalized according to six
different normalization methods. (d) Stability
Calculation: Finally, stably expressed miRNAs
were determined with three different stability
algorithms. For each sample set reference miRNA
lists (result lists) were calculated, each
representing the top 50% ranked stably expressed
miRNAs.



Figure 2. Calculation pipeline workflow, from raw NGS data sets to stably expressed miRNAs.
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Data collection and count table generation

Currently the whole database focuses on human
blood derived EVs and includes 9 different
diseases and 3 different isolation methods from
both serum and plasma. Appropriate and well-
annotated small-RNA sequencing data sets (one
data set represents all small-RNA sequencing
reads of one biological sample) of circulating EVs
for this meta-analysis were obtained from the
gene expression omnibus database GEO.32 Addi-
tionally, various in-house data sets as well as data
sets from collaborators were added, resulting in a
total of 654, which represent the starting basis of
5

our analysis. S1 summarizes the origin of the data
sets including details on EV isolation and character-
ization. Raw data was processed by an established
alignment and annotation pipeline.29 In brief, raw
sequences were trimmed with btrim3233 (version
0.3.0). Quality of NGS outcome was analysed for
each sample with FastQC34 (v0.11.9). The align-
ment of reads was performed with bowtie35

(v.1.2.3) with a cut off for reads set to maximum
one mismatch. Furthermore, parameters that limit
alignment to the sense strand (--norc) and output
to the single best match in terms of mismatch qual-
ity (--best) were applied. References of non-coding
RNA sequences for rRNA, snRNA, snoRNA and
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tRNA were downloaded from RNACentral36 (re-
lease 12). miRNA references were obtained from
miRBase37 (release 22.1).
Sample set creation

The calculation pipeline underlying miREV
utilizes read count tables to determine stably
expressed transcripts of a user defined sample
set. A sample set arises from the selection of
experimental variables. Table S2 lists all the
different experimental variables and possible
selections. In total 21.483 sample sets were
created to reflect all possible combinations of
experimental setups.
Determination of stably expressed transcripts

Each sample set was processed by 6 popular
normalization methods, all well established in next
generation sequencing data analysis. Normalizing
raw read counts is essential before differential
expression analyses as well as for exploratory
data analysis. Normalization methods are
accounting for different factors such as
sequencing depth, gene length and RNA
composition. By scaling read counts, the
expression level between samples becomes more
comparable. The following methods were used:
total count normalization (TC), median
normalization (Med),38 full quantile and upper quar-
tile normalization (FQ & UQ),39 trimmed mean of M-
value (TMM)40 and median of ratios normalization
(MoR).41 Herein applied normalization methods
were shown to be the most reliable for comparison
of RNA sequencing results.42–44 All normalized
sample sets were subsequently analysed by 3 dif-
ferent stability measure algorithms that each com-
pute a specific stability indicator. In addition to
bestKeeper,45 which calculates the coefficient of
variation (CV) across data sets, geNorm46 and
normFinder47 were applied, which indicate expres-
sion stability via the M-value and stability measure
rho, respectively. All 3 algorithms were originally
designed for detecting stable mRNA or miRNA tran-
scripts in high throughput RT-qPCR experiments,
and have been cited in thousands of peer-
reviewed publications.48–50
Filtering

The data was strictly filtered to guarantee an
overall comparable and reliable sequencing data
source. In a first quality filtering, data sets with
less than 7% of total reads mapping to a miRNA
precursor were removed to exclude sequencing
results with a low miRNA level. 428 data set out of
originally 654 remained. Sample sets with less
than 10 samples were removed as well to get a
comparable and reliable minimal size for each
data set. Accordingly, 12,578 of the original
21,483 sample sets remained after this filtering
6

step. Second, a gene filtering step was included to
exclude lowly expressed genes individually for
each sample set from further analysis. Genes that
were not present in at least 95% of all data sets
were removed, resulting in different number of
miRNAs in each sample set, ranging from a few
dozen to several hundreds of genes. The last filter
step was applied to the result lists, which contain
the proposed stably expressed miRNA transcripts.
Each result list is a selection of potential reference
miRNAs in descending order according to their
respective stability values. miRNAs that were not
amongst the top 50% of ranked transcripts were
removed. This filter step ensured that only the
most stably expressed transcripts are included in
the result lists.
Outlook

In order for miREV to have even more selection
criteria available in the experimental setup, a
continuous expansion of the database is planned.
Existing selection criteria are expanded and new
ones, such as species, cell culture or other
diseases, are added. We hereby ensure that
miREV will remain freely available for at least the
next five years.
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