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Chapter 1
INTRODUCTION
In the past decades there has been a marked improvement in the prevention and
treatment of cardiovascular disease (CVD). However, CVD still remains one of the
leading causes of mortality worldwide.1
The decision to start preventive treatment is currently made using cardiovascular
assessment tools that are based on an individual´s risk factors. Unfortunately, these
risk assessment tools are predominantly driven by age and only poorly predict future
cardiovascular disease.2 Still, most individuals, even those with these high risk factors
will never develop CVD and therefore do not need preventive treatment. Conversely,
in individuals without any risk factors, the risk for CVD is not completely absent.3
Besides, not all individuals respond to preventive treatment in the same manner.4
The reason that current risk prediction models are not sufficiently accurate lies in
the fact that every individual is different from the other; genetically, but also lifestyle,
risk factors and environment play a role in the development or prognosis of CVD.
Risk factors that are used in current CVD risk estimation tools only partly explain
these inter-individual differences in CVD risk and prognosis but many determinants
of CVD risk are still unknown. Therefore, new indicators are needed to improve risk
estimation of CVD. If these new, so-called biomarkers can be identified, this may
help physicians in their attempt to prevent and treat CVD better and more efficiently.
MicroRNAs: ideal endogenous biomarkers
MicroRNAs (miRNAs) are small, noncoding RNA molecules that originate from the
genome, where they are transcribed from the introns or together with other protein
coding genes. These small RNA molecules can bind to the 3´ UTR part of messenger
(m)RNA. Upon binding to their target, they inhibit translation of this mRNA into
a protein, hereby fine-tuning the amount of protein formed. There are several
thousands of miRNAs of which each can bind to multiple mRNA targets. Moreover,
one mRNA can be targeted by several different miRNAs. Therefore, miRNAs provide
a complex and extensive network of post-transcriptional gene regulation.5 MiRNAs
are produced in almost all human tissues and several studies have shown that they
can be specific for tissues and diseases.6-8 Therefore, when they are shed from the
tissues in the circulation, they may be able to reflect ongoing processes on a cellular
level in the body. Besides, even circulating blood cells such as white blood cells and
non-nucleated cells such as erythrocytes and platelets contain microRNAs. These
properties, combined with the fact that miRNAs remain in a highly stable state in the
circulation, makes them ideal as biomarkers.9
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Lack of replicability of circulating miRNA biomarker studies
Driven by these ideal biomarker properties, there has been an extensive search for
circulating miRNA biomarkers for disease in the last decade. This has resulted in a
multitude of studies reporting on circulating miRNA biomarkers for various types of
CVD such as acute myocardial infarction, (un)stable angina, atherosclerosis and heart
failure. Although more than 60 potential miRNA biomarkers for CVD have been
found so far, this quest has not produced any clinically applicable biomarkers.9-13 The
main reason for this lack of success is that results in circulating miRNA biomarker
studies are often not replicable.14 Separate circulating miRNA biomarkers studies that
have measured the same outcome in a similar population have often found different
miRNAs to be associated with CVD and many miRNA biomarker candidates could
not be replicated in validation studies. Also, different validation studies do not seem
to be consistent with each other, finding an association between a miRNA and (type
of) CVD in the first validation study and failing to find this relation in subsequent
validation studies.13
This inability to replicate circulating miRNA studies can be explained by various
reasons, among which the small sample sizes that are often used in these studies.
Therefore these studies may have been subject to small sample size error, leading to
a large number of false-positive miRNA biomarkers with exaggerated effect sizes.
Additionally, large variations in both miRNA quantification methods and statistical
analysis of these miRNA biomarker studies may have contributed to the inability to
replicate results.
Finding replicable circulating miRNA biomarkers for CVD
As noted above, a large number of miRNAs have been associated to CVD. As explained
in this thesis, many of the studies discovering miRNAs as candidate biomarkers used
a small number of study subjects. This has probably led to many false-positive and
-negative results. Therefore, some candidates might be selected wrongfully, while
some important circulating miRNA candidates might still be out there. On the
other hand, also, already discovered circulating miRNA biomarker candidates might
be good enough to be developed into clinically relevant biomarkers for CVD. The
current lack of replicability of circulating miRNA studies results, however, might
have prevented these miRNAs from breaking through as a biomarker. Therefore, in
order to advance the circulating miRNA biomarker field, it is an absolute necessity
to improve replicability of circulating miRNA study results. Therefore, improved
miRNA quantification methods applied in large-scale circulating miRNA studies are
needed.
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Aim and outline of the thesis
In this thesis we aim to identify and validate robust circulating miRNA biomarkers
for cardiovascular disease. In order to find robust circulating miRNA biomarkers
for cardiovascular disease, specific methodological challenges in circulating miRNA
research need to be tackled. These challenges will be discussed and partly solved
in the first part of this thesis (chapters 2-5). To be able to discover true miRNA
biomarkers, large numbers of miRNAs are needed to be measured between diseased
and healthy individuals. Because such a so-called high-throughput screen is an
expensive undertaking, this is often only performed in a small number of individuals.
Therefore, first, we will discuss the pitfalls of small sample size studies, which lead to
small sample size error; a large cause of the inability to replicate a miRNA biomarker.
Furthermore, we will provide a solution for this problem (chapter 2). After having
discovered miRNA candidates, these properly chosen candidates need to be validated
in a larger, independent experiment. Therefore, next, we will discuss the best way
to perform these validation studies. Generally, in this phase, circulating miRNA
expression levels are measured by quantitative polymerase chain reaction (qPCR).
Although qPCR is the gold standard to measure miRNAs in this phase, the data
handling, statistical analysis and interpretation of the data remain challenging and
contain many pitfalls, which should be avoided.15 In chapter 3, we will explain these
challenges and pitfalls in the form of an editorial on one of the largest circulating
miRNA biomarker studies so far. Subsequently, we developed a data handling pipeline
to reliably handle qPCR data from circulating miRNA experiments and explain how
data should be analyzed and interpreted for optimal replicability (chapter 4 and 5).
After studying the methodological validity of circulating miRNA biomarker studies
in the first part of the thesis, in the second part of the thesis, these newly developed
methods were used to investigate the discriminative value of miRNAs biomarkers for
atherosclerosis and heart failure.
In heart failure, risk assessment tools are highly desired to assess disease progression
and to treat these patients accordingly. Current predictors of prognosis, however,
are either too inaccurate (e.g., demographics), too subjective (e.g., New York Heart
Association Class) or are too elaborate to be clinically implemented (e.g., MRI).16-18
Therefore, simple, objective markers for prognosis are needed. Using the validated
experimental methods, described in the first part of the thesis, in chapter 6 and
7, we were able to validate 2 heart failure associated circulating miRNAs in three
independent, large cohorts totaling 2699 heart failure patients and assess their added
value on top of current heart failure prognosticators.
In chapter 8, we pursued the discovery of new biomarkers for the presence and/or
extent of coronary atherosclerosis. As discussed previously, present risk prediction
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models only poorly predict future cardiovascular disease and no solid risk prediction
models currently exist to predict unstable plaques. Using a novel approach in which
we measured miRNAs directly in coronary plaques material, we first discovered new
miRNA biomarkers, validated these miRNAs in the circulation in two validation
steps and assessed their predictive value.
In the last chapter, chapter 9, we studied biomarkers for cardiovascular disease
in smokers, a specific group at increased risk for cardiovascular disease. Because
monocytes play a key role in the development of smoking related CVD, we
studied monocyte-derived circulating miRNAs from whole blood of smokers
with atherosclerosis. In a discovery phase and two subsequent validation phases
we assessed which miRNAs are involved in smoking related atherosclerosis and
validated these miRNAs in multiple independent cohorts. Finally, we investigated
the monocytes of smokers to gain insight in the mechanism that causes smoking
related atherosclerosis.
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Chapter 2
ABSTRACT
Since the discovery of microRNAs (miRNAs), circulating miRNAs have been proposed
as biomarkers for disease. Consequently, many groups have tried to identify circulating
miRNA biomarkers for various types of diseases including cardiovascular disease
and cancer. However, the replicability of these experiments has been disappointingly
low. In order to identify circulating miRNA candidate biomarkers, in general, first an
unbiased high-throughput screen is performed in which a large number of miRNAs
is detected and quantified in the circulation. Because these are costly experiments,
many of such studies have been performed using a low number of study subjects
(small sample size). Due to lack of power in small sample size experiments, true
effects are often missed and many of the detected effects are wrong. Therefore, it
is important to have a good estimate of the appropriate sample size for a miRNA
high-throughput screen. In this review, we discuss the effects of small sample sizes
in high-throughput screens for circulating miRNAs. Using data from a miRNA highthroughput experiment on isolated monocytes, we illustrate that the implementation
of power calculations in a high-throughput miRNA discovery experiment will avoid
unnecessarily large and expensive experiments, while still having enough power to
be able to detect clinically important differences.
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INTRODUCTION
Since their discovery as regulators of gene expression almost two decades ago,
microRNAs (miRNAs) have been reported to be involved in crucial biological
processes, such as cell differentiation, proliferation and apoptosis.1 Following the first
description of miRNA involvement in cancer,2 many studies have focused on the role
of miRNAs in a wide variety of diseases. In 2007, the first study was published that
revealed that miRNAs were also present in microvesicles and that these short RNA
strands could be preserved in the extracellular space.3 This important finding was
quickly followed by the first detection of miRNAs in the circulation, opening up a
whole new field of research.4
Following these discoveries, circulating miRNAs became a burgeoning area of
research, because of two reasons. First, miRNAs are protected from degradation
in the extracellular environment by binding to Argonaute proteins and through
encapsulation by high density lipoprotein particles, exosomes and microvesicles,
which make them easy to detect in the circulation.5, 6 Second, previous studies
extensively reported the dysregulation of specific cell-based miRNAs in diseased
states. It is thought that, along with the usual cargo, deregulated miRNAs are shed
from diseased tissue into the circulation and that expression levels of specific
miRNAs in the circulation could reflect the presence of disease.3 Taken together, these
characteristics led to the hypothesis that circulating miRNAs are suitable biomarker
candidates.
In order to identify circulating miRNA candidate biomarkers, usually, first a highthroughput screen is performed in which a large number of miRNAs are quantified
in the circulation. During this process several challenges are encountered. Here,
we will discuss the challenges of performing such a high-throughput screen and
highlight the impact of an important source of potential error. This is the low number
of study subjects that is often used in these experiments which causes the so-called
small sample size error.
Methods
Literature study methods
We searched Pubmed for recent reviews that summarized all circulating miRNAs
associated to CAD. To avoid missing more recently published papers on promising
miRNA candidates that had not appeared yet in reviews, all miRNAs that showed an
up- or downregulation in CAD in the most recent reviews, were individually checked
for their relation with CAD. The final search was performed on June 12th, 2017.
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Details on the search strategy can be found in the supplemental material.
Subsampling experiment methods
We performed a miRNA microarray experiment on isolated monocytes of a large
cohort of 61 individuals to compare the expression levels of 461 miRNAs between
36 patients with premature coronary artery disease (CAD) and 25 controls. The
microarray data have been deposited in the NCBI Gene Expression Omnibus (GEO)
in a MIAME compliant format and are accessible under GEO Series accession
number GSE105549. MiRNA expression profiles were determined using the Agilent
Human 8x15k miRNA microarray platforms based on Sanger miRBase release 19.0.
A detailed description of the sample collection and data pre-processing can be found
in de Ronde et al.7
All miRNAs were normalized and log2 transformed using a similar method as
described in de Ronde et al.7 To detect miRNAs that were differentially expressed
between patients and controls, gene-wise linear models were fit with patient/control
status as explanatory variable, corrected for Body Mass Index (BMI) and age,
followed by a moderated t-test (limma R package) between patients and controls in
each comparison. Resulting p-values were adjusted to correct for multiple hypothesis
testing using the Benjamin-Hochberg false discovery rate.
To illustrate the increasing occurrence of false positive findings with small sample
sizes, we performed a subsampling experiment on the above described dataset.
From the 36 patients and 25 controls, random selections of 5 patients and 5 controls
were chosen 10,000 times and each time differential expression between patients
and controls was tested for all 461 miRNAs. The analysis was repeated using 10,000
randomly chosen subsamples of 10 versus 10, 15 versus 15, 20 versus 20 and 25 versus
25 individuals. In each individual subsample, the number of differentially expressed
miRNAs (corrected p-value of <0.1) was counted. Also, to illustrate the occurrence of
inflated effect sizes, in each subsample, the effect size of the most significant miRNA
was recorded.
To illustrate that small sample sizes can also lead to false negative results, we
modified the original dataset in such a way that 100 (out of 461) miRNAs were
differentially expressed between patients and controls. Artificial differences in the
perturbed dataset were created by choosing a random number between 0.3 and 0.5
and adding this number to the log2 expression level of each sample in 50 of the 461
measured miRNAs and subtracting this number from each sample in another 50 of
the 461 measured miRNAs. Then, in order to analyze the effect of sample sizes in
this perturbed dataset, we performed the above described subsampling experiment
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and recorded the number of miRNAs differentially expressed between patients and
controls.
Power calculation methods
The power calculation was performed with the ssize.fdr R package.8 Based on the
above described experiment of miRNA expression levels between CAD patients and
controls, a common standard deviation of 0.56, and an estimated proportion of nondifferentially expressed miRNAs of 0.83 with FDR controlled at 10% was used. The
true difference between mean expressions in the two groups as well as the standard
deviations of expressions were assumed to be identical for all miRNAs. The common
value for the standard deviations was estimated from the data and set conservatively
to the 90th percentile of the gene residual standard deviations. The proportion of nondifferentially expressed genes π0 was estimated using the qvalue function (qvalue R
package) on the vector of p-values obtained from the differential expression analysis.
Challenges in miRNA quantification
When quantifying miRNA expression using high-throughput screens, the miRNA
profiling method has to deal with several challenges that result from the principal
characteristics of miRNAs. These include the short length of the miRNAs, the low
abundance of free miRNAs in plasma and serum, the high degree of sequence
homology within miRNA families and the existence of isomiRs, in which sequences
of miRNAs can differ by a single nucleotide from the reference miRNA.9 The most
commonly used techniques for miRNA profiling are miRNA microarrays, quantitative
polymerase chain reaction (qPCR) and next generation sequencing (NGS).10-12 These
techniques are all highly sensitive,13 but encounter several difficulties.
Although qPCR is the most sensitive of these methods, it is less appropriate for highthroughput experiments and much more expensive when profiling a large number
of miRNAs.14 For a high-throughput analysis, the costs of microarrays are lower,
but so is their sensitivity. Even though an excellent intra-platform replicability that
was reported, microarrays showed only limited concordance between platforms,
suggesting a low sensitivity and specificity.15 For NGS, a major difficulty lies in
robust library preparation to obtain non-biased data. Although much progress has
been made over the past years, most popular library preparation protocols being used
today may still introduce serious variations in RNA sample composition, which might
eventually result in misinterpretation of the data.16 The majority of the published
studies used microarrays for miRNA profiling in the circulation, probably due to
higher costs of NGS experiments in the past and more challenging data analysis.
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However, nowadays the falling costs and high specificity of small RNA sequencing
make NGS a more attractive tool for high-throughput screening.
Replicability issues
Over the past years, multiple groups have searched for circulating miRNAs as
biomarker for various diseases. However, it has been suggested that circulating
miRNAs that have been associated with disease are difficult to replicate. To quantify
this lack of replicable results, we performed a literature study and summarized all
coronary artery disease (CAD) associated circulating miRNAs.
Results literature study
In total, the literature search for reviews on CAD-associated circulating miRNAs
yielded 309 hits. After screening titles and abstracts, 5 reviews remained.17-21 In these
5 reviews, published between 2015 and 2016, 60 miRNAs were found to be up- or
downregulated in CAD in a total of 29 different studies (Supplemental Table 1). Of
these 60 miRNAs, 13 were found to be up- or downregulated in more than one study.
However, more than half of these miRNAs (7 out of 13), showed a contradicting
result between studies (e.g. for miR-21, 2 studies showed upregulation and 1 study
showed downregulation). Concluding, similar studies investigating the same disease
not only found many different miRNAs to be associated with this disease, also the
miRNAs that have been associated with CAD in multiple studies, show inconsistent
results between different studies.
Reasons for replicability issues
Reasons for these discordant results are multiple. First, the studies under investigation
all had a different study design, with different in- and exclusion criteria, thereby
creating different study cohorts which are difficult to compare. Second, a large part
of the discrepancies encountered might be due to the use of different platforms, data
pre-processing methods and/or statistical analysis methods.22-25 Furthermore, often
incomplete names are used to refer to a miRNAs (e.g. miR-1 instead of miR-1-3p)
and miRNA nomenclature also changes as a consequence of new miRBase versions,
which could lead to confusion as to which miRNA was measured in a study. Another
important factor driving the discordance in results between studies are the low
number of study subjects (e.g. 5 healthy versus 5 diseased subjects) that are often used
in these experiments. This can lead to so-called small sample size error: erroneous
study results because of the low number of subjects used in the experiment.
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The influence of sample size on biomarker discovery
The quest for new miRNAs as biomarker for disease is often a search for a needle
in a haystack. Since miRNA profiling experiments are costly, the initial step of the
search is very often performed in only a small number of study subjects.26 However,
from a scientific perspective it is essential to include enough study subjects to
have sufficient power to be able to detect clinically relevant differences and thus
avoid small sample size error. In underpowered studies, three problems occur that
contribute to the occurrence of unreliable findings. First, by definition, the chance
of discovering true effects is low in studies with low power, leading to a high falsenegative rate (type II error).4 This is a particularly undesired source of error since
the expensive and laborious experiment would have been done in vain. Second,
due to the relative large contribution of accidental outliers to the overall effect in
a small sample, the number of false-positive findings (type I errors) will increase,
decreasing the positive predictive value.27, 28 Last, the magnitude of a true effect
is often exaggerated in small sample studies since, due to lack of power, mainly
large effects are significant. This leads to a specific type of publication bias, since
the underpowered study that, by chance, discovers such a large effect is more likely
to be published and to receive more attention and impact than competing, perhaps
sufficiently powered studies that do not show any effect.29, 30 This is supported by the
observation that the effect sizes of associations reported by highly cited biomarker
studies are often larger than the effect sizes of those same associations in subsequent
meta-analyses.31 Besides, when many unlikely hypotheses are tested, many of the
detected effects may be wrong. This is the case for the large majority of circulating
miRNA biomarker high-throughput studies, where only a few of the measured
miRNAs are expected to be differentially expressed between disease and control.32
To overcome these problems while still maintaining low experimental costs, several
groups have pooled the blood samples of different subjects.33-36 Although pooling
leads to a decrease in biological variation, which may help to detect significant
differences between groups, these studies provide only limited due the loss of
individual-specific information that is essential in a biomarker study.37 Moreover,
because compared to measuring all individuals, fewer measurements are carried out
after pooling the samples, random technical variation increases, which can lead to
more false-positive and false-negative results. Therefore, we recommend not to pool
blood samples.
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Consequences of small sample sizes in a real microarray experiment
In order to illustrate the influence of small sample sizes on the number of false
positive findings with inflated effect sizes and on false negative results, we used data
from a circulating miRNA microarray experiment. First, analyses were performed on
the complete original dataset. Then a subsampling experiment was performed on the
original dataset. Finally, analyses were performed on the perturbed dataset, where
100 out of the 461 miRNAs were artificially up- or downregulated, as described in
detail in the Methods section.
Original dataset
In the original dataset, the analysis of the miRNA expression profiles revealed that
none of the detected miRNAs was differentially expressed between premature CAD
patients and healthy controls with a multiple testing corrected p-value of less than
0.1. In fact, the smallest corrected p-value that was obtained in this study was 0.26
and the highest absolute fold change only reached 1.46 (Control/CAD).
Small sample sizes can lead to an increase in false positive results and exaggerated effect
sizes
Analysis revealed that when choosing a slightly smaller sample of 25 patients versus
25 controls from the original dataset, 9 out of 10,000 subsamples showed differential
expression for >10 different miRNAs (corrected p-value<0.1). Using a sample size of
5 versus 5 individuals, 145 out of 10,000 subsamples showed a differential expression
of >10 miRNAs between patients and controls (Table 1A), of which one individual
subsample even found 190 out of 461 miRNAs to be differentially expressed (Table
1B). This shows that the number of false positive findings rapidly increases with
decreasing sample size. Besides, we found that in small subsamples, the observed
fold changes were more heterogeneous and generally larger compared to larger
subsamples (Figure 1). In other words, enlarging the size of the subsamples resulted
in more realistic effect sizes, an effect commonly referred to as regression to the
mean. The above results underline that in small sample size studies, there is a large
chance of false positive findings and exaggerated effect sizes as compared to studies
with larger sample sizes.
Small sample sizes can lead to an increase in false negative results
The analysis of the perturbed dataset showed that, using a sample size of 25 versus
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Table 1. Both numbers of false-negative and false-positive results increase with a
decreasing sample size
sample size

5 vs 5

10 vs 10 15 vs 15 20 vs 20 25 vs 25

Original dataset (no differences between patients and controls)
A. # of subsamples (out of 10,000) with
>10 miRNAs differentially expressed
B. Highest # of differentially expressed
miRNAs (from 461) identified in a
subsample

145

127

93

36

9

190

176

201

105

13

Perturbed dataset (100 miRNAs set to differentially expressed between patients and controls)
C. Mean # of miRNAs differentially
47/100 73/100 85/100 91/100 93/100
expressed between patient and control
Results of the subsampling experiments. The column header indicates the number of
patients and controls randomly sampled 10,000 times from the original dataset (A-B) and
the perturbed dataset (C). A) Number of subsamples (out of 10,000) from the original
dataset with at least 10 differentially expressed miRNAs between patients and controls.
B) Maximal number of differentially expressed miRNAs in any of the 10,000 subsamples
from the original dataset. C) Mean number of miRNAs (out of 100) that were differentially
expressed in subsamples of the perturbed dataset. Differential expression corresponds to a
Benjamin-Hochberg false discovery rate adjusted p-value <0.1. # = number.

25 individuals, from 10,000 subsets, an average 93 from the 100 artificially up- or
downregulated miRNAs were differential in expression between patients and
controls. However, with the smallest sample size of 5 versus 5, an average of only 47
out of 100 miRNA were differentially expressed, showing that a small sample size led
to more than 50% false negative results (Table 1C).
These analyses illustrate that using a cohort that is too small, the study may be
underpowered. This not only leads to the identification of false positive candidate
biomarkers and exaggerated effect sizes but also to non-identification of true
biomarker candidates. The identification of false positive biomarkers may lead to
putative biomarker sets that cannot be replicated in larger cohorts. Although, results
of the replication/validation phase are largely dependent on the patient population,
sample collection, measurement platform and statistical analysis, small sample size
error is highly likely to lead to an inability to replicate candidate biomarkers. Indeed,
in several published studies only few of the candidate biomarkers could be replicated
in larger independent cohorts.38-41 But perhaps an even larger problem is the fact that
true biomarkers may be missed in underpowered studies. In this case, a lot of money
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Figure 1. Inflation of the effect size in small sample size studies
Fold changes of the most significant miRNA in each of 10,000 subsamples from the original
dataset for five different sample sizes (n = 5, 10, 15, 20, 25). In subsamples of 5 versus 5
individuals the heterogeneity in effect sizes is larger compared to subsamples of 25 versus 25
individuals, with larger observed fold changes.

is spent on a pilot experiment that is futile. Moreover, researchers may be discouraged
to repeat the experiment because of the results of these previous underpowered
studies that showed no effect, and some important miRNA biomarkers may never
even be found.
Sample size calculation, the only solution to the problem of underpowered studies
The problem of small sample size error has raised the question as to what a sufficient
sample size in the search of miRNAs as biomarkers for disease actually is. Because
every experiment to detect circulating miRNAs differs from other experiments (e.g.
differences in disease state, variance of the miRNA levels, fold changes and proportion
of non-differentially expressed miRNAs), there is, unfortunately, no general answer
on what the sample size should be. Therefore, despite the extra costs, the only way
to design a sufficiently powered, valid experiment is to perform a pilot study before
performing the actual discovery study.
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Performing a power calculation
In a pilot experiment, the appropriate in- and exclusion criteria for patients and
controls should be set. These criteria should be the same as for the intended final
discovery experiment. Using these in- and exclusion criteria, a pilot study with
a subset of the intended study population should be conducted (see Figure 2 for
flowchart). After conducting the pilot experiment, the variance and fraction of nondifferentially expressed miRNAs estimated on the pilot study data can be used in
a power calculator to calculate the required sample size.8, 42-45 Of special note is
the required effect size that is used in the power calculation; meaning the minimal
effect size that can still be reliably detected using the calculated sample size. What
this minimal detectable effect size should be is entirely up to the researcher. Setting
lower minimal effect sizes enables the detection of more subtle differences between
patient and control. On the other hand, the required sample size rapidly increases
when the researcher sets the minimally detectable effect size, or fold change, to a
low value, increasing the costs of the discovery experiment. Therefore, before the
initiation of a large and costly discovery experiment, the researcher has to determine
which minimum effect size is deemed to be clinically relevant. Conversely, when
the experiment has already been performed, one can use a power calculation to
determine whether the underlying sample size provided enough power to find
clinically relevant biomarker candidates.
We can illustrate this again by using the above experiment that compared miRNA
expression between premature CAD patients and healthy controls. In this experiment,
we estimated that a minimum fold change of 1.5 would be biologically and clinically
relevant. As described in the methods section, we performed a power calculation to
test whether our sample size provided enough power to detect a fold change of more
than 1.5. To detect a 1.5-fold change in expression levels, we calculated that a sample
size of 19 subjects per group was needed to achieve more than 80% average power
with a false discovery rate of 10% and an estimated proportion of non-differentially

Figure 2. Flowchart for setup of a miRNA biomarker experiment.
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Figure 3. Impact of sample size and the minimally detectable effect size on power.
The graph shows the statistical power for a given sample size (per group) in different
scenarios of minimally detectable effect sizes ranging from 1.20 to 2. Commonly, a power
of 80% is used in power calculation. Therefore, the sample size (X-axis) at which the dashed
horizontal grey line crosses the line with the desired effect size is the sample size needed
to achieve enough power to detect that effect size. Effect sizes are indicated as fold-change
(FC). Smaller effect sizes require a larger sample size.

expressed miRNAs of 0.83. Because our experiment consisted of a sample size of
25 per group, this confirmed that our sample size had been large enough to reliably
detect the required 1.5-fold expression differences. When the researcher, however,
after execution of this experiment decides that (s)he wants to be able to reliably detect
a fold change of 1.20, the power calculation shows that a sample size of 93 individuals
per group is needed (Figure 3).
After having specified the sample size, the actual discovery experiment can be
performed (Figure 2). In this experiment, the exact same experimental protocols
and measurement platform should be used as in the pilot.46, 47 After selection of the
most promising candidates from the discovery study, these candidates can then be
validated in a subsequent validation study on an independent, larger, prospective
cohort, preferably using a different quantification system like qPCR. Also this
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experiment should be performed using the same in- and exclusion criteria and a prespecified and adequate number of subjects.
Conclusion
In the search for new biomarkers for diseases many miRNAs have been identified.
However, in subsequent validation studies only few of these findings could be
replicated. The use of small sample sizes and its consequences are still a large and
underappreciated problem that may have contributed to many discordant results in
circulating miRNA research. Here we illustrate that a small sample size has a major
impact on the replicability of a study. Therefore, carefully designed small sample
size pilot studies should be conducted and used in a power calculator to calculate
a sufficient sample size to detect meaningful differences in the discovery study. All
published research on biomarker identification should provide data about such pilot
studies with its matching power calculation to support the choices of the sample size
used. Neglecting this essential epidemiological element will lead to a high degree of
results that cannot be replicated, wasting a large amount of money and effort.
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Small sample error in miRNA array experiments
SUPPELEMENTAL MATERIAL
Search strategy
The following search strategy was used for the identification of the most promising
miRNA biomarkers for the diagnosis of cardiovascular disease in recent reviews:
(((micro rna[TIAB] OR microrna[TIAB] OR micro-rna[TIAB] OR mi-rna[TIAB]) OR
mi rna[TIAB] OR mirna[TIAB] OR “MicroRNAs”[Mesh]) AND (atherosclerosis[tiab]
OR arteriosclerotic vascular disease[tiab] OR atherosclerotic[tiab] OR coronary
artery disease[tiab] OR coronary heart disease[tiab] OR ischemic heart disease[tiab]
OR CAD[tiab] OR CHD[tiab] OR “Atherosclerosis”[Mesh])) AND review).
Supplemental Table 1. All CAD associated miRNAs from recent reviews per study
MiRNA

N of
Studies

Up or Down Source

First author

Year of
publication

Ref.

miR-1

1

Up

Plasma

D’Allesandra Y

2013

1

miR-15a-5p

1

Up

Plasma

Sullivan O

2016

2

miR-16-5p

1

Up

Plasma

Sullivan O

2016

2

miR-017

1

Down

Plasma

Fichtlscherer S

2010

3

miR-19a

1

Down

WB

Weber M

2011

4

miR-21

3

Down

Serum

Fan X

2014

5

Up

Plasma

Ren J

2013

6

Up

WB

Han H

2015

7

miR-23a

1

Up

WB

Han H

2015

7

miR-24

1

Up

PMBC

Dong J

2016

8

miR-25

1

Up

Plasma

Ren J

2013

6

miR-29a

2

Down

Plasma

Zhu J

2012

9

Down

WB

Weber M

2011

4

miR-30e-5p

1

Down

WB

Weber M

2011

4

miR-31

1

Down

Plasma

Wang H

2014

10

miR-33a

1

Up

PMBC

Dong J

2016

8

miR-34a

1

Up

WB

Han H

2015

7

miR-103

1

Up

PMBC

Dong J

2016

8

miR-092a

4

Up

Serum

Niculescu L

2015

11

Up

Plasma

Ren J

2013

6

Down

Plasma

Fichtlscherer S

2010

3

Down

EPC

Zhang Q

2011

12
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miR-93a-5p

1

Up

Plasma

Sullivan O

2016

2

miR-106b

1

Up

Plasma

Ren J

2013

6

miR-122

4

Up

Serum

Niculescu L

2015

11

Up

Plasma

D’Allesandra Y

2013

1

Up

Plasma

Gao W

2012

13

Up

PMBC

Dong J

2016

8

miR-125b

1

Down

Plasma

Huang S

2014

14

miR-126-3p

4

Up

Plasma

D’Allesandra Y

2013

1

Down

Plasma

Fichtlscherer S

2010

3

Down

EPC

Zhang Q

2011

12

Down

Plasma

Jansen

2014

15

Up

Plasma

D’Allesandra Y

2013

1

Up

Plasma

Wang F

2013

16

Up

Plasma

Fichtlscherer S

2010

3

miR-133a

3

miR-133b

1

Up

Plasma

D’Allesandra Y

2013

1

miR-134

1

Up

Serum

Gacon

2016

17

miR-135a

1

Up

PBMC

Hoekstra M

2010

18

miR-140-3p

1

Up

WB

Taurino C

2010

19

miR-145

4

Up in uCAD Plasma

D’Allesandra Y

2013

1

Down

Plasma

Fichtlscherer S

2010

3

Down

WB

Weber M

2011

4

Down

plasma

Gao H

2015

20

Up

Serum

Wu J

2014

21

Up

Plasma

Zhu J

2012

9

Up

PBMC

Takahashi Y

2010

22

miR-146a

4

Up

Serum

Niculescu L

2015

11

miR-146a-5p 1

Down

Plasma

Sullivan O

2016

2

miR-147

1

Down

PBMC

Hoekstra M

2010

18

miR-150

1

Down

WB

Weber M

2011

4

miR-155

4

Up

Plasma

Zhu J

2012

9

Down

WB

Weber M

2011

4

Down

Plasma/
PMBC

Zhu J

2012

9

Down

Plasma

Fichtlscherer S

2010

3

miR-181a

1

Down

PBMC

Hulsman M

2012

23

miR-181d

1

Down

WB

Weber M

2011

4
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miR-182

1

Up

WB

Taurino C

2010

19

miR-186

2

Up

Serum

Wu J

2014

21

Up(in UAP)

Serum

Zeller T

2014

24

miR-199a

3

Up

Plasma

D’Allesandra Y

2013

1

Down

Plasma

Fichtlscherer S

2010

3

Up/Down

Plasma

Jansen

2014

15

miR-208a

1

Up

Plasma

Fichtlscherer S

2010

3

miR-208b

1

Up

Serum

Wu J

2014

21

miR-214

1

Down

Plasma

Lu HQ

2013

25

miR-221

2

Up

PBMC

Minami Y

2009

26

Up

EPC

Zhang Q

2011

12

Up

PBMC

Minami Y

2009

26

Down

WB

Weber M

2011

4

Down

EPC

Zhang Q

2011

12

miR-222

3

miR-320b

1

Down

Plasma

Huang S

2014

14

miR-337-5p

1

Up

Plasma

D’Allesandra Y

2013

1

miR-340

1

Up

Plasma

Sondermeijer, B 2011

27

miR-342

1

Down

WB

Weber M

2011

4

miR-370

1

Up

Plasma

Gao W

2012

13

miR-378

1

Down

WB

Weber M

2011

4

miR-423-5p

1

Up

Serum

Miyamoto S

2015

28

miR-433

1

Up

Plasma

D’Allesandra Y

2013

1

miR-451

1

Up

Plasma

Ren J

2013

6

miR-484

1

Down

WB

Weber M

2011

4

miR-486

1

Up

Serum

Niculescu L

2015

11

miR-485-3p

1

Up

Plasma

D’Allesandra Y

2013

1

miR-490-3p

1

Up

Plasma

Freedman JE

2012

29

miR-494

1

Up

Plasma

Freedman JE

2012

29

miR-499

1

Up

Serum

Wu J

2014

21

miR-590-5p

1

Up

Plasma

Ren J

2013

6

miR-624

1

Up

Plasma

Sondermeijer, B 2011

27

miR-769-3p

1

Up

Plasma

Freedman JE

29

2012

2

References are found in the supplemental references below. WB = whole blood; PBMC=
Peripheral Blood Mononuclear Cells.
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Introduction
Patients at high risk of cardiovascular morbidity and mortality are still difficult
to identify. Unfortunately, the most widely used standard risk prediction models
predict cardiovascular disease (CVD) rather poorly, since these risk calculators are
mostly driven by age. Therefore, most young subjects are regarded as low risk merely
based on their age, despite sometimes quite obvious adverse risk factors. Circulating
biomarkers that can help to improve the identification of individuals at risk are
therefore highly needed.
MicroRNAs are short noncoding RNAs that posttranscriptionally regulate gene
expression.1 When microRNAs are shed into the circulation, they remain there in a
stable state and reflect ongoing processes at a cellular level in the tissues.2, 3 Because
of these properties, circulating microRNAs have become increasingly popular over
the years.
After many small, exploratory studies with divergent results, presently, also larger
studies on circulating microRNAs are being published. In a recent study, Karakas et
al.,4 assessed the prognostic value of 8 circulating microRNAs that had previously been
identified to facilitate the diagnosis of unstable angina pectoris (UAP)5 in a cohort of
430 acute coronary syndrome (ACS) patients and 682 stable angina pectoris (SAP)
patients. The authors concluded that 7 of these 8 measured microRNAs are strongly
predictive of cardiovascular mortality with areas under the receiver-operating curves
(AUCs) up to 0.76; this represents an important step forward in the circulating
microRNA field. However, these studies still struggle with many common pitfalls in
microRNA measurement and interpretation of the results remains challenging.
Pitfalls in the measurement of circulating microRNAs and poor reporting on reverse
transcription quantitative polymerase chain reaction methods
Reverse transcription quantitative polymerase chain reaction (RT-qPCR) is the most
common way to reliably assess microRNA levels. However, the way in which RTqPCR measurements are performed and analyzed can have a large influence on the
results. It is therefore of great importance to have standardized and validated methods
for RT-qPCR microRNA measurement. The authors of the study of Karakas et al.4
thoroughly report on statistical methods, but do not report on the details of the RTqPCR measurement nor the handling of missing data. It is important to describe the
RT-qPCR methods following the MIQE guidelines6 and to describe how missing data
was handled. Differences herein can lead to serious flaws and biases in the results, as
explained more in detail below.
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Handling missing data and low values
MicroRNAs often circulate in a very low concentration. Even highly sensitive methods
like RT-qPCR, need to be stretched to their limit of detection and sometimes certain
microRNAs are even totally absent from the circulation. This most often results in
missing values that complicate the measurement of microRNAs, since microRNAs
can also appear to be missing due to a technical error.
It is most important to distinguish missing values due to a low concentration or
complete absence of the microRNA from the circulation, from values that are missing
due to a technical error. Missing data due to a low concentration is not missing at
random and therefore should be substituted with a low value, whereas missing data
due to technical errors occur at random and must be imputed.
The authors of Karakas et al.4 acknowledge the issues related to a low microRNA
concentration, since they substitute Ct values ≥40 with a ∆Ct of 40. Unfortunately, by
doing so, they substitute the low microRNA concentrations with an unrealistically
low value. We will explain this in detail. In the study, the formula Ct (microRNA)
− Ct (cel-miR-39) was used to calculate the ∆Ct. To produce a reliable qPCR curve
based on enough data points to calculate a Ct from, a minimum Ct value of 15 is
needed. Therefore, the maximum ∆Ct that can be calculated is [(maximum Ct of
the microRNA =39.99) − (minimum Ct celmiR-39 =15)] =24.99. However, in case
of a Ct value of ≥40, the authors set the ∆Ct to 40, creating a large gap between the
lowest value measurable (∆Ct of 24.99) and the substituted low value. This value will
contribute tremendously to the mean expression level compared to more realistic
substitution values such as a ∆Ct of 26 (Figure 1A). If not accounted for, these
unrealistic values can influence the results of cox or logistic regression analyses.
Concerning missing values, the authors do not report whether they encountered this
and how this was handled. A missing value can occur because the Ct is 0, meaning
that the microRNA was under the detection limit, which also represents a low
concentration. Therefore, Ct values of 0 should also be imputed with a reasonably
low number, instead of simply excluding them, which could lead to false higher
expression levels (Figure 1B).
A missing value can also occur due to a technical error. By excluding these data, the
study will lose power and meaningful differences can be lost as illustrated in Figure 1C.
The best way to handle this type of missing data is by a multiple imputation method,
in which a weighted average is imputed, taking into account the characteristics of
the study population. Failure to handle this issue, might lead to either under- or
overestimation of the effect.
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Figure1. Pitfalls of microRNA data handling. The following pitfalls can be expected from
wrong data handling. (A) shows the effect of using an unrealistically low value to substitute
Ct values ≥40. Due to a large gap between the lowest measurable ∆Ct of 24.99 and the substituted ∆Ct of 40, there is more variation in the data, creating bias in the analysis. Dots are
fictional data with mean (black line) and standard deviation (grey whiskers). This is solved
by using a more appropriate ∆Ct to substitute these low values such as a ∆Ct of 26; (B) shows
the effect of excluding missing values due to low microRNA expression. When these values
are excluded, this falsely leads to increased expression levels. Therefore, missing values due
to low microRNA expression must be substituted with a low value (e.g., 0); (C) shows the
effect of excluding missing values that occurred due to technical errors. Excluding these
missing values from the analysis instead of imputing them will lead to an increased standard
error of the mean and may therefore mask significance. In (B) and (C), dots are fictional
data with mean (black line) and standard error of the mean (grey whiskers).
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Single versus duplicate or triplicate RT-qPCR measurements
Another major issue concerning the reliability of RT-qPCR measurements of
microRNA data is that often single measurements per sample are performed,
where duplicate or even triplicate measurements would be more appropriate.
Using measurements in duplicate or triplicate highly increases the precision of
the microRNA measurements. Besides, replicate measurements are essential to
distinguish missing data due to technical errors from missing data because of low
expression, as explained above.
If a single microRNA measurement shows a Ct value of 0, one would falsely decide
that the microRNA is not detectable within the sample, whereas if the measurement
would have been done in triplicates, the other two Ct values might have had values
of for instance 32. In this particular example one would conclude, that the first
measurement has a technical error and that the true value is the average of the
other two measurements. On the other hand, when all three triplicates have a Ct of
0, it is most likely that this microRNA cannot be measured due to low expression.
Unfortunately, the authors do not report whether their RT-qPCR measurements were
single or multiple measurements.
Normalisation methods
As the authors state in the discussion, another potential source of bias is the
normalization with cel-miR-39. Since cel-miR-39 is not incorporated in microvesicles
or protein or lipid complexes, variations in extraction of microRNAs from these
vesicles and complexes are not accounted for.7 Therefore, we recently proposed a
normalization methods using a panel of endogenous microRNAs, best representing
stability of the data and taking in to account technical failures during the RT-qPCR
measurement.8 We therefore suggest using these specific panels for specific samples.
Interpretation of the study results
The authors of the paper by Karakas et al.4 nicely show that circulating microRNAs
predict cardiovascular death in coronary artery disease. This is one of the first
papers addressing such an important issue in such a large population. Besides, the
observed association of 7 of the 8 microRNAs related to cardiovascular mortality, is
fairly strong. On the other hand, because the authors do not report on the mortality
rate and the data handling as discussed above, the observed results might be slightly
overestimated. Remarkably, this important observation is mainly present in the ACS
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group, since when analyzing the overall group, the observed association is slightly
attenuated.
The authors speculate on the pathophysiological process behind these microRNAs
and state that they could be hypoxia markers. On the other hand, it appears from
Table 2 in the paper, that the expression level of all the eight microRNAs in ACS are
actually lower than in SAP (higher ∆Ct = lower expression level). Therefore, it seems
that this intriguing suggestion cannot directly be support by these data. The authors
show another intriguing observation, namely, that the association is influenced by
vessel disease and left ventricular ejection fraction (LVEF). When the authors correct
their data for the number of diseased vessels and LVEF, the association becomes
stronger, meaning that this association is mainly present in individuals with a lower
atherosclerotic burden and/or a preserved ejection fraction. This suggests that
these microRNAs might reflect another underlying pathophysiological mechanism
strongly related to cardiovascular death. Taken together, Karakas et al. importantly
advance this field by showing predictive power well beyond currently used risk scores,
and suggest that the measured circulating microRNAs are related to cardiovascular
death. However, more detailed analysis of the technical details of their RT-qPCR
measurement may improve signal to noise ratio and further facilitate the use of these
biomarkers.
Relation to other microRNAs studies
In this study, microRNAs that were previously associated with UAP were identified5.
Although only small studies have compared UAP with controls,9-11 none of these
markers that were identified in the study of Zeller et al.,5 have been found previously.
Additionally, since UAP is atherosclerosis without substantial ischemia, some overlap
with previously found markers for SAP in earlier studies would have been expected.
However, none of the eight microRNAs that were measured in the study of Karakas et
al.4 were found in a total of 17 earlier studies on SAP markers.12 Although, the study
of Zeller et al.5 is the first to consistently show an association of microRNAs with UAP
in three independent cohorts, we maintain to wonder why so many different study of
microRNA biomarkers produce different results. This might be a cause of the many
pitfalls of microRNA measurement, the lack of standard methods for measurements
and normalization or handling of missing data. On the other hand the study of
Karakas et al.4 remains one of the largest and most thoroughly performed studies in
the field of circulating microRNAs. Moreover, they found highly interesting markers
for coronary artery disease risk prediction, despite the raised issues concerning data
handling. However, subsequent external validation with more accurate measurements
are needed to assess if these circulating microRNA biomarkers could be of value in
clinical practice.
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ABSTRACT
Since numerous miRNAs have been shown to be present in circulation, these so-called
circulating miRNAs have emerged as potential biomarkers for disease. However,
results of qPCR studies on circulating miRNA biomarkers vary greatly and many
experiments cannot be reproduced. Missing data in qPCR experiments often occur
due to off-target amplification, nonanalyzable qPCR curves and discordance between
replicates. The low concentration of most miRNAs leads to most, but not all missing
data. Therefore, failure to distinguish between missing data due to a low concentration
and missing data due to randomly occurring technical errors partly explains the
variation within and between otherwise similar studies. Based on qPCR kinetics, an
analysis pipeline was developed to distinguish missing data due to technical errors
from missing data due to a low concentration of the miRNA-equivalent cDNA in
the PCR reaction. Furthermore, this pipeline incorporates a method to statistically
decide whether concentrations from replicates are sufficiently concordant, which
improves stability of results and avoids unnecessary data loss. By going through the
pipeline’s steps, the result of each measurement is categorized as “valid, invalid, or
undetectable.” Together with a set of imputation rules, the pipeline leads to more
robust and reproducible data as was confirmed experimentally. Using two validation
approaches, in two cohorts totaling 2214 heart failure patients, we showed that
this pipeline increases both the accuracy and precision of qPCR measurements. In
conclusion, this statistical data handling pipeline improves the performance of qPCR
studies on low-expressed targets such as circulating miRNAs.
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INTRODUCTION
MiRNAs are small noncoding RNA molecules that bind to target mRNAs and thereby
inhibit their translation into a protein.1 The presence of miRNAs in circulation
makes them easily accessible and consequently they have emerged as a novel class
of biomarkers for a wide range of diseases, including cardiovascular diseases.2-4
However, studies on circulating miRNAs show very low replicability. A recent review
of 11 similar studies, together identifying 31 heart failure-related miRNAs, showed
that only five of these miRNAs could be replicated in more than one study and that
none could be replicated in more than two studies.3
MiRNA biomarker identification often starts with a high throughput screen (e.g.,
microarray), after which the most promising candidates are validated by quantitative
polymerase chain reaction (qPCR) measurements. Despite the fact that qPCR is
a sensitive method, challenges arise when working with target quantities near the
detection limit of qPCR, as is the case for many circulating miRNAs. This leads to
missing data, which is handled and interpreted differently between studies, leading
to differences in outcome.
To date, there is no consensus on how to handle missing data in qPCR studies in a
statistically valid manner. Therefore, we propose an analysis pipeline to standardize
the handling of results in low-target quantity qPCR experiments, such as in the case
of circulating miRNAs, to assure statistical validity and improve replicability.
Occurrence of missing data in qPCR results
Quantitative PCR is a sensitive method to quantitatively assess miRNA levels.5 The
real-time monitoring of the fluorescence associated with the amplification of cDNA
derived from specific miRNA species6 results in an amplification curve. There are
various software packages to analyze the qPCR curve, resulting in a quantification
cycle (Cq) or, using an estimate of the amplification efficiency value to perform the
calculation, in a starting concentration (N0).7
Before the Cq or N0 values can be used in the statistical analysis of the experiment,
their validity has to be ascertained. Firstly, a check that the correct product is amplified
has to be carried out. Some monitoring chemistries allow a melting curve analysis for
this purpose; otherwise gel electrophoresis is an option.
When an off-target product is amplified, Cq or N0 values have to be set to missing.
Next, the quality of the amplification curves should be sufficient to allow analysis.
Several methods are available to perform such a quality control.8-11 In general, to allow
analysis of amplification curves, these curves should at least consist of an exponential
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phase and a plateau phase. If not, the curve analysis software rules out these reactions
and marks the results as missing. The absence of amplification or the absence of a
plateau phase most often indicates that the template concentration was under the
detection limit of the qPCR assay. However, deviating amplification curves do not
just occur at low concentrations and, therefore, some require a different missing data
handling. Finally, results are often set to missing when there is a large difference in
Cq values between replicate reactions. Although such discordant replicates are mostly
considered to be due to technical variation or pipetting errors, the Poisson effect that
occurs by chance when pipetting from the cDNA stock to the reaction plate cannot
be ignored.
MATERIALS AND METHODS
Definitions
Off-target amplification is defined as amplification that, in the melting curve analysis,
shows a melting peak at a different melting temperature than the positive control or
a melting curve that shows multiple melting peaks. A nonanalyzable amplification
curve is defined as an amplification curve that does not meet the quality criteria of
the qPCR curve software. In this study, the curve analysis program LinRegPCR was
used.10 The target is defined as the specific product to be measured, in this article the
cDNA copy of the miRNAs including the ligated primer.
In this article, a measurement is defined as the act of measuring the concentration of
the miRNA in a sample using qPCR. This measurement results in a Cq value. When
the melting curve and amplification curve are correct, the Cq value determined from
the amplification curve can be used to calculate the starting concentration (N0),
which is thus defined as the result of the qPCR measurement.
A sample is defined as the total of RNA extracted from the blood that was drawn
from the patient or control subject and reverse transcribed into cDNA. From this
cDNA, a small amount (usually 1 μL) is transferred to the qPCR plate to be amplified.
In this manuscript, the cDNA equivalent to the initial amount of (mi)RNA in one
well of one plate is referred to as a “reaction.”
Cohorts for validation of the proposed pipeline
In this article, we used two large independent cohorts on circulating miRNAs to
illustrate common pitfalls during qPCR data handling and to validate the proposed
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pipeline. In brief, cohort I consecutively included 834 ambulatory patients treated for
heart failure (HF) in an outpatient setting between August 2006 and June 2011. Cohort
II prospectively enrolled 1750 HF patients between 2007 and 2015. From the latter
cohort, the first 1380 patients were used for miRNA measurement and analysis. In the
first validation, the data from both cohorts were used with and without application
of the proposed pipeline to illustrate the effect of this pipeline on the precision of
the hazard ratios determined for a set of candidate miRNA markers. To this end, we
assessed the prognostic value of 12 miRNAs on heart failure related mortality and
morbidity. In the second validation, data of cohort I were used to determine the effect
of data handling on the relation between quartiles of hs-troponin T and miR-499a-5p
expression.
qPCR measurements
Blood collection and processing
In both cohort I and II, whole-blood samples were collected by venipuncture in
EDTA tubes and were centrifuged. Plasma was separated, then aliquoted and frozen
within 1h of collection. Samples were stored at −70°C. Samples were stored between
2006 and 2011 (cohort I) and between 2007 and 2015 (cohort II) and were thawed for
further analysis in 2014–2015.
RNA isolation
In cohort I, RNA was isolated from 500 μL plasma using the mirVana kit (Thermofisher
Scientific) according to the manufacturer’s instructions. The RNA pellet was collected
in 100 μL RNAse free water. In cohort II, RNA was extracted from 200 μL plasma
using 750 μL TRIzol LS reagent (Invitrogen Corp.) and was incubated for 10 min at
room temperature followed by 200 μL chloroform. The mixture was centrifuged at
12,000g for 10 min, and the aqueous layer was transferred to a new tube. RNA was
precipitated by isopropanol and washed with 75% ETOH subsequently. The RNA
pellet was collected in 50 μL RNAse free water. Nucleic acid quantification could not
be performed due to the low concentration of RNA in plasma. DNAse and RNAse
treatment was omitted since previous experiments showed no difference of miRNA
expression in plasma with and without these treatments.
Reverse transcriptase of miRNAs
In both cohorts, complementary DNA was obtained from high abundant miRNAs
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(miR-1254, -378a-3p, -423-5p, -320a, -345-5p, -22-3p, -486-5p) using the miScript
reverse transcription kit (Qiagen) according to the manufacturer’s instruction. More
specifically, the RT reaction consisting of 7.5 μL RNA from the isolation, 0.5 μL
miscript RT, and 2 μL of 5× RT Buffer was incubated at 37°C for 60 min and at 95°C
for 5 min and held at 4°C for 5 min. cDNA was diluted in a 1:8 (cohort I) or 1:5
(cohort II) ratio using nuclease free water.
For less abundant miRNAs (miR-133a-3p, -133b, -208a-3p, -499a-5p, -622, -1306-5p),
qScript microRNA cDNA Synthesis Kit (Quanta BioSciences) was used, according
to the manufacturer’s protocol. Specifically, first, a poly(A) tailing reaction was
performed using 3 μL of RNA, 2 μL of poly(A) tailing Buffer (5×), 4 μL of nuclease
free water, and 1 μL Poly(A) polymerase. This was incubated for 60 min at 37°C
followed by 5 min on 70°C. Subsequently, 10 μL of this poly(A) tailing reaction, 9 μL
of miRNA cDNA reaction mix and 1 μL of qscript RT were incubated for 20 min at
42°C followed by 5 min at 85°C. cDNA was diluted in a 1:8 (cohort I) or 1:5 (cohort
II) ratio using nuclease free water. Both a nontemplate control and a no-RT control
were included in the measurement to assure that products were not the result of
genomic DNA or RNA.
Quantification and analysis of miRNA expression by RT-qPCR
Expression levels of each miRNA were quantified by RT-qPCR using Sybr Green
(Roche) and miRNA primers (Eurofins; primer sequences are shown in supplemental
table 2) in a total volume of 10 μL according to the manufacturer’s instruction. This
mix contained 5 μL of SybrGreen dye, both 0.5 μL of forward primer and 0.5 μL of
reverse primer from a 10 pmol/μL stock, 2 μL of RNasefree water, and 2 μL of template
cDNA. RT-qPCR reactions were run in duplicates on the Light cycler 480 (Roche).
The reaction mixture was preincubated at 5°C for 10 sec, followed by 45 cycles of 95°C
for 10 sec, 58°C or 55°C for 20 sec (dependent on the primer character) and 72°C for
30 sec. Melting curve analysis was done by hand and melting curves were marked as
bad when the melting curve deviated from the positive control or showed multiple
peaks. Raw fluorescence data were analyzed using LinRegPCR quantitative qPCR
data analysis software version 2014.6.10 PCR efficiencies were between 1.67 and 2.09
for all miRNAs. Data were normalized to miR-486-5p and log10-transformed before
statistical analysis.
Hs-troponin T measurement
Hs-troponin T levels were measured (via electrochemiluminescence immunoassay
using an hs-cTnT assay and the Modular Analytics E 170 system [Roche]). The hs-
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cTnT assay had an analytic range of 3–10,000 ng/L. At the 99th percentile value of
13 ng/L, the coefficient of variation was 9%. The analytic performance of this assay
has been validated and complies with the recommendations of the ESCACCFAHAWHF Global Task Force for use in the diagnosis of myocardial necrosis.12 Assays
were run with reagents from lot 157123, which was unaffected by the analytical issues
that emerged with Roche hs-cTnT assays.
Multiple imputation
Invalid data were imputed using multiple imputation. Multiple imputation is a
frequently used technique in clinical research to estimate the missing values based on
all available patient characteristics. This method consists of three steps: (i) imputation,
(ii) analysis, and (iii) pooling. In the imputation step, values of the missing data are
estimated by random sampling from the distribution of the nonmissing, observed
data and adjusted to the characteristics of the sample (e.g., when imputing a missing
value of the weight of a patient, taking in account the gender and length of the patient
will produce a more accurate estimate). To correct for uncertainty about the imputed
value, the imputation step is repeated to create five or more different imputed data
sets. In the next step, the statistical analysis is performed on each imputed data set
separately, and in the final step, all analysis results are pooled to create a final result.
Multiple imputation is incorporated in the most widely used statistical analysis
software programs such as SPSS for Windows. The exact formulas describing this
method can be found in the original work of Rubin.13
Statistical analysis
ANOVA with post-hoc Student’s t-tests were used to calculate differences in miR499a-5p expression in quartiles of hs-troponin T. F-tests were used to test differences
in variance between the different ways of data handling in the validation experiment.
Variables with a skewed distribution, e.g., the miRNA expression levels, were logtransformed before they were analyzed. Statistical analyses were performed using
SPSS for Windows Version 23. A P-value <0.05 was considered statistically significant.
Calculations
Calculation 1. A difference of 0.5 cycles between replicates is expected with 15% pipetting
error
The basic equation for PCR kinetics10 can be rewritten to calculate the Cq, the number
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of cycles needed to reach the threshold,
									Eq. [1]
from the starting concentration (N0), the quantification threshold (Nq), and the PCR
efficiency (E), defined as the fold increase per cycle. Assuming that N0 follows a
normal distribution, the effect of a pipetting error (P), randomly up or down, on the
starting concentration N0(P) is
							 		Eq. [2].
When combining Equation 1 and Equation 2, the Cq that corresponds to a certain
pipetting error can be calculated as

									Eq. [3].

The Cq range for a certain pipetting error P is then given by Eq.[4]
									Eq.[4].
Note that this range is dependent on the PCR efficiency but independent of Nq and
N0. Using Equation 4, with mean PCR efficiency of 1.9, a Cq range of 0.5 is reached
with 15% pipetting error (Figure 2A).
Calculation 2: Expected Cq range between replicates
It is commonly accepted that with an input of 10 template copies in the reaction and
a PCR efficiency between 1.8 and 2, a Cq value of approximately 35 will be observed
(Shipley et al.14, see also calculations 3). By definition, the relation between the
number of template copies in a reaction and the observed Cq value is given by the
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basic equation for PCR kinetics:
Eq.[5],
with the quantification threshold (Nq) and a given PCR efficiency (E). However,
according to the above rule of thumb, for 10 copies of template Equation 5 can be
written as

4

Eq.[6].
Combining those equations shows that for an observed Cq value the number of
template copies (N) pipetted into the PCR reaction can be approximated with
Eq.[7].
At low concentrations (N), the actual input in the PCR reaction is strongly subject to
a Poisson sampling error during pipetting. Using the relationship between Poisson
and χ2 distributions15, the 95% confidence interval of N is given by
Eq.[8].
The upper and lower limits of this interval in actual number of copies in the reaction
will be observed as the lower and upper limits of the range of Cq values. As shown in
calculation 1, the basic equation for PCR kinetics can be converted into an equation
to calculate the Cq value from Nq, E, and N0 (Calculation 1, Equation 1). This equation
can be extended into an equation for the difference in Cq values (delta Cq) for 2 inputs
(Nup and Nlow).
Eq.[9].
With Nup and Nlow as the upper and lower limit from Equation 8, the delta Cq in
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Equation 9 then gives the width of the 95% range of the expected Cq values for a
combination of average input copy number and PCR efficiency. Given the effect of
Poisson error on sampling, this range of Cq values should be considered as unavoidable
and thus acceptable. Table 1 and Figure 2B show this expected range of Cq values for
PCR efficiency values from 1.6 to 2.
Calculation 3. Amplification of 10 copies results in a Cq of 35
When 1 μL of a primer solution with a concentration of 1 μM is pipetted into the
reaction this is equivalent to an amount of 1 pmol primers in the reaction. Based on
the Avogadro constant, this equals a number of 6.022E+11 copies of primers in the
reaction. Using the basic equation for PCR kinetics (Calculation 1, Equation 1), we
can calculate the number of amplicon copies in the sample after a given number of
cycles. When the reaction starts with 10 copies and the PCR efficiency (E) is 1.9, the
number of amplicon copies and the number of remaining primer molecules become
similar after 38 cycles. When this happens, the competition between amplicon and
primers during the annealing step of the PCR will decrease the PCR efficiency and
the reaction will enter the plateau phase. Competition will already start when the
amplicon number reaches one-tenth of the primer concentration, about three cycles
earlier.16 Therefore, this calculation also shows that for a reaction that starts with 10
copies of template, the exponential phase of the PCR will end at approximately 35
cycles. For other primer concentrations and PCR efficiency values, this calculation
gives different but similar results.
RESULTS
Both imputation and exclusion of all missing data leads to analysis bias
Since it is known that circulating miRNAs can occur in low concentrations or might
even be totally absent from circulation, a large number of missing values can be
expected. Furthermore, it is known that with decreasing concentration of the target,
the chance of finding a so-called nondetect increases.17 This is confirmed in our
own qPCR experiments, which show that among a total of 10,008 qPCR results on
12 different miRNAs from cohort I, low concentrations (high Cq) of the measured
miRNAs result in more measurements with missing values (Fig. 1).
Missing data can be handled in different ways. Total exclusion of missing data leads
to loss of data points and thus to loss of statistical power. The common practice
is therefore to substitute a missing value with a Cq value equal to the maximum
number of cycles run on the PCR machine. However, this method sets the N0 to an
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impossibly low value.17 Moreover, generally, only the curves that cannot be analyzed
are substituted with this low value, while also the number of reactions with off-target
amplification and the number of discordant replicates increase with a decreasing input
concentration (Fig. 1). As described in detail in Materials and Methods, multiple
imputation can be applied to replace the missing values with estimates based on
patient characteristics. These imputed values are thus estimated from the distribution
of values that were high enough to be measured. However, such an imputation ignores
the fact that some missing data are truly zero. Therefore, multiple imputation of all
missing values will wrongly increase the average outcome. To handle missing data
correctly, it should be distinguished and divided into two categories: (i) missing data
that represent an “undetectable” value because the concentration of the target in the
sample is either a true zero or too low to be measured quantitatively, and (ii) “invalid”

Figure 1. Fraction of measurements that resulted in missing data from a total of 10,008
qPCR results to measure the expression of 12 different miRNAs (from cohort I). Data are
considered missing when one of the replicate reactions (i) has off-target amplification, (ii)
has an amplification curve that did not pass the qPCR curve quality control (nonanalyzable
curve), or (iii) when the two replicates are more than 0.5 cycles apart, which is more than
can be expected from pipetting error (discordance between replicates). All categories and
thus the total number of missing data increases with increasing Cq value and thus lower
input concentration.
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values that are missing due to a technical failure and thus represent true missing
values (missing at random).
Minimizing loss of data due to imprecision in replicates
qPCR data are commonly analyzed by calculating the mean of the results of replicate
reactions to reduce the effects of technical variation. Unfortunately, missing data and
discordance can occur among replicates. During the experiment, only a small amount
of cDNA (usually 1 μL) is pipetted from the stock to the qPCR plate. Therefore,
variation can occur due to pipetting error. A rule of thumb is that when the variation
between replicate Cq values is more than 0.5 cycles, the data cannot be trusted,
and both replicates should be discarded.18 As shown in Figure 2A, this 0.5 cycles
difference is to be expected when there is ~15% pipetting error and the template
is present at a high concentration. However, pipetting is a random sampling action
and its result will, therefore, always follow a Poisson distribution.19 This means that
at low target concentrations, the variation due to the Poisson effect becomes larger

Figure 2. Sources of variation in observed Cq values between replicates. (A) Relation
between pipetting error and Cq range between replicate measurements. A pipetting error
of 15% leads to a range of 0.5 between replicates. Red line represents the Cq of the pipetting
error down and blue line represents the Cq of the pipetting error up. Orange arrow indicates
where the 0.5 cycles between replicates is expected, which is at 15% pipetting error. For the
calculations behind this figure, see calculation 1 in Materials and Methods. (B) The maximum acceptable Cq difference between replicates increases with increasing mean Cq of the
replicates (lower copy number input in the reaction) and is dependent on the PCR efficiency.
Note that in the graph, 0.5 cycles is considered to be the maximum allowable Cq range for Cq
values where pipetting error is the prevalent cause of variation. For the calculations behind
this figure, see calculation 2 in Materials and Methods.
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than the pipetting error and unavoidably a relatively large range of Cq values will
be found, even with highly skilled operators (Fig. 2B). Consequently, when working
at low concentrations, many measurements will be discarded unnecessarily, causing
loss of statistical power, when the 0.5 cycles rule is strictly adhered to.
Handling missing data
In conclusion, missing data can occur from off-target amplification, nonanalyzable
amplification curves, and discordance between replicates. Because the majority, but
not all missing data arise as a result from a low concentration of the target (Fig. 1),
missing data due to low concentration must be distinguished from data missing at
random. Here we propose a practical analysis pipeline to classify missing data from
qPCR experiments into two categories: invalid and undetectable measurements, and
to handle them accordingly to improve qPCR accuracy and precision.
Data handling pipeline
We propose a data handling pipeline that deals with the above described issues
(Fig. 3). This pipeline consists of four steps to categorize the results of the qPCR
analysis in valid, invalid, and undetectable and handles those categories accordingly.
A documented SPSS and R syntax, for practical use of the data handling pipeline and
an example of the required data format, are available for download at http://www.
hfrc.nl.
Step 1: Curve analysis
The first step in the pipeline is analysis of the reaction, consisting of confirmation of
the correct product and evaluation of the amplification curve quality. Confirmation
of the correct product is done by a manual melting curve analysis. Note that when
hydrolysis probe assays (e.g., Taqman) are used, melting curve analysis is not
required; a validated probe assay implies that only the correct amplification product
results in fluorescence. In this case, one can start at step 2 (or at “rank ABC” in the
case of triplicates). Amplification curve quality control can be done by hand or can
be performed by a qPCR curve analysis program such as LinRegPCR.10 When offtarget amplification occurs or when the amplification curve cannot be analyzed, the
observed Cq value can never be converted into a reliable, valid N0. However, offtarget amplification can occur due to a low target concentration. Therefore, when a
deviating melting peak is observed, the categorization into invalid or undetectable of
the result depends on the Cq value of the associated amplification curve, and one must
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Figure 3. Flow diagram of the data handling pipeline for duplicate and triplicate measurements. An extensive description of the pipeline is given in the Results. Briefly, in step
1, melting and amplification curve analysis is performed by the user. In step 2, the ΔCq of
the replicates must be evaluated to check if they are in the allowed range of each other (for
the maximal acceptable range between replicates, see Table 1). Then, based on a critical Cq
value, in step 3, each measurement is categorized as valid, invalid, or undetectable and is
handled accordingly. *For most PCR machines and experiments, a critical value of 35 will
be optimal; however, this critical Cq may be changed by the user if inappropriate for the
experiment. †When using triplicates and all reactions are OK, replicates A, B, and C must be
ranked based from lowest to highest Cq. This step avoids discarding all replicates when two
out of three are in range of each other and can therefore still be used in the analysis. ‡A Cq
of zero (no amplification) must be considered the same as having a Cq > 35. qPC = qPCR
curve.

proceed to step 3 to handle the reaction based on the mean Cq of the replicates. When
triplicate reactions are run and only one out of three shows off-target amplification,
this one replicate must be discarded and one can proceed through the steps using the
other two replicates.
Step 2: Handling replicate measurements
Most qPCR reactions are conducted as replicates. To avoid unnecessary loss of data
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points (discarding all replicates with >0.5 cycles difference), as discussed above, we
used the Poisson distribution to calculate the acceptable Cq range between replicate
measurements for different template numbers in the reaction. The acceptable Cq
range is defined as the interval in which 95% of the Cq values are expected to be
found, given a certain Cq value (Table 1; Fig. 2B; details on the calculations are
described in calculation 2 in Materials and Methods). We propose that whenever
the replicates are within this acceptable range, the mean of the Cq or therefrom
calculated N0 values can be used in the analysis. If the replicates are not in range, it is
not possible to determine accurately which of the replicate measurements is correct
and therefore there is no reliable result. In the case of triplicates, it can happen that
two replicates are in range of each other and the third replicate is an outlier. Then, the
former replicates are most likely the accurate ones and one can proceed using only
these two replicates. Therefore, with triplicates, replicates A, B, and C must be ranked
from lowest to highest Cq.
Step 3: Reactions with a Cq value above 35 are considered too low to be quantitatively
measured (undetectable)
When the concentration of a miRNA is very low, there are two possible options.
Either the concentration is too low to result in detectable amplification, resulting in a
missing Cq value set by the analysis program, or the concentration is just high enough
to give amplification, resulting in amplification with a high Cq value. However, such
high Cq values often result from amplification curves that do not reach the plateau
phase, because the number of cycles is limited by the user. Therefore, above a critical
Cq value, reactions should be considered to have an input that is too low to be reliably
quantitatively measured. Note, however, that in a qualitative diagnostic assay, such
reactions should be reported as positive because the correct product was amplified.
We propose to set the critical Cq value at 35 cycles. This is the Cq value resulting from
an input of approximately 10 copies of template in the reaction.14 This observation
comes from general experience and is supported by an easy calculation (see
calculation 3 in Materials and Methods), which shows that an optimal qPCR with a
primer concentration of 1 μmol/L and 10 template molecules in a reaction, reaches
the end of the exponential phase after approximately 35 cycles where amplicon and
primer concentrations become similar.16 Moreover, the Poisson effect that occurs
when an average of 10 copies of template are pipetted from stock to the reaction plate
leads to a coefficient of variation of ~30%. This means that above a Cq of 35 there is
too much random variation for reliable quantification. Therefore, all reactions that
have a Cq value of more than 35, and those marked as “no amplification” (Cq of 0),
are considered to contain an undetectable amount of template. Note that for this
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Table 1. Maximal acceptable range in replicates is dependent on the mean Cq value.
Mean Cq of replicates
PCR efficiency

25

26

27

28

29

30

31

32

33

34

35

1.6

0.5

0.5

0.5

0.5

0.7

0.8

1.1

1.4

1.7

2.2

2.9

1.7

0.5

0.5

0.5

0.5

0.5

0.6

0.8

1.1

1.5

1.9

2.5

1.8

0.5

0.5

0.5

0.5

0.5

0.5

0.7

0.9

1.2

1.7

2.3

1.9

0.5

0.5

0.5

0.5

0.5

0.5

0.5

0.8

1.1

1.5

2.1

2.0

0.5

0.5

0.5

0.5

0.5

0.5

0.5

0.7

0.9

1.3

1.9

The numbers are the maximal acceptable differences in quantification cycle (Cq)
between the results of replicate measurements (minimum values set to 0.5). Note that
the range depends on the PCR efficiency value and the mean of the Cq values of the
replicates. See Materials and Methods (calculation 2) for detailed description of the
derivation of the equation to calculate the expected Cq range due to Poisson sampling
during pipetting.

pipeline to work, the number of cycles that are run on the PCR machine should be
high enough to reach a Cq of 35. Therefore, we propose to set the number of PCR
cycles on the machine to at least 45 cycles. Although for most PCR machines and
experiments a critical value of 35 will be optimal, the number of cycles that is needed
to reach the quantification threshold when starting with 10 copies in the reaction can
differ between experiments. There are various factors of data processing known that
can influence the observed Cq value and can affect the assumed relation between an
input of 10 copies and a Cq of 35. These factors are (i) preprocessing of the fluorescence
data, such as curve smoothing;20 (ii) the applied monitoring chemistries, probe types,
and platforms;21 (iii) the method of determining the Cq value.7 The critical Cq of 35
may therefore have to be changed by the user.
Step 4: Handling missing data and normalization
After following the above protocol, the resulting data set consists of valid expression
values, invalid values, which are missing values at random due to technical error, and
undetectable values, which are missing due to low target input.
Handling invalid values: Because invalid measurements occur at low Cq values, the
technical or biological replicates of these measurements are valid values in the data set.
Consequently, invalid values can easily be imputed. The applied imputation method
should be multiple imputation, since most of the variation in a qPCR experiment
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is caused by differences at the inter-individuals level.22 The multiple imputation
method renders the best estimate of that specific miRNA concentration based on
all variables that underlie the observed differences in the data set.23 It was shown
that with multiple imputation, in some cases up to 80% of the missing data can be
reliably imputed.24 This means that even when there is a large number of invalid data,
their imputation will generally not alter the medical or biological conclusions of the
experiment.
Handling undetectable values: Debate exists on what is the best method for
substitution of undetectable values. Since the qPCR detection limit is variable between
experiments and targets, we propose to look up the highest Cq for every measured
miRNA. That value represents the lowest observed miRNA input that produces an
analyzable result. Then, to substitute the undetectable value, the N0 can be calculated
from this Cq +1. This leaves all undetectable results for every measured miRNA with
low value, adjusted for target and experiment properties.
After the imputation and substitution steps for invalid and undetectable values,
respectively, the data are log-transformed, to account for the non-normal distribution,
and normalized, to correct for differences in RNA extraction, RT reaction yield, and
sample composition. Normalization is a prerequisite for accurate qPCR expression
profiling and lack of valid normalization can have a large effect on the results.25
Presently, there is no consensus on the method of normalization of miRNA qPCR
results and several methods have been proposed, among which are exogenous
and endogenous reference targets. Reference genes can be selected by following a
workflow such as that proposed in the review of Schwarzenbach et al.26 or Marabita
et al.27 Using a similar workflow, we recently identified and validated blood product
specific normalization panels consisting of the most stable endogenous miRNAs
and showed that these panels are preferred over other normalization methods.28 We
recommend using these panels for normalization.
Validation of the proposed pipeline
Improving biomarker precision
When performing two separate qPCR experiments that measure the same predictor
and outcome, results are expected to be similar. However, similar results can only
be obtained when the qPCR results are precise enough. To determine the effect of
the proposed data handling pipeline on precision, we validated the data handling
pipeline in two large cohorts (n = 834 and n = 1380, respectively) of heart failure
patients. MiRNAs were measured by qPCR and analyzed with and without the
proposed pipeline. In the analysis without the pipeline, all data that showed off-
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Figure 4. Analysis of data with and without the pipeline. The graph shows the 95%
confidence intervals (CIs) around the hazard ratios (HRs) of 12 miRNAs for the prediction
of cardiovascular events when the data are (A) handled with and (B) without the proposed
data handling pipeline in both cohort I (blue whiskers) and cohort II (red whiskers). The
bars in panel C show the ratios between the HRs of both cohorts for each miRNA. Because
the cohorts measure the same outcome, a ratio close to 1 is expected. Panel C shows that this
is true for most miRNAs when data are analyzed with the pipeline (orange bars); analysis
without the pipeline (gray bars) results in large differences between cohorts.

target amplification, nonanalyzable curves and discordance between replicates were
excluded. Cox regression was used to assess the prognostic value of 12 heart failurerelated miRNAs on mortality and morbidity. When using the analysis pipeline, the
95% confidence intervals around the HRs were much tighter (Fig. 4A) than without
the analysis pipeline (Fig. 4B), indicating that the HRs were more reliably determined.
More importantly, the ratios of the HRs between cohort I and cohort II were lower
and closer to 1 when the pipeline was applied, indicating more replicable results
between cohorts (Fig. 4C). This was especially true for low-expression miRNAs such
as miR-208a-3p and miR-133a-3p. As mentioned in the Introduction, results from
many similar studies on circulating miRNAs are reported to be highly divergent.3
The more consistent results between two cohorts for almost all candidate miRNAs
therefore indicate that precision is increased when using the data handling pipeline.
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Improving biomarker accuracy
We conducted a second validation experiment to investigate the accuracy of the
results after application of the proposed pipeline. Previous studies showed that miR499a-5p is upregulated in plasma when the myocardium is damaged.29 Therefore,
we analyzed the relation between miR-499a-5p expression and the expression of
hs-troponin T (another accepted marker of myocardial damage) in a large cohort
of 834 cases of heart failure. We hypothesized that the two markers are correlated
and thus we investigated the differences in miR-499a-5p expression among quartiles
of hs-troponin T expression. Heart failure patients do not have acute and extensive
myocardial damage and therefore their miR-499a-5p expression is low and differences
in miRNA expression are subtle. These properties are both needed for an optimal test
performance of the pipeline.
We compared five different scenarios of qPCR data handling. In analysis A (Fig. 5A),
all measurements that resulted in missing values were excluded. In analysis B (Fig.
5B), missing values due to nonanalyzable curves were set to the number of cycles in
the qPCR run, which may lead to unrealistically low N0s. In analysis C (Fig. 5C), data
were handled with the pipeline for categorization of missing data, and then invalid
data were replaced by multiple imputation, but the undetectable values were set to
the number of cycles in the run. Further effects of multiple imputation were tested
in analysis D (Fig. 5D), in which invalid results were excluded from the analysis and
undetectable results were set to one cycle above the maximum reliable Cq found for
the miRNA. In analysis E (Fig. 5E), the complete missing data handling pipeline was
implemented.
We found higher levels of miR-499a-5p with increasing hs-troponin T in all the
analyses; however, both analyses without the pipeline (Fig. 5A,B) resulted in
considerable loss of data and, therefore, no significant differences between miRNA499a-5p levels between hs-troponin T quartiles were observed. Analysis of variance
and F-tests (supplemental table 1), however, showed smaller variances in analyses
A and B compared with the analysis with the pipeline. This is due to the selective
exclusion of all reactions that resulted in low values; although seemingly more
precise, these results are highly inaccurate.
Using the pipeline, 77% (n = 641) of the data discarded in analyses A and B could
be “saved” and included in the analysis that resulted in more narrow 95% confidence
intervals. However, setting undetectable results to the number of cycles in the run
(Fig. 5C) showed significantly higher variances in all quartiles (supplemental table 1).
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Thus, substitution of undetectable values with impossibly low N0s leads to imprecise
results. Both analysis D and the complete pipeline, analysis E, resulted in similar
variances (supplemental table 1). However, due to the exclusion of invalid values,
instead of imputation, analysis D (Fig. 5D) lacked statistical power, which increased
the 95% confidence intervals and, therefore, the significant difference between the

Figure 5. Relation between miR-499a-5p expression and quartiles of hs-troponin T
expression. MiR-499a-5p expression is given as normalized and log-transformed arbitrary
fluorescence units. Results are given as mean (dots) with 95% CI around the mean (whiskers).
Panels A and B show the use of a standard method for data analysis in which all missing
values are excluded (A) or discordant duplicates and bad melting curves are excluded but
nonanalyzable curves are set to the number of cycles in the qPCR run (B). Consequently, only
a small fraction of the data can be used for analysis (n = 193 and n = 195 in analyses A and B,
respectively). Panels C, D, and E show the analysis using the data handling pipeline described
in this article. In panel C the undetectable category is set to the number of cycles in the qPCR
run and the invalid category is imputed using multiple imputation (n = 834); in panel D the
undetectable category is set to the highest reliable Cq +1 and the invalid category is excluded
(n = 642); and in panel E the undetectable category is set to the highest reliable Cq +1 and the
invalid category is imputed using multiple imputation (completely according to the proposed
pipeline; n = 834). *p < 0.05 compared with the first quartile.

70

Pipeline improves qPCR-based circulating miRNA studies
first and the second quartile was lost. Only the complete pipeline (Fig. 5E) showed
a significant difference in miR-499a-5p expression between the first and all other
quartiles, hereby showing the best accuracy in detecting myocardial damage.
DISCUSSION
We propose a pipeline to handle missing values resulting from qPCR-based
measurements of circulating miRNAs, based on data that can be obtained by
all available qPCR platforms and technologies. Missing values can be the result
of technical errors, but are most often due to template levels that are too low to
measure reliably with qPCR. Exclusion as well as wrong imputation methods of
these missing values can lead to false analysis results. We show that missing values
due to low concentrations can be distinguished from missing data due to technical
errors by setting a critical value at a Cq of 35 and considering higher Cq values as true
undetectable values. Furthermore, we show that with lower template concentrations,
large differences between replicate measurements can be expected to occur. Therefore,
these larger differences between replicates should be accepted in the analysis. Using
these statistical rules, we propose a protocol on how qPCR data should be handled
and we demonstrate that this pipeline indeed increases precision as well as accuracy
in qPCR measurements of circulating miRNAs.
This data handling pipeline is important for reliable measurements on miRNAs by
qPCR. Firstly, the pipeline prevents misclassification of undetectable values and
values missing at random, thus avoiding the introduction of bias due to inappropriate
substitution or imputation. Subsequently, since many circulating miRNAs have a
very low concentration, the large measurement error due to random sampling is
taken into account to avoid unnecessary discarding of data. At the same time the
pipeline makes sure that only accurate data are used. Furthermore, our proposed
method to handle the difference between the replicates based on their mean Cq and
the associated expected Cq range, retains the maximum number of valid data while
preserving quantitative accuracy. Thereby, we managed to save 77% of the data that
would have been excluded without the analysis pipeline.
Although a multitude of publications describe how to perform
qPCR
5,18,30,31
this is the first article that proposes a standardized protocol on
experiments,
how to handle so-called missing data in the analysis of qPCR measurements. This is
of importance, since the way these data are handled is diverse between researchers
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and largely determines the data used in, and therefore the outcome of, the statistical
analysis of experiments. Nonetheless, the data processing is rarely described in
articles, and this omission may explain part of the irreplicability of results in miRNA
and other qPCR studies. Our results show that the proposed pipeline can contribute
to more reliable and more replicable results.
In this study, we only addressed miRNA data. However, since this protocol is based
on the qPCR kinetics that apply to DNA as well as cDNA, reverse transcribed from
mRNA, it is highly likely that this protocol will benefit all types of qPCR measurements,
especially those with low expression levels.
Conclusions
We show that a pipeline for handling missing data in qPCR experiments contributes
to more reliable and better replicable qPCR results when measuring circulating
miRNAs. We propose to use this data handling protocol as a standard for qPCR
experiments in general.
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SUPPLEMENTAL MATERIAL
Supplemental table 1. Precision analysis of analysis A-E.
Q1 hs-troponin T
F-value
N
SD
vs. A vs. B vs. C vs. D vs. E vs. A
A 46 0.63 1.02 0.26 0.46 0.42
B 47 0.62 0.98 0.26 0.45 0.41
0.528
C 208 1.23 3.78 3.86 1.76 1.59
0.000
D 170 0.92 2.15 2.20 0.57 0.91
0.002
E 208 0.97 2.38 2.42 0.63 1.10 0.000

vs. B
0.472
0.000
0.001
0.000

p-value
vs. C vs. D
1.000 0.998
1.000 0.999
0.000
1.000 1.000 0.254

vs. E
1.000
1.000
0.000
0.746
-

vs. E
1.000
1.000
0.000

Q2 hs-troponin T

A
B
C

N
49
50
209

SD
0.55
0.63
1.54

D
E

168 1.05
209 1.05

F-value
vs. A vs. B vs. C vs. D
0.74 0.13 0.27
1.34 0.17 0.36
7.92 5.89 2.14

vs. E
0.27
0.37
2.16

p-value
vs. A vs. B vs. C vs. D
0.847 1.000 1.000
0.153 1.000 1.000
0.000 0.000 0.000

3.70
3.66

1.01
-

0.000 0.000 1.000 0.468
0.000 0.000 1.000 0.532 -

F-value
vs. A vs. B vs. C vs. D vs. E
1.00 0.21 0.37 0.36

p-value
vs. A vs. B vs. C vs. D vs. E
0.500 1.000 1.000 1.000

2.75
2.72

0.47
0.46

0.99

Q3 hs-troponin T

A

N
49

SD
0.58

B
C

49 0.59
209 1.27

1.00
4.77

4.77

0.21
-

0.37
1.78

0.36
1.72

0.500 1.000 1.000 1.000
0.000 0.000 0.000 0.000

D
E

148 0.95
209 0.96

2.67
2.77

2.67
2.77

0.56
0.58

1.03

0.97
-

0.000 0.000 1.000 0.585
0.000 0.000 1.000 0.410 -

Q4 hs-troponin T
F-value
p-value
N
SD
vs. A vs. B vs. C vs. D vs. E vs. A vs. B vs. C vs. D vs. E
A 49 0.44 1.00 0.11 0.23 0.23
0.500 1.000 1.000 1.000
B 49 0.44 1.00 0.11 0.23 0.23
0.500 1.000 1.000 1.000
C 208 1.32 9.11 9.11 2.06 2.07
0.000 0.000 0.000 0.000
D 156 0.92 4.43 4.43 0.49 1.01
0.000 0.000 1.000 0.481
E 208 0.91 4.40 4.40 0.48 0.99 0.000 0.000 1.000 0.518 Shows for each analysis A-E of the proof of concept experiment: the number of results,
the standard deviation (SD), the F-value (F-val.) and the p-value (p-val) versus all other
analyses within every quartile of hs-troponin T.
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Supplemental table 2. Primer sequences
miRNA

Primer sequence

miR-133b

TTTGGTCCCCTTCAACCAGCTA

miR-1254

CTGGAAGCTGGAGCCTGC

miR-378a-3p

ACTGGACTTGGAGTCAGAAGG

miR-423-5p

TGAGGGGCAGAGAGCGAGACTTT

miR-320a

AAAAGCTGGGTTGAGAGGGCGA

miR-345-5p

GCT GAC TCC TAG TCC

miR-22-3p

AAGCTGCCAGTTGAAGAACTGT

miR-1306-5p

CCACCTCCCCTGCAAACGTCCA

miR-133a-3p

TTGGTCCCCTTCAACCAGCTG

miR-622

ACAGTCTGCTGAGGTTG

miR-499a-5p

GA CTT GCA GTG ATG TT

miR-208a-3p

ATAAGACGAGCAAAAAGCTTGT

miR-486-5p

TCCTGTACTGAGCTG
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ABSTRACT
In the past decade, the search for circulating microRNA (miRNA) biomarkers has
been an important research topic. Although this research has yielded numerous
associations between miRNAs and different types of disease, many of these relations
could not be replicated in subsequent studies under similar experimental conditions.
This lack of replicability may be partly explained by technical challenges of miRNA
quantification, but also variation in experimental design and analysis methods may
have been an important contributor. While many studies have addressed the technical
aspects of measuring miRNAs in the circulation, reports on the most appropriate
design and analysis methods of a circulating miRNA study are scarce. The first step in
a miRNA biomarker experiment, the discovery phase, is the identification of miRNA
candidate biomarkers. Here, a large number of miRNAs are measured in parallel
in a study cohort. Often the number of subjects included is too small, which can
easily lead to a large number of false-positive and false-negative results. This can
only be avoided by performing a proper power calculation in the design phase of
the experiment before embarking on a miRNA biomarker study. In the second step,
the validation phase, a number of miRNA candidates identified in the first step are
measured in a larger cohort, generally by qPCR. Although qPCR is a highly sensitive
method to measure miRNAs in the circulation, experimental design and data analysis
remains challenging. Here, steps such as handling of missing data, correcting the
data for differences in PCR efficiency, handling discordant replicates, normalization
and correction for inter-plate differences in a multi-plate qPCR experiment are
crucial for a methodologically sound circulating miRNA experiment. Omitting one
of these steps or performing them incorrectly can cause serious errors, ultimately
leading to false conclusions. In this review we aim to unveil and discuss the most
common sources of inter-study variation in circulating miRNA experiments from a
methodological point of view and provide guidelines on how to perform these steps
correctly in order to increase replicability of circulating miRNA studies.
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INTRODUCTION
MicroRNAs (miRNAs) are endogenous, short noncoding RNAs that regulate gene
expression on a post-transcriptional level.1 It is assumed that miRNAs can be
very useful biomarkers, since they are often tissue-specific and remain stable in
the circulation.2,3 In the past decade this has led to a multitude of publications on
circulating miRNA biomarkers, particularly for the detection and prognostication of
cancer and cardiovascular disease.4,5
Unfortunately, the replicability of these circulating microRNA biomarker studies has
been rather low, severely limiting their application in a clinical setting. Recent reviews
on circulating microRNAs as biomarker for cardiovascular disease showed that only
6 out of 60 microRNAs that have been associated with coronary artery disease could
be replicated in more than two studies.4,6-9 Circulating miRNA biomarker research in
cancer research shows similar a low replicability.10
Often mentioned reasons for the poor replicability of circulating miRNA studies
are variation in technical aspects, such as sample collection, sample preparation
and miRNA quantification methods. Many reviews have addressed these issues but
no real consensus has been achieved on the preferred methods to use.11-14 Equally
important factors that can contribute to low replicability are the methodological
design and analytical methods that are used in the experiment, such as number
of patients used in the experiment, missing data handling and statistical analysis.
However, publications that highlight the importance of and provide guidelines for
the methodological design and analysis of circulating miRNA experiments are scarce.
In order to reliably identify new circulating miRNA biomarkers for disease diagnosis
or prognostication, studies should consist of a discovery phase and one or more
validation phases.15 In the discovery phase, candidate miRNA biomarkers are
identified by the quantification of a large number of miRNAs via a high-throughput
screen in a sample of cases and controls, and the selection of those miRNAs that are
differentially expressed. Although qPCR is the most sensitive method for miRNA
quantification,11 this method is less suitable for this high-throughput screen because
of its high cost per measured miRNA. Therefore, arrays (microarrays, amplificationbased technologies or bead-based detection methods) and RNA sequencing are the
most widely used techniques for biomarker discovery.11 Because these techniques
are also rather costly, a large number of underpowered studies with a low number
of subjects in the case and control groups have been performed. These studies are
subject to small sample size error (Chapter 2). In the subsequent validation phase,
miRNA biomarker candidates, selected in the discovery phase are validated by
qPCR. Interpretation of the qPCR results and statistical analysis, however, remain
challenging and are subject to several pitfalls. These issues are: neglecting the target-
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specific PCR efficiency, omitting correction for inter-plate differences or erroneous
data handling and normalization. When not taken into account in the analysis of the
measurements, this will ultimately create large variation and/or biases in the reported
results.
In this review, we aim to unveil and discuss the most common sources of inter-study
variation in circulating miRNA experiments from a methodological and statistical
point of view. We focus on the influence of small sample error in the discovery phase
and statistical analysis, data handling and data normalization in the validation phase.
Furthermore, we provide concrete guidelines on how to best design and analyze
miRNA experiments, in order to increase the replicability of circulating miRNA
studies.
CIRCULATING MIRNA MEASUREMENTS IN THE DISCOVERY PHASE
In the discovery phase, there are several issues to consider for conducting a
statistically and epidemiologically sound experiment. A flowchart indicating the
steps that need to be taken for such an experiment is shown in Figure 1. First, in the
experimental design, besides choosing an adequate patient and control population
for the experiment, one should pay special attention to ensure that the experiment
has sufficient statistical power to significantly detect interesting differences, which
is essential for a statistically valid experiment. Then, after the technical part of the
high-throughput screen, quality control and normalization are highly important in
the data analysis phase to ensure the validity of the experiment.
As in all types of experiments, the observed variation in circulating miRNA data can
be divided in either technical variation or biological variation. Technical variation
or ‘procedural noise’ arises from the methods used to quantify the miRNA levels.
Biological variation is the difference in expression of miRNA among two or more
individuals in a group with the same characteristics. Obviously, the latter is the type
of variation the researcher is interested in because it indicates whether the difference
between two groups of individuals is real and not within the biological variation of
the normal distribution. Biological variation is always present and is important to
understand when this variation represents a true difference between groups.
Experimental design
Small sample size, a common pitfall
Because high-throughput miRNA profiling experiments are rather expensive,
the initial step in the search for miRNA candidates is often performed in a small
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Figure 1. Flowchart of the methodological steps to be taken in a circulating miRNA
experiment. First, in the discovery phase, one should pay special attention to performing a
pilot discovery study and use the data of the pilot discovery to have a sufficiently powered
discovery phase, in order to reduce false-positive and -negative results. Then, after having
executed the technical aspects of the miRNA measurements, a proper quality control of the
data should be performed followed by normalization of the data. After the discovery phase,
the differential findings should be confirmed in a validation study, to confirm the involvement of these miRNAs in disease. Now, the data from the discovery experiment should be
used in a power calculation to estimate an appropriate effect size. Also, one should consider
using biological replicates in order to increase precision of the data. In the validation phase,
generally, qPCR is used to quantify miRNA expression. When analyzing the data from the
validation phase, it is highly recommended to always correct for PCR efficiency and correct
for inter-plate differences when using multiple qPCR plates in larger experiments. Then,
because of frequently occurring missing data in circulating miRNA measurements, missing
data should be handled appropriately and finally, data must be normalized with an appropriate panel of multiple (preferably endogenous) miRNAs. *differs with method used for
high-throughput screen.
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sample of individuals.16 Often the sample size is not chosen on statistical grounds
but largely constrained by available finances and access to only a limited number of
patient samples, leading to an underpowered study. Such studies are highly prone
to false-positive and false-negative findings. Moreover the magnitude of effect sizes
is frequently overestimated (Chapter 2).17-19 In a sufficiently powered study, more
extreme values are generally averaged out and therefore their contribution to the
overall effect is small. However, in underpowered studies, more extreme values can
have a relatively large contribution to the overall effect, leading to a false-positive
result.18, 19 Besides, because of the large influence of these extreme values, the observed
effect size is often exaggerated. This leads to disappointing results when the study is
repeated, a phenomenon usually referred to as ‘regression to the mean’.20 Perhaps
an even more important problem for an underpowered study are false-negative
results. Small samples lead to an increased standard error of the data and hence,
wider confidence intervals. Because of these wider confidence intervals, many true
differences may not reach statistical significance, leading to the false conclusion that
these miRNAs are not associated with the disease. In this case, the expensive highthroughput experiment would have been largely in vain, not only wasting finances
but also raising ethical concerns as to the inclusion of participants in the study. Most
likely, the above pitfalls of small sample studies have caused many missed promising
biomarker candidates and led to many publications that reported biomarker
candidates that could not be replicated in subsequent validation studies.21-24
This raises the question what the appropriate sample size should be. In order to
answer this question a proper power calculation is needed. Unfortunately, when
starting a high-throughput screen, the information needed for a power calculation,
such as the effect size to be detected, the variability of miRNA expression and the
expected proportion of non-differentially expressed miRNAs, is obviously lacking.
Therefore, one first needs to perform a pilot study to estimate these parameters from
the data, based on which a sufficient sample size can be calculated using a proper
power calculator.25-29 Only then, a statistically valid circulating miRNA discovery
study can be performed.
Data analysis
High-throughput screens: quality control and normalization
Various platforms can be used to perform a high-throughput screen, each with its
own sources of technical variation. These techniques include oligonucleotide and
microfluidic microarrays, Locked Nucleic Acid (LNA) miRNA profiling, bead array
technology, amplification-based arrays and next-generation sequencing. From a
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statistical point of view, potential sources of technical variation in high-throughput
circulating miRNA experiments include differences in the methods of missing data
handling, handling discordance of biological replicates of the same miRNA target
and normalization.
In high throughput screens, normalization is used to correct for systematic technical
differences between biological samples that occur for unintended and unknown
reasons during the processing of the sample and the measurement of miRNA
expression levels. The large number of miRNAs measured in the experiment can
be used for normalization under the assumption that the mean of all measured
expression miRNA levels should not differ between subjects in the case and control
groups. Often, data-driven normalization methods such as quantile normalization
or rank-invariant set normalization are used for normalization in the discovery
phase.30-32 One should keep in mind, however, that these methods of normalization
can only be applied when measuring a large set of at least about 50 miRNAs. The way
that other above mentioned issues must be handled is highly platform-dependent.
These issues have been extensively addressed in Zamptetaki et al.11 and van Dijk et
al.33
CIRCULATING MIRNA MEASUREMENTS IN THE VALIDATION PHASE
Although qPCR is the most common way to perform miRNA quantification, there
is still no consensus on how to best perform and interpret a qPCR experiment.
Consequently, researchers have used divergent and sometimes inappropriate
methods to analyze miRNA data. This may have led to the many contradictory
results that have been published.34 Consistency in results between similar qPCR
experiments highly depend on the methods used in the experiment.35 However, the
present underreporting of these methods has impeded the reader’s ability to assess
the quality of the reported results and to interpret qPCR experiments. To gain more
transparency in the qPCR methods used, the minimally reported information needed
for adequate publication of quantitative real-time PCR experiments, the ‘MIQE’
guidelines, have been published. Although these MIQE guidelines include most
aspects of the experimental design and statistics of the experiment, many elements of
the MIQE guidelines are still highly underreported. Also, not all important statistical
elements of analysis of circulating miRNA, such as the handling of missing data, are
a mandatory element in this guideline.34, 36
Therefore, we outline below the most important elements in the experimental design
of a circulating miRNA validation study performed with qPCR (Figure 1). These
include, a proper sample size calculation and the choice to use replicate reactions.
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Then, we discuss the most important elements in the data analysis that can lead
to technical variation. These include qPCR curve quality assessment, missing data
handling, the method of expressing the miRNA results (with [N0] or without [dCt,
ddCt] the use of target specific PCR efficiency), normalization, and in the case of
large experiments exceeding one qPCR plate, correction for inter-plate differences.
Experimental design
Sample size
A commonly made mistake is to use the same sample size as used in the discovery
phase. When using the sample size as in the discovery phase, an effect that barely
reached significance (i.e. a p-value just at approximately 0.05), will only have a
50% chance to be found significantly different in the validation study (50% power).
Moreover, the effect size that is has been found in the discovery phase is often
overestimated.20 Therefore, to find an appropriate effect size for the validation
study, again a power calculation is needed to reach the desired 80% power to detect
significant differences using the variance of the to be measured miRNA from the
discovery phase. Besides, because of possible overestimation of the effect that was
found in the discovery phase, we advise power for a smaller effect size than that was
found in the discovery phase.
Advantages and pitfalls of using replicate reactions
Commonly, miRNA qPCR measurements are carried out in replicates (the same
sample measured multiple times in the same experiment), to reduce technical
variation. Using replicate reactions, the technical variation can be reduced by
reporting the average of the replicate results. Replicates can also help to distinguish
if in a reaction without amplification the target has not been amplified because of a
technical error or whether, due to biological variation, there is no detectable miRNA
in the reaction to begin with. For example, if in triplicate reactions, all measurements
from one sample are without amplification, it is likely that there was an undetectable
amount of target miRNA in the sample. However, if the first two reactions of the
triplicates show a quantification cycle (The number of cycles needed to reach a prespecified threshold [Cq]) value in the normal range and the third Cq value is missing,
it is much more likely that the reaction with the missing value was due to a technical
error. On the other hand, replicate reactions can also cause confusion. When the Cq
values of triplicate reactions are 30, 32 and 34, the Cqs are too far from each other to
be reliably averaged. In that case it cannot be established which of the three reactions
reflects the true miRNA concentration in the sample and the results of this sample
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must be imputed. To conclude, replicates can help to classify whether missing values
are missing due to a true undetectable value or missing because of a technical error.
Be aware that it can also cause ambiguity on which of the replicates to use in the
statistical analysis. Therefore, specific data handling steps are needed to decide on the
handling of the replicate results, which are discussed below.
Using the delta (delta) Ct method without inclusion of the PCR amplification eﬃciency
can cause bias in the reported results
Nowadays, qPCR data are often presented in journals as the delta Ct (dCt) or delta
delta Ct (ddCt). The dCt and ddCt are derived from the formulas 2-dCt and 2-ddCT,
respectively, which have been introduced to calculate the fold-differences between
a target gene and a reference (dCt) for a certain condition (e.g. disease) and control
(ddCt). Although these formulas have been created to simplify the interpretation of
qPCR results, incorrect calculation and presentation of the (d)dCt is now complicating
the interpretation of these results. Moreover, using these formulas without correcting
for differences in PCR efficiency between target (i.e. the measured miRNA) and
reference (normalizer) can even lead to severe bias in the results.
As noted in the original paper reporting ddCt,37 the Ct (according to the MIQE
guidelines the preferred term is Cq for quantification cycle) is determined from a log–
linear plot of the PCR signal versus the cycle number. The Ct value is thus linearly
related to the log of the target quantity and, therefore, the Ct cannot be used for
statistical analysis or presentation of the results.37 Currently, when authors present
dCt of ddCt results, most often the 2- part has disappeared from the dCt and ddCt
equation, turning results into meaningless numbers of expression that can only be
compared with non-parametrical statistical tests. Moreover, it becomes increasingly
difficult to decipher whether the Y-axis of graphs represents the fold-difference or the
ddCt value; many graphs do not display what the legend says.
An even larger drawback of the dCt and ddCt is that, when using the orginal 2-dCt
and 2-ddCT formulas, the user has assumed that the PCR efficiency of both target
and reference are 2, which is a 100% efficient PCR assay. The original publication
that proposed the ddCt formula therefore included a procedure to check that the
amplification efficiency of the target and reference were sufficiently similar.37 Since
this was almost never the case, a new ddCt formula was published, including the
amplification efficiency in the equation leading to efficiency corrected relative
quantification [Eq.1].38 Many studies however, still use the simplified 2-ddCT formula
in their analyses.
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Eq.1
Using a dCt analysis when the actual PCR efficiency deviates from 2, can cause
large biases in the reported results. To illustrate this, we performed a simulation
experiment, calculating the dCt in difference situations with different concentration
and PCR efficiencies of both the target and the reference miRNA (Figure 2). When
the PCR amplification efficiency of both target and reference are equal, but lower
than 2, the concentration of the normalized miRNA expression was highly over- or
underestimated when the dCt equation was used. Bias increased even more when the
PCR efficiency of the target was deviated from the PCR efficiency of the reference.
The above illustration shows that using the PCR efficiency in the dCt equation is
an absolute necessity for reliable analysis of qPCR results. We therefore highly
recommend using the PCR efficiency corrected ddCt formula of Pfaffl et al.38 or the
PCR efficiency corrected starting concentrations as calculated by the LinRegPCR
program for analysis of the amplification curves.39
Correction for inter-plate variation
When performing a qPCR experiment, the number of required PCR reactions often
exceeds the capacity of one qPCR plate and more than one plate is needed for the
experiment. Although the results of these multi-plate measurements show similar
proportional differences between experimental conditions, the absolute values of the
results will unavoidably differ between plates.40 Therefore, using the miRNA results
from more than one plate directly in the analysis may increase the variation within
the case and control groups and, therefore, negatively influence the results of the
experiment. Often, these inter-plate differences are removed by measuring a limited
number of calibrator samples (i.e. samples that have been measured on each plate)
and use the geometric mean of the results of these samples as calibration factor
for that plate. This method, however, has several drawbacks; 1) missing data in the
calibrator samples can cause bias in the calibration factor 2) The samples that have
been used as calibrator samples, cannot be used in the statistical analysis, because their
variation is artificially reduced compared to the other samples and 3) new inter-plate
differences added, because also the calibrator samples are subject to technical error,
which is propagated to the other reactions on the plate.41 In a recent paper, Ruijter et
al.41, proposed an improved method to correct for inter-plate variation. Briefly, this
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Figure 2. Using the 2-dCt as normalized expression levels can create large biases in the
results. For this experiment 5 different input concentrations (1.0E-08; 2.0E-08; 4.0E-08;
8.0E-08 and 1.6E-07) were used in a virtual experiment with a PCR efficiency of 1.90. First,
normalized expression was calculated with the 2-delta of the starting concentration (N0) using
the basic qPCR formula (Red bars) as described in Ruijter et al.39 Then, the 2-dCt was calculated in different scenarios of input concentration and PCR efficiencies of the reference (dark
blue, green, purple, light blue and orange bars). While N0 values remains equal to the target
input concentrations, dCt levels shows a normalized expression level that is dependent
on the reference concentration and PCR efficiency, causing bias in the analysis of miRNA
levels. R = input concentration of the reference; E = PCR efficiency of the reference. dCt=
delta threshold cycle (Ct), N0 = starting concentration.

method assumes that all subjects in which a miRNA (or gene) is measured in the same
condition (e.g., patient or control), have the same expression level, irrespective of the
plate they are measured on. Therefore, if a miRNA measured in the same condition
is twice as high in qPCR plate 1 compared plate 2, the inter-plate correction factor
should be 2, meaning that all expression values of this condition and miRNA in plate
1 should be divided by the square root of 2 and those on plate 2 should be multiplied
by that factor to correct for the inter-plate difference. The calculations to determine
the factor per plate become more elaborate when more conditions, different miRNAs
and more than 2 plates are used in the experiment or when a condition or a miRNA
are missing on some plates, but remain based on the same principle. Because the
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plate correction factor is based on all miRNAs measured in the same condition, this
method is preferred over calibrator samples, where this factor is only based on a few
samples. Therefore, bias in the inter-plate correction factor is reduced, missing values
used for calibration will have less impact on the correction factor and the samples
used for determining the correction factor can still be used in the statistical analysis.
Note that for this factor correction to work, patients with a certain condition (e.g.
cardiovascular disease) need to be spread over all plates. An easy way to accomplish
this design is to perform replicate reactions on different plates. A software program
to utilize factor correction and a demonstration dataset can be downloaded from
http://HFRC.nl.
Handling of the qPCR data
One of the major challenges when working with circulating miRNA data is that
miRNAs have a very low concentration within the circulation, or might even be
totally absent. Even a highly sensitive method of measurement, such as qPCR, can
be stretched to its limit. Therefore, it is not surprising that missing values, reactions
that do not show amplification of the correct product, are often encountered when
performing a circulating miRNA qPCR experiment. Nowadays, many researchers
just exclude these reactions from the analysis or substitute these missing values with
an inappropriate value, which both can lead to serious bias.
These missing values in qPCR data can occur because of various reasons: off-target
amplification (e.g. primer dimers), non-analyzable amplification curves (qPCR
reactions from which no reliable Cq value can be calculated) and discordance
between replicates (>0.5 cycles difference between replicates). Because most, but not
all missing data arise from low starting concentrations of the target, exclusion of the
result from the analysis or substitution of all the missing values with a fixed value
will lead to bias. Therefore, it is of utmost importance to be able to find out why
the reaction failed and resulted in a missing data point; was there no target in the
reaction, was the concentration too low to result in reliable amplification or was there
a random technical error (missing at random)?
Presently, missing data is handled in various ways and often this process is not
described in the paper. Therefore, to standardize data handling, we proposed a data
handling protocol. In three steps, this data handling protocol deals with missing data
and discordance of replicates in a statistically valid manner. A detailed explanation of
this pipeline can be found in the paper of de Ronde et al.42
Briefly, in the first step, melting curves and qPCR curves must be assessed to confirm
the amplification of the correct product and to evaluate the amplification curve
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quality. In the second step, concordance between the Cq values of replicates is tested.
During the experiment, only a small volume of DNA (usually 1uL) is pipetted from
the stock into the reaction plate. Therefore, variation can occur due to pipetting
error. A rule of thumb is that when the variation in Cq values is more than 0.5 cycles,
no reliable average can be calculated and the replicate reaction must be discarded.
However, caused by the Poisson effect, a relatively larger variation in Cq will
occur with decreasing miRNA concentrations, even with highly skilled operators.
Moreover, that unavoidable Cq variation increases with lower PCR efficiency.
Therefore, at low concentrations, as is the case for many miRNAs, a larger Cq range
may have to be accepted. The acceptable Cq ranges, for different expression levels and
PCR efficiencies, can be found in Table 1 of the paper of de Ronde et al. (Chapter
4).42 In the third step, reactions above a Cq of 35, resembling less than 10 copies of
cDNA in the reaction, are considered too low to be quantitatively interpreted and
are, therefore, labeled ‘undetectable’. At this low number of copies, random sampling
leads to a coefficient of variation of ~30%. Therefore, at a Cq >35, there is too much
random variation for reliable quantification and results, irrespective of their quality,
should be considered too low to be measured quantitatively.
After running the algorithm in the protocol, the qPCR results are subdivided in 3
categories: ‘valid’ data and 2 types of missing data: ‘invalid’ (missing at random)
and ‘undetectable’ (too low to be measured quantitatively). Subsequently, these
categories will be handled accordingly: undetectable data must be substituted with
a low value. For this substitution, we propose to add one cycle to the highest, still
reliably measurable Cq for each miRNA to calculate the substitution values for the
‘undetectable’ data. Missing values that are classified as ‘invalid’ occur because of
random technical glitches and can occur at every expression level. They should,
therefore, be imputed with values based on the observed valid data in the whole
dataset. These values can be determined using multiple imputation.
When there are too many reactions classified as invalid, the quality of the experiment
is generally low. However, large numbers of undetectables mean that a large number
of measurements were too low to be quantitatively assessed. This can still provide a
lot of information. For example cardiac troponins (markers of myocardial damage)
are still very informative when they are not detectable in the blood (i.e. the patient
does not have a myocardial infarction). Therefore, large numbers of undetectables do
not rule out a valid qPCR experiment.
Normalization of the qPCR results
As mentioned earlier in this review, normalization can correct for systematic technical
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differences between biological samples that occur for unintended and unknown
reasons during the processing of the sample and the measurement of miRNA
expression levels. Also for qPCR data consensus exists that normalization of the
results is a prerequisite for a valid and replicable experiment, preferably using multiple
normalizers.43, 44 There is, however, no consensus on the method of normalization
that should be used.45 Different strategies of miRNA qPCR data normalization have
been proposed among which: 1) synthetic or biological spike-ins (e.g., Cel39) 2)
normalization based on the geometric mean of all detected miRNAs and other datadriven normalization methods and 3) normalization to one or multiple endogenous
controls (e.g., RNU6B or miR-16).45
The use of synthetic spike-ins such as Cel-39 are a widely used technique of
normalization. Although these synthetic spike-ins may be used as technical quality
control, using them for normalization has several major drawbacks: 1) Spike-ins
are not incorporated in micro-vesicles or protein/ lipid complexes and variations
in extraction efficiency of these incorporated miRNAs are therefore not accounted
for;46 2) Technical variation is increased since spike-ins are manually pipetted into
the sample and because only one spike-in is used, instead of the average of multiple
normalizers;44 3) Inter-individual or disease associated variations in the fraction of
miRNA in the total RNA are not corrected for.47
Normalization to the geometric mean of all detected miRNAs is an elegant and
validated method of normalization.48 This method, however, requires that a large
number (more than 50) for miRNAs are measured, whereas most validation
experiments are only performed on a small number of candidate miRNAs. Therefore
this method of normalization is unsuitable for most miRNA experiments in the
validation phase.
Therefore, (a minimum of two) endogenous reference miRNAs are preferred for
normalization of miRNA qPCR experiments. The challenge of this strategy, however,
is selecting the appropriate endogenous reference miRNAs. Ideally, normalizers
are population specific and should be selected from the population in which the
normalizers will be used. Recently, several similar workflows described the use of
algorithms such as geNorm44 and Normfinder43 to identify the suitable panel of
endogenous normalizers within an experiment.45, 47 However, these workflows
require a discovery phase in which a large number of miRNAs are measured in a highthroughput screen. Therefore, these methods are less suitable when only performing
an experiment with a limited number of candidate miRNA biomarker candidates or
a validation in a population with different population characteristics than where the
normalization panel originated from (e.g. validation in diabetics only).
Therefore, universal endogenous miRNA normalization panels are the preferable
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method in most validation experiments. These universal panels have been recently
suggested by Kok et al.49 In this study, the Gene Expression Omnibus (GEO), pubmed
and ArrayExpress were searched for all published high-throughput circulating miRNA
screens in serum, whole blood and platelets of healthy individuals. The data of these
studies were pooled and, using a standard workflow for selection of normalizers as
described by Marabita et al.47, geNorm and Normfinder were used to identify panels
of miRNAs to be used as endogenous normalizers. Next, the selected normalization
panels were validated by comparing the correlation between 2 separate qPCR runs of
the same microRNA in the same individuals, either normalized for the constructed
universal normalization panel or commonly used endogenous normalizers, such as
RNU6B or miR-16. Kok et al., was able to show, that the universal panels of miRNAs
outperformed the commonly used normalizers. Therefore, we suggest to use these
panels (Table 1) for normalization of circulating miRNA qPCR data. Unfortunately,
for plasma, no normalization panel could be established. Therefore, we performed a
new search on the internet for plasma high-throughput miRNA screens, up to May
2017. Again this search yielded no plasma high-throughput screens of sufficient
quality to select universal normalizers from. Probably the most important reason for
this is, that to obtain plasma, the blood has to be centrifuged, by which microparticles
and protein/lipid complexes are lost, which is not the case for serum and whole blood.
Table 1. Normalization panels for serum, whole blood, platelets and plasma.
Specimen
Normalization panel
Serum
miR-1260; miR-1280; miR-484; miR-718
Whole blood
miR-130b; miR-342-3p
Platelets
miR-148b; miR-151-3p; miR-18a; miR-28-5p;
miR-29c; miR-331-3p
Plasma

NA

Universal normalization panels for serum, whole blood and platelets as selected and
validated in Kok et al.49 For plasma, no normalization panel could be established as the
identified high-throughput screens in plasma were of insufficient quality to select universal normalizers from.
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CONCLUSIONS AND FUTURE PERSPECTIVES
In this review, we described the necessity for a robust experimental design and valid
data analysis, illustrated pitfalls in current practices and provided solutions in order
to perform a replicable experiment. For future circulating miRNA experiments, in
the discovery phase, we highly recommend to use a pilot study and a subsequent
power calculation. In the validation phase, where qPCR is the preferred method of
quantification, we recommend to correctly handle of missing data and discordant
replicates using the above described data handling pipeline, use PCR efficiency
corrected data in the analysis, normalize with at least 2 endogenous normalizers
and if performing an experiment with multiple qPCR plates, correct for inter-plate
differences. Performing the above methods correctly can help to further enhance
the robustness and replicability of circulating miRNA experiments; a important step
towards the application of circulating miRNA biomarkers in clinical practice.

94

Guidelines for reliable circulating miRNA quantification

REFERENCES
1.

Bartel DP. MicroRNAs: genomics,
biogenesis, mechanism, and function.
Cell. 2004;116:281-97.

2.

Gupta SK, Bang C and Thum
T. Circulating microRNAs as
biomarkers and potential paracrine
mediators of cardiovascular disease.
Circ Cardiovasc Genet. 2010;3:484-8.

3.

Mitchell PS, Parkin RK, Kroh EM,
Fritz BR, Wyman SK, PogosovaAgadjanyan EL, Peterson A,
Noteboom J, O’Briant KC, Allen
A, Lin DW, Urban N, Drescher
CW, Knudsen BS, Stirewalt DL,
Gentleman R, Vessella RL, Nelson PS,
Martin DB and Tewari M. Circulating
microRNAs as stable blood-based
markers for cancer detection. Proc
Natl Acad Sci U S A. 2008;105:105138.

8.

Navickas R, Gal D, Laucevicius A,
Taparauskaite A, Zdanyte M and
Holvoet P. Identifying circulating
microRNAs as biomarkers of
cardiovascular disease: a systematic
review. Cardiovasc Res. 2016;111:32237.

9.

Schulte C and Zeller T. microRNAbased diagnostics and therapy in
cardiovascular disease-Summing up
the facts. Cardiovasc Diagn Ther.
2015;5:17-36.

10.

Leidner RS, Li L and Thompson
CL. Dampening enthusiasm for
circulating microRNA in breast
cancer. PLoS One. 2013;8:e57841.

11.

Romaine SP, Tomaszewski M,
Condorelli G and Samani NJ.
MicroRNAs in cardiovascular disease:
an introduction for clinicians. Heart.
2015;101:921-8.

Zampetaki A and Mayr M. Analytical
challenges and technical limitations
in assessing circulating MiRNAs.
Thromb Haemostasis. 2012;108:592598.

12.

5.

Hayes J, Peruzzi PP and Lawler S.
MicroRNAs in cancer: biomarkers,
functions and therapy. Trends Mol
Med. 2014;20:460-9.

de Planell-Saguer M and Rodicio
MC. Analytical aspects of microRNA
in diagnostics: a review. Anal Chim
Acta. 2011;699:134-52.

13.

6.

Ahlin F, Arfvidsson J, Vargas KG,
Stojkovic S, Huber K and Wojta J.
MicroRNAs as circulating biomarkers
in acute coronary syndromes:
A review. Vascul Pharmacol.
2016;81:15-21.

Wu CS, Lin FC, Chen SJ, Chen YL,
Chung WJ and Cheng CI. Optimized
Collection Protocol for Plasma
MicroRNA Measurement in Patients
with Cardiovascular Disease. Biomed
Res Int. 2016;2016:2901938.

14.

Tiberio P, Callari M, Angeloni
V, Daidone MG and Appierto V.
Challenges in using circulating
miRNAs as cancer biomarkers.
Biomed Res Int. 2015;2015:731479.

15.

Rifai N, Gillette MA and Carr SA.
Protein biomarker discovery and
validation: the long and uncertain
path to clinical utility. Nat Biotechnol.
2006;24:971-83.

4.

7.

Busch A, Eken SM and Maegdefessel
L. Prospective and therapeutic
screening value of non-coding RNA
as biomarkers in cardiovascular
disease. Ann Transl Med. 2016;4:236.

95

5

Chapter 5
16.

Ballman KV. Genetics and genomics:
gene
expression
microarrays.
Circulation. 2008;118:1593-7.

17.

Bachmann LM, Puhan MA, ter
Riet G and Bossuyt PM. Sample
sizes of studies on diagnostic
accuracy: literature survey. BMJ.
2006;332:1127-9.

18.

Tong T and Zhao H. Practical
guidelines for assessing power and
false discovery rate for a fixed sample
size in microarray experiments. Stat
Med. 2008;27:1960-72.

19.

Zhang J and Coombes KR. Sources
of variation in false discovery
rate estimation include sample
size, correlation, and inherent
differences between groups. BMC
Bioinformatics. 2012;13 Suppl 13:S1.

20.

21.

22.

96

Button KS, Ioannidis JP, Mokrysz C,
Nosek BA, Flint J, Robinson ES and
Munafo MR. Power failure: why small
sample size undermines the reliability
of neuroscience. Nat Rev Neurosci.
2013;14:365-76.
Ren J, Zhang J, Xu N, Han G, Geng
Q, Song J, Li S, Zhao J and Chen H.
Signature of circulating microRNAs
as potential biomarkers in vulnerable
coronary artery disease. PLoS One.
2013;8:e80738.
Sondermeijer BM, Bakker A, Halliani
A, de Ronde MW, Marquart AA,
Tijsen AJ, Mulders TA, Kok MG,
Battjes S, Maiwald S, Sivapalaratnam
S, Trip MD, Moerland PD, Meijers
JC, Creemers EE and PintoSietsma SJ. Platelets in patients with
premature coronary artery disease
exhibit upregulation of miRNA340*
and miRNA624*. PLoS One.
2011;6:e25946.

23.

Guzel E, Karatas OF, Semercioz
A, Ekici S, Aykan S, Yentur S,
Creighton CJ, Ittmann M and Ozen
M. Identification of microRNAs
differentially expressed in prostatic
secretions of patients with prostate
cancer. Int J Cancer. 2015;136:875-9.

24.

Qu X, Zhao M, Wu S, Yu W, Xu J,
Xu J, Li J and Chen L. Circulating
microRNA 483-5p as a novel
biomarker for diagnosis survival
prediction in multiple myeloma. Med
Oncol. 2014;31:219.

25.

Kim KY, Chung HC and Rha SY. A
weighted sample size for microarray
datasets that considers the variability
of variance and multiplicity. J Biosci
Bioeng. 2009;108:252-8.

26.

Liu P and Hwang JT. Quick calculation
for sample size while controlling false
discovery rate with application to
microarray analysis. Bioinformatics.
2007;23:739-46.

27.

Orr M and Liu P. Sample Size
Estimation while Controlling False
Discovery Rate for Microarray
Experiments Using the ssize.fdr
Package. R J. 2009;1:47-53.

28.

Oura T, Matsui S and Kawakami
K. Sample size calculations for
controlling the distribution of false
discovery proportion in microarray
experiments.
Biostatistics.
2009;10:694-705.

29.

Pang H and Jung SH. Sample size
considerations
of
predictionvalidation methods in highdimensional data for survival
outcomes.
Genet
Epidemiol.
2013;37:276-82.

30.

Bolstad BM, Irizarry RA, Astrand
M and Speed TP. A comparison
of normalization methods for
high density oligonucleotide array
data based on variance and bias.
Bioinformatics. 2003;19:185-93.

Guidelines for reliable circulating miRNA quantification
31.

Tseng GC, Oh MK, Rohlin L,
Liao JC and Wong WH. Issues in
cDNA microarray analysis: quality
filtering, channel normalization,
models of variations and assessment
of gene effects. Nucleic Acids Res.
2001;29:2549-57.

32.

Pradervand S, Weber J, Thomas
J, Bueno M, Wirapati P, Lefort
K, Dotto GP and Harshman K.
Impact of normalization on miRNA
microarray expression profiling.
RNA. 2009;15:493-501.

33.

van Dijk EL, Jaszczyszyn Y and
Thermes C. Library preparation
methods
for
next-generation
sequencing: tone down the bias. Exp
Cell Res. 2014;322:12-20.

34.

Bustin SA, Benes V, Garson J,
Hellemans J, Huggett J, Kubista
M, Mueller R, Nolan T, Pfaffl MW,
Shipley G, Wittwer CT, Schjerling
P, Day PJ, Abreu M, Aguado B,
Beaulieu JF, Beckers A, Bogaert S,
Browne JA, Carrasco-Ramiro F,
Ceelen L, Ciborowski K, Cornillie P,
Coulon S, Cuypers A, De Brouwer
S, De Ceuninck L, De Craene J,
De Naeyer H, De Spiegelaere W,
Deckers K, Dheedene A, Durinck
K, Ferreira-Teixeira M, Fieuw
A, Gallup JM, Gonzalo-Flores S,
Goossens K, Heindryckx F, Herring
E, Hoenicka H, Icardi L, Jaggi R,
Javad F, Karampelias M, Kibenge F,
Kibenge M, Kumps C, Lambertz I,
Lammens T, Markey A, Messiaen P,
Mets E, Morais S, Mudarra-Rubio
A, Nakiwala J, Nelis H, Olsvik PA,
Perez-Novo C, Plusquin M, Remans
T, Rihani A, Rodrigues-Santos P,
Rondou P, Sanders R, Schmidt-Bleek
K, Skovgaard K, Smeets K, Tabera
L, Toegel S, Van Acker T, Van den
Broeck W, Van der Meulen J, Van
Gele M, Van Peer G, Van Poucke M,
Van Roy N, Vergult S, Wauman J,
Tshuikina-Wiklander M, Willems E,
Zaccara S, Zeka F and Vandesompele
J. The need for transparency and
good practices in the qPCR literature.
Nat Methods. 2013;10:1063-7.

35.

Bustin SA and Nolan T. Pitfalls
of quantitative real-time reversetranscription polymerase chain
reaction. J Biomol Tech. 2004;15:15566.

36.

Bustin SA, Benes V, Garson JA,
Hellemans J, Huggett J, Kubista
M, Mueller R, Nolan T, Pfaffl
MW, Shipley GL, Vandesompele
J and Wittwer CT. The MIQE
guidelines: minimum information
for publication of quantitative realtime PCR experiments. Clin Chem.
2009;55:611-22.

37.

Livak KJ and Schmittgen TD.
Analysis of relative gene expression
data using real-time quantitative PCR
and the 2(-Delta Delta C(T)) Method.
Methods. 2001;25:402-8.

38.

Pfaffl MW. A new mathematical
model for relative quantification in
real-time RT-PCR. Nucleic Acids
Res. 2001;29:e45.

39.

Ruijter JM, Ramakers C, Hoogaars
WM, Karlen Y, Bakker O, van
den Hoff MJ and Moorman AF.
Amplification efficiency: linking
baseline and bias in the analysis of
quantitative PCR data. Nucleic Acids
Res. 2009;37:e45.

40.

Ruijter
JM,
Thygesen
HH,
Schoneveld OJ, Das AT, Berkhout B
and Lamers WH. Factor correction
as a tool to eliminate between-session
variation in replicate experiments:
application to molecular biology
and retrovirology. Retrovirology.
2006;3:2.

41.

Ruijter JM, Ruiz Villalba A,
Hellemans J, Untergasser A and van
den Hoff MJ. Removal of betweenrun variation in a multi-plate qPCR
experiment. Biomol Detect Quantif.
2015;5:10-4.

97

5

Chapter 5
42.

de Ronde MWJ, Ruijter JM, Lanfear
D, Bayes-Genis A, Kok MGM,
Creemers EE, Pinto YM and PintoSietsma SJ. Practical data handling
pipeline improves performance of
qPCR-based circulating miRNA
measurements. RNA. 2017;23:811821.

43.

Andersen CL, Jensen JL and Orntoft
TF. Normalization of real-time
quantitative reverse transcriptionPCR data: a model-based variance
estimation approach to identify genes
suited for normalization, applied to
bladder and colon cancer data sets.
Cancer Res. 2004;64:5245-50.

44.

Vandesompele J, De Preter K, Pattyn F,
Poppe B, Van Roy N, De Paepe A and
Speleman F. Accurate normalization
of real-time quantitative RT-PCR data
by geometric averaging of multiple
internal control genes. Genome Biol.
2002;3:RESEARCH0034.

45.

Schwarzenbach H, da Silva AM,
Calin G and Pantel K. Data
Normalization
Strategies
for
MicroRNA Quantification. Clin
Chem. 2015;61:1333-42.

46.

Zampetaki A and Mayr M. Analytical
challenges and technical limitations
in assessing circulating miRNAs.
Thromb Haemost. 2012;108:592-8.

47.

Marabita F, de Candia P, Torri A,
egner J, Abrignani S and Rossi
RL. Normalization of circulating
microRNA expression data obtained
by quantitative real-time RT-PCR.
Brief Bioinform. 2016;17:204-12.

48.

Mestdagh P, Van Vlierberghe P,
De Weer A, Muth D, Westermann
F, Speleman F and Vandesompele
J. A novel and universal method
for microRNA RT-qPCR data
normalization.
Genome
Biol.
2009;10:R64.

98

49.

Kok MG, Halliani A, Moerland PD,
Meijers JC, Creemers EE and PintoSietsma SJ. Normalization panels
for the reliable quantification of
circulating microRNAs by RT-qPCR.
FASEB J. 2015;29:3853-62.

Guidelines for reliable circulating miRNA quantification

5

99

PART II:

Circulating miRNA biomarkers for
cardiovascular disease

Prognostic value of circulating miRNAs
on heart failure related morbidity and
mortality in two large diverse cohorts
of general heart failure patients

Maurice WJ de Ronde*
Antoni Bayes-Genis*
David E Lanfear*
Josep Lupón
Joost J Leenders
Zhen Liu
Nicolaas PA Zuithoff
Marinus JC Eijkemans
Elisabet Zamora
Marta De Antonio
Aeilko H Zwinderman
Sara-Joan Pinto-Sietsma
Yigal M Pinto

6

* These authors contributed equally to this manuscript
Eur J Heart Fail. 2017 Sep 26. [Epub ahead of print]

Chapter 6
ABSTRACT
Aims: Small studies suggested circulating microRNAs (miRNAs) as biomarkers for
heart failure (HF). However, standardized approaches and quality assessment for
measuring circulating miRNAs are not uniformly established, and most studies have
been small, so that results are inconsistent. We used a standardized data handling
protocol, optimized for circulating miRNA qPCRs to remove noise and used it to
assess which circulating miRNAs robustly add prognostic information in patients
with HF.
Methods and Results: We measured 12 miRNAs in two independent cohorts
totaling 2203 subjects. Cohort I (Barcelona) comprised 834 chronic HF patients.
Cohort II (Detroit) comprised 1369 chronic HF patients. Each sample was measured
in duplicate, and normalized to a very abundant and stable miRNA (miR-486-5p).
We used a multistep algorithm to distinguish false amplification signals and thus
classify each miRNAs measurement as ‘valid’, ‘undetectable’ or ‘invalid’. Higher levels
of miR-1254 and miR-1306-5p were significantly associated with risk the combined
endpoint of all-cause mortality and HF hospitalization in both cohorts, with hazard
ratios ranging from 1.11 to 1.21 per log increase (p-values 0.004 to 0.009). However,
adding these miRNAs to established predictors (age, sex, hemoglobin, renal function
and NT-proBNP) did not further augment the C-statistic beyond 0.69 (cohort I) or
0.70 (cohort II).
Conclusion: We used a stringent quality assessment for miRNAs testing, and were
able to reproduce the association of miR-1254 and miR-1306-5p with risk of death and
HF hospitalization in HF patients of two independent cohorts. However, these two
circulating miRNAs failed to improve prognostication over established predictors.
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INTRODUCTION
Predicting the prognosis of individual heart failure (HF) patients is vital to
individualize treatment. At present, many classification models for HF have been
proposed, but these either fall short of accurate prediction, or are too elaborate to be
widely clinically implemented.1-3 Demographics (age and sex), severity of the disease
(New York Heart Association (NYHA) classification), renal insufficiency, blood
pressure, diabetes, sodium, blood urea, left ventricular ejection fraction (LVEF) and
treatment are among the most frequently used parameters for HF risk stratification.4,
5 Besides, predictors, such as NYHA class, involve subjective clinical interpretation,
which limits the comparability between different individuals and institutes. Therefore,
additional simple and objective measures to stratify HF patients according to their
risk are needed. Biomarkers, such as natriuretic peptides (markers of myocardial
stretch), high-sensitivity cardiac troponins (markers of myocyte injury) or ST2
(surrogate of fibrosis) have shown value to refine risk prediction in HF.3, 6-9 They
offer quickly accessible and operator–independent indicators of risk, yet despite their
added value, prognostication has considerable residual uncertainty and in most cases
additional tools are required for clinically actionable risk stratification.
MicroRNAs (miRNAs) are small non-coding RNAs that influence protein translation
and represent a level of biologic regulation that was essentially unknown a decade
ago.10 As a result of their stable expression in blood plasma,11 circulating miRNAs
have gained much interest as potential non-peptide, genomic biomarkers. Several
small-scale studies reported the discovery of a number of circulating miRNAs, among
them miR-423-5p and miR-320a, that may play a crucial role in the pathogenesis of
HF.12, 13 In a recent study, muscle related circulating miRNAs (so-called ‘myomiRs’)
seemed dynamically regulated in a small group of different types of HF patients.14
Among these myomiRs, circulating miR-208a-3p and miR-499a-5p were shown to
be upregulated in patients with myocardial damage.15
Although these studies suggest a potentially important role for these miRNAs as
HF biomarkers, it is still unknown whether they are useful for prediction of the
future course of the disease. There are concerns about these circulating miRNAs as
biomarkers for HF since large differences in miRNA profiles are found among the
many published studies,16 raising doubt about the replicability of findings between
techniques and cohorts. On the other hand, in a non-HF setting, some studies
have been able to find replicable results, suggesting a more positive outlook on
miRNAs as biomarkers.17 In many cases, the lack of replicability might not reflect
bad properties of miRNAs as biomarkers, but rather a challenge in the methods of
miRNA quantification and data handling.
Therefore, to avoid excessive noise and determine the true value of miRNA biomarkers,
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investigation in larger cohorts using standardized methods of measurement are
needed. Therefore, in this study we investigated the predictive value, alone or in
combination with conventional predictors, of 12 circulating miRNAs that are known
to be cardiac enriched or have been previously identified in relation to HF. We studied
them in a large and diverse sample of HF patients taken from two, independent cohorts
using standardized methods for the measurements by quantitative Polymerase Chain
Reaction (qPCR) and analysed the data according to a self-developed, prespecified
algorithm to minimize noise introduced by inaccurate results.18
METHODS
Study population: cohort I (Barcelona)
This cohort was previously used in HF risk stratification studies.3, 19 Between August,
2006, and June, 2011, ambulatory patients treated at a multidisciplinary HF unit were
consecutively included in the study in an outpatient setting of a tertiary hospital. The
majority of the patients were referred from cardiology (70%) and internal medicine
(15%), and the principal referral criterion was HF irrespective of etiology (at least 1
HF hospitalization and/or reduced left ventricular ejection fraction [LVEF]).20
Blood samples were obtained by venipuncture between 9 AM and noon during
routine ambulatory visits as described in more detail in the supplemental methods.
None of the patients used heparin therapy at the time of their blood collection. LVEF
was measured using Simpson’s rule. All the participants provided written informed
consent, and the local ethics committee (Clinical Investigation Ethics Committee,
Hospital Universitari Germans Trias i Pujol, Badalona, Spain) approved the study. All
the study procedures were in accord with the ethical standards outlined in the 1975
Declaration of Helsinki, as revised in 1983.
Study population: cohort II (Detroit)
The study was approved by the Henry Ford Hospital Institutional Review Board and
all patient participants gave written informed consent. All the study procedures were
in accord with the ethical standards outlined in the 1975 Declaration of Helsinki,
as revised in 1983. The Henry Ford Heart Failure Pharmacogenomic Registry
(Cohort II) is a prospective, observational, cohort study which enrolled 1750 HF
patients between 2007 and 2015. Patients whose health care was administered by
our covered entity (Health Alliance Plan) and who met enrollment criteria were
recruited and prospectively enrolled. Inclusion criteria included age >=18 and
symptomatic HF meeting Framingham definition. Exclusion criteria included end
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stage renal disease (on dialysis) or inability to provide written informed consent.
Patients were characterized at baseline in terms of their HF symptoms, quality of
life, and comorbid conditions and blood samples were collected for genetic and
biomarker analysis as described in more detail in the supplemental methods. None of
the patients used heparin therapy at the time of their blood collection. Patients were
required to have had an assessment of their ejection fraction prior to study entry
(most often echocardiography). Echocardiograms were clinical studies and the results
were abstracted from the electronic health record. Our clinical echocardiography
laboratory follows American Society of Echocardiography guidelines. Ejection
fraction (EF) assessment in the Henry Ford Hospital lab is performed using modified
Simpson formula for biplane EF estimation using the 2 and 4 chamber views. Among
the total cohort, 1150 patients had an EF <50% at diagnosis (HF with a reduced
ejection fraction (HFrEF) subgroup) while 600 subjects had an EF >= 50% (HF with
a preserved ejection fraction (HFpEF) subgroup). From this cohort, the first included
1369 patients were used for miRNA measurement and analysis.

6

Follow-up and outcomes
Further information on follow-up and outcomes of both cohorts are described in the
supplemental methods.
Measurement of circulating miRNAs
After RNA extraction, miRNAs were measured in plasma following the minimum
information for publication of quantitative real-time PCR experiments (MIQE)
guidelines as extensively described in the supplemental methods. MiR-622, miR1254, miR-423-5p13, miR-22-3p, and miR-320a12 were selected based on previous
studies that showed elevated levels of these circulating miRNAs in HF patients.
MiR-378a-3p and miR-345-5p were selected since these are myocardial enriched,21
while miR-133a-3p, miR-133b and miR-208a-3p and miR-499a-5p are myocardial
miRNAs of which the latter two are heart specific and are released upon cardiac
damage.15, 22 MiR-1306-5p was chosen since we had identified it as a candidate
in the pressure loaded heart (Chapter 7). In a previous study, we showed that for
normalization endogenous miRNAs are preferred over normalization with a spike-in
(e.g. Cel39 spike-in) or small RNAs (e.g. RNU6B).23 Therefore, miR-486-5p was used
for normalization of the data since this miRNA was abundant and showed a stable
expression as extensively described in the supplemental methods. To investigate the
influence of having only one normalizer, we repeated the analysis after adding the
most stable and abundant miRNA out of our panel of miRNAs, miR-320a, to the
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normalization panel as described in more detail in the supplemental methods.
Quality control of miRNA qPCR measurements
QPCR of circulating miRNAs in plasma are sensitive to false or inaccurate signals,
which is partly explained by the often low concentrations of miRNAs in plasma.24
Therefore, we used a quality assessment algorithm to ensure the validity of each
measurement. This procedure is described extensively elsewhere.18 In brief, we
distinguished three groups of measurements: ‘valid’, ‘invalid’, or ‘undetectable’ (signal
too low). In case of an undetectable, the sample was set to a low value, which was based
on the qPCR experiment parameters. If the measurement did not pass the quality
controls of the algorithm, it defined as ‘invalid’. When a measurement was considered
invalid it was taken into the analysis as missing at random and was therefore imputed
using multiple imputations. If the measurement passed all the quality checks, it was
marked as ‘valid’ and was included in the analysis.
Circulating peptide biomarkers
Peptide biomarkers (e.g .NT-proNBP, hs-Troponin T) were measured as described
more extensively in the supplemental methods.
Statistical analysis
Baseline characteristics of the study population were presented as mean ± standard
deviantion (SD) or median (interquartile range [IQR]) for continuous variables, and
absolute number with percentages for categorical variables. Both cohorts had less
than 3% missing data among all clinical variables. We used multiple imputation for
missing values of the following variables: cohort I: body mass index (BMI) (n=13),
duration of HF (n=1), sodium (n=7), creatinine (n=3), hemoglobin (n=2); cohort II:
age (n=1), BMI (n=29), LVEF (n=5), sodium (n=9), hemoglobin (n=10), creatinine
(n=9).
Raw qPCR data was log-transformed and normalized using miR-486-5p. Cox
proportional hazard analysis was used to analyze the association of the candidate
miRNAs with the risk for HF related morbidity and mortality as defined previously.
C-statistics (C-stats) were used to quantify the discriminative ability between HF
patients that reached the endpoints and those who did not. C-stats were corrected
for optimism by bootstrapping (n=100). Analyses were performed by IBM SPSS
Statistics version 22 and statistical environment R studio version 0.98.1103.
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The primary endpoint for this study comprised the composite of all-cause mortality
and HF hospitalization. Secondary endpoints were all-cause mortality and HF
hospitalization alone.
First, we first analyzed the association of the individual miRNAs with the risk for
the outcomes univariately. A panel of miRNAs was established from miRNAs that
showed significant association with the primary outcome, HF related morbidity and
mortality, in both cohorts.
Second, this panel was used in addition to established objectively measurable risk
factors, sex, age, serum creatinine, hemoglobin level and NT-proBNP level. Several
models were built, to analyze the discriminating power of each of those models on
HF related morbidity and mortality. Since we aim to generate easy-to-use operator
independent risk prediction tools, we intentionally did not use proven risk indicators
that are subjective or more difficult to obtain such as NYHA class or ejection
fraction. Model1 only contained age (continuous) and sex; model2 only contained
hemoglobin (continuous) and creatinine (continuous); model3 only contained NTproBNP (continuous); model4a-d, contained extended models with the addition of
the discriminating miRNAs panel.
RESULTS
Description of cohorts
Patient characteristics are shown in Table 1. Cohort I (Barcelona), included 834
patients at baseline with a mean age of 68 ± 13 years, and 71% was male. The mean
LVEF was 35 ± 14 %, and the main etiology of HF was ischemic heart disease (52%).
The population mainly consisted of cases with HFrEF (84%). During a mean followup of 3.8 years, 183 (22%) patients were hospitalized due to HF, and 344 (41%)
participants died.
In Cohort II (Detroit), miRNA levels were measured in 1369 HF patients at baseline
with a mean age of 69 ± 12 years, and 58% was male. The population contained both
cases with HFrEF (59%) and HFpEF (41%). During a mean follow-up of 1.9 years,
450 (33%) patients were hospitalized due to HF, and 222 (16%) participants died.
supplemental table 1 shows the baseline characteristics stratified by outcome.
Number of valid, invalid and undetectable miRNA measurements
As described before, raw qPCR data was processed using a prespecified algorithm.
QPCR measurements were classified as ‘valid’ (reliably measurable), ‘invalid’
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(unreliable measurement) or ‘undetectable’ (unmeasurably low) as described above
(shown in supplemental table 2). In general, miRNAs were more often ‘valid’ in
cohort I compared to cohort II. MiR-208a-3p was ‘valid’ in only 1 case (0.1%) in
cohort I, and in cohort II it was ‘valid’ in only 30 cases (2%). Nevertheless, it was
‘undetectable’ in the vast majority of cases in both cohorts indicating that that miR208a-3p was reliably below the limit of detection in the vast majority of samples.
For miR-499a-5p we found similar numbers with a slightly higher ‘valid’ rate of 113
cases (14%) in cohort I and 135 cases (10%) in cohort II. Low expression of these
miRNAs is not unexpected, since these myomiRs are known to be released only
after myocardial damage, although, minor myocardial damage may be expected at
an appreciable rate in HF patients. Notably, the ‘valid‘ rate for miR-133b was much
higher with 82% of the cases in cohort I, while it was only ‘valid’ in 8% of the cases
in cohort II (supplemental table 2). Since the number of ‘invalid’ and ‘undetectable’
data were within the expected limits, all miRNAs were used in the analysis.
Predictive value of circulating miRNAs on outcomes in a univariate analysis
Two circulating miRNAs were significantly associated with the primary endpoint
(all-cause mortality and HF hospitalization) in both cohorts: miR-1254 with a HR
of 1.21 [95% CI: 1.06 to 1.39] in cohort I and a HR of 1.14 [95% CI: 1.04 to 1.25] in
cohort II and miR-1306-5p with a HR of 1.13 [95% CI: 1.03 to 1.25] in cohort I and
a HR of 1.11 [95% CI: 1.03 to 1.19] in cohort II (Figure 1 and supplemental table
3A). Figure 2 shows the difference in the risk of reaching the primary endpoint for
patients in different quartiles of (A) miR-1254 and (B) miR-1306-5p levels in cohort
I. Adding miR-320a to the normalization panel did not change the above results
(data not shown).
For all-cause mortality, four miRNAs were predictive and emerged in both cohorts:
miR-1254 with a HR of 1.19 [95% CI: 1.03 to 1.38] in cohort I and a HR of 1.31 [95%
CI: 1.13 to 1.52] in cohort II, miR-133b with a HR of 1.20 [95% CI: 1.06 to 1.36] in
cohort I and a HR of 1.18 [95% CI: 1.03 to 1.34] in cohort II, miR-622 with a HR
of 1.18 [95% CI: 1.00 to 1.38] in cohort I and a HR of 1.12 [95% CI: 1.03 to 1.22] in
cohort II and miR-208a-3p with a HR of 1.22 [95% CI: 1.05 to 1.42] in cohort I and a
HR of 1.17 [95% CI: 1.02 to 1.34] in cohort II (supplemental table 3B).
For HF hospitalization none of the miRNAs appeared significantly predictive in both
cohorts (supplemental table 3C). Correlations between all microRNAs can be found
in supplemental table 4.
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Table 1. Baseline characteristics for cohort I and II
Cohort I, Barcelona
(n=834)
Age, years
68.1 ± 12.7
Male
588 (71)
BMI, kg/m2
27.5 ± 5.2
LVEF, %
35.4 ± 13.6
HFrEF
698 (84)
HFpEF
136 (16)
NYHA class
I
56 (7)
II
568 (68)
III
201 (24)
IV
9 (1)
Duration heart failure, months [median, IQR] 24 [3-62]
All-cause mortality (total)
344 (41)
All-cause mortality (mean per annum)
91 (11)
Hospitalization for HF (total)
183 (22)
Hospitalization for HF (mean per annum)
48 (6)
Creatinine, mg/dl
1.9 ± 3.8
Sodium, mmol/L
139.0 ± 3.5
Hemoglobin, g/dL
12.8 ± 1.8
NT-proBNP, ng/L [median, IQR]
181 [68, 411]
Hs-troponin T, ng/L [median, IQR]
28 (12, 41)
Current smoker
137 (17)
Ischemic etiology of heart failure
436 (52)
Diabetes
303 (36)
Hypertension
514 (62)
Treatments:
ACEI or ARB
750 (90)
Beta-blocker
756 (91)
Loop diuretic
763 (91)
Anticoagulants
388 (47)

885 (65)
942 (69)
632 (46)
359 (26)

Antiplatelet

116 (8)

533 (64)

Cohort II, Detroit
(n=1369)
68.8 ± 12.1
788 (58)
31.6 ± 7.8
42.4 ± 15.5
814 (59)
555 (41)
764(56)
303(22)
165(12)
137(10)
60 [22-117]
222 (16)
117 (9)
450 (33)
237 (17)
1.2 ± 0.9
139.5 ± 3.0
12.7 ± 1.7
189 [80, 445]
782 (57)
802 (59)
564 (41)
1240 (91)

6

Values are expressed as mean ± SD or n (%), unless indicated otherwise. Abbreviations:
HF: heart failure; ACEI: angiotensin-converting enzyme inhibitor; ARB: angiotensin II
receptor blocker; BMI: body mass index; CV: cardiovascular; eGFR: estimated glomerular filtration rate; hs-cTnT: high-sensitivity circulating troponin T; LVEF: left ventricular
ejection fraction; NT-proBNP: N-terminal pro-B-type brain natriuretic peptide.
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Predictive value of circulating miRNAs on outcomes in a multivariate analysis
We next assessed whether the addition of circulating miRNAs improved
prognostication on top of established objectively measurable prognosticators. We
analyzed models with increasing complexity by adding different biomarkers to a
simple model of only clinical parameters.
For the primary, combined endpoint (Table 2), the model including known HF
predictors: age, sex, hemoglobin, creatinine and NT-proBNP (model3b) attained a
C-stat of 0.69 [95% CI: 0.66-0.72] in cohort I and 0.69 [95% CI: 0.68-0.72] in cohort
II. Using all-cause mortality as outcome, this model attained a C-stat of 0.71 [95%
CI: 0.68-0.75] in cohort I and a C-stat of 0.78 [95% CI: 0.75-0.81] in cohort II
(supplemental table 5A). For the outcome HF hospitalization, this model attained a
C-stat of 0.67 [95% CI: 0.63-0.71] in cohort I and a C-stat of 0.69 [95% CI: 0.66-0.72]
in cohort II (supplemental table 5B).
We then added miRNA markers when they were significantly associated with the
risk of reaching the combined endpoint in both cohort I and II as analyzed above.
Therefore, the multi-marker panel of miRNAs comprised miR-1254 and miR-13065p.
This panel of miRNAs alone predicted the combined endpoint with a C-stat of 0.54
[95% CI: 0.51-0.58] in cohort I and a C-stat of 0.56 [95% CI: 0.52-0.59] in cohort II.
Addition of the miRNA panel to all previous described predictors (model 4d: age,
sex, hemoglobin, creatinine, NT-proBNP and miRNAs) did not improve the C-stat.
The endpoints outcome all-cause mortality and HF hospitalization yielded comparable
results (supplemental table 5). The discriminative ability of all single miRNAs are
provided in supplemental table 6.
DISCUSSION
In this study, we investigated the incremental value of 12 circulating miRNAs
as potential biomarkers for the prognostication of HF patients in addition to
established risk stratifiers. Our main finding is that higher levels of circulating miR1254 and miR-1306-5p were significantly associated with the risk of reaching the
combined endpoint and that higher miR-1254, miR-133b, miR-622 and miR-208a-3p
significantly associated with all-cause mortality in two large independent cohorts of
different types of HF patients. The replication of these associations in both cohorts
suggests that these miRNAs are particularly relevant for disease progression in HF.
However, these circulating miRNAs do not add substantial prognostic power to
existing risk prediction models. So while these are likely to be important targets for
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Figure 1. Univariate cox regression analysis for the combined endpoint: all-cause mortality or HF hospitalization. Hazard ratios (bars) with 95% confidence intervals (whiskers)
per log-unit increase of miRNA expression for the combined endpoint (all-cause mortality
or HF hospitalization). For the exact values of the univariate cox regression analysis and the
outcomes all-cause mortality and HF hospitalization only, see supplemental table 3.

additional research into the biologic mechanisms underlying disease progression,
they are unlikely to become clinical biomarkers. This lack of incremental predictive
information may be due to the high rate of technical drop-out resulting in an
appreciable loss of data points, or, more likely, that variation captured in these
circulating miRNA are already reflected in contemporary clinical and biomarker
data.
Many of the miRNAs we validated have a biologically plausible explanation for
association to HF outcomes. MiR-133a-3p and miR-133b are among the most
extensively described miRNAs and are found to be abundantly expressed in all types
of muscle. In contrast to miR-133a-3p, which is also abundant in cardiac muscle,
miR-133b is particularly found in skeletal muscle tissue and is involved in skeletal
muscle cell development as well as in neuromuscular synapse development and
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Figure 2. Kaplan-Meier survival curves for the primary endpoint stratified for quartiles
of miRNA expression. Kaplan-Meier survival curves for the primary endpoint of all-cause
or hospitalization for HF in the four quartiles of (A) miR-1254 levels and (B) miR-1306-5p
levels (Q1 lowest quartile, Q4 highest quartile) in Cohort I.

maintenance.25-27 Therefore, the association of miR-133b with the risk of mortality
may reflect muscle degradation in patients with a poor nutritional status. There is
little data regarding the function of miR-1254 and miR-622. Both were discovered
to be upregulated in HF by Tijsen et al13 and, our findings indicate a consistent and
strong association with the risk for mortality and for miR-1254 also for HF morbidity.
miR-1254 is transcribed together with CCAR1 (cell division and apoptosis regulator
protein 1. While this protein is involved in transcriptional regulation and apoptosis,
it has not been associated to cardiovascular disease. Further functional investigation
is needed to clarify the biological role of miR-1254 in HF.
MiR-1306-5p was discovered to be associated to HF in the study of v Boven et al.
(Chapter 7), who showed that this miRNA is released from the myocardium. This
miRNA lies within the DGCR8 gene, that codes for a protein that is required for
miRNA processing by binding to Drosha enzyme. This protein has never been
associated to cardiovascular disease. MiR-1306 has never been described in HF
before this study and has no known function to date.
Role of heart specific circulating miRs
Since in HF cardiac injury markers are also highly prognostic,9,28-30 we expected that
circulating miRs-208a-3p and -499a-5p would have robust prognostic power as these
miRNAs are heart specific and are upregulated upon cardiac damage.15 Measurements
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Table 2. The C-statistics for the discriminative ability of multimarker miRNA models for
the combined endpoint: all-cause mortality or HF hospitalization
Cohort I (Barcelona)

Cohort II (Detroit)

miRNA
panel

C-statistic
(95%CI)

miRNA
panel

C-statistic
(95%CI)

n.a.

0.66 (0.63-0.69)

n.a.

0.54 (0.51-0.56)

Model1
Age+sex
Model2
n.a.

0.63 (0.60-0.66)

n.a.

0.63 (0.61-0.66)

b. model1+ hb + creatinine n.a.

a. Hb + creatinine

0.68 (0.65-0.71)

n.a.

0.63 (0.60-0.66)

Model3
a. NT-proBNP

n.a.

0.67 (0.64-0.70)

n.a.

0.70 (0.68-0.72)

b. model2b + NT-proBNP

n.a.

0.69 (0.66-0.72)

n.a.

0.69 (0.68-0.72)

a. miRNAs only

0.54 (0.51-0.58)

b. model1 + miRNAs

1254 and
1306-5p

0.66 (0.63-0.69)

Model4

c. model2b +miRNAs
d. model3b + miRNAs

0.68 (0.65-0.71)
0.69 (0.65-0.72)

0.56 (0.52-0.59)
1254 and
1306-5p

0.56 (0.53-0.59)
0.63 (0.60-0.66)
0.70 (0.67-0.72)

C-statistics for the discriminative ability of multimarker prediction models for the combined endpoint of all-cause mortality and HF hospitalization. Model1 contains age (continuous) and sex (male; female); model2 contains hemoglobin (continuous) and creatinine
(continuous) and model3 contains NT-proBNP (continuous). In model4a-d, miRNA
models are extended with a panel of miRNAs showing their added value to existing models. For the outcomes all-cause mortality and HF hospitalization only, see supplemental
table 5.

of miR-208a-3p and miR-499a-5p were below the limit of detection in most samples,
which was usually concordant in duplicates so that this seems reliably measured.
The small number of valid measurements has obviously lowered the power of these
miRNAs and hence their ability to add to the prognostication. Nevertheless, despite
very small numbers of measurements, miR-208a-3p still emerged as prognostic in a
number of analyses. This suggests that we currently underestimate their prognostic
role and that with improved technologies to more reliable and accurately measure
such very low abundance, yet heart-specific miRNAs, their prognostic power may be
much better appreciated.
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Strengths and limitations
In this study, two very distinct populations were compared. There were substantial
differences in ethnicity, age, BMI, and type of HF (cohort I mainly contained HFrEF
and cohort II both HFrEF and HFpEF) and both cohorts used different criteria for
heart failure (cohort I used ESC criteria and cohort II used Framingham criteria).
While this could potentially influence the association between miRNAs and the risk
for the outcomes, our modeling adjusted for several known important predictors
of outcome. Besides, the validation of miRNA associations across such a diverse
setting underscores the validity of our findings. Indeed, despite the marked clinical
differences across cohorts we were able to show that miR-1254 and miR-1306-5p were
associated with the risk of the combined endpoint and miR-133b, miR-622 and miR208a-3p with the risk of mortality in both cohorts; a major strength of the approach
which indicates the results are robust across different populations. Strikingly, in a
separate study where HF patients were prospectively sampled sequentially, the same
method we used here also identified miR-1254 and miR-1306-5p as prognosticators
of all-cause mortality and HF hospitalization. This further underlines the replicability
of our findings (Chapter 7).
In this study, we used heart failure related miRNAs that were identified previously.
Therefore, it cannot be ruled out that some miRNA biomarkers for heart failure
mortality and morbidity prediction are still to be identified.
Between the two cohorts we found differences in the proportion of miRNAs that
could be reliably measured after aforementioned quality controls. These differences
might be explained by population differences. The fact that cohort I had much more
HFrEF and much less NYHA class I patients than cohort II, could have caused this
difference. On the other hand, while both studies used standard methods for sample
collection, this could reflect differences in RNA isolation or the reverse transcriptase
reaction between cohorts. The fact however that highly consistent results that were
found in this study, indicates that these differences in the proportion of reliable
measurements was unlikely to have a large influence our findings. It also underscores
some of the current limitations of miRNA measurement, which could be sensitive to
modest variation in sample collection and handling.
For normalization of the data, we used miR-486-5p. However, one might argue
that normalization with only one miRNA with a relatively high M-value might be
suboptimal. On the other hand, because adding miR-320a to the normalization
panel did not change the results, it is unlikely that this was of large influence on the
conclusions made in this study. MiR-486-5p may reflect the amount of erythrocytes
in the sample, since it is mainly found in erythrocytes, however, miR-486-5p may
also stem from multiple other sources. In our cohorts, miR-486-5p showed only weak
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correlation (pearson’s r=0.098 and 0.162 in cohort I and II respectively) with Hb.
Levels of miR-486-5p in plasma may reflect handling and processing of the samples,
explaining why correcting for this miRNA reduced random variability in the two
cohorts.
Indeed, inconsistent findings between studies have been a problem in circulating
miRNA studies. Besides sensitivity to processes as noted above, another reason for
these inconsistencies is the fact that the concentration of many circulating miRNAs
is often very low. Therefore, reliable measurements of these low concentrations, close
to the detection limit of the qPCR method, poses important challenges. In our study,
we classified miRNAs below the detection limit as ‘undetectable’. However, one could
argue that whether a result is below the detection limit or not, is dependent on the
method of quantification. Therefore, we compared our method of quantification
(qScript™ microRNA cDNA Synthesis Kit) to quantification using Taqman™ probes,
and found similar numbers of ‘undetectable’ results (supplemental figure 1). Also,
as the qPCR method can by definition not distinguish flawed experiments from
undetectably low concentrations, some data points will have to be designated as
‘invalid’, perhaps errantly. However, this study shows that the use of this stringent
algorithm sufficiently reduces noise to allow robust signals to emerge and be
replicated. Therefore, we propose to use this data handling algorithm as a new
standard for circulating miRNA measurements.
Overall conclusion
In our study, we found that miR-1254 and miR-1306-5p were significantly associated
with the risk of the combined endpoint (mortality and HF hospitalization) and miR133b, miR-622 and miR-208a-3p were associated with mortality only in two separate,
large and diverse cohorts of HF patients. However, measurement of circulating
miRNAs did not improve prognostication when combined with established risk
predictors such as peptide biomarkers (NT-proBNP). The combination of the large
sample size, the consistency of findings in two heterogeneous cohorts, and the use of
a stringent qPCR data handling algorithm to ensure robust and valid results, makes
this a unique study which provides an important step toward miRNA risk profiling
and an improved risk prediction in HF.
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SUPPLEMENTAL MATERIAL
Supplemental Methods
Blood collection and processing
In both cohort I and II, whole blood samples were collected by venipuncture in
EDTA tubes and were centrifuged. Plasma was separated, then aliquoted and frozen
within 1 hour of collection. Samples were stored at -70 Celsius. Samples were stored
between 2006 and 2011 (cohort I) and between 2007 and 2013 (cohort II) and were
not thawed until for further analysis in 2012 (cohort I) and 2013 (Cohort II).
RNA isolation
In cohort I, RNA was isolated from 500µl plasma using the mirVana™ kit (Thermofisher
scientific, Waltham, MA USA) according to the manufacturer’s instructions. RNA
pellet was collected in 100µl RNAse free water. In cohort II, RNA was extracted from
200µl plasma using 750µl TRIzol LS reagent (Invitrogen Corp., Carlsbad, CA) and
was incubated for 10 minutes at room temperature followed by 200µl chloroform.
The mixture was centrifuged at 12,000 g for 10 minutes, and the aqueous layer was
transferred to a new tube. RNA was precipitated by isopropanol and washed with
75% ETOH subsequently. RNA pellet was collected in 50µl RNAse free water. Nucleic
acid quantification could not be performed due to the low concentration of RNA
in plasma. DNAse and RNAse treatment was omitted since previous experiments
showed no difference of miRNA expression in plasma between with and without
these treatments.
Reverse transcriptase of miRNAs
In both cohorts, complementary DNA was obtained from high abundant miRNAs
(miR-1254, -378a-3p, -423-5p, -320a, -345-5p, -22-3p, -486-5p) using the miScript
reverse transcription kit (Qiagen, Venlo, Netherlands) according to the manufacturer’s
instruction. More specifically, the RT reaction consisting of 7.5μl RNA from the
isolation, 0.5µl miscript RT and 2µl of 5x RT Buffer was incubated at 37 °C for 60
minutes and at 95°C for 5 minutes and held at 4°C for 5 minutes. CDNA was diluted
in a 1:8 (cohort I) or 1:5 (cohort II) ratio using nuclease free water.
For less abundant miRNAs (miR-133a-3p, -133b, -208a-3p, -499a-5p, -622, -13065p), qScript™ microRNA cDNA Synthesis Kit (Quanta BioSciences, Gaithersburg,
USA) was used, according to the manufacturer’s protocol. Specifically, first, a poly(A)
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tailing reaction was performed using 3µl of RNA, 2µl of poly(A) tailing Buffer (5x)
4µl of nuclease-free water and 1µl Poly(A) polymerase. This was incubated for 60
minutes at 37 °C followed by 5 minutes on 70 °C. Subsequently, 10µl of this poly(A)
tailing reaction, 9µl of miRNA cDNA reaction mix and 1µl of qscript RT were
incubated for 20 minutes at 42 °C followed by 5 minutes at 85 °C. cDNA was diluted
in a 1:8 (cohort I) or 1:5 (cohort II) ratio using nuclease free water. Both a nontemplate control and a no-RT control were included in the sample to assure that
products were not the results of genomic DNA of RNA.
Quantification of miRNA expression by RT-qPCR
Expression levels of each miRNA were quantified by RT-qPCR using Sybr Green
(Roche, Basel, Switzerland) and miRNA primers (Eurofins, Ebersberg, Germany;
primer sequences are shown in supplemental table 7) in a total mix of 10µl according
to the manufacturer’s instruction, without a pre-amplification step. This mix
contained 5µl of SybrGreen dye, 0.5µl of forward primer, 0.5µl of reverser primer,
2µl of RNase-free water and 2µl of template DNA. RT-qPCR reactions were run in
duplicates on the Light cycler 480 (Roche). The reaction mixture was pre-incubated
at 5 °C for 10 seconds, followed by 45 cycles of 95 °C for 10 seconds, 58 °C or 55
°C for 20 seconds (dependent on the primer character) and 72 °C for 30 seconds.
Melting curve analysis was done by hand and melting curves were marked as bad
when the melting curve deviated from the tissue control or showed multiple peaks
that could not be distinguished from the amplicon. PCR efficiencies were between
1.67 and 2.09 for all miRNAs. Data were analyzed using LinRegPCR quantitative
qPCR data analysis software version 2014.6.1
Normalization using miR-486-5p
In a previous study, we showed that for normalization endogenous miRNAs are
preferred over normalization with a spike-in (e.g. Cel39 spike-in) or small RNAs
(e.g. RNU6B)2. To date, however no plasma normalization panel with endogenous
miRNAs has been described in the literature. To function as a good normalizer, an
endogenous miRNA must be stably expressed and abundant in plasma.3 In a recent
study (Chapter 7), RNA sequencing of plasma samples revealed that miR-486-5p
was the most abundant miRNA (>90% of all measured miRNAs) in plasma. Next,
we used the geNorm algorithm4 to calculate the M-value and coefficient of variation
and used these characteristics to assess which miRNAs were most stable and suitable
for normalization. Among our measured miRNAs, miR-486-5p, displayed highest
stability and abundancy (for stability see supplemental table 8, for abundancy, see
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supplemental table 2). We compared its stability to miR-320a as in these large cohorts
miR-320a appeared also as very stable and abundant (supplemental table 8). It should
be noted that miR-320a has been identified as a putative biomarker for HF so that
we did not choose this miRNA for normalization, but merely to assess the effect of
using a different normalizer as further discussed in our results. Therefore, miR-4865p (mean M-value 0.68) was used as normalizer.
Circulating peptide biomarkers
NT-proBNP levels were determined using an immunoelectrochemiluminescence
assay on the Modular Analytics E 170 system. This assay has less than 0.001% crossreactivity with bioactive BNP, and in the constituent studies in this report, the assay
had inter-run coefficients of variation ranging from 0.9% to 5.5%.
In cohort I, hs-troponin T levels were measured (via electrochemiluminescence
immunoassay using an hs-cTnT assay and the Modular Analytics E 170 system (Roche).
The hs-cTnT assay had an analytic range of 3-10,000 ng/L. At the 99th percentile value
of 13 ng/L, the coefficient of variation was 9%. The analytic performance of this assay
has been validated and complies with the recommendations of the ESC/ACCF/AHA/
WHF Global Task Force for use in the diagnosis of myocardial necrosis. Assays were
run with reagents from lot 157123, which was unaffected by the analytical issues that
emerged with Roche hs-cTnT assays.
Estimated glomerular filtration rate (eGFR) was estimated using the Chronic Kidney
Disease Epidemiology Collaboration equation.5 To obtain standardized creatinine
values, the following equation was applied: standardized creatinine values (mg/dL) =
1.00 x Dimension® RxL creatinine values (mg/dL) - [0.168].
Follow-up and outcomes in cohort I: Barcelona
All patients were followed up at regular pre-defined intervals, with additional visits
as required in the case of exacerbations, need for up-titration, or other circumstances
that necessitated closer follow-up. The regular schedule of visits included a minimum
of quarterly visits with nurses, biannual visits with physicians, and elective visits with
geriatricians, psychiatrists, and rehabilitation physicians. Those who did not attend
the regular visit were contacted by telephone. Fatal events were identified from clinical
records or by reviewing the electronic clinical history of the Catalan and Spanish
Health databases. HF readmissions were ascertained by screening hospital records.
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Follow-up and outcomes in cohort II: Detroit
All patients recruited into the study were participants in the system health insurance
product and primarily received care within the health system. Hospitalizations
and other health care utilization was available and obtained electronically. Death
was assessed by searching health system records as well as governmental records.
Specifically the governmental records included the 1) State of Michigan death data
and 2) Social Security Death Master File. Hospitalization data was available on
all participants as health care coverage under our entity was an inclusion criteria;
hospitalizations for which the primary discharge diagnosis was HF were included.
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Supplemental figure 1. Comparison between Taqman and Quanta methods for circulating miRNA quantification. Figure shows the comparison between Taqman™ and Quanta™
methods for quantification of circulating miRNAs miR-142-3p (A), miR-223-3p (B), miR126-5p (C) and miR-125b-5p (D). Both methods showed highly comparable results. Cq =
quantification cycle; ct = control tissue; ntc = non template control.
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Supplemental table 1. Baseline characteristics stratified by outcome
Cohort I (Barcelona)

Cohort II (Detroit)

Endpoint
not reached

Endpoint
reached

Endpoint
not reached

Endpoint
reached

n

439

395

870

499

Age, years

63.6 ± 12.8

73.2 ± 10.4*

68.1 ± 11.3

70.1 ± 13.2*

Male

323 (74)

265 (67)*

492 (57)

296 (59)

BMI, kg/m2

27.8 ± 5.2

27.3 ± 5.2

32.0 ± 7.7

30.8 ± 7.9*

LVEF, %

34.4 ± 12.8

36.7 ± 14.7*

43.9 ± 15.2

39.8 ± 15.7*

HFrEF

334 (76)

273 (69)*

498 (57)

316 (63)*

HFpEF

55 (13)

81 (21)*

372 (43)

183 (37)*

NYHA class I

48 (11)

8 (2)*

606 (70)

143 (29)*

Creatinine, mg/dl

1.7 ± 3.3

2.3 ± 4.3*

1.1 ± 0.6

1.5 ± 1.2*

Sodium, mmol/L

139.1 ± 3.2

138.9 ± 3.8

139.8 ± 2.9

139.0 ± 3.0*

Hemoglobin, g/dL

13.3 ± 1.8

12.4 ± 1.7*

12.9 ± 1.7

12.3 ± 1.8*

NT-proBNP, ng/L
[median. IQR]

125 [46,297] 273 [116, 646]*

132 [66, 294]

371 [155, 694]*

Current smoker

95 (22)

42 (11)*

495 (57)

287 (58)

Diabetes

133 (30)

170 (43)*

343 (39)

220 (44)*

Hypertension

256 (58)

258 (65)*

801 (92)

438 (88)*

miR-133b

-1.1 ± 0.8

-0.8 ± 0.9*

-4.8 ± 0.9

-4.8 ± 1.0

miR-1254

-1.1 ± 0.7

-0.9 ± 0.7*

-1.1 ± 1.1

-0.9 ± 1.0*

miR-378a-3p

-3.8 ± 1.7

-3.8 ± 1.7

-2.0 ± 1.1

-1.8 ± 0.8*

miR-423-5p

-2.4 ± 1.3

-2.7 ± 1.6*

-0.4 ± 0.7

-0.4 ± 0.5

miR-320a

0.0 ± 0.8

0.2 ± 0.8*

0.4 ± 0.7

0.6 ± 0.6*

miR-345-5p

-2.4 ± 1.2

-2.3 ± 1.7

-0.9 ± 0.9

-0.6 ± 0.9*

miR-22-3p

0.4 ± 0.8

0.4 ± 0.7

-0.4 ± 1.0

-0.4 ± 0.9

miR-1306-5p

-2.2 ± 0.7

-2.1 ± 0.8

-2.5 ± 1.5

-2.2 ± 1.2*

miR-133a-3p

-1.3 ± 1.0

-0.9 ± 1.0*

-0.6 ± 1.3

-0.7 ± 1.0

miR-622

0.1 ± 0.7

0.3 ± 0.6*

-5.0 ± 1.5

-5.0 ± 1.5

miR-499a-5p

-3.7 ± 0.9

-3.6 ± 0.9*

-5.5 ± 1.3

-5.6 ± 1.2*

miR-208a-3p

-4.7 ± 0.7

-4.5 ± 0.6*

-5.5 ± 0.9

-5.6 ± 1.0

* p < 0.05 compared to endpoint not reached. Abbreviations: HF: heart failure; ACEI:
angiotensin-converting enzyme inhibitor; ARB: angiotensin II receptor blocker; BMI:
body mass index; CV: cardiovascular; eGFR: estimated glomerular filtration rate; hs-cTnT:
high-sensitivity circulating troponin T; LVEF: left ventricular ejection fraction; NTproBNP: N-terminal pro-B-type brain natriuretic peptide.
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Supplemental table 2. Classification of the miRNA measurements based on their quality*
Barcelona (cohort I)
Detroit (cohort II)
Undetectable n, (%) 0 (0)
Undetectable n, (%) 1117 (82)
miR-133b
Valid n, (%)
681 (82) Valid n, (%)
107 (8)
Invalid n, (%)
153 (18) Invalid n, (%)
145 (11)
Undetectable n, (%) 11 (1)
Undetectable n, (%) 40 (3)
miR-1254
Valid n, (%)
766 (92) Valid n, (%)
712 (52)
Invalid n, (%)
57 (7)
Invalid n, (%)
617 (45)
Undetectable n, (%) 376 (45) Undetectable n, (%) 91 (7)
miR-378a-3p Valid n, (%)
270 (32) Valid n, (%)
1001 (73)
Invalid n, (%)
188 (23) Invalid n, (%)
277 (20)
Undetectable n, (%) 212 (25) Undetectable n, (%) 22 (2)
miR-423-5p Valid n, (%)
509 (61) Valid n, (%)
646 (47)
Invalid n, (%)
113 (14) Invalid n, (%)
701 (51)
Undetectable n, (%) 30 (0)
Undetectable n, (%) 0 (0)
miR-320a
Valid n, (%)
789 (95) Valid n, (%)
1039 (76)
Invalid n, (%)
15 (2)
Invalid n, (%)
330 (24)
Undetectable n, (%) 191 (23) Undetectable n, (%) 13 (1)
miR-345-5p Valid n, (%)
507 (61) Valid n, (%)
876 (64)
Invalid n, (%)
136 (16) Invalid n, (%)
480 (35)
Undetectable n, (%) 27 (3)
Undetectable n, (%) 53 (4)
miR22-3p
Valid n, (%)
798 (96) Valid n, (%)
1159 (85)
Invalid n, (%)
9 (1)
Invalid n, (%)
157 (11)
Undetectable n, (%) 7 (1)
Undetectable n, (%) 77 (6)
miR-1306-5p Valid n, (%)
748 (90) Valid n, (%)
655 (48)
Invalid n, (%)
79 (9)
Invalid n, (%)
637 (47)
Undetectable n, (%) 368 (44) Undetectable n, (%) 144 (11)
miR-133a-3p Valid n, (%)
347 (42) Valid n, (%)
495 (36)
Invalid n, (%)
119 (14) Invalid n, (%)
730 (53)
Undetectable n, (%) 0 (0)
Undetectable n, (%) 982 (72)
miR-622
Valid n, (%)
724 (87) Valid n, (%)
251 (18)
Invalid n, (%)
110 (13) Invalid n, (%)
136 (10)
Undetectable n, (%) 684 (82) Undetectable n, (%) 963 (70)
miR-499a-5p Valid n, (%)
113 (14) Valid n, (%)
135 (10)
Invalid n, (%)
37 (4)
Invalid n, (%)
271 (20)
Undetectable n, (%) 710 (85) Undetectable n, (%) 1273 (93)
miR-208a-3p Valid n, (%)
1 (0)
Valid n, (%)
30 (2)
Invalid n, (%)
123 (15) Invalid n, (%)
66 (5)
Undetectable n, (%) 28 (2)
Undetectable n, (%) 0 (0)
miR-486-5p Valid n, (%)
801 (96) Valid n, (%)
1309 (96)
Invalid n, (%)
5 (1)
Invalid n, (%)
60 (4)
Based on the quality of the measurement, miRNA measurements are classified as
‘Undetectable’ (unmeasurably low), ‘invalid’ (unreliable) or ‘valid’ (reliably measurable).
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Supplemental table 3. Univariate cox regression analysis of significant microRNAs
A. Endpoint: all-cause mortality or HF hospitalization
Cohort I (Barcelona)

Cohort II (Detroit)

microRNA

HR

95%CI

p-value

HR

95%CI

p-value

miR-133b

1.22

1.09-1.38

0.001

1.06

0.96-1.16

0.253

miR-1254

1.21

1.06-1.39

0.006

1.14

1.04-1.25

0.004

miR-378a-3p

0.98

0.93-1.04

0.550

1.13

1.00-1.26

0.042

miR-423-5p

0.91

0.85-0.98

0.008

1.07

0.91-1.25

0.407

miR-320a

1.05

0.93-1.19

0.442

1.28

1.10-1.48

0.001

miR-345-5p

1.00

0.93-1.08

0.955

1.13

1.03-1.26

0.015

miR-22-3p

0.99

0.87-1.13

0.937

0.96

0.87-1.06

0.449

miR-1306-5p

1.13

1.03-1.25

0.009

1.11

1.03-1.19

0.005

miR-133a-3p

1.06

0.94-1.20

0.354

0.97

0.90-1.05

0.423

miR-622

1.14

0.98-1.33

0.078

1.00

0.94-1.06

0.932

miR-499a-5p

1.14

1.02-1.28

0.020

0.96

0.89-1.03

0.273

miR-208a-3p

1.21

1.06-1.39

0.007

1.05

0.95-1.16

0.328

6

B. Endpoint: all-cause mortality
Cohort I (Barcelona)
microRNA

HR

95%CI

Cohort II (Detroit)
p-value

HR

95%CI

p-value

miR-133b

1.20

1.06-1.36

0.004

1.18

1.03-1.34

0.015

miR-1254

1.19

1.03-1.38

0.020

1.31

1.13-1.52

0.000

miR-378a-3p

0.99

0.94-1.06

0.867

1.18

0.97-1.45

0.101

miR-423-5p

0.92

0.85-0.98

0.017

1.02

0.79-1.33

0.861

miR-320a

1.05

0.92-1.21

0.460

1.43

1.13-1.81

0.003

miR-345-5p

1.01

0.93-1.09

0.812

1.21

1.04-1.41

0.015

miR-22-3p

0.96

0.84-1.11

0.609

0.84

0.73-0.97

0.015

miR-1306-5p

1.17

1.06-1.30

0.003

1.07

0.96-1.20

0.240

miR-133a-3p

1.08

0.95-1.22

0.268

0.98

0.87-1.11

0.777

miR-622

1.18

1.00-1.38

0.044

1.12

1.03-1.22

0.010

miR-499a-5p

1.12

0.99-1.26

0.077

0.96

0.85-1.07

0.425

miR-208a-3p

1.22

1.05-1.42

0.010

1.17

1.02-1.34

0.030
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C. Endpoint: HF hospitalization
Cohort I (Barcelona)
microRNA

HR

95%CI

Cohort II (Detroit)
p-value

HR

95%CI

p-value

miR-133b

1.29

1.08-1.52

0.004

1.03

0.93-1.14

0.579

miR-1254

1.20

0.98-1.47

0.080

1.13

1.02-1.24

0.014

miR-378a-3p

0.96

0.88-1.04

0.306

1.12

0.99-1.26

0.071

miR-423-5p

0.94

0.85-1.03

0.197

1.09

0.93-1.29

0.276

miR-320a

1.07

0.89-1.30

0.454

1.27

1.09-1.48

0.002

miR-345-5p

0.98

0.88-1.09

0.647

1.15

1.03-1.28

0.011

miR-22-3p

0.98

0.81-1.19

0.872

1.00

0.90-1.11

0.992

miR-1306-5p

1.08

0.94-1.24

0.306

1.12

1.04-1.20

0.003

miR-133a-3p

1.06

0.88-1.27

0.563

0.96

0.89-1.05

0.375

miR-622

1.05

0.84-1.32

0.650

0.99

0.93-1.05

0.688

miR-499a-5p

1.12

0.95-1.32

0.180

0.94

0.86-1.01

0.099

miR-208a-3p

1.18

0.96-1.45

0.116

1.03

0.92-1.14

0.615

Hazard ratios per log-unit increase of miRNA expression for the outcomes A) all-cause
mortality or HF hospitalization B) all-cause mortality and C) HF hospitalization.

130

22-3p
0.26
p < 0.001
0.29
p < 0.001
0.25
p < 0.001
0.24
p < 0.001
0.33
p < 0.001
0.23
p < 0.001
-

133a-3p
0.47
p < 0.001
0.53
p < 0.001
0.19
p < 0.001
0.15
p < 0.001
0.38
p < 0.001
0.23
p < 0.001
0.32
p < 0.001
-

1306-5p
0.48
p < 0.001
0.71
p < 0.001
0.27
p < 0.001
0.19
p < 0.001
0.43
p < 0.001
0.32
p < 0.001
0.25
p < 0.001
0.56
p < 0.001
-

622
0.58
p < 0.001
0.75
p < 0.001
0.12
p < 0.001
0.10
p = 0.005
0.41
p < 0.001
0.16
p < 0.001
0.39
p < 0.001
0.57
p < 0.001
0.66
p < 0.001
-

499a-5p
0.45
p < 0.001
0.64
p < 0.001
0.19
p < 0.001
0.11
p = 0,002
0.37
p < 0.001
0.12
p = 0.001
0.23
p < 0.001
0.39
p < 0.001
0.46
p < 0.001
0.55
p < 0.001
-

Pearson’s correlation coefficient and p-values for this coefficient for all measured microRNAs. microRNAs are normalized and
log-transformed.

208a-3p

499a-5p

622

1306-5p

133a-3p

22-3p

Supplemental table 4A. Pearson’s correlations of miRNAs from cohort I
miRNA 133b
1254
378a-3p 423-5p 320a
345-5p
0.66
0.15
0.11
0.37
0.17
133b
p < 0.001 p < 0.001 p= 0,002 p < 0.001 p < 0.001
0.23
0.17
0.48
0.23
1254
p < 0.001 p < 0.001 p < 0.001 p < 0.001
0.46
0.30
0.37
378a-3p
p < 0.001 p < 0.001 p < 0.001
0.38
0.25
423-5p
p < 0.001 p < 0.001
0.13
320a
p < 0.001
345-5p
208a-3p
0.68
p < 0.001
0.90
p < 0.001
0.25
p < 0.001
0.23
p < 0.001
0.55
p < 0.001
0.22
p < 0.001
0.32
p < 0.001
0.57
p < 0.001
0.71
p < 0.001
0.80
p < 0.001
0.66
p < 0.001
-
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132
133a-3p
0.32
p < 0.001
0.03
p = 0.214
0.17
p < 0.001
0.44
p < 0.001
0.43
p < 0.001
0.28
p < 0.001
0.19
p < 0.001
-

1306-5p
0.38
p < 0.001
0.15
p < 0.001
0.33
p < 0.001
0.36
p < 0.001
0.52
p < 0.001
0.35
p < 0.001
0.07
p = 0.010
0.16
p < 0.001
-

622
0.50
p < 0.001
0.29
p < 0.001
0.08
p = 0.002
0.23
p < 0.001
0.44
p < 0.001
0.42
p < 0.001
-0.20
p < 0.001
0.13
p < 0.001
0.37
p < 0.001
-

499a-5p
0.47
p < 0.001
0.08
p = 0.004
0.15
p < 0.001
0.33
p < 0.001
0.48
p < 0.001
0.32
p < 0.001
-0.03
p = 0.233
0.46
p < 0.001
0.27
p < 0.001
0.36
p < 0.001
-

Pearson’s correlation coefficient and p-values for this coefficient for all measured microRNAs. microRNAs are normalized and
log-transformed.

208a-3p

499a-5p

622

1306-5p

133a-3p

Supplemental table 4B. Pearson’s correlations of miRNAs from cohort II
miRNA 133b
1254
378a-3p 423-5p 320a
345-5p 22-3p
0.24
0.04
0.29
0.58
0.45
-0.19
133b
p < 0.001 p = 0.127 p < 0.001 p < 0.001 p < 0.001 p < 0.001
0.17
0.12
0.29
0.40
-0.06
1254
p < 0.001 p < 0.001 p < 0.001 p < 0.001 p = 0.031
0.55
0.46
0.26
0.56
378a-3p
p < 0.001 p < 0.001 p < 0.001 p < 0.001
0.78
0.26
0.51
423-5p
p < 0.001 p < 0.001 p < 0.001
0.48
0.18
320a
p < 0.001 p < 0.001
0.11
345-5p
p < 0.001
22-3p
208a-3p
0.75
p < 0.001
0.27
p < 0.001
0.06
p = 0.021
0.32
p < 0.001
0.61
p < 0.001
0.45
p < 0.001
-0.20
p < 0.001
0.41
p < 0.001
0.35
p < 0.001
0.54
p < 0.001
0.59
p < 0.001
-
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Supplemental table 5. The C-statistics for the discriminative ability of multimarker miRNA models for the combined endpoint: all-cause mortality or HF hospitalization
A. All-cause mortality

Model1
Age+sex
Model2
a. Hb + creatinine
b. model1+ hb + creatinine
Model3
a. NT-proBNP
b. model2b + NT-proBNP
Model4
a. miRNAs only
b. model1 + miRNAs
c. model2b +miRNAs
d. model3b + miRNAs

Cohort I (Barcelona)
miRNA
C-statistic
panel
(95%CI)

Cohort II (Detroit)
miRNA
C-statistic
panel
(95%CI)

n.a.

0.69 (0.64-0.72)

n.a.

0.64 (0.59-0.68)

n.a.
n.a.

0.63 (0.59-0.67)
0.70 (0.66-0.74)

n.a.
n.a.

0.67 (0.62-0.71)
0.71 (0.67-0.75)

n.a.
n.a.

0.70 (0.66-0.73)
0.71 (0.68-0.75)

n.a.
n.a.

0.79 (0.76-0.83)
0.78 (0.75-0.81)

1254 and
1306-5p

0.55 (0.51-0.60)
0.69 (0.65-0.72)
0.70 (0.67-0.74)
0.72 (0.68-0.75)

1254 and
1306-5p

0.57 (0.52-0.62)
0.65 (0.61-0.69)
0.71 (0.66-0.74)
0.78 (0.75-0.81)

B. HF hospitalization
Model1
Age+sex
n.a.
0.65 (0.61-0.69) n.a.
0.52 (0.50-0.55)
Model2
a. Hb + creatinine
n.a.
0.63 (0.59-0.67) n.a.
0.63 (0.61-0.66)
b. model1+ hb + creatinine n.a.
0.67 (0.63-0.71) n.a.
0.63 (0.60-0.66)
Model3
a. NT-proBNP
n.a.
0.66 (0.61-0.69) n.a.
0.69 (0.67-0.72)
b. model2b + NT-proBNP n.a.
0.67 (0.63-0.71) n.a.
0.69 (0.66-0.72)
Model4
a. miRNAs only
0.53 (0.50-0.59)
0.57 (0.52-0.63)
b. model1 + miRNAs
0.65 (0.61-0.69) 1254 and 0.57 (0.54-0.59)
1254 and
1306-5p
c. model2b +miRNAs
0.67 (0.63-0.70) 1306-5p
0.63 (0.61-0.66)
d. model3b + miRNAs
0.67 (0.63-0.71)
0.69 (0.66-0.72)
*C-statistics for the discriminative ability of multimarker prediction models for the outcomes A) all-cause mortality and B) HF hospitalization. Model1 contains age (continuous)
and sex (male; female); model2 contains hemoglobin (continuous) and creatinine (continuous) and model3 contains NT-proBNP (continuous). In model4a-d, miRNA models are
extended with a panel of miRNAs showing their added value to existing models.
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Supplemental table 6. C-statistics of single miRNAs for all 3 different endpoints*
A. Endpoint: all-cause mortality and HF hospitalization combined
Cohort I (Barcelona)

Cohort II (Detroit)

C-statistic (95%CI)

C-statistic (95%CI)

miR-133b

0.56 (0.53-0.59)

0.51 (0.50-0.54)

miR-1254

0.54 (0.51-0.57)

0.55 (0.51-0.58)

miR-378a-3p

0.51 (0.50-0.55)

0.54 (0.51-0.57)

miR-423-5p

0.52 (0.50-0.55)

0.51 (0.50-0.54)

miR-320a

0.52 (0.50-0.56)

0.55 (0.52-0.58)

miR-345-5p

0.51 (0.50-0.54)

0.54 (0.51-0.57)

miR-22-3p

0.51 (0.50-0.53)

0.51 (0.50-0.53)

miR-1306-5p

0.51 (0.50-0.54)

0.51 (0.50-0.54)

miR-133a-3p

0.53 (0.51-0.56)

0.54 (0.51-0.57)

miR-622

0.53 (0.50-0.56)

0.51 (0.50-0.53)

miR-499a-5p

0.53 (0.50-0.56)

0.51 (0.50-0.54)

miR-208a-3p

0.55 (0.51-0.58)

0.51 (0.50-0.54)

B. Endpoint: all-cause mortality
Cohort I (Barcelona)

Cohort II (Detroit)

C-statistic (95%CI)

C-statistic (95%CI)

miR-133b

0.56 (0.53-0.59)

0.54 (0.51-0.58)

miR-1254

0.54 (0.51-0.57)

0.58 (0.52-0.62)

miR-378a-3p

0.51 (0.50-0.54)

0.54 (0.50-0.60)

miR-423-5p

0.53 (0.50-0.56)

0.51 (0.50-0.55)

miR-320a

0.53 (0.50-0.56)

0.56 (0.52-0.60)

miR-345-5p

0.52 (0.50-0.55)

0.56 (0.51-0.60)

miR-22-3p

0.51 (0.50-0.54)

0.53 (0.50-0.58)

miR-1306-5p

0.51 (0.50-0.54)

0.51 (0.50-0.55)

miR-133a-3p

0.55 (0.50-0.57)

0.52 (0.50-0.56)

miR-622

0.54 (0.51-0.58)

0.52 (0.50-0.57)

miR-499a-5p

0.53 (0.50-0.56)

0.52 (0.50-0.56)

miR-208a-3p

0.55 (0.51-0.58)

0.53 (0.50-0.58)
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C. Endpoint: HF hospitalization
Cohort I (Barcelona)

Cohort II (Detroit)

C-statistic (95%CI)

C-statistic (95%CI)

miR-133b

0.56 (0.51-0.6)

0.51 (0.50-0.54)

miR-1254

0.53 (0.5-0.59)

0.55 (0.52-0.59)

miR-378a-3p

0.52 (0.5-0.56)

0.54 (0.51-0.56)

miR-423-5p

0.52 (0.5-0.55)

0.51 (0.50-0.54)

miR-320a

0.52 (0.5-0.55)

0.55 (0.53-0.58)

miR-345-5p

0.51 (0.5-0.56)

0.55 (0.52-0.58)

miR-22-3p

0.52 (0.5-0.54)

0.51 (0.50-0.54)

miR-1306-5p

0.52 (0.5-0.55)

0.51 (0.50-0.54)

miR-133a-3p

0.52 (0.5-0.56)

0.54 (0.51-0.57)

miR-622

0.51 (0.5-0.55)

0.51 (0.50-0.54)

miR-499a-5p

0.52 (0.5-0.58)

0.52 (0.50-0.55)

miR-208a-3p

0.54 (0.5-0.59)

0.51 (0.50-0.53)

The C-statistics (95%CI) for the discriminative ability of single miRNAs models for the
combined endpoint: all-cause mortality or HF hospitalization (A), the endpoint all-cause
mortality (B) and the endpoint of HF hospitalization (C).

Supplemental table 7. Primer sequences
miRNA

Primer sequence

miR-133b

TTTGGTCCCCTTCAACCAGCTA

miR-1254

CTGGAAGCTGGAGCCTGC

miR-378a-3p

ACTGGACTTGGAGTCAGAAGG

miR-423-5p

TGAGGGGCAGAGAGCGAGACTTT

miR-320a

AAAAGCTGGGTTGAGAGGGCGA

miR-345-5p

GCT GAC TCC TAG TCC

miR22-3p

AAGCTGCCAGTTGAAGAACTGT

miR-1306-5p

CCACCTCCCCTGCAAACGTCCA

miR-133a-3p

TTGGTCCCCTTCAACCAGCTG

miR-622

ACAGTCTGCTGAGGTTG

miR-499a-5p

GA CTT GCA GTG ATG TT

miR-208a-3p

ATAAGACGAGCAAAAAGCTTGT

miR-486-5p

TCCTGTACTGAGCTG

135

6

136

726

miR-486-5p

0.7

0.31

0.79

0.44

0.91

0.74

0.86

1.56

1.71

159

649

3715

3715

1200

691

228

544

122

207

526

576

321

CV (%)

0.65

0.84

1.33

1.56

1.43

1.28

1.15

0.92

0.44

0.44

1.07

1.21

0.83

M-value

Detroit

442

848

3218

1917

1746

1064

229

1451

147

1547

1376

437

1575

Mean
CV (%)

0.68

0.58

1.06

1.00

1.17

1.01

1.01

1.24

0.64

0.99

1.39

0.76

0.74

Mean
M-value

4

5

13

12

11

6

2

8

1

9

7

3

10

Rank
CV

3

1

10

7

11

9

8

12

2

6

13

5

4

Rank
M-value

4

5

13

12

11

6

2

8

1

9

7

3

10

3.5

3

11.5

9.5

11

7.5

5

10

1.5

7.5

10

4

7

rank CV Mean
rank

3

2

11

8

10

7

5

9

1

7

9

4

6

Final
rank

Using geNorm, an M-value and a coefficient of variation was calculated for all measured miRNAs. Top candidates for normalization
were miR-320a, miR-208a-3p and miR-486-5p. CV = coefficient of variation.

2722

120

miR-622

1047

2291

miR-1306-5p

miR-499a-5p

1437

miR-133a-3p

miR-208a-3p

231

miR22-3p

0.83

172

2357

miR-320a

2888

miR-423-5p

miR-345-5p

1.53

2226

miR-378a-3p

0.31

298

miR-1254

0.65

2828

M-value

miR-133b

CV (%)

Barcelona

Supplemental table 8. Normalization: M-value and coefficient of variation of measured miRNAs
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Chapter 7
ABSTRACT
Background: Previous studies have identified candidate circulating microRNAs
(circmiRs) as biomarkers for heart failure (HF) using relatively insensitive arrays,
validated in small cohorts. The present study used RNA sequencing to identify novel
candidate circmiRs and compared these with previously identified circmiRs in a
large, prospective cohort of patients with acute HF (AHF).
Methods: RNA sequencing of plasma from instrumented pigs was used to identify
circmiRs produced by myocardium, and found production of known myomirs and
microRNA(miR)-1306-5p. We next tested the prognostic value of this and 11 other
circmiRs in a prospective cohort of 496 AHF patients, from whom blood samples
were collected at several time points (max 7) during the study’s 1-year followup. The primary endpoint (PE) was the composite of all-cause mortality and HF
rehospitalization.
Results: In the prospective AHF cohort, 188 patients reached the PE, and higher
values of repeatedly measured miR-1306-5p were positively associated with the risk
of the PE at that same time-point (HR (95%CI): 4.69 (2.18–10.06)), independent
of clinical characteristics and NT-proBNP. Baseline miR-1306-5p did not improve
model discrimination/reclassification significantly compared to NT-proBNP. For
miR-320a, miR-378a-5p, miR-423-5p and miR-1254 associations with the PE were
present after adjustment for age and sex (HRs (95%CI): 1.38 (1.12–1.70), 1.35 (1.04–
1.74), 1.45 (1.10–1.92), 1.22 (1.00–1.50), respectively). Detection rate of myomiRs
miR-208a-3p and miR-499a-5p was very low.
Conclusions: Repeatedly-measured miR-1306-5p was positively associated with
adverse clinical outcome in AHF, even after multivariable adjustment including NTproBNP. Yet, baseline miR-1306-5p did not add significant discriminatory value to
NT-proBNP. Low-abundant, heart-enriched myomiRs are often undetectable which
mandates more sensitive assays.
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INTRODUCTION
To date, natriuretic peptides are the only circulating biomarkers routinely used in the
diagnosis and prognostication of heart failure (HF).1 Improved HF prognostication
may identify patients who might benefit from closer follow-up and from more
aggressive treatment. Therefore, the exploration of novel prognostic markers of HF
may improve clinical management.
Circulating microRNAs (circmiRs) have been proposed as an attractive new class
of biomarkers because of their stability in the circulation, and their ensuing reliable
assessment in easily accessible samples.2 However, most of the studies published to
date involve relatively small numbers of HF patients and findings are often discrepant
between studies.3–7 Larger studies are scarce and have not investigated the temporal
patterns of microRNAs (miRs) in patients with HF.8 Importantly, longitudinal
circmiR measurements in HF patients may provide further insight into individual
temporal patterns and the patient’s ensuing risk for disease progression and adverse
outcome.
In the present study, an RNA sequencing discovery experiment in pigs was used
to identify circmiRs produced by the myocardium. Subsequently, the potential for
prognostication of the most promising novel circmiR (miR-1306-5p) was tested in a
set of 475 patients prospectively included for serial sampling after an admission for
acute HF (AHF) and compared with multiple miRs known to be cardiac-enriched
or previously linked to HF (miR-1254, miR-22-3p, miR-345-5p, miR-378a-3p, miR423-5p, miR-320a, miR-133a-3p, miR-133b, miR-499a-5p, miR-622 and miR-208a3p).
METHODS
Part I: Preclinical study design
Aortic Banding and plasma and tissue harvesting
Experiments were performed in aortic banding (AoB)-treated (n=29) and shamoperated (n=21) Yorkshire × Landrace swine (details including surgical procedures
and sacrifice of the animals are available in the supplementary material). Briefly,
following thoracotomy, the proximal ascending aorta was dissected free. Bands
were placed in AoB animals.9 Up to 8 weeks later, swine were instrumented for
simultaneous arterial and coronary venous blood sampling, followed by excision
of the heart and harvesting of myocardial tissue samples from the left ventricular
anterior wall.
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RNA Sequencing
RNA was isolated from myocardial tissue and from arterial and coronary venous
plasma samples of AoB-treated (n=4) and sham-operated (n=4) swine at 8 weeks
after sham and AoB. For subsequent sequencing, RNA was pooled from myocardial
tissue samples and from plasma obtained from arterial and coronary venous samples
from AoB-treated and sham-operated samples, respectively. Pooled RNA from each
sample was then divided in two to allow for two technical replicates per sample.
This resulted in a total of 16 samples, which were sent to BGI Shenzhen (Shenzhen,
Guangdong, China) for sequencing of small RNAs. At BGI, libraries were prepared
using the NEBNext® Multiplex Small RNA Library Prep Set for Illumina® Kit (New
England Biolabs, Inc., Ipswich, MA, USA). Samples were sequenced on an Illumina
NextSeq 500 platform and base-calling was performed using bcl2fastq version 2.0
conversion software from Illumina.
Quality control of fastq files was performed using FASTQC (https://www.
bioinformatics.babraham.ac.uk/projects/fastqc/). Trimmomatic Version 0.32 was
used to carry out 3’ adapter clipping of reads, using a phred score cut-off of 30 in
order to trim low-quality bases whilst ensuring that reads with a length below 18
bases were discarded.10
Differential miR expression analysis
Differential expression in the RNA sequencing data was analysed using the R
Bioconductor package DESeq2.11 MicroRNAs were selected based on nextgeneration sequencing results. Only miRs that were differentially expressed or had a
high abundance in heart tissue were analysed. Quantitative polymerase chain reaction
(qPCR) was used to analyse expression levels of selected miRs in coronary venous
and arterial plasma samples from 21 sham pigs and 29 AoB pigs. Plasma samples
were analysed to obtain a trans-coronary gradient in a comparable fashion: sham
arterial plasma vs. coronary venous plasma, and AoB arterial plasma vs. coronary
venous plasma. Owing to the availability of replicates, the dispersion method ‘pooled’
from DESeq2 was used to accurately estimate dispersion between each comparison.
DESeq2’s negative binomial model was used to estimate differentially expressed miRs
for each analysis. At the end, only those miRs passing a fold-change (log2) cut-off of
1.0 together with a false discovery rate cut-off of 0.05 were deemed to be significantly
differentially expressed.
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Part II: Clinical study design
TRIUMPH was an observational, prospective study enrolling patients admitted with
AHF in 14 hospitals in the Netherlands, between September 2009 and December
2013. The study was designed to allow the analysis of novel potential biomarkers for
prognosis in HF patients, with a particular interest in changes in blood biomarker
patterns over time and their prognostic value in HF patients. The study was approved
by the medical ethics committees of all participating centres. All patients provided
written informed consent.
Patients
Patients were eligible if they were aged ≥18 years and hospitalized for AHF resulting
from decompensation of known, chronic HF or newly diagnosed HF, and met all
three of the following criteria: (i) natriuretic peptide levels elevated to three or
more times the upper limit of normal (determined in each individual hospital);
(ii) evidence of sustained left ventricular dysfunction, defined as moderate to poor
systolic function or grade II (pseudonormal) to grade IV (fixed restrictive) diastolic
dysfunction on echocardiography during hospitalization, and (iii) treatment with
i.v. diuretics. Patients were excluded if they suffered from HF precipitated by a
non-cardiac condition, by an acute ST elevation myocardial infarction or by severe
valvular dysfunction without sustained left ventricular dysfunction. Furthermore,
patients were excluded if they were scheduled for coronary revascularization, listed
for heart transplantation, suffered from severe renal failure requiring dialysis or had
a coexisting condition that implied life expectancy of <1 year.
Patient management
Patient management was at the discretion of the treating clinician, in accordance
with the guidelines of the European Society of Cardiology.12 Of note, biomarker data
obtained in the context of this study were unknown to the treating physicians and
thus were not used for clinical decisions.
Study procedures
Blood samples were obtained from all patients during hospitalization at admission
(day 1), once during days 2–4 and subsequently at discharge; thus, three samples per
patient were drawn during hospitalization. Additionally, blood samples were obtained
at outpatient clinic follow-up visits planned at 2–4 weeks, 3 months, 6 months and
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9–12 months after discharge; thus, four samples were drawn during follow-up.
Hence, a total of seven samples were obtained for each patient unless that patient
was censored or died before all samples could be taken. A short medical evaluation
was performed and blood samples were collected at every follow-up visit. Adverse
cardiovascular events and changes in medication were recorded on electronic case
report forms.
MicroRNA and NT-proBNP measurements
MicroRNAs were measured in all separate plasma samples as described in detail
in the supplementary material. MiR-1254, miR-22-3p, miR-423-5p, miR-320a and
miR-622 were selected because they were associated with HF in previous studies,5,7,13
miR-378a-3p and miR-345-5p because of their enrichment in cardiomyocytes,14 and
miR-133a-3p, miR-133b, miR-208a-3p and miR-499a-5p because they are musclespecific miRs (so-called ‘myomiRs’), of which the latter two are heart-specific and
are released during myocardial injury.15,16 MiR-486-5p was used for normalization
of the other miRs because endogenous miRs have been shown to carry advantages
for normalization compared with spike-in (e.g. Cel39) or small RNAs.17 In the RNA
sequencing experiment, miR-486-5p was observed to be exceptionally abundant
(representing the vast majority of all detected miRs in the circulation; see Results)
and stable compared with other miRs, making it a suitable candidate to use as a
normalizer (details of normalization and NT-proBNP measurements are described
in the supplementary material.)
Quality control of human miR measurements
PCR of circulating miRs is sensitive to false or inaccurate signals, which may result in
missing values.18 Missing values may result from technical errors, but are most often
due to template levels that are too low to measure reliably with qPCR. Therefore, we
used a quality assessment algorithm to ensure the validity of each measurement. This
algorithm is described more extensively elsewhere.19 In brief, we distinguished three
groups of measurements: ‘detectable’, ‘non-detectable’ (signal too low) and ‘invalid’.
If the measurement passed all the quality checks, it was considered valid and was
marked ‘detectable’. In case of a ‘non-detectable’ signal, the measurement was set to a
low value, which was based on the PCR experiment parameters. If the measurement
did not pass the quality controls of the algorithm, it was defined as ‘invalid’. Such
measurements were not used in further analyses.
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Endpoints
The primary endpoint comprised the composite of all-cause mortality and readmission
for HF. The latter was defined as an unplanned rehospitalization due to acute HF, with
at least two of the following three criteria: (1) elevated natriuretic peptide levels ≥3
times the upper limit of normal, (2) symptoms of cardiac decompensation (e.g. rales,
edema or elevated central venous pressure), and (3) administration of intravenous
diuretics. Secondary endpoints included the individual components of the primary
endpoint and additionally cardiovascular mortality.
During follow-up, information on vital status and hospital readmissions was
obtained until at least 9 months with a maximum of 400 days after the index hospital
admission. We approached the civil registry, screened all medical records, and asked
patients for information during their follow-up visits. A clinical event committee
blinded to the biomarker results subsequently reviewed all collected information and
adjudicated primary and secondary endpoints.
Statistical analysis
The associations between the baseline miR measurements and the risk of a study
endpoint were assessed using Cox proportional hazards models. Abundant miRs
were examined as continuous variables, while low-abundance miRs were entered into
the models as dichotomous variables (detectable versus non-detectable, as defined
by the algorithm described above), For repeated miR measurements, associations
between the current level of each separate miR at a particular time point and the
risk of an endpoint at that same time point were assessed using a joint modeling
approach, which combines a linear mixed-effects model for the repeated miR
measurements with a Cox proportional hazards model for the risk of experiencing
the event of interest.20 A detailed description of the statistical analysis is provided in
the supplementary material.
RESULTS
RNA sequencing in pigs samples
Post-quality control, the total number of reads per sample successfully aligned to
pig-specific hairpin sequences ranged from 83.7% to 97.3%. Combining all reads
together, followed by the discarding of sequences longer than 25 nucleotides and
those with low abundance (fewer than four reads per sample) resulted in 373 × 106
reads that were successfully mapped to pig hairpin sequences. Aligning unmapped
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reads to hairpin sequences of other species increased the alignment rate by a negligible
fraction (0.46%), suggesting that known hairpin sequences of Sus scrofa were close to
complete. Hence, only those sequences that were mapped to S. scrofa hairpins were
used.
When the numbers of reads aligned to each hairpin and mature miR sequence
were calculated, a high abundance of miR-486-5p was observed in plasma samples
(constituting 92.5–97.0% of all reads). There were a number of circmiRs with positive
and significant trans-coronary gradients (Figure 1). Among these were known
myomiRs such as miR-133a. In addition, lesser known circmiRs, such as miR-1306,
showed positive gradients. A comparison of next-generation sequencing-based miR
expression across tissue samples revealed a total of 16 miRs differentially expressed
in sham-operated tissue compared with AoB-treated tissue (Table 1), among which
miR-1306-5p was also significantly up-regulated. Given the positive trans-coronary
gradient of miR-1306-5p and its significant up-regulation in myocardial tissue of
AoB compared with Sham pigs, the potential role of miR-1306-5p as a circulating
biomarker was further evaluated. The values obtained for miR-1306 in the control
samples routinely taken on qPCR plates were compared with measurements in HF
samples, which showed that levels of circulating miR-1306-5p were significantly
higher in HF patients [odds ratio (OR) 1.43, 95% confidence interval (CI) 1.033–
1.98 in arbitrary units)/ln (pg/mL); P <0.05], further increasing the probability that
circulating miR-1306-5p may serve as a novel biomarker for HF.
Prospective clinical study: baseline characteristics
A total of 496 patients were enrolled in the TRIUMPH clinical cohort and provided
written informed consent. Three patients withdrew their informed consent.
Eighteen patients were withdrawn from statistical analyses because of violations
of the inclusion protocol. These patients had no evidence of sustained systolic or
diastolic left ventricular dysfunction on echocardiography. Accordingly, 475 patients
remained. Of these, 456 patients had at least one valid miR-486-5p measurement
available, and thus comprised the analysis set. The median age of the patient cohort
was 73 years [interquartile range (IQR) 64–80 years], 63% were men and median left
ventricular ejection fraction was 30% (IQR 21–42%) (Table 2). Median baseline NTproBNP level was 4143.7 pg/mL (IQR 2097.5-9053.2 pg/mL).
Clinical endpoints
The composite primary endpoint was reached by 188 patients (41%) during a median
follow-up of 325 days (IQR 85–401 days). A total of 113 patients died, in 77 of
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Figure 1. Trans-coronary gradients in plasma microRNAs. The number indicates the
number of pigs (of a total of 44 pigs) with detectable venous and arterial microRNA values.
The gradient is calculated as arterial minus venous Ct value of the microRNA, and shown as
the mean±standard error of the mean (SEM). A negative value indicates release of the microRNA by the myocardium, and a positive value indicates uptake. The P-value is calculated
using a paired-samples t-test, and indicates the difference between arterial and venous Ct
values of the microRNA.

whom the cause of death was confirmed as cardiovascular, and 123 patients were
rehospitalized for decompensated HF.
Circulating miR measurements
A total of 2214 blood samples were available for the current investigation. The median
number of miR measurements per patient was three (IQR 2–5). Supplementary table
1 displays the number of measurements detectable per miR. MiRs that were detectable
in fewer than 700 of 2214 samples were not used as continuous variables in further
analyses, but were dichotomized (detectable vs. non-detectable) as described above.
The miRs that were examined as continuous variables were miR-320a, miR-1254,
miR-22-3p, miR-378a-3p, miR-423-5p, miR-345-5p and miR-1306-5p. The miRs
dichotomized were miR-133a-3p, miR-133b and miR-499a-5p. MiR-486-5p was
used for normalization of these miR levels. MiR-622 and miR-208a-3p, respectively,
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Table 1. Differentially expressed microRNAs across tissue samples
MiR

Fold change*

Adjusted p-value

306-5p

1.354

0.002

132

1.554

0.013

133a-3p

1.107

0.004

142-5p

1.992

<0.001

144

1.457

0.004

144-5p

2.621

<0.001

150

1.767

0.006

15b

1.996

<0.001

15b-5p

1.922

<0.001

342

1.932

<0.001

365-3p

1.507

<0.001

451

3.015

<0.001

532-3p

1.956

0.001

7139-3p

1.889

<0.001

92b-3p

1.04

0.015

99b-3p

-1.225

0.023

133b

0.69

0.07

103

-0.198

0.72

143-3p

-0.251

0.75

143-5p

-0.297

0.755

28-3p

-0.347

0.53

486-5p

0.166

0.77

7f

0.472

0.51

99

-0.53

0.11

Myocardial samples were obtained from the left ventricular free wall and compared between sham-operated and TAC-treated swine. P-values were calculated using the negative
binomial model from DESeq. MiR = microRNA. * Log2 fold change

were detectable in only 56 and six of 2214 samples. This low expression did not allow
for meaningful statistical analysis of these miRs. Additionally, supplementary table
2 shows the baseline characteristics stratified by invalid vs. valid measurements of
baseline miR-1306-5p.
Finally, miR expression levels in patients with HF with reduced ejection fraction
(HFrEF) vs. HF with preserved ejection fraction (HFpEF) are presented in
supplementary table 3.
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Table 2. Baseline characteristics
Variables

Overall sample (n=475)

Demographic characteristics, median [IQR] or number (%)
Age, years

73 [64 - 80]

Female, %

36.6 (167)

Caucasian, %

94.3 (430)

Measurements at baseline, median [IQR] or number (%)
Body mass index, kg/m2

27.5 [24.7 - 31.1]

Systolic blood pressure, mmHg

125 [110 - 147]

Diastolic blood pressure, mmHg

75 [65 - 85]

Heart rate, bpm

85 [72 - 100]

eGFR

46 [34.4 - 61.7]

Left ventricular ejection fraction, %

30 [21 - 42]

Heart failure with reduced ejection fraction, %

79.8 (289)

NT-proBNP (pg/ml)

4143.7 [2097.5 - 9053.2]

Medical history, number (%)
Previous heart failure admission within 6 months

19.8 (90)

Ischemic heart failure

48.1 (219)

Myocardial infarction

40.4 (184)

Hypertension

50 (228)

Atrial fibrillation

42.5 (194)

Diabetes Mellitus

36.5 (166)

Stroke

17.5 (80)

7

IQR = Inter-quartile range, eGFR = estimated glomerular filtration rate.

Associations between baseline miR levels and clinical endpoints
Figure 2 shows the differences in risk for experiencing the primary endpoint for
patients in different quartiles of baseline miR-1306-5p levels (P <0.001). This was
confirmed in the subsequently fitted Cox models, in which baseline miR-1306-5p
levels were significantly and independently associated with the primary endpoint
[hazard ratio (HR) 1.13, 95% CI 1.03–1.23] (Table 3). Of the other known miRs, only
the baseline levels of miR-320a were significantly and independently associated with
the primary endpoint (HR 1.10, 95% CI 1.00–1.21). Associations with secondary
endpoints are shown in the supplementary table 4. A sensitivity analysis on the
subgroup of HFrEF patients rendered an HR for baseline miR-1306-5p in relation to
the primary endpoint similar to the HR in the total group, but with a wider CI (HR
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1.09, 95% CI 0.95–1.25) (supplementary table 5). This was most likely caused by a
decrease in statistical power in this subgroup.
Associations between temporal miR patterns and clinical endpoints
Repeatedly measured miR-1306-5p level was positively and independently associated
with the primary endpoint (HR 4.69, 95% CI 2.18–10.06; P <0.001) (Table 4). The
temporal patterns of miR-320a, miR-378a-3p and miR-423-5p were positively
associated with the primary endpoint after adjustment for age and sex. However,
these associations disappeared after multivariable adjustment. The temporal pattern
of miR-1254 displayed a borderline significant association with the primary endpoint
after adjustment for age and sex (HR 1.22, 95% CI 1.00–1.50). Associations of
temporal patterns with secondary endpoints are shown in the supplementary table 6.

Figure 2. Kaplan-Meier survival curves for the primary endpoint of death or readmission for HF in the four quartiles of baseline miR-1306-5p levels. Q1 lowest quartile, Q4
highest quartile.
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Table 3. Associations between baseline microRNA levels and primary endpoint
miR

Hazard ratio (95% CI)
Model 1

Model 2

Model 3

320a*

1.19 (1.09 – 1.30)

1.18 (1.08-1.29)

1.10 (1.00 – 1.21)

1254*

1.06 (0.98 – 1.14)

1.05 (0.97 – 1.14)

1.00 (0.92 – 1.08)

22-3p*

1.04 (0.96 – 1.12)

1.05 (0.97 – 1.14)

1.02 (0.94 – 1.10)

378a-3p*

1.08 (0.98 – 1.18)

1.07 (0.97 – 1.18)

1.03 (0.93 – 1.14)

423-5p*

1.08 ( 0.98 – 1.18)

1.09 (0.98 – 1.20)

1.05 (0.95 – 1.16)

345-5p*

1.03 (0.97 – 1.11)

1.03 (0.96 – 1.10)

0.99 (0.93 – 1.07)

1306-5p*

1.19 (1.09 – 1.30)

1.18 (1.09 – 1.29)

1.13 (1.03 – 1.23)

133a-3p†

0.84 (0.56 – 1.24)

0.89 (0.60 – 1.34)

1.00 (0.66 – 1.53)

499a-5p†

1.49 (0.79 2.84)

1.53 (0.81 – 2.92)

1.25 (0.64 – 2.42)

133b†

0.97 (0.40 – 2.36)

0.97 (0.40 – 2.36)

1.07 (0.43 – 2.67)

NT-proBNP

1.47 (1.27 – 1.71)

1.46 (1.25 – 1.69)

1.36 (1.15 – 1.60)

Model 1 unadjusted; model 2 adjusted for age and sex; model 3 adjusted for age, sex,
systolic blood pressure, diabetes mellitus, atrial fibrillation, BMI, previous hospitalization
for HF during the last 6 months, ischemic HF, baseline eGFR, and baseline NT-proBNP
level. BMI = Body mass index, HF = Heart failure, miR = MicroRNA. Primary endpoint:
composite of all-cause mortality and readmission for heart failure. * Hazard ratio per per
ln[arbitrary unit] of miR level. † Hazard ratio of detectable vs. non-detectable miR level

Incremental prognostic value of miR-1306-5p
Adding baseline miR-1306-5p to a model containing NT-proBNP, age, sex, systolic
blood pressure, diabetes mellitus, atrial fibrillation, body mass index, previous
hospitalization for HF during the last 6 months, ischaemic HF, and baseline estimated
glomerular filtration rate (eGFR) produced a change in the C-statistic of 0.012 (95%
CI−0.006 to 0.029), a continuous net reclassification improvement (cNRI) of 0.125
(95% CI −0.016 to 0.267), and an integrated discrimination index (IDI) improvement
of 0.020 (95% CI −0.013 to 0.053), as shown in supplementary table 7. Thus, the
incremental prognostic value of miR-1306-5p on top of NT-proBNP did not reach
statistical significance.
DISCUSSION
Direct RNA sequencing of plasma from instrumented pigs revealed a number of
circmiRs to be produced by the pig myocardium, including miR-1306-5p which had
not yet been identified as a miR related to the heart. Subsequently, we found in a
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Table 4. Associations between repeated microRNA measurements and primary endpoint
miR

Hazard ratio (95% CI)
Model 1

Model 2

Model 3

320a

1.40 (1.14 – 1.72)

1.38 (1.12 – 1.70)

1.13 (0.91 – 1.40)

1254

1.26 (1.03 – 1.55)

1.22 (1.00 – 1.50)

1.00 (0.82 – 1.22)

22-3p

1.25 (0.97 – 1.63)

1.27 (0.99 – 1.64)

1.18 (0.91 – 1.52)

378a-3p

1.39 (1.07 – 1.80)

1.35 (1.04 – 1.74)

1.01 (0.76 – 1.34)

423-5p

1.45 (1.10 – 1.90)

1.45 (1.10 – 1.92)

1.08 (0.81 – 1.44)

345-5p

1.11 (0.93 – 1.34)

1.10 (0.92 – 1.32)

1.00 (0.89 – 1.12)

1306-5p

5.16 (2.58 – 10.31)

3.05 (1.58 – 5.88)

4.69 (2.18 – 10.06)

Model 1 unadjusted; model 2 adjusted for age and sex; model 3 adjusted for age, sex,
systolic blood pressure, diabetes mellitus, atrial fibrillation, BMI, previous hospitalization
for HF during the last 6 months, ischemic HF, baseline eGFR, and baseline NT-proBNP
level. BMI = Body mass index, HF = Heart failure, miR = MicroRNA. Primary endpoint:
composite of all-cause mortality and readmission for heart failure.

prospective AHF cohort that repeatedly-assessed circulating miR-1306-5p is positively
and independently associated with all-cause mortality and HF hospitalization. This
association was independent of NT-proBNP. However, a model containing baseline
miR-1306-5p measurements did not significantly improve model discrimination or
reclassification when compared to NT-proBNP. Repeatedly-assessed circulating miR320a, miR-378a-3p, miR-423-5p and miR-1254 were associated with the primary
endpoint after adjustment for age and sex (albeit borderline for miR-1254), but not
after further multivariable adjustment for clinical characteristics. Furthermore, an
independent association was found between baseline values of miR-1306-5p and
miR-320a and the primary endpoint.
Importantly, our findings are in line with those described in a manuscript where
two large cohorts have been studied (Bayes-Genis et al., Chapter 6). In those two
independent cohorts, miR-1306-5p was also positively and significantly associated
with the risk of all-cause mortality or HF hospitalization. This further strengthens
our findings and for the first time we see reproducible results on circulating miRs
across three large cohorts. This contrasts with previous studies where usually one,
mostly smaller cohort was analyzed,21 and results have most often been discrepant
between separate studies. To the best of our knowledge, the association between miR1306-5p and cardiovascular disease has not been previously investigated in other
studies, and further research is warranted on its expected targets.
RNA sequencing using plasma-derived RNA led to the discovery of miR-1306-
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5p produced by the heart. Akat et al. also used RNA sequencing to analyze miRs
potentially produced by the human heart.22 However, their study was not designed
to assess the clinical value of circmiRs as biomarkers. A word of caution concerns
the large proportion of invalid and undetectable miR-1306-5p measurements
which reduces power and illustrates the need for more sensitive methods of miR
assessment to enable optimal use of this marker for clinical prognostication.
Nevertheless, the current study carried sufficient statistical power to demonstrate a
significant association between repeatedly measured miR-1306-5p and the primary
and secondary endpoints in spite of the proportion of invalid and undetectable
measurements.
In line with our results, the study by Bayes-Genis et al. (Chapter 6) also found an
association between miR-1254 and clinical outcome. Other existing data on miR-1254
are limited; of note is that Tijsen et al. demonstrated upregulation of miR-1254 in HF
cases compared to healthy controls.5 An association between higher baseline miR-4235p levels and signs of progressive HF has been demonstrated in animal models,6 and
human studies with limited sample size.3,5 Rising miR-423-5p has also been related
to worsening left ventricular function and has been shown to be upregulated in nonST elevation myocardial infarction patients.23 Our results agree with the findings of
the aforementioned studies. Conversely, in recent a study in 236 acute HF patients,
an inverse association was observed between miR-423-5p and hospital readmission.8
However, this finding could not be reproduced in the validation cohort which was
examined.8 Smaller studies have previously demonstrated higher circulating levels of
miR-320a in HF patients compared to healthy individuals.7,24 In addition, rat models
have proven that overexpression of miR-320a leads to a greater loss of cardiomyocytes
during infarction and that inhibition of miR-320a leads to reduced infarction size.25
Furthermore, miR-320a showed a protective effect on left ventricular remodeling
after myocardial ischemia-reperfusion injury in a rat model.26 The results of the
current study are in line with these previous studies, and further expand the evidence
concerning miR-320a by showing that baseline measurements are independently
associated with adverse prognosis in patients with HF, and that repetitively-measured
miR-320a is independently associated with heart failure hospitalization in particular.
The temporal pattern of miR-378a-3p was also associated with the primary endpoint.
Naga Prasad et al. showed downregulation of miR-378a-3p in left ventricular free
wall tissue of HF patients with dilated cardiomyopathy.4 In contrast, in the current
study we examined circulating levels of miR-378a-3p. In addition, Weber et al. found
higher levels of circulating miR-378a-3p in 5 patients with coronary artery disease,
compared to 5 healthy controls.27 However, studies other than ours on the prognostic
value of miR-378a-3p in patients with HF are lacking.
Repeatedly measured, highly-abundant miRs only showed age- and sex-adjusted
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significant associations with the primary endpoint, and associations disappeared after
multivariable adjustment. Possibly, prognostic information of these circmiRs, which
are probably not produced by the heart, can be easily diluted. Conversely, myomiRs,
i.e. miRs which are skeletal- and cardiac-muscle specific, carry potential to provide
prognostic information that is incremental to clinical characteristics. Such myomiRs
play a central role in myogenesis regulation and muscle remodeling.28,29 Although
the main sources of circulating myomiRs, and in particular the relationship between
myomiRs in tissue and plasma have yet to be fully elucidated, an association between
cardiac damage (caused by myocardial infarction or myocarditis) and upregulation
of circulating myomiRs has been previously demonstrated.15 Moreover, circulating
myomiR levels have been associated with skeletal muscle wasting.30 We examined
several myomiRs in the current investigation (miR-133a-3p, miR-133b, miR-208a3p and miR-499a-5p). However, myomiRs are lowly expressed in the circulation,
as illustrated by the fact that they were non-detectable in a large proportion of the
samples available in our study. Thus, we were forced to perform a simplified analysis
and examined the association between presence of detectable myomiR levels at
baseline and occurrence adverse events. The loss of information inherent to such an
analysis may have obscured potential associations with the outcome. Therefore, more
sensitive assays are needed to properly examine the roles of myomiRs in HF.
To remove noise by less robust qPCR results we designed and implemented a strict
and conservative algorithm to remove unreliable qPCR data, and at the same time
retain reliable assessment of ‘too low to detect’ signals. Furthermore, we used miR486-5p to normalize our data, as using such endogenous miRs for this purpose has
been shown to carry advantages.17 We have separately described our quality control
algorithm we used here and given the strong concordance between three large cohorts
we have thus measured, strengthens the point of view that such algorithms help to
remove noise and improve reproducibility.
Some aspects of this study warrant consideration. First, aortic banding has been used
to model heart failure. This is a model that shows strong similarity to the TAC model
in mice and has previously been used in multiple studies as a model for pressureoverload hypertrophy.31-34 This model may not be fully representative of human left
ventricular dysfunction. However, our observation that miR-1306-5p, identified in our
swine model, does provide prognostic potential in the clinic, underscores the validity
of our approach. Second, we did not adjust our analyses for multiple comparisons,
because the miRs we examined were not selected in a hypothesis-free manner but
had resulted from previous fundamental and clinical studies. Nevertheless, if we
applied Bonferroni correction, the results would remain statistically significant. The
association between repeated miR-1306-5p and the primary endpoint rendered a HR
(95%CI) of 4.69 (2.18–10.06) and a p-value < 0.0001; since we examined 7 repeatedly
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measured miRs, the Bonferroni threshold for the p-value would be 0.05/7=0.007.
Furthermore, we focused on patients with known heart failure. Studies using a healthy
control group may provide insights into temporal miR patterns in healthy persons.
Conclusions
In conclusion, in patients hospitalized for AHF, baseline and repeatedly-assessed miR1306-5p was independently associated with adverse clinical outcome. Associations
of temporal patterns of miR-320a, miR-378a-5p, miR-423-5p and miR-1254 with
adverse clinical outcome were not independent of clinical characteristics. Myocytespecific miRs were non-detectable in a large proportion of the samples. More
sensitive myomiR assays are needed in order to precisely estimate the risk associated
with elevated levels of miRs such as miR-1306-5p, and to investigate whether cardiac
specific myomiRs on their part are capable of providing additional information to
established, clinical risk predictors.
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SUPPLEMENTARY METHODS
Preclinical study in pigs
Aortic banding and plasma and tissue harvesting
Experiments were performed in AoB-treated (n=29) and sham-operated (n=21)
Yorkshire × Landrace swine of either sex weighing 25-30 kg. All procedures were
performed in compliance with the “Guiding principles in the care and use of animals”
as approved by the Council of the American Physiological Society and under the
regulations of the Animal Care Committee of the Erasmus University Medical
Center. Swine were sedated with ketamine (20 mg/kg, i.m.) and midazolam (1 mg/
kg, i.m.), Under isoflurane anesthesia, a left thoracotomy was performed and the
proximal ascending aorta was dissected free, and, in AoB-animals a band was placed,
resulting in a systolic pressure gradient of 68±3 mmHg. Subsequently, the chest was
closed and the animals were allowed to recover. Up to eight weeks later, swine we
re-anesthetized with sodium pentobarbital (15 mg/kg, i.v.), intubated, and placed on
a positive-pressure ventilator (O2:N2=1:3 v/v). Catheters were inserted into the right
external jugular vein for infusion of physiological saline and sodium pentobarbital
(10-15 mg/kg/h) to maintain anesthesia. Following sternotomy, fluid-filled catheters
were surgically inserted into the aorta for measurement of aortic blood pressure and
sampling of arterial blood. The anterior interventricular vein was cannulated with a
20-gauge catheter for coronary venous blood sampling. Subsequently, arterial and
coronary venous blood samples were simultaneously obtained, followed by arresting
and excision of the heart and harvesting of myocardial tissue samples from the left
ventricular anterior wall.
Swine were sacrificed at three time-points, being 1, 3 and 8 weeks after AoB. The
pressure gradient across the aortic banding did not result in overt heart failure at
any of these time-points in the present study. Retrospective analysis did not show
differences in miR expression between the different time point (although our study
may not have been sufficiently powered to detect such differences).
Alignment of RNA-seq reads to the genome
All known hairpin sequences belonging to Sus Scrofa (pig), Homo Sapiens (human),
Bos Taurus (cow) and Equus Caballus (horse) were downloaded from release 20
of miRBase. A blast database containing these species-specific hairpin sequences
was generated. First, reads from all RNA-seq fastq files were aligned to pig hairpin
sequences using BLASTN. Reads failing to map to pig hairpins were then aligned
to human, cow and horse hairpin sequences using BLASTN. To further increase
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alignment efficiency, reads that remained unaligned were mapped to version 10.2
of the Sus Scrofa ncRNA and cDNA database, downloaded from Ensembl. In cases
where a sequence was mapped to multiple hairpins, the one with the higest bitscore,
i.e. the best alignment, was chosen.
QPCR measurement of selected miRs for assessment of trans-coronary gradient
RNA was extracted from 200µl plasma using 750µl TRIzol LS reagent (Invitrogen
Corp., Carlsbad, CA) and was incubated for 10 minutes at room temperature followed
by 200µl chloroform. The mixture was centrifuged at 12,000 g for 10 minutes, and the
aqueous layer was transferred to a new tube. RNA was precipitated by isopropanol
and washed with 75% ETOH subsequently. RNA pellet was dissolved in 50 µl RNAse
free water.
The primers used for qPCR were: 133b: TTTGGTCCCCTTCAACCAGCTAT;
miR-28-3p: CACTAGATTGTGAGCTCCTGGA; miR-99: AACCCGTAGATCCGATCTTGTG; miR-486-5p: TCCTGTACTGAGCTGCCC CGAG; miR-133a: TTGGTCCCCTTCAACCAGCTG; miR-103: AGCAGCATTGTACAGGGCTATGA;
miR-1306-5p: CCACCTCCCCTGCAAACGTCC A; miR-7f: TGAGGTAGTAGATTGTATAGTT; miR-143: TGAGATGAAGCACTGTAGCTC.
Number of animals sacrificed: considerations
A total of 8 swine were used for next generation sequencing (NGS), and a total
of 50 swine for qPCR. The number of animals used may thus seem quite large for
identifying a single novel miR. However, with NGS, we detected a much larger
number of miRs that were either differentially regulated or highly expressed in
the myocardium, of which a smaller number was tested with qPCR, to identify a
transcoronary gradient. Only the most promising one was subsequently tested as a
clinical biomarker. Furthermore, it should be noted that the swine material used in
the present study was not specifically collected for this study alone, but is part of a
biobank that was developed as part of a larger study aimed at correlating changes in
tissue morphology, proteomics, metabolomics and genomics to well-characterized
hemodynamics in an animal model of pressure-overload hypertrophy. This means
that a large number of samples was available, and only part of these samples were
used for validation of our NGS results.
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Clinical study
Blood collection
Non-fasting blood samples were obtained by venipuncture and transported to the
clinical chemistry laboratory of each participating hospital for further processing
according to a standardized protocol. Blood aliquots were subsequently stored at a
temperature of -80ºC within 2 hours after venipuncture. Subsequently, stored EDTA
plasma samples were transported under controlled conditions to ACS Biomarker BV,
Amsterdam, The Netherlands, where a selection of miRs was measured batch-wise.
Reverse transcriptase of miRs
CDNA was obtained from high abundant miRNAs (miR-1254, -378a-3p, -423-5p,
-320a, -345-5p, -22-3p, -486-5p) using the miScript reverse transcription kit (Qiagen,
Venlo, Netherlands) according to the manufacturer’s instruction. More specifically,
the RT reaction consisting of 7.5μl RNA from the isolation, 0.5µl miscript RT and 2µl
of 5x RT Buffer was incubated at 37 °C for 60 minutes and at 95°C for 5 minutes and
the held at 4°C for 5 minutes.
For less abundant miRNAs (miR-133a-3p, -133b, -208a-3p, -499a-5p, -622, -13065p), qScript™ microRNA cDNA Synthesis Kit (Quanta BioSciences, Gaithersburg,
USA) was used, according to the manufacturer’s protocol. Specifically, first, a poly(A)
tailing reaction was performed using 3 µl of RNA, 2µl of poly(A) tailing Buffer (5x) 4µl
of nuclease-free water and 1µl Poly(A) polymerase. This was incubated for 60 minutes
at 37 °C followed by 5 minutes on 70 °C. Subsequently, 10 µl of this poly(A) tailing
reaction, 9 µl of miRNA cDNA reaction mix and 1 µl of qscript RT were incubated
for 20 minutes at 42 °C followed by 5 minutes at 85 °C. Both a non-template control
and a no-RT control were included in the sample tot ensure that products were not
the results of genomic DNA of RNA.
Quantification of miRNA expression by RT-qPCR
Expression levels of miRNAs of each miRNA were quantified by RT-qPCR using
Sybr Green (Roche, Basel, Switzerland) and miRNA primers (Eurofins, Ebersberg,
Germany) in a total mix of 10µl according to the manufacturer’s instruction. This
mix contained 5 µl of SybrGreen dye, 0.5 µl of forward primer, 0.5 µl of reverser
primer, 2 µl of RNase-free water and 2 µl of template DNA. RT-qPCR reactions
were run in duplicates on the Light cycler 480. The reaction mixture was pre-incubated at 5 °C for 10 seconds, followed by 45 cycles of 95 °C for 10 seconds, 58
°C or 55 °C for 20 seconds (dependent on the primer character) and 72 °C for
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30 seconds . Melting curve analysis was done by hand and melting curves were
marked as bad when the melting curve deviated from the tissue control or showed
multiple peaks that could not be distinguished from the amplicon. Data were analyzed using LinRegPCR quantitative qPCR data analysis software version 2014.61.
The primers used were: miR-133b: TTGGTCCCCTTCAACCAGCTA; miR-1254:
CTGGAAGCTGGAGCCTGC; miR-378a-3p: ACTGGACTTGGAGTCAGAAGG;
miR-423-5p: TGAGGGGCAGAGAGCGAGACTTT; miR-320a: AAAAGCTGGGTTGAGAGGGCGA; miR-345-5p: GCTGACTCCTAGTCC; miR22-3p: AAGCTGCCAGTTGAAGAACTGT; miR-1306-5p: CCACCTCCCCTGCAA ACGTCCA;
miR-133a-3p: TTGGTCCCCTTCAACCAGCTG; miR-622: ACAGTCTGCTGAGGTTG; miR-499a-5p: GACTTGCAGTGATGTT; miR-208a-3p: ATAAGACGAGCAAAAAGCTTGT; miR-486-5p: TCCTGTACTGAGCTG.
Normalization using miR-486-5p
In a previous study, we showed that for normalization endogenous miRNAs are
preferred over normalization with a spike-in (e.g. Cel39 spike-in) or small RNAs
(e.g. RNU6B).1 To date, however no plasma normalization panel with endogenous
miRNAs has been described in the literature. To function as a good normalizer,
an endogenous miRNA must be stably expressed and abundant in plasma.2 In the
current study, RNA sequencing of plasma samples revealed that miR-486-5p was
the most abundant miRNA (>90% of all measured miRNAs) in plasma. Next, we
used the geNorm algorithm3 to calculate the M-value and coefficient of variation
and used these characteristics to assess which miRNAs were most stable and suitable
for normalization in 2 clinical cohorts (Chapter 6). Among the measured miRNAs,
miR-486-5p, displayed highest stability (see supplemental table 8, Chapter 6). We
compared its stability to miR-320a as in these large cohorts miR-320 appeared also
as very stable. It should be noted that miR-320a has been identified as a putative
biomarker for HF so that we did not choose this microRNA for normalization, but
merely to assess the effect of using a different normalizer. Therefore, miR-486-5p
(mean M-value 0.68) was used as the primary normalizer.
NT-proBNP measurements
For batch analysis of NT-proBNP, heparin plasma samples were transported
under controlled conditions to the Canisius Wilhelmina Hospital, Nijmegen, The
Netherlands, where measurements were conducted using the Elecsys NT-proBNP
assay on a Cobas 8000 analyzer (Roche Diagnostics Limited, Rotkreuz, Switzerland).
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Statistical analysis
Normally distributed continuous variables are presented as mean ± standard deviation
(SD). Non-normally distributed continuous variables are expressed as median and
interquartile range (IQR). Categorical data are displayed as count and percentage.
The associations between the baseline miR measurements and the risk of a study
endpoint were assessed using Cox proportional hazards models. First, analyses
were performed unadjusted. Subsequently, we corrected for age and gender. Finally,
additional multivariable adjustment was performed. Potential confounders were
selected based on previous literature and included systolic blood pressure, diabetes
mellitus, atrial fibrillation, BMI, previous hospitalization for HF during the last 6
months, ischemic HF, baseline eGFR, and baseline NT-proBNP level. Individual
covariates each contained less than 7% missing values. Data on all covariates were
complete in 87% of the patients. Multiple imputation was applied to account for
missing covariates. For abundant miRs (miR-1254, miR-22-3p, miR-345-5p, miR378a-3p, miR-423-5p, miR-320a, miR-1306-5p), the results are presented as hazard
ratios (HR) per ln[arbitrary unit] of miR level with 95% confidence intervals (CI).
For low-abundance miRs, a different approach had to be chosen because their
low expression levels did not allow for these miRs to be entered into the models
as continuous variables. Thus, they were entered into the models as dichotomous
variables (detectable versus non-detectable, as defined by the algorithm described
above), and HRs were presented accordingly. First, analyses were performed in the
full cohort. Subsequently, a sensitivity analysis was performed in the patients with
HF with reduced ejection fraction.
Subsequently, repeated miR measurements were examined in relation to the risk
of a study endpoint. The primary endpoint consisted of all-cause mortality and
readmission for HF, whichever occurred first. Thus, all measurements drawn up
to the moment of the first readmission for HF, or mortality, were used for these
analyses. Specifically, associations between the current level of each separate miR
at a particular time point and the risk of an endpoint at that same time point were
assessed using a joint modeling approach, which combines a linear mixed-effects
model for the repeated miR measurements with a Cox proportional hazards model
for the risk of experiencing the event of interest. For the mixed model, we used cubic
splines, with knots set at 1 week and 1 month after initial hospitalization. Analyses
were first performed without adjustment, and were subsequently adjusted for the
potential confounding variables listed above. The results are presented as hazard
ratios (HRs) per ln[arbitrary unit] miR concentration at any point in time, along with
the corresponding 95% CIs. These analyses were not performed for low-abundance
miRs, because their low expression levels did not allow so.
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To assess incremental predictive value of baseline miR-1306-5p and baseline NTproBNP levels for the primary endpoint, C-statistics, continuous Net Reclassification
Indices (NRIs) and Integrated Discrimination Indices (IDIs) were calculated for
subsequent addition of these biomarkers to a model containing age, sex, systolic
blood pressure, diabetes mellitus, atrial fibrillation, BMI, previous hospitalization
for HF during the last 6 months, ischemic HF, and baseline eGFR.
All analyses were performed with R Statistical Software using package JM.4,5 All tests
were two-tailed and p-values <0.05 were considered statistically significant.

SUPPLEMENTARY TABLES
Supplementary table 1. Number of detectable, non-detectable and invalid miR
measurements
N = 2214

Detectable, n (%)

Non-detectable, n (%) Invalid, n (%)

miR-486-5p

1677 (76)

99 (4)

438 (20)

miR-320a

1599 (72)

20 (1)

595 (27)

miR-1254

1574 (71)

31 (1)

609 (28)

miR-22-3p

1444 (65)

319 (14)

451 (20)

miR-378a-3p

1409 (64)

363 (16)

442 (20)

miR-423-5p

1408 (64)

205 (9)

601 (27)

miR-345-5p

884 (40)

1066 (48)

264 (12)

miR-1306-5p

727 (33)

650 (29)

837 (38)

miR-133a-3p

494 (22)

1488 (67)

232 (10)

miR-499a-5p

103 (5)

1946 (88)

165 (7)

miR-133b

85 (4)

1959 (88)

170 (8)

miR-622

56 (3)

1848 (83)

310 (14)

miR-208a-3p

6 (0)

2100 (95)

108 (5)

7

MiR = MicroRNA.
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Supplementary table 2. Baseline characteristics stratified by invalid versus valid for
baseline miR-1306-5p
Variable

Invalid (n=166)

Valid (n=290)

p-value

Age

73 [63 - 78]

74 [65 - 80]

0.12

Female

38.6 (64)

35.5 (103)

0.52

Caucasian

92.2 (153)

95.5 (277)

0.14

Body mass index

27.6 [24.6 - 31.8]

27.5 [24.8 - 30.9]

0.68

Systolic blood pressure

130 [110 - 150]

124 [110 - 145]

0.22

Diastolic blood pressure

75 [66 - 90]

73 [64 - 85]

0.09

Heart rate

85 [72 - 101]

85 [71 - 100]

0.59

eGFR

45 [31.9 - 61.1]

46.7 [35.7 - 61.9]

0.29

LVEF

31 [23 - 45]

30 [21 - 40]

0.54

HFrEF

79.2 (103)

80.2 (186)

0.83

NT-proBNP

4046.5 [1943.2 - 9835] 4165 [2173 - 8556.8] 0.78

Demographic characteristics
[IQR] or (%)

Measurements at baseline
[IQR] or (%)

Medical history (%)
Previous heart failure admission within 6 months

26.5 (44)

15.9 (46)

0.006

Ischemic heart disease

48.2 (80)

48.1 (139)

0.98

Myocardial infarction

40.4 (67)

40.3 (117)

1

Hypertension

51.2 (85)

49.3 (143)

0.7

Atrial fibrillation

41 (68)

43.4 (126)

0.61

Diabetes Mellitus

39.2 (65)

34.9 (101)

0.37

Stroke

19.3 (32)

16.6 (48)

0.46

IQR = Inter-quartile range, eGFR = estimated glomerular filtration rate, LVEF = Left
ventricular ejection fraction, HFrEF = Heart failure with reduced ejection fraction.
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Supplementary table 3. MiR expression levels in patients with HFrEF versus patients with
HFpEF

miR

Expression values of
HFpEF patients (n=352)
median [IQR]

Expression values of
HFrEF patients (n=1457)
median [IQR]

p-value

1254

2.6 [1.4 – 4.9]

2.3 [1.3 - 4.6]

0.3

486.5p

37 [98 - 920]

20 [13 - 150]

<0.001

423.5p

1.5 [0.48 - 5.5]

2.0 [0.55 – 7.0]

0.044

378a-3p

0.18 [0.046 – 0.49]

0.21 [0.065- 0.67]

0.031

345-5p

0.12 [0.12 – 1.4]

0.12 [0.12 – 3.1]

<0.001

320a

19 [6.6 - 49]

27 [8.7 – 72]

0.0019

22-3p

2.9 [0.19 – 21]

5.7 [0.42 - 36]

0.017

208a

0.02 [0.02 – 0.02]

0.02 [0.02 – 0.02]

0.27

499a-5p

0.009 [0.009 – 0.009]

0.009 [0.009 – 0.009]

0.95

1306-5p

0.04 [0.012 – 0.19]

0.04 [0.012 – 0.19]

0.7

622

0.012 [0.012 -0.012]

0.012 [0.012 -0.012]

0.43

133b

0.014 [0.014 – 0.014]

0.014 [0.014 – 0.014]

0.88

133a-3p

1.0 [1.0 – 1.0]

1.0 [1.0 – 1.0]

0.67

108.

HFrEF = Heart failure with preserved ejecAll expression values were multiplied by
tion fraction, HFrEF = Heart failure with reduced ejection fraction, IQR = Inter-quartile
range, miR = microRNA.

167

7

Chapter 7
Supplementary table 4. Associations between baseline microRNA levels and secondary
endpoints
Hazard ratio (95% CI)
All-cause
mortality

Heart failure
hospitalizations

miR

Model 1

Model 2

Model 3

320a*

1.10 (0.98 - 1.23)

1.08 (0.96 – 1.21)

0.98 (-0.87 – 1.10)

1254*

0.99 (0.90 – 1.10)

0.98 (0.88 – 1.08)

0.93 (0.84 – 1.04)

22-3p*

1.00 (0.90 – 1.11)

1.01 (0.91 – 1.12)

0.99 (0.89 – 1.11)

378a-3p*

0.98 (0.86 – 1.11)

0.97 (0.85 – 1.10)

0.92 (0.80 – 1.06

423-5p*

1.00 (0.88 – 1.13)

1.01 (0.89 – 1.15)

0.98 (0.87 – 1.10)

345-5p*

0.97 (0.89 – 1.06)

0.97 (0.88 – 1.06)

0.92 (0.83 – 1.02)

1306-5p*

1.10 (0.98 – 1.25)

1.09 (0.97 – 1.23)

1.03 (0.90 – 1.17)

133a-3p†

0.82 (0.49 – 1.39)

0.92 (0.54 – 1.57)

1.11 (0.64 – 1.92)

499a-5p†

2.25 (1.09 – 4.66)

0.92 (0.54 – 1.57)

2.04 (0.96 – 4.43)

133b†

1.40 (0.52 – 3.82)

1.40 (0.51 – 3.82)

1.55 (0.54 – 4.43)

320a*

1.26 (1.13 – 1.40)

1.27 (1.14 – 1.41)

1.19 (1.06 – 1.33)

1254*

1.12 (1.03 – 1.23)

1.12 (1.03 – 1.29)

1.06 (0.97 – 1.17)

22-3p*

1.05 (0.96 – 1.15)

1.06 (0.97 – 1.16)

1.02 (0.93 – 1.12)

378a-3p*

1.15 (1.03 – 1.29)

1.15 (1.03 – 1.29)

1.13 (1.00 – 1.28)

423-5p*

1.20 (1.06 – 1.35)

1.20 (1.06 – 1.36)

1.16 (1.02 – 1.31)

345-5p*

1.06 (0.98 – 1.15)

1.06 (0.98 – 1.15)

1.03 (0.94 – 1.12)

1306-5p*

1.27 (1.15 – 1.40)

1.27 (1.15 – 1.40)

1.22 (1.10 – 1.36)

133a-3p†

0.73 (0.44 – 1.21)

0.73 (0.44 – 1.22)

0.75 (0.44 – 1.29)

499a-5p†

1.09 (0.45 – 2.68)

1.09 (0.44 – 2.69)

0.89 (0.35 – 2.25)

133b†

0.56 (0.14 – 2.29)

0.56 (0.14 – 2.28)

0.71 (0.17 – 2.99)

Model 1 unadjusted; model 2 adjusted for age and sex; model 3 adjusted for age, sex,
systolic blood pressure, diabetes mellitus, atrial fibrillation, BMI, previous hospitalization
for HF during the last 6 months, ischemic HF, baseline eGFR, and baseline NT-proBNP
level. BMI = Body mass index, HF = Heart failure, miR = MicroRNA. Primary endpoint:
composite of all-cause mortality and readmission for heart failure. * Hazard ratio per per
ln[arbitrary unit] of miR level. † Hazard ratio of detectable vs. non-detectable miR level.
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Supplementary table 5. Associations between baseline microRNA levels and primary
endpoint in the subgroup of HFrEF fraction patients
Hazard ratio (95% CI)
miR

Model 1

Model 2

Model 3

320a*

1.14 (1.01 – 1.29)

1.13 (1.00 – 1.29)

1.08 (0.95 – 1.24)

1254*

1.01 (0.91 – 1.11)

0.99 (0.89 – 1.10)

0.96 (0.86 – 1.07)

22-3p*

1.00 (0.91 – 1.11)

1.01 (0.92 – 1.12)

0.95 (0.85 – 1.06)

378a-3p*

1.01 (0.88 – 1.15)

1.00 (0.87 – 1.14)

0.96 (0.83 – 1.11)

423-5p*

0.99 (0.87 – 1.13)

1.00 (0.88 – 1.15)

1.01 (0.89 – 1.16)

345-5p*

0.98 (0.89 – 1.07)

0.96 (0.88 – 1.05)

0.95 (0.86 – 1.04)

1306-5p*

1.13 (1.00 – 1.27)

1.12 (0.99 – 1.27)

1.09 (0.95 – 1.25)

133a-3p†

0.64 (0.36 – 1.15)

0.71 (0.39 – 1.29)

0.94 (0.51 – 1.77)

499a-5p†

1.34 (0.54 – 3.29)

1.41 (0.57 – 3.47)

1.20 (0.47 – 3.07)

133b†

0.63 (0.15 – 2.55)

0.63 (0.16 – 2.57)

1.04 (0.24 – 4.59)

Model 1 unadjusted; model 2 adjusted for age and sex; model 3 adjusted for age, sex,
systolic blood pressure, diabetes mellitus, atrial fibrillation, BMI, previous hospitalization for HF during the last 6 months, ischemic heart failure, baseline eGFR, and baseline
NT-proBNP level. BMI = Body mass index, HFrEF = Heart failure with reduced ejection
fraction, miR = MicroRNA. Primary endpoint: composite of all-cause mortality and readmission for heart failure. * Hazard ratio per ln[arbitrary unit] of miR level .† Hazard ratio
of detectable vs. non-detectable miR level.
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Supplementary table 6. Associations between repeated microRNA measurements and
secondary endpoints
Hazard ratio (95% CI)
Endpoint

miR

Model 1

Model 2

Model 3

All-cause
mortality

320a

1.20 (0.93 – 1.54)

1.16 (0.90 – 1.50)

0.89 (0.69 – 1.15)

1254

1.21 (0.94 – 1.56)

1.17 (0.91 – 1.52)

0.87 (0.66 – 1.15)

22-3p

1.17 (0.82 – 1.67)

1.24 (0.88 – 1.76)

1.16 (0.81 – 1.65)

378a-3p 1.28 (0.89 – 1.75)

1.22 (0.90 – 1.66)

0.86 (0.61 – 1.22)

423-5p

1.25 (0.89 – 1.75)

1.21 (0.87 – 1.68)

0.83 (0.57 – 1.19)

345-5p

0.99 (0.79 – 1.24)

0.94 (0.75 – 1.18)

0.82 (0.64 – 1.05)

Heart failure
hospitalizations

1306-5p 2.78 (1.43 – 5.38)

1.83 (1.15 – 2.90)

2.31 (1.15 – 4.64)

320a

1.54 (1.20 – 1.98)

1.54 (1.20 – 1.98)

1.30 (1.00 – 1.69)

1254

1.30 (1.02 – 1.66)

1.29 (1.01 – 1.66)

1.06 (0.83 – 1.35)

22-3p

1.27 (0.93 – 1.73)

1.26 (0.93 – 1.70)

1.14 (0.83 – 1.55)

378a-3p 1.43 (1.05 – 1.95)

1.43 (1.05 – 1.95)

1.06 (0.77 – 1.47)

423-5p

1.71 (1.22 – 2.41)

1.71 (1.21 – 2.40)

1.30 (0.92 – 1.84)

345-5p

1.18 (0.95 – 1.47)

1.19 (0.95 – 1.48)

1.10 (0.88 – 1.37)

1306-5p 5.50 (2.21 – 13.69) 3.95 (1.89 – 8.26)

4.95 (2.02 – 12.12)

Model 1 unadjusted; model 2 adjusted for age and sex; model 3 adjusted for age, sex,
systolic blood pressure, diabetes mellitus, atrial fibrillation, BMI, previous hospitalization
for HF during the last 6 months, ischemic HF, baseline eGFR, and baseline NT-proBNP
level. BMI = Body mass index, HF = Heart failure, miR = MicroRNA. Primary endpoint:
composite of all-cause mortality and readmission for heart failure. * Hazard ratio per per
ln[arbitrary unit] of miR level. † Hazard ratio of detectable vs. non-detectable miR level.
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Supplementary table 7. Added predictive value of baseline miR-1306-5p and baseline
NT-proBNP levels for the primary endpoint
C –statistic (95%
CI)

Change in
C-stat (95%
CI)

cNRI (95% CI)

IDI (95% CI)

miR-1306-5p

0.62 (0.56–0.68)

NT-proBNP

0.61 (0.57–0.65)

Model

0.68 (0.63–0.72)

Model +
miR-1306-5p

0.69 (0.65–0.74)

0.02 (0-0.04) 0.14 (0–0.28)

0.02 (-0.01–0.06)

Model +
NT-proBNP

0.70 (0.66–0.74)

0.02 (0–0.04) 0.07 (0.05–0.20)

0.03 (-0.01–0.06)

Model +
NT-proBNP +
miR-1306-5p

0.71 (0.67–0.75)

0.01 (0–0.03) 0.13 (-0.02–0.27)

0.02 (-0.01–0.05)

Model: age, sex, systolic blood pressure, diabetes mellitus, atrial fibrillation, BMI, previous
hospitalization for HF during the last 6 months, ischemic HF, and baseline eGFR BMI =
Body mass index, cNRI = continuous net reclassification improvement, HF = Heart failure, IDI = integrated discrimination improvement, miR = MicroRNA.
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ABSTRACT
Background: Prevention of coronary artery disease (CAD) remains a challenge.
Biomarkers are therefore highly desired to improve prognostication and to
individualize treatment. A tissue-specific approach was used in this study to discover
miRNA biomarkers for CAD, obtained from atherosclerotic plaque material.
Methods: Candidate miRNAs were identified by qPCR-based arrays comparing
atherectomy material of 14 patients with stable coronary artery disease (SCAD) to
thrombectomy material of 25 patients with unstable coronary artery disease (UCAD).
MiRNAs with the largest expression difference between SCAD and UCAD were
validated in serum of two validation cohorts of CAD patients and controls (n= 395
and n = 1000). Additionally, the most promising CAD-associated miRNAs (n=7),
previously identified in literature, were added to the miRNA panel for validation.
Results: QPCR-based arrays in plaque material revealed that miR-125b-5p and miR193b-3p were most upregulated in SCAD, whereas miR-223-3p and miR-142-3p
were most upregulated in UCAD. In both validation studies, miR-122-5p was the
only upregulated miRNA in SCAD versus control. Levels of this miRNA, however,
were significantly higher in UCAD compared to SCAD. MiR-223-3p, miR-146a-5p,
miR-133a-3p and miR-155-5p were significantly upregulated in UCAD compared
to control, while miR-145-5p and miR-142-3p were significantly downregulated
in UCAD. Together with the known ischemia marker, miR-499-5p, these miRNAs
predicted UCAD with an AUC of 0.96.
Conclusion: We found that miR-122-5p, miR-223-3p, 146a-5p, miR-133a-3p and
miR-155-5p are highly associated to UCAD. For SCAD, no convincing markers for
SCAD could be found in this study. It remains to be elucidated in further studies if
these miRNAs are sensitive markers of ischemia, or if they reflect ongoing processes
of developing plaque instability, in which case they might be useful for cardiovascular
risk prediction.
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INTRODUCTION
Cardiovascular disease is one of the leading cause of death worldwide.1 However,
early detection and risk assessment of coronary artery disease (CAD) remains a
challenge. Biomarkers are therefore highly desired to improve prognostication and to
individualize treatment. Nowadays, risk of CAD is assessed by algorithms based on
patients’ risk factors such as the ACC/AHA or SCORE calculators.2, 3 Unfortunately,
these risk score algorithms provide a poor estimate of an individuals’ risk, especially
in young individuals, since age is the most important determinant of cardiovascular
morbidity and mortality risk. Also, these algorithms do not take into account that
CAD can either remain stable (SCAD) or can become unstable (UCAD). Although
atherosclerosis is their common factor, SCAD and UCAD have a completely different
pathophysiology and outcome.4 SCAD can remain stable for many years and may
cause cardiac complaints during exercise, yet it does not immediately jeopardize
the myocardium. However, in patients with UCAD, the atherosclerotic plaque
has ruptured or eroded and as such caused an acute coronary syndrome, which
can lead to cardiac ischemia, heart failure and even death.5 Therefore, for accurate
cardiovascular risk predictions, it is crucial to have both markers for (early) CAD and
markers that can discriminate SCAD from UCAD.
MiRNAs are short, noncoding RNAs that post-transcriptionally regulate gene
expression.6 It is assumed that miRNAs can be very useful as biomarkers, since
they are often tissue specific and remain stable in the blood.7,8 Until now, miRNA
biomarkers have not been able to identify CAD. In recent reviews, only 6 out of the
60 circulating miRNAs, could repeatedly demonstrate a difference in expression
between patients with CAD and healthy controls.9-13
One of the reasons that none of the found circulating miRNA biomarkers were
strong enough to make it to clinical practice yet, may lie in the approach of miRNA
identification. An ideal biomarker is only present in the circulation in a diseased state,
whereas it is absent from the circulation in healthy controls. To be able to reliably
identify tissue-derived miRNAs from diseased tissue, one needs biopsy material. For
cancer research, this has been rather successful, but for coronary artery disease this
poses a problem.
In this study, we aimed to discover and validate novel, tissue-derived miRNA
biomarkers which may identify CAD. The study comprises of a discovery phase,
wherein a miRNA qPCR-based array on coronary atherosclerotic plaque tissue from
patients with either an acute coronary syndrome (UCAD) or stable angina (SCAD)
was performed. Hereafter, the candidate biomarkers were validated in the serum of
patients with either SCAD or UCAD and controls in two large validation phases.
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METHODS
A flowchart of the distinct cohorts and their properties used in the discovery and
validation phase of the study is found in Figure 1.
Source populations
The populations used in this study, were selected from 2 source populations: the first
source population consisted of patients who underwent a percutaneous coronary
intervention (PCI) at the Academic Medical Center – University of Amsterdam.
Patients were included between February 1993 and October 2010. Our institution
is a high volume tertiary referral hospital with on-site cardiac surgery. PCI was
performed according to the standard PCI guidelines by highly experienced operators.
All patients received a loading dose aspirin and clopidogrel, prasugrel or ticagrelor
and unfractioned heparin 5000IU at the start of the procedure. Atherectomy and
thrombectomy was performed at the choice of the operator. The use of glycoprotein
IIb/IIIa inhibitor was at the discretion of the operator. After coronary stenting,
patients were treated with aspirin indefinitely and clopidogrel or prasugrel daily for
at least 1 month after bare metal stent implantation and at least 6 month after drug
eluting stent implantation. The diagnosis acute coronary syndrome or stable angina
pectoris was made by the cardiologist who referred the patient for PCI according to
the European Society of Cardiology definition.14, 15
The second source population consisted of a biobank of families with a high
prevalence of premature atherosclerosis. This population consisted of patients with
premature atherosclerosis and their first or second degree family members without
a history of CAD or complaints. All individuals from this source population visited
the outpatient clinic for cardiovascular risk assessment of the Academic Medical
Center in Amsterdam between July 2009 and July 2014. Serum was collected and all
individuals without CAD underwent coronary CT-scanning as described in detail
below to assess their atherosclerotic burden.
Tissue collection and blood withdrawal from source populations
Tissue collection was performed using directional coronary atherectomy or
thrombectomy. Atherectomy specimens were obtained using directional coronary
atherectomy (Simpson AtheroCath, Devices for Vascular Intervention), placed
in formalin and fixed for 24 hours. Thrombectomy specimens were obtained with
the 7-F Rescue catheter (Boston Scientific/Scimed, Inc., Maple Grove, Minnesota),
which became available in August 2001 and was mainly used until the end of 2004;
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8
Figure 1. Flowchart of the study outline. UCAD = unstable coronary artery disease;
SCAD = stable coronary artery disease; SubA = subclinical atherosclerosis.

the 6-F Export aspiration catheter (Medtronic Vascular Inc., Santa Rosa, California),
which became available in August 2004; and the 6-/7-F Proxis embolic protection
device (St. Jude Medical, St. Paul, Minnesota), which became available in February
2004 and combines aspiration with distal embolic protection. Immediately after
thrombosuction, the filter of the device was placed in formalin and the aspirated
material was fixed for 24 hours.
Blood was collected in 5 mL BD Vacutainer® SST II Plus plastic serum tubes (Becton,
Dickinson and Company, New Jersey, USA). In the first source population, blood
was drawn at the start of the PCI procedure after inserting the sheath and before
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unfractioned heparin was administered. The blood was allowed to clot and was
centrifuged for 10 minutes at 2000g at 18 °C to obtain serum. In the second source
population blood was drawn during the patient’s visit to the outpatient clinic at our
hospital. Blood was centrifuged for 5 minutes at 1900g at 18 °C to obtain serum. All
Serum samples were stored in cryovials at –80 °C.
Discovery methods
Study population
The discovery cohort (n=39) consisted of patients with either an acute coronary
syndrome (UCAD group) or stable angina (SCAD group) from whom thrombectomy
or atherectomy tissue, respectively, was available. All patients were selected from the
first source population in such a manner that the average age (within 2 years) and
gender of both groups was comparable. The UCAD group consisted of 25 patients
that underwent PCI for a ST-elevated myocardial infarction and the SCAD group
consisted of 14 patients that underwent a PCI for stable angina pectoris.
RNA isolation and quantification of miRNAs by RT-qPCR.
Atherectomy and thrombectomy tissue were sectioned, dissolved in 1 ml of Trizol
LS reagent (Invitrogen Corp., Carlsbad, CA) and incubated for 10 minutes at room
temperature followed by addition of 200 µl chloroform. The mixture was centrifuged
at 12,000 g for 10 minutes, and the aqueous layer was transferred to a new tube.
RNA was precipitated by isopropanol and washed with 75% ethanol. The RNA pellet
was collected in 30 µl RNAse free water. Nucleic acid quantification could not be
performed due to the low concentration of RNA. To obtain cDNA, 8 µl of RNA
was reverse transcribed using the miRCURY LNA™ Universal RT miRNA PCR,
Polyadenylation and cDNA synthesis kit (Exiqon, Vedbaek, Denmark). CDNA was
diluted 50x and in total, 742 miRNAs (human panel I and II) and negative controls
were measured by qPCR according to the protocol for miRCURY LNA™ Universal RT
miRNA PCR (Exiqon, Vedbaek, Denmark) on the LightCycler® 480 Real-Time PCR
System (Roche, Basel, Switzerland). Amplification curves were analyzed using the
Roche LC software, both for determination of Cq (by the 2nd derivative method) and
for melting curve analysis. Amplification efficiency was calculated using algorithms
of the LinRegPCR software.
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RT-qPCR data handling and normalization
RT-qPCR results with a Cq≥37 or a Cq within 5 cycles from the negative control were
excluded from the analysis. NormFinder16 found the average of assays (average –
assay Cq) in all samples to be the best available normalizer, which was therefore used
for normalization. MiRNAs were only included in the analysis when at least 14 of 25
in the UCAD group and 14 of 14 expression values in the SCAD group were available
as we determined 14 values per group the minimum for a reliable statistical analysis.
Selection of candidates for the first validation phase
MiRNAs were ranked based on the mean difference in normalized expression level
between UCAD and SCAD. From this ranking we created 2 lists of miRNAs: 1)
miRNAs that showed a high expression in SCAD patients as compared to UCAD
patients and 2) miRNAs that showed a high expression in UCAD patients as compared
to SCAD patients. From each list, the top 3 were chosen for validation, taking into
account that the 3p or 5p strand originate from the same miRNA, in which case we
chose to use the strand with the highest expression level difference.
First validation phase
Study population
The validation cohort consisted of 3 groups: 64 patients who underwent urgent PCI
for an acute coronary syndrome (UCAD group), 139 patients who underwent elective
PCI because of stable angina (SCAD group) and a control group of 192 controls. Both
groups with coronary artery disease were selected from the first source population
and controls were selected from the second source population. Controls were as
old possible (≥37 years of age) and did not have any detectable atherosclerosis as
indicated by an Agatston coronary calcium score of 0 determined by coronary CTscanning.
RNA isolation
RNA was extracted from 250 µl serum using 750 µl TRIzol LS reagent (Invitrogen
Corp., Carlsbad, CA), incubated for 10 minutes at room temperature followed
by addition of 200 µl chloroform. The mixture was centrifuged at 12,000 g for 10
minutes, and the aqueous layer was transferred to a new tube. RNA was precipitated
by isopropanol and washed with 75% ETOH. RNA pellet was collected in 40 µl
RNAse free water. Nucleic acid quantification could not be performed due to the low
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concentration of RNA in serum. DNAse and RNAse treatments were omitted since
previous experiments showed no difference of miRNA expression in serum with or
without these treatments (data not shown).
Complementary DNA synthesis and quantitative polymerase chain reaction (qPCR)
In the first validation cohort, complementary DNA was synthesized using the
Taqman MiRNA Reverse Transcription Kit (Applied Biosystems, Gent, Belgium)
and miRNA-specific stem-loop primers using the manufacturer’s instructions. Each
reaction contained 2.5 µL of RNA, 1.5 µL reverse transcriptase primers and 3.5 µL of
master mix. The reaction mixture was incubated for 30 minutes at 16 °C, 30 minutes
at 42 °C, 5 minutes at 85 °C, 5 minutes at 15 °C and finally at 4 °C for 10 minutes.
CDNA was diluted in a 1:15 ratio using nuclease-free water. MiRNA expression levels
were quantified in triplicate by RT-qPCR using Taqman miRNA assays (Applied
Biosystems) according to the manufacturer’s instructions. Each reaction consisted of
5 µL 480 probe master, 0.5 µL Taqman primers, 1.33 µL diluted cDNA and 3.17 µL
nuclease free water. On a LightCycler 480 system II (Roche, Basel, Switzerland), the
reaction mixture was incubated for 10 minutes at 95 °C followed by 50 cycles of 15
seconds of 95 °C and 60 seconds at 60 °C. PCR efficiencies per cycle were between
1.87 and 2.01 for all miRNAs. Data were analysed using LinRegPCR quantitative
PCR data analysis software, version 11.17
RT-qPCR data handling and normalization
Circulating miRNA experiments in plasma or serum are sensitive to false or
inaccurate signals, which is largely explained by the often low concentrations of
miRNAs in plasma and serum.18 Therefore, a strict quality assessment pipeline
was used to ensure the validity of each measurement and increase accuracy of the
results. This pipeline is described elsewhere.19 In brief, we distinguished 3 groups of
measurements: ‘valid’, ‘invalid’, and ‘undetectable’ (less than 10 copies of material in
sample). In case of undetectable, the sample was set to a low value, which was based
on the qPCR experiment parameters. If the measurement did not pass the quality
controls of the pipeline, it was marked as ‘invalid’. Invalid measurements were taken
into the analysis as missing at random and imputed using multiple imputations. If
the measurement passed all the quality checks, it was marked as ‘valid’ and the mean
of the replicates was used in the analysis. MiRNA expression was normalised to the
geometric mean of an established miRNA normalisation panel for serum samples
consisting of miR-1260, miR-1280 and miR-484, as previously described in Kok et
al. 20
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Selection of miRNAs for the second validation phase
Since we confirmed that miR-125b-5p, miR-223-3p, miR-142-3p and miR-193b3p were promising biomarkers for the diagnosis of cardiovascular disease in the
first validation phase, these miRNA were measured in the second validation phase.
Additionally, the most promising miRNA biomarkers for cardiovascular disease
published in literature were added for measurement in the second validation phase.
From a previously conducted literature search (Chapter 2), we selected all miRNAs
that were consistently found up- or downregulated in more than 2 studies. These
microRNAs comprised miR-133a-3p, miR-146-3p, miR-126-3p, miR-145-5p, miR155-5p and miR-122-5p. In order to have a positive control for ischemia, we also
added ischemia related miR-499-5p to our panel.21
Second validation phase
Study population: Second validation
The second validation cohort consisted 4 distinct groups: 250 patients who underwent
urgent PCI for an ST-elevated myocardial infarction (UCAD group); 250 patients
with a history of coronary artery disease, but without any complains at their visit to
the hospital (SCAD group); 250 patients without complaints, but with subclinical
atherosclerosis (subA group), as indicated by a coronary artery calcium score of ≥1
and 250 controls without coronary atherosclerosis as indicated by a CAC score of 0
and age 40 years or older (control group). The UCAD group was selected from the
first source population whereas the SCAD group, the SubA group and control group
were selected from the second source population.
RNA isolation
RNA was extracted from 200 µl serum using 600 µl TRIzol LS reagent (Invitrogen
Corp., Carlsbad, CA) and incubated for 10 minutes of incubation at room temperature.
Then the sample was spiked with 10 µl of Cel-miR-39 (work dilution) to be able to
monitor and correct for efficiencies in RNA isolation. Next, 160 µl of chloroform was
added to each sample and the mixture was centrifuged at 12,000 g for 15 minutes.
The aqueous layer was transferred to a new tube and RNA was precipitated by 400
µl isopropanol, centrifuged at 12,000 g for 10 minutes and washed with 800 µl 75%
ETOH. RNA pellet was collected in 30 µl RNAse free water. Nucleic acid quantification
could not be performed due to the low concentration of RNA in serum. DNAse and
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RNAse treatments were omitted since previous experiments showed no difference
of miRNA expression in serum with or without these treatments (data not shown).
Complementary DNA synthesis and quantitative polymerase chain reaction (qPCR)
Complementary DNA was synthesized using the qScript© microRNA cDNA synthesis
kit (Quanta Biosciences, Radnor, PA, USA). First a poly (A) tail was added. Each
reaction contained 3 µl of RNA, 0.5 µl nuclease free water, 1 µl poly (A) polymerase,
2 µl poly (A) polymerase buffers and 3.5 µl Cel-miR-54 spike-in in a concentration
of 1.6x106 copies/µl. The reaction mixture was incubated for 60 minutes at 37 °C
followed by 5 minutes at 70˚C. Next, cDNA was synthesized, in a reaction using 9µL
of the poly (A) tailed RNA and 1 µL of qScript Reverse transcriptase. The reaction
mixture was incubated for 20 minutes at 42˚C followed by 5 minutes at 85˚C. cDNA
was diluted 25x.
RT-qPCR data handling and normalization
RT-qPCR data handling and normalization in the second validation phase was
identical to that of the first validation phase. However, in the second validation
cohort, some extra steps were taken to even further augment the precision and
accuracy of the results. For normalization, we added the technical normalizers, CelmiR-39 and Cel-miR-54 to the normalization panel of Kok et al.20, and results were
normalized to the geometric mean of this total of 5 normalizers. Additionally, to
correct for unavoidable inter-plate differences we used a factor correction software
program as recently described by Ruijter et al.22
Coronary CT-scanning
Coronary CT-scans were performed using a 64-slice multi-detector CT scanner
(Brilliance 64, Philips Medical Systems, Best, the Netherlands). The CT acquisition
protocol was as follows: tube voltage, 120 kV; tube current, 55 mAs; detector
collimation, 40 × 0.625 mm; gantry rotation, 420 ms. Images were reconstructed in
a 220 mm field-of-view, 2.5 mm slice thickness, 2.5 mm increment, standard B filter,
window lever 200 and window width 800. Coronary artery calcium was evaluated
according to Agatston et al.23
Ethics statement
This study complies with the Declaration of Helsinki. The study protocol for both
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biobanks used in the first (MASS study biobank: 2013_220) and the second source
population (biobank premature atherosclerosis: 2014_095) was approved by the
biobank ethical committee of the Academic Medical Center in Amsterdam and all
individuals gave written informed consent.
Statistical analysis
Baseline characteristics are expressed as mean ± standard deviation (SD) for
continuous variables and number (%) for dichotomous variables, except when
indicated otherwise. ANOVA with post-hoc Student’s t-tests, Mann-Whitney U-tests
and Fisher’s exact test were used to calculate differences in baseline characteristics as
appropriate. In the discovery phase, T-tests were used to calculate differences in array
expression, which were expressed as normalized Cq values. P-values of qPCR-based
array were Benjamini-Hochberg corrected for multiple testing. In the validation phase,
logistic regression was used to analyse the differences in miRNA expression between
the SCAD, UCAD and the control group expressed as normalized log-transformed
starting concentrations (N0) as calculated by LinRegPCR.17 In the validation cohort,
multivariate analyses were performed on 2 different models to adjust for age and
gender. All statistical analyses were performed using SPSS for Windows Version 23.
A p-value < 0.05 was considered statistically significant.

8

RESULTS
Discovery
qPCR-based miRNA array on tissue
Clinical characteristics of the discovery cohort are shown in Table 1. There were no
significant differences in characteristics between the groups. Of the 742 measurable
miRNAs, 125 qualified for reliable analysis as described in the methods and were
included in the analysis. In total, 54 miRNAs were significantly upregulated in SCAD
tissue compared to UCAD tissue and 50 miRNAs were significantly increased in
UCAD patients compared to SCAD patients. For expression levels of all miRNAs, see
supplemental table 1.
The top 3 most upregulated miRNAs in SCAD were miR-125b-5p (mean diff: 5.94,
95% CI: 5.04-6.85, corr. p-value: 8.68x10-14), miR-455-3p (mean diff: 5.66, 95% CI:
4.66-6.67, corr. p-value: 1.38x10-11) and miR-193b-3p (mean diff: 5.66, 95% CI: 4.786.54, corr. p-value: 1.64x10-13). The top 3 miRNAs with the highest upregulation in
UCAD were miR-223-3p (mean diff: 2.55, 95% CI: 1.86-3.24, corr. p-value:1.66x10-6),
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miR-142-3p (mean diff: 2.24, 95% CI: 1.62-2.86, corr. p-value: 1.66x10-6) and miR126-5p (mean diff: 1.77, 95% CI: 0.94-2.59, corr. p-value: 2.01x10-4).
Of these miRNAs, miR-455-3p and miR-126-5p could not be measured in serum.
For miR-455-3p the expression level was undetectable and for miR-126-5p the
cDNA synthesis failed and there was not enough material to repeat the experiment.
Therefore, 4 out of the 6 candidate miRNAs were validated; miR-125b-5p, miR-193b3p, miR-223-3p and miR-142-3p.
First validation
Multivariate analysis of the 4 candidate miRNAs in serum
Clinical characteristics of the validation cohort are shown in Table 1. Compared to the
control group, individuals from both the SCAD and UCAD groups were significantly
older, were more often male and had a higher risk profile for cardiovascular disease.
The UCAD group mainly consisted of patients with unstable angina pectoris and to a
lesser extent of non-ST elevation myocardial infarction (NSTEMI) patients.
As shown in supplemental table 2, miR-142-3p, miR-125b-5p and miR-193b-3p
showed a relatively high ‘undetectable’ rate of 57%, 51% and 58%. All these miRNAs
showed low rates of ‘invalids’, indicating that these miRNAs were reliably measurable,
however, a substantial number of measurements were below the detection limit. Of
all other miRNAs, the large majority was above the detection limit and therefore
showed high ‘valid’ rates.
Regarding the miRNAs that showed an upregulation in SCAD in the discovery phase
(Figure 2, Supplemental table 3), multivariate analysis corrected for age and gender
showed that miR-125b-5p (OR 2.09, 95% CI 1.30-3.36) and miR-193b-3p (OR 1.41,
95% CI 1.00-2.00) were significantly upregulated in serum of SCAD versus controls.
Moreover, similar to the discovery experiment, miR-125b-5p was significantly
upregulated in serum of SCAD versus UCAD (OR 1.64, 95% CI 1.09-2.48). Serum
levels of miR-193b-3p showed no significant differences between SCAD and UCAD.
Combined, these results suggest that both miR-125b-5p and miR-193b-3p are
markers for the presence of coronary atherosclerosis and miR-125b-5p is a marker,
specifically for SCAD.
Regarding the miRNAs that showed an upregulation in UCAD in the discovery phase
(Figure 3, Supplemental table 3), multivariate analysis corrected for age and gender
showed that miR-223-3p and miR-142-3p were significantly upregulated in serum of
both UCAD (OR 2.38, 95% CI 1.41-4.01 and OR 1.62, 95% CI 1.12-2.35, respectively)
and SCAD (OR 1.61, 95% CI 1.20-2.15 and OR 1.38, 95% CI 1.05-1.82), compared

184

Table 1. Patient characteristics
Discovery cohort (n=39)
Validation cohort 1 (n=395)
Validation cohort 2 (n=1000)
SCAD
UCAD
control
SCAD
UCAD
control
SCAD
UCAD
SubA
N
14
25
192
139
64
250
250
250
250
Age, years ± SD
61.5 ± 10.4 62.8 ± 10.1
46.5 ± 7.3 65.2 ± 11.6* 66.4 ± 11.8*
46.0 ± 26.5 51.2 ± 9.8* 62.1 ± 13.3*† 53.7 ± 9.8*†‡
Gender, male, n (%)
10 (71)
18 (72)
61 (32)
89 (64)*
41 (64)*
83 (33)
188 (75)* 177 (71)*
125 (50)*†‡
BMI, kg/m2, n (%)
24.9 ± 2.2 26.1 ± 3.4
27.1 ± 4
27.1 ± 4
26.9 ± 3.9
26.5 ± 4.5 27.7 ± 4.5 27.0 ± 4.3
26.9 ± 6.9
Diabetes, n (%)
2 (14)
2 (8)
6 (3)
31 (22)*
12 (19)*
4 (2)
34 (14)*
32 (13)*
32 (13)*
Hypertension, n (%)
3 (21)
12 (48)
38 (20)
86 (62)*
32 (50) *
54 (22)
98 (39)*
86 (34)*
110 (44)*‡
Current smoker, n (%)
3 (21)
9 (36)
42 (22)
37 (27)
19 (30)
49 (20)
56 (22)
101 (40)*†
54 (22)‡
Hyperchol., n (%)
5 (36)
8 (32)
49 (26)
54 (39)*
21 (33)
57 (23)
90 (36)*
54 (22)†
86 (35)*‡
History of:
MI, n (%)
5 (36)
5 (20)
0
51 (37)*
26 (41)*
169 (68)
35 (14)†
PCI, n (%)
1 (7)
4 (16)
0
52 (37)*
20 (31)*
61 (24)
24(10)†
CABG, n (%)
2 (14)
0
0
9 (6)*
6 (9)*
20 (8)
5 (2)†
Type of disease:
SAP, n (%)
14 (100)
0†
139 (100)
0†
0 (0)
UAP, n (%)
0
0
0
59 (92)†
0 (0)
NSTEMI, n (%)
0
0
0
5 (8)†
0 (0)
STEMI, n (%)
0
25 (100)†
0
0
250 (100)
Medication:
CV medication, n (%) 14 (100)
23 (92)
33 (17)
132 (95)*
63 (97)*
58 (23)
239 (96)* 215 (86)*†
110 (44)*†‡
Oral antiDM, n (%)
0
2 (8)
4 (2)
13 (9)*
5 (8)*
2 (1)
23 (9)*
9 (4)*†
21 (8)*‡
Insulin, n (%)
0
0
3 (1)
7 (5)
2 (3)
1 (0)
10 (4)*
9 (4)*
5 (2)
All values are given as mean ± standard deviation for continuous variables or as absolute number (percentage) for dichotomous variable. P-Values were
obtained using ANOVA with post hoc T-tests for numerical values and Chi2 tests were performed for dichotomous and categorical variables. Hyperchol.
= hypercholesterolemia, MI = myocardial infarction, PCI = percutaneous coronary intervention, CABG = coronary artery bypass graft, SAP = stable
angina pectoris, UAP = unstable angina pectoris, NSTEMI = non-ST elevation myocardial infarction, STEMI = ST elevation myocardial infarction.
SCAD = stable coronary artery disease, UCAD = unstable coronary artery disease, Oral antiDM = oral antidiabetics. CV medication = Cardiovascular
medication (i.e. aspirin, beta-blocker, calciumantagonist, nitrates, ACE-inhibitors, Angiotensin receptor blocker or statins). *p < 0.05 compared to control, †p<0.05 compared to SCAD, ‡p<0.05 compared to UCAD.
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Figure 2. Expression levels of miRNAs upregulated in SCAD (miR-125b-5p and miR-193b-3p). Normalized expression levels are
shown for both the discovery and the validation experiments. Expression levels of miR-125b-5p (A) and miR-193b-3p (D) in both atherectomy (SCAD, n=14) and thrombectomy material (UCAD, n=25) were determined by qPCR-based-array in the discovery experiments.
In the first validation phase, log-transformed expression levels of miR-125b-5p (B) and miR-193b-3p (E) were determined by serum qPCR
measurement in patients with UCAD (n=64), SCAD (n=139) and controls (n=192). In the second validation phase, log-transformed
expression levels of miR-125b-5p (C) and miR-193b-3p (F) were determined by serum qPCR in patients with UCAD (n=250), SCAD
(n=250), SubA (n=250) and controls (n=250). Statistical analyses in the validation phases were corrected for age and gender. More detailed
information on expression level differences is found in supplemental table 3 (first validation) and Supplemental table 5 (second validation). SCAD = stable coronary artery disease, UCAD = unstable coronary artery disease; SubA = Subclinical atherosclerosis (i.e. coronary
calcium score ≥ 1 on coronary CT scan). *p < 0.05.
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Figure 3. Expression levels of miRNAs upregulated in UCAD (miR-223-3p, miR-142-3p). Normalized expression levels are shown
for both the discovery and the validation experiments. Expression levels of miR-223-3p (A) and miR-142-3p (D) in both atherectomy
(SCAD, n=14) and thrombectomy material (UCAD, n=25) were determined by qPCR-based-array in the discovery experiments. In the
first validation phase, log-transformed expression levels of miR-223-3p (B) and miR-142-3p (E) were determined by serum qPCR measurement in patients with UCAD (n=64), SCAD (n=139) and controls (n=192). In the second validation phase, log-transformed expression
levels of miR-223-3p (C) and miR-142-3p (F) were determined by serum qPCR in patients with UCAD (n=250), SCAD (n=250), SubA
(n=250) and controls (n=250). Statistical analyses in the validation phases were corrected for age and gender. More detailed information
on expression level differences is found in Supplemental table 3 (first validation) and supplemental table 5 (second validation). SCAD =
stable coronary artery disease, UCAD = unstable coronary artery disease; SubA = Subclinical atherosclerosis (i.e. coronary calcium score
≥ 1 on coronary CT scan). *p < 0.05.
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to controls. There was no difference in serum levels of miR-223-3p and miR-142-3p
between UCAD and SCAD.
Second validation
The previous data implied that the discovered markers could detect the presence of
both SCAD and UCAD. Since circulating miRNA biomarkers for disease often cannot
be replicated, we aimed to replicate this finding in a second, larger cohort. Besides,
in the first validation phase, miRNAs were measured in patients with complaints
of chest pain and in the acute phase of the disease during a percutaneous coronary
intervention. Therefore, we questioned if the discovered miRNA biomarkers are
related to the atherosclerotic process itself or whether they might be associated
with hypoxia or ischemia of the heart. For this purpose, the SCAD group in the
second validation phase consisted of patients with a history of CAD, but without
any complaints at the time of miRNA measurement. Furthermore, in this second
validation phase, CAD associated markers from literature were used in addition to
the above discovered markers, to be able to evaluate all potential miRNA biomarkers
for CAD.
Clinical characteristics
Clinical characteristics of the validation cohort are shown in Table 1. Compared to the
control group, individuals from the SubA, SCAD and UCAD groups were significantly
older, were more often male and had a higher risk profile for cardiovascular disease.
Most of the patients from the SCAD group consisted of those with a history of a
myocardial infarction (68%), and to a lesser extent of patients that underwent a PCI
for stable angina (24%) and patients with a history of a CABG only (8%). In the
UCAD group, most patients (74%) did not have history of CAD.
Numbers of ‘valid’, ‘invalid’ and ‘undetectable’ data
As shown in supplemental table 4, miR-155-5p and miR-499-5p showed a relatively
high ‘undetectable’ rate of 55% and 87%, respectively. All these miRNAs showed low
rates of ‘invalids’, indicating that these miRNAs were reliably measurable, however,
a substantial number of measurements were below the detection limit. Notably,
miR-133a-3p showed high invalid rates (53%), indicating that in many cases, the
measurement was not below the detection limit, but nonetheless, no reliable result
could be calculated. Of all other miRNAs, the large majority was above the detection
limit and therefore showed high ‘valid’ rates.
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Multivariate analysis of the candidate miRNAs from the second validation phase
Regarding the miRNAs that were found to be upregulated in SCAD (Figure 2 and
supplemental table 5), multivariate analysis of miR-125b-5p showed a slight, but
significantly upregulated expression in UCAD compared to SubA (OR 1.24, 95% CI
1.04-1.49). Expression levels of miR-125b-5p did not significantly change between
SubA or both CAD group and controls. MiRNA-193b-3p did not show any changes
in expression between groups.
Multivariate analysis corrected for age and gender of the miRNAs that were found to
be upregulated in UCAD (Figure 3 and Supplemental table 5) showed that miR-2233p was significantly upregulated in the UCAD group compared to the group of SCAD
patients, SubA patients and controls with an odds ratio of 10.75 (95%CI 6.46-17.89),
12.75 (95%CI 7.42-21.91) and 13.92 (95% CI 7.29-26.57), respectively. Compared
to the subgroups of SubA patients and controls MiR-142-3p was significantly
downregulated in the UCAD group compared to the subgroup of SubA patients with
an odds ratio of 0.83 (95%CI 0.72-0.96).
Multivariate analysis of the candidate miRNAs from literature
Age and gender corrected multivariate analysis of the atherosclerosis related miRNAs
from literature (Figure 4, Supplemental table 5) showed an elevated expression of
miR-122-5p in SCAD compared to both the SubA group (OR 1.38; 95% CI 1.07-1.77)
and controls (OR 1.45; 95% CI 1.09-1.93). MiR-126-3p, miR133a-3p, miR-146-3p,
miR-155-5p and miR-145-5p did not show any significant changes between the SCAD
group and the SubA group or controls. Expression of miR-122-5p, miR-146-3p and
miR-155-5p was highly elevated in the UCAD group compared to the SCAD group
with ORs of 7.79 (95%CI 5.17-11-73), 5.73 (95%CI 3.31-9.92) and 4.29 (95%CI 3.016.13), respectively. Compared to the SCAD group, miR-145-5p showed significantly
downregulated expression levels with an OR of 0.62 (95%CI 0.47-0.83). MiR-126-3p
did not show any significant expression level changes between all subgroups. Finally,
ischemia related miR-499-5p was highly increased in expression In UCAD patients
compared to SCAD, SubA and control with ORs of 20.63 (95%CI 11.16-38.15), 96.10
(95%CI 40.13-230.14), 15.73 (95%CI 7.80-31.72). In a multivariate analysis, all above
measured miRNAs together identified UCAD with an AUC of 0.96.
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DISCUSSION
In this study, we searched biomarkers to identify CAD and coronary atherosclerotic
plaque instability. First, in a discovery phase, we used clinical atherosclerotic plaque
material to identify, tissue-derived miRNAs. Then, candidates were validated in
serum of an independent, large population (n=395) in the first validation phase.
Finally, in the second validation phase, we identified the most promising candidate
biomarkers for CAD from recent literature and added these seven miRNAs to our
panel of four newly discovered candidate biomarkers and measured them in an even
larger population (n=1000). We identified six tissue derived circulating miRNAs
in the discovery phase. Results of the first validation phase indicated that four of
these miRNAs miR-223-3p and miR-142-3p, miR-125b-5p and miR-193b-3p were
upregulated in SCAD and/or UCAD. In the second validation phase, we found that
that expression of miR-223-3p, miR-133a-3p, miR-146-3p miR-155-5p and miR122-5p was highly elevated in UCAD patients and that expression miR-145-5p was
decreased in the group with UCAD compared to the groups with SCAD, SubA and
controls. Only miR-122-5p was significantly higher in expression among patients with
CAD compared to those without atherosclerosis or early (subclinical) atherosclerosis,
but expression levels were much lower than in patients with ischemia.
Circulating miRNAs biomarkers for the detection of atherosclerosis and plaque
instability.
Most miRNA candidates that we identified in this study were found to be dysregulated
in UCAD patients. This upregulation in patients with UCAD might reflect ongoing
processes of developing plaque instability. However, more likely, miR-223-3p, miR133a-3p, miR-146-3p miR-155-5p and miR-122-5p are released from the myocardium
when, upon ischemia, cells die and their content is released into the circulation. This
is surprising, since miR-133a-3p, miR-146-3p miR-155-5p and miR-122-5p were
selected from literature because of their involvement in SCAD. On the other hand,
in the cohorts from which miR-133a-3p, miR-146-3p miR-155-5p and miR-122-5p
were selected, blood was drawn at the time of complaints of stable angina, or the
time of blood withdrawal was not reported.24-27 In the study of D’Alessandra et al.,
CK-MB levels and troponin levels were even higher in the group of SCAD compared
to UCAD.24 Therefore, it may be possible that the miRNAs from literature that were
previously associated to SCAD, are actually elevated in SCAD compared to control
because the cohorts (accidentally) consisted of some patients with acute ischemia.
Also in our first validation cohort, miRNAs were measured in blood from SCAD
patients that was drawn at the time of a percutaneous coronary intervention. Because
we did not have any troponin levels measured in these patients, some of these SCAD

190

Circulating miRNAs in atherosclerosis and plaque instability

8

Figure 4. miRNA expression levels of atherosclerosis related miRNAs from literature.
Graph show log transformed and normalized concentrations of miR-122-5p (A), miR1263p (B), miR133a-3p (C), miR145-5p (D), miR-146-3p (E), miR-155-5p (F) and miR-499-5p
(G). SCAD = stable coronary artery disease, UCAD = unstable coronary artery disease;
SubA = Subclinical atherosclerosis (i.e. coronary calcium score > 0 on coronary CT scan).
*p < 0.05.
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patients might have had some ischemia, explaining why the SCAD group also showed
elevated levels of miR-223-3p compared to controls. Supporting this hypothesis,
accumulated data on miR-22328, 29, miR-133a-3p21 miR-146-3p27, 30, miR-155-5p30
and miR-122-5p27, 31 show that indeed, these miRNA are all associated to myocardial
damage.
In our study, we found that miR-145-5p was decreased in patients with a myocardial
infarction. In line with results from previous studies, miR-145-5p was downregulated
in CAD. However, our study only found this downregulation in patients with an
acute myocardial infarction, in contrast to earlier studies where this downregulation
was also found in SCAD.32, 33 Only in the study of Gao et al, the authors reported
a larger downregulation of miR-145-5p in patients with a STEMI compared to
(un)stable angina pectoris.34 Multiple studies showed that miR-145-5p is the most
abundant miRNA in vascular smooth muscle cells (VSMC), where it promotes VSMC
proliferation and vascular remodeling.35, 36 Because this is a process that is highly
needed after vessel wall injury, we speculate that high quantities of miR-145-5p are
used upon vascular damage after myocardial ischemia and hypoxia to repair the
vessel wall, leading to lower miR-145-5p levels in the circulation. This is supported
by the study of Cordes et al., who found a marked downregulation of miR-145-5p
levels in injured vessels of mice.37
From all measured miRNAs, miR-122-5p was the only one that was significantly
upregulated in SCAD compared to control subjects. In line with our results,
Niculescu et al. found upregulation of miR-122-5p in patients with atherosclerosis
compared to control, but with significantly higher levels of miR-122-5p in patients
with a UCAD compared to SCAD.27 This might indicate that miR-122-5p is released
from cardiac tissue upon ischemia. On the other hand, this miRNA might play a
key role in the development of atherosclerosis. miR-122-5p is the most abundant
miRNA in the liver.38 Here, it regulates lipid metabolism and in mice, anti-miR122-5p therapy has been shown to reduce plasma cholesterol levels.39 Because of its
abundancy in the liver, also release directly from the liver is possible, since it is known
that liver enzymes are elevated in myocardial infarction.40 MiR-122-5p has also been
associated to liver disease such as hepatitis C infection, hepatocellular carcinomas
and most importantly, to metabolic syndrome and diabetes type 2, a major risk
factor for atherosclerosis.41, 42 Concluding, without doubt miR-122-5p plays a large
role in CAD, however, if this miRNA is ischemia related, liver related or is related to
atherosclerosis or its risk factors, remains unsettled for now.
Although in our cohort blood samples were drawn very shortly after the start of
complaints, the combination of all measured miRNAs in a multivariate model could
detect UCAD patients with an AUC of 0.96, which is comparable to troponin I/T
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levels for the detection of patients with a myocardial infarction.43 Therefore, these
miRNAs might be useful as very early markers of ischemia. Besides, these miRNA
might reflect processes going on before plaque rupture and may therefore be able
to detect coronary plaque instability and pose important predictors for a future
myocardial infarction. Therefore, further prospective research is needed to assess
their predictive value for UCAD.
Strengths and limitations:
Although many studies have reported on miRNAs in cardiovascular disease, this
is the first study to our knowledge that investigates miRNAs biomarkers using
plaque material from the diseased coronary artery. This unique set-up comparing
tissue from stable coronary plaques and unstable coronary plaques allowed the
identification of tissue markers directly from the atherosclerotic plaque, which may
better identify atherosclerosis and plaque instability. In the validation phases of this
study, all miRNAs were measured in triplicate, inter-plate variance was corrected,
robust normalization with 3 endogenous miRNAs and 2 technical normalizers
(in validation phase II) was performed and extra quality checks were carried out
by a pre-specified data handling pipeline, which has been shown to increase both
accuracy and precision of the circulating miRNA results.19 We strongly believe the
robust methods and large sample sizes used in this study makes this one of the most
robust circulating miRNA studies in the cardiovascular research field so far.
Some of the miRNAs measured in this study (e.g. miR-499-5p and miR-155-5p)
showed a relatively high rate of undetectables between 50 and 90%, meaning that in
most patients, these miRNAs were too low to be quantitatively expressed in a reliable
manner. Since these undetectable miRNAs levels were much lower in the groups of
UCAD, significant differences between the groups of UCAD and SCAD, SubA and
controls could still be detected. This confirms that using the missing data analysis
pipeline, even miRNAs with an overall low expression can be used as biomarkers for
disease.
A limitation of this study was that the analysis of tissue derived miRNAs could only
be done between 2 different disease states and no comparison could be made with
the vessel wall in healthy controls. On the other hand, with the approach we used,
we were able to analyse the 2 phenotypes of atherosclerotic disease and therefore
were able to establish a large contrast between stable and unstable plaques. When
comparing plaque material with healthy control material, one might identify many
different markers, which in the end turn out only to differentiate between disease
and control, but not between the SCAD and UCAD. Moreover, to avoid missing
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good markers for CAD, we selected the most promising markers from literature for
measurement in the second validation phase.
Our results suggest that, with the exception of miR-122-5p, most SCAD markers
could not be validated. However, from the literature search for SCAD related
circulating miRNAs, we only selected those miRNAs that showed a consistent up- or
downregulation in 2 or more studies. Therefore, it remains a possibility that better
circulating miRNA biomarkers are still out there.
Although we found some promising circulating miRNA biomarkers for UCAD, the
presented results remain exploratory findings and further prospective research is
needed to investigate if these miRNAs predict (future) plaque instability or identify
UCAD at an early stage.
Conclusions
We found that miR-122-5p, miR-223-3p, miR-146a-5p, miR-133a-3p and miR-1555p are highly associated to UCAD. For SCAD, no convincing markers for SCAD could
be found in this study. It remains to be elucidated in further studies if these miRNAs
are sensitive markers of ischemia, or if they reflect ongoing processes of developing
plaque instability, in which case they might be highly useful for cardiovascular risk
prediction.
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SUPPLEMENTAL MATERIAL
Supplemental table1. QPCR-based array candidates of UCAD versus SCAD candidates
(A) and vice versa (B) .
A. UCAD candidates

miRNA
miR-223-3p
miR-142-3p
miR-142-5p
miR-126-5p
miR-425-5p
miR-766-3p
miR-144-3p
miR-144-5p
miR-126-3p
miR-191-5p
miR-17-5p
miR-190a
miR-15b-5p
miR-15b-3p
miR-106a-5p
miR-103a-3p
miR-32-5p
miR-20a-5p
miR-15a-5p
miR-107
miR-363-3p
miR-590-5p
miR-92a-3p
miR-486-5p
miR-93-5p
miR-103a-3p-2
miR-151a-3p
miR-25-3p
miR-151a-5p
miR-19b-3p
miR-185-5p

200

SCAD
(mean ± SD)
4.69±1.15
3.52±1.02
-2.44±1.15
0.16±1.21
-1.54±0.82
-3.78±0.87
1.72±1.16
0.17±1.39
3.12±1.06
0.33±0.65
-2.35±0.68
-3.58±0.76
1.66±0.49
-3.85±0.86
1.75±0.64
-1.99±0.80
2.48±0.65
1.95±1.39
2.24±0.53
1.12±0.50
-3.73±1.01
-1.82±0.44
2.38±0.47
2.48±0.53
1.49±1.17
1.38±0.60
-1.45±0.76
-0.08±0.80
-0.41±0.48
2.91±0.63
0.47±0.89

UCAD
(mean ± SD)
7.23±0.55
5.76±0.55
-0.26±0.72
1.93±1.18
0.12±0.37
-2.14±0.81
3.26±1.36
1.63±1.29
4.56±0.56
1.73±0.37
-1.04±0.29
-2.30±0.79
2.94±0.33
-2.60±0.39
2.99±0.31
-0.78±0.87
3.69±0.34
3.15±0.70
3.43±0.44
2.26±0.44
-2.60±1.10
-0.73±0.24
3.46±0.44
3.56±0.53
2.57±1.18
2.45±0.42
-0.40±0.79
0.96±0.85
0.58±0.64
3.90±0.62
1.46±0.42

mean
diff.
2.55
2.24
2.18
1.77
1.66
1.64
1.53
1.46
1.44
1.40
1.31
1.28
1.28
1.25
1.24
1.22
1.21
1.21
1.20
1.14
1.13
1.09
1.08
1.08
1.07
1.05
1.05
1.04
0.99
0.99
0.99

95% CI
1.86-3.24
1.62-2.86
1.47-2.89
0.94-2.59
1.16-2.15
1.06-2.23
0.69-2.38
0.53-2.39
0.8-2.08
1.00-1.80
0.91-1.71
0.75-1.81
0.97-1.59
0.74-1.77
0.86-1.63
0.87-1.56
0.65-1.77
0.81-1.60
0.36-2.04
0.81-1.47
0.42-1.84
0.82-1.35
0.71-1.44
0.27-1.88
0.69-1.45
0.74-1.37
0.52-1.58
0.48-1.60
0.62-1.36
0.57-1.42
0.46-1.52

p-value
6.31E-07
6.16E-07
3.72E-06
1.57E-04
2.35E-06
4.33E-06
8.25E-04
3.44E-03
1.94E-04
8.00E-07
4.00E-06
3.15E-05
3.88E-08
9.26E-05
3.60E-06
1.99E-07
1.38E-04
5.99E-06
7.87E-03
2.06E-07
2.98E-03
9.87E-08
1.62E-06
1.05E-02
9.38E-06
2.83E-07
3.45E-04
7.14E-04
4.51E-06
5.64E-05
1.17E-03

B-H
corrected
p-value
1.66E-06
1.66E-06
7.70E-06
2.01E-04
5.23E-06
8.56E-06
9.20E-04
3.48E-03
2.44E-04
1.99E-06
8.09E-06
4.72E-05
1.78E-07
1.26E-04
7.64E-06
1.79E-04
1.06E-05
7.69E-03
8.41E-07
6.90E-07
3.06E-03
3.90E-07
6.44E-07
3.80E-06
9.93E-03
1.57E-05
4.11E-04
8.07E-04
8.61E-06
7.92E-05
1.28E-03
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miR-484
miR-374a-5p
miR-221-3p
miR-451a
let-7d-5p

-0.01±0.41
-1.38±0.34
-0.18±0.73
6.83±1.25
-1.6±0.61

0.97±0.43
-0.43±0.52
0.74±0.81
7.74±1.28
-0.71±0.56

0.98
0.95
0.92
0.92
0.89

0.69-1.27
0.67-1.23
0.40-1.44
0.05-1.78
0.49-1.30

1.18E-07
4.84E-08
1.09E-03
3.86E-02
1.22E-04

4.41E-07
2.11E-07
1.20E-03
3.32E-02
1.61E-04

miR-374b-5p
-0.54±0.6
0.28±0.54
0.82
0.42-1.21 2.80E-04 3.38E-04
miR-16-5p
4.6±0.70
5.39±0.76
0.79
0.29-1.28 2.89E-03 3.00E-03
let-7f-5p
0.22±0.50
1.00±0.41
0.78
0.45-1.10 5.37E-05 7.66E-05
miR-192-5p
-2.88±0.73
-2.14±0.93
0.74
0.19-1.28 9.64E-03 9.22E-03
miR-130a-3p
-2.78±0.73
-2.08±0.76
0.71
0.20-1.21 8.09E-03 7.82E-03
miR-423-3p
-0.59±0.28
0.10±0.58
0.69
0.41-0.97 1.31E-05 2.15E-05
miR-146a-5p
-1.81±0.73
-1.14±0.87
0.67
0.14-1.20 1.53E-02 1.43E-02
miR-26b-5p
0.77±0.28
1.36±0.49
0.59
0.34-0.84 2.59E-05 3.95E-05
miR-30e-5p
-2.76±0.39
-2.22±0.36
0.54
0.28-0.80 2.51E-04 3.08E-04
miR-197-3p
-0.64±0.66
-0.17±0.64
0.47
0.02-0.92 3.97E-02 3.39E-02
miR-423-5p-2 1.73±0.54
2.12±0.34
0.41
0.03-0.79 3.41E-02 2.17E-02
miR-30c-5p
3.32±0.64
3.66±0.72
0.39
0.06-0.72 2.39E-02 1.16E-01
miR-26a-5p
-2.89±0.69
-2.57±0.67
0.34
-0.12-0.79 1.42E-01 1.30E-01
let-7g-5p
1.77±0.39
2.09±0.49
0.32
0.03-0.61 2.95E-02 2.61E-02
miR-101-3p
1.95±0.37
2.26±0.47
0.31
0.04-0.59 2.80E-02 2.51E-02
miR-331-3p
-2.13±0.58
-1.85±0.53
0.28
-0.10-0.67 1.45E-01 1.18E-01
miR-30b-5p
1.62±0.44
1.90±0.30
0.28
0.00-0.56 4.68E-02 3.95E-02
miR-328
-2.98±0.48
-2.80±0.76
0.15
-0.20-0.50 3.85E-01 2.82E-01
let-7a-5p
-2.77±0.43
-2.62±0.64
0.15
-0.32-0.62 5.18E-01 2.91E-01
miR-181a-5p
0.01±0.76
0.16±0.51
0.13
-0.25-0.51 4.77E-01 3.82E-01
miR-148a-3p
0.47±0.62
0.60±0.35
0.12
-0.50-0.75 6.79E-01 3.55E-01
let-7d-3p
-1.90±1.03
-1.77±0.52
0.12
-0.28-0.52 5.39E-01 4.83E-01
miR-30d-5p
-1.28±0.60
-1.16±0.56
0.12
-0.22-0.45 4.73E-01 3.94E-01
miR-598
-1.98±0.49
-1.87±0.48
0.10
-0.53-0.74 7.37E-01 3.55E-01
miR-423-5p
-4.18±1.02
-4.07±0.69
0.10
-0.39-0.59 6.79E-01 5.17E-01
let-7i-5p
0.00±0.55
0.08±0.64
0.09
-0.31-0.48 6.62E-01 4.76E-01
miR-30e-3p
-1.92±0.66
-1.89±0.47
0.03
-0.38-0.45 8.69E-01 6.05E-01
Shows the normalized expression and difference in expression from all miRNA measurements of the array experiment. Supp. table 1A shows the candidates in which expression
was increased in the UCAD group and supp. table 1B shows those increased in the SCAD
group. P-values were Benjamini-Hochberg (B-H) corrected for multiple testing.
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B. SCAD candidates

miRNA
miR-125b-5p
miR-455-3p
miR-193b-3p
miR-455-5p
miR-145-3p
miR-145-5p
miR-34a-5p
miR-195-5p
miR-143-5p
miR-217
miR-95
miR-365b-3p
miR-30a-5p
miR-133b
miR-133a
miR-99a-5p
miR-30a-3p
let-7b-3p
miR-940
miR-127-3p
miR-92b-3p
miR-152
miR-574-3p
miR-21-5p
miR-23b-3p
miR-27b-3p
miR-99b-5p
miR-140-5p
miR-140-3p
miR-29a-3p
miR-199b-3p
miR-29c-3p
let-7b-5p
let-7e-5p

202

SCAD
(mean ± SD)
4.30±1.01
-1.34±0.95
-0.80±0.93
-4.19±0.97
-2.68±1.40
4.84±1.30
-0.01±1.11
1.49±1.34
-4.75±1.55
-4.98±1.16
-3.52±1.08
-1.13±1.20
-2.74±0.91
-2.08±1.49
-3.31±1.46
-0.34±1.73
-2.86±1.19
-2.49±0.87
-1.81±1.13
-2.33±1.13
-3.82±0.89
-0.35±0.63
0.21±0.77
6.54±0.66
3.21±0.99
3.10±0.68
0.40±0.75
0.47±0.94
1.66±0.93
-0.37±1.13
0.45±0.98
0.38±1.12
3.48±0.57
-0.78±0.98

UCAD
(mean ± SD)
-1.64±1.77
-7.00±1.98
-6.46±1.74
-9.73±1.97
-7.94±1.52
-0.30±1.58
-5.12±1.17
-3.40±1.37
-9.61±1.47
-9.64±1.53
-7.85±1.63
-4.89±1.06
-6.38±0.93
-5.14±1.65
-6.30±1.67
-3.19±1.08
-5.63±0.74
-5.03±0.77
-4.17±0.94
-4.57±1.34
-5.92±0.70
-2.41±0.58
-1.83±0.65
4.53±0.51
1.35±0.82
1.3±0.60
-1.36±0.92
-1.27±0.52
0.01±0.73
-2.00±0.49
-1.14±1.10
-1.02±0.64
2.19±0.72
-2.03±0.58

mean
diff.
5.94
5.66
5.66
5.54
5.26
5.14
5.11
4.90
4.86
4.66
4.33
3.76
3.63
3.05
2.99
2.85
2.77
2.54
2.36
2.23
2.10
2.06
2.04
2.01
1.86
1.79
1.76
1.75
1.65
1.63
1.58
1.39
1.29
1.25

95% CI
5.04-6.85
4.66-6.67
4.78-6.54
4.35-6.73
4.24-6.29
4.18-6.10
4.32-5.90
3.97-5.82
3.71-6.01
3.65-5.67
3.44-5.23
2.96-4.55
3.00-4.27
1.99-4.12
1.94-4.05
1.78-3.92
2.03-3.51
1.96-3.11
1.60-3.12
1.40-3.06
1.53-2.68
1.64-2.48
1.54-2.55
1.59-2.44
1.21-2.50
1.35-2.24
1.21-2.32
1.17-2.32
1.05-2.25
0.96-2.30
0.89-2.28
0.71-2.08
0.87-1.72
0.65-1.85

p-value
9.97E-16
6.36E-13
3.78E-15
3.63E-09
1.74E-11
2.93E-12
7.93E-14
2.00E-11
3.13E-09
3.84E-10
1.25E-11
6.71E-10
2.43E-12
2.18E-06
2.48E-06
2.29E-05
2.19E-07
2.48E-09
1.16E-06
5.33E-06
1.22E-07
2.30E-10
1.74E-08
1.94E-09
4.55E-06
1.54E-08
2.90E-07
5.45E-06
9.41E-06
1.01E-04
6.64E-05
4.47E-04
6.26E-07
3.70E-04

B-H
corrected
p-value
8.68E-14
1.38E-11
1.64E-13
1.98E-08
1.89E-10
4.25E-11
2.30E-12
1.93E-10
1.82E-08
3.03E-09
1.56E-10
4.87E-09
4.23E-11
5.00E-06
5.39E-06
3.56E-05
7.01E-07
1.54E-08
2.80E-06
9.87E-06
4.41E-07
2.01E-09
8.41E-08
1.30E-08
8.61E-06
7.87E-08
8.41E-07
9.89E-06
1.57E-05
1.35E-04
9.16E-05
5.12E-04
1.66E-06
4.29E-04
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miR-210
miR-146b-5p
miR-342-3p
miR-24-3p
miR-28-3p
miR-29a-5p
miR-155-5p
miR-29b-1-5p
miR-29b-3p
miR-502-3p
miR-27a-3p
miR-154-5p
miR-222-3p
miR-22-5p
miR-320a
miR-320b
miR-24-2-5p
miR-532-3p
miR-28-5p
miR-150-5p
let-7c
miR-500a-5p
miR-409-3p
miR-532-5p
miR-664a-3p
miR-376a-3p
miR-215

-2.10±0.84
-2.69±0.71
0.70±0.51
4.51±0.50
-1.24±0.56
-2.66±0.70
-1.59±1.00
-4.51±1.42
-1.34±1.06
-4.10±0.51
3.84±0.54
4.50±0.62
-3.48±0.83
0.33±0.50
-3.72±1.04
2.43±0.47
2.14±0.45
-2.81±0.77
-2.58±0.60
-1.12±0.40
1.54±0.75
-2.30±0.92
-4.33±0.52
-2.87±1.08
-3.26±0.68
-3.48±0.54
-3.23±0.82

-3.34±0.91
-3.91±0.60
-0.51±0.58
3.31±0.44
-2.43±0.52
-3.81±0.53
-2.68±0.80
-5.57±0.87
-2.36±0.69
-5.07±0.62
2.95±0.56
3.64±0.70
-4.26±1.12
-0.45±0.27
-4.46±0.82
1.89±0.47
1.60±0.47
-3.30±0.58
-3.04±0.66
-1.57±0.55
1.09±1.24
-2.67±0.43
-4.68±0.89
-3.20±1.07
-3.54±0.60
-3.70±0.51
-3.38±1.18

1.24
1.22
1.21
1.21
1.20
1.15
1.09
1.06
1.02
0.98
0.89
0.78
0.78
0.74
0.54
0.53
0.49
0.46
0.45
0.45
0.37
0.35
0.33
0.27
0.22
0.15
0.14

0.64-1.83
0.76-1.69
0.84-1.58
0.87-1.54
0.82-1.57
0.71-1.60
0.45-1.74
0.18-1.94
0.36-1.68
0.60-1.35
0.51-1.27
0.14-1.42
0.47-1.08
0.07-1.41
0.21-0.86
0.22-0.84
-0.01-0.98
0.04-0.89
0.14-0.76
-0.20-1.09
-0.18-0.92
-0.11-0.82
-0.41-1.07
-0.18-0.73
-0.15-0.58
-0.50-0.81
-0.60-0.88

2.07E-04
1.47E-05
2.25E-07
9.73E-08
6.71E-07
2.25E-05
1.96E-03
2.03E-02
4.23E-03
9.33E-06
4.24E-05
1.81E-02
4.21E-05
3.27E-02
2.07E-03
1.54E-03
5.40E-02
3.31E-02
6.02E-03
1.69E-01
1.75E-01
1.30E-01
3.66E-01
2.22E-01
2.35E-01
6.37E-01
6.97E-01

2.58E-04
2.37E-05
7.01E-07
3.90E-07
1.72E-06
3.55E-05
2.08E-03
1.86E-02
4.23E-03
1.57E-05
6.14E-05
4.29E-04
1.67E-02
6.14E-05
2.87E-02
2.17E-03
1.65E-03
4.51E-02
2.88E-02
5.96E-03
1.35E-01
1.39E-01
1.08E-01
2.82E-01
1.74E-01
1.83E-01
4.62E-01

miR-505-3p
-2.92±0.57
-2.99±0.41
0.07
-0.29-0.43 6.83E-01 4.83E-01
Shows the normalized expression and difference in expression from all miRNA measurements of the array experiment. Supp. table 1A shows the candidates in which expression
was increased in the UCAD group and supp. table 1B shows those increased in the SCAD
group. P-values were Benjamini-Hochberg (B-H) corrected for multiple testing.
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Supplemental table 2. Classification of the miRNA measurements
from the first validation cohort based on their quality
miR-1280

miR-223-3p

miR-484

miR-193b-3p

miR-125b-5p

miR-1260

miR-142-3p

undetectable n, (%)

16 (4)

valid n, (%)

359 (91)

invalid n, (%)

20 (5)

undetectable n, (%)

40 (10)

valid n, (%)

343 (87)

invalid n, (%)

12 (3)

undetectable n, (%)

30 (8)

valid n, (%)

364 (92)

invalid n, (%)

1 (0)

undetectable n, (%)

231 (58)

valid n, (%)

163 (41)

invalid n, (%)

1 (0)

undetectable n, (%)

201 (51)

valid n, (%)

189 (48)

invalid n, (%)

5 (1)

undetectable n, (%)

39 (10)

valid n, (%)

356 (90)

invalid n, (%)

0

undetectable n, (%)

227 (57)

valid n, (%)

165 (42)

invalid n, (%)

3 (1)

Based on the quality of the measurement, miRNA measurements
were classified as ‘valid’ (reliably measurable), ‘invalid’ (unreliable)
or ‘undetectable’ (unmeasurably low).
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0.61
0.89
0.87
1.14
1.15
0.94
0.94

model1

model2

model1
model2

model1
model2

model1
model2

miR-193b-3p

miR-223-3p

miR-142-3p

0.72-1.24
0.71-1.24

0.89-1.46
0.89-1.47

0.66-1.19
0.64-1.17

0.40-0.92

95% CI
0.41-0.94

SCAD
95% CI
0.91-1.99
0.96-3.99
1.12-2.00
0.72-1.96
1.28-2.13
1.41-4.01
1.01-1.56
1.12-2.35

OR
1.34
1.96
1.50
1.19
1.65
2.38
1.26
1.62

Control

1.06
1.06

0.88
0.87

1.12
1.15

1.64

OR
1.61

0.81-1.40
0.81-1.40

0.68-1.13
0.68-1.12

0.84-1.50
0.85-1.56

1.09-2.48

95% CI
1.07-2.42

UCAD

1.37
1.38

1.41
1.61

1.68
1.41

2.09

OR
2.08

1.14-1.66
1.05-1.82

1.18-1.68
1.20-2.15

1.33-2.11
1.00-2.00

1.30-3.36

95% CI
1.53-2.82

Control

Odds Ratios (OR) and 95% confidence intervals (CI) of the logistic regression analysis from the validation experiment. Model 1=univariate analysis; model 2=corrected for age and gender. UCAD = unstable coronary artery disease, SCAD = stable
coronary artery disease.

miR-125b-5p

OR
0.62

Reference

Supplemental Table 3. Odd ratios for the outcomes UCAD (A) and SCAD (B) in the first validation phase
Outome
UCAD
SCAD

Circulating miRNAs in atherosclerosis and plaque instability
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Supplemental table 4. Classification of the miRNA measurements
from the second validation cohort based on their quality
Undetectable n, (%)
41 (4)
miR-122-5p
Valid n, (%)
946 (95)

miR-125b-5p

miR-126-3p

miR-133a-3p

miR-142-3p

miR-146-3p

miR-155-5p

miR-193b-3p

miR-223-3p

miR-499-5p

miR-145-5p

206

Invalid n, (%)

13 (1)

Undetectable n, (%)

232 (23)

Valid n, (%)

757 (76)

Invalid n, (%)

11 (1)

Undetectable n, (%)

38 (4)

Valid n, (%)

889 (89)

Invalid n, (%)

73 (7)

Undetectable n, (%)

56 (6)

Valid n, (%)

558 (59)

Invalid n, (%)

356 (53)

Undetectable n, (%)

119 (12)

Valid n, (%)

843 (84)

Invalid n, (%)

39 (4)

Undetectable n, (%)

28 (3)

Valid n, (%)

730 (73)

Invalid n, (%)

242 (24)

Undetectable n, (%)

550 (55)

Valid n, (%)

175 (18)

Invalid n, (%)

275 (28)

Undetectable n, (%)

232 (23)

Valid n, (%)

663 (66)

Invalid n, (%)

105 (11)

Undetectable n, (%)

2 (0)

Valid n, (%)

953 (95)

Invalid n, (%)

45 (5)

Undetectable n, (%)

867 (87)

Valid n, (%)

47 (5)

Invalid n, (%)

86 (9)

Undetectable n, (%)

119 (12)

Valid n, (%)

865 (87)

Invalid n, (%)

15 (2)

Circulating miRNAs in atherosclerosis and plaque instability

Cel-miR-39

Cel-miR-54

miR-1260

miR-1280

miR-484

Undetectable n, (%)

8 (1)

Valid n, (%)

981 (98)

Invalid n, (%)

11 (1)

Undetectable n, (%)

1 (0)

Valid n, (%)

993 (99)

Invalid n, (%)

6 (1)

Undetectable n, (%)

2 (0)

Valid n, (%)

991 (99)

Invalid n, (%)

7 (1)

Undetectable n, (%)

6 (1)

Valid n, (%)

955 (96)

Invalid n, (%)

39 (4)

Undetectable n, (%)

39 (4)

Valid n, (%)

924 (92)

Invalid n, (%)

37 (4)
Based on the quality of the measurement, miRNA measurements
were classified as ‘valid’ (reliably measurable), ‘invalid’ (unreliable)
or ‘undetectable’ (unmeasurably low).
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miR-193b-3p

miR-155-5p

miR-146-3p

miR-142-3p

miR-133a-3p

miR-126-3p

miR-125b-5p

miR-122-5p

OR
7.84

7.79

0.98
1.09

0.91

1.06

1.37
1.27

0.81

0.87

4.82

5.73

4.48

4.29

1.07

1.22

model1

model2

model1
model2

model1

model2

model1
model2

model1

model2

model1

model2

model1

model2

model1

model2

Reference

Outome

0.95-1.56

0.86-1.32

3.01-6.13

3.18-6.32

3.31-9.92

2.92-7.95

0.76-1.01

0.71-0.92

0.99-1.90
0.90-1.81

0.88-1.27

0.77-1.07

0.83-1.15
0.91-1.31

5.17-11.7

95% CI
5.37-11.46

SCAD

1.01

0.94

3.85

3.77

5.44

5.06

0.83

0.82

1.43
1.35

0.97

0.89

1.13
1.24

10.85

OR
11.61

0.77-1.32

0.74-1.19

2.80-5.28

2.71-5.25

3.25-9.12

3.12-8.19

0.72-0.96

0.72-0.94

0.97-2.12
0.92-1.99

0.80-1.17

0.75-1.07

0.97-1.33
1.04-1.49

6.88-17.1

95% CI
7.49-18.0

SubA

UCAD

1.17

0.99

3.67

3.52

5.28

4.27

0.90

0.82

1.61
1.53

1.14

0.88

1.03
1.22

9.32

OR
11.79

0.85-1.61

0.79-1.25

2.64-5.11

2.66-4.66

2.97-9.39

2.61-7.00

0.75-1.07

0.72-0.93

1.24-2.09
1.10-2.13

0.89-1.45

0.74-1.04

0.87-1.21
0.97-1.54

5.60-15.50

95% CI
7.64-18.21

Control

0.83

0.87

0.83

0.85

0.95

1.03

1.01

1.03

1.07
1.08

0.96

1.00

1.22
1.19

1.38

OR
1.49

0.64-1.06

0.69-1.11

0.52-1.33

0.53-1.36

0.63-1.45

0.69-1.53

0.85-1.19

0.88-1.21

0.82-1.41
0.80-1.44

0.78-1.20

0.81-1.23

1.01-1.47
0.98-1.44

1.07-1.77

Control

0.94 0.71-1.23

0.93 0.74-1.16

0.80 0.57-1.12

0.81 0.55-1.19

0.96 0.63-1.47

0.91 0.63-1.31

1.06 0.88-1.26

1.02 0.87-1.19

1.25 0.89-1.76
1.14 0.83-1.57

1.00 0.80-1.25

0.97 0.79-1.18

1.07 0.89-1.29
1.06 0.85-1.33

1.45 1.09-1.93

OR 95% CI
1.52 1.17-1.99

SCAD
95% CI
1.17-1.91

SubA

Supplemental table 5. Odd ratios for the outcomes UCAD, SCAD and SubA in the second validation phase
SubA

1.14 0.86-1.52

1.07 0.83-1.38

1.01 0.73-1.42

0.96 0.70-1.30

0.98 0.63-1.53

0.88 0.58-1.31

1.01 0.85-1.21

0.99 0.84-1.16

1.15 0.85-1.56
1.1 0.80-1.51

0.96 0.75-1.23

0.96 0.77-1.20

0.87 0.72-1.05
0.92 0.75-1.13

1.05 0.81-1.36

OR 95% CI
0.96 0.77-1.21

Control
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25.59 14.2-46.1

20.63 11.2-38.2

0.5

0.62

model1

model2

model1

model2

0.47-0.83

0.39-0.66

10.75 6.46-17.9

model2

4.26-9.93

6.50

model1

0.51

0.42

96.10

104.6

12.75

9.75

0.37-0.70

0.31-0.56

40.13-230

46.16-237

7.42-21.91

6.02-15.79

4.22-9.77
7.29-26.57
15.23-52.74
7.80-31.72
0.27-0.50
0.36-0.80

6.42
13.92
28.34
15.73
0.37
0.54

0.92

0.84

1.20

1.21

1.42

1.46

0.62-1.37

0.58-1.23

0.70-2.06

0.72-2.02

0.96-2.12

1.00-2.13

0.84 0.54-1.30

0.62 0.40-0.96

0.73 0.46-1.17

0.92 0.62-1.37

1.47 0.96-2.26

1.00 0.70-1.43

1.07 0.62-1.85

0.67 0.41-1.09

0.65 0.37-1.16

0.71 0.42-1.20

0.89 0.58-1.35

0.68 0.47-0.99

Odds Ratios (OR) and 95% confidence intervals (CI) of the logistic regression analysis from the validation experiment. Model 1=univariate analysis; model 2=corrected for age and gender. UCAD = unstable coronary artery disease, SCAD = stable coronary artery disease.
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Chapter 9
ABSTRACT
Background and aims: The risk of developing cardiovascular disease (CVD) is
twice as high among smoking individuals compared to non-smokers. Monocytes
are involved in smoking-related atherosclerotic plaque formation. In this study,
we investigated whether smokers with an increased risk of developing CVD can be
identified on the basis of monocyte-derived miRNA expression levels.
Methods: We performed a miRNA microarray experiment on isolated monocytes
from smoking, former smoking and non-smoking individuals in a cohort of patients
with premature CVD and healthy controls (Cohort I, n = 76).
Results: We found miR-124-3p to be heterogeneously expressed among all smoking
individuals, whereas expression was low in non-smokers. Subsequently, RT-qPCR
measurements on whole blood showed that among smoking individuals an increase in
miR-124-3p is associated with an increased risk for advanced atherosclerotic disease
(cohort II, n = 24) (OR 11.72 95% CI 1.09-126.53) and subclinical atherosclerosis
(coronary artery calcium score 80th percentile, cohort III n = 138) (OR 2.71, 95%
CI 1.05-7.01). This was not observed among former smokers or non-smoking
individuals. Flow cytometric analysis demonstrated that high miR-124-3p expression
was associated with upregulation of the monocyte surface markers CD45RA, CD29
and CD206, indicating an altered monocyte phenotype. Finally, overexpression of
miR-124-3p resulted in an upregulation of CD206 surface expression on monocytes.
Conclusions: High miR-124-3p expression is associated with an increased risk of
subclinical atherosclerosis in smoking individuals and with an altered monocyte
phenotype. This may suggest that miR-124-3p identifies which smoking individuals
are susceptible to the atherogenic effects of smoking.
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INTRODUCTION
Tobacco use is the most important avoidable cause of cardiovascular disease (CVD)
in the world.1 The risk of developing CVD is twice as high among smokers compared
to nonsmoking individuals.2
The increased risk of developing CVD can be explained by the atherothrombotic effects
of smoking. Smoking has been shown to influence all stages of atherosclerotic plaque
formation.3 The exact mechanism by which cigarette smoke triggers atherosclerosis
has not been completely unravelled, but many cell types, including monocytes, have
been reported to be involved in this process.3 It is known that circulating monocytes
undergo phenotypical changes in the presence of cigarette smoke,4 leading to
transformation into foam cells that accumulate in the vessel wall and contribute to
the development of atherosclerotic plaques. Intriguingly, not all smoking individuals
develop CVD. We set out this study to investigate whether miRNA biomarkers are
able to discriminate between smokers that develop atherosclerosis and those that do
not.
MicroRNAs (miRNAs) are 18-25 nucleotides long, non-coding RNAs that inhibit
the translation into proteins by a direct interaction with messenger RNA.5 They
are involved in virtually every biological process, including cell differentiation
and apoptosis.6 In the past decade, miRNAs were shown to be involved in many
pathophysiological processes, among which the atherosclerotic process and several
circulating miRNAs were reported as useful biomarkers for cardiovascular disease.7,8
Recently, several miRNAs were found to be differentially expressed in the plasma
of healthy smokers compared to non-smokers, suggesting that smoking can alter
miRNA profiles.9,10
We here studied monocyte-derived miRNAs in the whole blood of smokers with
atherosclerosis, to investigate whether these could identify individuals susceptible to
smoking related atherosclerosis.
MATERIALS AND METHODS
Definitions
Smokers were defined as individuals that are currently smoking. Non-smokers were
defined as individuals that had never smoked or stopped smoking > 5 years ago, which
was based upon the pathophysiology of smoking related atherosclerosis, since it is
known that it takes 5 years of abstinence from smoking for most of the excess CVD
risk to be gone.11 Former smokers were defined as smokers that stopped smoking
< 5 years ago. Subclinical atherosclerosis was defined as a coronary artery calcium
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(CAC) score ≥ 80th percentile adjusted for age and sex as measured by coronary CTscanning.12 Additional definitions can be found in the Supplementary Methods.
Cohorts
An overview of the four cohorts used in this study is shown in Figure 1.
Source population
All premature CVD patients, subclinical atherosclerosis patients and controls (except
for controls of cohort I) were selected from the outpatient clinic for premature CVD
families in the Academic Medical Center in Amsterdam between December 2009
and June 2010. Sample collection of patients was performed on average 5.6 ± 3.5
years after the first cardiovascular event. We used premature CVD patients for this
study, since these individuals might have a genetic predisposition for atherosclerosis,
which may be accelerated by the interaction with smoking.
Both subclinical atherosclerosis patients and controls were first degree relatives
(FDRs) of subjects with premature CVD without a history or complaints of CVD
themselves. All FDRs underwent coronary CT scanning. Based on their CAC score,
FDRs were assigned to either the subclinical atherosclerosis group or the control
group. Controls were at least 40 years of age with a CAC score of 0, to be certain they
did not have atherosclerotic disease.
Cohort I (microarray) consisted of 40 male premature CVD patients and 40 agematched healthy males, of which the latter were recruited via advertisement and
matched for age within five years. Cases in this cohort had either a history of
myocardial infarction (n = 20) or stable angina pectoris (n = 20). Controls were eligible
for participation if they did not have a personal or family history for premature CVD
and did not use any medication.
Cohort II (first validation) consisted of 12 smoking patients with advanced
atherosclerosis and 12 smoking control individuals without coronary calcifications,
both from the outpatient clinic. Cases in this cohort had either any history of coronary
artery disease, cerebrovascular or peripheral artery disease or a combination of these.
Cohort III (second validation) consisted of 70 individuals with subclinical
atherosclerosis and 70 controls. In order to analyze the effects of smoking status on
miRNA level, this cohort was subdivided in three groups: smokers (cohort IIIa),
former smokers (cohort IIIb) and non-smokers (cohort IIIc).
Cohort IV (monocyte phenotype test) consisted of 11 smoking and 11 former smoking
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Figure. 1. Overview of cohort used in this study.
In this study, four distinct cohorts were used. Displayed patient numbers are after exclusion of samples due to quality control as described
in the Methods section. First, cohort I was used to investigate which monocyte miRNAs are altered by smoking. Cohort II was used to
validate the findings from cohort I in whole blood of patients with advanced atherosclerosis. In cohort III, the association of whole blood
miR-124-3p expression with subclinical atherosclerosis in smokers, former smokers and non-smokers was investigated. In cohort IV, miR124-3p expression in monocytes was related to monocyte phenotype markers.
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FDRs, either patients with subclinical atherosclerosis or controls. To exclude the
effect of statins on monocytes, subjects that used statins were asked to discontinue
statin therapy six weeks prior to their visit. This was only asked if discontinuation of
therapy for a short period of time was medically justified, which was the case in all
individuals who used statin medication.
Ethics statement
This study complies with the Declaration of Helsinki. The study protocol was approved
by the ethical committee of the Academic Medical Center in Amsterdam (medical
ethical committee protocol identification numbers: cohort I: 2009_209 cohort II-III:
2014_095; cohort IV: 2014_061) and all individuals gave written informed consent.
Sample collection and processing
As described in more detail in the Supplementary Methods, in cohort I, circulating
monocytes were isolated from peripheral blood samples collected in CTAD tubes
(Becton Dickinson, Alphen aan de Rijn, the Netherlands). In cohort II and III, whole
blood samples were collected in EDTA tubes (Becton Dickinson). For cohort IV,
whole blood samples were collected in EDTA tubes (Becton Dickinson) and flow
cytometric analysis was performed on these fresh samples as described in the section
‘Flow cytometric analysis and miR-124-3p mimic experiment’. For the measurement
of miRNA expression in monocytes, monocytes were isolated from fresh whole blood
samples. After sample processing, RNA was isolated from monocytes or whole blood
for miRNA measurement. In cohort IV, one sample was excluded from the analysis
due to technical malfunction of the flow cytometer and, in one sample, the monocyte
isolation failed, leaving 20 subjects for analysis.
MiRNA measurement by microarray and reverse transcription quantitative PCR
In cohort I, the expression of in total 955 miRNAs was measured by microarrays
(Agilent Technologies, Santa Clara, California). A comprehensive description of the
microarray platform and microarray pre-processing and data analysis can be found
in the Supplementary Methods. In cohort I, four subjects were excluded based on
array quality control, leaving 76 subjects for analysis. In cohort II, III and IV, miR124-3p expression was measured by reverse transcription quantitative polymerase
chain reaction (RT-qPCR) and normalized to the geometric mean of a previously
established miRNA normalisation panel, for whole blood samples consisting of miR130b and miR-342-3p.13 Starting concentrations (N0-values) of miRNAs as calculated
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by the LinRegPCR software were used in the statistical analysis.14 More details on
RT-qPCR methods can be found in the Supplementary Methods. In cohort III, two
samples were left out of the analysis, since these samples did not pass the quality
checks of the LinRegPCR software, leaving 138 subjects for analysis.
Flow cytometric analysis and miR-124-3p mimic experiment
As described in the Supplementary Methods, in cohort IV, monocyte phenotype
marker expression was measured on CD14++/CD16- (classical), CD14++/CD16+
(intermediate) and CD14dim/CD16+ (non-classical) monocyte subsets. Antibodies
were used against 21 surface markers (Supplementary Table 1).
In the mimic experiment, human monocytes and macrophages were transfected with
either a miR-124-3p mimic or a negative control mimic (Supplementary Methods).
Statistical analysis
Baseline characteristics are expressed as mean ± standard deviation, except when
indicated otherwise. ANOVA with post-hoc Student’s t-tests and Fisher’s exact test
were used to calculate differences in baseline characteristics. Variables with a skewed
distribution, e.g. the miRNA expression levels, were log-transformed before they were
analysed. Pearson correlation was used to analyze the correlation between miRNA
expression levels and monocyte surface markers. To analyze differences in monocyte
surface marker expression between the miR-124-3p mimic and the negative control
treated monocytes, we used one-way ANOVA and Tukey post-hoc tests. Logistic
regression was used to analyze the relation between miRNA expression levels and the
presence of (subclinical) atherosclerosis in cohort II and III. This model was adjusted
for age or gender. All analyses were performed using SPSS for Windows 19.0. A
p-value < 0.05 was considered statistically significant.
RESULTS
Smokers have an increased and heterogeneous expression of miR-124-3p in
monocytes
Microarray experiment
We performed a miRNA microarray experiment on isolated monocytes of the
individuals of cohort I (Figure 1). Individuals were divided into three groups;
smokers (n = 14, 18%), former smokers (n = 13, 17%) and non-smokers (n = 49,
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64%). The clinical characteristics of the individuals included in the microarray cohort
are showed in Table 1. Compared to non-smokers, former smokers were significantly
younger (48.6 ± 4.8 vs. 51.6 ± 4.6 years, p < 0.05) and smokers had lower diastolic
blood pressures (79.1 ± 15.2 vs. 86.8 ± 9.9 mmHg, p < 0.05).
The microarray analysis (for the results of all measured miRNAs, see Supplementary
Table 2, available online only) revealed that miR-124-3p was differentially expressed
in smokers compared to non-smokers (fold change (FC) = 4.8, adjusted p=4.8 × 1015). All non-smoking individuals had a low miR-124-3p expression level. Former
smokers had a low miR-124-3p expression level as compared to smokers (FC =
4.7, adjusted p=3.6 × 10-11), suggesting that the association of smoking with miR124-3p expression is short-lasting. Interestingly, among smokers, miR-124-3p was
heterogeneously expressed, with high expression levels for the majority of smoking
individuals and expression levels comparable to those in nonsmokers and former
smokers for other smoking individuals (Figure 2). Strikingly, among individuals
with a high miR-124-3p expression, 73% had CVD, as compared to only 33% of the
smoking individuals with a low expression of miR-124-3p. Based on this observation,
we hypothesized that miR-124-3p may identify a subset of smoking individuals with
CVD.
Smoking individuals with atherosclerosis have increased miR-124-3p expression
levels in whole blood
First validation
Based on the above findings, we hypothesized that smokers with advanced
atherosclerosis have higher miR-124-3p expression. In an independent second cohort
(cohort II, Figure 1), we investigated miR-124-3p expression among 12 smokers with
advanced atherosclerosis and 12 smoking controls without coronary calcifications. In
the validation phases, whole blood was used instead of isolated monocytes, making
the miRNA measurement more suitable for biomarker purposes.
The clinical characteristics of cohort II are shown in Table 2. Apart from an expected
higher number of statin users among patients with advanced atherosclerosis, there
were no other significant differences between groups. Among smokers with advanced
atherosclerosis, miR-124-3p expression was significantly higher as compared to
smokers without atherosclerosis (OR = 11.72, 95% CI = 1.09-126.53) (Figure 3A,
Table 3A). This confirms our previous observation that smoking individuals with
high miR-124-3p expression are at increased risk of having (advanced) atherosclerosis
compared to smoking individuals with low miR-124-3p expression levels.
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18 (37)

-

51.6±4.6

49 (100)

26.5±3.0

4 (8)

6 (12)

0 (0)

16 (33)

133.2±18.0

86.8±9.9

Premature CVD, n (%)

SubA, n (%)

Age, years ± SD

Gender, male, n (%)

BMI, kg/m2, ± SD

Hchol n (%)

HT, n (%)

Diabetes, n (%)

Statin use, n (%)

SBP, mmHG ± SD

DBP, mmHG ± SD

5(46)

5 (56)
53.7±6.5

50.8±3.2
14 (100)w
25.4±3.1
0 (0)
0 (0)
0 (0)
9 (64)
128.3±16.3
79.1±15.2*

48.6±4.8*
13 (100)
27.7±3.8
1 (8)
0 (0)
0 (0)
9 (69)
129.9±13.1
83.9±9.2

76.8±8.7

132.4±18.0

3 (33)

0 (0)

2 (22)

3 (33)

29.6±4.5

2 (22)

-

-

9 (64)

9 (69)

80.1±11.7

133.6±29.1

3 (27)

1 (9)

3 (27)

5 (46)

25.0±4.9†

6 (54)

49.1±9.3

11

9

14

13

Smokers

Former smokers

Smokers

Former smokers

Cohort IV

Continuous data are expressed as mean ± SD, categorical data as absolute number with (percentages). Displayed patient numbers are
after exclusion of samples due to quality control as described in the methods section. N = number; SD = standard deviation; SubA =
subclinical atherosclerosis; Hchol. = hypercholesterolemia; HT = hypertension; SBP = systolic blood pressure; DBP = diastolic blood
pressure; * p <0.05 compared to non-smokers. † p <0.05 compared to former smokers.
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Number of subjects

Non-smokers

Cohort I

Table 1. Baseline characteristics of the two cohorts that used isolated monocytes: cohorts I (microarray) and
IV (monocyte phenotype test).
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Figure 2. Smoking individuals have increased and heterogeneous expression levels of
miR-124-3p in monocytes compared to non-smokers and former smokers (cohort I).
MiR-124-3p expression (log2 transformed) in smokers, former smokers and nonsmokers.
Triangles represent patients with premature atherosclerosis, whereas open circles represent
healthy controls.

Second validation
Next, we investigated whether miR-124-3p expression is also increased in smoking
individuals with subclinical atherosclerosis and could serve as a biomarker to detect
early atherosclerosis among smokers.
In an independent third cohort, we investigated miR-124-3p expression in whole
blood among 138 apparently ‘healthy’ family members of patients with premature
atherosclerosis (cohort III, Figure 1). We divided this cohort into smokers (IIIa, n
= 42), former smokers (IIIb, n = 27) and non-smokers (IIIc, n = 69). MiR-124-3p
expression was investigated in smoking individuals with subclinical atherosclerosis
as compared to smoking control individuals without coronary calcifications in
these sub-cohorts separately. The clinical characteristics of cohort III are shown
in Table 2. There were no major differences in any of the three subgroups between
the subclinical atherosclerosis group and controls, except that nonsmokers with
subclinical atherosclerosis had more often hypercholesterolemia and hypertension as
compared to non-smoking controls.
Among smoking individuals (cohort IIIa) an increase in miR-124-3p expression level
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2 (17)
8 (67)*

2 (17)

3 (25)

0 (0)

Hyperchol., n (%)

Hypertension, n (%)

Diabetes, n (%)

8 (67)

75.2±8.7

DBP, mmHG ± SD

2 (15)

3 (21)

78.9±11.4

75.2±9.4

81.1±7.9

7 (29)

1 (6)

2 (15)

0 (0)

5 (39)

3 (23)

76.9±8.2

3 (13)

0 (0)

3 (21)

4 (31)
27.4±4.6

126.4±10.2 131.6±18.9

9 (38)

4 (22)

5 (36)

28.8±3.1

49.4±9.8

13

122.8±9.2 131.6±20.1

8 (33)

4 (22)

5 (36)

12 (50)
27.5±4.3

48.3±10.2

47.6±4.5
6 (33)

50±7.5

24

18

25.2±5

control

SubA

control
14

Former smokers

Smokers
SubA

Cohort IIIb

Cohort IIIa

13 (42)

4 (13)

12 (39)*

18 (58)*

27.5±4.4

15 (48)

48.8±7.9

31

SubA

77.3±6.1

78.7±9.1

126.4±11.1 131.9±18.9

6 (16)

1 (3)

6 (16)

11 (29)

28.2±4.4

12 (32)

46.9±7.3

38

control

Non-smokers

Cohort IIIc

Continuous data are expressed as mean ± SD, categorical data as absolute number with (percentages). Displayed patient numbers are
after exclusion of samples due to quality control as described in the methods section. N = number; SD = standard deviation;
Hyperchol. = hypercholesterolemia; SBP = systolic blood pressure; DBP = diastolic blood pressure; AAD = advanced atherosclerotic
disease; SubA = subclinical atherosclerosis; * p <0.05 compared to control.

73.3±10.8

0 (0)

120.9±10.3 121.0±9.3

Statin use, n (%)

SBP, mmHG ± SD

2( 17)

4 (33)

26.7±3.6

5 (42)

24.9±4.9

45.3±6.4

Gender, male, n (%)

47.1±2.9

Age, years ± SD

12

AAD

BMI, kg/m2, ± SD

12

Number of subjects

Control

Smokers

Cohort II

Table 2. Baseline characteristics of the validation cohorts (cohorts II and III).
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was significantly related to a higher risk of having subclinical atherosclerosis (OR =
2.71; 95% CI =1.05-7.01) (Table 3B, Figure 3B). This suggests that increased miR124-3p expression can identify smoking individuals that have a susceptibility to the
adverse effects of smoking during an early phase.
Subsequently, we were interested in whether this effect was confined to smokers
and, therefore, we also analysed former and non-smokers. As expected from the
microarray results, we found that this association was less pronounced among
former smokers (OR = 1.90; 95% CI = 0.70-5.14) and absent in non-smokers (OR
= 1.46; 95% CI = 0.47-4.56) (Table 3B, Supplementary Figure 1). This observation
supports the hypothesis that the effect of smoking on miR-124-3p and its relation to
(subclinical) atherosclerosis is only relatively short-lasting.
Increased miR-124-3p expression levels are associated with an increased
expression of CD206, CD45RA and CD29 on the surface of the human monocyte
Monocyte phenotype test
High miR-124-3p expression in smoking individuals was found to be associated with
(subclinical) atherosclerosis. Because this increase in miR-124-3p expression was not
only found in whole blood, but also in isolated monocytes, we hypothesized that high
miR-124-3p expression is associated with changes in monocyte phenotype.
Therefore, surface marker analysis was performed on blood from 20 smokers and
former smokers (cohort IV) by flow cytometry. Monocytes were divided in classical
(CD14++, CD16-), intermediate (CD14+, CD16+) and non-classical (CD14dim,
CD16+) monocytes. The expression of the monocyte surface markers was related to
the level of miR-124-3p expression in isolated monocytes. Baseline characteristics of
cohort IV are displayed in Table 1.
Interestingly, miR-124-3p expression was positively correlated with expression of
the monocyte surface markers CD45RA, CD29 and CD206. The surface marker
CD45RA showed a significant correlation in classical monocytes (r = 0.57; p<0.01;
Figure 4A). CD29 was significantly correlated in non-classical monocytes (r = 0.59,
p<0.01; Figure 4B) and CD206 showed a significant correlation in both classical and
intermediate monocytes (r = 0.47, p<0.05 and r = 0.53, p<0.02 respectively; Figure
4C and D). This means that the increase in miR-124-3p expression in smokers is
associated with higher levels of CD45RA, CD29 and CD206.
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Figure 3. Expression levels of miR-124-3p are increased in smokers with advanced
atherosclerosis and subclinical atherosclerosis (cohort II and III). Fold change (bars) and
standard error of the mean (whiskers) of the miR-124-3p expression between smokers with
advanced atherosclerosis and controls (cohort II) (A) and between smokers with subclinical
atherosclerosis and controls (cohort IIIa) (B). *p < 0.05 compared to control.

Table 3. Odds ratios for the outcome advanced atherosclerosis (A) or subclinical
atherosclerosis (B) with miR-124-3p as predictor in cohort II and III.
Smokers
OR

95% CI

Former Smokers

Non-smokers

OR

OR

95% CI

95% CI

A. Outcome: Advanced atherosclerosis (cohort II, N = 24)
Model1

9.16

1.17 - 71.86

-

-

-

-

Model2

10.26

1.11 - 95.17

-

-

-

-

Model3

11.72

1.09 - 126.53

-

-

-

-

9

B. Outcome: Subclinical atherosclerosis (cohort III, N = 138)
Model1

2.26

1.03 - 4.97

1.97

0.75 - 5.15

1.22

0.41 - 3.61

Model2

2.58

1.08 - 3.12

1.97

0.73 - 5.31

1.40

0.45 - 4.31

Model3

2.71

1.05 - 7.01

1.90

0.70 - 5.14

1.46

0.47 - 4.56

Odds ratio (OR) with 95% confidence intervals for the risk of advanced atherosclerosis
(A) or subclinical atherosclerosis (B) with one logarithmic point upregulation of miR124-3p. In cohort III, smokers (n = 42), former smokers (stopped smoking < 5 years
ago, n = 27) and non-smokers (n = 69) were analyzed separately. Model 1, univariate;
model 2, corrected for gender; model 3, corrected for age and gender.
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CD206 is upregulated after forced overexpression of miR-124-3p in monocytes
and macrophages
To investigate if miR-124-3p expression in monocytes induces a higher expression
of the surface markers CD206, CD29 and CD45RA, miR-124-3p was overexpressed
in human monocytes and macrophages. Once monocytes enter the atherosclerotic
lesion, they become macrophages contributing to plaque development. Therefore,
miR-124-3p was overexpressed in both monocytes and macrophages. Using miRNA
mimic transfections, we were able perform a miR-124-3p overexpression of 517-fold
in human monocytes and 48-fold in macrophages (Figure 5A). This overexpression
resulted in a significant upregulation of the surface marker CD206 in both monocytes
and macrophages (Figure 5B). This is in line with our previous observations that
miR-124-3p associates with CD206 in both classical and intermediate monocytes.
Surprisingly, for the surface marker CD29, we observed a significant downregulation
in monocytes, whereas this downregulation was not observed in macrophages
(Figure 5C). Finally, the surface marker CD45RA was not altered after miR-124-3p
overexpression both in monocytes and in macrophages (Figure 5D).
DISCUSSION
In this study, we showed that smoking individuals with a high miR-124-3p expression
in whole blood are at increased risk of having atherosclerosis at an advanced stage
as well as in an early phase (subclinical atherosclerosis) where primary prevention is
still possible. Moreover, both non- and former smokers showed consistently low miR124-3p expression, suggesting that the effect of smoking on miR-124-3p levels is only
short-lasting. Finally, we were also able to show that miR-124-3p induces changes in
the monocyte/macrophage cell surface marker CD206. Therefore, miR-124-3p may
play an important role in smoking-related atherosclerosis, possibly via alterations in
monocyte phenotype through CD206 upregulation.
MiRNAs and smoking
Our finding that miR-124-3p expression is increased in smokers is in line with
Banerjee et al.10, who measured miRNA expression levels of a custom pathway
focused panel of 84 miRNAs in plasma of 30 smokers, 20 former smokers and 20
non-smokers, and found a more than 2-fold increase of miR-124-3p in smokers
compared to non-smokers. They also observed low miR-124-3p expression among
former smokers, suggesting a short, direct effect of smoking on monocyte miR-1243p expression. However, in their study, the former smokers stopped smoking >5 years
before blood collection, whereas the former smokers in our study stopped smoking
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Figure 4. miR-124-3p expression levels are associated with expression of CD206,
CD45RA and CD29 on human monocytes (cohort IV). Correlations between miR-1243p and FACS markers (A: CD45RA, classical monocytes; B: CD29, non-classical monocytes;
C: CD206, classical monocytes; D: CD29, intermediate monocytes). Pearson correlation
coefficient (r) and p-value of the monocyte phenotype marker miRNA expression (log10
transformed) are displayed as well as the log-regression line. ΔMFI = [median fluorescence
intensity]positive staining - [median fluorescence intensity]isotype control.

between 6 months and 5 years before blood collection. Therefore, our results do not
only confirm the results of Banerjee et al.10, but also demonstrate that the increased
expression of miR-124-3p in smokers is abolished soon after smoking cessation.
In addition, in our study, we did not only show that miR-124-3p originates from
monocytes, we also showed that upregulation of miR-124-3p in smokers is associated
with atherosclerosis and acts on monocytes, changing their phenotype.
Takahashi et al.9 measured plasma expression levels of 664 different miRNAs in 11
smokers and 7 non-smokers. Although they found 43 miRNAs to be differentially
expressed between smokers and non-smokers, miR-124-3p was not among these
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miRNAs. None of these 43 miRNAs would remain significantly associated with
smoking after correcting for multiple testing. The fact that miR-124-3p was not
found to be associated with smoking in this study might therefore have been caused
by a lack of statistical power.
Relation of miR-124-3p with monocyte surface markers and atherosclerosis
It has been described that smoking induces atherosclerosis via changes in monocyte

Figure 5. CD206 is upregulated after forced overexpression of miR-124-3p in cultured
monocytes and macrophages. Fold change in miR-124-3p expression in human monocytes
and macrophages after transfection with a miR-124-3p mimic (A) and expression of monocyte and macrophage phenotype markers after forced overexpression of human monocytes
and macrophages with a miR-124-3p mimic (B: CD206; C: CD29; D: CD45RA). ΔMFI =
[median fluorescence intensity]positive staining - [median fluorescence intensity]isotype control.
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function.3 After differentiation of monocytes into macrophages, these macrophages
can polarize towards the M1 or M2 subtype. M1 or ‘classically activated’ macrophages
release TNF-a, IL-1, and IL-6, while M2 are activated in the alternative way (by IL-4
or IL-13) and express the activation markers CD206, arginase 1, CD36, CD163, IL10, FIZZ1, and YM1.15 The relation between miR-124-3p and CD206, that we found
in this study, is in line with the results of Veremeyko et al. who showed in murine
macrophages that stimulation with IL-4 and IL-13 resulted in high pri-miR-124
expression and upregulation of CD206 expression, whereas after blocking primiR-124 with an antimiR in a subsequent study, the IL-4 stimulated upregulation of
CD206 was abolished.16 Although a causal relation between miR-124-3p and CD206
upregulation has been shown in macrophages of mice and is, therefore, also highly likely
in humans, further studies with inhibition experiments or dose-response transfection
assays are needed to confirm this causality in human monocytes. Furthermore, it is
known that cigarette smoke increases IL-4 production in monocytes.17 Therefore,
we postulate that an increase of IL-4 leads to higher miR-124-3p expression, which
in turn upregulates CD206. However, whether the upregulation of CD206 on the
monocyte is causal to smoking-induced atherosclerosis remains to be elucidated.
Furthermore, miR-124-3p was associated with surface markers CD45RA and CD29.
CD45RA is considered a pro-inflammatory surface marker.18 CD29 is one of the
components of VLA-4, which binds to its ligand vascular cell adhesion molecule
1 (VCAM-1) on the endothelium.19 VLA-4 displays a particularly high affinity for
inflamed endothelial cells and facilitates monocyte adhesion to and migration over
the endothelium, thereby promoting atherosclerosis.20 The association of miR-1243p with CD45RA and CD29 could, therefore, reflect the inflammatory component of
smoking induced atherosclerosis via a different pathway.
Strengths and limitations
This is the first study to robustly show that miR-124-3p in whole blood has different
expression levels among smokers and correlates with the occurrence of atherosclerosis.
Moreover, we provide an explanation for this phenomenon by showing that an
increased miR-124-3p expression in the blood is most likely to be monocyte-derived
and by providing insight into part of the mechanism in which miR-124-3p may lead
to atherosclerosis.
A particular strength of our study is that the miRNA microarray experiment was
performed in a relatively large cohort. Most often, microarray cohorts consist of
between 5 and 25 individuals, whereas our cohort consisted of 76 individuals. This
provides highly accurate and robust results with sufficient power for the comparison
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between three subpopulations (smokers, former smokers and non-smokers).
A limitation of our study is that cotinine was not measured to confirm the smoking
status of the participants. However, our most important findings were obtained in
smokers, where it is unlikely that they reported to smoke, when in fact they were
non-smokers. Therefore, it seems highly unlikely that this had a large influence on the
conclusions made in our study. Another limitation of our study is that the validation
cohorts were relatively small. However, the fact that the association between high miR124-3p expression and atherosclerosis in smokers could be found in three separate
cohorts, makes it highly unlikely that the observation is purely based on chance. In
cohort II and III, only individuals with a family history of premature atherosclerosis
were enrolled. These patients might have a genetic profile that is a prerequisite for the
association between miR-124-3p and atherosclerosis in smokers. The small sample
sizes of the cohorts and the specific genetic profile of the patients used in this study,
do, however, limit the generalizability of these results to the general population. We
would like to stress that this study is the first ever to show such effects among smokers
and is clearly a discovery study, which needs validation in much larger cohorts before
clinical application.
Conclusions
We showed that a high miR-124-3p expression in smoking individuals is related to
early stage as well as advanced atherosclerosis, which may suggest that smokers with
high miR-124-3p expression are more prone to the detrimental effects of smoking.
This was not the case for former and non-smokers, suggesting a short-lasting effect.
Finally, we observed that an increased miR-124-3p expression induces an upregulation
of CD206, and is associated with other white blood cell surface markers related to
atherosclerosis. Therefore, miR-124-3p can be a suitable biomarker to identify which
smoking individuals are at particular risk to develop atherosclerosis.
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SUPPLEMENTARY INFORMATION
Definitions
CVD was defined as one of the following cardiovascular diseases: myocardial infarction,
(un)stable angina, ischemic stroke, transient ischemic attack (TIA) or peripheral
artery disease as diagnosed by a medical specialist. Premature CVD was defined as a
history of CVD < 51 years in males or < 56 years in females. Advanced atherosclerosis
was defined as having premature CVD with at least 2 vessel disease on coronary
angiogram and/or having a calcium score ≥ 80th percentile. Hypercholesterolemia
was defined as an untreated LDL level ≥ 95th percentile corrected for age and sex, or
as treated for hypercholesterolemia with cholesterol lowering drugs. Hypertension
was defined as a systolic blood pressure of ≥ 140 mmHg or a diastolic blood pressure
of ≥ 90 mmHg or as treated for hypertension. Diabetes was defined as treated with
anti-diabetic medication.
Sample collection and processing
In cohort I, circulating monocytes were isolated from peripheral blood samples.
Non-fasting venous blood was drawn in CTAD tubes (Becton Dickinson, Alphen aan
de Rijn, the Netherlands) and centrifuged for 20 minutes at 163 g at 20 °C within 30
minutes after blood collection and processed immediately. The buffy coat was collected
and monocytes were positively selected with CD14+ Dynal beads (Invitrogen, Dynal
Biotech, Oslo, Norway) according to the manufacturer’s instructions. Monocytes were
incubated in RNAlater® (Ambion, Thermofisher Scientific, Waltham, Massachusetts,
USA) for 45 minutes. Subsequently, ice-cold phosphate buffered saline (PBS) was
added in a 1:1 volume ratio and the samples were centrifuged for one minute at
5000 g, after which monocytes were obtained and snap-frozen in liquid nitrogen.
Monocyte RNA was isolated using the mirVana PARIS kit (Ambion), according to
the manufacturer’s protocol.
In Cohort II and III, whole blood samples were collected in EDTA tubes (Becton
Dickinson) and directly stored at -80°C. Whole blood RNA was isolated using the
miREasy Mini kit (Qiagen, Venlo, Netherlands), according to the manufacturer’s
protocol.
For Cohort IV, whole blood samples were collected in EDTA tubes (Becton Dickinson)
and flow cytometric analysis was performed on these fresh samples as described in
the section ‘Flow cytometric analysis’. For the measurement of miRNA expression in
monocytes, peripheral blood mononuclear cells (PBMCs) were isolated from fresh
whole blood samples through density centrifugation using Lymphoprep™ (Axis-
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Shield, Dundee, Scotland). From these PBMCs, monocytes were isolated using human
CD14 magnetic beads (Miltenyi biotec, Bergisch Gladbach, Germany) and MACS®
cell separation columns (Miltenyi) according to the manufacturer’s instruction. RNA
was isolated from CD14+ monocytes using TRIzol® Reagent (Thermofisher Scientific,
Waltham, Massachusetts, USA) according to the manufacturer’s instruction. In
cohort IV, 1 sample was excluded from the analysis due to technical malfunction of
the flow cytometer and in 1 sample the monocyte isolation failed, leaving 20 subjects
for analysis.
MiRNA microarray
The integrity of total RNA including miRNAs from monocytes was investigated with
the BioAnalyzer (Agilent Technologies, Santa Clara, California) using the RNA 6000
Pico kit (Agilent Technologies) and Small RNA kit (Agilent Technologies) according
to the manufacturer’s instructions. 100 ng of total RNA including miRNAs was dried
down in a Centrivap concentrator (Labconco, Kansas City) and dissolved in 2 µl
RNase-free water. Sample labeling with Cy3 was performed as described in the miRNA
microarray System with miRNA Complete Labeling and Hyb Kit manual version 2.2
(Agilent Technologies) with the inclusion of spike-ins and the optional desalting step
with spin columns (Micro Bio-Spin 6, Bio-Rad). Labeled samples were hybridized on
Human 8x15k miRNA microarrays based on Sanger miRBase release 19.0 containing
866 human and 89 human viral miRNAs (G4470C, Agilent Technologies) at 55°C and
20 rpm for 20 hours. After washing, the arrays were scanned using the Agilent DNA
microarray scanner (G2565CA, Agilent Technologies). Data were extracted with
Feature Extraction software (v10.7.3.1, Agilent Technologies) with the miRNA_107_
Sep09 protocol for miRNA microarrays.
MiRNA microarray pre-processing and analysis
For the pre-processing of the microarray data (cohort I), a two-step normalization
approach was taken. In the first step, we corrected for systematic technical effects
in the raw probe-level data as extracted via the Agilent Feature Extraction software.
For this purpose, we fitted a linear mixed-effects model with coefficients for two
technical effects (slide and slide position, that is, upper or lower half of a slide), and
patient status using the R/MAANOVA package. Residuals after correcting for the two
technical effects were further pre-processed and summarized using a modified version
of the robust multi-array average (RMA) method with background correction, as
implemented in the AgiMicroRna R package.1 Quality control was performed using
the arrayQualityMetrics R package. Based on arrayQualityMetrics outlier detection
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and visual inspection of heatmaps, MA-plots, and intensity distributions, four
arrays were excluded from further analysis. Data from the remaining arrays were
renormalized using the two-stage procedure described above. Only non-control
miRNAs detected on at least one array according to Agilent Feature Extraction
software were included in the further analysis. To detect miRNAs differentially
expressed between smokers and non-smokers, gene-wise linear models were fit with
smoking status as explanatory variable corrected for patient status (case/control),
Body Mass index (BMI) and age followed by a moderated t-test (limma R package).
Resulting p-values were adjusted to correct for multiple hypothesis testing using the
Benjamin-Hochberg false discovery rate.
Reverse transcription quantitative PCR
In cohort II, III and IV, miR-124-3p expression was measured by reverse transcription
quantitative polymerase chain reaction (RT-qPCR). MiR-124-3p specific reverse
transcription was performed on 100ng of purified total RNA, using the TaqMan
MicroRNA Reverse Transcription kit (Applied Biosystems, Gent, Belgium). RTqPCR reactions were carried out in duplicate, on a LightCycler 480 system II
(Roche, Basel, Switzerland). Data were analysed using LinRegPCR quantitative PCR
data analysis software, version 11.2 MiR-124-3p expression was normalised to the
geometric mean of a previously established miRNA normalisation panel for whole
blood samples consisting of miR-130b and miR-342-3p.3 In cohort III, 2 samples
were left out of the analysis, since these samples did not pass the quality checks of the
LinRegPCR software, leaving 138 subjects for analysis.
Flow cytometric analysis
Blood samples were obtained by peripheral venipuncture and collected into K3EDTA
BD Vacutainer (BD Biosciences, San Jose, CA) tubes. After red blood cell lysis
(eBioscience 1x RBC lysis buffer), cells were washed and incubated with fluorescently
labeled antibodies for 20 minutes at room temperature in the dark. We used
antibodies against the following surface markers: CD14, CD16, HLA-DR, CD11b,
CD11c, CD18, CD29, CD32, CD36, CD64, CD45RA, CD49d, CD80, CD86, CD163,
CD206, CCR5, CCR7, CX3CR1, SRA and TLR4 (Supplementary Table 1). After an
additional wash, fluorescence was measured with a BD Canto II and analyzed with
FlowJo. CountBright Absolute Counting Beads (Thermofisher Scientific) were used
to determine absolute cell counts as described by the manufacturer. Compensation
was performed with eBioscience OneComp eBeads. Monocytes were gated using a
protocol that was adapted from a previous study.4 Briefly, cells were first plotted on a
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FCS/SSC plot and a first gate (A) was drawn to exclude the majority of debris, residual
red blood cells and granulocytes. These cells were next viewed on a CD14/CD16 plot
to gate CD14+ and/or CD16+ cells (B). When cells from gate B were viewed on a
CD16/HLA-DR plot, monocytes (gate C) were distinguished from residual cells (‘not
monocytes’). The final monocyte population was viewed again on a CD14/CD16 plot
to gate CD14++/CD16- (classical), CD14++/CD16+ (intermediate) and CD14dim/
CD16+ (non-classical) monocyte subsets. In addition to the percentage of each
subset and their absolute cell count, the expression of various surface markers was
assessed and calculated as ΔMFI = [median fluorescence intensity]positive staining
- [median fluorescence intensity]isotype control.
MiR-124-3p mimic experiment
Human monocytes were isolated from buffy coats via density centrifugation and
CD14+ beads isolation as described above and cultured in IMDM complete (25mM
HEPES + 10% Fetal Calf Serum, +1% L-glutamine, +1% penicillin streptomycin).
Monocytes were used directly or cultured for 6 days with 50ng/ml in the presence
of MCSF (Miltenyi) to induce transformation to macrophages. Cells were plated
in a 12-wells plate in a density of 1∙106 cells/ml. Monocytes and macrophages were
transfected with 20 µM miRIDIAN hsa-miR-124-3p mimic (Dharmacon, cat#
C-300592-05) or 20 µM negative control #1 mimic (Dharmacon, cat# CN-00100001-05) using Lipofectamine 2000 transfection reagent (Invitrogen) in triplicate.
Twenty-four hours after transfection of the cells, expression of CD206, CD29 and
CD45RA was measured by fluorescence-activated cell sorting analyses as described
above.
Coronary CT-scannning
Coronary CT-scans were performed using a 64-slice multi-detector CT scanner
(Brilliance 64, Philips Medical Systems, Best, the Netherlands). The CT acquisition
protocol was as follows: tube voltage, 120 kV; tube current, 55 mAs; detector
collimation, 40 × 0.625 mm; gantry rotation, 420 ms. Images were reconstructed in
a 220 mm field-of-view, 2.5 mm slice thickness, 2.5 mm increment, standard B filter,
window lever 200 and window width 800. Coronary artery calcium was evaluated
according to Agatston et al.5
Power calculations
Cohort I was purely hypothesis generating and therefore, no power calculation was
used. Cohort II was a validation of cohort I. This cohort was set up to only detect large
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expression differences and was therefore powered on 20. Cohort III was powered
on the findings of cohort I. Using the formulas from the software program nQuery
advisor 7.06, 7, we calculated that a sample size of 123 in each group had 80% power to
detect a difference in means of -0.36 (the difference between a Group 1 mean, m1, of
3.32 and a Group 2 mean, m2, of 3.68) assuming that the common standard deviation
was 1.00 using a two group t-test with a 0.05 two-sided significance level. For cohort
IV, no power calculation was performed, because the strength of the relation between
miR-124-3p and monocyte surface markers was unknown. We estimated that 20
patients would be enough to show any effects.
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Supplementary Figure 1. MiR-124-3p expression level in subclinical atherosclerosis
patients in former smokers and non-smokers (cohort III). Fold change (bars) and standard
error of the mean around this fold change (whiskers) of miR-124-3p expression between
subclinical atherosclerosis and controls among former smokers (A) and non-smokers (B) in
the second validation phase. There was no significant difference between groups in both A
and B.
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Supplementary Table 1. Markers measured by FACS analysis
Marker

Color

Concentration

Company

CD14

PE-Cy7

1/50

BD

CD16

APC-Cy7

1/50

BD

HLA-DR

PerCpCy5.5

1/50

BD

CCR7

PE

1/25

Biolegend

CCR5

FITC

1/10

BD

CX3CR1

PE

1/50

Biolegend

CD86

FITC

1/25

Biolegend

CD45RA

APC

1/100

BD

TLR-4

PE

1/25

Biolegend

CD32

FITC

1/10

BD

CD36

APC

1/25

BD

CD80

PE

1/10

BD

CD64

APC

1/50

Biolegend

SRA

PE

1/10

R&D

CD163

APC

1/25

Biolegend

CD206

FITC

1/25

Biolegend

CD200R

PE

1/25

Biolegend

CD18

APC

1/50

BD

CD11c

APC

1/10

BD

CD29

APC

1/10

BD

CD49d

FITC

1/25

BD

CD11b

PE

1/25

BD

BD = Becton Dickinson, Alphen aan de Rijn, the Netherlands; Biolegend = Biolegend, San
Diego, California, U.S; R&D = R&D Systems, Minneapolis, USA.
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SUMMARY
The main focus of this thesis is the discovery and validation of reliable and reproducible
circulating microRNA (miRNA) biomarkers for cardiovascular disease (CVD).
Chapter 1 provides a general introduction to the thesis. It points out the importance
to find new, better biomarkers for CVD and explains why circulating miRNAs have
the potential to be the future of biomarkers. Notwithstanding, extensive research on
circulating miRNAs in the past decade has not yielded any clinically implemented
circulating miRNA biomarkers for CVD yet. In particular, inconsistency in circulating
miRNA study results might have held back their success in clinical practice. Because
of the small size of miRNAs and their often low abundancy in the circulation, there
are several methodological challenges encountered during miRNA quantification.
These challenges and the diverse ways that researchers have handled them are likely to
have had a large contribution to the inability to replicate circulating miRNA studies.
Hence, providing solutions for these methodological challenges and implementing
them in standardized guidelines is crucial to find successful circulating miRNA
biomarkers for CVD.
Therefore, this thesis has been split in two sections. The first part of this thesis aims
to identify common challenges in the methodological design and statistical analysis
of circulating miRNA experiments and provides several methodological solutions
to overcome these challenges. In the second part of this thesis, our newly developed
methodological solutions are implemented in large circulating miRNA biomarker
studies to find reliable and reproducible circulating miRNA biomarkers in the field
of CVD.
Generally, circulating miRNA biomarker experiments consist of two phases. First, in
a discovery phase, a large number of miRNAs are screened for differences between
patients and controls using a high-throughput screening. Second, in the validation
phase, the most promising miRNA biomarker candidates from the discovery
phase are validated in a larger number of study subjects. In chapter 2 we explain
that one of the major problems in the discovery phase is the fact that, due to high
costs, often a small number of study subjects (small sample size) is used in the
high-throughput screening. Using an existing microarray dataset, we illustrate that
these small sample sizes can lead to a higher rate of false positive candidate miRNA
biomarkers with exaggerated effect sizes, which can result in difficulties to replicate
miRNA candidates in subsequent validation studies. Besides, these small samples
sizes also induce a higher rate of false negative candidate miRNAs, meaning that
real differences between patients and controls are not detected. This phenomenon is
commonly known as small sample size error. We describe that the only way to avoid
small sample size error is to predict the samples size needed to significantly detect
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meaningful differences between groups using a proper power calculation before
performing this costly high-throughput screening. In order to make such a power
calculation, knowledge about parameters such as the variance and the proportion of
non-differentially expressed miRNAs is needed. It is therefore essential to perform a
pilot experiment using a small number of subjects from the complete dataset. Only
then, a discovery experiment with sufficient power to detect meaningful differences
can be performed.
After having addressed some important challenges in the discovery phase of
circulating miRNA experiments, we address the methodological challenges faced
in the validation phase. In the validation phase, qPCR is the preferred method for
circulating miRNA quantification. In an editorial on a large circulating miRNA
study, in chapter 3, we illustrate the influence that different methods of data
handling can have on the final results. With these challenges in mind, in chapter
4, we propose a method to overcome the most important challenges of working
with qPCR circulating miRNA data. Because miRNAs most often circulate in very
low quantities, even a very sensitive method such as qPCR is stretched to its limit
which leads to the frequent occurrence of missing data. However, there can be several
different underlying causes that lead to missing data, such as a too low miRNA
concentration to be detected in the RNA sample, or missing because of a technical
error in the experiment. Technical errors are most often occurring at random, while
measurements that are missing because of an undetectable amount of miRNA in the
sample are not. Therefore, these two types of missing data must be distinguished
from each other and handled differently. Another issue of data handling can occur
when using biological replicates in the experiment, which is important to decrease
technical variance. As a rule of thumb, replicates should not differ more than 0.5
cycles; if the results of the replicates are too wide apart, they cannot reliably be
averaged into a meaningful single measurement. However, it is unavoidablye that a
larger variation between replicates will be found with decreasing concentrations of
miRNA within the sample. Therefore, strict adherence to the 0.5 cycles rule will lead
to an unnecessary loss of valuable data. Based on qPCR kinetics, we provide a 4-step
data handling pipeline that provides an extra quality control, distinguishes different
types of missing data and statistically decides whether a biological replicate is truly
discordant. After running the data through the pipeline, missing data are classified
as ‘invalid’ (technical error) or ‘undetectable’ (too low to be quantitatively measured)
and using a set of imputation rules, each result is substituted with an appropriate
value. In the last part of chapter 4, we validated this method in two cohorts of >2200
heart failure patients and experimentally demonstrated that the data handling
pipeline increased both accuracy and precision of the circulating miRNA results.
Since the PCR kinetics of the above method also apply to DNA and messenger
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RNA measurements, we recommend to use this data handling protocol not only for
miRNA measurements, but as a standard for qPCR experiments in general.
In chapter 5 we summarize and conclude the first part of this thesis, in an extensive
review that discusses all challenges in the methodological design and analysis
encountered when performing a circulating miRNA experiment. We discuss the
above described issues of small sample size error in the discovery phase and qPCR
data handling in the validation phase. Moreover, we highlight the importance of using
PCR efficiency in the qPCR equation to reliably quantify miRNA expression levels.
Currently, most researchers use the 2-dCt or 2-ddCt methods to express normalized
miRNA levels, which do not take the PCR efficiency into account. These methods,
however, are only valid if the PCR efficiency of both target and reference gene/miRNA
are equal to 2, which is almost never the case. We show that using these methods
without the PCR efficiency in the qPCR equation can lead to severe biases in the
results. Also, we stress the need to correct for inter-plate differences in large, multiplate experiments, which can be executed by a factor correction software program
that removes unnecessary technical variation.
In the second part of the thesis, we used the above proposed data handling pipeline,
to search for cardiovascular miRNA biomarkers. In chapter 6, we investigated
several previously identified heart failure related miRNAs for the prognostication
of morbidity and mortality. We found that 2 miRNAs, miR-1306-5p and miR-1254,
significantly predicted heart failure related morbidity and mortality in two large,
independent heart failure cohorts (>2200 heart failure patients in total) from different
continents. Moreover, in chapter 7, in a completely independent study investigating
serially measured miRNAs for the same outcomes in heart failure patients, the exact
same miRNAs were found to be predictive for heart failure related morbidity and
mortality. Although these miRNAs, miR-1306-5p and miR-1254, were significantly
predictive for adverse outcomes in heart failure patients from 3 independent cohorts
consisting of >2500 patients, they did not outperform or provide any addition on top
of NT-proBNP to predict the prognosis of heart failure patients.
In chapter 8, we aimed to find new miRNA biomarkers for both stable coronary
artery disease (stable CAD) and during an acute myocardial infarction (unstable
CAD). We aimed to identify tissue-derived aberrant miRNAs expression patterns in
the atherosclerotic plaque that would identify increased plaque formation or plaque
instability. Therefore, in the discovery phase of this study, we measured miRNA
expression levels in tissue that was directly obtained from the atherosclerotic plaque
and compared expression levels of 742 miRNAs between patients with stable CAD
and unstable CAD. The 6 miRNAs that showed the largest expression differences
between stable CAD and unstable CAD were selected for subsequent validation in
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two phases with an increasing number of patients (n=395 and n=1000). In the second
validation phase, the most promising miRNAs for CAD from literature were added
to the panel of miRNA candidates. We found that miR-122-5p, miR-223-3p, 146a-5p,
miR-133a-3p and miR-155-5p are highly associated to unstable CAD, whereas, no
convincing markers for stable CAD could be found. In further studies, however, it
needs to be elucidated if these miRNAs are sensitive markers of ischemia, or whether
they reflect ongoing processes of developing plaque instability, in which case they
might be useful for cardiovascular risk prediction.
In chapter 9, we investigated miRNAs from isolated monocytes and found that one
particular miRNA, miR-124-3p, was highly different in expression between smokers
and nonsmokers. Moreover, smokers with atherosclerosis had higher expression
levels than smokers without any atherosclerosis. In two further validation studies,
we were able to show that this monocyte derived miR-124-3p was associated to
both advanced atherosclerosis as well as early stage subclinical atherosclerosis in
smokers. The relation between miR-124-3p and atherosclerosis could not be found
in former smokers or nonsmokers, suggesting that this relation between miR-124-3p
and atherosclerosis is confined to smoking individuals only. Subsequently, in order
to unravel part of the mechanism behind the association between miR-124-3p and
smokers with atherosclerosis, miR-124-3p levels were correlated to monocyte surface
markers and were found to be positively correlated to CD45RA, CD29 and CD206.
Finally, overexpression of miR-124-3p in both cultured monocytes and macrophages
resulted in an upregulation of CD206 surface expression on monocytes, suggesting
that CD206 is directly regulated by miR-124-3p in smokers.
DISCUSSION
In this thesis, we aimed to improve circulating miRNA experiment methodology
and apply these methods to our experiments in order to find new, robust circulating
biomarkers for cardiovascular disease. We contributed to circulating miRNA
research, not only by developing new methods to improve circulating miRNA
biomarker accuracy, but also by performing some of the largest circulating miRNA
studies so far. Although we found several highly interesting cardiovascular diseaseassociated circulating miRNAs, their true value as biomarkers in a clinical setting
is still to be proven. Over the past years, many other studies have found circulating
miRNAs associated with cardiovascular disease. However, none of these have been
implemented in clinical practice yet. As explained in the introduction of this thesis,
miRNAs have many properties that make them ideal as biomarkers, such as their
easy accessibility and stability in the circulation. However, we believe that there are
still several challenges to be solved before circulating miRNAs can be successfully
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used as biomarkers in the clinic.
One of these challenges is the large inter-individual variation in miRNA expression
level due to inaccurate and/or imprecise measurements (technical error). The freqent
occurence of missing data in circulating miRNA experiments and the divergent
and sometimes even erroneous handling of this data can lead to increased technical
error. We demonstrate that when performing a circulating miRNA experiment using
the methods described in chapter 4 in this thesis, technical variation in circulating
miRNA measurements is highly reduced. This has allowed us to find miRNAs that
were consistently associated to disease or a disease state in multiple independent
cohorts while only having moderate effect sizes. For the identification of a reliable
biomarker it is an absolute necessity to reduce technical errors. Therefore, the
methods developed in this thesis have brought miRNA biomarkers one step closer to
their use in a clinical setting.
On the other hand, it is known that most variation in expression levels in a qPCR
experiment is not caused by technical errors, but is caused by the characteristics of
the individual (biological variation).1 These unexplained inter-individual miRNA
expression differences might hamper the accuracy of circulating miRNA biomarkers.
In the last decades, we learned that miRNAs regulate cellular protein expression by
binding to a messenger RNA (mRNA) which leads to repression of the translation
of this mRNA into a protein or degradation of the mRNA. Interestingly, one mRNA
can bind to multiple miRNAs and also, a specific miRNA is able to bind to several
different mRNAs.2 Consequently, miRNA regulation remains such a complex and
vast network that we are only beginning to understand how miRNAs regulate larger
(patho)physiological processes in the body to maintain homeostasis or cause disease.
Therefore, a miRNA that is investigated for association to disease might also be
involved in several other processes that are unrelated to the disease.
Although many circulating miRNAs are claimed to be tissue- and disease-specific3,
4, most miRNAs are not as specific as previously claimed. This is shown by a website
(https://loom.miroculus.com/) which has summarized miRNAs expression studies.
Here, we can find that a single miRNA, such as miR-223, can be expressed in a large
number of organ systems and pathological conditions (Figure 1).5 Broad expression
of miRNAs may be one of the reasons for increased biological variation in circulating
miRNA levels. For example, one specific miRNA, such as miR-122-5p, is implicated
in several organ systems; it is found in the heart, but is also highly expressed in the
liver, and is even found to play a role in the intestines.6-8
This lack specificity may cause increased variation in miRNA levels and trouble the
sight on the association between miRNA and the disease. In this thesis, we found two
highly promising biomarkers for heart failure, miR-1254 and miR-1306-5p, which we
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were able to replicate in multiple validation cohorts. Unfortunately, these replicable
circulating miRNA heart failure biomarkers did not improve the prognostication of
heart failure related morbidity and mortality on top of NT-proBNP. Apparently, the
miRNA levels of patients with heart failure are influenced by many other factors
than heart failure related processes alone, limiting their discriminative value. If
these other factors that are influencing miRNA expression are identified, they can
be corrected for, which might highly increase their predictive value. Corrected for
these factors, miR-1254 and miR-1306-5p might still be very interesting markers to
predict the prognosis of heart failure. Clinicians may be able to use these markers to
identify patients that are in need of intensification of their medication, preventing
the deterioration of heart failure.
In this thesis, we also investigated miRNAs that can be used in the diagnostic phase
of cardiovascular disease. Several microRNAs were found to be highly discriminative
between unstable coronary artery disease and stable coronary artery disease in the
acute phase of disease when ischemia or hypoxia occurs. However, we were not able
to validate many miRNAs that were previously associated to atherosclerosis. Also
among these miRNAs we found a high inter-individual variation. We speculate that,
since miRNAs are fine-tuners of biological processes, miRNA levels may be very
specific for a small subgroup of patients. For example, expression of a particular
miRNA might only be increased in atherosclerosis patients who are white males with
overweight and hypertension. Therefore, improved phenotyping of the patient and
analysis following these subgroups in future studies might increase the diagnostic
accuracy of circulating miRNA biomarkers.
Another potential reason that circulating miRNA biomarkers have not made it to the
clinic yet might be that the best circulating miRNA biomarkers are still to be identified.
As explained in this thesis, circulating miRNA biomarkers are often identified from a
small sample size study between cases and controls, where false negative results are a
common finding. Also, microarrays do not cover all miRNAs that are present in the
body. Small RNA sequencing, on the other hand, can measure a much wider range of
miRNAs. With the falling costs of this method, more and more researchers choose to
use small RNA sequencing, which may provide us new potential circulating miRNA
biomarkers that have been overlooked in the past. Circulating miRNA research might
also benefit from looking at specific fractions of the blood. It is known that some
miRNAs are mainly found in exosomes and microvesicles. It is thought that these
encapsulated miRNAs provide a new way of cell-to-cell communication.9 Therefore,
measuring circulating miRNAs in microvesicles or exosomes may also provide us
new, interesting miRNA candidates.
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Figure 1. One specific microRNA (miR-223) can be associated to more than 100 different
diseases and genes. Every purple dot on the left side of the circle represents one gene associated with miR-223. Lightred dots on the right side represent all different diseases that this
miRNA is associated with. Darker dots are named examples of a disease or genes. Source:
https://loom.miroculus.com.
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FUTURE PERSPECTIVES
Although some circulating miRNA biomarkers might not have been discovered yet, it
is most likely that, due to the extensive reseach conducted in the past decade, the best
markers are among those that have already been found. Therefore, further large scale
studies to settle the real added value of these potential circulating miRNA biomarkers
must now be performed. Currently, still many small sample sized studies are carried
out. These studies have a high change of finding false-positive associations, only
wasting money and time. Only by performing large circulating miRNA biomarker
studies, we will be able to answer the key question if circulating miRNA biomarkers
can truly be of added value to modern healthcare.
Also mechanistic studies might be able to improve the circulating miRNA biomarker
reseach field. Still many factors that influence miRNA expression in the body are
poorly understood. Some circulating miRNAs might actually be good biomarkers, but
only in certain conditions or for specific subgroups of patients. Mechanistic insight in
this highly complex and extensive system of regulation might help to identifty these
conditions or subgroups, increasing circulating miRNA biomarker accuracy.
Concluding, although some challenges remain, we have come a long way in the past
decades of circulating miRNA research. In this thesis we contributed to circulating
miRNA biomarker research by providing some highly interesting biomarkers for CVD
and by proposing new methods to increase the accuracy and precision of miRNA
quantification. Further circulating miRNA research will certainly be worth the effort
as good biomarkers will absolutely revolutionize the way of modern medicine. With
good biomarkers, it might be possible to diagnose or assess the prognosis of every
possible disease from just one single drop of the patients’ blood. Given the ideal
biomarker properties of miRNAs and the many highly potential markers we have
discovered already, there is a high probability that circulating miRNAs will be among
these future biomarkers.
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NEDERLANDSE SAMENVATTING
Hart- en vaatziekten (HVZ) zijn nog steeds een van de grootste oorzaken van
overlijden in de wereld. Ondanks dat er in de afgelopen decennia door medischwetenschappelijk onderzoek een aanzienlijke vooruitgang is geboekt in de preventie
en behandeling van HVZ, is er nog veel ruimte voor verbetering.
Hoofdstuk 1 vormt de inleiding op dit proefschrift. We leggen uit dat op dit moment
het risico op hart- en vaatziekten wordt bepaald aan de hand van risicotabellen. Met
behulp van deze risicotabellen wordt op basis van riscofactoren, zoals het cholesterol,
de bloeddruk en de leeftijd, voorspeld wat de kans van het individu op HVZ is. Helaas
voorspellen deze risicotabellen maar matig of het individu daadwerkelijk HVZ zal
ontwikkelen. Dit komt doordat de indicatoren (zoals de hoogte van cholesterol en
de bloeddruk) die op dit moment worden gebruikt bij de voorspelling of iemand
HVZ zal ontwikkelen, maar voor een klein deel bepalen of iemand daadwerkelijk
HVZ zal ontwikkelen. Daarom wordt er hard gezocht naar innovatieve indicatoren
die het risico op HVZ beter kunnen voorspellen. Deze indicatoren worden ook wel
biomarkers genoemd. Naast het voorspellen van HVZ kunnen deze biomarkers
ook goed gebruikt worden om een behandeling op maat te bewerkstelligen of om te
voorspellen of mensen die reeds HVZ hebben doorgemaakt, een hoger risico lopen
op een recidief of overlijden aan hun ziekte.
MicroRNA’s (miRNA’s) zijn kleine RNA moleculen. De meeste RNA’s zijn zogeheten
messenger RNA’s. Messenger RNA’s bevatten een stukje code dat in de cel wordt
omgezet in een eiwit. MiRNA’s daarentegen, bevatten geen code voor een eiwit, maar
hebben een regulerende functie. Normaal wordt tijdens het proces van ‘translatie’
een messenger RNA omgezet in een eiwit. Echter, als een miRNA bindt aan een
messenger RNA, kan dit messenger RNA niet meer omzet worden in een eiwit.
Omdat eiwitten de belangrijkste bouwstenen zijn van het lichaam, hebben miRNA’s
een enorm belangrijke regulerende functie in het lichaam bij vele biologische
processen, maar ook bij het ontstaan van ziekten. Aangezien miRNA’s uit de cel
kunnen ‘lekken’ en in de bloedbaan terecht kunnen komen, kunnen miRNA’s in de
bloedbaan een goede weerspiegeling zijn van processen die leiden tot ziekte of die
een ziekte in stand houden. Het meten van deze zogeheten circulerende miRNA’s
kunnen ons daarom vertellen of iemand ziek is of ziek gaat worden. Men vermoedt
daarom dat circulerende miRNA’s zeer goede biomarkers voor ziekte kunnen zijn.
Ondanks dat er in de afgelopen jaren vele miRNA’s zijn gevonden die geassocieerd
zijn met HVZ, is er echter nog geen enkele miRNA biomarker gevonden die bruikbaar
is in de dagelijkse praktijk van de gezondheidszorg. Een van de obstakels voor het
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gebruik van miRNA biomarkers is namelijk dat resultaten van onderzoek naar
circulerende miRNA’s regelmatig inconsistent zijn, ook al is de studieopzet in grote
mate vergelijkbaar. Doordat miRNA’s erg klein zijn en vaak in lage concentraties in het
bloed aanwezig zijn, is het meten en het analyseren van miRNA’s een grote uitdaging.
Om de expressie van miRNA’s te kwantificeren zijn daardoor uiteenlopende methoden
gebruikt die niet altijd even correct zijn in elke situatie. Dit heeft waarschijnlijk een
groot aandeel gehad in het ontstaan van inconsistente resultaten. Het vinden van
oplossingen voor deze methodologische uitdagingen en het implementeren van deze
oplossingen in gestandaardiseerde richtlijnen is daarom cruciaal voor het succes van
circulerende miRNA biomarkers.
Dit proefschrift is opgesplitst in twee delen. In het eerste deel gaan we op zoek naar
veelvoorkomende methodologische problemen en uitdagingen waar men op dit
moment bij wetenschappelijke studies naar circulerende miRNA’s tegenaan loopt
en bieden we een aantal oplossingen voor deze problemen. In het tweede deel van
dit proefschrift hebben we een aantal grote studies uitgevoerd om, met behulp
van de nieuw ontwikkelde methodologische oplossingen, nieuwe betrouwbare en
repliceerbare miRNA biomarkers te vinden voor de verschillende typen hart- en
vaatziekten.
Biomarkeronderzoek bestaat doorgaans uit een ‘discovery’ fase en een ‘validatie’
fase. In de ‘discovery’ fase van het miRNA biomarkeronderzoek wordt gezocht naar
nieuwe miRNA’s die verband houden met de ziekte. Dit wordt gedaan door het meten
van een groot aantal miRNA’s tussen twee of meer groepen (bijvoorbeeld een groep
patiënten en gezonde controles). In de ‘validatie’ fase worden deze kandidaten uit de
‘discovery’ fase nogmaals gemeten in een onafhankelijke groep proefpersonen om de
associatie tussen de miRNA’s en de ziekte verder te onderbouwen.
In hoofdstuk 2 leggen we uit dat een van de grootste problemen tijdens de ‘discovery’
fase is, dat vanwege de hoge kosten van dit soort methoden, het experiment vaak met
een klein aantal proefpersonen wordt uitgevoerd. Door middel van een bestaande
‘microarray’ dataset, laten we zien dit kan leiden tot veel fout-positieve resultaten
met een overdreven grote effectmaat. Daardoor kunnen resultaten vervolgens
moeilijk te repliceren zijn in een volgende studie. Daarnaast leidt dit ook tot foutnegatieve resultaten, wat betekent dat ware verschillen over het hoofd worden gezien.
Dit fenomeen wordt small sample size error genoemd. We beschrijven dat small
sample size error enkel te voorkomen is door een power calculatie te doen voordat
deze fase van het onderzoek wordt ingezet. Met behulp van een goed uitgevoerde
power calculatie kan berekend worden hoeveel mensen nodig zijn om belangrijke
verschillen tussen patiënten en controles significant te detecteren. Om een goede
power calculatie te doen, zijn er echter een aantal parameters nodig zoals: de variantie
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en het verwachte aantal miRNA die niet verschillend zijn tussen beide groepen. Deze
parameters zijn enkel in te schatten door een zogeheten pilot studie te doen in een
klein deel van de complete dataset.
Nadat we in dit proefschrift aandacht hebben gewijd aan methodologische
struikelblokken in de ‘discovery’ fase, leggen we de focus op de ‘validatie fase’. Voor
het meten van miRNA’s in de ‘validatie’ fase is qPCR de methode die de voorkeur
geniet. Aan de hand van een editorial over een grote studie naar circulerende miRNA’s,
hebben we in hoofdstuk 3 uitgelegd en geïllustreerd dat verschillend omgaan met de
qPCR data tot heel verschillende onderzoeksresultaten kan leiden.
Vervolgens, in hoofdstuk 4, hebben we een methode ontwikkeld om op een statistisch
valide manier met qPCR data van miRNA metingen om te gaan. Omdat miRNA’s
vaak in zeer lage concentraties circuleren in de bloedbaan, zijn deze miRNA’s zelfs
met een zeer sensitieve meetmethode als qPCR soms moeilijk te meten waardoor
er missende waarden optreden. Deze missende waarden kunnen echter niet alleen
optreden doordat er te weinig miRNA is om te kunnen meten, maar ze kunnen ook
voorkomen als er technische fouten in de meetmethode zijn opgetreden. Missende
waarden veroorzaakt door technische fouten komen vrijwel altijd willekeurig voor,
maar missende waarden door niet-detecteerbare hoeveelheden miRNA zijn lang niet
altijd veroorzaakt door willekeurige processen. Deze twee oorzaken van missende
waarden moeten daarom uit elkaar worden gehouden en er moet op verschillende
manieren mee worden omgegaan. Een andere kwestie tijdens het omgaan met
miRNA qPCR data kan voorkomen wanneer biologische replica’s gebruikt worden.
Hierbij wordt het gemiddelde van twee of meer metingen in één persoon gebruikt
om technische variatie te verminderen. Een veelgebruikte vuistregel is: als de replica’s
meer dan een halve cyclus van elkaar verschillen, liggen de replica’s te ver van elkaar
om deze twee metingen te converteren in een betrouwbaar gemiddelde. Echter, als
concentraties van het te meten miRNA afnemen, zal er onvermijdelijk meer variatie
optreden in de metingen. Het strikt opvolgen van de bovenstaande vuistregel zal dan
ook leiden tot een onnodig verlies van waardevolle data. Gebaseerd op de kinetiek
van de qPCR meetmethode hebben we daarom een stroomdiagram ontwikkeld,
bestaande uit vier stappen. Hiermee wordt een extra kwaliteitscontrole uitgevoerd,
verschillende typen missende data van elkaar onderscheiden en wordt er statistisch
bepaald of een biologische replica dicht genoeg bij elkaar ligt om er een betrouwbaar
gemiddelde van te nemen. Door het volgen van het stroomdiagram wordt de data
ingedeeld in ‘valide’ data en twee typen missende data; ‘invalide’ data (technische
fout) en ‘ondetecteerbare’ data (te laag om gekwantificeerd te worden). Met behulp
van een set imputatieregels worden deze twee soorten missende data vervolgens
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vervangen door een gepaste waarde. In het laatste deel van hoofdstuk 4 hebben we
de bovenstaande methode gevalideerd in twee cohorten bestaande uit meer dan
2200 patiënten met hartfalen. Experimenten die onze nieuwe methode vergeleken
met huidige methoden lieten zien dat deze nieuwe methode zowel de accuratesse
als de precisie van de circulerende miRNA metingen verbeterde. Aangezien de
onderliggende technieken van qPCR hetzelfde werken voor het meten van miRNA’s
als voor het meten van andere RNA’s of zelfs DNA, adviseren we deze methode te
gebruiken voor alle soorten qPCR metingen, met name waar gewerkt wordt met lage
concentraties.
In hoofdstuk 5 zijn de voorgaande hoofdstukken samengevat in een review waarin we
alle uitdagingen hebben besproken die men tegenkomt bij het meten van circulerende
miRNA’s. Naast eerder besproken onderwerpen zoals small sample size error en het
omgaan met qPCR data, wordt hier ook het belang genoemd van het meenemen van
de PCR reactie-efficiëntie in de data-analyse. Op dit moment gebruiken de meeste
onderzoekers de 2-dCt or 2-ddCt methoden om de miRNA expressie mee uit te
drukken. Deze methoden zijn echter enkel valide als de PCR reactie-efficiëntie van
zowel het te meten miRNA als de referentie gelijk is aan twee. Dit is echter vrijwel
nooit het geval. We illustreren aan de hand van een experiment met zelf gegenereerde
data, dat het weglaten van de PCR reactie-efficiëntie tot ernstige vertekening van de
resultaten kan leiden. Ten slotte bespreken we in dit hoofdstuk de noodzaak tot het
corrigeren voor variatie tussen qPCR reactieplaten wanneer, in het geval van grote
experimenten, meerdere qPCR reactieplaten gebruikt worden. Deze variatie kan
voor een groot deel gecorrigeerd worden door middel van een softwareprogramma
dat met behulp van statistische berekeningen onnodige variatie verwijdert.
In hoofdstuk 6, het eerste hoofdstuk van het tweede deel van dit proefschrift,
hebben we onderzocht of eerder geïdentificeerde hartfalen geassocieerde miRNA’s
gebruikt kunnen worden voor de prognose van hartfalen gerelateerde mortaliteit en
morbiditeit. In twee grote cohorten (>2200 hartfalen patiënten in totaal) vonden we
dat twee miRNA’s, miR-1306-5p en miR-1254, significant voorspelden of een individu
in de toekomst in het ziekenhuis zou worden opgenomen ten gevolge van hartfalen
of kwam te overlijden. Deze resultaten werden verder bevestigd in hoofdstuk 7,
waarbij in een nieuwe, onafhankelijke groep patiënten met hartfalen, miRNA’s in
serie gemeten werden. Ook in dit onderzoek vonden we dat miR-1306-5p en miR1254 significant voorspelden welke patiënten werden opgenomen voor hartfalen of
daaraan kwamen te overlijden.
In geen van de drie verschillende bovenstaande cohorten voorspelden deze miRNA’s
deze uitkomsten echter beter dan NT-proBNP of verbeterden ze deze voorspelling
als zij aan NT-proBNP werden toegevoegd.
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In hoofdstuk 8 zijn we op zoek gegaan naar nieuwe circulerende miRNA biomarkers
voor coronairlijden, waar atherosclerose (slagaderverkalking) aan ten grondslag
ligt. In de ‘discovery’ fase van dit onderzoek hebben we daarom 742 verschillende
miRNA’s gemeten in atherosclerotisch weefsel van patiënten met stabiel en instabiel
coronairlijden en de expressie van miRNA’s tussen beide groepen vergeleken.
De zes miRNA’s met de meeste verschillen tussen beide groepen werden verder
gevalideerd in twee ‘validatie’ fasen van een oplopende hoeveelheid proefpersonen
(n=395 en n=1000, respectievelijk). In de tweede ‘validatie’ fase werden naast de
geselecteerde miRNA’s uit de ‘discovery’ fase tevens de meest veelbelovende miRNA’s
uit de literatuur gemeten en meegenomen in de analyse. In dit onderzoek vonden
we dat miR-122-5p, miR-223-3p, miR-146a-5p, miR-133a-3p en miR-155-5p sterk
geassocieerd waren met instabiel coronairlijden. Voor stabiel coronairlijden werden
geen overtuigende markers gevonden. Of de bovenstaande markers voor instabiel
coronairlijden vrijkomen bij ischemie in de acute fase of dat zij de processen
reflecteren die uiteindelijk leiden tot atherosclerotische plaque instabiliteit, blijft
voor nu nog onduidelijk. Om helder te krijgen of deze miRNA’s ook gebruikt kunnen
worden voor cardiovasculaire risicopredictie, is meer onderzoek noodzakelijk.
Ten slotte, in hoofdstuk 9, onderzochten we miRNA’s in geïsoleerde monocyten en
vonden dat één specifiek miRNA, miR-124-3p, zeer verschillend tot expressie kwam in
rokers ten opzichte van niet-rokers. Bovendien hadden rokers met atherosclerose veel
hogere expressielevels van miR-124-3p in monocyten ten opzichte van rokers zonder
atherosclerose. In twee ‘validatie’ studies vonden we dat deze hogere expressielevels
van miR-124-3p bij rokers zowel bij mensen beginnende atherosclerose als bij mensen
met atherosclerose in een vergevorderd stadium te vinden was. De relatie tussen
een hoog miR-124-3p en atherosclerose werd niet gevonden bij rokers of gestopte
rokers. Vervolgens, om het mechanisme achter deze associatie tussen miR-124-3p en
atherosclerose bij rokers verder te ontrafelen, werden expressielevels van miR-124-3p
gecorreleerd aan monocyten-oppervlaktemarkers. Daarbij vonden we een positieve
correlatie tussen miR-124-3p en de monocyten-oppervlaktemarkers CD45RA, CD29
en CD206. Om te onderzoeken of er ook echt een oorzakelijk verband was tussen miR124-3p en deze oppervlaktemarkers, werd miR-124-3p tot overexpressie gebracht in
zowel monocyten als in macrofagen. Overexpressie van miR-124-3p leidde tot een
verhoogd CD206. Dit suggereert dat CD206 direct wordt gereguleerd door miR-1243p, hetgeen mogelijk bijdraagt aan het ontstaan van atherosclerose bij rokers.

258

Nederlandse samenvatting

A

259

Appendices
AUTHORS AND AFFILIATIONS
K. Martijn Akkerhuis
Department of Cardiology, Thoraxcenter, Erasmus MC, Rotterdam, The Netherlands
and Cardiovascular Research School Erasmus MC (COEUR)
Marta De Antonio
Heart Failure Unit, Germans Trias i Pujol Hospital, Badalona
Folkert W. Asselbergs
Department of Cardiology, Division of Heart and Lungs, UMC Utrecht, Utrecht, The
Netherlands, Durrer Center for Cardiogenetic Research, ICIN-Netherlands Heart
Institute, Utrecht, the Netherlands and Institute of Cardiovascular Science, Faculty of
Population Health Sciences, University College London, London, United Kingdom
Antoni Bayes-Genis
Heart Failure Unit, Germans Trias i Pujol Hospital, Badalona, Spain and department
of Medicine, Universitat Autònoma de Barcelona, Barcelona, Spain
Marcel A.M. Beijk
Department of Cardiology, Academic Medical Center, University of Amsterdam,
Amsterdam, The Netherlands
Eric Boersma
Department of Cardiology, Thoraxcenter, Erasmus MC, Rotterdam, The Netherlands
and Cardiovascular Research School Erasmus MC (COEUR)
Ewout-Jan van den Bos
Department of Cardiology, Albert Schweitzer Hospital, Dordrecht, The Netherlands
Jan Van den Bossche
Department of Medical Biochemistry, Academic Medical Center, Amsterdam, The
Netherlands
Nick van Boven
Department of Cardiology, Noordwest Ziekenhuisgroep, Alkmaar, The Netherlands
and department of Cardiology, Thoraxcenter, Erasmus MC, Rotterdam, The Netherlands.
Esther E. Creemers
Department of Experimental Cardiology, Academic Medical Center, Amsterdam,
The Netherlands

260

Authors and affiliations

Dirk J. Duncker
Cardiovascular Research School Erasmus MC (COEUR)
Marinus J.C. Eijkemans
Julius Center for Health Sciences and Primary Care, University Medical Center
Utrecht, Utrecht, The Netherlands
Amalia Halliani
Department of Experimental Cardiology, Academic Medical Center, Amsterdam,
The Netherlands
Hans Hillege
Department of Cardiology, University of Groningen, University Medical Center Groningen, Groningen, The Netherlands and department of Epidemiology, University of
Groningen, University Medical Center Groningen, Groningen, The Netherlands
Isabella Kardys
Department of Cardiology, Thoraxcenter, Erasmus MC, Rotterdam, The Netherlands
and Cardiovascular Research School Erasmus MC (COEUR)
Mohsin A.F. Khan
Department of Cardiology, Academic Medical Center, Amsterdam, The Netherlands
Amir Khoshiwal
Department of Clinical Epidemiology, Biostatistics and Bioinformatics, Academic
Medical Center, Amsterdam, The Netherlands
Maayke G.M. Kok
Department of Vascular Medicine, Academic Medical Center, Amsterdam, The
Netherlands
Josep Lupón
Heart Failure Unit, Germans Trias i Pujol Hospital, Badalona, Spain and department
of Medicine, Universitat Autònoma de Barcelona, Barcelona, Spain
David Lanfear
Henry Ford Hospital, Heart and Vascular Institute, Detroit MI, USA
Joost J. Leenders
ACS Biomarker BV, Amsterdam, the Netherlands

261

A

Appendices
Zhen Liu
ACS Biomarker BV, Amsterdam, the Netherlands
Ingeborg van der Made
Department of Experimental Cardiology, Academic Medical Center, Amsterdam,
The Netherlands
Joost C.M. Meijers
Department of Plasma Proteins, Sanquin Research, Amsterdam, The Netherlands
and department of Experimental Vascular Medicine, Academic Medical Center, Amsterdam, The Netherlands
Daphne Merkus
Cardiovascular Research School Erasmus MC (COEUR)
Perry D. Moerland
Department of Clinical Epidemiology, Biostatistics and Bioinformatics, Academic
Medical Center, Amsterdam, The Netherlands
Annette E. Neele
Department of Medical Biochemistry, Academic Medical Center, Amsterdam, The
Netherlands
Yigal M. Pinto
Department of Experimental Cardiology, Academic Medical Center, University of
Amsterdam, Amsterdam, The Netherlands
Sara-Joan Pinto-Sietsma
Department of Clinical Epidemiology, Biostatistics and Bioinformatics, Academic
Medical Center, Amsterdam, The Netherlands and department of Vascular Medicine,
Academic Medical Center, Amsterdam, The Netherlands
Douwe Postmus
Department of Epidemiology, University of Groningen, University Medical Center
Groningen, Groningen, The Netherlands
Brigitte M. Sondermeijer
Department of Vascular Medicine, Academic Medical Center, Amsterdam, The
Netherlands

262

Authors and affiliations
Menno P.J. de Winther
Department of Medical Biochemistry, Academic Medical Center, Amsterdam, The
Netherlands
Jan M. Ruijter
Anatomy, Embryology and Physiology, Academic Medical Center, Amsterdam, The
Netherlands
Laura C. van Vark
Department of Cardiology, Thoraxcenter, Erasmus MC, Rotterdam, The Netherlands
and Cardiovascular Research School Erasmus MC (COEUR)
Adriaan A. Voors
Department of Cardiology, University of Groningen, University Medical Center Groningen, Groningen, The Netherlands
Allard C. van der Wal
Department of Pathology, Academic Medical Center, University of Amsterdam, Amsterdam, The Netherlands
Robbert J. de Winter
Department of Cardiology, Academic Medical Center, University of Amsterdam,
Amsterdam, The Netherlands
Elisabet Zamora
Heart Failure Unit, Germans Trias i Pujol Hospital, Badalona, Spain and department
of Medicine, Universitat Autònoma de Barcelona, Barcelona, Spain
Nicolaas P.A. Zuithoff
Julius Center for Health Sciences and Primary Care, University Medical Center
Utrecht, Utrecht, The Netherlands
Aeilko H. Zwinderman
Department of Clinical Epidemiology, Biostatistics and Bioinformatics, Academic
Medical Center, Amsterdam, The Netherlands

263

A

Appendices

PORTFOLIO
Name PhD student:
PhD period:
Name PhD supervisors:

Maurice Wilhelmus Jacobus de Ronde
December 2013 – November 2017
prof. dr. J.C.M. Meijers, dr. S.J. Pinto-Sietsma,
dr. E.E. Creemers

1. PhD training

Year

ECTS

Genetic Epidemiology

2013

1.1

Embase/Medline via Ovid

2013

0.1

Clinical Epidemiology: Systematic Reviews

2013

0.7

Searching for a systematic review

2013

0.1

Practical Biostatistics

2013

1.1

Crash Course: Basic Chemistry, Biochemistry and molecular
Biology for MDs starting Scientific Research

2013

0.2

Advanced qPCR

2014

0.7

Scientific Writing in English for Publication

2014

0.5

Computing in R

2014

0.4

Oral Presentation in English

2014

0.8

Basiscursus Regelgeving en Organisatie voor Klinische
Onderzoekers (BROK)

2014

1.0

DNA technology

2014

2.1

World of science

2014

0.7

2014-2016

102

Weekly journal club, dept. of Vascular Medicine, AMC

2013-2016

4

Weekly clinical education, dept. of Vascular Medicine, AMC

2013-2016

4

Weekly KEBB seminar

2013-2016

1

2015

0.5

General courses

Specific courses
Master Evidence Based Practice in Health Care (MSc)
Seminars, workshops and master classes

Oral presentations (first author only)
MicroRNA-124-3p can identify smokers at risk for
atherosclerosis. Cardiovascular conference, Amersfoort, The
Netherlands

264

Portfolio
MicroRNA-124-3p can identify smokers at risk for
atherosclerosis, International Congress on Coronary Artery
Disease, Florence, Italy

2015

0.5

MicroRNA biomarkers for atherosclerotic plaque instability.
European Society of Cardiology (ESC) Congress, Rome, Italy

2016

0.5

Tissue-derived circulating miRNAs can identify atherosclerosis
and plaque instability. European Atherosclerosis Society (EAS)
Congress, Prague, Czech

2017

0.5

MicroRNA-124-3p can identify smokers at risk for
atherosclerosis. International Society of Atherosclerosis congress,
Amsterdam, The Netherlands

2015

0.5

Handling of missing data improves the performance of qPCRbased circulating miRNA measurements. Cardiovascular
conference, Ede, The Netherlands

2016

0.5

European Atherosclerosis Society (EAS) congress, Madrid, Spain

2014

4

Annual Cardiovascular Conference, The Netherlands

2014-2015

1

International Society of Atherosclerosis (ISA) congress,
Amsterdam, The Netherlands, Prague, Czech

2015

4

International Congress on Coronary Artery Disease (ICCAD)
congress, Florence, Italy

2016

4

European Society of Atherosclerosis (ESC) congress, Rome, Italy

2016

4

European Atherosclerosis Society (EAS) congress, Madrid, Spain

2017

4

2016

1

Poster presentations (first author only)

(Inter)national conferences

2. Teaching
Lecturing
Lecture ‘Arrythmias’ for bachelor students Medicine, University
of Amsterdam

Multiple lectures: ‘Cardiac conduction disorders’, ‘Acute Coronary 2015-2017
Syndrome’ and ‘Arrythmias’ for Cardiac Care Unit nurses and
Intensive Care Unit nurses in training, VUmc Amstel Academy

5

Multiple lectures ‘Critical appraisal of a Randomized controlled
Trial’ for Master and for Bachelor Students Medicine, University
of Amsterdam

2013-2017

5

Lecture ‘Mendelian Randomization trials’, honours Student
Medicine, University of Amsterdam

2017

0.5
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Tutoring, Mentoring
Mentor of 3 students of Honours Trajectory, MSc Medicine,
University of Amsterdam

2016-2017

1

A.M. Khoshiwal, Master Thesis, university of Amsterdam

2017

4

M. Biemond, Bacholor Thesis, university of Amsterdam

2016

4

E. E. Stevenson, Bacholor Thesis, university of Amsterdam

2017

4

Supervising

3. Parameters of Esteem
Grants
Amsterdam University Fund: Funding for project ‘microRNA
biomarkers for aspirin resistance’

2015

Awards and Prizes
Best oral presentation of the session, European Atherosclerosis
Society (EAS) Congress, Prague, Czech
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2017

Portfolio
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