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miRNAs differentially expressed by
next-generation sequencing in cord blood
buffy coat samples of boys and girls

Aim: Differencesin children’s development and susceptibility to diseases and exposures
have been observed by sex, yet human studies of sex differences in miRNAs are
limited. Materials & methods: The genome-wide miRNA expression was characterized
by sequencing-based EdgeSeq assay in cord blood buffy coats from 89 newborns, and
564 miRNAs were further analyzed. Results: Differential expression of most miRNAs
was higher in boys. Neurodevelopment, RNA metabolism and metabolic ontology
terms were enriched among miRNA targets. The majority of upregulated miRNAs
(86%) validated by nCounter maintained positive-fold change values; however, only
21% reached statistical significance by false discovery rate. Conclusion: Accounting
for host factors like sex may improve the sensitivity of epigenetic analyses for
epidemiological studies in early childhood.

First draft submitted: 16 March 2016; Accepted for publication: 7 October 2016;
Published online: 24 November 2016
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Epigenetic mechanisms influence gene expres-
sion without changes in DNA sequences.
Unlike genetic mutations, which lead to per-
manent changes of gene structure, epigenetic
modifications are reversible and responsive
to different environmental factors includ-
ing lifestyle, diet and exposure to chemicals.
The most widely studied epigenetic marks
are DNA methylation and histone modifica-
tions. Less is known about noncoding RNAs,
often considered the third type of epigenetic
marks [1-3]. Increasing evidence has shown
that epigenetic modifications, including non-
coding RNA, alter or control DNA expression
and the degree in which DNA is transcribed
as an adaptive response [4-6].

There is a growing interest in analyzing
the role of miRNAs that represent an impor-
tant group of noncoding RNAs. miRNAs
are about 18-22 nucleotides in length and
play an active role in the epigenetic regula-
tion of gene expression in all living organ-

isms with eukaryotic nuclear DNA [6-3].
Biogenesis of miRNAs begins in the nucleus,
and they are transcribed mainly by RNA
polymerase II [7]. Transcription of intergenic
miRNAs occurs via independent promoters,
whereas miRNAs in the introns of protein-
encoding genes may use the same promoter
as the proximal gene. Accumulated evidence
has demonstrated that most of the known
miRNAs participate in normal develop-
ment, as well as disease pathology, and
that miRNAs may be potential biomarkers
for classifying tumors and identifying tis-
sue injury [8-13]. miRNA profiles may also
change in response to chemical exposures [14].
Recent studies have reported associations of
miRNA expression with exposure to ciga-
rette smoke, arsenic and air pollution [15-17].
miRNA regulation represents a mechanism
through which genes involved in different
biological processes can be regulated simul-
taneously [18]. Furthermore, miRNAs regu-
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late genes that participate in several pathways ranging
from the regulation of biosynthetic process to nervous
system development [19-21].

Growing evidence has shown that host factors such
as sex are associated with interindividual differences
in gene expression in human and animal models.
Mele et al. identified 92 protein-coding genes differ-
entially expressed in males and females across multiple
human tissues [22]. In agreement with human stud-
ies, Yang et al. identified 2871 genes from the mouse
genome with differential expression by sex in multiple
somatic tissues (2324, while another study identified
25 of 376 miRNAs in fetal mouse lung that were also
differentially expressed by sex [25]. Sex-specific differ-
ences were also shown for DNA methylation and his-
tone acetylation. For example, Tsai ez al. reported sex
differences in histone acetylation in neonatal mouse
brain [26]. Similarly, Xu ez al. have demonstrated
sex bias in the methylome and transcriptome of the
human prefrontal cortex [27]. We recently reported on
sex differences in genome-wide DNA methylation in
newborns [28].

miRNA expression may also differ by sex but
data are limited. In animal models, the majority of
the reported studies have used brain samples [2.29].
For example, 149 miRNAs were described as dif-
ferentially expressed in neonatal mouse brain, with
almost one third regulated by sex-chromosome-
mediated mechanisms, and approximately 72 identi-
fied miRNAs were potentially under estrogen regula-
tion [29-31]. Another study has shown that sex-specific
miRNA expression was induced in mouse brain after
radiation, suggesting inherent sex-biased control of
miRNA expression [32]. In that study, miR-29a and
miR-29c were detected as significantly downregu-
lated in the female brain when compared with male
mice. As a consequence, DNA methyltransferases
DNMT3a and DNMT3b, that are miR-29 family
target genes, were reported as significantly upregu-
lated in the female mice [32]. In addition, two studies
conducted using rodent brain have reported estrogen
regulation in DNA methylation and predicted regula-
tion in miR-29a cluster [33,34]. Murphy ez a/. detected
that miR-200 family was differentially expressed by
sex in the brain of rat pups. They discovered that the
miR-200 gene targets are linked to gonadotropin-
releasing hormone receptor pathway suggesting that
there is a relationship between gonadal hormone
release-function and miRNAs [35]. To date, limited
data are available on sex difference in miRNA expres-
sion in humans. One small study (n = 18) reported 40
miRNAs that were differentially expressed by sex in
the human prefrontal cortex [20]. A few studies have
examined sex-related differences in profiles of circu-
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lating plasma miRNAs in adults but were limited
either by small sample size or low number of miRNAs
assessed [36-39]. For example, one study found no dif-
ferences by sex in miRNA expression of 108 miRNAs
characterized in 20 adults [39]. In another human
study, (n = 18) four miRNAs (out of 534 miRNAs)
were significantly upregulated in women [38], while
yet another study reported seven out of 179 candidate
miRNAs to be differentially expressed by sex [36].
To our knowledge, no data are available on genome-
wide miRNA expression (miRNAome) differences
by sex in children. The aim of this study was to use
targeted next-generation sequencing to investigate
miRNA expression in cord blood and characterize the
differences among newborn boys and girls.

Materials & methods

Samples

A random subset of term singletons (45 boys and 44
girls) with sufficient blood specimens available for
miRNA analysis was selected from the CHAMACOS
study, a well-characterized birth cohort followed by
the Center for Environmental Research on Children’s
Health [40.41]. Study protocols were approved by the
University of California, Berkeley Committee for Pro-
tection of Human Subjects. Written informed consent
was obtained from all mothers.

RNA was purified from 20 pl of buffy coat sepa-
rated by centrifugation from the cord blood and
banked at -80°C the School of Public Health Bio-
repository. Cells were lysed in a guanidinium-based
solution, followed by an acid—phenol:chloroform
extraction and addition of the miRNA homogenate
following manufacturer’s instructions. Initial pilot
studies performed in our laboratory indicated that
the buffy coat fraction of blood that contains all
white blood cells provides the highest RNA yields
compared with clot and serum (data not shown).
This data, together with a number of published stud-
ies demonstrating the utility of miRNA expression
data from buffy coat fraction in human population
studies [42-46] informed our decision to use RNA
from buffy coats as starting material for the analysis
of miRNA expression in cord blood of CHAMACOS
newborns. Isolated RNA was purified by solid-phase
extraction on glass-fiber filter columns provided in
the mirVana™ miRNA isolation kit. Concentration
and quality of RNA was measured using the Nano-
Drop 2000 Spectrophotometer (Thermo Scientific,
MA, USA). Only samples with 260/280 ratio greater
than 1.9 were retained for the analyses. RNA qual-
ity was assessed using the 2100 Bioanalyzer (Agilent,
CA, USA). Purified RNA was stored at -80°C until

analysis.
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Analysis of miRNA expression by targeted
sequencing

Isolated RNA from the 89 newborns was used for
miRNA profiling experiments. After addition of three
randomly selected replicates, we assayed a total of
92 samples. The EdgeSeq miRNA Whole Transcrip-
tome Assay from HTG Molecular Diagnostics, Inc.
(AZ, USA) was used to measure miRNA expression.
This novel platform provides a hybrid system combin-
ing a nuclease-free library preparation for specific tran-
scripts followed by next-generation sequencing (NGS)
for quantitation of the transcripts [47]. It exhibits sev-
eral key advantages including relatively simple sample
preparation that does not require reverse transcription,
adenylation or ligation, all steps that can potentially
introduce bias. It also has a broad dynamic range with
relatively high reproducibility as well as good sensitiv-
ity and specificity [48.49]. The assay version used in this
study included a total of 2280 transcripts made up
of 2256 mature miRNAs (referenced from miRBase
v20), 13 housekeeping (HK) mRNAs, six positive
controls (synthetic spike-ins and their complements),
and five negative controls (plant genes) [s0]. 100 ng
of RNA was used per reaction to measure miRNA
expression. Sample processing and library preparation
of the samples were conducted following the protocol
of the HTG EdgeSeq miRNA Sample Prep Pack and
the Sequencing Tag Pack (HTG Molecular Diagnos-
tics, Inc.). The positive control PhiX from Illumina
was used in this experiment (Illumina, CA, USA).
Concentration of the prepared dual-indexed libraries
was measured on Qubit 3.0 and Bioanalyzer was used
to assess the purity and size of the fragments of inter-
est. Prior to pooling, Kapa qPCR (Kapa Biosystems,
Inc., MA, USA) was used to quantify the NGS librar-
ies. Libraries from the 92 samples were then pooled in
equal amounts and clustered with a concentration of
5 pmol in one lane each of a single-read flow cell using
the cBot (Illumina). 5% PhiX was also included, as
per the loading guidelines for HTG EdgeSeq libraries.
50 cycles were sequenced on a HiSeq 2000 (Illumina)
using high-output mode, with FASTQ-only output.
Sequence analysis was carried out according to manu-
facturer instructions using EdgeSeq Parser software
(HTG Molecular Diagnostics, Inc.).

Validation of differentially expressed miRNAs
using nCounter miRNA expression assays

To validate our findings in another platform, we
measured miRNA expression in a subset of miRNAs
(n = 30) that were found to be upregulated (hsa-
miR-1304-3p, hsa-miR-127-5p,  hsa-miR-127-3p,
hsa-miR-1469, hsa-miR-6724-5p, hsa-miR-4488,
hsa-miR-4443, hsa-miR-4787-5p, hsa-miR-638, hsa-

Sex-biased miRNAs in newborns Research Article

miR-3928-3p, hsa-miR-4448, hsa-miR-663a, hsa-
miR-4516, hsa-miR-452-5p), downregulated (hsa-
miR-374b-5p, hsa-miR-301a-3p, hsa-miR-30b-5p,
hsa-let-7d-5p, hsa-miR-30e-3p, hsa-let-7e-5p, hsa-let-
7£-5p, hsa-miR-331-3p, hsa-miR-30c-5p, hsa-let-7a-5p)
or unchanged (hsa-miR-181a-5p, hsa-miR-148a-3p,
hsa-miR-340-5p, hsa-miR-30e-5p, hsa-miR-30a-5p,
hsa-miR-30d-5p) in boys compared with girls using a
custom designed nCounter miRNA expression assay
(NanoString Technologies, WA, USA). miRNAs cho-
sen for validation were based on availability of the
assay and fold change levels. Isolated RNAs from 142
CHAMACOS boys and girls (100 ng per sample) were
used for the expression assay per the manufacturer’s
recommended protocol.

Statistical analysis

Development of miRNA-filtering steps

The count data from the 92 RNA samples (including
three replicates) were generated and exported from
the EdgeSeq assay for further filtering and processing
steps. The data from three newborns were randomly
selected and assayed as intra-assay technical replicates.
After excluding probes for HK mRNAs, positive and
negative controls and miRNAs with expression counts
of 0 across all samples (n = 2), 2254 miRNAs remained
in the analysis (Figure 1).

We tested three methods of miRNA filtering:
1) mean/median filters; 2) expression percentile
threshold filtering and 3) variance percentile thresh-
old filtering. The mean and median filtering method
included only miRNAs that have: a mean read count
over all 89 samples greater than one, and at least 25%
of read counts across all samples that were non zero.
The expression and variance percentile threshold filter
included the 25% of miRNAs with the largest aver-
age read count and read count variance, respectively.
To evaluate and compare the ability of each filter to
exclude less informative miRNAs, we tested the ability
of each filtered miRNA group to match intrasample
replicates. We ran a multinomial logistic regression
for each of the 2254 miRNAs, training on the first
set of replicate samples. The outcome was the sample
ID, and raw read counts were the explanatory variable.
This classification algorithm was applied to the second
set of replicate samples, rendering a set of predicted
sample classifications for samples with known sample
ID. We generated a confusion matrix for a multilevel
variable and calculated three diagnostic criteria: area
under the curve, sensitivity and specificity. The expres-
sion 25th percentile threshold filter was selected based
on the high values observed using the diagnostic cri-
teria. Figure 2 shows that diagnostic criteria tend to be
higher for more aggressive filters 2 and 3. For example,
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QAQC: exclude
11 positive/negative control miRNAs
13 housekeeping genes
2 non-expressed miRNAs

Variance percentile threshold
filter: exclude 1690 miRNAs
with low read count variance

Mean/median filter: exclude
752 miRNAs which have either
i) Mean read count <1 or
ii) % (read counts = 0) >75%

Expression percentile threshold
filter: exclude 1690 miRNAs
with low read counts

Figure 1. miRNA filtering and diagnostics.

for the mean/median filter, specificity was relatively
low (0.54), and sensitivity was also less than desirable
(0.74). Even at the 50th expression percentile, sensitiv-
ity was still only 0.79. This is why we applied the 25th
percentile filter, and miRNAs with sensitivity above
0.84 were retained. In addition, the best observed
average specificity was achieved in miRNA group
with the highest expression. Furthermore, after the
25th expression percentile filter was applied, average
area under the curve ranged from 0.89 to 0.93. Simi-
lar diagnostics were observed for the 25th percentile
variance filter (data not shown). Since mean/median
filtering was not quite adequate, we chose to proceed
using more aggressive expression and variance thresh-
old filtering at the 25th percentile yielding two groups
of miRNAs: firstly, the highest expressing 25% of the

miRNAs (n = 564) and secondly, the highest 25% of
the miRNAs by variation in expression (n = 564).

We also compared methods of filtering by looking at
overall counts per method and the overlap in retained
miRNAs after each filtering procedure. There were
1128, 564 and 338 miRNAs after percentile threshold
filtering at 50th, 25th and 15th expression thresholds,
respectively. Firstly, the mean/median filter method
retained a total of 1502 miRNAs. The expression and
variance filters retained the same number of miRNAs
(n = 564) because they both were set for the top 25th
percentile. Overall, the most highly variable miRNAs
also had the highest expression values. In fact, the over-
lap between the two groups was quite substantial. Of

the two groups of top 25% highest expressors and top
25% of highest varying miRNAs, 544 miRNAs belong
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to both groups. Additionally, 20 miRNAs were unique
to each of the two groups. Since the two groups were
so similar, we chose to report all subsequent analyses
using the results for the highest expressors group.

Normalization of HTG miRNA expression data

After applying the top 25% high expression filter, 564
miRNAs from 89 newborns were assessed for differ-
ential expression. We considered five normalization
techniques: median house-keeping, upper quartile,
trimmed mean, removed unwanted variance (RUV)
and full quantile normalization [51.52]. We examined
plots of the first and second principal components
across samples and box plots of the normalized expres-
sion values to evaluate normalization procedures. Box
plots revealed that full quantile normalization best
centered and standardized expression distributions
across samples. To further decrease technical varia-
tion, we applied RUV normalization after full quantile
normalization. We found that full quantile with RUV
best decreased overall variation among reads while
maintaining separation in the first principal compo-
nent by sex and this normalization procedure was used
for subsequent analysis. Figure 3 shows box plots of
relative log, miRNA expression in boys and girls across
86 samples before and after normalization (full quan-
tile and RUV). We calculated a mean SD of miRNA
expression and found that overall variance was similar
in boys and girls (average SD of log, miRNA expres-

Sex-biased miRNAs in newborns

sion 2.879 and 2.878, respectively). However, using
the Brown—Forsythe test for equality of variance, we
found that 94 out of 564 miRNAs (top 25% highest
expression) had unequal variances between boys and
girls.

Analysis of differential expression between boys
& girls

With the EdgeR package [53], we used the Cox—Reid
profile-adjusted likelihood to estimate the common
and miRNA-specific dispersion using the full-quantile
normalized expression values, taking into account
sex and the factor of unwanted variation estimated
by RUV [54]. We then performed a generalized linear
model (GLM) likelihood ratio test to fit negative bino-
mial GLMs with the Cox—Reid dispersion estimates
using the EdgeR package. Results were very similar
when we ran the analysis using the R package LIMMA.
p-values were adjusted using the Bonferroni procedure.

Normalization & differential expression of
nCounter miRNA expression data

miRNA counts were background corrected using
the geometric mean of the negative control probes
included in the nCounter assay. To account for sources
of variation related to the nCounter platform, counts
were first normalized relative to ligation controls. This
was followed by a second normalization step using the
geometric mean of three normalizers included in the

— Diagnostic criteria
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Figure 2. Classification diagnostics by increasing miRNA expression. The best sensitivity and specificity were
obtained when using the expression 25% filter. The mean/median filter was not adequate and achieved very low

specificity.
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Figure 3. Comparative variability of miRNA expression in newborn boys
and girls. Box plots of (A) raw and (B) full quantile normalization with
removed unwanted variance (k = 1) normalized to relative log, expression.
RUV: Removed unwanted variance.

custom panel that had low variance (hsa-miR-30d-5p,
has-miR-181a-5p and hsa-miR-340-5p). Background
correction and normalization were performed in
nSolver 3.0 software (NanoString Technologies). Dif-
ferential expression analysis was performed using the
EdgeR package to fit a negative binomial GLM.

Coordinates of sex-associated miRNAs in the
human genome & miRNA clusters

miRBase v.20 [ss], the central publicly available reposi-
tory for miRNA research data was used to retrieve infor-
mation about miRNA genome coordinates and miRNA
clusters [s6]. Manhattan plots were used to show the dis-

Lizarraga, Huen, Combs, Escudero-Fung, Eskenazi & Holland

tribution of the differentially expressed miRNAs by sex
genome-wide. The R package qqman [57] was used to
generate the plots. Chi-square tests were used to deter-
mine whether differentially expressed miRNAs were
overrepresented in certain chromosomes compared
with the overall distribution of all mature miRNAs
across chromosomes in miRBase v20.

In silico miRNA target prediction & miRNA
pathway analysis

The 94 miRNAs that were different by sex were used
as input information for target predictions using
ComiR [58] and Tarbase v6.0 [59]. ComiR [60] works as
prediction tool that uses miRNA expression to improve
and combine multiple miRNA targets for each of the
four widely used prediction algorithms: MiRanda é1],
TargetScan [62], PITA [¢3] and mirSVR [64]. The com-
posite scores of the four algorithms are created using
a support vector machine trained on Drosophila Agol
immunoprecipitation data. The composite score thresh-
old used in ComiR analysis was 0.75. Tarbase v.6.0 was
used to identify experimentally validated targets from
the 94 miRNAs hits using BiomaRc [65]. Two out of the
94 differentially expressed miRNAs (hsa-miR-15a-5p
and hsa-miR-33a-5p) have experimentally validated
mRNA targets in Tarbase v.6.0. Additionally, we found
validated targets for all 94 miRNAs on a more recent
version of miRTarBase [¢6], although the support for
most of these was not very strong. However, 18 of the
miRNAs had targets that had more than suggestive evi-
dence. This provides additional support to the hits we
report in this study.

A final list of miRNAs was generated by the union of
predicted and validated mRNA targets and used as the
input data for functional annotation analysis. It was con-
ducted employing ConsensusPathDB [67.68], a pathway
tool of the Max Planck Institute for Molecular Genetics.
Using the Web interface of the database, an over-rep-
resentation analysis was conducted. Raw p-values were
calculated using the whole-human genome as a back-
ground list. It determines the size set of each gene ontol-
ogy term (biological process gene ontology [GO] terms,
level 4), and accounts for the number of genes present
in our input list. Adjustment of p-values was performed
using the default parameters together with the Ben-
jamini—Hochberg false discovery rate (FDR), shown as
g-values (q < 0.05). Visualization and categorization of
GO terms by semantic similarity dimension reduction
was performed by reduce + visualize gene ontologies

(REVIGO) [69).

Results
Among the high-expression group of miRNAs, we iden-
tified 94 miRNAs that were differentially expressed in
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cord blood buffy coat samples between boys and girls
after Bonferroni correction for multiple testing. Table 1
shows log, expression from a total of 94 miRNAs that
were differentially expressed in the EdgeSeq experiment.
Furthermore, mean miRNA expression was higher in
boys compared with gitls for the majority of differentially
expressed miRNAs (85 out of the 94 miRNAs).

Sex-associated miRNAs & their distribution by
chromosomes & participation in clusters

The majority of the miRNA hits were found on auto-
somes (96%), with only a small fraction (4%) identi-
fied on the X chromosome and none on the Y chromo-
some (Supplementary Table 1 & Figure 4). This does not
differ significantly from the distribution of all-mature
miRNAs located in autosomes and sex chromosomes
(~7%) according to miRBase v20. Similarly, many of
the chromosomes with the most sex-associated hits were
those that also have the most miRNAs in them (Chr
1,9, 11, 14 and 19), representing 39% of the hits. Two
chromosomes, Chr 3 and 22, were significantly enriched
for miRNAs differentially expressed in boys and gitls.
For instance, we found that 10.5% of the sex-biased hits
were in Chr 3, whereas only 4.8% of all-mature miRNAs
(miRBase v20) are located in Chr 3 (Chi-square
p = 0.008). While about 2.6% of all-mature miRNAs
are located in Chr 22, we observed 7.4% of sex-associated
hits in this chromosome (Chi-square p = 0.003).

To evaluate the participation of the miRNAs differ-
entially expressed by sex in our newborns in miRNA-
clusters, we used the miRBase database, with the clus-
ter criteria that included miRNA genes located within
10 Kb of distance on the same chromosome and some-
times functionally connected across different chromo-
somes [70.71]. Among 94 sex-associated miRNAs, 17
belong to 16 well-known miRBase clusters distributed
across 11 different chromosomes (chr 9, 12, 13, 14, 16,
17, 19, 20, 21, 22; Supplementary Table 1 & Figure 4).
Among those 11 chromosomes, the number of miRNA
clusters linked to sex-biased miRNAs ranged from 1 to
3. On chromosome 14 and X, three sex-biased miR-
NAs belonged to miRBase miRNA clusters. However,
at closer examination, two of the clusters on Chrl4, per
miRBase, in fact belong to the same large cluster that
was previously described as C14MC ([72.73]. There is
currently no uniform nomenclature for miRNA clus-
ters, for example, C14MC has also been referred to the
miR-379/miR656 cluster [74], the Mirg cluster [75] or
the miR 379/miR-410 cluster [76].

Pathway analysis of differentially expressed
miRNAs

A total of 571 predicted mRNA targets was identified
by in silico analysis for the 94 miRNAs differentially

Sex-biased miRNAs in newborns Research Article

expressed by sex. According to Tarbase (v 6.0), only
2 of the 94 hits had experimentally validated tar-
gets (hsa-miR-15a-5p and hsa-miR-33a-5p had 188
and 98 mRNA targets, respectively). Examining the
union of predicted and validated miRNA target genes
(n = 771) for enrichment of particular GO terms,
we identified 100 pathways that were significantly
enriched after controlling for FDR (FDR p < 0.05;
Supplementary Table 2). The miRNA-related GO
terms showed that the most prominent sex associations
in newborns fell into nine broad categories including:
nervous system development, synaptic transmission,
regulation of primary metabolism, post-transcriptional
gene silencing, intracellular transport, nucleic acid
metabolism, RNA metabolism, protein methylation,
and chromatin organization (Figure 5).

Validation of differentially expressed miRNAs
by nCounter miRNA expression assay

To validate our findings from the EdgeSeq miRNA
Whole Transcriptome Assay, we selected 30 miRNAs
that were either unchanged, upregulated or downregu-
lated between boys and girls to run in the nCounter
miRNA expression array (Supplementary Table 3).
The unchanged miRNAs (determined by EdgeSeq)
remained unchanged between boys and girls when
assayed by nCounter. Of the miRNAs selected for
validation that were upregulated in the EdgeSeq assay,
12 of the 14 (86%) also had positive log,-fold change
values by nCounter. Of those, three miRNAs were
significant (FDR-adjusted p < 0.05; hsa-miR-1469,
hsa-miR-4488, hsa-miR-663a) and several (n = 5)
were borderline significant (FDR-adjusted p < 0.10).
The set of downregulated miRNAs did not validate in
the nCounter assay, however, it is important to note
that the downregulated miRNAs from the EdgeSeq
assay were not as strongly associated with sex (larger
p-values) compared with the upregulated miRNAs
and that the majority of hits were upregulated.

Discussion

In the current study, we assessed miRNAome in cord
blood buffy coat samples of 89 newborns, and identi-
fied 94 miRNAs differentially expressed between boys
and girls. For most of these miRNAs, expression levels
were higher in boys than in girls. We were able to vali-
date some, but not all of the upregulated miRNAs using
another assay platform (nCounter). Sex-associated hits
were distributed unevenly among chromosomes and
were linked with 16 miRNA clusters according to the
miRBase registry. Among 100 identified pathways for
predicted in silico gene targets, categories for nervous
system development, RNA metabolic processes and
post-transcriptional gene silencing were significantly
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Table 1. Differentially expressed miRNAs by sex in newborns.

miRNA MIMAT ID Boys Girls Overall LFC FC? p-value
hsa-miR- log, mean Variance log, mean Variance log, mean Variance

expression expression expression
6753-5p 0027406 7.8 10.04 5.73 0.65 6.78 6.42 2.07 420 1.03x107
602 0003270 5.68 6.37 3.97 2.45 4.84 5.12 1.71 3.27 4.15x10°
4417 0018929  6.58 5.75 4.99 2.21 5.79 4.6 1.59 3.01 3.85x10°
452-5p 0001635  6.08 4.37 4.52 1.08 5.31 3.33 1.56 295 2.42x10™M
4792 0019964  11.8 3.1 10.25 1.57 11.03 2.94 1.55 2.93 1.03x 107
4739 0019868  7.96 6 6.41 0.44 7.2 3.82 1.55 293 1.18x 107"
4271 0016901  7.09 6.06 5.6 0.23 6.35 3.71 1.49 281 9.44x107®
8071 0030998  6.55 1.67 5.1 0.63 5.84 1.67 1.44 271 2.30x 107
3197 0015082 7.6 6.31 6.27 0.98 6.94 4.08 1.33 251 6.33x10"
6799-5p 0027498  8.09 3.03 6.76 0.79 7.43 2.35 1.33 251 7.08x10™
6741-5p 0027383  9.07 1.92 7.8 0.85 8.45 1.78 1.27 241 7.32x107°
6875-5p 0027650 5.18 3.14 3.91 0.54 4.55 2.24 1.27 241 317 x 10"
8078 0031005  7.19 5.29 5.93 0.95 6.57 3.52 1.26 239 1.45x 10"
1292-3p 0022948 8.24 2.34 7.03 1.91 7.64 2.47 1.21 2.31 211 x10*
6780b-5p 0027572  7.19 5.08 6.04 0.32 6.62 3.03 1.15 2,22 1.74x 10"
3178 0015055  10.26 5.45 9.11 0.3 9.69 3.21 1.15 2,22 2.45x10"
6126 0024599  10.72 3.44 9.6 0.25 10.16 2.16 1.12 217  6.15x 10"
6877-5p 0027654 5.68 1.34 4.56 0.52 5.13 1.24 1.12 217  6.64 x 10°
4449 0018968  6.16 2.09 5.06 0.52 5.62 1.6 1.1 214  6.36 x 10°
4281 0016907  12.32 2.52 11.22 1.22 1.77 2.16 1.1 214  1.90x 10*
4478 0019006  6.09 1.45 5.06 0.69 5.58 1.34 1.03 2.04 1.84x10°
1914-5p 0007889 4.36 1.41 3.33 0.53 3.85 1.24 1.03 2.04 1.96 x 107
4516 0019053  13.87 1.71 12.87 1.54 13.37 1.86 1 2.00 1.93x10°3
3142 0015011 7.22 1.62 6.22 0.31 6.73 1.21 1 2.00 2.82x10°
663a 0003326 9.84 2.52 8.85 0.54 9.35 1.77 0.99 1.99  1.30 x 107
663b 0005867 5.95 2.87 4.97 0.76 5.46 2.05 098 197 213x10°
8069 0030996 6.1 1.29 5.14 0.45 5.62 1.1 0.96 1.95 3.73x108
4505 0019041 6.68 0.87 5.73 0.79 6.21 1.05 0.95 1.93 9.84x10°
6729-5p 0027359  6.96 2.43 6.02 0.3 6.5 1.59 094 192 2.36x107
3940-5p 0019229  6.09 2.49 5.16 0.41 5.63 1.67 0.93 1.91  2.84x108
6798-5p 0027496  6.07 1.15 5.15 0.58 5.62 1.07 0.92 1.89 237 x10°
3652 0018072  5.13 1.88 4.24 0.29 4.69 1.28 0.89 185 1.13x 108
6829-5p 0027558 4.85 0.75 3.97 0.5 4.41 0.82 0.88 1.84 3.60x 10°
6786-5p 0027472  9.05 2.86 8.18 0.26 8.62 1.75 0.87 1.83 4.08x 10°
4651 0019715  7.41 1.05 6.56 0.74 6.99 1.08 0.85 1.80 9.75x 10*
6124 0024597  6.31 1.05 5.46 0.45 5.89 0.92 0.85 1.80 7.96x 10°
44438 0018967  12.1 1.03 11.26 0.83 11.69 1.1 0.84 179 1.17 x 10?
3928-3p 0018205  4.08 2.18 3.25 1.08 3.67 1.79 0.83 1.78  1.51x 107
149-3p 0004609 8.91 1.41 8.08 0.35 8.5 1.05 0.83 1.78  1.85x 107
FC2: Fold change; LFC': Log,-fold change; MIMAT: Mature miRNA miRBase accession.
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Table 1. Differentially expressed miRNAs by sex in newborns (cont.).

miRNA MIMAT ID Boys Girls Overall LFC' FC? p-value
hsa-miR- log, mean Variance log, mean Variance log, mean Variance

expression expression expression
638 0003308 8.77 2.42 7.94 0.44 8.36 1.6 0.83 1.78 1.10 x 108
4787-5p 0019956 10.49 1.33 9.73 0.62 10.11 1.1 0.76 1.69 3.14 x 10°
3656 0018076 11.38 2.84 10.64 0.75 11.02 1.93 0.74 1.67 1.58 x 10
3648 0018068  4.03 2.16 3.3 0.62 3.67 1.52 0.73 1.66 1.97 x 10°®
127-3p 0000446  6.41 0.52 5.68 0.57 6.05 0.67 0.73 1.66 1.30x 107
4443 0018961 9.61 1.46 8.9 0.35 9.26 1.03 0.71 1.64 6.48 x 10°
6088 0023713 7.44 0.67 6.76 0.54 7.1 0.71 0.68 1.60 1.89 x 103
4488 0019022 13.06 1.97 12.39 0.86 12.73 1.52 0.67 1.59 1.91 x 103
4463 0018987 7.42 0.85 6.75 0.3 7.09 0.69 0.67 1.59 2.82 x 10°
6724-5p 0025856 5.96 1.5 5.3 0.25 5.63 0.98 0.66 1.58 6.06 x 10°°
616-5p 0003284 6.35 0.7 5.69 0.48 6.02 0.69 0.66 1.58 1.26 x 1073
4419b 0019034 4.64 0.64 3.99 0.53 4.32 0.69 0.65 1.57 170 x 102
4534 0019073  5.03 0.49 4.39 0.49 4.71 0.59 0.64 1.56 1.26 x 103
6086 0023711 5.37 0.39 4.74 0.28 5.06 0.43 0.63 1.55 4.62 x 10°
4442 0018960 4.8 0.75 4.18 0.6 4.49 0.76 0.62 1.54 4.67 x 102
2861 0013802 10.22 1.76 9.63 0.31 9.93 1.12 0.59 1.51 3.12x 10°
7845-5p 0030420 4.46 1.26 3.88 0.48 4.17 0.95 0.58 1.49 3.72x 103
1469 0007347 4.45 1.96 3.87 0.43 4.16 1.27 0.58 1.49 1.06 x 10
1207-5p 0005871 6.51 0.59 5.93 0.38 6.22 0.57 0.58 1.49 1.70 x 1073
6085 0023710 6.08 0.46 5.5 0.37 5.79 0.5 0.58 1.49 2.53x 103
6851-5p 0027602  4.29 0.74 3.71 0.35 4 0.62 0.58 149 1.40x10°?
6727-5p 0027355 6.7 1.89 6.13 0.68 6.42 1.36 0.57 1.48 2.31x10°
6894-5p 0027688  5.59 0.48 5.02 0.43 5.31 0.53 0.57 1.48 1.67 x 1072
762 0010313 9.03 1.53 8.47 0.13 8.75 0.91 0.56 1.47 1.06 x 10°°
4481 0019015 4.5 0.61 4 0.31 4.25 0.52 0.5 1.41 2.58 x 107
5787 0023252 10.29 1.76 9.8 0.54 10.05 1.2 0.49 1.40 2.80x 107
4763-3p 0019913 6.32 0.45 5.84 0.36 6.08 0.46 0.48 1.39 5.47 x 1073
4674 0019756 4.66 2.61 4.19 0.65 4.43 1.68 0.47 1.39 2.23 x 10
6764-3p 0027429 6.02 0.41 5.55 0.27 5.79 0.39 0.47 1.39 1.05 x 102
127-5p 0004604 7.59 0.72 7.12 0.22 7.36 0.52 0.47 1.39 8.90x 103
4497 0019032  14.53 0.84 14.06 0.39 14.3 0.67 0.47 1.39  1.52x 107
566 0003230 5.93 0.42 5.47 0.36 5.7 0.44 0.46 1.38 2.23x 1072
6781-5p 0027462 4.4 1.29 3.95 0.43 4.18 0.91 0.45 1.37 1.12 x 102
1268b 0018925 8.86 0.49 8.41 0.4 8.64 0.49 0.45 1.37 1.44 x 1072
6791-5p 0027482 4.83 0.32 4.39 0.22 4.61 0.32 0.44 1.36 1.75 x 102
6090 0023715 10.55 1.77 10.12 0.32 10.34 1.09 0.43 1.35 9.37x10°
6756-5p 0027412 5.87 0.55 5.44 0.16 5.66 0.4 0.43 1.35 1.42 x 1073
4690-5p 0019779  4.45 0.55 4.03 0.22 4.24 0.42 0.42 1.34 112 x 1072
1227-5p 0022941  9.57 0.53 9.16 0.23 9.37 0.42 0.41 1.33  6.75x 10*
FC?: Fold change; LFC': Log,-fold change; MIMAT: Mature miRNA miRBase accession.
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Table 1. Differentially expressed miRNAs by sex in newborns (cont.).

miRNA
hsa-miR-

4758-5p
6821-5p
4466
6803-5p
7109-3p
708-5p
590-5p
1537-3p
15a-5p
424-3p
33a-3p
33b-5p
33a-5p
4454
20a-3p
7975

MIMAT ID Boys Girls
log, mean Variance log, mean Variance
expression expression

0019903 4.4 0.39 4 0.29

0027542  5.52 0.8 5.13 0.32

0018993  11.64 1.27 11.26 0.26

0027506  7.48 2.1 7.1 0.25

0028116  5.84 0.48 5.48 0.13

0004926  4.79 0.25 5.16 0.31

0003258  7.05 0.47 7.46 0.35

0007399 4.78 0.45 5.21 0.31

0000068  13.13 0.63 13.65 0.43

0004749  3.99 0.43 4.54 0.35

0004506  3.93 0.66 4.5 0.57

0003301 5.2 0.76 5.78 0.85

0000091 5.86 0.79 6.46 0.48

0018976 11.37 1.14 12.44 0.71

0004493 4.28 2.12 5.42 0.56

0031178  8.63 4.19 10.46 1.65

Lizarraga, Huen, Combs, Escudero-Fung, Eskenazi & Holland

Overall LFC FC? p-value

log, mean Variance

expression

4.2 0.38 0.4 132 5.54x10°?
5.32 0.6 0.39 1.31 1.72 x 102
11.45 0.8 0.38 1.30 4.46x10*
7.29 1.21 038 130 2.12x10°
5.66 0.34 036 1.28 1.61x 107
4.97 0.31 -0.37  -1.29 9.31x 103
7.26 0.45 -0.41  -1.33 176 x 107
4.99 0.42 -0.43 135 1.94x10?
13.39 0.59 -0.52 -1.43 7.45x103
4.26 0.46 -0.55 -1.46 9.19x 10"
4.21 0.69 -0.57 -1.48 7.56 x 107
5.49 0.88 -0.58 -1.49 2.29x 107
6.16 0.72 -0.6 -1.52  3.83x 1072
11.9 1.21 -1.07  -2.10 1.08 x 107
4.85 1.66 -1.14 -2.20 6.73x 103
9.53 3.76 -1.83  -3.56 1.88 x 107

FC?: Fold change; LFC': Log,-fold change; MIMAT: Mature miRNA miRBase accession.

enriched for sex-biased miRNAs. To our knowledge,
there are no previous publications on sex-related
differences in the miRNAome of newborn children.
Although some methods and pipelines for prepro-
cessing of miRNA data have been published [52,77.78],
there is no clear consensus on which filtering and
normalization steps are the most effective for analy-
sis of miRNAome datasets. To achieve detailed char-
acterization of the miRNAome by next-generation
sequencing, we first explored three different data fil-
tering approaches to minimize technical variability.
Using diagnostic criteria of specificity and sensitiv-
ity to select the most appropriate filtering methods,
we found that the highest levels of sensitivity and
specificity were best achieved when we applied a filter
using the top 25% expression or variance threshold.
Following filtering steps, the most commonly used
normalization technique for miRNA sequencing
darta in other studies is quantile normalization [s3,57].
We tested quantile normalization in addition to four
other common normalization techniques and found
that full quantile normalization followed by RUV
normalization produced the most optimal results.
RUYV has been successfully applied in the analysis of
large datasets derived from RNA-seq [79] and metabo-
lomic [80] experiments [s4]. Our filtering and normal-
ization pipeline resulted in minimization of technical
variability, and enabled us to identify biological vari-

ability of miRNA expression in boys and girls. This
newly developed pipeline may be useful for analy-
sis of miRNA sequencing data generated in future
population studies.

In our study, the majority of miRNA hits differen-
tially expressed between boys and girls (96%) were in
autosomes. This preliminary finding points to possible
regional differences in miRNA regulation and impact.
Based on chromosomal distribution of the sex-biased
miRNAs, we detected that 54% of our hits were located
on seven chromosomes. Those with the highest num-
ber of locations ranging between six and ten included
chromosomes of three main size groups of human
karyotype including large Chr3 and X, medium-sized
Chr 9, 11 and 14, and the small Chr 19 and 22. Some
other chromosomes have fewer hits (1-5). In addition,
we identified two miRNAs that belong to C14MC
cluster (hsa-miR-127-3p and hsa-127-5p) that may act
in concert since they also belong to a common precur-
sor (mature miRNA start 101349372 and 101349338,
respectively). Our data show similar expression levels
for these two miRNAs. In our study, we did not find
a significant enrichment of differentially expressed
miRNAs in sex chromosomes. There are at least 113
miRNAs, representing approximately 7% of total
human miRNAs, located on the X chromosome, and
only two miRNAs on the Y chromosome (s1]. In our
study, miR-424-3p was differentially expressed in the
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initial EdgeSeq experiment. This miRNA and sev-
eral other X chromosome-linked miRNAs (e.g., miR-
221/222 cluster, miR-98, miR-106a, miR-424 and
miR-18b) have been implicated in immune regula-
tion [82]. It is possible that the number of differentially
expressed miRNAs in boys and girls may change as
they get older since previous studies have shown that
sex hormones can affect regulation of miRNAs [83,84].
Previous miRNA studies [36,85], as well as our find-
ings reported here, indicate the importance of account-
ing for sex differences when analyzing miRNA data.
Similar observations have been reported for other
epigenetic marks including DNA methylation and
histone acetylation [28,86-87]. Recent publications have
provided strong evidence that sex influences genome-
wide DNA methylation in human biofluids including
blood and saliva [88,89]. Furthermore, Cordero et al.
identified 117 miRNAs present in buffy coat samples,
which were differentially methylated between men and
women [90], some of which overlap with the cord blood
miRNAs identified in our study. It is possible that dif-
ferences in oxidative stress, inflammation, growth and
birth outcomes observed between newborn boys and
girls (91-93] could be controlled, at least in part, by dif-
ferentially expressed miRNAs. Age is another host fac-
tor that can bias epigenetic markers [94.95]. However,

Sex-biased miRNAs in newborns Research Article

miRNAome has not yet been analyzed by age in infants
or children, an important area for future research.
Additionally, the statistically significant miRNAs
confirmed in the validation analysis (hsa-miR-4488,
hsa-miR-663a, hsa-miR-1469) are biologically rele-
vant. For example, miR-4488 expression levels in white
blood cells were lower in Behcet patients who experi-
ence systemic inflammation and high levels of IL-6,
demonstrating a potential role in inflammation [96].
Recent studies have demonstrated differences in 1L-6
levels between newborn boys and girls, with lower lev-
els reported in girls (91], consistent with our miRNA
findings. Serum expression of miR-663a has been
associated with autism spectrum disorder (97], which
corroborates with our pathway analysis identifying
many neurodevelopmental ontology terms that were
strongly enriched among miRNA targets observed in
CHAMACOS newborns. Neurodevelopmental ontol-
ogy terms have also been identified in epigenetic stud-
ies of sex differences in animals [2]. Our data also cor-
roborate some of the other sex-biased GO terms found
in animal studies. For example, Murphy et al. reported
synapsis-related ontologies in rat cortex tissue, and
Shao ez al. identified developmental processes, growth,
cellular, RNA processes and metabolic processes as sex-
biased ontology terms in a nonhuman model (35,98]. In
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Figure 4. Manhattan plot of -log,  Bonferroni-adjusted p-values for the group of miRNAs filtered by their expression in different
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564 tests. Blue triangles represent miRNAs that were differentially expressed between boys and girls after Bonferroni correction.
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Figure 5. Visualization of enriched gene ontology terms. Gene ontology terms significantly enriched (q < 0.05) in

miRNAs differentially expressed by sex.

addition, our findings are in agreement with a study in
children that reported sex differences in brain devel-
opment and maturation rates assessed by magnetic
resonance imaging in older children (6-17 years of
age) [99]. This suggests that our miRNA expression
data may contribute to better understanding of sex dif-
ferences in cognitive mechanisms in early life. miRNA
expression analysis in animal models and human sur-
rogate tissues such as blood may also add a new layer
in the complex and still not well-understood epigenetic
processes that take place in human brain neurodevel-
opment.

Although there was a substantial overlap between
the sex-associated pathways reported in animals and
our results in human cord blood, some of the sex-
biased ontology terms may be newborn specific or tis-
sue specific. Many human population studies of epi-
genetic marks use blood as a surrogate for other target
tissues because it is more readily available and does
not require invasive procedures like biopsies. Many
well-characterized birth cohorts and other longitudi-
nal studies with banked blood samples rely on them
for analysis of DNA methylation and gene expression.
Epigenetic changes in blood are relevant even if they

do not capture all changes observed in organ-specific
tissue [100]. An increasing number of studies have dem-
onstrated that levels of circulating miRNAs released
by cells into the bloodstream are correlated with tis-
sue miRNA levels [101,102]. Another limitation with
use of blood specimens is that cell-type heterogeneity
can act as a source of bias if cell-type proportions are
associated both with miRNA expression levels and sex.
Other studies have demonstrated that miRNA expres-
sion can be affected by cell composition [103]. However,
in our study, blood cell proportions were not differ-
ent in cord blood samples of CHAMACOS boys and
girls [104]. While use of cord blood is a potential limita-
tion in our study, the growing consensus is that blood
can serve as an appropriate and informative model for
studies of epigenetic mechanisms in birth cohorts. The
effects of host factors in blood need further investiga-
tion and this data may contribute to identifying sensi-
tive windows [105] that can be used as opportunities for
therapy [106].

Our study also focused solely on newborns, which
may not be generalizable to other ages. Furthermore,
although only three of the upregulated miRNAs were
validated with high significance, additional miRNAs
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were also more highly expressed in boys than girls
by nCounter consistent with EdgeSeq — that adds up
to more than 78% of tested upregulated miRNAs.
Additionally, all six miRNAs that were not differ-
ent in boys and girls by EdgeSeq had the same result
by nCounter. The discordance between different
miRNA expression platforms is well known. In fact,
the miRNA quality control study compared 12 dif-
ferent platforms and reported the average validation
rate of any two platforms was 55% [107], indicating
that miRNAs that were not significant may still be
biologically relevant. Additional replication on miR-
NAome sex differences in a larger number of sam-
ples, various age groups, as well as other populations
is warranted. Finally, the main focus of our analysis
was limited to the top 25% highly expressed miR-
NAs that produced the most reliable results. With
the increase in the number of publicly available and
better characterized miRNA data from population
and mechanistic studies, the role of sex on miRNA
expression and clustering can be explored in more

depth.

Conclusion

Our study described the differential expression of
the miRNAome in newborns boys and girls, which
provides novel resources for better understanding
of epigenetic regulation in early life stages. Using
pathway analysis, we found that neurodevelopment,
RNA metabolism and metabolic ontology terms
were enriched among the targets from sex-associated
miRNA. To our knowledge, this is one of the first
studies to characterize the miRNAome in children
using next-generation sequencing with a focus on
differences by sex.

Future perspective

Understanding of molecular mechanisms that can
explain the basis for sex differences in susceptibility
to diseases and environmental exposures is of critical
importance, and miRNA expression has an excellent
potential to produce critical insights. Given that very
limited data so far are available for miRNAome in

Sex-biased miRNAs in newborns Research Article

human tissues, more studies in different age groups
and populations, in healthy subjects and patients
with various health conditions are warranted. Addi-
tional interesting angle of future research will be on
longitudinal studies of sex differences for epigenetic
marks, and whether sex can modify the relationship
of environmental exposures with these modifications.

Supplementary data

To view the supplementary data that accompany this paper
please visit the journal website at: www.futuremedicine.com/
doi/full/10.2217/epi-2016-0031
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Executive summary

girls.

metabolism and transcription control.

e Among more than 2200 miRNAs characterized by next-generation sequencing in cord blood from 89 newborn
children, we identified 94 miRNAs differentially expressed by sex. In our validation experiments, most
upregulated miRNAs remained more highly expressed in boys but only a few were statistically significant by FDR.

e A majority (96%) of these miRNAs were located on autosomes, and their expression was higher in boys than in

¢ The sex-associated miRNA gene targets were mainly involved in nervous system development, nucleic acid

e Accounting for host factors like sex in miRNA expression and other epigenomic analyses is essential for human
studies and may increase sensitivity of an assessment of their relation with health and environmental exposures.
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