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MicroRNAs (miRNAs) play a critical role as posttranscriptional regulators of gene expression. The ENCODE Project profiled the expression of miRNAs in an extensive set of organs during a time-course of mouse embryonic development and
captured the expression dynamics of 785 miRNAs. We found distinct organ-specific and developmental stage–specific
miRNA expression clusters, with an overall pattern of increasing organ-specific expression as embryonic development proceeds. Comparative analysis of conserved miRNAs in mouse and human revealed stronger clustering of expression patterns
by organ type rather than by species. An analysis of messenger RNA expression clusters compared with miRNA expression
clusters identifies the potential role of specific miRNA expression clusters in suppressing the expression of mRNAs specific
to other developmental programs in the organ in which these miRNAs are expressed during embryonic development. Our
results provide the most comprehensive time-course of miRNA expression as part of an integrated ENCODE reference data
set for mouse embryonic development.
[Supplemental material is available for this article.]
Development is a well-orchestrated process primarily controlled
by transcriptional regulators with posttranscriptional regulators
such as microRNAs (miRNAs) playing an essential role in fine tuning gene expression dynamics. miRNAs are small ∼22 nucleotide
(nt) endogenous noncoding RNAs that regulate gene expression
by mediating the posttranscriptional degradation of messenger
RNA (mRNA) or by hindering the translation of proteins (Bartel
2004; He and Hannon 2004). miRNA biogenesis occurs in several
steps, starting with transcription of typically polyadenylated
primary miRNA (pri-miRNA) transcripts (>200 nt), sometimes referred to as the “host genes.” These pri-miRNAs have a characteristic hairpin structure that is cleaved in the nucleus by the enzyme
Drosha into pre-miRNA (∼60 nt), which are exported to the cytoplasm before finally being processed into 21- to 24-nt mature
miRNA by the enzyme Dicer (Han et al. 2006). The first miRNA
was discovered in the nematode Caenorhabditis elegans as perturbing its cell developmental lineage (Lee et al. 1993), and since then,
thousands of miRNAs have been discovered in diverse plants,
metazoans, and some viruses (Kozomara and Griffiths-Jones
2011).
Many studies have shown that the deletion of key players in
the biogenesis of miRNA such as Ago2, Dicer1, and Dgcr8 leads to
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embryonic lethality and arrest (Bernstein et al. 2003; Alisch et al.
2007; Morita et al. 2007; Wang et al. 2007). However, the loss of
single miRNAs does not have as dramatic an effect as knocking
out all the miRNAs in the organism (Park et al. 2010). This could
be because of the redundancy of miRNA–mRNA interactions as
each mRNA could be targeted by multiple miRNAs, and thus, the
lack of one miRNA would be compensated by others. Hence, there
is a strong rationale for studying the role of miRNAs as a functional
group or unit. Studies have shown that most genes are potential
targets of miRNAs (Friedman et al. 2009) and that miRNAs are involved in regulating diverse cellular processes during development
and homeostasis (Vidigal and Ventura 2015). Dysregulation of
miRNA expression is known to underlie numerous diseases and
developmental defects such as cancer (Lin and Gregory 2015), cardiovascular diseases (Romaine et al. 2015; Zhao et al. 2015), and
neurological diseases (Cao et al. 2016).
miRNAs have been profiled in various tissues and primary
cells in diverse metazoans and plants (Lagos-Quintana et al.
2002; Wienholds et al. 2005; Ehrenreich and Purugganan 2008).
Mineno et al. (2006) used massively parallel signature sequencing
(MPSS) technology to profile miRNAs in mouse whole embryos
during three embryonic stages (E9.5, E10.5, and E11.5) and were
able to detect 390 distinct miRNAs. Chiang et al. (2010) extended
this work by sequencing small RNAs from mouse brain, ovary,
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testes, embryonic stem cells, embryonic stages of complete embryos from three developmental stages, and whole newborns to profile the expression of 398 annotated and 108 novel miRNAs.
Landgraf et al. (2007) cloned and sequenced more than 250 small
RNA libraries from 26 different organs and cell types from humans
and rodents to profile miRNA expression and describe various other miRNA characteristics. More recently, the FANTOM5 project has
created a miRNA expression atlas using deep-sequencing data from
396 human and 47 mouse RNA samples (De Rie et al. 2017); however, many of these mouse samples were simply replicates of a
handful of mouse cell lines. Previous efforts by the ENCODE
Consortium affiliates focused on a meta-analysis of previously
published 501 human and 236 mouse small RNA sequencing
data sets from a multitude of sources to characterize splicing-derived miRNAs (mirtrons) in the human and mouse genomes
(Ladewig et al. 2012). However, the diversity of the source tissues
and the different underlying experimental protocols from the disparate primary sources complicated any sort of systematic quantitative analysis. Last but not least, many individual studies have
focused on the expression of particular miRNAs in certain tissues
in a handful of (typically two to three) mouse developmental
time points. Therefore, a complete and systematic atlas of
miRNA expression during development of the major organ systems and broad number of mouse embryonic stages is still missing.
This is helpful not only for understanding mouse development but
also for studying the potential role of miRNAs in human development, in which access to the same time points is either very difficult or outright impossible.
With the growing evidence of the critical role of miRNAs in
homeostasis and disease, multiple techniques have been developed for profiling the expression of mature miRNAs, each with
their own strengths (Mestdagh et al. 2014). RNA-seq typically refers to the profiling of expressed transcripts ≥200 nt, including
the mRNAs and long noncoding RNAs (lncRNAs) (Mortazavi
et al. 2008), which in this work we will refer to as mRNA-seq,
whereas there are also multiple miRNA-specific sequencing protocols such as miRNA-seq (Alon et al. 2011; Roberts et al. 2015) and
short RNA-seq (Fejes-Toth et al. 2009). There are also hybridization-based assays, such as microarrays, as well as molecule counting such as NanoString, which involves hybridization and
counting of color-coded molecular barcodes (Geiss et al. 2008;
Wyman et al. 2011). As mature miRNAs are processed from longer
host pri-miRNAs and the annotated pri-miRNAs are predominantly protein-coding or lncRNA transcripts (Cai et al. 2004), we expect
that mRNA-seq should be able to profile the expression of primiRNAs. However, there is a significant number of miRNAs whose
host genes have not been characterized yet. Furthermore, an important question is whether the expression of pri-miRNAs can reliably predict the expression of their corresponding mature
miRNAs. As previously reported (Zeng et al. 2016; De Rie et al.
2017), this would allow the simultaneous profiling of mature
miRNA expression along with mRNAs using mRNA-seq. The availability of matching mRNA-seq and miRNA-seq data sets for the
same samples in our study provides a unique opportunity to answer this question using a broader set of organs and developmental
time points. Furthermore, the corresponding mRNA data can shed
light into the targeting of these miRNAs and their functional role
during embryonic development.
Each miRNA targets a set of mRNAs through Watson–Crick
pairing between miRNA seed region (positions 2–7 from 5′ end)
and the binding sites on their targets (Bartel 2009). Such complementary base-pairing has been used to computationally predict

miRNA targets (Bartel 2009). The expression of miRNAs and
mRNAs in matching samples has been used to identify miRNA–
mRNA interactions, for example, in cancer (The Cancer Genome
Atlas Research Network 2008). Several methods such as biclustering (Jin and Lee 2015) have been used to infer miRNA–mRNA interactions from gene expression data. However, the expression
levels of mRNAs are often affected by multiple factors, and comparison of mRNA and miRNA expressions cannot establish a functional relationship by itself. Therefore, an approach that integrates
miRNA and mRNA expression data and their predicted interactions should provide better inference of their functional interaction networks.
In this study, we used miRNA-seq and NanoString to characterize the expression patterns of known miRNAs using a set of 16
different mouse organs (we use the term interchangeably with tissues in this study) at eight embryonic (E10.5–P0) stages that were
specifically selected by the ENCODE Consortium for a wide variety
of functional sequencing assays such as mRNA-seq, chromatin
immunoprecipitation followed by sequencing (ChIP-seq), and
DNase-seq. The value of this data set is that the samples and stages
are all matched. We show one example of integrative analysis of
the mRNA-seq data with matching ENCODE mRNA-seq and
ChIP-seq data (Gorkin et al. 2017) to compare the characteristics
and dynamics of miRNA expression to characterize the changes
in overall tissue specificity of particular miRNAs during mouse development. In particular, we compute the enrichment of computationally predicted miRNA targets in specific mouse organs
along with the negative partial correlation analysis of miRNA
and mRNA expression clusters during mouse development to identify developmental processes targeted by miRNAs. We find that
groups of miRNAs expressed in one or more organs target groups
of developmentally important mRNAs highly expressed in other
organs.

Results
A reference miRNA catalog across mouse development
As part of the ENCODE Project, we used miRNA-seq and
NanoString to profile mature miRNAs during mouse embryonic
development and matched them to mRNA-seq in order to profile
the expression of pri-miRNAs (Supplemental Fig. S1A). This study
encompasses 156 miRNA-seq and 154 NanoString data sets in
matching mouse organs with two biological replicates each (Fig.
1A). We found a high correlation between miRNA-seq and
NanoString data in the same organs at the same time points (median Spearman’s correlation = 0.68) (Supplemental Fig. S1B),
which matches the reproducibility between platforms reported
previously (Mestdagh et al. 2014). We subsampled one of our deeply sequenced data sets (heart E11.5 with 60 million reads) to evaluate the impact of sequencing depth on the robust detection of
miRNAs. Although we detect more miRNAs as we sequence deeper,
we detect a constant number using a counts per million (CPM)–
based cutoff and we selected 1 million mapped reads to be the sufficient depth of sequencing required for detecting most of miRNAs
expressed in a sample (Supplemental Fig. S2). All of our samples in
this study were sequenced to a minimum of 2 million mapped
reads per replicate.
We used a set of three spike-ins of different sequence lengths
(22, 25, and 30 bp) in decreasing concentrations (5000, 500, and
50 pM, respectively) in our miRNA-seq samples to assess replicate
concordance for different library normalization strategies
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Figure 1. Overview of mouse ENCODE miRNA data sets. (A) Representative major organ systems were profiled in a time-course of mouse embryonic
development. (B) Number of distinct miRNAs detected in different organs and developmental stages (minimum two CPM). There are no significant differences between the number of miRNAs detected at different stages or within different organs. Developmental stage and organ colors correspond to
A. (C) The distribution of tissue specificity of miRNAs expressed at each developmental stage measured as tissue-specific index (TSI). The miRNAs are significantly more tissue-specific at stage of P0 compared with E10.5 (Kolmogorov–Smirnov [KS] test P-value < 2.2 × 10−16). (D) Principal component analysis
(PCA) of 12 mouse organs across eight developmental stages. Organs are represented by various colors corresponding to A, whereas shapes denote the
different developmental stages.

(Supplemental Fig. S1C). Although the spike-in counts were highly
concordant for biological replicates for each sample, they differ for
different stages of mouse embryonic development using CPM normalization only. We found that TMM normalization of miRNA
CPMs ameliorates such differences in spike-in expression across
developmental stages. Therefore, we normalized our data using
TMM normalization for downstream analysis.
We used miRNA-seq reads to quantify miRNA expression
levels using miRBase version 22 annotations, which include
1981 mature miRNAs. We detected 785 of these mature miRNAs
expressed in at least one of the samples; About 80% of these mature miRNAs correspond to the pre-miRNAs identified as high
confidence by miRBase (Kozomara and Griffiths-Jones 2014).
This set of miRNAs encompasses 72% of high-confidence miRNAs
in miRBase compared with the 65% recovered by the FANTOM
data set (De Rie et al. 2017) and 71% of miRNAs annotated in
MirGeneDB (Supplemental Fig. S3; Fromm et al. 2018). We detect
additional miRNAs if we use a more lenient cutoff of one read as
opposed to two CPM (miRBase: 72%, miRBase high confidence:
92%, and MirGeneDB: 77%). There are no significant differences
in the number of distinct miRNAs expressed in mouse organs and
developmental stages, although stage P0 has the highest number
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of organs profiled as well as the least number of distinct miRNAs
detected (Fig. 1B). This result is in contrast to the finding that the
absolute numbers of expressed miRNAs increase over the developmental time in other model organisms such as Drosophila melanogaster (Ninova et al. 2014). At the organ level, we find that the
nervous system samples show the highest number of distinct
miRNAs expressed (Fig. 1B).

Dynamics of miRNA tissue specificity during development
As previous studies have shown, a few highly expressed miRNAs
are responsible for most of the detected expression (Lagos-Quintana et al. 2002; Landgraf et al. 2007), with ∼50% of the expression
corresponding to the top 10 expressed miRNAs (Supplemental Fig.
S4; Supplemental Table S2). Only 42 miRNAs fall within the top 10
expressed miRNAs across our 72 distinct tissue-stage samples. Six
of these miRNAs are in the top 10 expressed list for more than
half of the samples, with miR-16-5p and miR-26a-5p being one
of the top expressed miRNAs in every single experiment. To study
the specificity of the miRNAs at each stage, we used the tissue specificity index (TSI) as defined previously (Ludwig et al. 2016); by
using this metric, we found that 40% of the top expressed miRNAs
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are tissue specific in at least one of the stages that they are highly
expressed in. These miRNAs include miR-1a-3p, miR-208b-3p,
and miR-351-5p in the heart (the last one is only specific in the earlier stages); miR-9-3p, miR-9-5p, miR-124-3p, miR-125b-5p, and
miR-92b-3p in the brain; miR-122-5p and miR-142a-3p in the liver; miR-10a-5p in the kidney; miR-194-5p in the intestine; and
miR-196b-5p in the limbs (Supplemental Fig. S5).
Although there are few miRNAs that are expressed ubiquitously (TSI < 0.15) at the earlier stages of embryonic development,
most miRNAs become more tissue-specific as the embryo develops
further and the expression of miRNAs shifts from ubiquitous
to being organ specific (Fig. 1C; Supplemental Fig. S6). This shift
is partly owing to changes in the specificity of the miRNAs
throughout development with the following miRNAs showing
the most change: miR-128-3p, miR-181a-1-3p, miR-138-5p, and
miR-3099-3p in the brain; miR-101a-3p and miR-496a-3p in the
liver; and miR-140-5p in the limbs (Supplemental Fig. S7). All of
these miRNAs increase in their specificity from being almost ubiquitous to become tissue-specific. However, there is a group of more
than 20 miRNAs that stay mostly tissue-specific throughout the
developmental time points captured in our study. This group includes some of the well-studied tissue-specific miRNAs such as
miR-9 and miR-92b-3p in the brain; miR-1a-3p, miR-208a-3p,
and miR-133a-3p in the heart; and miR-122-5p in the liver (Supplemental Fig. S8). Finally, there is a group of miRNAs that are present in almost all the tissues at every stage of development,
including miR-421-3p, miR-361-5p, and miR-744-5p. (Supplemental Fig. S9). In summary, our high-resolution time-course captures the distinct patterns of miRNA expression during mouse
embryonic development.

Clustering of miRNAs recovers distinct tissue-specific clusters
Global analysis of mouse tissues and developmental stages shows
distinct miRNA expression patterns as revealed by principal component analysis (PCA) (Fig. 1D). Principal component (PC) 1 accounts for 24.5% of the variation and clearly separates the
various tissues with the nervous system and liver tissues at the extremes, whereas PC2 (16.5% variation) represents the time component of mouse development with a temporal gradient between
early development at E10.5 and postnatal samples right after birth
(P0) (Fig. 1D), PC3 (10.8% variation) separates kidney samples
from liver, PC4 (6.1% variation) separates heart samples from other tissues, and PC5 (4.5% variation) separates kidney samples from
limb and craniofacial samples. Overall the first five PCs explained
>60% of the variation in the data set with most of that variation
corresponding to specific tissues.
We used maSigPro (Nueda et al. 2014) to cluster the 785 expressed miRNAs based on the tissue-specific changes in their expression during the development. maSigPro identified 535 of
these miRNAs as being differentially expressed (Supplemental Table S3) during embryonic development into 16 clusters based on
regression of their expression levels in each of the tissues (Fig. 2;
Supplemental Fig. S10). Clustering of the matching NanoString
miRNA data recovers 14 clusters, the majority of which match
the miRNA-seq clusters (Supplemental Fig. S11). We focus on the
miRNA-seq clusters going forward. Cluster 11 has the highest
number of miRNAs (96 miRNAs) that are highly expressed in the
brain. Additionally, the expression of these miRNAs increases during embryonic development, whereas in cluster 2, another brainspecific cluster, the expression of miRNAs goes up initially and
comes down after E14. miRNA clusters 4, 12, and 14 are the second

largest clusters, with 54 miRNAs each. Clusters 4 and 12 are composed of miRNAs mostly expressed in the liver and heart, respectively, whereas miRNAs in cluster 14 are highly expressed in all
the tissues except in the liver and brain. Analysis of tissue-specific
miRNAs in each cluster reveals that more than half of the miRNA
clusters are enriched for specificity to only one organ with the rest
of clusters enriched for specificity in two or three different organs
(Supplemental Fig. S12). Thus, miRNAs during development show
distinct clustered expression in select tissues.

Comparative dynamics of conserved miRNAs during
development
The ENCODE Consortium also collected a limited set of human
developmental samples that were characterized with short RNAseq to profile pre-miRNAs and mature miRNAs for a total of 32
data sets in various tissues during weeks 19–40 of human fetal development that correspond primarily to P0 of mouse development
(Supplemental Fig. S13A). We compared the consistency of
miRNA-seq and short RNA-seq in human K562 and GM12878 cells
and compared them to data sets from a previous phase of
ENCODE. We show that there is high correlation between
miRNA-seq and short RNA-seq (Pearson’s correlation = 0.99) (Supplemental Fig. S13B). This level of reproducibility clearly allows us
to differentiate between different cell types as well as across different methods and batches (Supplemental Fig. S13C), which allows
us to compare human and mouse miRNA expression levels across
the two sequencing techniques.
We quantified human known and novel miRNAs using short
RNA-seq and GENCODE v. 25 annotations consisting of 1569
known miRNAs supplemented with the novel miRNAs. A global
PCA analysis of miRNA expression shows the brain samples clustering as previously seen in mouse (Supplemental Fig. S14A).
Although the availability of human samples was more limited
compared with mouse, we identified 279 tissue-specific miRNAs
(Supplemental Table S4), most of which (83%) are preferentially
expressed in neuronal and muscular tissues (Supplemental Fig.
S14B).
To compare miRNA expression across development, we first
searched for orthologous miRNAs between mouse and human
(Supplemental Fig. S15A). We found that a subset of miRNAs is
conserved between mouse and human, with 304 miRNAs having
a one-to-one orthologous relationship (Supplemental Table S5).
Our analysis also revealed that 838 and 516 miRNAs in human
and mouse, respectively, lack a clear ortholog in the other species
(Supplemental Fig. S15A). We used the set of one-to-one miRNA
orthologs to perform PCA on matching organs in mouse and human, which revealed clustering of samples based on tissue type
(Supplemental Fig. S15B). Furthermore, comparative clustering
of organs in mouse and human reveals distinct miRNA expression
patterns similar to the clustering of organs in mouse only. As in the
mouse developmental time-course, the nervous system and liver
tissues cluster separately from the rest of the organs. We compared
the sets of organ-specific orthologous miRNAs across all the available organs in mouse and human and represented each comparison as pie charts, where the sizes of the pie charts are in
proportion to the number of tissue-specific miRNAs (Supplemental Fig. S15C). We found that muscle organs in mouse and human
show the highest conservation (>50%) of expression and that the
conservation of expression among the corresponding brain, neural
tube, and lung organs is significant (∼50%), whereas the conservation of expression between the liver samples is low (Supplemental
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Figure 2. Clustering of mouse miRNAs during embryonic development time-course. (A) Clustering of miRNAs using maSigPro into 16 nonredundant
groups based on median expression level of the miRNAs in each cluster. Organ colors correspond to Figure 1A. (B) Heatmap of the normalized expression
levels (z-scores) of miRNAs in each cluster from A. Organ and stage colors correspond to Figure 1A.

Fig. S15C; Supplemental Table S6). Therefore, the conservation of
organ expression of homologous miRNAs between human and
mouse is dependent on the specific organ.

Correlation of expression among pri-miRNAs and their
corresponding mature miRNAs
The availability of matching miRNA-seq and mRNA-seq data allowed us to evaluate whether the expression of pri-miRNAs is predictive of the expression of their corresponding mature miRNAs.
Fewer than 50% of miRNAs in mouse have annotated primary
transcripts in GENCODE version M10 (Supplemental Fig. S16).
We used mRNA-seq data to assemble additional transcript models
and supplement the GENCODE annotations, which increased the
number of pri-miRNAs in mouse and human by 7% and 17%, re-
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spectively. A representative novel model transcript in mouse, assembled using all mouse mRNA-seq data sets, overlaps miR-let7a
and miR-let7f that were lacking annotated pri-miRNAs and
is supported by stage-matched ChIP-seq for both H3K4me3 marking the putative promoter (Supplemental Figs. S16A,B, S17) and
H3K36me3, as correlate of transcription. Global correlation analysis of the expression levels of the pri-miRNAs (measured by mRNAseq) and their corresponding miRNAs (measured by miRNA-seq)
shows that 143 (41% of the miRNAs expressed at a minimum of
10 CPM) are well correlated (Spearman’s correlation ≥ 0.6) with
their corresponding pri-miRNAs across the developmental timecourse. The median Spearman’s correlation for all the miRNAs
and their corresponding pri-miRNAs is 0.51 (Supplemental Fig.
S16C,D; Supplemental Table S7). Thus, miRNA expression can be
imputed from the expression of its primary transcript as measured
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by mRNA-seq and confirmed using the matching ENCODE ChIPseq data resources.

Integrative analysis of miRNA and mRNA expression profiles
during mouse development identifies significant anticorrelations
of developmentally important genes with miRNAs predicted
to target them
To understand the connection between miRNAs and the expression of their targets, we developed an integrative analysis pipeline
to connect miRNAs to their mRNA targets (Fig. 3A). As a first step,
we quantified the tissue specificity of miRNA clusters by computing a tissue specificity matrix. The tissue specificity of each
miRNA cluster was determined based on the expression changes
of miRNAs in each tissue during development. The tissues that
had the highest standard deviation of a given miRNA cluster’s expression in different stages were identified as the tissue specificity
of that cluster. The tissue specificity of the miRNA clusters calculated in this manner are highly concordant with the tissue specifici-

A

ties obtained by the specificity analysis of the individual miRNAs
in each cluster. There is at least one miRNA cluster identified
for each tissue and at least one tissue identified as tissue-specificity
of each miRNA cluster (Supplemental Fig. S12; Supplemental
Table S8).
We clustered mouse developmental mRNAs from ENCODE
using maSigPro into 30 clusters incorporating 14,827 differentially
expressed genes out of the 20,686 genes that were expressed at
least once during the development with a replicate average expression of at least two TPM (Supplemental Fig. S18; Supplemental
Table S9). About one third of these clusters are specific to a single
tissue, with the rest being expressed in multiple tissues. The largest
three clusters are clusters 9, 3, and 12 with 1773, 1214, and 884
genes in them, respectively, and all three of these clusters correspond to genes expressed in brain. Most of the tissue-specific clusters correspond to the liver, heart, and lung after the brain.
After identifying the clusters of miRNA and mRNA that are
dynamically expressed during development, we calculated the partial correlation between each of the miRNA clusters and each of the
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Figure 3. Identification of miRNA–mRNA cluster interactions. (A) Potential targets of each miRNA cluster were obtained by applying an ensemble approach. Interactions were called as significant if they had a negative tissue-specific partial correlation and were enriched beyond the Bonferroni-corrected
P-value of 10−4. (B) Heatmap of miRNA cluster target enrichment calculated using χ2 statistics. The 18 interactions identified as enriched are boxed in orange and gold. The interactions boxed in gold have negative partial correlation and are identified as significant interactions. (C) miRNA cluster 11 corresponds to brain-specific miRNAs up-regulated during development. (D) mRNA cluster 18 genes are highly expressed in other organs such as limbs,
cranioface, and heart. (E) Gene Ontology of miRNA cluster 11 targets in mRNA cluster 18 shows enrichments in developmentally important genes with
roles outside the brain. (F) miRNA cluster 6 increases significantly during heart development. (G) mRNA cluster 28 genes are overexpressed in the brain.
(H) Gene Ontology analysis of miRNA cluster 6 targets in mRNA cluster 28 revealed terms such as brain, head, and forebrain development.
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mRNA clusters. The partial correlation matrix was built using
Pearson’s correlation between each pair of clusters (miRNA–
mRNA) within the context of tissues that the miRNA cluster was
active in (using only the miRNA tissue specificity as the context)
(Supplemental Fig. S19; Supplemental Table S10). Using this partial correlation approach, 60% of the miRNA–mRNA cluster interactions are anticorrelated with a mean correlation coefficient value
of −0.47. This anticorrelation was used to filter out the positive interactions after target enrichment analysis.
We collected the predicted targets of each of the miRNAs from
five different resources and prediction algorithms using miRNAtap
(https://bioconductor.org/packages/release/bioc/html/miRNAtap
.html). We used the unique set of all the predicted targets for miRNAs in each of the miRNA clusters to build a contingency table
that contains the distribution of each of these unique target sets
among the mRNA clusters. We then performed a χ2 test on the contingency table to study the enrichment of targets in different
mRNA clusters (Fig. 3B; Supplemental Table S11) and applied a
P-value cutoff of 10−4 (Bonferroni corrected P-value: 0.05/[16 ×
30]) to determine the mRNA clusters that were significantly enriched for miRNA cluster targets. Eighteen interactions between
11 unique miRNA clusters and seven unique mRNA cluster were
identified as significant; however, only nine of these interactions
passed the filter for negative partial correlation (Supplemental
Fig. S20; Supplemental Table S12). We also evaluated the conservation of the 3′ UTR 8mer target sites for different miRNA seeds and
gene cluster interactions (Supplemental Fig. S21). We found that
eight out of our nine significant interactions fall in the top 30 percentile of conserved 8mer target sites. In particular, miR clusters
11, 14, and 6 have the highest number of conserved targets across
the gene clusters. From these nine significant interactions, we
chose to further analyze two pairs. The interaction between
miRNA cluster 11 and mRNA cluster 18 (Fig. 3C–E; Supplemental
Table S13) had a P-value of 10−5 for the target enrichment and a
correlation coefficient of −0.73. The miRNAs involved in this interaction are highly expressed and increase during time in brain,
whereas the target genes are expressed more highly in other tissues
such as limbs, cranioface, and heart at the same stages of development. Gene Ontology of the targets revealed that this miRNA cluster targets genes involved in the development of skeletal system,
cardiac development, and vasculature development (P-values
<10−15), by presumably down-regulating them in the brain. Another interaction between miRNA cluster 6 and mRNA cluster 28
has a P-value of 5.2 × 10−5and a negative correlation coefficient
of −0.68. This miRNA cluster increases expression mainly in the
heart, lung, and kidney (Fig. 3F), whereas the mRNA targets are
highly expressed in the brain organ and their expression is very
limited in the heart (Fig. 3G). Gene Ontology analysis of this interaction enriches for terms involved with head and brain development (P-values <10−5) (Fig. 3H; Supplemental Table S14). In
both of these cases, as well as several of the others, the miRNA cluster is enriched for targets that are developmentally important
genes for tissues other than the tissue in which the miRNAs are
highly expressed.

Discussion
In this study, we provide a comprehensive resource of miRNA expression dynamics across mouse developmental stages in multiple organs. Our catalog of organ-specific and developmental
stage–specific miRNAs provides a valuable resource for elucidating the role of miRNAs and highlighting certain key properties
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of miRNAs during mouse development. We detected that only
42% of the annotated miRNAs in mouse expressed a minimum
of two CPM (72% of miRNAs annotated as highly confident) in
the 16 different organs that are representative of major organ
systems during mouse embryogenesis. This result suggests that
only a subset of miRNAs might be involved in regulating gene expression during mouse development, with the remaining either
expressed in other tissues or more likely expressed later in postnatal development and adult tissues (Ludwig et al. 2016). There is
also little variability in the number of miRNAs detected per tissues, with the heart and nervous system tissues showing the
highest number of detected miRNAs. The miRNA output of
most embryonic samples is dominated by the expression of a
few highly expressed miRNAs that usually consist of nontissuespecific and ubiquitously but highly expressed miRNAs, which
matches reports from human and mouse cell types (De Rie
et al. 2017).
Although tissue specificity of miRNAs has been well studied
and well reported in multiple model organisms (Lagos-Quintana
et al. 2002; Gao et al. 2011; Ludwig et al. 2016), a comprehensive
study of the dynamics of such tissue-specific miRNAs across mouse
development was lacking. Our analysis fills this knowledge gap.
We show that most of the tissue-specific miRNAs are dynamically
regulated across development, with different subsets of miRNAs in
the brain and heart expressed at different levels during embryonic
development.
We provide evidence that the tissue-specific expression of a
subset of miRNAs is conserved in human and mouse, although
the overall transcriptional programs are known to have considerably diverged in the two species (Yue et al. 2014). Although the
number of one-to-one miRNA orthologs in human and mouse is
low as a fraction of the known miRNAs in each species (∼20% of
annotated miRNAs in human have one-to-one orthologs in
mouse), we show that the tissue-specific expression patterns of
the miRNA orthologs closely resemble the overall patterns observed in each individual species. The conservation of miRNA expression in human and mouse tissues is driven by core sets of
miRNAs. We show that the expression of tissue-specific miRNAs
is well conserved in some tissues (brain, muscle, and lung), although less conserved in other tissues (liver). The fraction of conserved miRNAs is significantly lower than the number of
conserved genes between human and mouse (Herrero et al.
2016), which suggests that miRNAs are evolving more frequently.
Finally, the clustering of the miRNAs based on the dynamics
of their expression in different tissues allowed us for a unique opportunity to study the functionality and role of these miRNAs in a
cooperative way. This approach revealed that some of these tissuespecific clusters of miRNAs likely act as suppressors of genes involved in the development of other tissues than those in which
the cluster of miRNAs are expressed. Although the coregulation
of the mRNAs could be simply owing to the sharing of cis-regulatory elements, we note that many of the target genes of our
miRNAs are transcription factors that are themselves important
for mouse development, which strongly suggests that posttranscriptional regulation needs to be incorporated into models of
transcriptional regulation being built from ChIP-seq, open chromatin, and mRNA expression data. The availability of miRNA expression levels in matching tissues and time points of the Mouse
ENCODE data set of embryonic development provides a unique
opportunity to integrate the analysis of miRNAs with other functional genomic data used to build the Mouse Encyclopedia of
DNA Elements.
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(E14.5–P0). Alternative methods for this calculation were used as
described in Supplemental Figure S6.

Mouse tissue collection and total RNA isolation
For each of the embryonic stages assayed (Fig. 1A), a single pregnant female was sacrificed and dissected for embryo removal.
Tissues from embryos and a newborn mouse at day 0 were collected. The detailed protocol of tissue collection can be accessed at
https://www.encodeproject.org/documents/631aa21c-8e48-467e8cac-d40c875b3913/@@download/attachment/StandardTissueEx
cisionProtocol_02132017.pdf.
Total RNA was extracted from each sample using the mirVana
miRNA isolation kit (Thermo Fisher Scientific, AM1561), followed
by genomic DNA removal using TURBO DNA-free kit (Thermo
Fisher Scientific, AM1907).

miRNA profiling of mouse embryonic and postnatal samples
Mouse miRNA-seq libraries were constructed by following the
miRNA-seq protocol described previously (Alon et al. 2011;
Roberts et al. 2015) without the blocking of highly abundant
miRNAs and with some minor modifications (for details, see
Supplemental Methods). The library concentrations were measured by a library quantification kit (KAPA Biosystems, KK4824).
The library loading concentration for the sequencing was determined using the concentration obtained by KAPA and the estimated fragment size of 140 bp (because we could not use Bioanalyzer
to determine the fragment sizes of these libraries). The miRNA-seq
libraries were sequenced as 50-bp single-end reads on an Illumina
HiSeq 2000 sequencer.

Mouse miRNA-seq read adapter trimming and mapping
We used Cutadapt v. 1.7.1 (Martin 2014) with Python 2.7.10 to
sequentially trim 5′ and 3′ adapters from raw reads. Trimmed reads
were mapped to mouse miRBase v. 22 (Kozomara and GriffithsJones 2011) mature miRNA sequences with STAR v. 2.4.2a (for details, see Supplemental Methods; Dobin et al. 2013). Counts of
reads mapping to each miRBase mature miRNA were obtained
from STAR output. The counts were normalized for sequencing
depth and further TMM normalized using edgeR (Robinson et al.
2010) to obtain CPM. Furthermore, for cross-referencing with
the high-confidence subset of miRNAs in miRBase (Kozomara
and Griffiths-Jones 2014), the miRNAs in MirGeneDB (Fromm
et al. 2018), and FANTOM project novel miRNAs (De Rie et al.
2017), the trimmed reads were mapped to their corresponding mature miRNA reference files and quantified using STAR v. 2.4.2a.

Tissue specificity analysis of individual miRNAs
miRNA tissue specificity was determined using TSI as previously
described (Ludwig et al. 2016):

N 
i=1 1 − x j,i
.
tsij =
N−1
To prevent any biases introduced by multiple tissues of neural
origin, we excluded the samples from the hindbrain, midbrain,
and neural tube and used only the forebrain samples for tissue specificity study of individual miRNAs. Also because some of the organs were not assayed at the earlier stages of embryonic
development (because they start development later), we decided
to restrict the number of organs considered for TSI calculations
to cranioface, forebrain, heart, limb, and liver for the first four stages (E10.5–E13.5) and to cranioface, forebrain, heart, limb, liver,
stomach, kidney, lung, and intestine for the last four stages

Clustering of mouse miRNA-seq data
Time-series analysis of the mouse miRNA-seq time-course was performed using maSigPro v. 1.48.0 (Nueda et al. 2014) in R 3.4.4
(R Core Team 2018). Briefly, each organ (12 in total) that was assayed in at least two developmental time points was analyzed using
a degree 3 and maSigPro functions “p.vector(data, design = design.matrix, counts = TRUE),” “T.fit(p.vector_output, alfa = 0.01),” and
“get.siggenes(T.fir_output, rsq = 0.7, vars=‘all’).” Different numbers of clusters (k) were tested to obtain a robust clustering of
miRNAs by comparing the clusters at each step of k with the previous ones using the command “see.genes(get$sig.genes, k = …).”
The best clustering of miRNAs was obtained with k = 16. The median profiles of the genes were plotted using ggplot2 package
(Wickham 2016) in R. The R code used to generate these clusters
and plots can be found at https://github.com/sorenar/mouse_
embryonic_miRNAs/blob/master/miRNA_maSigPro.R.

Analysis of the mouse mRNA-seq data
mRNA-seq reads were mapped to the mouse genome (assembly
mm10) using STAR v. 2.4.2a. The alignments to the genome were
assembled into ab initio transcripts using StringTie v. 1.2.4
(Pertea et al. 2015). The expression levels of the GENCODE
v. M10 and the StringTie model transcripts were obtained using
STAR and RSEM v. 1.2.25 (for details, see Supplemental Methods;
Li and Dewey 2011).
Time-series analysis of the mouse mRNA-seq time-course was
performed similar to the clustering of miRNAs. In this case, higher
numbers of clusters (k = 20–35) were tested, and k = 30 was selected
as the number that gave the best results. Similarly, the median profiles of these clusters were plotted using ggplot2 in R.

Target enrichment analysis
The R package miRNAtap v. 1.10.0 (https://bioconductor.org/
packages/release/bioc/html/miRNAtap.html) was used as an ensemble method to compile the predicted targets for each miRNA
in our data. miRNAtap uses five different sources to generate a
list of predicted targets: TargetScan (Friedman et al. 2009),
DIANA (Maragkakis et al. 2011), miRanda (Enright et al. 2003),
PicTar (Lall et al. 2006), and miRDB (Wong and Wang 2015). We
used getPredictedTargets(miRNA, species = “mmu”,method =
“geom”,min_src = 3) to obtain the list of predicted targets for
miRNA. The parameter “min_src” indicates that if the miRNA
has targets that are present in more than “min_src” value, the reported list would be only limited to those targets; otherwise, the
method will reduce the “min_src” until it gets a list of targets or
no target at all.
For each significant interaction with a negative partial correlation (as described in Supplemental Methods), the list of the target genes in the interaction was compiled. The Gene Ontology
analysis of each of these target lists was performed via Metascape
(Zhou et al. 2019), and the top 10 most enriched terms were plotted for these analyses.

Data access
All the miRNA-seq, short RNA-seq, and NanoString data from this
study can be accessed through the ENCODE data portal (https
://www.encodeproject.org) under the accession numbers listed in
Supplemental Table S1.
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