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Abstract Sex differences are widely observed under various circumstances ranging from physiological processes to therapeutic responses, and a myriad of sex-biased genes have been identified. In
recent years, transcriptomic datasets of microRNAs (miRNAs), an important class of non-coding
RNAs, become increasingly accessible. However, comprehensive analysis of sex difference in
miRNA expression has not been performed. Here, we identified the differentially-expressed miRNAs between males and females by examining the transcriptomic datasets available in public databases and conducted a systemic analysis of their biological characteristics. Consequently, we
identified 73 female-biased miRNAs (FmiRs) and 163 male-biased miRNAs (MmiRs) across four
tissues including brain, colorectal mucosa, peripheral blood, and cord blood. Our results suggest
that compared to FmiRs, MmiRs tend to be clustered in the human genome and exhibit higher evolutionary rate, higher expression tissue specificity, and lower disease spectrum width. In addition,
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functional enrichment analysis of miRNAs show that FmiR genes are significantly associated with
metabolism process and cell cycle process, whereas MmiR genes tend to be enriched for functions
like histone modification and circadian rhythm. In all, the identification and analysis of sex-biased
miRNAs together could provide new insights into the biological differences between females and
males and facilitate the exploration of sex-biased disease susceptibility and therapy.

Introduction
Sex difference is a prevalent phenomenon in physiology, disease susceptibility, and clinical therapy [1]. Men and women
not only exhibit obvious anatomical differences, but more
importantly, dozens of differences in diseases and therapeutic
responses. Epidemiological studies have identified differences
between men and women in disease incidence and prevalence
[2]. Men are more likely to suffer from occlusive coronary
artery disease (CAD) [3], autism spectrum disorders (ASD)
[4], and stroke [5,6], whereas women exhibit higher incidence
of a non-obstructive CAD or microvascular dysfunction [3],
rheumatic diseases [7], chronic radiation enteritis (CRE) [8],
and post-traumatic stress disorder [9,10]. As for drug response,
aspirin has not been definitively proven to prevent cardiovascular events in women but men may gain greater benefit than
women from angiotensin-converting enzyme inhibitors [11].
Moreover, molecular differences between male and female
samples, including gene expression and somatic mutations,
have also been reported from TCGA tumor datasets [12].
Accordingly, dissecting the differences between women and
men is critical for precision medicine.
MicroRNAs (miRNAs) are small non-coding RNAs that
play pivotal roles in a variety of cellular functions and biological processes such as cell proliferation and differentiation
[13,14], growth and development [15], as well as metabolic
homeostasis [16]. There is accumulating evidence for differential miRNA expression between women and men across a variety of tissues, and the sex-biased expression of miRNAs could
have functional implication [17]. For example, expression of
miR-29a and miR-29c, which are involved in neuronal cell
maintenance [18], is significantly up-regulated in frontal cortex
of female mice in comparison with male mice [19]. Similarly,
miRNAs from the miR-200 family, which target the gonadotropin releasing hormone receptor pathway, are also found
to be differentially expressed between female and male rats,
and this sex-biased expression pattern may partially contribute
to the sexual disparity in brain development [20]. Women are
more vulnerable to lupus than men, and one possible explanation is the higher expression of miR-98, miR-188, miR-421,
and miR-503 in CD4+ T cells of women in comparison with
men [21].
Recently, the sex-biased expression of circulating miRNAs
(i.e., miRNAs in blood) has attracted much attention for their
potential confounding effect that compromises the accuracy of
the miRNA biomarkers [22]. For example, miR-221 and let-7g
are expressed more prominently in the plasma of women compared to men, and could be sex-specific biomarkers of metabolic syndrome [23]. A more comprehensive, cohort-based
survey has identified 35 sex-biased miRNAs after excluding
some confounding factors like age and body weight [24]. Nevertheless, whether and how miRNAs exhibit sex-biased expression in tissues other than blood remained largely unexplored.
Since sexual dimorphism of miRNAs could influence many

physiological and pathological processes, a large-scale identification and analysis of the sex differentially-expressed miRNAs
across multiple tissues is required for further understanding
their role in human biology and diseases.
With the rapid development of high-throughput sequencing
technologies, more than 500 human miRNA transcriptomic
datasets and small RNA sequencing datasets across diverse tissues have become available in the Gene Expression Omnibus
(GEO) database [25]. Nevertheless, no systematic investigation
of the sex-biased expression of miRNAs has been reported yet.
In a previous study, we developed a computational framework
to identify sex-biased genes (ISBG) based on public gene
expression datasets [26]. In this work, we adopted the framework above to identify sex-biased miRNAs (namely ISBM)
from public GEO datasets. We finally collected 8 high quality
miRNA expression datasets with gender information across
multiple tissues (Figure 1) and performed a series of bioinformatics analyses on the sex-biased miRNAs identified. Our
study provides some insights into biological differences
between females and males and could serve as a starting point
for gender-stratified personalized medicine.

Results and discussion
Identification and experimental validation of the sex-biased
miRNAs
Identification of the sex-biased miRNAs
To identify the sex-biased miRNAs, we first downloaded the
human miRNA expression datasets across various tissues from
the GEO database. Despite hundreds of miRNA expression
datasets are available in the GEO database, few datasets contain normal samples with unambiguous gender labels. We discarded the datasets that had no normal samples or did not
contain both male and female samples, and just retained the
datasets that included normal tissues and were annotated with
clear gender information. Finally, we obtained 8 miRNA
expression datasets suitable for further analysis (Figure 1A).
Subsequently, we used the non-parametric test (Wilcoxon’s
test) to identify the differentially expressed miRNAs between
genders, with only normal samples considered). To retain
enough miRNAs for further analysis, we took 0.05 as the P
value threshold and did not consider fold change. Accordingly,
we identified sex-biased miRNAs across four tissues, including
brain, colorectal mucosa, peripheral blood, and cord blood
(see Table 1 and Table S1 for details of these miRNAs). Notably, a few miRNAs exhibited conflicting gender bias among
different tissues (Table S2). For example, hsa-miR-553 exhibits
female bias in brain but male bias in peripheral blood. To
avoid ambiguity, we excluded such miRNAs in the following
analysis. Consequently, 73 female-biased miRNAs (highly
expressed in females, FmiRs) and 163 male-biased miRNAs
(highly expressed in males, MmiRs) were finally identified,
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Figure 1 The overview of the computational framework and the identified the sex-biased miRNAs
A. The overall computational framework of this work. First, human miRNA expression datasets with gender-labeled normal samples were
curated from the GEO database. Second, the sex-biased miRNAs across different tissues were screened using Wilcoxon’s test comparing the
expression levels between male and female samples (P < 0.05). Finally, various characteristics of these miRNAs were analyzed subsequently
using different computational pipelines. B. Fraction of the sex-biased miRNAs in the dataset curated in the current study. C. The overlap of
FmiRs and MmiRs between peripheral blood and the other two non-blood tissues, i.e., brain and colorectal mucosa in this study. D. RTPCR validation of sex-biased miRNA expression in whole blood samples. The expression levels of selected miRNAs were analyzed using
t-test in independently collected whole blood samples of males and females as described in the experimental procedures. The RT-PCR assay
was performed on the same batch of blood sample. *indicates significant difference in miRNA expression between male and female samples
(P < 0.05). N = 8–10. FmiR, female-biased miRNA; MmiR, male-biased miRNA; DSW, disease spectrum width, which is defined as the
number of diseases associated with a given miRNA gene divided by the total number of diseases associated with any miRNA genes.

Table 1

Summary of the sex-biased miRNAs and GEO source datasets used in this study
Number of miRNAs

Tissue

Dataset ID

Peripheral blood

MmiR

FmiR

From autosome loci

From sex chromosome loci

GSE34608
GSE41574
GSE67489
GSE70425

23
6
9
39

0
8
12
16

17
13
12
53

6
1
9
2

Brain

GSE15745
GSE77668

75
13

34
13

100
26

9
0

Colorectal mucosa

GSE41012

13

0

11

2

Cord blood

GSE48353

7

4

11

0
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which accounted for about 14.0% of total miRNAs in the
miRNA datasets analyzed (Figure 1B). Accordingly, 1453 miRNAs that show no significant sex-biased expression in any of
the tissues were grouped as the non-biased miRNAs (NmiRs).
Comparison and experimental validation of the sex-biased
miRNAs
Previous study has identified some sex-related miRNAs in
human blood [24]. Some of these miRNAs were also found
in our analysis. For example, hsa-miR-45 and hsa-miR-16
exhibit higher expression level in male, which is in line with
our results. Nevertheless, it seems that the sex-biased miRNAs
in blood cannot fully recapitulate sex-biased miRNAs in other
tissues. In our dataset, only a limited overlap of sex-biased
miRNAs between peripheral blood and other non-blood tissues is observed (Figure 1C). There are only 8 shared MmiRs
and no shared FmiRs between peripheral blood and other two
non-blood tissues, brain and colorectal mucosa, suggesting the
importance for surveying different tissues other than blood
alone when analyzing sex-biased expression of miRNAs.
To experimentally validate the reliability of our computational analysis, we quantified the expression of three miRNAs
in separate whole blood samples. These include hsa-miR-2965p, hsa-miR-548m, and hsa-miR-1262, all of which show
biased expression between women and men and defined as
FmiRs in our dataset. RT-PCR analysis indicates that all of
these three miRNAs exhibited women-biased expression in
whole blood (Figure 1D), which agrees with our computational analysis. Therefore, the RT-PCR assay, at least partially, validates our computational analysis for the
identification of sex-biased miRNAs (namely ISBM).
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proportion of MmiR genes would be randomly expected to
be higher. Nevertheless, for some chromosomes like chromosomes 2, 4, 5, 8, and 19, the proportion of MmiRs is more than
four-fold higher than that of FmiRs (Figure 2A), which cannot
be simply explained by the higher total number of MmiRs. In
all, our analysis indicates a non-random distribution of miRNAs across chromosomes.
We further investigated the intra-chromosomal distribution
of sex-biased miRNA genes by comparing the chromosomal
distance between two miRNA genes from the same group.
As shown in Figure 2C, the median intra-chromosomal distance between two MmiR genes is significantly smaller than
that for FmiR genes (median distance 1.09E+7 bp vs. 3.67E
+7 bp, Wilcoxon’s test P = 4.71E 7) or NmiR genes (median
distance 1.09E+7 bp vs. 3.46E+7 bp, Wilcoxon’s test
P = 3.43E 55), indicating that MmiR genes tend to be more
clustered on the chromosomes. In contrast, FmiR genes do not
show obvious clustering tendency. In order to examine the
potential bias for individual chromosomes, the average
intra-chromosomal distances between miRNAs for each
chromosome are also examined (Figure S1A). The intrachromosomal distances between sex-biased miRNA genes do
not agree well with those between other miRNA genes, indicating that the non-random distribution of sex-biased miRNA
genes. Finally, we compared the allocation of miRNA genes
on sexual chromosome and autosomes for each tissue
(Figure 2D). Sex-biased miRNA genes are located on the
autosomes much more frequently than the sex chromosome,
implying that the sexual dimorphism of miRNA expression
could not totally be contributed by sex chromosomes but
should be also associated with the differential regulation of
autosome miRNA genes between males and females.

Chromosomal distribution of sex-biased miRNA genes
Evolutionary conservation of sex-biased miRNA genes
It is known that miRNA genes are scattered among chromosomes [27]. We speculate that the sex-biased miRNA genes
would show non-random distribution on chromosomes. To
test this hypothesis, we first compared the distribution of
FmiR and MmiR genes on each chromosome. For 19 out of
23 chromosomes, the proportion of MmiR genes to the total
number of miRNA genes on the same chromosome is higher
than that of the FmiR genes (Figure 2A). Our previous study
has demonstrated that the proportion of female-biased genes
(FGs) is higher than that of male-biased genes (MGs) among
most of the chromosomes [26]. It is therefore interesting to
analyze if there is a correlation between the chromosomal distribution of the sex-biased miRNAs and that of the sex-biased
genes. For an intuitive comparison, we first plotted a Circos
graph [28] to show the distribution of sex-biased miRNAs
(and genes) per million bp on each chromosome. As shown
in Figure 2B, the distributions of the sex-biased miRNAs
and genes are not consistent for most chromosomes except X
chromosome. Indeed, no significant correlation between distributions of FmiR genes and FGs (Spearman’s correlation q =
0.24, P = 0.27), nor between those of MmiR genes and MGs
(q = 0.28, P = 0.20) is found, suggesting that there seems no
obvious connection between sex-biased miRNA genes and
genes in terms of chromosomal distribution. We also noted
that MmiR genes outnumber FmiR genes in total so that the

Evolutionarily conserved miRNAs are more likely to be associated with diseases [29]. Moreover, the conservation of genes
is an important feature to consider when exploring gene functions [30]. To dissect the evolutionary conservation of sexbiased miRNAs, we first divided miRNA genes into 5 groups
as described previously [31]. These include the humanspecific group (G1), primate-specific group (G2), mammalspecific group (G3), vertebrate-specific group (G4), and the
group for miRNA genes present in other more distal species
(G5, which is the most conserved). miRNA genes from each
group are listed in Table S3, and the distribution of FmiR,
MmiR and NmiR genes among different groups is shown in
Figure 3A. In the fast-evolving groups like G1 and G2 groups,
there are more MmiR genes (49.6%, 56/113) than FmiR genes
(30.9%, 17/55) (P = 0.031, OR = 0.46, Fisher’s exact test).
We further compared the number of species in which the
miRNA families of FmiR genes and MmiR genes are present,
and found that FmiR families are present in more species than
MmiR families (Wilcoxon’s test P = 0.050) and NmiR families (Figure 3B, Wilcoxon’s test P = 0.017). Together, these
results indicate that MmiR genes have a faster evolutional
rate, whereas FmiR genes tend to be more conserved, suggesting that FmiR genes are inclined to play roles in more fundamental biological processes.
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Figure 2 The chromosomal distribution of the sex-biased miRNA genes
A. Chromosomal distribution of the sex-biased miRNA genes. Y-axis shows the percentage of the sex-biased miRNA genes to the total
miRNA genes on the same chromosome. B. Detailed chromosomal distribution of the sex-biased miRNA genes and sex-biased genes, the
number of the sex-biased miRNA genes per million bp is plotted using the barplots embedded in the Circos graph. Red, green, purple, and
blue bars represent the distributions of the FmiR genes, MmiR genes, FGs, and MGs, respectively. C. The boxplot comparing the intrachromosomal distances between the sex-biased miRNA genes. ***indicates significant difference in intra-chromosomal distances, when
comparing MmiR gene group with any of the other two groups (P < 0.001), according to Wilcoxon’s test. D. The percentage of the sexbiased miRNA genes on autosomes and sex chromosomes in each tissue. FmiR, female-biased miRNA; MmiR, male-biased miRNA; FG,
female-biased coding gene; MG, male-biased coding gene; NmiR, non-biased miRNA; n.s., non-significant.
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Figure 3 The evolutionary characteristic of the sex-biased miRNA genes
A. The distribution of the FmiR, MmiR, and NmiR genes in different conservation groups. Note that miRNA genes in more conserved
group (e.g., primate-specific group) do not include the miRNA genes present in less conserved groups (e.g., human-specific group).
B. Comparison of the number of species in which the corresponding miRNA gene family members are present. *indicates significantly
higher number of species in which the family members of FmiR genes are present, in comparison with MmiR and NmiR genes (P < 0.05),
according to Wilcoxon’s test. n.s., non-significant.

Expression regulation and disease spectrum width of the sexbiased miRNAs
Gene expression is another characteristic implicating gene
function, and miRNAs expressed in highly tissue-specific manner tend to be involved in tissue identity and differentiation
[32,33]. To understand the tissue expression specificity of sexbiased miRNAs, we computed the tissue specificity index
based on the miRNA expression profiles across 40 tissues from
Liang and colleagues [34]. We found that MmiRs have a significantly higher tissue expression specificity index than FmiRs
(Figure 4A, Wilcoxon’s test P = 0.050), indicating that
MmiRs prefer to express in a tissue-specific manner. Besides,
we noted that the tissue specificity of sex-biased miRNAs is
significantly higher than NmiRs (Figure 4A, Wilcoxon’s test
P = 0.0036). The result suggests that the sex-biased miRNAs
could play critical roles in distinguishing cell types and tissue
development status.
To a certain extent, gene expression is subject to the activity
of transcription factors (TFs) [35]. For better understanding of
the regulation of sex-biased miRNAs, we analyzed the TFs
regulating the sex-biased miRNA genes. Through extensive
exploration of the comprehensive ChIP-seq atlas, we identified
the TFs that preferentially bind the proximal genomic regions
of sex-biased miRNA genes in each tissue. On average, each
sex-biased miRNA gene has 15.7 TF binding sites in vicinity,
which is significantly higher than that of a non-biased miRNA
gene (9.1 TF binding sites per gene on average; P = 1.47E 19,
OR = 1.73, Fisher’s exact test). Moreover, some TFs are more
likely to regulate sex-biased miRNA genes than non-biased
miRNA genes. We identified 33 FmiR gene-regulating TFs
and 56 MmiR gene-regulating TFs. FmiR gene-regulating

TFs tend to be involved in functions like positive regulation
of transcription, hemopoiesis, and cellular response to chemical stimulus, whereas MmiR gene-regulating TFs tend to be
involved in functions like chromosome organization, response
to organic substance, and histone modification (Figure 4B).
These TFs are also significantly associated with diseases. For
instance, both FmiR gene-regulating TFs and MmiR generegulating TFs are associated with Alzheimer’s disease and
bone mineral density. In addition, MmiR gene-regulating
TFs are also associated with Cornelia de Lange syndrome
and myeloid leukemia (Figure 4C). Finally, we checked if these
TFs themselves show sex-biased expression, based on the sexbiased genes identified in our previous study [26]. Our analysis
indicates no significant overlap between sex-biased genes and
TFs that regulate sex-biased miRNA genes (Fisher’s exact test,
P = 0.53). Among 33 FmiR gene-regulating TFs and 56
MmiR gene-regulating TFs, only 4 and 9 TFs show sexbiased expression, respectively. Nevertheless, we note that
some of the sex-biased TFs are likely to be associated with diseases that have known sex-biased incidence. For instance,
male-biased TF CDK9 can inhibit cell proliferation and induce
apoptosis in human breast cancer [36], whereas the gene
encoding the female-biased TF PBX1 has a genetic and functional association with bone mineral density, one of the major
determinants of risk for osteoporosis [37].
In consideration of the extensive association between
miRNAs and diseases, we next examined the relationship
between sex-biased miRNAs and diseases with the disease
spectrum width (DSW) [38]. Intuitively, DSW describes how
many diseases are associated with a particular miRNA gene,
and higher DSW indicates wider disease associations of a
particular miRNA gene. We re-calculated DSW (Table S4)
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Figure 4 The comparison of tissue expression specificity and disease spectrum width of the sex-biased miRNAs
A. Comparison of tissue expression specificity between FmiRs, MmiRs, and NmiRs. The tissue expression specificity of one miRNA is
defined as the ratio of its maximum expression level among the 40 tissues examined against the total expression from all of the 40 tissues.
*
P < 0.05; **P < 0.01, Wilcoxon’s test. B. The enriched functions of the FmiR-regulating TFs and MmiR-regulating TFs using the
g:Profiler tool, only the top 20% significant terms (P < 0.05) are shown. Numbers in the parenthesis indicate the numbers of TFs
associated with the respective functions. C. The associated diseases of the FmiR-regulating TFs and MmiR-regulating TFs using the
DAVID tool (P < 0.05). Numbers in the parenthesis indicate the numbers of TFs associated with the respective diseases. D. Comparison
of disease spectrum width between FmiR genes, MmiR genes, and NmiR genes. *indicates significant lower disease spectrum width of
MmiR group, when compared to any of the other two groups (P < 0.05) according to Wilcoxon’s test. n.s., non-significant.

using the updated data of the miRNA gene–disease associations in HMDD [39], which contained 578 miRNA genes,
383 diseases, and 10,381 miRNA gene–disease associations.
As shown in Figure 4D, DSW of FmiR genes is significantly
higher than that of MmiR genes (median: 0.013 vs. 0.012,
Wilcoxon’s test P = 0.049). Combining the finding of tissue
specificity and DSW, miRNA genes that are associated with
more diseases tend to have lower tissue specificity, and this
observation is consistent with the previous study [29] showing
a negative correlation between the tissue specificity of a
miRNA and the number of diseases it is associated with. We

further compared the percentage of disease-associated miRNA
genes among FmiR, MmiR and NmiR groups. We found that
FmiR genes (66.7%, 44/66) do not have significantly more
disease-associated miRNAs than MmiR genes (62.5%,
90/144) (P = 0.64, OR = 1.20, Fisher’s exact test). However,
the percentage of disease-associated miRNA genes in NmiRs
(38.7%, 336/868) is significantly lower than FmiR genes
(P = 1.3E 5, OR = 0.32, Fisher’s exact test) and MmiR
genes (P = 1.4E 7, OR = 0.38, Fisher’s exact test). These
data suggest a more extensive involvement of the sex-biased
miRNAs (miRNA genes) in human diseases.

Cui C et al / Analysis of Sex-biased MicroRNAs
Functional enrichment analysis of the sex-biased miRNA genes
To learn more about the functions and specific diseases related
to the sex-biased miRNAs, we performed the functional
enrichment analysis of the sex-biased miRNA genes using
the TAM tool [40,41] to screen the enriched function terms
(P < 0.05). As depicted in Figure 5A, MmiR genes tend to
be enriched for terms like histone modification, circadian
rhythm, and cell reprogramming. Previous studies have
reported that androgen interacts with histone modifying
enzymes [42] and histone modifications are sexually dimorphic
in the developing mouse brain [43]. In contrast, FmiR genes
are enriched for functional terms related to apoptosis, lipid
metabolism, glucose metabolism, cholesterol metabolism,
immune system, brain development, and a series of cell
cycle-related processes (Figure 5A). These results suggest that
FmiR genes tend to play roles in the fundamental processes for
maintaining physiological activities, which is also supported by
aforementioned biological characteristics of FmiR genes.
Interestingly, among the top 25 enriched function terms of
FmiR genes, 7 terms are related to the cell cycle process and
4 terms are related to metabolism, suggesting that these
miRNA genes may coordinate the cell proliferation and the
metabolism process. Indeed, some coding genes have been
shown to link cell proliferation with metabolism [44], and it
is possible that some sex-biased miRNAs could have similar
regulatory roles in the cell as well. Moreover, it is well known
that sex-biased gene (mRNA) expression, partially induced by
sex hormone, significantly influences brain development [45].
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Our result further suggests that FmiR genes could also be
involved in brain development. Furthermore, we performed
functional enrichment analysis on the sex-biased miRNA
genes from each tissue. The top 50% significant functional
terms are listed in Figure S1. As expected, when we focused
on specific tissues, we found that the MmiR genes with higher
tissue specificity tend to show more specified functions. For
example, in colorectal mucosa, one of the significantly
enriched functions of MmiR genes is carbohydrate metabolism. Indeed, the metabolic syndrome has been considered as
important risk factors in colorectal neoplasm [46], which provides a plausible hypothesis that MmiRs from colorectal
mucosa, through regulating carbohydrate metabolism, might
participate in the disease progression.
We further investigated the enriched diseases of the sexbiased miRNA genes. Notably, sex-biased miRNA genes are
enriched in a myriad of cancers (Figure 5B). We found that
FmiR genes are enriched in the miRNAs that are known to
be down-regulated in hepatocellular carcinoma, and this
observation is plausibly related to the enriched functional term
of FmiR genes as tumor suppressor in the above analysis.
FmiR genes are partially enriched in disease terms like Parkinson’s disease and Alzheimer’s disease (Table S5), in coincide
with their enriched function of brain development and aging.
A previous clinical survey has shown that males are more vulnerable to cutaneous tuberculosis than females [47]. Interestingly, our result also indicates that a variety of MmiR genes
are significantly associated with lupus vulgaris, a skin disease
(Table S6). We also noted that some high-risk diseases for

Figure 5 Functional enrichment analysis of the sex-biased miRNA genes
A. Functional enrichment analysis of the sex-biased miRNA genes using the TAM tool (P < 0.05). Numbers in the parenthesis indicate
the numbers of miRNAs associated with the respective functions. B. Disease enrichment analysis of FmiR genes and MmiR genes. Only
top 10% significant terms (P < 0.05) are shown. Numbers in the parenthesis indicate the numbers of miRNA genes associated with the
respective diseases.
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females like breast cancer and endometriosis are also enriched
in MmiR genes (Table S6). We note that some of these MmiRs
are known disease suppressors [48]. For instance, two MmiRs,
hsa-miR-424 and hsa-miR-451, are shown to inhibit
endometriosis [48,49]. Thus, the lower expression of these
MmiRs in females may contribute to the higher susceptibility
of females to the associated diseases.
Preliminary analysis on The Cancer Genome Atlas (TCGA)
datasets
For more comprehensive understanding of sex-biased miRNA
expression, we collected miRNA (miRNA gene) expression
profiles in tumor adjacent tissues from TCGA database, which
covered 12 cancer types in 9 tissues [50]. We first compared the
expression level of sex-biased miRNA genes and NmiR genes
in the TCGA dataset. The expression levels across 9 tissues
in TCGA dataset are summarized in Figure S2. Generally,
the expression level of FmiR genes is significantly higher than
that of MmiR and NmiR genes for most tissues, in line with
the extensive associations between FmiRs and cancers
(Figure 5B). We also tested the miRNA expression specificity
across different cancer types. While MmiR genes and FmiR
genes show comparable cancer type specificity (median: 0.30
vs. 0.29, Wilcoxon’s test P = 0.83), MmiR genes are more
specific to particular cancer types than NmiR genes (median:
0.30 vs. 0.27, Wilcoxon’s test P = 0.014). Taken together,
these results indicate that FmiR genes are associated with
wider spectrum of cancer types.
We further applied our analysis framework (namely ISBM)
to this TCGA dataset to identify sex-biased miRNA genes in
tumor adjacent tissues. Note that the expression profiles from
TCGA are available at the miRNA gene level rather than
mature miRNA level. As a result, we identified 84 FmiR genes
and 87 MmiR genes (Table S7). Similar to the analysis on the
GEO dataset-derived sex-biased miRNAs, we compared sexbiased miRNA genes and non-biased miRNA genes in TCGA
dataset for chromosomal distribution, conservation, tissue
specificity, DSW, and functional enrichment. We found that
the percentage of FmiR genes is higher than that of MmiR
genes for 12 out of 23 chromosomes (Figure S3). FmiR genes
are more clustered on chromosomes than MmiR genes (median distance 8.20E+6 bp vs. 3.03E+7 bp, Wilcoxon’s test P
= 2.58E 4) and NmiR genes (median distance 8.20E+6 bp
vs. 3.95E+7 bp, Wilcoxon’s test P = 3.42E 20). In terms of
conservation, MmiRs’ families are found to be present in more
species than FmiR families (median: 32 vs. 18, Wilcoxon’s test
P = 0.016) and NmiR families (median: 32 vs. 4, Wilcoxon’s
test P = 1.32E 21) (Figure S4). In addition, the tissue specificity of NmiRs is significantly higher than that of FmiRs
(median: 0.94 vs. 0.79, Wilcoxon’s test P = 0.016) and MmiRs
(median: 0.94 vs. 0.81, Wilcoxon’s test P = 0.016) (Figure S5A). Moreover, MmiR genes also show significantly
higher DSW than FmiR genes (median: 0.057 vs. 0.029, Wilcoxon’s test P = 5.91E 4) and NmiR genes (median: 0.057
vs. 0.0078, Wilcoxon’s test P = 1.49E 16), while FmiR genes
show significantly higher DSW than NmiR genes (median:
0.029 vs. 0.0078, Wilcoxon’s test P = 7.50E 6) (Figure S5B).
Finally, according to the functional enrichment analysis,
MmiR genes are associated with immune response, cell cycle,
and cell proliferation, whereas FmiR genes are enriched for

function terms like bone regeneration and inflammation
(Figure S6).
Taken together, the sex-biased miRNAs found in tumor
adjacent tissues exhibit noticeable distinctions in biological
characteristics compared with those identified in normal tissues. The most prominent distinction is that the MmiRs identified in normal tissues seem to share some biological features
with the FmiRs identified in tumor adjacent tissues. Indeed, we
noticed that the MmiRs from normal tissues tend to show
female-biased expression in tumor adjacent tissues (Figure S2K). That is to say, these MmiRs are more likely to show
higher expression in females than males in the TCGA dataset
(paired t-test P = 0.025). These results indicate that the sexbiased expression of miRNAs is context-specific and could
be changed or reversed in disease conditions, even in tumor
adjacent tissues without observable pathological alterations.
In this study, we focused on sex-biased miRNAs in healthy
samples, whereas the tumor adjacent tissues would not be
good representatives of normal tissues in terms of gene expression pattern. Instead, a GTEx-like comprehensive panel of
miRNA expression profiles in normal tissue samples would
ultimately depict the whole picture of sex-biased miRNAs
across different tissues in human body [51] in the future,
although such expression panel is still prohibitively expensive
and labor-intensive for now.

Conclusions
Identifying the molecular signature of sex difference has profound importance for disease studies and personalized medicine. Our previous studies on the sex-biased coding genes
reveal that compared to male-biased coding genes, femalebiased coding genes have higher evolutionary rate, higher
single-nucleotide polymorphism density, lower homologous
gene numbers, and younger phyletic age, which are highly
involved in immune-related functions, whereas male-biased
coding genes are more enriched in metabolic process [26]. Evidence for the functional importance of small non-coding
RNAs, such as miRNAs, in diverse biological processes has
been accumulating. However, whether and how the miRNAs
are expressed in sex-biased fashion remain largely unexplored,
which would hinder the full understanding of sexual discrepancy in physiology, disease incidence, and therapeutic
response. We speculate that sex differences should also exist
in terms of miRNA expression, and such sex-biased miRNA
expression would carry functional implications as well. In the
present study, we found 73 female-biased miRNAs and 163
male-biased miRNAs. Male-biased miRNAs exhibit a faster
evolutionary rate and a higher tissue specificity, whereas
female-biased miRNAs have higher disease spectrum width
and are likely to be related to various cancers and neurodegenerative diseases. Functional annotation shows that femalebiased miRNA genes are associated with metabolism process
and cell cycle process, whereas male-biased miRNA genes tend
to be enriched in histone modification and circadian rhythm.
Nevertheless, due to the intrinsic characteristics of miRNAs
and the limitation of current miRNA annotations, some analyses are difficult to perform. For example, we tried to investigate the SNP density in sex-biased miRNA genes and found
that miRNA gene loci (based on pre-miRNAs) currently available are too short to have sizable number of SNPs on them for
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further analysis. Besides, as indicated by the analysis on
TCGA data, caution should be taken on the biological characteristics of samples when compiling the dataset, as the sexbiased expression of miRNAs is context-dependent.
Furthermore, miRNA expression datasets currently available clearly has their limitations. First, the sample size of our
dataset is limited due to the lack of gender-labeled samples
for most miRNA expression profiles in GEO. Second, the
number of male and female samples could be imbalanced in
a particular dataset, resulting in additional bias. Integrative
analysis of sex-biased miRNAs and sex-biased genes could
provide novel insights, but current tissue coverage of the
miRNA datasets does not permit such analysis. In addition,
many details like age and ethnic groups are missing or insufficient in current heterogeneous GEO datasets. Therefore, more
rigorous pipelines, in which the sex-biased miRNAs are corrected by confounding co-factors [12,24], cannot be performed
to reduce the false positives in the current study. Therefore, we
expect that more comprehensive panels of healthy human
miRNA expression profiles would become available in the
future, to enable more reliable analysis and provide more
insightful information for understanding physiology, diseases,
medicine and clinical therapy in sexual dimorphism.

Materials and methods
Identification of sex-biased miRNAs (ISBM)
We searched the human miRNA expression datasets in GEO
[25]. Only datasets generated for human normal samples with
gender information were retained for manual curation. The 8
GEO datasets selected include GSE15745, GSE34608,
GSE41012, GSE41574, GSE48353, GSE67489, GSE70425,
and GSE77668. We mapped probes to miRNA name, deleted
null values, and merged redundant probes by averaging their
expression values. Next, we classified the samples in each dataset into two groups according to gender information, the male
group and the female group, to identify the sex-biased miRNAs. Using Wilcoxon’s test (P < 0.05), sex-biased miRNAs
are identified and distinguished based on the bias direction
(i.e., male-biased or female-biased) according to fold change.
The final list of sex-biased miRNAs was obtained by merging
the results from each dataset and excluding the miRNAs showing conflicting bias directions across different tissues.
Human blood samples
Blood samples from 9 healthy males and 9 healthy females were
obtained from Ruike Donghua Translation Medical Research
Center. The whole blood samples were EDTA anticoagulant,
and were stored at 80 °C before use. The usage of patientderived materials was approved by the Ethics Committees of
the Staff Hospital of Jidong Oil-field of Chinese National Petroleum, Beijing Tiantan Hospital, and Capital Medical University. Written consent was obtained from all of the patients.
Bulge-loop real-time RT-PCR
Similar to our previous study [52], blood total RNA was isolated with Trizol reagent (Invitrogen). Complementary DNA
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was reversely transcribed in RNase-free water using 0.2–0.5
lg of total RNA mixed with 1 ml (500 nM) miRNA-specific
bulge-loop RT-primers. Real-time PCR experiment was performed on Real-Time qPCR System (Agilent Technologies,
Stratagene Mx3000P). For quantitative assay of miRNAs in
the blood, their relative expression levels were firstly normalized to that of small nuclear RNA U6 in each gender, and then
normalized to female data values using 2 DDCt method. All the
Bulge-Loop RT-primers for both miRNAs and U6 were purchased from RiboBio Co. Ltd (Guangzhou, China) [53,54].
Analysis of the chromosomal distribution of sex-biased miRNA
genes
The sex-biased miRNA genes were mapped onto chromosomes. The number of miRNA genes on each chromosome
was counted to calculate the proportion of FmiR genes or
MmiR genes to the total number of miRNA genes on each
chromosome. Meanwhile, the number of sex-biased miRNA
genes per million bp per chromosome was computed to depict
more detailed distribution using Circos graph [28]. The correlation between the proportions of sex-biased miRNA genes
with those of sex-biased genes on each chromosome was evaluated using Spearman’s correlation. We next calculated the
intra-group distance of any miRNA gene pair on the same
chromosome within FmiR, MmiR and NmiR groups to test
if some miRNA genes tend to be clustered on the chromosome.
Analyzing evolutionary characteristics and functional enrichment
of sex-biased miRNA genes
Family numbers of miRNAs were downloaded from the miRBase database version 21 [55] as one of the characteristics of
conservation. Based on the species in which the corresponding
miRNA family members are present, we classified all miRNA
genes into 5 group according to the method described by
Zhang and colleagues [31]. Numbers of species in which the
family members of FmiR, MmiR, and NmiR genes are present
were counted. The enrichment analysis of sex-biased miRNA
genes were executed, taking into consideration of both functions and disease associations of miRNA genes, using TAM
2.0 (http://www.scse.hebut.edu.cn/tam/) with the P value
threshold of 0.05 and the analysis of up- and down-miRNAs
in diseases enabled [40].
Expression regulation and DSW analysis
To figure out the tissue expression specificity of miRNAs, we
first accessed the miRNA expression profile described by Liang
and colleagues [34], which covered 345 miRNAs and 40 normal tissues, such as brain, muscle, lymphoid, and respiratory
systems. For each miRNA in our dataset, we calculated the tissue expression specificity based on its expression profile, if
applicable. The tissue expression specificity of a miRNA is
defined as the ratio of its maximum expression level among
the 40 tissues examined against its total expression from all
of the 40 tissues [26]. To investigate the regulation of sexbiased miRNA genes, we obtained transcription factor (TF)
binding sites in each tissue from ChIP-Atlas (http://chipatlas.org/) and mapped them to the proximal regions (from
upstream 5000 bp to downstream 1000 bp) of the miRNA gene
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loci. A sex-biased miRNA identified in a specific tissue is
deemed to be regulated by a particular TF if the TF binds to
the proximal region of the miRNA gene in the related tissues.
We further screened the TFs preferentially regulating sexbiased miRNA genes with at least 5 binding sites present
among the FmiRs or MmiRs. We performed the function
and diseases enrichment analysis of these TFs using g:Profiler
and DAVID tools, respectively [56,57].
DSW was presented by Qiu et al. [38] as an important measure of the relationship between miRNAs and diseases. DSW
was calculated as the number of diseases associated with a given
miRNA gene divided by the total number of diseases associated
with any human miRNA gene. Here, we used the updated v2.0
version of HMDD [39] miRNA-disease association dataset to
re-calculate DSW for each miRNA in our datasets.
TCGA data collection and analysis
We downloaded miRNA-seq data of the non-tumor control
tissues from TCGA database (https://portal.gdc.cancer.gov/),
discarding samples without clear gender information. We
obtained data for 12 cancer types: bladder urothelial carcinoma (BLCA), cholangiocarcinoma (CHOL), esophageal carcinoma (ESCA), head-neck squamous cell carcinoma (HNSC),
kidney chromophobe (KICH), kidney renal clear cell carcinoma (KIRC), kidney renal papillary cell carcinoma (KIRP),
liver hepatocellular carcinoma (LIHC), lung adenocarcinoma
(LUAD), lung squamous cell carcinoma (LUSC), stomach
adenocarcinoma (STAD), and thyroid carcinoma (THCA).
The expression profiles from TCGA are available at the
miRNA gene level rather than mature miRNA level. Therefore, for each cancer type, we identified the sex-biased miRNA
genes using the aforementioned identified sex-biased miRNAs
(ISBM) pipeline. Then, the framework, which was used for
analyzing the abovementioned GEO dataset-derived sexbiased miRNAs, was applied to the sex-biased miRNA genes
obtained from the TCGA dataset, to analyze chromosome distribution, conservation, tissue specificity, DSW, and functional
enrichment of these sex-biased miRNA genes.
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