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Abstract

Background: MiRNAs play essential roles in plant development and response to biotic and abiotic stresses through
interaction with their target genes. The expression level of miRNAs shows great variations among different plant
accessions, developmental stages, and tissues. Little is known about the content within the plant genome
contributing to the variations in plants. This study aims to identify miRNA expression-related quantitative trait loci
(miR-QTLs) in the maize genome.

Results: The miRNA expression level from next generation sequencing (NGS) small RNA libraries derived from
mature leaf samples of the maize panel (200 maize lines) was estimated as phenotypes, and maize Hapmap v3.2.1
was chosen as the genotype for the genome-wide association study (GWAS). A total of four significant miR-eQTLs
were identified contributing to miR156k-5p, miR159a-3p, miR390a-5p and miR396e-5p, and all of them are trans-
eQTLs. In addition, a strong positive coexpression of miRNA was found among five miRNA families. Investigation of
the effects of these miRNAs on the expression levels and target genes provided evidence that miRNAs control the
expression of their targets by suppression and enhancement.

Conclusions: These identified significant miR-eQTLs contribute to the diversity of miRNA expression in the maize
penal at the developmental stages of mature leaves in maize, and the positive and negative regulation between
miRNA and its target genes has also been uncovered.
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Background
MicroRNAs (miRNAs) are a class of small RNA fragments
widely distributed in plants and animal genomes that
regulate their target genes through translational inhibition,
mature messenger RNA cleavage, and RNA-dependent
DNA methylation (RdDM) [1]. In plants, pri-miRNA is
transcribed by RNA polymerase II from the miRNA gene
with a 5′ cap and 3′ polyadenylation modification and
subsequently removed by a microprocessor while cutting
the end of the stem-loop structure to produce pre-
miRNA. Subsequently, Dicer like-1 (DCL-1) and Dicer
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like-4 (DCL-4) nucleases cut the pre-miRNA into 21–24
nt short double-strand RNAs, which are methylated by
protein Hua-Enhancer1 (HEN1) to produce mature
miRNA. The mature miRNA is later exported to the cyto-
plasm by HASTY (HST) protein. In the cytoplasm, only a
single strand of the mature miRNA is loaded into the
RNA-induced ribonucleoprotein silencing complex
(RISC), which includes Argonaute (AGO1), to guide the
miRNA by finding its target sites to cleave the corre-
sponding mRNA or to inhibit translation [2]. In plants,
miRNAs regulate target genes by being nearly comple-
mentary to the target sequences. In contrast, in animals,
they regulate target regions by relying on the recognition
of 7–8 nucleotide “seed sequences” [3]. The identification
of miRNAs and their target genes has been well
le is licensed under a Creative Commons Attribution 4.0 International License,
ution and reproduction in any medium or format, as long as you give
the source, provide a link to the Creative Commons licence, and indicate if

d party material in this article are included in the article's Creative Commons
line to the material. If material is not included in the article's Creative Commons
d by statutory regulation or exceeds the permitted use, you will need to obtain
. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.
tion waiver (http://creativecommons.org/publicdomain/zero/1.0/) applies to the
rwise stated in a credit line to the data.

http://crossmark.crossref.org/dialog/?doi=10.1186/s12864-020-07073-0&domain=pdf
http://orcid.org/0000-0002-8952-1923
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
mailto:hmku@email.nchu.edu.tw


Chen et al. BMC Genomics          (2020) 21:689 Page 2 of 13
documented in both plants [4] and animals [5]. As far as
the strategy is concerned, methods such as microarray,
miRNA silencing and immunoprecipitation (IP)-based ap-
proaches and computational prediction after high-
throughput sequencing are also applied for miRNA target
identification [6].
The target gene number of miRNAs has been reported

to be much lower in plants than in animals. Most of the
targets are transcription factors, indicating the import-
ance of plant miRNAs in gene regulation [7, 8]. The
mechanisms of miRNA regulating different plant devel-
opmental stages have been reported, including (1) post-
transcriptional regulation, e.g., miR160 and miR166
regulate the plant height of Gossypium hirsutum through
auxin and ABA response factors [9]. In Arabidopsis,
phosphate starvation regulated by miR399 suppressed its
target by binding to the 5′ untranslated region (UTR)
[10]. An increase in related miRNAs to regulate response
genes under biotic and abiotic stresses has also been re-
ported [11]. (2) Posttranslational regulation: miR172 adjusted
the flowering time by inhibiting the translation of flowering
gene AP2 (APETALA2) in Arabidopsis [12]. Recently, in
maize, many miRNAs and their targets have been identified
by computational prediction, such as miRNAs involved in
maize kernel development [13, 14] and grain filling stages
[15]. In addition, the global repression of miRNA expression
has been reported in maize hybrid lines, which may be crit-
ical for increasing yield [16, 17]. These reports demonstrate
the important function of miRNAs in plants [7].
Numerous miRNA studies have been reported in

maize due to its importance as a major source of food
starch worldwide. Whole genome miRNA expression
profiles from roots, seedlings, tassels, ears, and pollen
grains have been reported, in which approximately 35%
of ancestral sites were found as duplicated homoeolo-
gous miRNAs [18]. Additionally, miRNAs responding to
various stresses in different tissues in maize have been
reported. The miRNA responses to long-term waterlog-
ging in seedlings [19]; low phosphorus-related miRNAs
[20], and low nitrate-related miRNAs [21, 22] in maize
seedling roots; and the miRNAs associated with the re-
sistance of Exserohilum turcicum [23], and diazotrophic
bacteria [24]. All these studies have mainly focused on
the identification of miRNAs, miRNA target genes, and
miRNA functions by computational prediction. How-
ever, it remains unclear how genomic loci affect miRNA
expression in the maize genome.
Genome-wide association study (GWAS) has been

known as an efficient way to search the locations associ-
ated with traits of interest, in particular, quantitative
traits. It is similar to QTL mapping, which considers the
relationship between genotypes of each marker and the
variance of corresponding phenotypes. However, GWAS
provides higher resolution than QTL mapping because
more recombination events have occurred in the breed-
ing history of tested populations [25, 26]. GWAS has
been broadly applied to analyze the correlation between
different plant species and hundreds of target traits [27],
including agro climatic traits in sorghum [28], carbon
isotope ratio in soybean [29], and the association of gen-
ome location with head smut resistance in cotton [30].
In addition, when target gene expression was input as a
phenotype in GWAS processing, the locations associated
with the variations of gene expression could be found as
expressed QTLs (eQTLs) in the genome [31]. This ap-
proach has been applied in a previous study in which
maize root tissue genotyped by 1731 SNPs and the gene
expression profile from maize microarray as phenotypes,
many cis- and trans-regulators have been successfully
identified as causes affecting the gene expression pat-
terns in maize root [32]. In addition, in humans, miRNA
expression-related quantitative trait loci (miR-eQTLs) in
different organs or stimulations have been reported, in-
cluding human fibroblasts [33], glioblastoma [34], adi-
pose tissue [35], infected dendritic cells [36], and 5239
human whole blood samples [37].
Although the locations and functions of miRNAs in

plants have been revealed by numerous studies, to the best
of our knowledge, none of them have focused on miR-
eQTLs in plants. Therefore, the relationship between
eQTLs responsible for variations in miRNA expression
levels in a plant population remains unknown. The object-
ive of this study is to reveal this relationship by combining
the maize HapMap and miRNA expression profile of a
maize panel (200 maize lines) to identify miR-eQTLs. This
is the first report on the identification of four miR-eQTLs
in maize and the finding that miRNAs regulate their target
genes in both negative and positive ways.

Result
Identification of the highly expressed miRNAs in the
maize panel
To obtain the miRNA expression data among the 200
maize lines (hereafter called the maize panel), small RNA
(sRNA) libraries were developed individually and pooled
together for sequencing. Reads with lengths ranging from
20 nt to 32 nt after trimming were kept. The distribution
from total libraries showed that 24 nt, 22 nt and 21 nt
sRNAs were most abundant (Fig. 1a). This distribution is
similar to the previous report by Liu [38], in which the
highest peak at read length was 24 nt in an sRNA library
from maize developing ear tissue. This indicated that the
library developed in this study is suitable for the following
analysis. A total of 31 miRNAs belonging to 17 miRNA
families were identified and defined as highly expressed
miRNAs based on the sum of total read counts greater
than 2000 among 200 maize lines of the panel (Fig. 1b).
Among highly expressed miRNAs, miR159a-3p showed



Fig. 1 Reads length distribution from 200 maize leaf libraries. a. Reads distribution based on reads length. b. Reads distribution based on
different miRNAs
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the highest expression level with 1,369,775 reads, and
miR171d-3p had the lowest expression level with 2160
reads.
To understand the diversity of miRNA expression pat-

terns in the maize panel, 31 highly expressed miRNAs
were analyzed by multidimensional scaling (MDS) ana-
lysis, and no cluster was detected (Fig. 2). Furthermore,
the Boxcox transformation was applied for highly
expressed miRNAs individually, which transformed the
distribution of miRNA expression to a normal distribu-
tion for GWAS analysis.

The coexpression of highly expressed miRNAs in the
maize panel
To study the correlation among 31 highly expressed
miRNAs, ten combinations including five miRNA fam-
ilies with a correlation higher or equal to 0.7 and a p-
value lower than 0.001 were identified (Fig. S1). As
shown in Table 1, six out of ten combinations belonging
to the same miRNA families showed a significant correl-
ation. This included four combinations from the
miRNA166 family (miR166a-3p vs miR166e, miR166e vs
miR166k-3p, miR166a-3p vs miR166I-3p, miR166k-3p vs
miR166I-3p), one combination from the miR167 family
(miR167a-5p vs miR167e-5p) and one combination from
the miR398 family (miR398a-3p vs miR398b-5p). In
addition, four combinations from different miRNA
families showed correlations, including miR166k-3p vs
miR167h-3p, miR398-3p vs miR408a, miR398a-3p vs
miR528a-5p, and miR408a vs miR528a-5p. Among these
ten combinations, the highest correlation (0.827) was de-
tected within the miR167 family (miR167a-5p vs
miR167e-5p), and the lowest (0.701) was found between
the miR398 and miR408 families (miR398a-3p vs
miR408a). All ten correlated combinations of highly
expressed miRNA loci were not located on the same
chromosome (Table 1).

Identification of miR-eQTLs by GWAS analysis
The expression level of the 31 highly expressed miRNAs
was input as phenotype data in GWAS analysis based on
general linear model (GLM) plus 5 PCA and 2 latent
PCA to control the population structure, and the Bon-
ferroni correction level was used as criteria to identify
miR-eQTLs. Four miR-eQTLs contributing to miR156k-
5p (Fig. 3), miR159a-3p (Fig. 4), miR390a-5p (Fig. 5),
and miR396e-5p (Fig. 6) were found individually, which
showed a significant association with phenotypes
(miRNA expression level) in the panel after GWAS ana-
lysis (Table 2). All genes located within miR-eQTLs are
summarized in Table 3. First, a highly significant miR-
eQTL was found for miR156k-5p at 96303448 bp of
chromosome 6 (Fig. 3a, Table 2). Within this genomic re-
gion, there were eight genes, including GRMZM2G049730



Fig. 2 MDS analysis based on 31 highly expressed miRNAs

Table 1 List of high correlation among 31 highly expressed
miRNA (R2 > 0.7)

Within the same miRNA family

Variable A Chra Variable B Chr R2 p-value

miR166a-3p 6 miR166e 4 0.778 < 0.001

miR166e 4 miR166k-3p 5 0.740 < 0.001

miR166a-3p 6 miR166l-3p 3 0.741 < 0.001

miR166k-3p 5 miR166l-3p 3 0.703 < 0.001

miR167a-5p 3 miR167e-5p 7 0.827 < 0.001

miR398a-3p 2 miR398b-5p 7 0.723 < 0.001

Between different miRNA families

miR166k-3p 5 miR167h-3p 6 0.766 < 0.001

miR398a-3p 2 miR408a 8 0.701 < 0.001

miR398a-3p 2 miR528a-5p 1 0.741 < 0.001

miR408a 8 miR528a-5p 1 0.719 < 0.001
a chromosome
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(GNAT-transcription factor 27, hagtf27),
GRMZM2G014119 (ubiquitin3), GRMZM2G326734,
GRMZM2G171317 (DNA-3-methyladenine glycosylase1),
GRMZM2G171328, GRMZM5G806818, AC233936.1_
FG003 and AC208711.3_FG005 (Fig. 3b). Second, another
miR-eQTL was detected for mi159a-3p at 111739862 bp on
chromosome 6 (Fig. 4a), but no gene was located within
this region. Another two miR-eQTLs contributing to
miR390a-5p (Fig. 5a) and miR396e-5p (Fig. 6a) were identi-
fied, and two genes, GRMZM2G108694 and
GRMZM2G027282, were found in these two miR-eQTL
regions individually on chromosome 5.

The effect of miR-eQTLs on their target genes
It is evident that miRNAs control plant development by
regulating their target genes. To understand whether
miR-eQTLs identified in this study could affect the ex-
pression of the associated miRNAs and their target
genes, the expression levels of miRNA and their target
genes in the maize panel were obtained from the same
mature leaf RNA samples for both miRNA library and



Fig. 3 GWAS result of miR156k-5p. a. Manhattan plot of miR156k-5p. b. Genes located within the strong associated region of miR156k-5p. c. The
difference of miRNA expression level of miR156k-5p distinguished by most significant SNP type. d. The difference of sbp29 expression level
distinguished by most significant SNP type. Red straight dotted line indicates the location of miRNA
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mRNA library construction. In this way, we could ensure
the accuracy of the expression level of miRNA relative
to their target genes. To understand the regulation of
miRNAs on their target genes, the expression levels of
miRNAs and their target genes were collected, separated
and compared based on the genotypes of significantly as-
sociated SNPs in the identified miR-eQTLs individually
(Table 4). For miR-eQTL to contribute to miR156k-5p,
the miRNA expression level was lower when the most
associated SNP type (marker 6_96,303,448) was A but
higher when the SNP type was G (Fig. 3c). In contrast,
the target gene sbp29 of miR156k-5p displayed a higher
expression level if the SNP type was A and a lower level
when the SNP type was G (Fig. 3d). Therefore, a signifi-
cantly negative relationship between the expression
levels of miR156k-5p and the target gene sbp29 was
identified. This indicated that miRNA might exert its
control over target genes by suppression. A similar trend
was shown between miR390a-5p (Fig. 5c) and its target
gene GRMZM5G806469 (Fig. 5d). On the other hand,
the expression levels of miR159a-3p and its target gene
GRMZM2G416652 (MYB-transcription factor 122,
myb122) were both lower when the strongest associated
SNP type was A and higher when the SNP type was C
(Fig. 4b and c), indicating a positive relationship between
them. The same positive relationship was also discovered
between miR396e-5p (Fig. 6c) and its target genes
GRMZM2G478709, GRMZM2G124566 (GRF-transcrip-
tion factor 9, grftf9), and GRMZM2G033612 (GRF-tran-
scription factor 5, grf5) (Fig. 6d to f). In summary, the
miRNAs associated with miR-eQTLs identified in this
study might exert their control over their targets



Fig. 4 GWAS result of miR159a-3p. a. Manhattan plot of miR159a-3p. b. The difference of miRNA expression level of miR159a-3p distinguished by
most significant SNP type. c. The difference of myb122 expression level distinguished by most significant SNP type. Red straight dotted line
indicates the location of miRNA

Chen et al. BMC Genomics          (2020) 21:689 Page 6 of 13
through mechanisms of both suppression and
enhancement.

Discussion
Highly expressed miRNAs and coexpressed miRNAs
This study aimed to identify miR-eQTLs in a specific de-
velopmental stage using the mature leaf tissue (leaf at
the flowering time) of the maize panel as RNA sources
for both mRNA and small RNA libraries. Gene regula-
tion at this stage is not only important for maize yield
but also a very complex network with many genes con-
trolled in a highly and precisely regulated way. The
highly expressed miRNAs might be different among
plant tissues. Zhang et al. [18] studied the miRNA ex-
pression levels of 26 maize miRNA families among five
different tissues (root, seedling, tassel, ear and pollen). It
was shown that the highest expressed miRNAs varied
based on different maize tissues, suggesting tissue- and
developmental stage-specific miRNA expression [18]. In
this study, miRNAs of the mature leaf tissue analyzed
showed that the expression level of miR159a-3p was the
highest, while miR171d-3p was the lowest, which was
quite different from the reported miRNA types in a pre-
vious study [18]. This might be caused by the difference
in environmental factors in the maize field including
water, sunlight, winds, and soil conditions between ma-
terials reported in Zhang et al. [18] and this study. Ac-
cording to the pervious study, the correlation between
different miRNAs which physically clustered miRNAs (<
10 kb) showed a higher positive correlation in humans.



Fig. 5 GWAS result of miR390a-5p. a. Manhattan plot of miR390a-5p. b. Genes located within the strong associated region of miR390a-5p. c. The
difference of miRNA expression level of miR390a-5p distinguished by most significant SNP type. d. The difference of GRMZM5G806469 expression
level distinguished by most significant SNP type. Red straight dotted line indicates the location of miRNA
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It was suggested that coexpression might occur among
those miRNAs in the proximity of the genomic regions
[39]. To understand if 31 highly expressed miRNAs were
response to the environment or the physically clustered,
the coexpression of highly expressed miRNA were de-
tected. In our study, none of those miRNAs with a
strong positive correlation were located on the same
chromosome, even though some of them were within
the same miRNA family. This indicated that the physical
locations of miRNAs might not be a major factor re-
sponsible for the coexpression of miRNAs during the
maize mature leaf developmental stage. With regard to
the coexpression of miRNAs, the function of the miRNA
target gene is one of the possible reasons why miRNAs
would be coexpressed within the same miRNA family or
between members of different miRNA families. For ex-
ample, coexpression of members within or between
miR166 and miR167 was identified in this study, and
maize miR166 and miR167 families have been reported
to all target bZIP transcription factors and auxin re-
sponse factors, respectively [40]. The bZIP transcription
factors have been reported to be involved in pathogen
defense responses, light and stress signaling, seed matur-
ation, and flower development [40]. Auxin response fac-
tors were reported to affect leaf and flower development
[41]. During maize plant growth, leaves might need bZIP



Fig. 6 GWAS result of miR396e-5p. a. Manhattan plot of miR396e-5p. b. Genes located within the strong associated region of miR396e-5p. c. The
difference of miRNA expression level of miR396e-5p distinguished by most significant SNP type. d. The difference of GRMZM2G478709 expression
level distinguished by most significant SNP type. e. The difference of grftf9 expression level distinguished by most significant SNP type. f. The
difference of grf5 expression level distinguished by most significant SNP type. Red straight dotted line indicates the location of miRNA
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transcription factors to respond to stress and auxin re-
sponse factors for developmental regulation. This might
explain why the coexpression within the same family
members of miR166 (miR166a-3p vs miR166e, miR166e
vs miR166k-3p, miR166a-3p vs miR166I-3p, miR166k-3p
vs miR166I-3p) and miR167 (miR167a-5p vs miR167e-
5p) and members between different miRNAs (miR166k-
3p and miR167h-3p) were detected in this study. On the
Table 2 Most significant associated SNPs of miRNA GWAS
results

Associated miRNA Chra Position Marker r2 p-value

miR156k-5p 6 96,303,448 6_96,303,448 0.25 2.06E-13

miR159a-3p 6 111,739,862 6_111,739,862 0.18 8.13–10

miR390a-5p 5 2,799,777 5_2799777 0.19 2.08E-10

miR396e-5p 5 214,388,579 5_214388579 0.24 6.44E-13
a chromosome
other hand, Sunkar [11] reported that maize miR166
and miR167 showed similar expression patterns after
treatment with hypoxia stress, which might also explain
the coexpression of members between the two miRNA
families. Nevertheless, the target gene functions of
miR398, miR408, and miR528, which were coexpressed
in this study, remain unknown, and more experiments
are required to understand the relationship between
members of these miRNA families. Furthermore, the
maize panel we used could be distinguished into six sub-
groups based on their genetic background [42]. We have
tested if the six genetic groups affect the miRNA expres-
sion of the final four targeted miRNAs, and found that
no differences was shown among six different maize
subgroups.

The trans miR-eQTLs and their candidate genes
Trans-regulators tend to be identified more than cis-
regulators when they contribute to miRNA expression in



Table 3 Genes within the strong associated SNPs region

miRNA SNP p-value Chra Gene ID Maize
annotation

Arabidopsis
hit

Arabidopsis
orthology

Rice hit Rice
orthology

miR156k-
5p

S6_
95875558

3.45E-09 6 GRMZM2G049730 hagtf27-GNAT-
transcription
factor 27

AT4G37580.1 NAT superfamily
protein

LOC_
Os06g44100.1

HLS putative

S6_
96005268

4.01E-10 6 GRMZM2G014119 ubi3-ubiquitin3 AT1G31340.1 related to ubiquitin 1 LOC_
Os09g25320.1

ubiquitin family
protein

S6_
96007934

1.25E-07 6 GRMZM2G326734 NON NON LOC_
Os06g44060.1

phospholipase
D. Active site
motif family

S6_
96096148

6.49E-11 6 GRMZM2G171317 dmag1 - DNA-
3-
methyladenine
glycosylase1

AT5G57970.1 DNA glycosylase
superfamily protein

LOC_
Os06g44050.1

methyladenine
glycosylase

S6_
96103728

2.93E-11 6 GRMZM2G171328 NON AG5G54830.1 DOMON domain /
dopamine beta-
monooxygenase N-
terminal

LOC_
Os06g44040.1

DOMON
domain

S6_
96289445

2.81E-10 6 GRMZM5G806818 NON NON NON NON NON

S6_
96349269

3.03E-11 6 AC233936.1_
FG003

NON AT5G25150.1 (TAF5) TBP-associated
factor 5

LOC_
Os06g44030.2

WD domain G-
beta repeat
domain

S6_
96352871

4.94E-11 6 AC208711.3_
FG005

NON NON LOC_
Os08g09890.1

Expressed
protein

miR390a-
5p

S5_
2799777

2.083259e-
10

5 GRMZM2G108694 NON AT2G47430.1 (CKI1) Signal
transduction histidine
kinase

LOC_
Os06g08450.1

histidine kinase
putative
expressed

miR396e-
5p

S5_
214385721

1.69E-10 5 GRMZM2G027282 NON AT3G05530.1 (ATS6A.2, RPT5A)
regulatory particle
triple-A ATPase 5A

LOC_
Os06g07630.1

26S protease
regulatory
subunit 6A

a chromosome
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fibroblasts [33] and whole blood [37] in humans. Simi-
larly, 70% of found eQTLs contributed as trans-
regulators in maize, rice, and brassica rape (reviewed by
[32]). Furthermore, the trans-eQTLs for regulatory genes
were mostly found > 100 kb away (71.6%) from their
Table 4 Expression trend between miRNA and its target genes

Associated
miRNA

SNP
type

miRNA expression
level

p-
value

Target ge

miR156k-5p A low 7.1e-09 sbp29

G high

miR390a-5p G high 6.3e-0.7 GRMZM5G

T low

miR159a-3p A low 1.1e-0.5 myb122

C high

miR396e-5p C high 0.00046 GRMZM2G

T low

grftf9

grf5
regulated target genes, and 8% were located on different
chromosomes in maize [43]. It has also been discovered
that trans-eQTLs are highly specific to the environment
in C. elegans [44] and plants [32]. In this study, the iden-
tified eQTLs were trans-regulators, with one located
ne Target gene expression
level

p-
value

Target
region

Trend

high 0.018 3’UTR Negative

low

806469 low 0.088 3’UTR Negative

high

low 0.05 CDS Positive

high

478709 high 0.026 CDS Positive

low

high 0.024

low

high 0.01

low
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100 kb away and three located on different chromo-
somes to their target miRNA. This suggests that each
eQTL detected in this study might be specific to a cer-
tain environment. The four miRNAs identified with
eQTLs in the present study indicate that miRNAs play
an important role in plant development and environ-
mental adaptation. For instance, miR156k and miR159a
have been proven to respond to salt stress in maize roots
[45] or change their expression under hormone deple-
tion and light exposure in maize somatic embryogenesis
[46]. In addition, miR396e has been revealed to respond
to UV-B regulation in maize leaves [47], and the miR390
family has been found to accumulate during the devel-
opment of the maize shoot apex [48]. Maize growth in
the field may owe its endurance to the above special en-
vironmental factors. This could explain why the eQTLs
we found were all trans-regulators. Furthermore, three
targeted miRNAs in our study, miR156, miR159 and
miR390 have been found functional involved in flower-
ing time, a sensitive trait that response to the environ-
ment, in which played important roles to regulate the
transcription factors and control the time of transition
from the vegetative stage into the productive stage in a
previous report by Spanudakis and Jackson [49]. This
may indirectly provide the evidence that trans-regulators
identified in this study have shown the interaction with
the environment. However, more experiments were re-
quired in the future to validate the assumptions.
A total of eight candidate genes were found within the

genomic region of miR-eQTL that contribute to the ex-
pression variance of miR156k-5p (Table 3). One of the
candidate genes, hagtf27 (GRMZM2G049730), showed
homology to histone acetyltransferases involved in several
metabolic pathways in plants [50], such as lipid metabol-
ism and jasmonic acid biogenesis in cotton [51]. The func-
tion of ubiquitin family proteins is a key characteristic of
cell autophagy and proteasome metabolism [52]. Another
candidate gene, dmag1 (GRMZM2G171317), is a DNA
glycosylase superfamily protein participating in the DNA
damage repair pathway [53]. Additionally, the candidate
gene GRMZM2G171328 showed homology to a DOMON
domain-containing protein in rice, indicating an import-
ant role in heme and sugar recognition in maize cells [54].
The candidate gene AC233936.1_GF003, similar to pro-
teins with the WD domain, has been reported to have
multiple functions in genome integrity and cell cycle pro-
gression [55]. It has been reported that DNA damage
could regulate miRNA expression through a p53-
dependent pathway or modulation of the steps of miRNA
processing and maturation. MiRNAs were also shown to
be related to DNA damage repair and apoptosis [53]. The
sampled tissue in this study was mature leaves in which
cells might undergo DNA damage, even the progression
of autophagy and apoptosis. This might explain why these
candidate genes were identified within the miR-eQTL
genomic region and contribute to the expression of
miR156k-5p in this study. For another two miR-eQTLs,
MiR390a-5p and miR396e-5p, no annotation of the candi-
dates GRMZM2G108694 and GRMZM2G027282 in
maize genome databases could be found. However, the
translated sequences of GRMZM2G108694 showed hom-
ology to Arabidopsis cytokinin-independent 1 (CKI 1),
which functions as a cytokinin receptor [56]. In addition,
the translated sequences of GRMZM2G027282 showed
homology with Arabidopsis ATS6A.2 and RPT5A, which
played an essential role in gametophyte development [57].
The expression of these genes has no significant correl-
ation to the miRNA expression after analysis by Pearson’s
correlation coefficient. This suggested that there might be
other factors affecting miRNA expression in additon to
the genes within the eQTL region.

The possible regulatory mechanisms of the four miR-
eQTLs and their target genes
The relationship between miRNAs and their target genes
is of great interest. This study identified that miR-eQTLs
contribute to miRNAs, which showed both negative
(miR156k-5p, miR390a-5p) and positive (miR159a-3p,
miR396e-5p) ways of regulating their target genes indi-
vidually (Table 4, Fig. S2). In humans, the localization of
miRNA has been reported to play a key role in deter-
mining the mechanisms of target gene regulation [58].
In this study, the target binding sites of miR156k-5p and
miR390a-5p were all at the 3’UTR of miRNA target genes.
On the other hand, miR159a-3p and miR396e-5p were at
the CDS of miRNA target genes. For the negative regula-
tion of miRNAs on their target genes, such as miR156k-
5p and miR390a-5p in this study, it has been reported that
human miRNAs repress their target genes through RNA
degradation and translational repression pathways. For
positive regulation, in humans, miRNA was reported to
accumulate in the cell nucleus [59]. Several types of hu-
man miRNAs in which target gene expression is upregu-
lated have been reported, including promoter-targeting,
TATA-box-activating and enhancer-associated miRNAs.
However, this study identified positive regulation of
miR159a-3p and miR396e-5p through binding the CDS of
target genes that did not include any type of upregulated
miRNA described above [60]. This indicated that the posi-
tive regulation mechanisms of miRNAs in maize might be
different from those in humans, and this might be a novel
or plant-specific regulation method.

Conclusion
miRNAs have been proven to universally exist in animals
and plants. Its biogeneration methods, functions, and
target genes have also been investigated carefully. In this
study, we estimated the correlation among 31 highly
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expressed miRNAs using NGS on small RNA libraries
derived from mature leaf samples of the maize panel
(200 maize lines) to understand the network of miRNAs.
A strong positive correlation was found within and be-
tween miRNA families, and environmental factors might
be the cause of the coexpression. Four miR-eQTLs con-
tributing to miR156k-5p, miR159a-3p, miR390a-5p and
miR396e-5p were identified by GWAS analysis on the
maize panel. This study is the first report on the identifi-
cation of maize miR-eQTLs and demonstrates that both
negative and positive regulatory relationships exist be-
tween miR-eQTLs and their target genes. The positive
regulation of miR159a-3p and miR396e-5p on the tar-
gets suggests that some plant miRNAs might regulate
their target genes positively by a mechanism different
from that of humans.

Methods
Plant materials and total RNA extraction
The maize 282 panel as mentioned in the previous study
[61] was applied. The mature leaf tissues (half individuals
of each row flowering in the field) of each maize line was
collected with two different date (8 August 2014 and 26
August 2014) to minimize the effects from the collection
date. The leaf defined as matured when at least half of in-
dividuals per genotype were flowering in the field before
the two harvest dates above. The second leaf from tassel
was collected and the leaf section was made based on 1
cm square in the center of the leaf, three plants were com-
bined per genotype for further analysis. The total RNA
was extracted in a previous report [61]. Total RNA was
prepared for further small RNA libraries.

Small RNA library development and Next Generation
Sequencing
For developing small RNA libraries through the NEB
small RNA library prep kit, a 2 ng fraction of the total
RNA of each sample from 282 maize lines was prepared
and shipped to the company “Global Biologics”. Small
RNA libraries were diluted to 4.3 mM individually, and
96 libraries were pooled together for next-generation se-
quencing by NextSeq 500 with the condition of 75 bp,
single end. The raw reads were uploaded to NCBI (Bio-
Project ID: PRJNA599406).

Library analysis and estimation of miRNA expression
A total of 200 out of the original 282 libraries derived
from mature leaf samples were selected based on the
quality of sequencing, and reads with lengths between
20 and 32 bp were kept after trimming the adapter.
Then, reads were eliminated from rRNA, tRNA, and
snoRNA by the Bowtie alignment tool [62]. From miR-
base (http://www.mirbase.org/), 203 maize unique ma-
ture miRNA sequences were downloaded as a reference
of mature miRNAs. Reads from libraries were classified
by length and matched with the relative length of the
miRNA reference. For example, reads lengths equal to
20 bp were separated from each library and matched
with an miRNA reference of length equal to 20 bp.
Highly expressed miRNAs were selected and defined as
the sum of matched read numbers among all maize lines
in the panel higher than 2000 and kept for further ana-
lysis. Data transformation was performed by Boxcox [63]
with the matched read number as a phenotype of the
specific miRNA. The correlation among all highly ex-
pression miRNA was performed by the Pearson correl-
ation coefficient under R program.

Multidimensional scaling (MDS) and Genome-wide
association study (GWAS)
MDS was performed by the R program to identify the
distance relationship among all samples based on the
highly expressed miRNAs. Maize hapmap 3.21 was
chosen as a genotype [64] and imputed by the K-nearest
neighbor imputation (KNNi) method [65]. GWAS ana-
lysis was performed by TASSEL 5.0 [66] under GLM
with 5 genetic PCAs plus 2 latent PCAs as covariates to
control the population structure. SNPs were kept at only
a p-value lower than 0.1 after the analysis. To test if the
miRNA and target gene show the different expression
level based on the highest associated SNP, T-test was
performed under R program.
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1186/s12864-020-07073-0.

Additional file 1: Fig. S1. Correlation of 31 highly expressed miRNAs
among 200 maize lines.
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SNP, miRNA and miRNA target genes. a. Regulation network of miR156k-
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cant SNP. c. Regulation network of miR390a-5p and its target genes
based on the most significant SNP. d. Regulation network of miR396e-5p
and its target genes based on the most significant SNP.
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