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Abstract 
Genomic imprinting is an epigenetic occurrence that results in the expression of alleles specific to the parent of origin, plays pivotal 
roles in plant development, stress adaptation, and agronomic trait regulation. While imprinting has been intensively investigated in 
model plants (e.g. Arabidopsis, maize, and rice), its dynamic regulatory mechanisms and evolutionary implications remain enigmatic. 
Recent advances in bioinformatics—including single-cell omics, machine learning, and deep learning—have revolutionized the 
identification, functional annotation, and network modeling of imprinted genes. This review not only provides a detailed summary of
the identification, functions and regulatory mechanisms of plant imprinted genes, but also systematically summarizes methodologies
for studying plant genomic imprinting, highlights challenges in multi-omics data integration, and envisions artificial intelligence–
driven strategies for epigenetic breeding.
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Introduction 
Genomic imprinting serves as a cornerstone of epigenetic regula-
tion, where alleles are expressed in a distinct manner depending 
on their parental origin. This particular phenomenon is not com-
mon in eukaryotes and is solely detected in mammals, flowering
plants, and certain insects [1]. In mammals, the imprinting phe-
nomenon happens in embryos, placentas, and adult tissues [2], 
while in flowering plants, imprinting predominantly takes place 
in the endosperm, and a small quantity of i mprinted genes have
also been detected in embryos as well [3]. Studies have shown 
that after double fertilization, the interaction between the mater-
nal and paternal genomes within the endosperm regulates seed
development and is marked by genomic imprinting [4]. In plants, 
imprinted genes are predominantly implicated in seed de velop-
ment (e.g. endosperm cellularization) [5], environmental adapta-
tion [6], and offering untapped potential for crop improvement [7]. 

Imprinted genes were first identified in maize through phe-
notypic recognition in plants. Kermicle [8] discovered that when 
RrR8t (female parent) was crossed with rgrg (male parent), the F1 
generation seeds showed an almost equal number of solid-colored 
and spotted seeds; however, in the reciprocal cross (rgrg × RrR8t), 
half of the F1 seeds had spots and the other half had weak spots. 
This phenotype of R was not caused by a dosage effect but was 
determined by its own genetic pattern. Besides phenotypic recog-
nition, traditional experimental methods such as GeneCalling,
Allelic Message Display, and low-throughput analysis of single-
nucleotide polymorphism (SNP) allelic expression levels were also
employed to identify imprinted genes [9]. Given the specificity 
of genomic imprinting occurring in the endosperm, only a small 
number of imprinted genes were identified for a long period.

In recent years, along with the progress of high-throughput 
sequencing technology, numerous imprinted genes have been
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discovered in a relatively short time based on RNA sequencing 
(RNA-seq) analysis in plants [10]. Moreover, experimental veri-
fication using whole-genome bisulfite sequencing (WGBS) and 
chromatin immunoprecipitation sequencing (ChIP-seq) has grad-
ually clarified the regulatory mechanism of imprinted genes. The 
formation of imprinting results from the disparities in epige-
netic marks on alleles originating from parental gametes. These 
research results provide a research basis for imprinting omics 
in the study of grain development in food and oil crops, and 
they offer a technical foundation for o vercoming interspecific
hybridization and ploidy hybridization obstacles in horticultural
crops. This review focuses on cutting-edge computational tools,
databases, and predictive models that address these challenges,
positioning bioinformatics as a catalyst for imprinting research.

Computational strategies for identifying 
imprinted genes
Allele-specific expression anal ysis
RNA-seq remains the gold standard for imprinting detection. In 
the realm of plants, the assessment of imprinting on a genome-
wide scale typically involves using RNA-seq of tissues obtained 
from reciprocal crosses between two species or inbred lines. The 
selected species or lines should have the ability to interbreed, 
yet be distinct enough such that S NPs or other polymorphisms
occur frequently. SNPs specific to a particular strain are utilized
to determine the parental origin of reads, and these allele-specific
reads are then counted for each gene (Fig. 1). 

Based on these strain-specific SNPs and RNA-seq, hundreds 
of thousands of imprinted genes have been detected in diverse 
monocotyledonous and dicotyledonous plants, such as gram-
inaceous crops [9, 11–14], cruciferous crops [15–17], oil cro ps
[18, 19], horticultural plants [5, 20–22], and other crops such a s
flax [23]  (Fig. 2). In addition, some tools, like QuASAR [24], Alle-
leSeq [25], MBASED [26], and Ornaments [27], leverage parental 
SNPs to quantify allele-specific expression (ASE) ratios in hybrid 
offspring. In addition to SNP-based allele resolution, some statis-
tical modeling approaches—such as Bayesian mapping methods
[28, 29]—account for technical biases and low-coverage data. 
However, these tools and models are mostly used in the analysis 
of imprinting in animals. Although SNPs have been widely applied 
to identify ASE in research areas such as gene regulation and 
imprinted genes, they also have several limitations and draw-
backs. For instance, if the density of SNPs in the genome is low 
or unevenly distributed, it may be difficult to accurately identify
allele-specific expression. Also, RNA-seq data may contain techni-
cal noise (e.g. sequencing errors, amplification bias) and biological
noise (e.g. transcript degradation), which can lead to false-positive
or false-negative ASE signals.

Epigenomic feature integr ation
The mechanism of imprinted genes in plants bears resemblance 
to that in animals, primarily achieved through parental epige-
netic asymmetries to ensure parent-specific expression. Among 
them, the asymmetries in DNA methylation betw een the parental
genomes in the offspring are the main factor regulating the
imprinting state of numerous genes [1, 30–32]. A simple mecha-
nism of imprinting has been demonstrated in many plants, where 
maternal DNA demethylation occurs in the progeny endosperm
while paternal DNA methylation is maintained [3, 11, 33–35]. 
These imprinted genes are significantly correlated with differen-
tially methylated regions (DMRs). Notably, these DMRs are reliant 

on the parent of origin, and thus referred to as parent-of-origin-
dependent DMRs (pDMRs). For example, the maternally expressed 
gene (MEG), FLOWERING WAGENINGEN, is imprinted by the acti-
vated maternal gametophyte-specific gene in the endosperm, a
process that depends on a DNA glycosylase, DEMETER (DME) [36]. 
Likewise, DMRs have been identified in the promoter regions of 
the MEG, FERTILIZATION-INDEPENDENT SEED2 (FIS2) [37], as well 
as in the 3′-downstream region of the paternally expressed gene 
(PEG), PHERES1 (PHE1) [38]. 

Therefore, a genome-wide map of allele-specific DNA methyla-
tion with high resolution will be of great significance for achieving 
a deeper comprehension of the regulation of genetic imprinting. 
WGBS can be used not only to analyze methylation patterns 
but a lso to identify new imprinted genes. A variety of analysis
tools have also been developed for WGBS, such as BSMAP [39], 
Bismark [40], BS-Seeker2 [41], and BiSulfite Bolt [42], etc. Among 
them, BSMAP demonstrated the fastest running speed and high-
est alignment quality in plant DNA methylation studies [43]. In 
the analysis of plant imprinted genes, combining parental SNP 
information with DMRs not only enables the identification o f
imprinted genes but also allows for a preliminary determination
of their imprinting mechanisms [44]. 

In addition to the simplest imprinting model mentioned above, 
imprintome studies indicate that the imprinting of PEGs depends 
on parental DNA methylation asymmetries and histone marks, 
such as H3K9me2 and H3K27me3 (associated with transcriptional
repression) and H3K4me3 and H3K36me3 (associated with tran-
scriptional activation) [1, 45]. Among these histone modifica-
tions, H3K27me3 is considered a secondary imprint controlling 
parental gene expr ession asymmetries, with DNA methylation
being the primary one [1]. In the endosperm of maize, PEGs 
are characterized by the presence of H3K27me3, H3K4me3, and
H3K36me3 modifications altogether [45]. In addition, H3K4me3 
and H3K36me3 are also significantly a ssociated with MEGs in
maize endosperm [45]. These histone modification markers are 
mainly identified via ChIP-seq, and SNPs are subsequently used 
to distinguish maternal/paternal signals of ChIP-seq. Currently, 
a variety of regulatory models for genome-imprinted genes have
been reported, which range from simple to complex [1]. Therefore, 
researchers often combine histone marks with DMRs to identify
correlations.

Machine learning and deep learning in
imprinting
In the past several years, machine learning and deep learning 
have been utilized to multi-omics (including transcriptomics, 
metabolomics, proteomics, and epigenomics) analysis to effec-
tively accelerate the process of plant breeding. For instance, 
dimensionality reduction algorithms (machine learning) are
an essential step prior to the application of genome-wide
association studies (GWASs) and genomic selection (GS) in
plant germplasm research [46–48]. Linear Bayesian models (deep 
learning) have been used for complex trait genomic pr ediction
in allopolyploid strawberry and autopolyploid blueberry [49]. 
DeepGS, a convolutional neural network-based approach, has 
demonstrated high predictive accur acy in inferring phenotypes
from genotypes [50]. Moreover, machine learning and deep 
learning have shown superior performance in bioinformatics–
epigenomics problems [51–54]. These problems mainly focus on 
chromatin accessibility [55, 56], DNA methylation pr edictions
[57–62], biosequence function prediction [59, 63–65], and histone 
modification [66, 67]. To date, no studies have used machine 
or deep learning to predict imprinted genes in plants, but the
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Figure 1. The pipeline for identifying imprinted genes based on RNA-seq and strain-specific SNPs in plants. (a). Two strains, A and B are carried out for 
reciprocal crosses. The developing seeds were harvested and the embryo and endosperm tissues (and sometimes the seed coat as well to reduce false 
positives) were dissected under a stereomicroscope. (b). SNPs between A and B were acquired by mapping the high-throughput sequencing data (either 
the genome resequencing of A and B or RNA-seq of reciprocal crosses between A and B) to the reference genome. (c). Utilizing RNA-seq and SNPs, the 
reads of A and B for each gene in both A × B and B × A were tallied. These counts were subsequently used to analyze the expression ratios of maternal 
and paternal alleles. Ultimately, a gene is classified as imprinted based on the parental allele expression deviation r atio in conjunction with statistical
tests and predefined criteria. En: endosperm; Em: embryo; IG: imprinted gene; MEG: maternally expressed gene; PEG: paternally expressed gene.

solution of these epigenetic problems provides an indirect method 
for applying these approaches to the prediction of imprinted
genes.

Mechanisms underlying imprinting genes 
in plants
Based on the research of imprinting mechanisms in plants, Batista 
and Kohler [1] proposed five regulatory models of imprinted 
genes. Among them, the imprinting regulatory mechanism of 
MEGs is di vided into two types: DNA glycosylase DME-dependent
and DME-independent (Fig. 3a, b). In the DME-dependent type, 
DNA methylation marked in both the maternal allele and paternal 
allele, therefore which been silenced in the central cells and 
sperm cells respectively. However, in the endosperm, for maternal 
genes to be expressed, maternal DNA meth ylation was removed
by DME, while paternal DNA methylation has to be maintained
by METHYLTRANSFERASE 1 [36]. In addition, research shows that 
H3K36me3 and H3K4me3 promoted the expression of maternal
genes in the maize [45]. In the DME-independent model of MEG, 
maternal-specific expression is attained by silencing the paternal 
allele. This process might potentially be mediated by the RNA-
directed DNA methylation activity in pollen. The establishment 

of imprinting in PEGs involves distinct mechanisms, which are 
mainly regulated by the parental DNA methylation asymmetry 
and H3K27me3. Here, we outline two classical regulatory models 
of PEGs. In the context of DME involvement, maternal-specific 
demethylation facilitated by DME enables the deposition of
H3K27me3 in these alleles. As a result, their transcriptional
activity is inactivated within the endosperm. In contrast, the
existence of DNA methylation in paternal alleles hinders the
deposition of H3K27me3 by FIS–PRC2, thereby permitting the
transcription of this allele [68, 69]. Eventually, the gene show 
imprinting with paternal allele expressed in the endosperm. 
Moreover, H3K4me3 and H3K36me3 deposit in both the maternal
allele and paternal allele in the somatic tissues of maize [45]. 
In central cells, demethylation promotes the association of the 
PRC2. This might attract H3K4me3 and H3K36me3 demethylases
to remove H3K4me3 and H3K36me3 (Fig. 3c). In another PEG 
model, maternal allele and paternal allele were marked by the 
silencing factor, H3K27me3. However, the reduced activity of the 
PRC2 in sperm cells results in the removal of H3K27me3, thereby 
triggering the tr anscriptional activation of paternal alleles. And
H3K4me3 and H3K36me3 modifications tend to be deposited
on paternal chromosomes that lack H3K27me3 modifications
in maize [45]  (Fig. 3d).
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Figure 2. The imprinted genes of species wer e identified based on RNA-seq.

Figure 3. Models of epigenetic regulation in MEGs (a, b) and PEGs (c, d) in plants.

In addition to H3K27me3, methylation at other sites of the H3 
histone also regulates the occurrence of imprinting. For example, 
MEGs are str ongly associated with CG_pDMRs, and the target
sites of mH3K4me3 and mH3K36me3 in maize endosperm [45] 
(Fig. 3a). It is possible that the maternal allele of MEGs undergoes 

DNA demethylation and acquires activating histone modifica-
tions, such as H3K4me3 and H3K36me3, thus being transcribed, 
while the paternal allele does not have these target sites and
remains silent. Furthermore, sRNAs are of great significance in
the epigenetic regulation of imprinting. Erdmann et al. [70]  found
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that disruption of the sRNA pathway mediated by RNA polymerase 
IV (PolIV) led to a global bias towards the maternal genome in the 
endosperm transcriptome. Mutations in the paternal PolIV caused 
an excessive paternal genome dosage within the endosperm, 
ultimately leading to seed abortion. This reveals the role of the 
PolIV-mediated sRNA pathway in regulating the global transcrip-
tional balance between the maternal and paternal genomes in 
the endosperm. In rice , it was found that the 24-nt sRNAs of
imprinted expression were transcribed from different parental
alleles of imprinted genes, and they regulated the expression of
MEGs by controlling the differential methylation of parental alle-
les [71]  (Fig. 3b). Similarly, in Arabidopsis, it was found that pater-
nal epigenetic-related siRNAs established ‘endosperm balance’ 
by enhancing sensitivity to increased paternal genome dosage, 
thereby a voiding hybridization barriers and maintaining genome
stability and seed viability in the endosperm after fertilization
[72]. 

Moreover, recent studies have demonstrated distinct epigenetic 
status in the rice endosperm between persistent and stage-
specific imprinted genes. Specifically, the paternal alleles of 
persistent MEGs exhibit higher CG and CHG methylation 
levels compared to those of stage-specific MEGs. Furthermore,
persistent PEGs show greater H3K27me3 accumulation than
stage-specific PEGs [12]. These findings contribute to a more 
comprehensive understanding of the regulatory mechanisms 
underlying genomic imprinting. However, deciphering imprinting 
mechanisms faces unique hurdles, such as tissue specificity— 
imprinting often occurs transiently in specialized tissues (e.g. 
endosperm), necessitating high-resolution spatiotemporal omics 
data; species divergence—imprinting patterns vary significantly 
between monocots and dicots, complicating cross-species gener-
alization; and multi-layered regulation—imprinted expression
is orchestrated by DNA methylation, histone modifications,
and non-coding RNAs, requiring integrative bioinformatics
frameworks.

Challenges and bioinforma tics solutions
Accurate identification of imprinted genes
Imprinted genes are often expressed only in specific tissues or 
developmental stages. The endosperm serves as the main tissue 
in which gene imprinting takes place, followed by the embryo. 
During the collection of endosperm and embryo samples, the 
seed coat surrounding the seed tissue may serve as a source
of contamination, potentially leading to false-positive MEG iden-
tifications, as the seed coat is a maternal tissue [73]. Conse-
quently, minimizing contamination from maternal tissues has 
become a critical challenge in such studies. Furthermore, species 
with complex genetic architectures—such as octoploid cultivated 
strawberries—or those with low levels of homozygosity pose sig-
nificant analytical challenges that can compromise the accuracy 
of results. Moreover, the quality of reference genome assembly 
plays a decisive role in RNA-seq data analysis and SNP identifi-
cation. Through high-throughput RNA-seq technology, genome-
wide studies in the hybrid endosperms of Arabidopsis,  r  ice, and
maize have detected several hundred imprinted genes. However,
the real number of imprinted genes is likely to have been signif-
icantly underestimated, as most of these experiments only cov-
ered one developmental stage [9, 16, 74–77]. For instance, B73 and 
Mo17 are classical strains for identifying the imprintome in maize. 
During the development of maize endosperm, imprinted genes 
show dynamic expression. The majority of PEGs were observed 
at 7 days after pollination (DAP) in the B73 and Mo17 reciprocal 

crosses. Conversely, ∼80% of the MEGs were specific to 10 DAP.
This was chiefly because their expression levels increased signif-
icantly compared to other stages [78]. Moreover, in the studies of 
Arabidopsis, rice, and maize, only a small fraction of the imprinted 
genes was commonly recognized. This is probably due to diverse 
ecotypes, different developmental stages, and the bioinformatic
criteria for defining imprinted genes [9, 16, 74, 75]. In addition, 
hybrid experiments are required to isolate parental allele-specific 
expression; however, hybridization is challenging in some plants. 
Studies have shown that imprinting loss is directly related to
intraspecific, interspecific, and ploidy hybridization failure [4, 15, 
79, 80]. These hybrid seed failures are considered postzygotic bar-
riers. However, imprinting is difficult to study in prezygotic post-
pollination barriers of plants. Cross incompatibility and unilater al
cross incompatibility have been documented in numerous plants,
such as tomato [81], Cucumis [82], and maize [83]. Pollen is rejected 
during the pollen–pistil interaction in these crosses. Furthermore, 
allelic expression differences may arise from genetic variation o r
stochastic expression fluctuations, necessitating differentiation
from true imprinting effects.

Complexity of epigenetic mechanisms
Imprinting may involve DNA methylation, histone modifications, 
non-coding RNAs, and other mechanisms. A large number of 
candidate imprinted genes were identified by RNA-seq analysis 
based on parental expression differences, but it was impossible to 
distinguish which were imprinted genes and which were maternal 
effect genes. Therefore, integrating data from different omics lev-
els (such as genome, transcriptome, epigenome, etc.) for analysis 
aims to fully understand the interrelationships between different 
molecular levels in organisms and their contributions to genomic 
imprinting phenomena. However, due to the large differences in 
the generation, processing, and analysis of different omics data, 
how to efficiently integrate these multi-source data has become a 
challenge in bioinformatics. For instance, there are significant dif-
ferences in the measurement scale, data type, and quality control 
of various omics data, and how to combine these different sources 
of data is still a technical problem. Moreover, in multi-omics data, 
missing values and noise are unavoidable. An important issue is 
how to handle missing data and eliminate noise to guarantee the 
quality of integrated data. In ad dition, although some tools and
algorithms can be used for multi-omics data integration, there
are still some limitations such as high computational demands,
low operating efficiency, and poor interpretability. At present
common methods of multi-omics data integration mainly include
data standardization, principal component analysis, joint analy-
sis, and network analysis. In recent years, machine learning has
been widely used to integrate and analyze multi-omics data. For
example, machine learning can automatically learn underlying
patterns and patterns from complex multi-omics data to help
discover new biomarkers, predict diseases, and more [84, 85]. 

Functional validation and phenotypic linking
Imprinted genes possess a diverse array of functions and have 
been intensively studied in mammals. These genes frequently 
appear in clusters on autosomes and sex chromosomes, and 
they regulate the growth and development of animals, biological 
evolution, genetic diseases, and the occurrence of tumors by 
regulating the growth and development of embryos and fetuses 
after birth. For example, XIST is a PEG located on the sex chro-
mosome X. If this gene is abnormally expressed on the mater-
nal X chromosome, the maternal X chromosome will be inacti-
vated, resulting in abnormal early embryonic development [86].
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At present, only a few functions of imprinted genes have been 
clarified in plants. Some of these are closely related to seed 
development, and their mutation can lead to embryo abortion
or delayed development, seed reduction, and endosperm defects,
such as MEDEA (MEA) [87], MULTICOPY SUPRESSOR OF IRA1 (MSI1)
[88], FIS2 [37], MATERNALLY EXPRESSED PAB C-TERMINAL (MPC)
[89], FH5 [90], LORELEI (LRE) [91], and NUW A [92]  in  Arabidopsis; 
FIE1 in rice [93], maternally expressed gene 1 (meg1)  in maize [94], etc. 
(Table 1). Among these imprinted genes, MEA, FIS2, and FIE also act 
as important PcG chromosomal remodeling factors by mediating 
H3K27me3 to bind the maternal allelic hypomethylation region 
of PHE1, which is a PEG in Arabidopsis. The nearby histones are
methylated to inhibit the expression of maternal alleles, resulting
in the paternal imprinting state of PHE1 [38]. This pattern of 
methylation is similar to the paternal imprinting mechanism 
of Upward Curly Leaf 1 (UCL1), in which the maternal allele of
UCL1 is silenced by the FIS2-PRC2 complex in the endosperm
before and after fertilization [95]. It was found that overexpres-
sion of UCL1 not only made the leaf curl upward and flower 
early but also reduced the level of Curly Leaf (CLF) protein and
changed the H3K27me3 chromatin marker of the CLF target gene
[96]. In addition, the loss of imprinting is directly related to the 
failure of intraspecific, interspecific, and ploidy hybridization [4, 
15, 79, 80]. In the hybridization of Arabidopsis thaliana Col-0 and 
C24, the loss of eight PEG imprinting states, such as PHE1 and
HDG3, played a fatal role in hybrid incompatibility [79]; in the 
reciprocal crosses of wild tomatoes Solanum peruvianum and S. 
chilense,  when  S. peruvianum was the maternal parent, PEGs were 
almost completely eliminated in the endosperm genome, and the
change in the paternal expression ratio caused endosperm devel-
opment failure, leading to hybrid seed abortion [80]. In the genus 
Cardamine, the number and effective ploidy of PEGs decrease 
with the selfing history of the species, and these PEGs involved 
in hybridization barriers are related to the silencing marks of
transposable elements and CHH methylation [15, 97]. Arabidopsis, 
rice, and maize are the model plants for studying plant gene 
function, and these species all have mature transgenic technology 
and the clustered regularly interspaced short palindromic repeats 
(CRISPR) technology to verify gene function. However, transgenic 
and CRISPR efficiency varies across plant species, and epigenetic
modifications may lack heritable stability. In addition, imprinted
genes often function within regulatory networks, leading to subtle
phenotypes in single-gene knockouts.

Future directions: from discov ery to design
Diverse methodologies for identifying imprinted
genes
In the past five years, high-throughput sequencing technologies 
at single-cell resolution have been rapidly applied to study plant 
tissues. Among them, single-cell RNA sequencing (scRNA-seq) has 
been most widely used, followed by single-nucleus RNA sequenc-
ing (snRNA-seq), single-cell/nucleus a ssay for transposase acces-
sible chromatin sequencing (scATAC-seq/snATAC-seq), and spa-
tial transcriptome technologies [109]. Based on scRNA-seq, atlases 
of diverse tissues in Arabidopsis were constructed, including the
root [110], vegetative shoot apex [111], leaf vasculatur e [112], and 
sperm cells in pollen [113], etc. In addition, a comprehensive map 
of transcriptional complexity in the endosperm of de veloping
Arabidopsis seeds was built by snRNA-seq [114]. It showed that 
imprinting exhibits spatial and temporal heterogeneity. Specifi-
cally, the extent of parental bias in MEGs varies with the cell-
cycle phase, and imprinting of PEGs is strongest in the chalazal

endosperm [114, 115]. In addition, imprinted genes were also 
identified through the integration of methods of isolating nuclei 
tagged in specific cell types (INTACT) and high-throughput chro-
matin conformation capture (Hi-C) [116]. The Plant Cell Atlas was 
launched and implemented in 2021; it is devoted to addressing 
unresolved questions in plant science, such as plant development, 
response to the environment, and cellular evolution [117]. Based 
on single-cell omics platforms, a 4D developing representation 
that shows the growth of a p lant from root to fruit will be created
in the future [117, 118]. Therefore, single-cell multi-omics profil-
ing, coupling epigenomic, transcriptomic, and proteomic data at 
cellular resolution, offers a new approach to dissect the imprint-
ing establishment [119, 120]. 

The surge in omics data poses a challenge to the long-standing 
methodologies for data analysis. Statistics and artificial intelli-
gence (AI) are both used for prediction and inference. In gen-
eral, traditional statistical methods are based on certain assump-
tions regarding the data-generating systems. For instance, the 
endosperm exhibits a maternal/paternal (m:p) genome dosage
ratio of 2 m:1p in most angiosperms; therefore, existing methods
for evaluating imprinting take into account this maternal and
paternal dosage in the endosperm [114]. AI focuses on the devel-
opment and utilization of algorithms that enhance performance 
as they gain experience. A variety of machine learning methods 
are capable of generating models for p attern recognition, classi-
fication, and prediction from available data, without depending
on strict assumptions regarding data-generating systems [121]. 
For example, based on machine learning algorithms and attribute 
weighting methods, researchers found that several factors were 
the most crucial attributes for differentiating paternal and mater-
nal imprinted genes in species such as cattle, humans, and sheep. 
These factors included GC content within 100 kb upstream of
genes, the existence of LINE in that particular region, and the
frequency of amino acids such as Gly, Gln, and Met [122]. As 
the research on plant genomic imprinting lags behind that on 
animals, there are curr ently few studies using AI to predict plant
imprinted genes.

The biological significance of genomic imprinting
Genomic imprinting is a genetic phenomenon that does not con-
form to the classical Mendelian theory. Based on the occurrence 
of this special phenomenon, researchers have proposed vari-
ous h ypotheses from different perspectives. Among them, the
most mainstream one is the parental conflict theory [123]. In 
angiosperms, seeds require nutrients from the mother from fertil-
ization to maturity. This theory holds that paternal gene expres-
sion aims to maximize the transmission of maternal nutrients to 
the offspring, while maternal gene expression aims to increase 
the possibility of reproductive success by limiting the maximiza-
tion of maternal nutrient flow to ensure a reasonable distri-
bution of nutrients to more offspring, thereby increasing seed 
set. Therefore, the parental conflict theory predicts that under 
adverse conditions, MEGs play a role in reducing seed size and
seed number, while PEGs have the opposite effect. This predic-
tion has been verified in both plants and mammals. In plants,
maternal imprinted genes MEA and FIS2 have defects in excessive
reproduction during seed development [37, 87]. The effects of 
interspecific hybridization between plants with different ploidies 
on endosperm development and seed morphology are also con-
sistent with this theory. Ploidy hybridization found that an excess 
of maternal genome results in slow endosperm development
and smaller seeds, while an excess of paternal genome leads
to an extended endosperm proliferation period and larger seeds
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Table 1. The information of known imprinted genes in the model plants.

Gene Full Name Epigenetic Mark Annotation Mutant Phenotype Reference 

Arabidopsis 
ADMP, a ADMETOS Not known J-domain family Seed abortion [98] 
FH5M, a FORMIN HOMOLOGUE 5 H3K27me3 Actin nucleator Endosperm posterior pole 

structures are defective 
[90] 

FIS2M, a FERTILIZATION 
INDEPENDENT S EED 2 

DNA-me Subunit of the FIS–PRC2
complex

Seed abortion [37] 

FWAM, a FLOWERING WAGENINGEN DNA-me HD-ZIP transcription factor Late flowering [36] 
HDG3P, a HOMEODOMAIN 

GLABROUS 3 
DNA-me HD-ZIP transcription factor Seed weight and area are slightly 

r educed
[44] 

HDG8M, a HOMEODOMAIN 
GLABROUS 8 

DNA-me HD-ZIP transcription factor No visible phenotype [44] 

HDG9M, a HOMEODOMAIN 
GLABROUS 9 

DNA-me HD-ZIP transcription factor No visible phenotype [44] 

LREM, a LORELEI Not known Glycosylphosphatidylinositol— 
123 anchored membr ane 
pr otein

Delayed seed development [91] 

MEAM, a MEDEA H3K27me3, 
DN A-me 

Subunit of the FIS–PRC2
complex

Seed abortion [87] 

MPCM, a MATERNALLY EXPRESSED 
PAB C-TERMI NAL 

DNA-me Poly(A) binding C-terminal 
domain 

Small seeds, and abnormal embry o [89] 

MYB3R2M, a MYB3R2 DNA-me MYB transcription factor Not known [44] 
NRPD1AP, a Nuclear RNA polymerase 

D1A 
Not known Subunit of RNA POLYMERASE IV Seed abortion [70, 72] 

NUWAM, b NUWA Not known Mitochondrial-localized protein Seed abortion [92] 
PEG2P, a PEG2 Not known Unknown protein Seed abortion [98, 99] 
PHE1P, a PHERES1 H3K27me3, 

DN A-me 
MADS-box transcription factor No visible phenotype [38] 

PKR2P, a PICKLE RELATED 2 H3K27me3 CHD3 chromatin remodeler Seed size is slightly reduced [100] 
SUVH7P, a SU(VAR)3–9 HOMOLOG 7 Not known Putative histone-lysine 

N-methyltr ansferase 
Seed abortion [98] 

UCL1P, a UPWARD CURLY LEAF 1 H3K27me3, 
DN A-me 

E3 ligase Not known [95] 

Maize 
dzr1M, a dzr1 Not known Regulate the accumulation of 

10-kDa zein
Not known [101] 

fie1M, a FERTILIZATION 
INDEPENDENT 
ENDOSPERM 1 

H3K27me3, 
DNA-me, H3/H4-Ac 

Homolog of AtFIE Not known [102] 

fie2M, a FERTILIZATION 
INDEPENDENT 
ENDOSPERM 2 

DNA-me Homolog of AtFIE Not known [102] 

Mee1M, c maternally expressed in 
embryo 1

DNA-me Conserved protein Not known [103] 

meg1M, a maternally expressed gene 1 DNA-me Cysteine-rich polypeptide Small seeds [94] 
Mez1M, a maize Enhancer of zeste1 DNA-me Homolog of AtMEA Not known [104] 
nrp1M, a no-apical-meristem related 

protein1 
H3K27me3, 
DNA-me, H3/H4-Ac 

Transcription factor Not known [105] 

peg1P, a paternally expressed gene 1 Not known Not known Not known [101, 106] 
RM, a R Not known Transcription factor Not known [8] 
tubα3M, a α-tubulin 3 DNA-me Tubulin Not known [107] 
tubα4M, a α-tubulin 4 DNA-me Tubulin Not known [107] 
ZeinM, a zein DNA-me Zein polypeptide Not known [108] 
Rice 
FBDUF48P, a FBDUF48 DNA-me DUF295-domain protein Small seeds [11] 
FBX365P, a FBX365 DNA-me F-box domain protein Seeds showed chalkiness [11] 
FIE1M, a FERTILIZATION 

INDEPENDENT 
ENDOSPERM 1 

DNA-me Homolog of AtFIE No visible phenotype [93] 

MEG2M, a MEG2 DNA-me Unknown protein Width and length of seeds are 
r educed

[11] 

MEG3M, a MEG3 DNA-me Unknown protein Weight and thickness of seeds are 
r educed

[11] 

PEG1P, a PEG1 DNA-me Oxygenase Small seeds [11] 

Note: MMEG. PPEG. athe genes showed imprinting in the endosperm. bthe genes were demonstrated to be imprinted within the embryo. cthe genes were imprinting 
in both the embryo and endosperm.
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[80]. Whole-genome imprinting analysis of different species has 
revealed an imbalance in the number of MEGs and PEGs, with 
a significant difference in quantity. Based on this phenomenon, 
researchers have proposed the maternal-offspring coadaptation 
theory, suggesting that the imprinted expression of maternal 
alleles i s a result of natural selection that benefits the health
of the offspring, providing the greatest fitness for the offspring
and the mother in their mutual adaptation [124]. The research 
by Raissig et al. [125] provides support for this hypothesis. The 
study found that MEGs in A. thaliana embryos function in mater-
nal tissues (seed coat) and at the junction of the embryo and 
maternal tissues (basal endosperm and hypocotyl), possibly by 
mediating metabolic connections between the seed coat and the 
embryo, thereby keeping the embryo’s genes under maternal con-
trol. Furthermore, some studies suggest that genomic imprinting
results from the genome’s defensive reaction against the inva-
sion of exogenous genetic fragments, such as transposons, thus
proposing the host-defense hypothesis [126]. Research has found 
that the establishment of initial imprinting is closely related to 
transposons, and many imprinted genes in plants are located in
transposon and repetitive sequence regions [3, 127]. Among them, 
transposon movement can generate new imprinted genes [75]; 
transposon deletion can lead to the loss of imprinting [127]; trans-
poson insertion can also disrupt the imprinting status, causing 
imprinted genes to show biallelic expression [128]; however, the 
generation of imprinting due to transposon insertion has not been 
fully confirmed yet. Currently, it has onl y been found in maize
that the insertion of Mutator transposons imprints two potential
MEGs [129]. Based on the above, plant genomic imprinting can be 
studied from an evolutionary systems biology perspective using 
phylogenomic framew orks to trace its origin and understand its
role in plant adaptations.

Key P oints

• Plant genomic imprinting research is transitioning from 
mechanistic exploration to bioinformatics-dri ven inno-
vation .

• By harnessing multi-omics integration, machine learn-
ing, and collaborative data sharing, the field is poised to 
unlock nov el breeding strategies and address global f ood
security challenges.

• Future efforts must prioritize scalable algorithms, 
species-tailored pipelines, and ethical artificial intelli-
gence applications to fully realize the promise of epige-
netic agriculture.
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