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Abstract 

Background: Long non-coding RNAs (lncRNAs) play key roles in regulating plant growth, 

development, and stress responses. Despite their increasing identification in plant 

transcriptomes, a systematic characterization of lncRNAs is still lacking, leaving a significant 

knowledge gap. To address this, we systematically identified and characterized Arabidopsis 

lncRNAs through integrative analysis of strand-specific RNA sequencing data and multi-omics 

datasets, revealing their genomic features, regulatory interactions, and evolutionary 

characteristics. 

Results: Using a custom pipeline applied to hundreds of stranded RNA-seq datasets, we 

assembled a comprehensive catalog of 4,772 intergenic and antisense Arabidopsis lncRNAs. In 

comparing multiple key features of lncRNAs with those of protein-coding genes, we found that 

intergenic lncRNAs contain high transposable element-derived fragments and display broader TE 

diversity. Distinct DNA methylation and histone modification signatures further distinguished 

lncRNAs from protein-coding genes. We additionally uncovered R-loop connections and 

associations with sRNAs involved in post-transcriptional regulation and RNA-directed DNA 

methylation, with a minor subset classified as Pol V–transcribed. Of note, our results revealed 

lncRNAs mediating stress-responsive cis interactions and others linked to trait-associated loci. 

Probing further, an experimental evidence resource confirmed small peptide production from 

multiple lncRNA loci. Extending our investigation, comparative analyses across Brassicaceae 

species revealed syntenic lncRNAs enriched for shared sequence motifs despite substantial 

sequence divergence. 

Conclusions: This study provides a valuable and extensively annotated catalog of A. thaliana 

lncRNAs, revealing their diverse genomic features, regulatory interactions, and evolutionary 

characteristics. Altogether, our work advocates for multi-omics integrative analysis as a potent 

strategy to efficiently enhance lncRNA annotation, providing insights into functionality and 

addressing annotation limitations. Our comprehensive bioinformatic analyses of Arabidopsis 

lncRNAs pave the way for future functional characterization of these transcripts. 
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Background 

 LncRNAs are key regulators in plants, integral to growth, development, and stress 

responses via epigenetic, transcriptional, and post-transcriptional mechanisms [1–4]. Although 

many lncRNA loci have been identified in plant transcriptomes, efforts to characterize them 

remain limited, resulting in a substantial knowledge gap. Currently, fewer than 1% have been 
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experimentally characterized [5]. Functional elucidation requires high-quality transcriptome 

annotations integrated with complementary genomic approaches, yet these resources remain 

rudimentary. As a result, there is uncertainty in the total number of lncRNAs and incomplete 

transcript structures for many of those identified. 

Extensive RNA-sequencing data, generated through a range of sequencing 

methodologies, have been archived in public databases. Indeed, numerous projects using varied 

approaches have significantly contributed to the expansion of both the quantity and scope of 

available lncRNA annotations. Despite the substantial acceleration in discovering novel lncRNAs, 

facilitated by massively parallel RNA sequencing technologies, efforts in functional annotation are 

lagging [6]. Primarily, this is due to the ongoing challenge of balancing throughput and quality in 

annotation endeavors. Consequently, there is a critical need to integrate newly reported lncRNAs 

and comprehensively characterize them across multi-omics levels within diverse biological 

contexts. 

With rising interest in lncRNAs, identifying effective algorithms for their detection is crucial, 

enabling robust method comparisons and adherence to best practices. LncRNAs have unique 

features that make accurate classification challenging. Therefore, RNA-seq pipelines require 

specialized considerations [7, 8]. For instance, antisense lncRNAs pose challenges for alignment-

based quantification, where stranded protocols and pseudoalignment methods offer 

improvements [9, 10]. Most RNA-seq samples use non-standard library preparation protocols, so 

pseudo-alignment methods provide a cost-effective approach to improving lncRNA annotation. 

However, they require many samples to accurately determine strand information. 

 In this study, we apply large-scale transcriptomics to identify and analyze lncRNAs in A. 

thaliana using a pseudoalignment-guided approach. We characterize the key properties of the 

identified lncRNAs, expanding their annotations and elucidating their potential functional roles 

through the integration of multi-omic data. In addition, we investigate the evolutionary 

relationships of lncRNAs with other Brassicaceae species through comparative genomics. 

Overall, this work provides a comprehensive view of the functional and evolutionary landscape of 

Arabidopsis lncRNAs, providing extensive annotations that will guide future functional analyses 

into this “dark matter” of the transcriptome. 

 

 

 

ACCEPTED MANUSCRIPTARTICLE IN PRESS

https://www.zotero.org/google-docs/?3kwHkq
https://www.zotero.org/google-docs/?eGQXbw
https://www.zotero.org/google-docs/?QsxFEL
https://www.zotero.org/google-docs/?qr8fTR


ARTIC
LE

 IN
 PR

ES
S

Methods 

Datasets, preprocessing, mapping, and assembly 

To comprehensively characterize A. thaliana lncRNAs, we utilized publicly available RNA-

seq datasets from the NCBI Sequence Read Archive (SRA) (Supplementary Table S1). We 

retrieved libraries using fastq-dl (v1.2.0) (https://github.com/rpetit3/fastq-dl) and performed quality 

trimming with TrimGalore (v0.6.10) (https://github.com/FelixKrueger/TrimGalore). Strand-

specificity of the libraries was assessed through transcriptome extraction using RSEM prepare-

reference (v1.3) [11] and determination of strandedness with Salmon (v0.8.12) [12]. Non-strand-

specific libraries were excluded to prevent potential confounding of lncRNA expression by reads 

corresponding to other genomic features located on the opposite DNA strand. The refined set of 

libraries underwent read mapping to the reference genome TAIR10 (assembly 22) [13] using 

HISAT2 (v2.1.1) [14]. 

 

Computational prediction of Arabidopsis lncRNAs 

We applied a genome-guided transcriptome assembly approach using Stringtie (v1.3.3) 

[15] to reconstruct transcriptomes from individual RNA-seq data. In parallel, we conducted a 

comparative analysis between these assemblies and de novo transcriptome reconstructions 

generated by Trinity (v2.8.5) [16]. To assess assembly accuracy, we used the TAIR10 reference 

annotations as benchmarks. Subsequently, we integrated transcriptome assemblies from all 

samples within each species by aggregating individual StringTie-generated GTF files using 

StringTie merge with the parameter -g 50. We then compared these merged transcriptomes with 

the native genome annotations of each species using gffcompare (v0.11.2) [17] to identify novel 

transcripts. Specifically, we focused on novel intergenic ("i") and antisense ("a") transcripts longer 

than 200 bp, corresponding to the "u" and "x" class codes, respectively, in the gffcompare output. 

In cases where multiple isoforms were present, we retained only the longest isoform using CGAT 

gtf2gtf (v0.3.2) [18]. We further evaluated the coding potential of predicted transcripts using the 

CPC2 (v0.9) [19] and FEELnc (v0.1.1) [19] software packages. CPC2 analysis was performed 

against TAIR10-annotated protein sequences, and transcripts classified as noncoding were 

retained for further analysis. For FEELnc, protein-coding gene sequences processed in shuffle 
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mode served as training datasets for the Random Forest algorithm, enabling the determination of 

coding potential thresholds through tenfold cross-validation. 

Our classification framework integrated evidence from transcriptional expression and 

computational noncoding potential. Noncoding potential was assessed using CPC2 and FEELnc, 

with transcripts classified as “CPC + FEELnc” when both tools concurred or as “single-tool 

supported” when supported by only one. Expression support was determined using TPM values 

derived from StringTie quantification across all RNA-seq samples, with TPM > 0 indicating 

expressed transcripts. Each lncRNA was subsequently assigned to a confidence category: “High 

(Stringent)” for those with dual noncoding support and detectable expression; “High (Stringent, 

No Expression)” for those with dual noncoding support but no detectable expression; and 

“Medium (Single-tool + Expression Supported)” for those with single-tool support and detectable 

expression. Transcripts lacking evidence from both criteria were excluded from the final set. 

 

lncRNA distribution and comparison to other established catalogs 

We used chromPlot (v1.14.0) [20] to visualize the distribution of lncRNAs across the 

Arabidopsis genome. Comparisons were conducted between the lncRNAs identified in this study 

and those cataloged in CANTATAdb 2.0 [21], PLncDB v2.0 [22], EVLncRNAs 2.0 [5], and TAIR 

10 (Araport 11 annotated) [23] databases. We also compared our findings with lncRNA collections 

from [24] and [25]. Locus coordinates were evaluated using the intersectBed function (f=0.5) 

within the BEDTools (v2.30.0) [26]. 

 

Expression estimation 

To assess the overall expression levels of lncRNAs and compare them with protein-coding 

genes, we used featureCounts (v1.6.4) [27] to compute read counts for both transcript categories 

across all analyzed samples. The count data were then normalized by transcript length and library 

size to generate transcripts per million (TPM) values. Transcriptomes were categorized into broad 

tissue types based on their sample origin, while accounting for cases where certain tissues, such 

as whole plants and seedlings, did not fit standard classifications. To identify tissue-specific 
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lncRNAs, we calculated the tau metric [28] using normalized TPM expression values across 

tissues. 

 

Analysis of sequence variation 

To assess and compare the variability of lncRNA sequences with that of protein-coding 

genes and intergenic regions, we used variant-calling data from the 1001 Genomes Project [28, 

29]. Using the BEDTools intersect function, we determined the number of variants present in both 

classes of lncRNAs, as well as in protein-coding genes and intergenic regions. Intergenic regions 

were identified using the BEDTools complement function applied to genome annotation files 

generated with gffcompare. 

 

Analysis of genomic repeats and TE elements 

The Arabidopsis genome was analyzed for repeat elements using perSVade (v0.10) pipeline [30] 

with default settings. We examined various repeat categories, including simple repeats, low-

complexity repeats, LTRs, LINEs/SINEs, and those classified as unknown. To assess overlap, 

we required at least 50% of the repeat sequence to intersect with either lncRNAs or protein-coding 

genes. To identify transposable element (TE) fragments within lncRNAs and protein-coding 

genes, we compared TAIR10-annotated TE sequences with individual loci using BLASTN 

(v2.10.0) [31]. We applied specific parameters, including a word size of 10, evaluation of both 

strand orientations, and an e-value threshold of 1e−7, ensuring more than 80% sequence 

identity. The resulting hits were grouped into seven TE superfamilies. 

 

Analysis of DNA methylation, histone modification, and R-loop formation 

We analyzed the epigenetic profiles of lncRNAs and protein-coding genes by reprocessing 

publicly available datasets, including whole-genome bisulfite sequencing (WGBS), chromatin 

immunoprecipitation sequencing (ChIP-seq), RNA immunoprecipitation sequencing (RIP-seq), 

global run-on sequencing (GRO-seq), and single-strand DNA ligation from DNA:RNA hybrid 

immunoprecipitation sequencing (ssDRIP-seq) (Supplementary Table S2), to investigate DNA 

methylation, histone modifications, RdDM pathway associations, and R-loop connections, 

respectively. 
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Raw paired-end FASTQ files underwent quality trimming using fastp (v0.20.0) [32] to 

remove adapter sequences and low-quality reads. Reads from ChIP-seq libraries were then 

aligned to the reference genome assembly using the BWA-MEM algorithm (v0.7.17) [33], followed 

by filtering of mapped reads with a MAPQ quality score below 30 and removal of PCR duplicates 

using samtools (v1.16) [34] to ensure high-quality alignments. WGBS reads were mapped with 

BatMeth2 [35] under default parameters, and DNA methylation levels were called from uniquely 

mapped reads, requiring a minimum coverage of three at each cytosine. Additionally, GRO-seq, 

RIP-seq, and ssDRIP-seq reads were aligned to the TAIR10 genome using BWA with default 

settings. Duplicates, unmapped reads, reads with more than three mismatches, and non-uniquely 

mapped reads were filtered out using samtools. Finally, indexed BAM files were converted to 

BigWig format using bamCoverage, and metaplot profiles were generated using plotProfile from 

deepTools [36]. Pairwise correlations between histone modification ChIP-seq datasets were 

calculated using Pearson correlation coefficients (PCCs) derived from normalized ChIP signal 

intensities (BigWig coverage) across ±3 kb regions flanking TSS and TES of each categorized 

transcript class. 

 

Characterization of polyadenylation status and RNA polymerase dependence 

 Publicly available RNA-seq datasets were re-analyzed to determine the polyadenylation 

status and RNA Polymerase V (Pol V) dependency of lncRNAs in A. thaliana seedlings 

(Supplementary Table S3). To profile polyadenylated (poly(A)+) transcripts, Oxford Nanopore 

long-read RNA-seq data from 17 samples encompassing seedlings and floral buds aged 6–35 

days were obtained from multiple studies (Zhang et al., 2020; Parker et al., 2020; Qin et al., 2022; 

Xu et al., 2022). To capture non-polyadenylated (non-poly(A)) RNAs, rRNA-depleted Illumina 

short-read RNA-seq data from eight samples representing 7-day- and 47-day-old seedling tissues 

were used (Philips et al., 2020). In addition, Illumina total RNA-seq data from 2-week-old mock-

treated Col-0 (wild type, WT) and nrpe1-11 mutant seedlings (three biological replicates each; 

Yuan et al., 2024) were analyzed to identify Pol V-dependent lncRNAs. Adapter sequences in 

Nanopore reads were trimmed using Porechop [37], and all datasets were aligned to the 

Arabidopsis TAIR10 reference genome using HISAT2 (v2.2.1) with default parameters. Read 

counts per lncRNA were quantified using featureCounts in stranded mode and normalized to 

TPM. 
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The polyadenylation ratio for each lncRNA was calculated as: poly(A) ratio = mean 

TPM (poly(A)+) / [mean TPM (poly(A)+) + mean TPM (non-poly(A)) + 1×10⁻⁶]. Based on 

this ratio, lncRNAs were classified as poly(A)+ (ratio ≥ 0.7), non-poly(A) (ratio ≤ 0.3), or 

bimodal/intermediate (0.3 < ratio < 0.7). To identify polymerase-dependent lncRNAs, 

differential expression analysis was performed using DESeq2 (v1.38.0) on raw count data 

from WT and nrpe1. LncRNAs with an adjusted p-value (padj < 0.05) and a log₂ fold change < –

1 were considered significantly downregulated. Pol V–dependent lncRNAs were stringently 

defined as transcripts that were both non-polyadenylated and significantly downregulated in the 

nrpe1 mutant. We also examined overlap with previously annotated Pol V-transcribed regions 

[38], taking into account both polyadenylation status and differential expression. 

 

Identification of lncRNA and sRNA association 

Multiple methods were employed to identify lncRNA loci involved in sRNA generation or 

regulation in Arabidopsis, with a focus on links to sRNA precursors. To identify putative miRNA 

binding sites using miRNAs from Plant Small RNA Genes (PSRG) database [39],  lncRNAs and 

mRNAs were scanned with psRNATarget [40] (Schema V2, 2017 Release) using default 

parameters, except that the number of top targets was set to 5. LncRNAs and mRNAs with 

putative miRNA binding motifs were compared, and the target genes were functionally annotated 

using MapMan BIN ontology via Mercator (v4) [41]. Pathway enrichment was assessed with 

ShinyGO (v0.8) [42], and pathways with an adjusted p-value < 0.05 were considered significant. 

We then compared these sRNA-producing loci with existing annotations by examining the 

genomic locations of Pol IV/V–codependent sites and Pol IV–independent Pol V sites identified 

via Pol V ChIP–seq and GRO–seq in nrpd1 mutant in previous studies [43]. Additionally, we 

considered Pol V transcripts annotated by [38] and identified sRNAs those bound by AGO4 using 

AGO4 RIP sRNA-seq data processed with ShortStack (v3.8.5) [44]. The PSRG small RNA data 

were used as loci files, and sRNA-producing loci with >1 FPKM were annotated as AGO4-bound. 
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lncRNA-chromatin interactions 

We applied the PATO [45] tool to screen for potential DNA:DNA:RNA triplex sites, aiming 

to detect lncRNA-DNA triplexes. To further investigate lncRNA-mediated RNA–chromatin 

interactions, we referenced genome-wide RNA–DNA interaction data obtained from GRID-seq 

[46]. Additionally, we examined the identified lncRNA-chromatin interactions for intersections with 

transcription factor binding motifs (TFBMs) within Accessible Chromatin Regions (ACRs) data 

from PlantCADB [47]. 

 

Prediction of sORFs and small peptides  

We identified small open reading frames (sORF) (18-300 nt) within lncRNAs and mRNA 

transcripts using Orfipy (v0.0.4) [48] selecting for those capable of encoding micropeptides (6-

100 aa). Start codons considered were ATG, TTG, GTG, CTG, AAG, AGG, ACG, ATA, ATT, and 

ATC, and stop codons were TAG, TAA, and TGA, evaluated across all three reading frames [49]. 

Additionally, we performed BLASTp searches against the Arabidopsis PeptideAtlas [50] to identify 

experimentally validated peptides corresponding to the predicted sORFs. 

 

Classification of lncRNA genes into families in Brassicacea 

To explore the evolutionary connections among predicted lncRNAs in Brassicaceae 

species, we applied multiple complementary approaches, including reciprocal BLAST hits, 

secondary structure similarity assessments, and synteny analysis. Considering the potential 

influence of overlapping features in antisense lncRNAs, we restricted our analyses to intergenic 

genes.  

To identify the best reciprocal matches between all possible pairs of species, we used 

BLASTn by constructing a custom database for each species-specific lncRNA set. Each set 

of lncRNAs was aligned against its respective database with an e-value cutoff of <1e−3, and 

parameters “-max_hsps 1” and “-max_target_seqs 1” were applied to select the best 

alignment for each query–sequence pair, from which the best reciprocal hits were chosen. To 

examine secondary structure similarities among intergenic lncRNAs, RNAfold (v2.4.10)  [51] 

was used to predict secondary structures for all intergenic lncRNAs, followed by pairwise 
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structural alignments within and between species using Beagle (v0.276) [52] in local alignment 

mode. Like the BLASTn reciprocal hit strategy, we selected hits with the highest zScores 

(minimum zScore >3) and p-values <0.01. Furthermore, intergenic lncRNAs were categorized 

into syntenic transcripts following the method described in [53]. Orthologs among protein-coding 

genes across five Brassicaceae species were identified using OrthoFinder (v2.5.4) [54], and 

pairwise syntenic relationships among lncRNAs were determined using the synteny analysis 

pipeline from [53]. To this, we set “3 3 1” parameter requiring 3 protein-coding genes on either 

side of a given intergenic lncRNA, a minimum of 3 shared genes for pairwise comparisons 

between Brassicacea species, and at least 1 shared gene on each side of an intergenic lncRNA. 

Finally, results from BLAST, secondary structure alignments, and synteny-based comparisons 

were integrated to cluster the best reciprocal hits into lncRNA families across Brassicaceae 

species. 

 

Finding sequence motifs in lncRNA syntenic families 

We applied two methods to identify shared sequence motifs among syntenic lncRNA 

families. First, significant motifs (e-value < 0.05) were identified using MEME [55]. Second, 

conserved motifs (p- and e-values < 0.05) were detected using lncLOOM [56]. A syntenic family 

was considered to share a motif if every member contained at least one of these significant motifs. 

 

Results 

Inference and characterization of Arabidopsis lncRNA catalog  

To characterize the lncRNA repertoire of A. thaliana, we assembled a comprehensive 

dataset of 727 samples from publicly available RNA-seq libraries. We processed these samples 

using lncFETCHER pipeline, a systematic framework that integrated multiple RNA-seq datasets 

with a combination of robust, established methodologies [10, 57–60]. The pipeline also 

incorporated a pseudoalignment approach paired with full transcriptome annotation, as 

recommended by [9]. The specific parameters used in this analysis were detailed in 

Supplementary Table S4. This pipeline included data integration, trimming, strand detection, and 

read mapping. These steps were followed by merging the assembled transcripts and cross-

referencing them with existing annotations. We then assessed their coding potential to identify 

putative lncRNAs. These procedures ultimately produced a consolidated catalog of predicted 

lncRNAs through genome-guided transcriptome assembly, as illustrated in Fig. 1A. The 
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classification of these genes followed strict criteria, categorizing them as antisense, which overlap 

coding genes or other features on the opposite DNA strand, or intergenic, which do not intersect 

with any protein-coding genes or features. 

 

 

Fig. 1. Identification and characterization of lncRNAs in A. thaliana. (a) Schematic 

overview of the pipeline used for lncRNA prediction and analysis. (b) Sensitivity and specificity of 

samples used in the final transcriptome assemblies (n=727). (c) Comparison of StringTie and 

Trinity assemblies for total transcripts, unique transcripts, and the percentage of unique 

transcripts. (d) Genomic distribution of antisense (blue, left) and intergenic (grey, right) lncRNAs. 

Black vertical lines denote chromosomes, and black circles mark centromeres. Each bar shows 

the number of lncRNAs within 50-kb genomic windows. (e) Upset plot showing overlap among 

major lncRNA annotation databases using a cumulative stepwise intersection method. Vertical 

magenta bars represent intersection sizes, and horizontal bars indicate total gene counts per 

source. Black dots denote shared or unique gene sets. (f) Venn diagram showing overlap 

between the current lncRNA catalog and those reported in recent studies ([25] and [24]).  SR, 

short-read; LR, long-read–supported. 

 

 

Before examining the lncRNA repertoires, we evaluated the effectiveness of transcript 

assembly methods for identifying lncRNAs by comparing the genome-guided approach using 

StringTie with the de novo approach using Trinity. We assessed their sensitivity, specificity, 

transcript coverage, redundancy, and structural complexity. Previous studies in other species [59, 

61] had documented differences between these assemblers, which motivated us to examine 

whether similar effects also applied to Arabidopsis samples. Both methods produced consistent 

results; however, StringTie demonstrated superior specificity, sensitivity, and lower fragmentation 

rates (Fig. 1B–C), making it more precise in reconstructing transcripts, even in the absence of 

lncRNAs in the benchmark annotations. We inferred that the advantage of StringTie stemmed 

from its ability to leverage genomic information effectively. In contrast, Trinity exhibited higher 

sensitivity, capturing a broader range of potential lncRNAs, but at the cost of increased false 

positives and greater redundancy. Further analysis of assembly characteristics (Fig. 1C) showed 

that Trinity achieved higher total transcript coverage, suggesting more comprehensive 

reconstruction, while StringTie produced assemblies with reduced redundancy and a higher 
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proportion of multi-exonic lncRNAs, indicating a more refined and biologically relevant output. 

Given StringTie’s overall efficiency in reconstructing reference transcripts with greater precision 

and lower fragmentation, we opted for the genome-guided assembly approach for downstream 

analyses. 

 Using this optimized framework, we identified 7,895 candidate lncRNAs categorized 

based on concordant noncoding potential and expression support. Of these, 4,772 transcripts 

(4,746 with expression support and 26 lacking detectable expression but classified as noncoding 

by both CPC2 and FEELnc) were classified as high confidence, constituting the final lncRNA 

catalog used for all downstream analyses (Supplementary Table S1). This catalog comprised 

1,735 antisense and 3,037 intergenic transcripts. 

We analyzed the genome-wide distribution of lncRNAs across the genome of A. thaliana 

(Fig. 1D). Antisense lncRNAs exhibited a relatively uniform distribution with a slight preference 

for chromosome arms, whereas intergenic lncRNAs displayed an uneven distribution with distinct 

hotspots near centromeres. These observations aligned with previous studies [25, 62], suggesting 

preferential genomic localization. Antisense lncRNAs were enriched in gene-rich regions, 

particularly near protein-coding loci, supporting their potential roles in cis-regulation, chromatin 

remodeling, and transcript stability. In contrast, intergenic lncRNAs were more widely dispersed, 

reflecting their diverse genomic origins. Chromosome-specific variations in lncRNA density 

revealed regions with concentrated intergenic and antisense lncRNAs, suggesting potential 

regulatory hotspots. These findings indicated a structured and functionally diverse genomic 

landscape of Arabidopsis lncRNAs. 

We then focused on antisense and intergenic lncRNAs, comparing them with existing 

lncRNA databases to evaluate classification consistency and coverage. We identified a 

substantial number of lncRNAs (Fig. 1E), with the most notable differences observed among 

antisense transcripts, likely due to variations in annotation methodologies, sequencing depth, and 

dataset selection compared to other available databases. Some previously annotated lncRNAs 

also exhibited length discrepancies or biotype reclassifications, reflecting differences in transcript 

assembly strategies. We detected overlaps with well-characterized lncRNAs such as TAR-224, 

npc48, At5NC055270, and npc83, previously cataloged in EVLncRNAs v2.0. However, biotype 

inconsistencies were present; for instance, npc48, classified as antisense in prior studies, was 

annotated as intergenic in our dataset, indicating the complexity of lncRNA classification and the 

need for standardization. 
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To further assess the coverage of our catalog, we compared it with two previous 

annotation efforts [24, 25] (Fig. 1F). Approximately 25% of our identified lncRNAs overlapped with 

[25], supporting their presence. Additionally, we examined lncRNAs identified using both short-

read and long-read sequencing from [24]. Among the 229 short-read–derived lncRNAs, most 

were intergenic, aligning with our findings, while 45 of the 53 long-read–supported (Oxford 

Nanopore sequencing) lncRNAs also belonged to the intergenic category, further supporting the 

reliability of the approach (Supplementary Table S5). However, despite these overlaps, 

substantial discrepancies remained between different catalogs, largely because differences in 

transcript assembly strategy, sequencing depth, and dataset selection continued to influence 

lncRNA annotation. 

Overall, these analyses generated an updated and well-supported lncRNA catalog for A. 

thaliana, providing improved accuracy and broad genomic coverage. At the same time, the 

remaining discrepancies among catalogs showed that methodological differences continue to 

influence lncRNA annotation. 

 

Characteristics of Arabidopsis lncRNAs 

We analyzed the key characteristics of lncRNAs to identify features that could enhance 

future lncRNA detection efforts and to verify consistency with prior studies. First, we conducted a 

systematic comparative analysis of their transcript length and GC content, juxtaposed with those 

of protein-coding genes. The analysis revealed that both types of lncRNAs were shorter in length 

(Fig. 2A) and possessed lower GC content (though higher than that of intergenic regions) (Fig. 

2B). Subsequently, we examined lncRNA sequence variability and found that protein-coding 

genes showed lower SNP density, whereas lncRNAs exhibited a higher mutation frequency 

overall. Among lncRNAs, intergenic lncRNAs had the highest accumulation of variants, whereas 

antisense lncRNAs displayed lower SNP density, like protein-coding genes (Fig. 2C). In addition, 

lncRNAs clearly exhibited lower expression levels compared to protein-coding genes (Fig. 2D). 

 

Fig. 2. Genomic features, expression profiles, and repeat/TE associations of Arabidopsis 

lncRNAs. (a–c) Comparisons of transcript length, GC content, and sequence variation. (d) 

Comparison of overall expression and tissue-specific expression across six tissues (flower, fruit, 
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leaf, root, seed, shoot). Panels (a–d) compare three transcript categories: protein-coding genes 

(“pc”), antisense lncRNAs (“a”), and intergenic lncRNAs (“i”), alongside intergenic genomic 

regions where applicable. (e) Density distribution of tissue-specificity (τ) values for lncRNAs and 

protein-coding loci. (f) Pairwise Jaccard similarity of genomic regions exhibiting expression peaks 

across tissues for protein-coding genes (left) and lncRNAs (right). (g) Percentage of lncRNAs 

overlapping repeat regions; numbers above bars indicate the percentage, and numbers below 

bars indicate the count of overlapping lncRNAs (individual lncRNAs may overlap multiple repeat 

categories). (h) Distribution of TE superfamilies identified within intergenic, antisense, and 

protein-coding loci based on BLAST matches to TAIR10-annotated TEs. Differences between 

pairs of box plots within each species are statistically significant (Wilcoxon rank-sum test, p < 0.01) 

for panels (a–d), unless indicated otherwise. In panel (h), only statistically significant comparisons 

are indicated with asterisks. 

 

To assess the expression dynamics of lncRNAs, we compared their abundance across 

representative tissues (Fig. 2D). Among these, 99.47% of the lncRNA genes in our curated list 

were expressed in at least one tissue, although expression levels varied substantially between 

organs. Expression patterns differed across tissues, with intergenic lncRNAs showing the widest 

range of variability. Their expression was generally higher in flowers and reduced in fruit, whereas 

antisense lncRNAs displayed relatively uniform levels across tissues. The marked reduction of 

intergenic lncRNAs in fruit likely rendered antisense transcripts comparatively more abundant in 

this tissue, although the difference was not statistically significant. Together, these observations 

indicate stable antisense expression and tissue variability among intergenic lncRNAs. 

We further calculated a tissue specificity score for each transcript using the Tau (τ) metric, 

utilizing expression data from broadly categorized tissue samples. This τ metric (ranging from 0 

to 1) measures how closely the tissue expression of a transcript matches a perfectly tissue-

specific pattern (τ = 1), where expression is limited to one tissue (Fig. 2E). The analysis showed 

consistent tissue specificity in lncRNA gene expression across various tissues. Intergenic 

lncRNAs exhibited significantly higher tissue specificity compared to their mRNA counterparts, 

aligning with previous findings. This suggests regulatory nuances or context-specific functions of 

intergenic lncRNAs, distinguishing them from antisense lncRNAs and protein-coding genes. 

Subsequently, we determined the relationship between expression peaks in tissues by performing 
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a pairwise intersection of genomic regions (Fig. 2F). These results revealed relatively similar 

expression patterns of protein-coding genes and lncRNAs in leaf and flower. There was high 

pairwise overlap between expressed protein-coding genes across all tissues, whereas the overlap 

of expressed lncRNAs showed marked differences, with notably reduced observation in fruit. This 

analysis revealed significant differences in lncRNA expression across tissue types. 

Taken together, Arabidopsis lncRNAs exhibit shorter lengths, lower GC content, and 

greater transcript diversity. Their lower and tissue-specific expression profiles, as revealed by our 

tissue expression atlas, further establish the context-specific nature of their regulation. 

 

Intergenic lncRNAs are TE-rich 

Previous studies have shown that lncRNAs across diverse species often contain TEs and 

genomic repeats, which can influence their emergence, structural organization, evolutionary 

patterns, and regulatory mechanisms. Using two approaches, we therefore sought to assess the 

extent to which the identified lncRNAs harbor these elements compared to protein-coding genes. 

 First, our approach involved reannotating TEs and repeats and intersecting them with our 

established lncRNA catalog and protein-coding genes (Fig. 2G). The results revealed that many 

lncRNAs, whether intergenic or in antisense orientations, contain repeats, albeit with varying 

prevalence levels. Simple repeats were the most abundant repeat type across all categories, 

being particularly prevalent in protein-coding genes. In contrast, antisense and intergenic 

lncRNAs showed markedly lower repeat content. LINE, SINE, and LTR elements were generally 

rare, although intergenic lncRNAs displayed a mild presence of LTRs. More than half of the 

lncRNAs lacked overlap with repetitive elements, suggesting that lncRNAs, especially intergenic, 

tend to originate from repeat-poor regions or are under selective pressure against repeat 

insertions.  

 Second, in a BLAST-based analysis against TAIR10-annotated TEs, approximately half 

of the intergenic lncRNA loci contained TE-derived sequences, designated as ‘TE pieces’ (Fig. 

2H). Intergenic lncRNAs had the highest TE content and the broadest range of TE superfamilies, 

with LTR/Gypsy and Helitron elements being the most frequent among TE-containing transcripts. 

In contrast, antisense lncRNAs had the lowest TE prevalence. Consistent with this, antisense 

lncRNAs also contained the smallest TE-derived segments, supporting their overall low TE 
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burden. Protein-coding genes showed intermediate TE content and the shortest associated TE 

regions. Together, these findings indicate a preference and distinct composition of TEs in 

intergenic lncRNAs compared with antisense lncRNAs and protein-coding loci. 

 Collectively, these results show that the insertion of repetitive and TE-derived sequences 

into lncRNA loci is not random but preferential. The abundance of diverse TE families in intergenic 

lncRNAs points to distinct evolutionary trajectories. 

 

Distinct methylation and histone modifications underpin divergent chromatin states 

We compared DNA methylation across lncRNAs and protein-coding genes in seedlings in 

the CG, CHG, and CHH contexts (Fig. 3A). Intergenic lncRNAs showed the highest CHG and 

CHH methylation, consistent with a more repressive chromatin state. Antisense lncRNAs and 

protein-coding genes had much lower CHG methylation, and antisense lncRNAs showed only a 

small increase in CHH methylation relative to protein-coding genes. In the CG context, all 

transcript classes had clear drops in methylation at TSS and TES. The depth of this reduction 

was greatest in intergenic lncRNAs and protein-coding genes, whereas antisense lncRNAs 

displayed a slightly weaker decrease. This shared CG dip reflected reduced nucleosome 

occupancy and increased accessibility at promoters and transcript ends. Overall, intergenic 

lncRNAs were linked to high non-CG methylation. In contrast, antisense lncRNAs and protein-

coding genes had lower non-CG methylation and similar CG dynamics, consistent with more 

permissive chromatin. 

 

Fig. 3. Integrative landscape of DNA methylation, histone modifications, RdDM association, and 

R-loop profiles at lncRNA and protein-coding loci. (a) Metagene profiles of DNA methylation levels 

in CG, CHG, and CHH contexts. (b) Heatmap of absolute Pearson correlation coefficients from 

ChIP-seq read counts showing co-occurrence strength among histone modification marks. (c) 

Metagene profiles of RdDM and chromatin-associated factors, including Pol V (ChIP, GRO, RIP), 

Pol II (ChIP, GRO), and ChIP-seq datasets for Pol IV, AGO4, SPT6L, RDM15, HDA6, LDL1, and 

DDM1. (d) R-loop metaprofiles and heatmaps (ssDRIP-seq) showing signal intensity. All profiles 

(RPGC-normalized) represent ±3 kb regions flanking TSS and TES of antisense (a) / intergenic 

(i) lncRNA, and protein-coding (pc) loci. 
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We analyzed 30 histone modifications to evaluate chromatin states across transcript types 

(Fig. 3B). Protein-coding genes showed a highly ordered chromatin architecture, with strong 

positive correlations among most marks and consistently higher levels, indicative of a stable, 

actively transcribed chromatin environment. Intergenic lncRNAs displayed moderate coordination 

among activating acetylation marks, reflecting partial association with active chromatin. Antisense 

lncRNAs showed the weakest and most variable correlations, including negative associations 

involving H2Bub, H3K4me3, and related marks, consistent with constrained chromatin arising 

from overlapping transcription. These distinctions were supported by ChIP-seq signal intensities: 

protein-coding genes had the highest signals of active histone marks, whereas intergenic and 

antisense lncRNAs showed lower and more variable levels (Supplementary Fig. S1). 

Together, these analyses show clear epigenetic distinctions among lncRNA classes, 

defined by their specific DNA methylation and histone modification profiles. The modest positive 

correlations between activating and repressive marks likely reflect mixed chromatin states across 

cell types or regulatory regions, indicating that intergenic lncRNAs occupy dynamically regulated 

chromatin environments. 

 

Pol V transcribes a restricted lncRNA repertoire for RdDM 

Pol V and RdDM-associated factors displayed transcript type–specific profiles (Fig. 3C). 

Pol V ChIP showed its highest occupancy on intergenic lncRNAs, with lower signal at antisense 

lncRNAs and minimal enrichment on protein-coding genes (Fig. 3C, top left). Pol V RIP followed 

this pattern, whereas Pol V GRO-seq showed a strong signal over protein-coding genes (Fig. 3C, 

top middle–right), reflecting assay-specific background rather than Pol V activity. AGO4 ChIP 

closely matched the Pol V ChIP distribution, with incremental enrichment at intergenic lncRNAs 

(Fig. 3C, middle right). In contrast, Pol II ChIP and Pol II GRO-seq were restricted to protein-

coding genes, with negligible occupancy at lncRNA loci (Fig. 3C, second row). The Pol II 

elongation factor SPT6L showed the same bias toward protein-coding genes (Fig. 3C, middle 

left). Additional RdDM components (Pol IV, RDM15, and DDM1) were also most co-enriched at 

intergenic lncRNAs (Fig. 3C, middle row). Repressive chromatin modifiers HDA6 and LDL1 
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accumulated at these loci as well (Fig. 3C, bottom left–center), consistent with their elevated DNA 

methylation and transcriptional repression. Together, these data indicate intergenic lncRNAs as 

the primary targets of Pol V-dependent RdDM activity and associated chromatin remodeling. 

Arabidopsis lncRNAs exhibited a wide spectrum of polyadenylation states, with the 

dominant fraction (62.7%) displaying weak or undetectable polyadenylation (Supplementary Fig. 

S2). Poly(A)+ and non-poly(A) lncRNAs accumulated to closely comparable steady-state levels, 

as reflected by their strong concordance in expression (r = 0.94; Fig. S2A). Disruption of Pol V 

exerted minimal influence on global lncRNA abundance: only 6 of 1,098 non-poly(A) lncRNAs 

were significantly reduced in nrpe1 (padj < 0.05; log₂FC < –1) (Supplementary Table S3), 

indicating that Pol V directly contributes to the expression of only a small subset of loci. To 

delineate this subset within established Pol V transcriptional domains, we intersected our lncRNA 

catalog with genomic intervals defined as Pol V–transcribed by IPARE [63]. This analysis 

identified 215 lncRNAs residing within Pol V–occupied regions, the majority of which were 

intergenic (86.5%) and lacked detectable 3′ polyadenylation (70.7%), consistent with defining 

molecular features of Pol V-associated transcripts [64]. Collectively, these data indicate that while 

non-polyadenylated lncRNAs constitute a substantial component of the Arabidopsis 

transcriptome, only a discrete subset aligns with canonical Pol V transcriptional activity. 

Altogether, these results define a Pol II–independent RdDM hierarchy in which Pol V and 

its cofactors selectively operate at lncRNA loci, although only a small subset of lncRNAs are bona 

fide Pol V transcripts. 

 

R-loop landscapes reflect divergent lncRNA transcriptional dynamics 

R-loop profiling resolved distinct signal distributions across lncRNA subclasses (Fig. 3D). 

Antisense lncRNAs showed moderate R-loop signals at TSS and lower levels throughout gene 

bodies, whereas intergenic lncRNAs showed elevated signals at TSS and a pronounced peak at 

TES. Protein-coding genes exhibited the characteristic promoter-centered R-loop peak 

accompanied by a secondary TES-associated signal. Only limited loci in any category reached 

high signal intensity, indicating that strong R-loops arise at restricted genomic positions. These 

profiles delineate subclass-specific transcriptional dynamics among lncRNAs and differentiate 

them from the canonical R-loop architecture of protein-coding genes. 
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lncRNAs engage broadly with sRNAs 

Despite the recognized significance of the interplay between lncRNAs and miRNAs, a 

considerable portion of their interactions remains to be elucidated. To address this, we predicted 

lncRNA targets for 427 published miRBase miRNAs. We first identified miRNA targets within 

lncRNAs and subsequently examined shared miRNA targets with mRNAs, resulting in the 

identification of 2,560 lncRNA–miRNA interactions and 2,202 miRNA–mRNA interactions 

(Supplementary Table S6). To explore the connection between lncRNAs, miRNAs, and mRNAs, 

we functionally annotated the target gene sequences into 30 of 50 major functional categories, 

primarily encompassing genes related to enzymes, solute transport, polyamide metabolism, and 

RNA biosynthesis (Fig. 4A). We then performed enrichment analysis on genes targeted by 

lncRNA-associated miRNAs to identify significantly enriched pathways across multiple public 

databases (Supplementary Table S7). The analysis revealed miR822, which regulates 

megaspore degeneration and female gametogenesis in flowering [65], as one of the most 

significantly enriched target genes. Other represented miRNA–targeted gene pathways included 

miR165, miR5661, miR161, miR846, and miR842. 

 

Fig. 4. Identification and annotation of sRNAs associated with lncRNAs. (a) Enrichment analysis 

of miRNA target genes associated with lncRNAs, showing significant overrepresentation (Fisher’s 

exact test, p < 0.05) across the top 20 MapMan bin functional categories. MapMan bins represent 

major biological processes. (b) Subnetwork of  the miR859 pathway illustrating interactions 

between ath-miR859 and its predicted targets. Solid edges indicate interactions supported by 

degradome evidence. Protein-coding genes are shown as green ellipses, antisense lncRNAs as 

blue diamonds, and intergenic lncRNAs as grey diamonds. (c) Composition of sRNA loci 

overlapping lncRNAs. (d) Number of intergenic (“i”) and antisense (“a”) lncRNAs overlapping 

distinct sRNA locus types (siRNA, miRNA, and other sRNAs). (e) Intersection analysis of RdDM 

pathway components. Horizontal bars (left) indicate total set sizes for individual components: Pol 

IV/Pol V co-dependent regions and Pol IV-independent Pol V regions (from [43]), Pol V transcripts 

(from [38]), lncRNA-overlapped sRNAs, and AGO4-bound siRNAs. Vertical bars represent 
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intersection sizes, with connected dots indicating the specific components present in each set 

combination. 

 

 

To further investigate the functional roles of lncRNAs, we used publicly available 

degradome datasets to explore their potential as competing endogenous RNAs (ceRNAs). As a 

case study, we examined miR859-targeted lncRNAs and built an interaction network to explore 

their roles in sRNA pathways via ceRNA mechanisms. Our analysis revealed interactions 

between miR859 and five lncRNAs (two antisense and three intergenic), as well as five mRNA 

targets encoding F-box proteins (Fig. 4B). Subsequent validation with degradome datasets 

confirmed cleaved targets, including AT3G16880.1 and MNTRG.39971.1 in leaf samples, and 

AT5G36200.1 and AT3G16820.1 in flower samples (Supplementary Table S8). 

We also examined the overlap between sRNA precursors from the PSRG database and 

our identified lncRNAs (Supplementary Table S8). Within our lncRNA collection, we identified 23 

miRNA precursors that majorly produce 21-nt miRNAs; all of these overlapped with intergenic 

lncRNAs (Fig. 4D). These included precursors from 13 miRNA families, with multiple 

representatives from miR166, miR172, miR157, and miR319 families. In contrast, our lncRNA 

collection showed a predominant overlap with 24-nt siRNAs (n = 3,058), indicating a strong 

association with siRNA production. This overlap was primarily with the antisense class of lncRNAs 

(Fig. 4C and 4D) 

To investigate the associations among RdDM pathway components, we performed an 

analysis incorporating Pol IV/Pol V-co-dependent regions and Pol IV-independent Pol V regions 

[42], Pol V transcripts [43], lncRNA-associated sRNAs, and AGO4-bound siRNAs (Fig. 4E) using 

data from previous studies. In our catalog, the largest association (9,627 regions) involved Pol 

IV/Pol V co-dependent regions together with AGO4-bound siRNAs, lncRNA-associated sRNAs, 

and Pol V transcripts, emphasizing their core role in RdDM. The second largest group (7,206 

regions) consisted of Pol IV-independent Pol V regions associated with the same components, 

indicating a substantial number of loci where Pol V functions independently of Pol IV. 

Furthermore, the association between AGO4-bound siRNAs and lncRNA-associated sRNAs 

across 4,590 regions reinforces the role of lncRNAs in siRNA recruitment and transcriptional 
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silencing. This analysis suggests the extensive interplay between Pol IV, Pol V, and small RNAs, 

further reinforcing the fundamental role of lncRNAs in guiding RdDM. 

In summary, the analyses demonstrate that lncRNAs maintain extensive associations with 

sRNAs, functioning both as miRNA targets and as sources of siRNAs that contribute centrally to 

RdDM pathway. 

 

lncRNA-chromatin interactions point to cis regulation and stress responsiveness 

Chromatin-associated regulation often involves lncRNAs that modulate gene transcription and 

genome organization by recruiting chromatin modifiers to specific loci. Therefore, to investigate 

whether lncRNAs contribute to triplex formation, we performed a computational analysis scanning 

the Arabidopsis genome. This analysis identified 286 potential triplex-forming sites where 

lncRNAs could serve as third-strand RNA binding partners in dsDNA:RNA triplex structures. 

These sites exhibited three major triplex motifs: purine (R), pyrimidine (Y), and mixed purine–

pyrimidine (M). A total of 937 antisense and 743 intergenic lncRNAs were identified as having the 

potential to engage in such interactions, together accounting for the entire lncRNA population 

examined (Fig. 5A). We identified specific RNA–chromatin interactions mediated by lncRNAs, 

categorized as cis (≤1 kb), intra-chromosomal (>1 kb within the same chromosome), and 

inter-chromosomal (between different chromosomes). Among the 484 RNA–chromatin 

interactions mediated by 351 lncRNAs (including 355 antisense and 4 intergenic), the majority 

(65.7%) were cis, followed by 23.1% intra-chromosomal and 11.2% inter-chromosomal (Fig. 

5B). These findings suggest that antisense lncRNAs predominantly mediate cis interactions. 

Moreover, lncRNAs interacted not only with their corresponding protein-coding genes but also 

with other lncRNA loci. However, none of the lncRNAs predicted to form PTS (potential triplex-

forming sequences) were supported by interaction data from [47]. 

 

Fig. 5. Summary of lncRNA-chromatin interactions. (A) Number of potential PTS  identified 

involving antisense and intergenic lncRNAs. Stacks represent triplex-forming motif types: 

Pyrimidine (Y), where CT-rich lncRNA sequences bind parallel to purine DNA; Purine (R), where 
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AG-rich sequences bind antiparallel to the DNA strand; and Mixed (M), which involves variable 

orientations of guanine- and thymine-rich sequences relative to purine-rich DNA. (C) Heatmap 

illustrates alterations in RNA-chromatin interactions mediated by lncRNAs in response to Pst 

infection and heat treatment. (D) Number of TF motif–associated peaks within ACRs overlapping 

lncRNA–DNA interaction loci. The annotated ACRs and motifs are from seedling ATAC-seq data. 

 

We also investigated whether RNA–chromatin interactions respond to abiotic stresses, 

including heat stress (seedlings exposed to heat) and biotic stress (seedlings treated with 

Pseudomonas syringae pv. tomato (Pst)) GRID-seq samples. We observed alterations in 

lncRNA–chromatin interactions, with 31 interactions up-regulated and 33 interactions down-

regulated in response to heat stress and 34 upregulated and 82 downregulated in response to 

Pst DC3000 (Fig. 5C), primarily mediated through antisense lncRNAs. Furthermore, we identified 

13 protein-coding genes involved in both heat and Pst infection responses, encompassing various 

functional classes such as enzymes in sulfur metabolism (APS4, ATPAE5), regulatory proteins 

including a transcription factor (KTF1), chaperones (BIP3), and signaling proteins (AMK2, CIB2), 

indicating that lncRNAs mediate interactions across diverse gene regulatory networks involved in 

stress responses (Supplementary Table S9). In contrast, only a limited number of intergenic 

lncRNAs (n = 4) interacted with DNA and abiotic stress, implying a potential role like other DNA-

interacting transcriptional regulators such as APOLO. To further investigate the potential 

transcriptional regulatory role of these lncRNA–chromatin interactions, we integrated our dataset 

with seedling ATAC-seq data to identify TFBMs overlapping lncRNA-associated ACRs (Fig. 5D). 

A distinct set of recurrent TFBMs was identified, primarily involving DOF, ERF, MYB, NAC, 

WRKY, bHLH, and bZIP families. Among these, ERF and DOF motifs were the most prevalent, 

suggesting their potential roles in mediating the observed chromatin interactions. 

Together, the results demonstrate that antisense lncRNAs primarily function in cis, 

exhibiting dynamic responses to environmental stress and modulating transcriptional networks 

through coordinated interactions with transcription factor binding. 

 

GWAS–QTL colocalization identifies trait-associated lncRNAs 
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To investigate the contribution of lncRNA genes to phenotypic traits, we analyzed 

colocalization between GWAS signals, QTLs, and lncRNA loci across A. thaliana. A colocalization 

event was defined as a robust association between a trait feature and a GWAS/QTL locus, 

resulting in 4,157 lncRNA–trait colocalization events, including 28 distinct traits (Supplementary 

Table S10). Among all annotated lncRNAs, 22.3% (674 intergenic and 391 antisense) were linked 

to GWAS-QTLs associated with defined traits (P < 0.05, chi-squared test; Supplementary Fig. 

S3). Traits related to arsenic concentration, flowering time, leaf discoloration, metabolite content, 

relative root length, and root morphology showed significant associations with lncRNA loci. 

Flowering time was linked exclusively to antisense lncRNAs, whereas leaf trichome density was 

associated primarily with intergenic lncRNAs. Several other traits exhibited similar levels of 

lncRNA–QTL overlap, indicating that lncRNAs participate in diverse trait-related genomic 

interactions across the Arabidopsis genome. 

 

Evidence for small peptides in lncRNA producing loci 

Numerous studies reported the presence of stable, functional peptides encoded from 

lncRNA producing loci [63–65]. To systematically characterize sORFs and their encoded small 

peptides, we developed a pipeline to analyze both lncRNA and mRNA transcripts as outlined in 

Fig. 6A. Although guided by features typical of protein-coding genes, this method systematically 

identified a large collection of putative sORFs across various transcript types. Most candidate 

peptides derived from protein-coding genes, with far fewer from antisense or intergenic lncRNAs, 

indicating disparities in translational potential among RNA classes (Fig. 6A). Given the potential 

for this method to miss sORF-containing transcripts not resembling protein-coding genes, we 

validated the authenticity of putative small peptides by searching for sequences 5–100 amino 

acids in length with significant similarity to experimentally annotated peptides in Arabidopsis 

Peptide Atlas (BLASTp, E-value < 0.00001; percent identity ≥ 90%). 

 

Fig. 6. Characterization of lncRNA-encoded peptides. (a) Outline of the sORF and small peptide 

prediction and validation workflow. (b) Distribution of peptide lengths encoded by lncRNAs 

(antisense, ‘a’; intergenic, ‘i’) compared with protein-coding transcripts (‘pc’). (c) Venn diagram 

showing the overlap of validated peptides derived from protein-coding transcripts and lncRNAs. 
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This analysis confirmed 4,203 validated peptides, with a median length of 18–24 amino 

acids (Fig. 6B, Supplementary Table S11), establishing their identity as bona fide small 

peptides. Most of these validated peptides (4,142) originated from protein-coding genes, with 

smaller subsets derived from antisense lncRNAs (414 peptides) and intergenic lncRNAs (36 

peptides) (Fig. 6C). This distribution reveals predominance of peptide-encoding potential in 

antisense lncRNAs relative to intergenic lncRNAs. Furthermore, 61 peptides were identified 

as shared between protein-coding genes and antisense lncRNAs, while intergenic lncRNAs 

showed no such overlap with other transcript types. These findings suggest that the shared 

peptides may have dual functions in both coding and non-coding regulatory contexts. Overall, 

the results further support the translational capacity of lncRNAs, particularly antisense 

lncRNAs, emphasizing their contribution as a source of functional small peptides. 

 

Intergenic lncRNAs show positional conservation and structural retention despite 

sequence divergence in Brassicaceae 

To explore the evolutionary relationships of intergenic lncRNAs identified in A. thaliana in 

this study with those cataloged in the PLncDB database [22] for Eutrema salsugineum, Capsella 

rubella, Arabidopsis lyrata, and Brassica rapa, we conducted a comparative analysis, excluding 

antisense lncRNAs due to their partial overlap with protein-coding genes. Building on 

methodologies described by [53], we employed three strategies to understand potential 

interrelationships: sequence homology, secondary structure similarity, and synteny analysis (Fig. 

7). 

 

Fig. 7. Assessment of evolutionary relationships among intergenic lncRNAs across Brassicaceae 

species. (A) Venn diagrams depict the number of classified lncRNA families (left) and their 

members (right) across species based on BLAST, secondary structure, and synteny 

classifications. (B) A consensus circos plot illustrates pairwise syntenic relationships of lncRNAs 

among the species. 
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First, we identified one-to-one best reciprocal BLAST hits between each pair of species 

and applied a clustering approach to integrate pairwise comparisons, defining lncRNA families 

across species. As anticipated, this analysis revealed a limited number of conserved lncRNA 

families (n = 403), encompassing 2,233 lncRNAs (Fig. 7A, Supplementary Table S12), consistent 

with the well-documented pattern of low sequence conservation and substantial species 

divergence among lncRNAs. Second, we assessed structural similarities using the Beagle 

software, which performs pairwise alignments of secondary structures. This approach classified 

3,135 lncRNAs into 756 structural families (Fig. 7A, Supplementary Table S12). These findings 

align with recent observations in Brassicaceae, suggesting the presence of conserved structural 

motifs with potential biological relevance [66]. However, the observed structural similarity may 

reflect either heightened evolutionary constraints or limitations in the specificity of the Beagle 

alignment method, necessitating caution in interpreting these results, as secondary structure 

alignments lack sufficient specificity for robust evolutionary inferences [59]. Third, we performed 

a synteny analysis using a validated methodology from [53] to identify evolutionarily related 

lncRNAs. This approach uncovered a substantially larger number of syntenic lncRNAs (n = 7,149) 

compared to the sequence homology and structural analyses, although fewer lncRNAs were 

shared across all five Brassicaceae species than in the structural analysis (Fig. 7A–B, 

Supplementary Table S12). Nevertheless, 66 families were common to all five species, which was 

the highest number among the three methods and represented 16.8% of annotated A. thaliana 

lncRNAs. This method, overall, reveals clear syntenic relationships among Brassicaceae species, 

particularly among those with closer evolutionary ties (Fig. 7B).  

To further investigate potential functional or evolutionary relatedness, we examined 

syntenic families for conserved sequence motifs shared among transcripts within a family. Motif 

discovery using MEME identified 250 families with conserved motifs, while an independent graph-

based approach implemented in lncLOOM detected 329 families with shared motifs. Comparative 

analysis of these results revealed 204 lncRNA families with conserved sequence motifs identified 

by both tools (Supplementary Table S13s). This observation is consistent with prior reports 

documenting short conserved sequences within lncRNAs [66]. 

Collectively, these findings indicate that most intergenic lncRNAs are species-specific, 

exhibiting considerable evolutionary divergence across Brassicaceae species, yet retaining a 

limited capacity for sequence conservation, as evidenced by the presence of short, conserved 

motifs within syntenic lncRNAs.  
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Discussion 

 Over the past decade, lncRNAs have emerged as critical regulators of gene expression, 

genome organization, and chromatin stability in plants and other eukaryotes. Our integrated 

analysis of over 700 stranded RNA-seq datasets renders a comprehensive A. thaliana lncRNA 

catalog (including antisense and intergenic lncRNAs) with a broad range of annotations, shedding 

new light on their global properties and testing or generalizing prior hypotheses. Nevertheless, 

our collection of lncRNAs is by no means exhaustive, as typical RNA-seq inevitably misses many 

actively transcribed but rapidly degraded transcripts. Future studies employing nascent RNA 

sequencing approaches (e.g., GRO-seq, plaNET-seq) or nuclear RNA degradation mutants (e.g., 

Arabidopsis exosome mutants) will be essential to achieve a more complete representation of the 

lncRNA transcriptome. In this study, we broadened the lncRNA repertoire in the A. thaliana 

catalog, not only complements previous genome-wide annotation efforts [10, 24, 25, 67] but also 

uncovers numerous genomic regions previously unidentified as lncRNA-producing loci. Another 

important observation is that lncRNAs identified in our study, as well as in others, show limited 

overlap with existing databases and previous catalogs. This points to the need for strategically 

consolidating these diverse data into a unified repository, like the approach taken for human 

lncRNA collections over the years. Such integration and additional experimental evidence would 

unify fragmented annotations, ensuring a comprehensive lncRNA repository. 

Consistent with earlier findings, we observe features (such as reduced length, decreased 

GC content, and increased sequence variability) that are indicative of relaxed selective pressure 

and rapid evolutionary divergence [69, 71–74]. These characteristics correlate with tissue-specific 

expression, emphasizing the role of lncRNAs in precise regulatory mechanisms. For instance, the 

depletion of intergenic lncRNAs in fruit likely reflects maturation-linked transcriptional 

reprogramming, where chromatin compaction and hormone-driven pathways transiently suppress 

their activation. It would be interesting to study these lncRNAs as these might be involved in 

regulatory shifts during fruit maturation, potentially modulating mechanisms tied to cell expansion 

or hormone signaling (e.g., auxin, ethylene) [75]. This specificity, also seen across plant species 

[76], reinforces the context-dependent role of lncRNAs, though low expression levels may inflate 

perceived specificity. Still, differentiating genuine regulatory specificity from effects caused by low 

transcript detectability remains a significant challenge. 
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Unlike protein-coding genes, lncRNAs contain repetitive sequences, particularly in 

intergenic regions for regulatory functions [77, 78]. A substantial fraction of lncRNA loci contain 

TE-derived fragments, with intergenic loci exhibiting a mild yet broader diversity of TEs compared 

to antisense or coding loci. The selective retention of TEs in noncoding regions acts as an 

evolutionary strategy, enabling these regions to acquire regulatory functions while preserving 

transcriptional stability, supporting evidence that TEs influence lncRNA biogenesis, stability, and 

function [79]. These TE-derived patches, often short motifs that do not fully match annotated TEs, 

are especially prevalent in intergenic lncRNAs, suggesting they are not trivial remnants but active 

players in genome dynamics. Such sequences appear to guide epigenetic modifications, 

repressing gene expression or compacting chromatin, a role amplified by their TE-like signatures 

that may recruit silencing machinery, as supported by [25] and consistent with  frequent TE origins 

in intergenic regions [80, 81]. The relationship between lncRNAs and TEs complicates efforts to 

distinguish them, yet it suggests a compelling possibility: embedded TE elements may serve as 

regulatory switches that link lncRNA activity to the epigenetic landscape, influencing expression 

variability and genome organization. 

Our findings reveal distinct epigenetic landscapes of lncRNAs, indicating their specialized 

regulatory roles compared to protein-coding genes. In intergenic lncRNAs, elevated CHG and 

CHH methylation likely enforces repressive chromatin, whereas antisense lncRNAs maintain CG 

and non-CG methylation reminiscent of protein-coding genes, suggesting these loci retain a more 

accessible chromatin state conducive to transcription despite overlapping units. The relationship 

between DNA methylation and expression is generally negative, particularly in gene bodies [24], 

and our data also suggest that high methylation levels correlate with low lncRNA expression. 

Although our data provides hints to methylation-mediated regulation, additional research that 

combines promoter architecture analysis, as shown by [82], methylation and expression studies 

will be essential to establish more definitive conclusions regarding lncRNA regulation. Besides 

this, additional evidence from our study shows that lncRNAs carry both activating and repressive 

histone marks, and class-specific correlations position them along a continuum from permissive 

to constrained chromatin states, indicating a direct role in establishing or maintaining 

heterochromatin architecture. 

Our study builds on previous findings by demonstrating how lncRNAs actively participate 

in shaping the RdDM pathway, beyond merely being passive transcriptional byproducts. We find 

that RdDM depends on Pol V, which our data reveal targets lncRNA loci, occupying increasingly 

at intergenic regions. The  recruitment of Pol V, AGO4, and Pol V-associated sRNAs at intergenic 
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lncRNAs suggests a sequential mechanism, where Pol V transcripts facilitate AGO4 binding and 

siRNA-guided DNA methylation [83, 84]. The co-enrichment of chromatin remodelers such as 

HDA6 and LDL1 further implicates chromatin modifications in RdDM regulation [43], although we 

found no convincing evidence for a connection with SPT6L. Previous research [64] reported that 

Pol V transcripts are generally non-polyadenylated; however, we observed that only around 4% 

of non-polyadenylated transcripts are directly transcribed by Pol V. Nonetheless, this finding 

aligns with Pol V’s role in generating lncRNAs that guide the methylation machinery [64, 84].  

Our data also paint a clear picture of R-loops tied to lncRNAs, revealing transcriptional 

patterns that differ from protein-coding genes and vary between lncRNA types. Intergenic 

lncRNAs form prominent R-loops at TES that may facilitate Pol V engagement and chromatin 

remodeling to support RdDM, with antisense lncRNAs displaying weaker, diffuse R-loops likely 

due to transcriptional interference from overlapping coding sequences. These differences cast R-

loops as active players shaped by genomic context and align with evidence that R-loop-

associated lncRNAs influence epigenetic regulation in plants [85]. Given that R-loop structures 

have been proposed to recruit or stabilize RdDM components, this invites further investigation 

into how R-loops may serve as intermediates linking lncRNA transcription to locus-specific DNA 

methylation. 

 Certain lncRNAs act as ceRNAs, interacting with miRNAs like miR859 to regulate F-box 

mRNA levels, as validated by degradome sequencing. Specific lncRNA genes seem to harbor 

sRNAs that are biologically processed into shorter functional RNAs such as microRNAs (such as 

miR166 and miR172 via DCL1 cleavage) for post-transcriptional silencing in Arabidopsis [86–88]. 

Beyond miRNAs, other sRNAs emerge from distinct biogenesis routes, including tasiRNAs and 

phasiRNAs from miRNA-triggered lncRNAs, both shaping regulatory outcomes [89, 90]. In 

addition to this, the observation of widespread co-localization of lncRNA-associated sRNAs, 

AGO4-bound siRNAs, and Pol V transcripts, reinforcing the central role of lncRNAs in RdDM [91]. 

The identification of Pol IV-independent Pol V regions further suggests that some lncRNAs 

facilitate RdDM without Pol IV-derived siRNAs [92]. Altogether, these collectively support a refined 

view of RdDM, where lncRNAs act as central regulatory nodes integrating transcriptional, siRNA-

mediated, and chromatin-based silencing mechanism. 

To manage environmental stress, plants have developed specialized gene regulatory 

mechanisms, including the activity of antisense lncRNAs. Our findings indicate that antisense 

lncRNAs dominantly drive cis-chromatin interactions, possibly aligning with local regulatory roles 

[93]. These interactions shift under stress conditions, inducing stress-responsive functions.  The 
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presence of motifs  (such as ERF and DOF) within lncRNA  loci suggests that stress-induced 

transcription factors may be recruited through antisense transcriptional activity [94]. Such 

evidence also supports the emerging view that antisense transcription acts as an activating 

regulatory layer in stress responses [95, 96]. Nevertheless, predicted triplexes hint at additional 

chromatin interactions, but their functional relevance awaits validation. 

Determining the functional roles of lncRNA genes in phenotypes remains a major 

challenge, with few cases directly linked to observable effects. The observed lncRNA–trait 

associations based on colocalization of GWAS and QTL signals indicate that most traits are 

majorly influenced by intergenic or antisense lncRNAs, with some traits affected by both. This 

imply that lncRNAs may influence phenotypic variation either independently or through 

coordinated regulation with their cognate genes, as seen in examples such as asCOOLAIR–FLC 

(affects flowering time) [97], and asDOG1–DOG1 (controls seed dormancy) [98]. 

 Emerging evidence indicates that lncRNA loci can produce small peptides, and 

identification of lncRNA-derived peptides from this catalog supports their role as a functional 

reservoir, consistent with translational activity reported in other plant species [99, 100]. LncRNAs 

regulate epigenetic and stress responses, and the presence of peptide-coding potential, 

especially in antisense lncRNAs, points to dual functionality in regulation and translation, 

broadening their evolutionary scope.  

This study further compiles an extensive catalog of conserved intergenic lncRNA families 

across Brassicaceae, establishing a resource aimed to advance investigations into the lncRNA 

evolution. The rapid sequence turnover of lncRNAs has long confounded comparative analyses; 

however, our findings reiterate that the synteny-based method provides the most reliable 

framework for identifying conserved lncRNAs, outperforming sequence or structural similarity.  

Despite the divergence among Brassicaceae genomes, syntenic lncRNAs retain short, conserved 

motifs, affirming genomic position as the key determinant of evolutionary retention [101]. This 

supports the “RNA modular code” hypothesis, in which conserved sequence modules form 

specific structural or interaction domains, while surrounding regions evolve rapidly [102, 103]. 

Such a modular organization may enable functional persistence even as primary sequences 

diverge. 

The evolutionary lability of lncRNAs raises a central question: how is functional 

conservation maintained amid rapid sequence turnover? This turnover appears largely driven by 

TE insertions, gene duplications, and pseudogenization events that generate new transcripts 

while eroding detectable sequence homology [104, 105]. Yet, synteny comparisons indicate that 

ACCEPTED MANUSCRIPTARTICLE IN PRESS

https://www.zotero.org/google-docs/?v6Q9Uk
https://www.zotero.org/google-docs/?79oCJT
https://www.zotero.org/google-docs/?XrPm07
https://www.zotero.org/google-docs/?xLSv7u
https://www.zotero.org/google-docs/?iMZH5y
https://www.zotero.org/google-docs/?KlW38N
https://www.zotero.org/google-docs/?KSm7il
https://www.zotero.org/google-docs/?IxDZi2


ARTIC
LE

 IN
 PR

ES
S

transcriptional activity at conserved loci is often preserved, and the retained motifs within these 

lncRNAs may safeguard essential molecular interfaces. Known examples such as IPS1 [106], 

ENOD40 [108] and COOLAIR [109], HID1 [107] demonstrate that functional conservation can 

persist through shared molecular mechanisms rather than sequence similarity. Thus, lncRNA 

conservation reflects the maintenance of functionally critical modules within evolving genomic 

contexts, reframing the central question from whether these conserved lncRNAs are functional to 

how their specific roles are preserved across evolution. 

Structural analyses further suggest evolutionary constraints on RNA folding, although the 

limitations of secondary structure alignments temper the strength of these evolutionary 

inferences. Nevertheless, the presence of conserved structural features in certain lncRNAs [108–

110] suggests that RNA folding may underpin stable, functionally critical interactions. The model 

of intergenic lncRNA evolution we propose, alongside our catalog of conserved lncRNAs, lays the 

groundwork for future efforts to validate and elucidate their functional contributions. 

The functional significance and the precise number of genuine lncRNAs in plants remain 

debated. We propose expanding lncRNA annotation efforts in A. thaliana and other plant species 

by leveraging comprehensive RNA-seq datasets, multi-omic profiles, native-state sequencing, 

RNA polymerase IV/V-dependent transcription studies, and long-read sequencing technologies 

to better understand lncRNA functions. As sequencing efforts increasingly target lncRNAs, our 

work provides a foundation for refining their annotations, expression patterns, and functional 

roles, thereby elucidating their contributions to plant genome regulation. 

 

 

Conclusion 

 This investigation presents a comprehensive atlas of lncRNAs in A. thaliana, assembled 

by integrating strand-specific RNA-seq data with diverse multi-omics resources. Extending 

beyond mere enumeration, our approach aimed at detailed functional annotations that illuminate 

the regulatory roles of these transcripts. We report lncRNA associations with TEs, DNA 

methylation, and histone modifications, alongside ties to features such as Pol II/IV/V occupancy, 

R-loops, and RdDM pathway involvement. We uncovered lncRNAs encoding small peptides and 

others linked to phenotypic traits, reinstating the regulatory potency of these transcripts. A part of 

conserved lncRNAs, marked by shared sequence motifs, spanned Brassicaceae species, 

implying selective pressures on their roles. Overall, we envision this resource as a reference for 

dissecting the intricate contributions of lncRNAs to plant development and adaptation, guiding 

broader lncRNA research. 
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ACR Accessible Chromatin Region 

AGO4 Argonaute 4 

ATAC seq – Assay for Transposase-Accessible Chromatin using Sequencing 

BHLH Basic Helix-Loop-Helix 

BLAST Basic Local Alignment Search Tool 

BWA Burrows–Wheeler Aligner 

BZIP Basic Leucine Zipper 

ceRNA Competing Endogenous RNA 

ChIP-seq Chromatin Immunoprecipitation Sequencing 

eQTL Expression Quantitative Trait Locus 

ERF Ethylene Response Factor 

FPKM Fragments per Kilobase of transcript per Million mapped reads 

GRID-seq Global RNA Interactions with DNA by Sequencing 

GRO-seq Global Run-On Sequencing 

GWAS Genome-Wide Association Study 

H2Bub Histone H2B Monoubiquitination 

H3K4me3 Histone H3 Lysine 4 Trimethylation 

H3K27ac Histone H3 Lysine 27 Acetylation 

H3K36me3 Histone H3 Lysine 36 Trimethylation 

HDA6 Histone Deacetylase 6 

LINE Long Interspersed Nuclear Element 

lncRNA Long Non-Coding RNA 

LTR Long Terminal Repeat 

miRNA MicroRNA 

mRNA Messenger RNA 
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NRPE1 Nuclear RNA Polymerase E1 (Pol V Subunit) 

ONT Oxford Nanopore Technologies 

ORF Open Reading Frame 

PCC Pearson Correlation Coefficient 

phasiRNA Phased Secondary Small Interfering RNA 

Pol II Polymerase II 

Pol IV Polymerase IV 

Pol V Polymerase V 

PTS Potential Triplex-Forming Sequence 

QTL Quantitative Trait Locus 

RdDM RNA-Directed DNA Methylation 

RIP-seq RNA Immunoprecipitation Sequencing 

R-loop RNA:DNA Hybrid Structure 

ssDRIP-seq Single-Strand DNA Ligation from DNA:RNA Hybrid Immunoprecipitation 

Sequencing 

SINE Short Interspersed Nuclear Element 

SNP Single Nucleotide Polymorphism 

sORF Small Open Reading Frame 

SRA Sequence Read Archive 

tasiRNA Trans-acting Small Interfering RNA 

TE Transposable Element 

TFBM Transcription Factor Binding Motif 

TPM Transcripts Per Million 

TSS Transcription Start Site 

TES Transcription End Site 

WGBS Whole-Genome Bisulfite Sequencing 
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