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Abstract

RNA sequencing (RNA-seq) technologies enable comprehensive transcriptomic profiling, yet systematic comparisons using identical biological
samples remain limited. Here, we performed a multi-faceted comparison of long-read (PacBio) and short-read (lllumina) RNA-seq using the same
RNA from peripheral blood cells of four healthy donors. Unlike prior studies that aggregate datasets from different sources, this study evaluates
platform-dependent performance across gene expression, transcript variants, fusion genes, primary microRNAs (pri-miRNAs), and immune
receptor complementarity-determining region 3 (CDR3) regions using widely available software, highlighting both reproducibility and accessibility.
Long-read sequencing outperformed short-read sequencing in detecting complex alternative splicing events, novel transcript isoforms, and full-
length immune receptor sequences, particularly immunoglobulin heavy chains, enhancing clonotype resolution. Both platforms captured largely
overlapping pri-miRNAs and CDR3 sequences, but each also detected unique elements, demonstrating that total RNA can serve as a proxy for
these specialized features when dedicated kits are not used. Short-read sequencing retained superior quantification accuracy for highly expressed
genes and stronger concordance with microarray data. Collectively, our findings reveal the complementary strengths of long- and short-read
RNA-seq and provide a practical framework for systematic, side-by-side comparison of transcriptomic features, emphasizing the benefits of
using the same input material and standard analysis pipelines.
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Introduction most studies have relied on short-read sequencing due to
RNA sequencing (RNA-seq) has revolutionized transcrip-  its high accuracy, cost-effectiveness, and mature analyti-
tomic analysis by enabling high-throughput profiling of gene  cal pipelines [1], such approaches inherently struggle with
expression, transcript variants, and immune repertoires. While  reconstructing full-length transcripts, identifying complex
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splicing events, and detecting long non-coding RNAs (IncR-
NAs) or fusion transcripts. Recent advances in long-read se-
quencing, including platforms from Oxford Nanopore Tech-
nologies (ONT) and Pacific Biosciences (PacBio), have over-
come some of these limitations and enabled more complete
characterization of transcriptomes [2]. However, despite these
technological advances, few studies have directly and com-
prehensively compared long- and short-read RNA-seq across
multiple transcriptomic dimensions using identical biolog-
ical samples. Moreover, no prior work to our knowledge
has simultaneously examined not only gene expression but
also isoform diversity, IncRNAs, fusion transcripts, microR-
NAs, and immune receptor repertoires that were all derived
from matched patient samples. Several recent studies have ad-
dressed the capabilities of long-read sequencing in specific bio-
logical contexts. For example, Inamo et al. systematically pro-
filed 29 sorted immune cell subsets using both long- and short-
read RNA-seq to reveal disease-associated isoforms, but did
not perform comparisons using the same RNA input across
platforms [3]. Similarly, the ENCODE4 project applied long-
and short-read RNA-seq to diverse human and mouse tis-
sues to generate transcriptomic annotations, but the sam-
ples were not matched between technologies [4]. Recent work
benchmarked long-read RNA-seq protocols for sensitivity and
quantification accuracy yet focused on method comparison
rather than biological sample consistency [5]. These studies
underscore the power of long-read sequencing but fall short
of providing a unified, within-sample performance evaluation
across multiple RNA classes.

ONT employs nanopore-based sequencing that captures
electrical current changes as nucleic acid strands pass through
protein nanopores [2]. While this enables ultra-long reads
that are useful in resolving repetitive or complex genomic
regions [6], it is also susceptible to high base-calling er-
ror rates due to noisy signal profiles [7]. PacBio’s single-
molecule, real-time (SMRT) sequencing, on the other hand,
uses zero-mode waveguides (ZMWs) and fluorescently la-
beled nucleotides to achieve highly accurate long reads
through circular consensus sequencing (CCS) [8]. Although
PacBio is more expensive and requires specialized bioinfor-
matics tools such as Iso-Seq3 and TAMA [9-11], it pro-
vides an optimal balance between read length and base ac-
curacy for full-length transcript identification. Recent work
has applied long-read RNA-seq to study diverse transcrip-
tomic features such as circular RNAs [12], neurodevelopmen-
tal isoforms [13, 14], and integration with single-cell RNA-
seq datasets [15-17]. A major benchmark study (SG-NEx)
showed that both ONT and PacBio outperform short-read
protocols in isoform and splice-junction detection [2, 18].
However, these studies typically focus on individual transcrip-
tomic features or cell types and do not offer a unified evalu-
ation across multiple RNA species from matched biological
samples.

In this study, we present a systematic comparison of long-
read (PacBio) and short-read (Illumina) RNA-seq using blood
cells obtained from the same individuals. We analyzed gene ex-
pression, transcript isoforms, IncRNAs, fusion genes, primary
microRNAs (pri-miRNAs), and immune receptor repertoires,
including CDR3 sequences. This integrative analysis offers a
unique opportunity to benchmark the relative performance of
long- and short-read technologies across a wide spectrum of
transcriptomic features. Our findings reveal the complemen-
tary strengths of both platforms and emphasize the added

value of long-read sequencing in capturing biologically rele-
vant transcript diversity.

Materials and methods

RNA acquisition and processing

Long-read RNA-seq was performed using blood-derived
RNA, and the raw data were shared with a related study [19].
In brief, total RNA was extracted from PAXgene blood RNA
samples from four participants (males: 7 = 2; females: n = 2),
who visited the Public Central Hospital of Matto Ishikawa for
medical examinations in 2016, as previously described [20].
High-quality RNA (RIN > 7) was reverse transcribed and
amplified using the Iso-Seq Express 2.0 kit (PacBio, Menlo
Park, CA, USA). Library quantification showed consistent
c¢DNA input amounts (187-262 ng) and library concentra-
tions (2.9-4.0 nM), and sequencing was performed on the Se-
quel Ile instrument using the DNA Binding Kit v3.1 with a
2 h pre-extension and a 24 h movie time, following PacBio-
recommended conditions. Quality control metrics for long-
read libraries and sequencing were obtained from the SMRT
Link and laboratory QC reports. All four samples yielded sta-
ble HiFi read outputs (8.98-9.56 Gb per sample), with high
P1 percentages (88.8%-95.4%), indicating excellent HiFi pu-
rity across runs. MultiNA and smear analyses demonstrated
broad fragment distributions ranging from 500 to 11 000 bp,
with sharp peaks centered ~2 kb for all samples (2163, 2106,
2268, and 2143 bp). These profiles confirm that the Iso-Seq
libraries captured full-length transcripts with minimal short-
fragment over-representation. The same RNA aliquots were
used for both long- and short-read RNA library prepara-
tion. Detailed methods for the short-read RNA-seq library
preparation, sequencing, and analysis are described below. Li-
brary preparation was performed by DNA Chip Research Inc.
(Tokyo, Japan) using the NEBNext Ultra II RNA Directional
Library Prep Kit for Illumina (New England Biolabs, Ipswich,
MA, USA). The libraries were sequenced on a NextSeq plat-
form (Illumina, San Diego, CA, USA) at the Kazusa DNA Re-
search Institute (Chiba, Japan). Short-read RNA-seq was per-
formed using single-end 76-bp reads [19]. Two libraries were
sequenced across multiple lanes, and the reads from differ-
ent lanes were merged for downstream analyses, resulting in
a total of 28 043 629 and 25 929 399 reads, respectively. The
other two libraries were sequenced on a single lane, yield-
ing 160496176 and 162249 399 reads, respectively. Exter-
nal RNA spike-in controls such as ERCC standards were not
included in the library preparation for either long-read or
short-read RNA-seq. Because identical RNA aliquots were
used for both platforms and downstream analyses relied on
internal normalization methods (e.g. DESeq2 size-factor nor-
malization), platform comparisons were performed without
external spike-in-based calibration. The study protocol was
approved by the review committees of Kanazawa University
(Human Genome and Genetic Analysis Committee; proto-
col number: 2015-007; https://www.med.kanazawa-u.ac.jp/
staff/ethics/genome/index.html) and by the Matto Ishikawa
Public Central Hospital. The principles of the Declaration
of Helsinki were followed during the study, and the obser-
vational study was registered with the University Hospital
Medical Information Network (UMIN; Clinical Trials Reg-
istry, no.: UMIN000051647). In the present study, we utilized
long-read RNA-seq data derived from four clinically healthy


https://www.med.kanazawa-u.ac.jp/staff/ethics/genome/index.html

individuals. These four participants were selected from a co-
hort of 61 health-check examinees based on the absence of
clinical abnormalities [20], and their long-read RNA-seq data
had been previously published [19].

Data analysis and visualization

The obtained raw data (PacBio long-read: BAM and BAI files;
[llumina short-read: FASTQ files) were imported into CLC
Genomics Workbench (version 25.0.1; QIAGEN, Hilden, Ger-
many) for downstream analysis [21]. In both datasets, se-
quence quality was first assessed using the “Prepare Se-
quencing Reads” and “QC for Sequencing Reads2” tools
with default setting. Adapter trimming and quality filtering
were subsequently performed using the “Trim Reads” tool,
which removed platform-specific adapters and low-quality se-
quences. For short-read RNA-seq, analysis was conducted us-
ing the “RNA-Seq Analysis workflow,” which incorporates
splice-aware mapping algorithms comparable to STAR, en-
abling accurate quantification of gene expression and iden-
tification of exon—exon junctions. Sequence alignment was
performed which employs a splice-aware alignment algo-
rithm functionally comparable to STAR. While CLC’s inter-
nal aligner is proprietary and implemented in Java, its per-
formance has been benchmarked to yield gene quantifica-
tion results consistent with STAR and other standard align-
ers [22]. For long-read RNA-seq, the “RNA-Seq Analysis
for Long Reads” module was applied, optimized for full-
length transcript detection and isoform-level resolution, in-
cluding improved capture of exon connectivity. Sequence
reads from both platforms were mapped to the complete
human telomere-to-telomere (T2T) reference genome (T2T-
CHM13v2.0, GCA_009914755.4, Jan 24, 2022). Mapping
statistics, including total reads, mapping rates, gene and exon
coverage, exon—exon junction detection, and intergenic read
proportions, are summarized in Supplementary Table S1. No-
tably, long-read RNA sequencing captured a higher propor-
tion of exon-exon junctions compared to short-read data,
highlighting its superior capability to identify full-length splice
variants and complex transcript isoforms.

Transcriptomic data (TPM values) derived from long- and
short-read RNA-seq were analyzed using R (v4.3.2) and RStu-
dio (v2025.05.1 + 524) with default setting. All statistical
analyses and data visualization were conducted in R with stan-
dard packages, including dplyr, ggplot2, ggrepel, pheatmap,
and clusterProfiler. Transcriptomic data (TPM values) derived
from long- and short-read RNA-seq were analyzed using R
(v4.3.2) and RStudio (v2025.05.1 + 524) with default set-
ting. All statistical analyses and data visualization were con-
ducted in R with standard packages, including dplyr, ggplot2,
ggrepel, pheatmap, and clusterProfiler. TPM values were used
solely for visualization purposes (e.g. volcano plots, heatmaps,
and rank-based analyses), as TPM enables intuitive compari-
son of expression magnitudes across genes; TPM values were
not used for statistical inference. For differential gene ex-
pression analysis, raw count data were analyzed using DE-
Seq2 (v1.40.2) with a paired design, treating donor iden-
tity as a blocking factor and sequencing platform (long-read
versus short-read) as the primary variable. Differentially ex-
pressed genes (DEGs) were defined as those with adjusted
P-value < 0.05 and |log2 fold change| > 1. Long-specific
genes, short-specific genes, and common genes were defined
based on DESeq2 results (long > short, short > long, or
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adjusted P > 0.05, respectively). Volcano plots were gener-
ated using ggplot2 and ggrepel based on TPM-derived fold
changes for visualization, with threshold lines set at log2FC
= =+ 2 and P-value = 0.01 [-log10(P) = 2]. These thresh-
olds were used only for visual display and not for statisti-
cal significance assessment. Residual analysis was also per-
formed to evaluate consistency and dispersion of gene ex-
pression differences across samples and plotted to assess out-
liers or unexplained variance between conditions. MA plots
(mean-average plots) were generated to visualize the relation-
ship between the average gene expression level and the mag-
nitude of expression change (log, fold change) between long-
and short-read groups. Heatmaps were generated using the
pheatmap package based on log10-transformed TPM values
(+1 pseudocount). Row-wise Z-score normalization was ap-
plied to highlight gene-specific variation. Hierarchical clus-
tering was performed using correlation-based distance and
the Ward.D2 linkage method. Heatmaps were used to visu-
alize global expression patterns across long- and short-read
samples. Gene symbols were converted to Entrez IDs using
the bitr function from the clusterProfiler package and the
org.Hs.eg.db annotation database. Gene ontology (GO) en-
richment analysis was conducted for biological process (BP),
cellular component (CC), and molecular function (MF) terms
using enrichGO. KEGG pathway enrichment was performed
using enrichKEGG (organism = “hsa”, P-value < 0.05). All
GO and (KEGG) enrichment analyses were performed using
gene sets defined by DESeq2. To further benchmark the RNA-
seq platforms against an established profiling technology, we
incorporated microarray data obtained from the same blood
samples [20]. Rank-based analyses were also performed to
assess concordance between RNA-seq data and microarray
data. Genes were ranked by expression level within each plat-
form, and absolute rank differences between RNA-seq (long-
read or short-read) and microarray were computed. Boxplots
were used to visualize the dispersion of rank differences, while
scatter plots of RNA-seq rank versus microarray rank were
used to assess overall concordance and identify systematic bi-
ases. Additionally, ranked log fold-change plots were created
to display the distribution of gene-wise expression differences
[logqo(Long) — logio(Short)] across genes ordered by rank.

Transcript discovery and classification

Transcript discovery was performed using the QTAGEN CLC
Genomics Workbench. The built-in “Transcript Discovery”
pipeline (version 25.0.1) was applied to both long- and short-
read RNA-seq datasets using default parameters. Reads were
aligned to the complete human T2T-CHM13v2.0 reference
genome. Default pipeline parameters were used for transcript
detection, and details of specific distance-based parameters
were applied to classify transcripts. The analysis generated
novel and unknown transcript isoforms, including gene as-
signments, transcription start and end sites, and splicing anno-
tations. Similar workflows have been applied in prior studies
to investigate isoform diversity in stem cells and to character-
ize previously unannotated transcripts in non-model organ-
isms [23]. For each sample, CLC identified transcript struc-
tures by assigning genomic coordinates (chromosome, start,
and end positions), transcript length, and gene names when
available. It also provided counts of total and spliced reads
for each transcript. CLC automatically classified unanno-
tated transcripts into two categories: “Unknown transcripts,”
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which lacked correspondence with any known gene models,
and “Novel spliced transcripts,” which represented new splice
variants inferred from the sequencing data. For each of these
transcript classes, we calculated the total number detected
in each sample and summarized the results across groups as
mean =+ standard error. Among the novel variants, we dis-
tinguished two forms: (i) transcripts assigned to known gene
names but located at novel genomic positions, and (ii) tran-
scripts labeled as “Gene_X,” which represent de novo pre-
dictions without existing gene annotations. Classification into
Gene_X was determined based on structural criteria, includ-
ing gene merging and exon merging distances, which were set
at 50 and 100 bp, respectively. For each transcript class, the
total number detected in each sample was calculated and sum-
marized across groups as mean =+ standard error. It should
be noted that optional functional prediction analyses, such as
OREF detection or sequence conservation, were not performed
by the CLC pipeline and thus were not part of the classifi-
cation. This purely structural approach provides reproducible
and transparent definitions for novel transcript identification,
facilitating cross-platform and cross-sample comparisons.

Fusion transcript detection and comparative
analysis using FusionGDB2

Fusion transcript detection was performed using FusionGDB2
(ver. 2024-12), which contains 65 536 reference fusion genes.
Raw FASTQ files from both long- and short-read RNA-seq
datasets were processed to map reads to the FusionGDB2 ref-
erence [24]. Detected fusion transcripts were quantified based
on read counts normalized to the total number of mapped
reads in each sample, providing semi-quantitative expression
estimates. To compare platform-specific detection patterns,
the mapping rates and normalized expression levels of fusion
transcripts were calculated for each platform. For selected fu-
sion transcripts, visual inspection of read alignments was con-
ducted to confirm full-length coverage across fusion junctions.
Correlation analyses between transcript length and normal-
ized read counts were performed to assess potential biases in
detection efficiency. This approach enabled systematic com-
parison of long- and short-read RNA-seq platforms, highlight-
ing differences in fusion transcript capture and the advantages
of long-read sequencing for complex fusion events.

Detection of pri-miRNAs and microRNA network
analysis

Because the RNA libraries were generated using poly(A)-
selected total RNA, the microRNA (miRNA)-related reads
detected in this study predominantly represent polyadeny-
lated pri-miRNA transcripts rather than mature miRNAs.
Mature miRNAs were not efficiently captured by poly(A)-
based RNA-seq, and therefore we did not attempt to quan-
tify mature miRNA abundance directly. Instead, we treated
pri-miRNA detection as a semi-quantitative measure of tran-
scription at miRNA host loci. Furthermore, downstream
analyses involving mature miRNAs (e.g. target-gene in-
ference and enrichment analyses) were performed in an
annotation-based manner using miRBase and miRNet, which
link each pri-miRNA to its corresponding mature miR-
NAs. Thus, these analyses should be interpreted as ex-
ploratory, reflecting potential regulatory landscapes rather
than direct evidence of active miRNA-mediated regulation in

blood.

The detection of pri-miRNAs and downstream analyses
were conducted based on annotations from miRBase v22,
which includes 1115 human mature miRNAs and over 38 000
miRNAs from other organisms. For pri-miRNA detection,
all raw FASTQ reads from both long- and short-read RNA-
seq were directly mapped to the human pri-miRNA refer-
ence sequences obtained from miRBase v22, rather than re-
lying on the genome-based T2T mapping. This approach
allowed us to capture pri-miRNAs that may not be fully
represented in the T2T-CHM13v2.0 genome annotation. In
the CLC Genomics Workbench, short-read data can be pro-
cessed using the built-in “miRNA analysis” workflow op-
timized for small RNA-seq; however, this workflow is not
compatible with long-read sequencing data. Therefore, for
both platforms, read files were directly mapped against the
human pri-miRNA reference sequences (miRBase v22) us-
ing a minimap2-based alignment algorithm embedded in
CLC, ensuring consistent analysis across platforms while ac-
commodating the structural characteristics of long-read data
[25]. Detected pri-miRNAs were quantified based on read
counts relative to the total number of mapped reads, provid-
ing a semi-quantitative measure of expression. Detected pri-
miRNAs from each sequencing platform were then subjected
to network and functional analyses. miRNA-target gene in-
teractions were retrieved from the miRNet database (https:
/lwww.mirnet.ca/) by selecting human miRNAs using their
miRBase IDs. Experimentally validated target information
from miRTarBase v9.0 was integrated along with protein—
protein interaction (PPI) data and transcription factor-mature
miRNA (TF-miRNA) regulatory relationships. For each plat-
form (long-read and short-read) and for the commonly de-
tected set (common), the top-ranking miRNAs were identi-
fied based on the number of target genes. Shared target genes
among these top miRNAs were used to construct the corre-
sponding platform-specific miRNA-target gene subnetworks.
Network visualization was performed using graph-based lay-
out algorithms: miRNA nodes were colored red (long-read),
blue (short-read), or purple (common), while target gene
nodes were black. Both labeled and unlabeled versions of
the networks were created for interpretability. To further ex-
plore the functional architecture of miRNA-regulated genes,
PPI networks were constructed based on the target genes of
top miRNAs in each group. PPI information was sourced
from the STRING database and visualized in R using the
igraph and ggraph packages. Community detection was per-
formed using the Louvain algorithm, allowing identification
of modular structures and clustering patterns within the gene
networks. These analyses enabled a comprehensive compar-
ison of platform-specific miRNA regulatory landscapes and
highlighted the advantages of long-read sequencing in cap-
turing polyadenylated pri-miRNAs and their complex target
interactions.

TCR and BCR repertoire analysis using MiXCR

To evaluate the immunoreceptor repertoires from bulk RNA-
seq data, all raw FASTQ files from long- and short-read
RNA-seq datasets were analyzed using MiXCR (v4.3.2), a
widely used tool for profiling T- and B-cell receptor se-
quences from high-throughput sequencing data [26]. Anal-
yses were performed using default parameters, ensuring
that the same pipeline and settings were applied to both
platforms. This pipeline conducted alignment, clonotype
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assembly, and CDR3 annotation. Separate analyses were per-
formed for each of the immunoglobulin chains (IGH, IGK,
and IGL) and T-cell receptor (TCR) chains (TRA, TRB, TRD,
and TRG). Each resulting clones.tsv file was processed in R
using custom scripts. Read counts were normalized by the
total number of mapped reads in each sample to account
for differences in sequencing depth and minimize bias. Shan-
non and Simpson diversity indices were then calculated us-
ing the vegan package, providing semi-quantitative measures
of repertoire diversity. Gene pairing (e.g. IGHV-IGH] and
TRAV-TRA]) was visualized as heatmaps using ggplot2. Mo-
tif analysis of CDR3 sequences was performed with the ggse-
qlogo package in R, generating sequence logos separately
for nucleotide and amino acid sequences. For amino acid
motifs, residues were color-coded according to biochemical
properties (acidic, basic, hydrophobic, and polar). This ap-
proach allowed consistent and comparable characterization
of TCR and BCR repertoires across both long- and short-
read RNA-seq platforms, accounting for differences in se-
quencing depth and enabling downstream diversity and motif
analyses.

Statistical analysis

All analyses were performed using R (v4.3.2) and RStu-
dio (v2025.05.1 + 513) with standard packages including
dplyr, ggplot2, ggrepel, and pheatmap. For expression data
(TPM values) obtained from long- and short-read RNA-seq,
values were log-transformed (logjo or logy, as appropriate)
prior to comparison across platforms. Genome-wide differ-
ential expression was reanalyzed using raw count data with
DESeq2, which models count-based distributions and ap-
plies Benjamini—-Hochberg false discovery rate (FDR) correc-
tion. Genes with adjusted P-values (padj) < 0.05 and |log2
fold change| > 1 were considered significantly differentially
expressed. These DESeq2-derived DEGs were used for en-
richment analyses (Fig. 1G and Supplementary Fig. S1B).
For count-based comparisons, including the number of un-
known transcripts, novel spliced transcripts, or spliced-to-
total read ratios, data were analyzed without log trans-
formation. Group comparisons were conducted using one-
way ANOVA followed by Tukey’s post-hoc test, or Kruskal—-
Wallis’s rank-sum test when normality could not be assumed.
For comparisons between RNA-seq and microarray data,
rank-based analyses were performed to assess concordance.
Genes were ranked by expression level within each platform,
and absolute rank differences between RNA-seq (long-read
or short-read) and microarray were calculated. Scatter plots
of RNA-seq rank versus microarray rank and boxplots of
rank differences were used for visualization. Linear regres-
sion models were fitted to log-transformed expression val-
ues to estimate correlation coefficients (R?), but no statis-
tical significance tests were applied for these comparisons,
as these analyses were intended for exploratory visualiza-
tion of concordance. All read count-based metrics, includ-
ing TCR/BCR diversity indices and fusion transcript detec-
tion counts, were normalized to the total number of mapped
reads per sample to account for differences in sequencing
depth. Shannon and Simpson diversity indices for TCR and
BCR repertoires were calculated using the vegan package
in R.
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Results

Correlation and expression differences between
sequencing platforms

To evaluate transcriptomic consistency across sequenc-
ing platforms, we compared average TPM values obtained
from long- and short-read RNA-seq of blood cells from four
healthy individuals. Sequencing depth and exon-exon junc-
tion coverage are summarized in Supplementary Table S1. The
long-read data yielded ~7.6 million reads in total, whereas
the short-read platform generated an average of 138.2 million
reads per sample, totaling ~553 million reads, correspond-
ing to ~72-fold higher total read counts. A scatter plot of
all genes revealed a strong correlation in expression levels be-
tween the two platforms (R> = 0.771; Fig. 1A). Ranking genes
by average TPM within each platform and plotting these ranks
(logyo-transformed) against each other also showed high con-
cordance (R*> = 0.834; Fig. 1B), indicating that highly ex-
pressed genes were similarly ranked across platforms. To as-
sess whether long-read-specific high-expression genes were bi-
ased by gene length, we plotted their expression rank against
gene length (logio-transformed), revealing a negligible corre-
lation (R* = 0.016; Fig. 1C). These results suggest that gene
length had minimal impact on platform-specific detection. Ex-
pression differences were further visualized using an MA plot
(Fig. 1D), a rank plot (Supplementary Fig. S1A), and a volcano
plot (Fig. 1E). The number of genes more highly expressed
in long-read data (Y > 0) was 13092, compared to 5671 in
short-read data (Y < 0). No genes exhibited identical expres-
sion levels (Y = 0). Using a significance threshold of P < 0.01
and |logio fold change| > 2, we identified 1838 long-read-
specific genes, 821 short-read-specific genes, and 2018 com-
monly detected genes (significant but with low fold change).
Despite ~72-fold higher total read count in short-read se-
quencing, only 821 genes were uniquely detected by that
method, whereas 1838 were uniquely identified by long-read
sequencing. Notably, as shown in Supplementary Table S1,
the percentage of exon—exon junction reads, which was a
key indicator of transcript coverage, was substantially higher
in long-read data, even though total mapped and intergenic
read counts were comparable across platforms. This suggests
that long-read sequencing yields more informative reads per
molecule, enabling improved detection of structurally com-
plex or low-abundance transcripts that are often missed by
short-read protocols. Overall, long-read sequencing captured
a broader and deeper transcriptomic landscape, including
genes with higher expression levels, despite a lower overall
read count. To assess consistency across individuals by gener-
ating a heatmap of logjo-transformed TPM values (Fig. 1F).
In short-read data, samples S#1 and S#2 clustered separately
from S#3 and S#4, suggesting within-platform variability. In
contrast, long-read samples (L#1-L#4) formed a tight cluster,
indicating greater inter-individual consistency. Since the long-
and short-read libraries were prepared from the same RNA
samples at the same time, the observed differences are unlikely
to be solely due to sequencing depth. Short-read measure-
ments may be more susceptible to variability introduced dur-
ing library preparation, whereas long-read sequencing showed
more consistent transcript detection across individuals.

To evaluate the biological relevance of these platform-
specific gene sets, we performed GO enrichment analy-
sis using the differentially detected genes (Fig. 1G and
Supplementary Fig. S1B). Long-read-specific genes were
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Figure 1. Comparative transcriptome profiling using long- and short-read RNA-seq technologies. (A) Scatter plot showing the relationship between
average TPM values of genes detected by long- and short-read RNA-seq across all samples. Each point represents a gene. The red dotted line indicates
the linear regression fit, with the coefficient of determination (R?) displayed on the plot. (B) Scatter plot showing the correlation between gene
expression ranks derived from short-read and long-read RNA-seq data. Genes were ranked based on average TPM values in descending order within
each method, and logqp-transformed ranks were plotted on the x-axis (short-read) and y-axis (long-read). Each point represents a gene, with a red dotted
line indicating the linear regression fit. The R? quantifies the similarity in gene detection rankings between the two sequencing platforms. (C) Scatter
plot illustrating the association between gene expression rank and gene length for the top 1000 genes with higher expression in long-read RNA-seq
compared to short-read. The x-axis shows the logig-transformed rank of genes based on long-read expression, while the y-axis displays the
logo-transformed gene length (in base pairs). A red regression line with the R? is included to assess whether gene length influences the detection or
quantification of genes with elevated expression in long-read sequencing. (D) MA plot illustrating the average log10-transformed TPM (A) against the
logqo fold change (M) between long- and short-read datasets. Red indicates genes significantly upregulated in long-read data (P < 0.01, |logyo fold
change| > 2); blue indicates genes significantly upregulated in short-read data (P < 0.01, |logqo fold change| > 2); violet indicates genes with significant
P-value (P < 0.01) but low fold change (|logso fold change| < 2); and black indicates genes not significantly different (P > 0.01). The horizontal dashed line
indicates zero log fold change. (E) Volcano plot displaying log, fold change versus —logyg adjusted P-value for genes comparing long- and short-read data.
Genes significantly upregulated in long-read data (log, fold change > 2, adjusted P < 0.01) are shown as red circles; those upregulated in short-read as
blue circles; and genes common to both as violet circles (-2 < log, fold change < 2, adjusted P < 0.01), all with black borders and white fill. Threshold
lines for fold change and P-value significance are included as dashed lines. (F) Heatmap of logig-transformed TPM values for genes across short-read

(n = 4) and long-read (n = 4) RNA-seq samples from each patient. Each row represents a gene, and each column represents an individual sample. TPM
values were log-transformed (+1) and row-normalized (Z-score). Genes and samples were hierarchically clustered using correlation distance and the
Ward.D2 method. The color gradient reflects relative gene expression levels, ranging from blue (low expression) to red/purple (high expression). S#1 to
S#4 or L#1 to L#4 indicate short-read or long-read RNA samples from patients #1 to #4, respectively. (G) Dot plot showing Gene Ontology (GO)
Biological Process enrichment results for genes significantly differentially expressed between long- and short-read data (adjusted P-value < 0.05), as
determined by DESeq?2 paired differential analysis. Terms enriched in long-upregulated and short-upregulated genes are displayed, with dot size
indicating gene ratio and color representing adjusted P-value.



enriched for pathways related to immune and hematopoietic
differentiation, macroautophagy and proteolysis, endoplas-
mic reticulum stress responses, and other nutrient- or stress-
responsive processes. In contrast, short-read-specific genes
showed strong enrichment for mitochondrial organization,
oxidative phosphorylation, electron transport chain activity,
and ATP synthesis, reflecting core metabolic and respira-
tory functions. Genes that were not differentially expressed
between platforms were enriched for broader physiological
pathways, including ion transport and membrane potential
regulation (Supplementary Fig. S1B). These results highlight
complementary strengths of the two sequencing platforms in
capturing distinct functional layers of the blood transcrip-
tome.

Benchmarking long- and short-read RNA-seq
against microarray reference

To evaluate the reliability of expression rankings obtained
from long- and short-read RNA-seq, we compared the results
with microarray analysis performed on the same RNA sam-
ples [20]. Microarrays measure gene expression using short
oligonucleotide probes derived from established gene anno-
tations, allowing sensitive detection of known transcripts.
Although RNA-seq provides broader transcriptome cover-
age and the ability to detect novel isoforms, microarrays of-
ten show higher sensitivity for well-characterized or low-
abundance genes. These methodological characteristics ex-
plain why short-read RNA-seq, which also relies on short
fragments derived from poly(A)-selected transcripts, tends to
show stronger concordance with microarray profiles than
long-read RNA-seq. To confirm the hypothesis, a compari-
son of all genes commonly detected across long-read RNA-
seq, short-read RNA-seq, and microarray platforms, using
expression ranks (based on TPM or signal intensity) rather
than absolute values as shown in Fig. 2A. Correlation analy-
sis revealed that short-read RNA-seq exhibited a higher co-
efficient of determination (R? = 0.500) against microarray
data compared to long-read RNA-seq (R? = 0.396), indicat-
ing that short-read RNA-seq more closely reflects microarray
expression profiles. Figure 2B displays boxplots of the ab-
solute rank differences between RNA-seq platforms and mi-
croarray data. The results indicate that short-read RNA-seq
exhibits a slightly lower median absolute rank difference com-
pared to long-read RNA-seq, suggesting marginally higher
concordance in gene expression ranking. However, this obser-
vation likely reflects differences in gene coverage and detec-
tion sensitivity rather than fundamental discrepancies in mea-
surement accuracy. To further investigate these rank-based
relationships, we performed scaled rank correlation analy-
ses (Fig. 2C), which confirmed a similar degree of concor-
dance between the two RNA-seq platforms and microarray
data when controlling for gene set size and expression vari-
ability. These results demonstrate that both RNA-seq plat-
forms produce reproducible gene expression measurements
that broadly agree with microarray data, with short-read
RNA-seq showing a modest advantage in overall similarity.
In contrast, Supplementary Figure S2 presents a filtered sub-
set of genes selected based on expression thresholds (TPM >
2.0 for long-read RNA-seq, TPM > 0.2 for short-read RNA-
seq) and statistical significance (FDR < 0.05). These thresh-
olds were chosen to include only sufficiently expressed genes,
minimizing the influence of low-abundance transcripts and
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measurement noise. The selected criteria are intended as prac-
tical guidelines rather than strict cutoffs for platform com-
parison, providing representative gene sets for illustrative pur-
poses. Under these criteria, the number of genes detected by
long-read RNA-seq was markedly greater (5539 genes) than
that detected by short-read RNA-seq (1139 genes). This re-
sult may be interpreted as an advantage of long-read RNA-
seq in capturing a broader range of highly expressed genes.
However, this apparent superiority is primarily due to dif-
ferences in coverage depth and detection sensitivity between
platforms rather than a true biological difference. Therefore,
such filtered gene set comparisons carry inherent bias, and
the more comprehensive, unfiltered analysis shown in Fig. 2
provides a less biased and more appropriate assessment of
transcriptome-wide concordance. For unbiased platform-to-
platform comparison (Fig. 2), only genes detected in all three
datasets (long-read, short-read, and microarray) were used. In
contrast, Supplementary Figure S2 examines only the DEGs
identified between long- and short-read sequencing, and eval-
uates how these platform-specific gene sets relate to microar-
ray measurements. Taken together, these findings underscore
the complementary nature of long- and short-read RNA-seq
technologies. While short-read RNA-seq demonstrates closer
agreement with microarray data, likely due to similarities in
measurement principles such as probe-based detection and
shorter reads, long-read RNA-seq excels in capturing a wider
and more diverse set of transcripts, including full-length iso-
forms. Recognizing these technical differences is crucial for
accurate interpretation and integration of transcriptomic data
across platforms.

Comparative transcript discovery between long-
and short-read RNA-seq

To investigate differences in transcript discovery between se-
quencing platforms, we first examined the number of un-
known transcripts detected across four samples (Fig. 3A). For
this purpose, we employed the widely used CLC Genomics
transcript discovery tool to directly compare short- and long-
read datasets. By using a software accessible to all researchers,
we aimed to obtain objective and reproducible results. To
avoid potential confusion, we first define the key transcript
categories used in this chapter. “Unknown transcripts” refer
to transcript clusters not annotated in current gene models
(based on the T2T-CHM13 reference), “Gene_X” denotes a
subset of unknown transcripts with identical start and end
coordinates, and “novel spliced transcripts” indicate newly
identified splicing events within known genes, where the com-
bination of existing exons or splice sites differs from the an-
notated models, resulting in new RNA variants. While short-
read RNA-seq identified a greater number of unknown tran-
scripts than long-read RNA-seq, this difference was not sta-
tistically significant (P = 0.33, Wilcoxon test). We then quan-
tified the number of unique genes associated with these un-
known transcripts in each sample, excluding platform-specific
gene clusters such as Gene_X (Fig. 3B). On average, short-
read RNA-seq detected a higher number of unique genes
with unknown transcripts (mean = 7764) compared to long-
read RNA-seq (mean = 6634), although the difference did
not reach statistical significance (P = 0.16, Wilcoxon rank-
sum test). To further explore potential differences in splic-
ing patterns, we calculated the mean ratio of spliced reads
to total reads (spliced/total) for known genes associated with
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Figure 2. Comparison of long-read, short-read, and microarray expression data. Expression data of genes commonly detected by all three platforms
(long-read RNA-seq, short-read RNA-seq, and microarray) were used for comprehensive comparisons including scatter plots, rank correlation plots,
scaled rank correlation plots, and boxplots. (A) Scatter plots comparing gene expression levels between RNA-seq and microarray platforms. The left
panel shows logqp-transformed expression values of long-read RNA-seq (x-axis) versus microarray (y-axis), and the right panel shows logsp-transformed
short-read RNA-seq (x-axis) versus microarray (y-axis). Each dot represents a gene detected in both datasets. Red dotted lines indicate the regression
line, and the coefficient of determination (R?) is annotated on each panel. (B) Rank correlation plots comparing the gene ranking (based on expression)
between RNA-seq and microarray datasets. The X-axis represents gene rank in the microarray data (from highest to lowest), and the y-axis shows the
corresponding rank in long-read (red) or short-read (blue) RNA-seq. Each dot represents a gene. Genes from short-read RNA-seq are more concentrated
in the lower rank region, while those from long-read RNA-seq are more widely dispersed, reflecting differences in concordance with the microarray
platform. (C) Scaled rank correlation plot, in which rank values for both RNA-seq and microarray were normalized between 0 and 1. This revealed
comparable variability between long- and short-read RNA-seq when the number of paired genes was adjusted. (D) Boxplots showing the absolute rank
differences between microarray and RNA-seq (long-read or short-read) for shared genes. The y-axis indicates the absolute difference in gene expression
rank compared to microarray data. Red and blue represent long- and short-read RNA-seq, respectively. The central line within each box represents the
median, while the box and whiskers indicate the interquartile range (IQR) and overall spread of the rank differences.

unknown transcripts (Fig. 3C). The spliced read ratio was sig-
nificantly higher in the long-read-specific group than in the
short-read-specific group (mean £ SEM: 0.67 £ 0.01 versus
0.64 £+ 0.01, P = 0.009, Tukey’s HSD test), supporting the
idea that long-read sequencing more effectively captures novel
splicing events. The shared group showed an intermediate ra-
tio (0.65 + 0.01), with no statistically significant differences
compared to either platform-specific group. We next focused
on transcript clusters (termed Gene_X) that were uniquely
identified by either long-read or short-read sequencing, de-
fined by identical start and end coordinates. No overlapping
genes were found between the two groups. The proportion
of spliced reads among total mapped reads was significantly
higher in the long-read group (Fig. 3D), suggesting more ef-
ficient capture of full-length spliced transcripts. To evaluate

the structural complexity of transcripts within uniquely de-
tected Gene_X regions, we quantified the number of tran-
script variants per Gene_X. Short-read-specific Gene_X re-
gions exhibited a slightly higher average number of variants
(mean = 2.76 £ 0.028) compared to long-read-specific re-
gions (mean = 2.34 4 0.045), a statistically significant dif-
ference (P = 5.29 x 10719, Welch’s t-test) (Fig. 3E).

Next, we analyzed novel spliced transcripts, which rep-
resent newly identified splicing events within known gene
loci (excluding Gene_X), in contrast to unknown transcripts,
which correspond to entirely novel transcript clusters not an-
notated in current gene models. The total number of novel
spliced transcripts was significantly higher in long-read RNA-
seq compared to short-read RNA-seq (Fig. 3F, P = 0.002),
indicating that long-read sequencing has a superior capacity



Evaluation long- and short-read RNA-seq

A Unknown transcripts B Unknown transcripts - 0.16 C =0.817 D Unknown Gene_X
p=0.
@ 9000 ® ‘ _ o3 f p=0.359 p=0.009 -
t p= 0.33 2 g * .g g :
B N 3 1 304
x ) @ £ 8000 S 02 | 3
~al = o = =
= T s - - o 0.3
3 . 58 S8 3 p <0.0001
s | | S5 7000} . & §02r
° . D - c 01 c
= 3 3 3 0.1
L 3 s ="
i 7 6000 ]
0 0
Long-read Short-read Long-read Short-read Common Long-read Short-read Long-read Short-read
(134) (313) (776) (12) (370)
E Unknown Gene_X F Novel spliced transcripts H Novel spliced transcripts
= Novel spliced transcripts 2
3f p <0.0001 g 4 2 p=02
Total = 2,999 known genes g .
4 E (excluding Gene_X) § &
= 7500 - [
8 C o
2, ~ ommon > 8 2000 .
> = g2
i 3 8§
g 5000 59
< 8 158 53
3 . B £ 1000 .
2500 €3
3
p=0.0022 Long-read b4 Ry .
0 Short-read :
Long-read Short-read Long-read Short-read Long-read  Short-read
(12) (370)
New5p New3p AltAcceptors New Exons
p=0.75 p=045
d =0.46 .
{ P=2e 2000 L p=024
754 ‘ : L
£ = £ £ 300 .
3 . 3200+ L .
8 ! 8 : 8 8
550 E 5 5 T 200 .
o o # (s}
© e ﬁ * 1000} [ R
. 100} ’ . : *
25 et 100 L
H .
. . . .
Long-read  Short-read Long-read  Short-read Long-read  Short-read Long-read  Short-read

Figure 3. Transcript discovery analysis using long- and short-read RNA-seq. (A) Comparison of the number of newly identified transcripts between
long-read (red) and short-read (blue) RNA-seq data (n = 4 per group). Box-and-whisker plots show the total counts of Unknown transcripts as defined by
the CLC Genomics Workbench. Each box represents the IQR, the center line indicates the median, and whiskers extend to 1.5 x IQR. Statistical
significance was assessed using a two-sided Student’s t-test. P-values are indicated on the plot. The definition of “Unknown transcripts” is referred to
sequences with no annotation match in the reference database. (B) Box plots show the number of genes (excluding completely unannotated ones) for
which at least one unknown transcript was detected. Red and blue indicate long- and short-read data, respectively. P-values are indicated on the plot. (C)
Mean ratio of spliced reads to total reads for known genes that are commonly detected by both platforms (“Common’ n = 134), uniquely by long-read
(n = 313) or short-read RNA-seq (n = 756). Bars represent the mean =+ standard error (SE) of the spliced read ratio in each group. Statistical significance
was assessed using one-way ANOVA followed by Tukey's post-hoc test. A significant difference was observed between long- and short-read RNA-seq
groups (P = 0.009), suggesting that long-read RNA-seq preferentially detects transcripts with higher splicing activity. (D) Comparison of the proportion of
spliced reads among total reads in transcript regions uniquely detected by long-read (red) and short-read (blue) sequencing. Only non-overlapping
transcript clusters (Gene_X in CLC genomics) defined by identical start and end genomic positions were analyzed. Long-read data showed a significantly
higher spliced read ratio (mean = 0.50 versus 0.23, P < 2.2 x 107", Welch's t-test), indicating enhanced detection of spliced transcripts. (E) Average
number of transcript variants per Gene_X identified uniquely by long-read (red) and short-read (blue) sequencing. Each Gene_X represents a transcript
cluster defined by shared start and end positions. The short-read RNA-seq could exhibit a slightly higher number of variants (mean = 2.76, SE = 0.028)
than long-read (mean = 2.34, SE = 0.045), possibly due to fragmentation or oversplitting in short-read assembly. Error bars indicate standard errors of
the means. (F) Box-and-whisker plots show the total counts of Novel spliced transcripts as defined by the CLC Genomics Workbench. Each box
represents the IQR, the center line indicates the median, and whiskers extend to 1.5 x IQR. Statistical significance was assessed using a two-sided
Student’s t-test. P-values are indicated on the plot. The definition of “Novel spliced transcripts” indicates putative novel isoforms of known genes. (G)
Venn diagram showing the overlap of novel spliced transcripts detected by short-read and long-read RNA-seq. A total of 2999 novel spliced transcripts
were identified from known gene loci (excluding Gene_X). Among them, 464 transcripts were detected only in short-read datasets, 158 only in long-read
datasets, and 2377 were detected in at least one sample from both platforms (non-specific). Notably, 41 transcripts were consistently detected across
all eight datasets (i.e. in all four individuals by both platforms) and were classified as “common.” (H) Comparison of novel spliced transcripts in platform
specific genes. Box plots represent the number of novel 5" ends detected per sample in genes uniquely identified by either short-read or long-read
RNA-seq. No significant difference was observed between platforms (P = 0.753, Wilcoxon rank-sum test). (I) Comparison of newly identified 5’
transcript ends (Newbp) in platform-specific genes. (J) Comparison of newly identified 3’ transcript ends (New3p) in platform-specific genes. (K)
Comparison of alternative acceptor sites (AltAcceptors) in platform-specific genes. (L) Comparison of newly identified internal exons (NewExons) in
platform-specific genes. Long- and short-read RNA-seq showed similar capacity in detecting novel internal exons in platform-specific genes (P = 0.448).
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to detect such novel splicing events. We than examined the
overlap of novel spliced transcripts between short-read and
long-read datasets. A total of 2999 transcripts were identified
from known genes, of which 2377 (79.2%) were detected at
least one sample in both platforms. In contrast, 464 transcripts
were specific to short-read data, possibly reflecting false posi-
tives due to inference-based splicing prediction or lower cov-
erage in long-read. Conversely, 158 transcripts were unique
to long-read, likely representing complex splicing events (e.g.
intron retention or multiple splice junctions) that are inher-
ently undetectable by short-read sequencing (Fig. 3G). To as-
sess the reproducibility and distribution of these novel splicing
events across samples, we compared the number of genes con-
taining novel spliced transcripts in each platform. Consistent
with transcript-level comparisons, long-read RNA-seq tended
to identify a smaller but more stable set of genes harboring
novel splicing events, whereas short-read sequencing detected
a larger and more variable gene set; however, the difference
was not statistically significant (Fig. 3H, P = 0.2). We further
compare the characteristics of novel splicing events detected
by each sequencing platform, we categorized genes associated
with these transcripts into three groups based on their detec-
tion patterns. Genes that were identified in at least one sample
from both the long- and short-read datasets were defined as
“non-specific,” whereas those consistently detected across all
eight datasets (i.e. in all four individuals by both platforms)
were defined as “common.” This classification enabled us to
assess not only platform-specific transcript discovery but also
the reproducibility and reliability of detection across sequenc-
ing technologies. To quantitatively assess differences in tran-
script structure features between sequencing platforms, we
compared the number of newly identified transcript elements,
specifically 5" ends (New5p), 3’ ends (New3p), alternative ac-
ceptor sites (AltAcceptors), and novel internal exons (NewEx-
ons) between long- and short-read datasets. For transcripts de-
tected exclusively in either long-read or short-read RNA-seq
(i.e. platform-specific genes), there were no statistically signif-
icant differences between platforms in the number of newly
identified 5’ ends (P = 0.753), 3’ ends (P = 0.458), alterna-
tive acceptors (P = 0.238), novel internal exons (P = 0.448),
or detected gene count (P = 0.2) (Fig. 3I-L). These results in-
dicate that both platforms detected a comparable number of
novel transcript structures within platform-specific gene sets.
Next, we focused on genes for which transcripts were detected
by non-specific platforms. Again, no significant differences
were observed in the number of newly identified transcript
elements: NewSp (P = 0.268), New3p (P = 0.464), AltAc-
ceptors (P = 0.305), and NewExons (P = 0.716). The over-
all gene count was also not significantly different (P = 0.2)
(Supplementary Fig. S3A-D). Finally, we examined transcript
elements within common genes that were consistently detected
across both platforms (“common” gene set). The number of
newly identified 3’ ends (P = 0.128), alternative acceptors
(P =0.456), and internal exons (P = 0.426) did not differ sig-
nificantly between platforms. However, the number of novel
5" ends showed a wide distribution with no statistically signif-
icant difference (P = 1.0) (Supplementary Fig. S3E-H). The
gene count was not evaluated in this group due to lack of inter-
platform variability. In contrast, Gene_X transcripts, defined
as novel transcript clusters not overlapping with any known
genes, showed platform-dependent detection with 416 long-
read-specific, 1416 short-read-specific, and only 9 commonly
identified regions. Due to the inherent differences in transcript

assembly and annotation, overlap of Gene_X transcripts was
evaluated separately.

In summary, long-read RNA-seq demonstrated a supe-
rior ability to detect novel splicing events and capture com-
plete spliced transcript structures, particularly within known
gene loci. While both platforms showed comparable per-
formance in identifying structural transcript features within
platform-specific genes, overlap between platforms was lim-
ited, especially for entirely novel transcript clusters (Gene_X).
Importantly, this comprehensive transcriptome analysis re-
vealed a subset of consistently detected novel transcripts
across all samples and platforms—41 novel spliced transcripts
within known genes and 9 entirely new transcript clusters
(Gene_X)—highlighting the potential biological relevance and
reproducibility of these discoveries. These findings underscore
not only the technical complementarity of long- and short-
read platforms, but also their combined utility in uncovering
previously unannotated yet consistently expressed transcript
variants.

Comparative analysis of fusion transcript detection
by long- and short-read RNA-seq using
FusionGDB2

Gene fusions represent critical oncogenic drivers and
biomarkers in various malignancies, underscoring their clin-
ical and biological significance. The advent of RNA-seq tech-
nologies has facilitated their detection; however, disparities in
sequencing read length and platform-specific biases influence
the sensitivity and specificity of fusion transcript identifica-
tion. In recent years, the detection of gene fusions has increas-
ingly shifted from short-read to long-read RNA-seq [18, 27],
which provide full-length transcript structures, thereby im-
proving the accuracy of fusion event detection. However, to
our knowledge, there are no studies directly comparing fusion
gene detection between short-read and long-read sequencing
using the same RNA samples. This study systematically evalu-
ates the differential detection capacity of fusion transcripts be-
tween long- and short-read RNA-seq approaches, leveraging
the extensive FusionGDB2 fusion gene repository. We com-
pared the fusion transcript mapping rates between long- and
short-read RNA-seq data using FusionGDB2 (ver. 2024-12,
65 536 reference fusions) [24]. The mapping rate was signif-
icantly higher in long-read samples compared to short-read
samples (Welch’s t-test, P = 6.56 x 107%), indicating that
long-read RNA-seq captures more fusion transcript signals
(Fig. 4A). Among the 7946 fusion genes detected using the
FusionGDB2 reference, two were uniquely identified by the
long-read platform, 211 were uniquely identified by the short-
read platform and 7733 fusion genes were detected by both.
This indicates a high degree of concordance between long- and
short-read platforms in terms of fusion gene detection, with
minimal platform-specific bias. To further assess platform-
specific detection patterns, we extracted the top five fusion
transcripts with the highest normalized expression levels from
each dataset (Fig. 4B). Although some fusion transcripts over-
lapped between the two lists, their relative abundance profiles
were generally consistent across platforms. To visualize this
trend, we presented all selected transcripts using the same scale
based on the long-read dataset, which revealed broadly sim-
ilar detection patterns regardless of the sequencing method.
However, the fusion transcript ACTG1-CXCRS was detected
at markedly higher levels in long-read RNA-seq compared to
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(n = 65536). Long-read data showed a significantly higher mapping rate than short-read data (Welch's ttest, P = 6.56 x 10~8). Error bars indicate
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5 fusion genes in long-read (left) and short-read (right). (C) Representative long-read RNA-seq alignments at the ACTG1::CXCR5 fusion junction. Reads
show continuous, high-quality mapping, with red indicating forward strand and green indicating reverse strand sequencing, spanning the fusion site.
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breakpoint, indicating limited detection capability for this complex fusion transcript by short-read sequencing. (E) Scatter plots showing the correlation
between fusion transcript length and normalized read count in long- and short-read data (logio scale). While the correlation was statistically significant
(P < 0.001), the explanatory power was limited (RZ = 0.056 for short-read and 0.039 for long-read). Regression lines are shown in red. (F) Correlation
plot comparing normalized expression levels of fusion genes detected by short-read and long-read RNA-seq platforms. The strong positive correlation
(R? = 0.67) indicates a high degree of concordance between the two sequencing methods in detecting fusion transcripts across the dataset.
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short-read data, with CPM values exceeding 75 000. Visual in-
spection of the mapping results revealed full-length and high-
confidence alignment across the fusion junction in long-read
reads (Fig. 4C), while short-read mapping was fragmented and
failed to span the fusion site (Fig. 4D). These results high-
light the potential underestimation of fusion transcripts us-
ing short-read sequencing alone, particularly for complex or
long fusion events. In addition, we investigated whether the
length of fusion transcripts affected detection efficiency across
platforms. Correlation analysis between transcript length and
normalized read counts demonstrated statistically significant
but weak associations (R? = 0.056 for short-read, R = 0.039
for long-read; P < 0.001 for both), suggesting that transcript
length had minimal impact on fusion detection by either se-
quencing method (Fig. 4E). Figure 4F shows the correlation
plot of detected fusion genes between short-read and long-
read sequencing methods, revealing a strong positive corre-
lation with an R? value of 0.67, indicating high concordance
between the two platforms. Thus, our results highlight the crit-
ical need to consider sequencing platform biases in fusion gene
studies and support the integration of long-read RNA-seq for
improved detection fidelity.

Platform-specific miRNA-target gene networks and
associated protein interaction structures

miRNAs play pivotal regulatory roles in cancer and other
diseases. During our transcriptome annotation, we observed
that several unannotated or extended regions corresponded
to known miRNA loci, prompting us to investigate the de-
tectability and expression of their primary transcripts (pri-
miRNAs) across sequencing platforms. For clarity, we use the
term “pri-miRNA” when referring to the primary transcript
detected in RNA-seq data, and “miRNA” when discussing the
mature functional form registered in miRBase v2.0 and used
for target prediction and network analysis. Although multi-
ple mature miRNAs can arise from a single pri-miRNA, this
analysis treats each pri-miRNA as a single unit for down-
stream inference. It should be noted that rigorous quantifica-
tion of mature miRNAs typically requires small RNA-specific
library preparation, and the current study’s comparison be-
tween long- and short-read RNA-seq is therefore limited in
this regard. However, the fragmentation-free nature of long-
read sequencing might enhance detection of full-length pri-
miRNAs, providing more faithful reconstruction of transcript
structures. In total of 816 pri-miRNAs were detected across
all samples, where detection was defined as presence in at
least one of the four replicates per platform. Among these,
234 pri-miRNAs (28.7%) were uniquely detected by the long-
read platform, 183 pri-miRNAs (22.4%) uniquely detected by
the short-read platform, and 399 pri-miRNAs (48.9%) were
commonly detected by both platforms under this permissive
criterion. For these 399 commonly detected pri-miRNAs, ex-
pression levels showed a strong positive correlation between
platforms (Pearson r = 0.85, P < 0.001), indicating high
quantification consistency (Supplementary Fig. S4A). Apply-
ing a stricter criterion requiring detection across all four repli-
cates per platform reduced the overlap: 158 pri-miRNAs were
uniquely detected by the long-read platform, 94 by the short-
read platform, and 102 were shared (Supplementary Data S1).
These results suggest that while overall detection is largely
overlapping, reproducibility across replicates differs between
platforms. Figure SA compares average pri-miRNA expres-

sion levels between the platforms, showing no statistically sig-
nificant difference by Welch’s #-test (P = 0.215). Differential
expression analysis identified 34 pri-miRNAs significantly up-
regulated in the long-read dataset and 17 in the short-read
dataset (adjusted P < 0.05, average TPM > 10; Fig. 5B). These
differences are further illustrated in the heatmap (Fig. 5C),
highlighting platform-specific expression profiles and rein-
forcing the complementary nature of both sequencing tech-
nologies.

To explore potential functional consequences of these ex-
pression differences, we inferred mature miRNAs from the
differentially expressed pri-miRNAs (as annotated in miR-
Base) and predicted their target genes. GO enrichment anal-
ysis revealed that targets of long-read-specific miRNAs were
enriched in terms such as Wnt signaling, protein localization
to organelle, gland development, and cell growth (Fig. 5D).
In contrast, short-read-specific miRNAs were associated with
small GTPase-mediated signal transduction, embryonic or-
gan development, and protein localization, suggesting some
functional divergence. Targets of miRNAs derived from com-
monly detected pri-miRNAs (Supplementary Fig. S4B) were
enriched for overlapping categories such as cell adhesion
and Wnt signaling, reflecting shared regulatory themes de-
spite platform-specific biases. We further constructed miRNA-
target gene networks using mature miRNAs derived from the
top-expressed pri-miRNAs in each platform, incorporating
validated and predicted interactions from miRNet [28]. Net-
works were generated for the top 1,2, and 3 mature miRNAs
per group (long-read-specific, short-read-specific, and com-
mon). Beyond the top three, no shared target genes were ob-
served, suggesting increased functional heterogeneity among
lower-ranked miRNAs. Figure SE displays the network ar-
chitectures of the top 3 miRNAs for each platform, and
Supplementary Fig. S4C shows node-labeled versions for de-
tailed inspection. Quantitatively, the top three long-read miR-
NAs (miR-6779-5p, miR-6516-5p, and miR-6807-5p) collec-
tively targeted 679, 658, and 605 genes, respectively, with 70
shared targets. The top short-read miRNAs (miR-7106-5p,
miR-1273h-5p, and miR-3929) targeted 801, 671, and 513
genes, sharing 187. Common-detected miRNAs (miR-8485,
miR-6785-5p, and miR-4722-5p) showed broader target pro-
files (906, 842, and 612), but only 12 genes were shared
among them. These patterns suggest that long-read-specific
miRNAs may regulate more coherent gene sets, whereas short-
read-specific miRNAs exhibit broader but more dispersed tar-
get networks. Although our study used total RNA-seq rather
than small RNA-enriched libraries, the fragmentation-free na-
ture of long-read sequencing may enhance detection of full-
length pri-miRNAs and allow more faithful reconstruction of
mature miRNA profiles. Nonetheless, future validation using
small RNA-specific protocols is needed. Taken together, our
findings indicate that long- and short-read sequencing plat-
forms offer complementary strengths in miRNA transcript de-
tection and regulatory inference, with long-read approaches
providing unique advantages in capturing the structural con-
text of non-coding RNAs.

Comprehensive comparison of immunoreceptor
repertoires between long- and short-read RNA-seq
To clarify how long- and short-read RNA-seq differ in
their ability to capture immunoreceptor repertoires, we con-
ducted a systematic comparison of V(D)] gene usage, V-]
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short-read RNA-seq platforms. The bar graph shows the mean expression (TPM) + standard error (SE) on a logqo scale for each platform. Although the
mean expression was higher in the long-read dataset compared to the short-read dataset, Welch's t-test indicated no significant difference (P = 0.215).

(B) Volcano plot showing differential expression of pri-miRNAs between long- and short-read platforms. Red dots indicate pri-miRNAs significantly

upregulated in the long-read dataset (n = 34), while blue dots indicate pri-miRNAs significantly upregulated in the short-read dataset (n = 17). Gray dots

represent pri-miRNAs without significant differential expression. The plot highlights distinct subsets of pri-miRNAs preferentially detected by each

platform. (C) Heatmap of significantly differentially expressed pri-miRNAs (adjusted P-value < 0.05 and average TPM > 10) between long- and short-read
platforms. Expression levels are shown in log,-transformed TPM values across samples, illustrating distinct expression patterns for pri-miRNAs enriched
in either platform. (D) GO enrichment (Biological Process) results based on target genes of mature miRNAs corresponding to the differentially expressed

pri-miRNAs (long versus short). (E) Mature miRNA-target gene network analysis showing shared target genes regulated by the top 3 mature miRNAs
predicted from differentially expressed pri-miRNAs detected in each platform (long-read, short-read) and common pri-miRNAs. Each black node

represents a unique target gene; miRNA nodes are colored (red for long-read, blue for short-read, purple for common). Node labels are omitted for clarity
due to network complexity.
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recombination patterns, and CDR3 motif structures across
both BCR and TCR chains (Fig. 6). This framework allowed
us to evaluate platform-dependent differences in recombi-
nation profiles and clonal architecture, using IGH/IGK/IGL
and TRA/TRB repertoires as representative examples. De-
spite a lower alignment rate overall, long-read sequencing
exhibited a markedly higher complete CDR3 recovery rate
(95.9%) compared to short-read sequencing (23.5%), as de-
termined using MiXCR [26]. Although the overall alignment
rate for long-read RNA-seq was lower than that of short-
read data, the higher complete CDR3 recovery rate likely re-
flects the advantage of capturing full-length transcripts, which
allows for more accurate reconstruction of V(D)] recombi-
nation events. The number of IGH transcripts was compa-
rable between the two platforms (20372 for long-read ver-
sus 17330 for short-read). In contrast, short-read sequenc-
ing recovered more IGK/IGL and TCR (TRA and TRB) tran-
scripts, although caution is warranted when interpreting TCR
results from short-read data due to potential assembly limi-
tations. In a quantitative comparison using CDR3 sequence-
level analysis, a total of 8379 unique CDR3 sequences were
identified across both platforms, with only 216 CDR3s shared
between them, resulting in a low Jaccard index of 0.0258.
This minimal overlap highlights the methodological differ-
ences in repertoire capture between long- and short-read se-
quencing. Clonal diversity was evaluated using the Shan-
non and Simpson diversity indices, which account for both
the richness and distribution of clonotypes within a reper-
toire. The Shannon diversity index, which quantifies both
the richness and evenness of clonotypes [29], increases with
more diverse and evenly distributed repertoires. The Simp-
son diversity index, which measures the probability that two
randomly selected reads belong to different clonotypes [29],
yields values closer to one when diversity is high and dom-
inance by particular clones is low. In our dataset, the IGH
chain in the long-read data exhibited the highest clonal di-
versity (Shannon = 8.59; Simpson = 0.999), whereas TRD
and TRG chains under short-read conditions showed substan-
tially lower diversity (e.g. TRD: Shannon = 1.63; Simpson =
0.742). These findings suggest that long-read sequencing bet-
ter captures a broader and more even clonal landscape, par-
ticularly for highly diverse or underrepresented chains such
as IGH, TRD, and TRG (Supplementary Table S2). In im-
munoglobulin BCR repertoires, IGHV diversity was higher in
long-read (Fig. 6A and B), while short-read captured a greater
number of IGKV and IGLV gene combinations (Fig. 6C, and
Supplementary Fig. S5A and B). But many of these corre-
sponded to similar or overlapping CDR3 sequences, suggest-
ing that fragmentation and assembly limitations may inflate
the apparent V gene diversity without necessarily improving
unique clonotype resolution. Consistent with this, amino acid
motif analyses revealed that only IGHV showed substantial
differences between platforms, whereas IGLV and IGKV mo-
tifs were broadly similar (Fig. 6E, and Supplementary Fig. S5D
and E). This discrepancy suggests that although short-read se-
quencing detects more V gene types, many of these may cor-
respond to similar or redundant CDR3 sequences, potentially
reflecting annotation artifacts or lower-resolution V gene as-
signment. For TCR repertoires, TRBV diversity was slightly
higher in the long-read data, despite shorter transcript lengths
(Fig. 6D), which is consistent with higher clonotype resolu-
tion inferred from diversity indices such as Shannon entropy.
Nonetheless, TRBV amino acid motifs remained largely con-

sistent between platforms (Fig. 6F), indicating similar clonal
structures. Similarly, TRAV-TRA]J combinations were more
diverse in long-read data (Supplementary Fig. S5C), while
motif complexity at the amino acid level was comparable
(Supplementary Fig. SSF). These results indicate that long-
read sequencing provides enhanced resolution at the gene re-
combination level, whereas clonal composition inferred from
CDR3 motifs remains largely preserved between platforms.

Discussion

In this study, we systematically compared transcriptomic pro-
files obtained via long- and short-read RNA-seq across mul-
tiple facets, including gene expression (Figs 1 and 2), tran-
script variant and novel gene detection (Fig. 3), microRNA
identification (Fig. 4), fusion gene discovery (Fig. 5), and im-
mune repertoire analysis (Fig. 6). Our findings demonstrate
that long-read sequencing affords superior coverage and sen-
sitivity in detecting a broader spectrum of transcripts, encom-
passing novel and functionally significant genes that are un-
derrepresented in short-read datasets. Notably, long-read data
facilitated more comprehensive and consistent identification
of gene isoforms, IncRNAs, and fusion transcripts. While both
platforms identified largely overlapping microRNA species,
long-read sequencing captured additional microRNA variants
and complex isoforms, underscoring its advantages for non-
coding RNA analyses. In immune repertoire profiling, long-
read sequencing enabled more precise reconstruction of full-
length V(D)] recombination sequences and CDR3 motifs, par-
ticularly within immunoglobulin heavy chains, thereby en-
hancing clonotype resolution. Conversely, short-read sequenc-
ing yielded comparable results for select TCR chains but ex-
hibited limitations in fully capturing repertoire diversity. Col-
lectively, these results emphasize the complementary strengths
of both sequencing technologies and advocate for their inte-
grated application to achieve a comprehensive characteriza-
tion of transcriptomic complexity, with significant implica-
tions for disease research and biomarker discovery. From a
practical standpoint, long-read sequencing is not expected to
replace short-read platforms in large-scale cohorts due to cost
and throughput constraints. Instead, our findings support a
discovery-validation division of labor, in which long-read se-
quencing is used for structural discovery and short-read or
targeted assays are subsequently deployed for scalable screen-
ing.

Short-read RNA-seq has long been regarded as the gold
standard for transcriptome profiling due to its high accu-
racy, cost-effectiveness, and compatibility with established
expression analysis pipelines [1]. Indeed, previous studies
have reported strong agreement between short-read RNA-
seq and microarray results, further supporting its reliabil-
ity for gene expression quantification [30-32]. Previous stud-
ies comparing short-read RNA-seq with microarray tech-
nologies have consistently reported high overall correspon-
dence, particularly for moderately to highly expressed genes,
generally in the range of 0.6-0.85 [32]. A clinical sam-
ple study further reported 0.76 concordance, with improve-
ments via GC-content correction [31]. In our study, short-
read RNA-seq similarly showed a higher correlation with mi-
croarray data (R?> = 0.500) compared to long-read RNA-seq
(R? = 0.396), which is consistent with these previously re-
ported benchmarks. The slightly stronger alignment of short-
read data may reflect methodological similarities both rely on
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detection of short fragments, tend to emphasize highly ex-
pressed transcripts, and underrepresent isoform complexity
or low-abundance RNA species. Consistent with this inter-
pretation, our analysis confirmed that microarray measure-
ments rely on short oligonucleotide probes designed from es-
tablished gene annotations, most of which were originally
derived from short-read sequencing data. As a result, mi-
croarray signal intensities aligned more closely with short-
read RNA-seq than with long-read RNA-seq, which captures
full-length transcripts and reveals additional isoform diversity
that microarray probes cannot detect. Therefore, the microar-
ray comparison in Fig. 2 should be interpreted as a techni-
cal benchmark of rank concordance between platforms, rather
than as a reference for biological ground truth.

Recent advances in long-read sequencing technologies, such
as PacBio and Oxford Nanopore, have revealed that short-
read platforms may underestimate transcript diversity and
miss biologically relevant isoforms or gene variants [2, 15,
18]. These limitations are particularly evident in immune-
related and non-coding transcripts that are often fragmented
or misaligned in short-read data. To our knowledge, this is
the first study to perform a direct, multi-platform compari-
son of long-read, short-read, and microarray-based transcrip-
tome profiling using identical RNA samples from peripheral
blood mononuclear cells. Despite about 72-fold difference
in read depth, long-read RNA-seq demonstrated strong con-
cordance with short-read data in both absolute expression
levels (R? = 0.771) and gene ranking (R?> = 0.834). These
results confirm that long-read RNA-seq can provide repro-
ducible expression profiles comparable to conventional meth-
ods. While short-read RNA-seq showed a higher correlation
with microarray data (R? = 0.500) than long-read RNA-seq
(R? = 0.396), this result is likely attributable to methodolog-
ical similarities. Both microarray and short-read sequencing
rely on probe-based or short-fragment detection, which may
limit transcript resolution and underestimate full-length iso-
forms. In contrast, long-read sequencing captures complete
transcript structures, including low-abundance or structurally
complex transcripts, leading to broader transcriptome cover-
age. Notably, gene ontology enrichment analysis revealed that
long-read-specific transcripts were associated with diverse and
biologically significant processes, including innate immune re-
sponses, cell cycle regulation, and autophagy-categories that
were absent from the short-read-specific gene sets. This ob-
servation suggests that long-read RNA-seq not only increases
transcript detection but also enhances functional insight into
complex biological systems.

Specifically, long-read sequencing showed a significantly
higher ratio of spliced reads among platform-specific un-
known transcripts, supporting its improved ability to capture
complete and novel splicing events (Fig. 3C and H). Although
short-read RNA-seq detected more total unknown transcripts,
these may partly reflect false positives from inference-based re-
construction or coverage biases. The long-read platform also
identified significantly more novel spliced transcripts from
known gene loci, and those transcripts exhibited higher com-
pleteness, indicating greater structural fidelity. It is impor-
tant to note that the detection of transcript boundaries such
as 5" and 3’ ends in our study reflects algorithm-derived in-
ferences generated by the CLC transcript discovery work-
flow, rather than experimental end-capture. Accurate mapping
of native transcript termini is strongly protocol-dependent.
For example, standard poly(A)-selected short-read RNA-seq

does not preserve 5’ ends due to RNA fragmentation and
priming strategies, whereas CAP-trapping approaches such as
CAP-Trap-seq enable precise identification of 5 cap sites [3,
33]. Likewise, methods such as FLAM-seq accurately define
poly(A) tail-associated 3" ends [34]. Because our libraries were
prepared using poly(A)-selected total RNA for both long-
and short-read platforms, the transcript structures reported
in this study should be interpreted as computationally inferred
boundaries rather than experimentally validated termini. Rec-
ognizing these protocol-dependent constraints is essential for
accurate interpretation of the structural differences observed
between platforms.

In the context of fusion gene detection, long-read RNA-seq
achieved higher mapping rates against a comprehensive fu-
sion reference database (FusionGDB2), with full-length, high-
confidence alignment across fusion junctions; an area where
short-read mapping often failed due to fragmented reads
(Fig. 4C and D). While the overall concordance between plat-
forms was high, long-read sequencing uniquely identified fu-
sions like ACTG1::CXCRS, which were poorly represented
or undetectable in short-read data due to read length limita-
tions. Taken together, these findings reinforce the notion that
long-read RNA-seq is particularly well-suited for the accurate
detection of novel splicings, full-length transcripts, and com-
plex gene fusions, complementing short-read data. Although
long-read sequencing inherently reduces assembly-derived ar-
tifacts, false positives remain a known concern, especially for
low-abundance transcripts. In this study, we required multi-
evidence support (per-sample recurrence, splice-site consen-
sus, and database alignment when available) to mitigate po-
tential artifacts and ensure biological plausibility. Importantly,
a subset of transcripts including 41 novel splice variants and
9 novel gene clusters were reproducibly detected across all in-
dividuals and platforms, underscoring the biological validity
of these discoveries. As transcriptome profiling moves toward
greater resolution and functional interpretation, integrating
long-read RNA-seq into standard pipelines will be essential
for uncovering the full complexity of gene regulation. Similar
advantages of long-read sequencing in isoform resolution, fu-
sion transcript detection, and immune-repertoire reconstruc-
tion have also been reported in studies of solid tumors, sup-
porting the generalizability of our platform-dependent obser-
vations [18, 35].

While our study used total RNA-seq libraries for both long-
and short-read platforms, it is important to note that spe-
cialized library preparation kits are commercially available
for both miRNA and CDR3 region profiling. For miRNA
analysis, protocols incorporating gel-based size selection or
capture-based enrichment have demonstrated greater detec-
tion accuracy and reduced bias, as highlighted by recent
benchmarking studies [36]. Similarly, CDR3-targeted meth-
ods, often involving multiplex PCR panels or hybrid cap-
ture, focus sequencing throughput precisely on rearranged
immunoreceptor regions, providing higher clonotype reso-
lution than bulk methodologies. In contrast, our study ap-
plied untargeted, full-length long-read RNA-seq to probe both
miRNA and immune repertoires from total RNA without
size selection or amplicon enrichment. While this enabled a
holistic profiling of transcriptome-wide features, its perfor-
mance relative to dedicated small RNA or CDR3-specific kits
remains uncertain. Full-length approaches theoretically im-
prove V(D)J reconstruction and isoform coverage, as sup-
ported by comparative studies demonstrating the structural



completeness afforded by long-read sequencing [37] and
comparative frameworks distinguishing CDR3-focused ver-
sus full-length analyses [38] . Notably, despite the absence of
targeted enrichment, long-read sequencing enabled the recon-
struction of full-length immunoglobulin and TCR transcripts,
with accurate identification of CDR3 motifs and V(D)] recom-
bination sequences, particularly within IGH chains (Fig. 6).
This suggests that long-read RNA-seq holds promise for cap-
turing immune repertoire diversity even from total RNA of pe-
ripheral blood samples. Such ability is particularly relevant for
immunological studies, as rare but functionally critical clones
including memory T and B cells can have profound biologi-
cal significance despite their low abundance. The capacity to
detect these transcripts without amplification-based bias rep-
resents an asset for understanding adaptive immune dynamics
and may inform future diagnostic or prognostic applications.

Future validation studies should involve direct benchmark-
ing of long-read data against specialized miRNA-seq and
CDR3 profiling kits to assess sensitivity, clonotype resolution,
and biological fidelity in detecting small and rearranged RNA
species. Recent advances in transcriptome analysis have led
to the widespread application of RNA-seq in forensic and
clinical pathology settings, particularly using formalin-fixed,
paraffin-embedded (FFPE) tissues [39-41]. These samples are
inherently degraded and fragmented, rendering short-read se-
quencing the only feasible approach due to its compatibility
with fragmented RNA molecules. In such contexts, the use of
full-length long-read sequencing offers limited technical ad-
vantage, as the input RNA is no longer intact and full-length
transcript reconstruction becomes unattainable. Conversely,
the unique strength of long-read RNA-seq lies in its abil-
ity to capture full-length transcripts, novel isoforms, and fu-
sion events from high-quality or fresh-frozen samples [13, 18].
These capabilities make it particularly valuable in exploratory
studies where previously uncharacterized transcript structures
are being discovered. Importantly, once such transcript vari-
ants or fusion genes are identified in a small cohort using long-
read sequencing, targeted primers can be designed for down-
stream validation via RT-qPCR or digital PCR across large
clinical cohorts including FFPE-derived samples. This pipeline
circumvents the need for large-scale short-read RNA-seq once
specific targets have been defined, streamlining validation in
retrospective bio-banked samples. Therefore, while long-read
RNA-seq is not always applicable in degraded clinical speci-
mens, it plays a foundational role in transcript discovery, after
which focused, cost-effective validation strategies can be de-
ployed in large FFPE-based cohorts.
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