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SUMMARY

Short-read RNA sequencing (RNAseq) remains a cornerstone for transcriptome profiling, but is limited in re-
constructing full-length transcripts and capturing transcript diversity. While long-read RNAseq spans entire
transcripts and resolves complex structures, this technology is hindered by its high error rates. In parallel,
noncoding RNA transcripts remain underrepresented in current references. Here, we present hybrid de
novo RNA assembly (HyDRA), a pipeline that integrates the accuracy of short reads with the structural res-
olution of long reads to produce more complete de novo transcriptome assemblies. Benchmarking showed
HyDRA to outperform existing methods by up to 40%. Using the HyDRA human ovarian metatranscriptome,
we identified >50,000 high-confidence long noncoding RNAs, most of which have not been previously de-
tected using traditional methods. Although long-read RNAseq is advancing, the vast availability of short
reads ensures HyDRA’s ongoing role in capturing high-confidence, cell-type-specific transcripts and

advancing our understanding of transcriptomic complexity and the noncoding genome.

INTRODUCTION

Short-read RNA sequencing (RNAseq) has revolutionized the
transcriptomic era due to its high-throughput, affordability, and
low error rates.’ However, a limitation of short-read RNAseq lies
in its dependency on fragmenting the native transcript molecules.
Reassembling and quantifying these sequenced reads, typically
of ~50 to ~500 nt in length, still poses significant computational
challenges.” The majority of RNAseq studies measure the expres-
sion of genes and transcripts by mapping the sequenced reads to
a reference annotated transcriptome and removing those that fail
to map. Notably, reference transcriptomes such as those anno-
tated by ENSEMBL and GENCODE are far from complete, leaving
a large proportion of transcripts unquantified by standard RNAseq
analysis methods.® To overcome these limitations, a de novo
custom transcriptome assembly can be generated and used in
the substitution of a reference, to reconstruct the sequenced frag-
ments of transcripts expressed in the sample of interest in the sub-
stitution of a reference. Mapping sequenced reads onto a custom
transcriptome allows the quantitation of expression levels from
both annotated and unannotated transcripts.* However, to date,
only a small fraction of publications make use of de novo custom
assembilies, accounting for ~1% of the total PubMed publications
that use RNAseq. In addition, de novo assemblies obtained using
only short reads cannot accurately resolve all RNA transcripts.®

Long-read sequencing platforms such as those from Pacific
Biosciences (PacBio) and Oxford Nanopore Technology (ONT)
have the potential to produce reads that span the full-length
of transcripts.° These platforms can perform end-to-end
sequencing of single complementary DNA (cDNA) or RNA mole-
cules, generating long reads that ameliorate the issues caused
by transcript fragmentation.” ONT platforms include a range of
devices in which single molecules thread through a nanopore
containing a nanoscale sensor able to detect each nucleotide
within a single run.® The produced long reads are one order of
magnitude longer than typical short reads, providing better res-
olution of splice junctions, increasing correct isoform identifica-
tion and the discovery of unannotated transcripts.® However,
compared to short reads, long reads have much higher base-
calling error rates”*'° and remain a costly and comparatively
less used technology. Importantly, although both long-read
sequencing and basecaller technologies are continually
evolving, most facilities are not equipped to support long-term
storage of the large raw data files due to associated costs.
Therefore, most users cannot recall previously sequenced reads
when an improved basecalling algorithm is released to increase
the quality of long-read data.

Emerging studies have shown that hybrid transcriptome assem-
bly approaches, which integrate short- and long-read RNAseq
data, are more accurate than approaches that use data from either
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method alone.’''® Considering that the average human transcript
length is one kilobase (kb) long'” and that long-read sequences are
onaverage 1-3kbinlength,'®"? long reads should capture the ma-
jority of human transcripts within a single read and ideally bypass
the need for fragment assembly. However, considering the low
quality of long reads,”®'° it is still recommended to correct for
intrinsic sequencing errors.’ Although there are different strategies
to achieve this, a pre-assembly hybrid error correction using both
short and long reads was recently shown to be the best-performing
method.'® Additionally, information from both long and short reads
may be integrated at the assembly stage, to help reconstruct
different isoforms.?° To the best of our knowledge, none of the
available tools fully benefit from the two types of read integration,
but instead adopt either a hybrid-correction-only or a hybrid-as-
sembly-only approach.

Notably, for long noncoding RNAs (IncRNAs), which constitute
the largest class of unannotated RNA transcripts, their lower
abundance in bulk tissues and high content of repetitive ele-
ments mean the assembly step is even more challenging.?’>*
The few IncRNA-focused hybrid assembly studies that have
been performed indicate that RNAseq data integration can
enhance the accuracy and reliability of IncRNA discovery.”**°
However, no automated method for hybrid de novo assembly
to date allows for accurate IncRNA discovery.

To address the need for an efficient method to perform
comprehensive discovery of unannotated transcripts, we devel-
oped hybrid de novo RNA assembly (HyDRA), a true-hybrid pipe-
line that integrates short- and long-read RNAseq data for de
novo transcriptome assembly, with additional steps for IncRNA
discovery. Our pipeline combines read treatment, assembly,
filtering, and parallel quality control (QC) steps to ensure the
reconstruction of high-quality transcripts. Comprehensive
benchmarking showed HyDRA to outperform best-in-class
short-read-only, long-read-only, and hybrid de novo transcrip-
tome approaches by up to 40%, having identified more than
50,000 high-confidence IncRNAs. In contrast with long-read
sequencing, a vast amount of short-read RNAseq data is readily
available for many species, tissues, and conditions. Pipelines
such as HyDRA can make the best use of available data in its to-
tality, allowing users to achieve high-quality transcriptome as-
semblies while long-read sequencing technologies continue to
advance. We anticipate that HyDRA will facilitate the generation
of sample- and condition-specific custom transcriptomes,
providing a valuable resource for expression analyses across
different cell types and tissues.

RESULTS AND DISCUSSION

Overview of the HyDRA pipeline

We developed HyDRA (Figure 1A), a true-hybrid pipeline that in-
tegrates bulk short- and long-read RNAseq data for generating
custom transcriptomes. This is achieved through (1) read treat-
ment steps to correct sequencing errors by treating low-fre-
quency k-mers and removing contaminants (e.g., adaptors and
reads from ribosomal RNAs (rRNAs)), (2) steps to de novo
assemble the filtered and corrected reads and further process
the resulting assembly, and (3) optional steps to discover a
high-confidence set of IncRNAs supported by multiple ma-
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chine-learning model predictions (Figures 1B-1D). We consider
HyDRA to be a true-hybrid de novo transcriptome assembly
pipeline given that it combines short- and long-read data at
two stages, read correction and assembly, and because it
does not rely on reference files to reconstruct transcripts. This
section contains a detailed explanation of HyDRA. Additional de-
tails from development and implementation, including the tools
and algorithms underlying each step, recommended parame-
ters, and thresholds are also available in the supplementary files
(Table S1) and on the HyDRA GitHub repository®® (https:/github.
com/isabela42/HyDRA).

Input files

There are several input files required to run HyDRA. In summary,
it requires ONT long reads as input files together with short-read
data. Users are advised to use deep RNAseq data for improved
IncRNA discovery. Although users may use PacBio long-read
data, this will require them to refrain from using Porechop to re-
move adapter sequences and to modify the Cutadapt com-
mand-line. Additionally, users are required to provide a series
of step-specific input files (see the complete user guide), e.g.,
adapter sequences and experimentally confirmed IncRNA fasta
files. Although some of these are reference files, the steps in
which they are used do not alter the inputs for generating the
de novo transcriptome assembly, rather providing informative
quality metrics to the user, such as flagging for contamination.
Pipeline availability

HyDRA is available in a range of different script options, including
(1) a Dockerfile to build a Docker container image with all tools/
versions used in this study (2) step-by-step command lines files
to guide users that wish to run the pipeline on a different system
and/or with the Docker container; and (3) the BASH scripts that
write and submit portable batch system (PBS) jobs. Providing
a Dockerfile dramatically reduces implementation time for users
by eliminating manual dependency installation and environment
configuration across diverse computer environments. Addition-
ally, for users without access to an infrastructure that supports
Docker, the Docker container image itself has also been pro-
vided and can be converted into a Singularity/Apptainer
container image, as described on the HyDRA GitHub repository.
User guide

A complete user guide is available within the HyDRA GitHub re-
pository® (https://github.com/isabela42/HyDRA), including all
pipeline required tools/versions, input files, and detailed pipeline
files usage guidelines. Importantly, the computational resource
usage varies with input data size and complexity for each tool.
Therefore, to some extent, users can control the computational
resources usage according to the computational power avail-
able. Additionally, to offer users a baseline, we have indicated
in all scripts the resources used for pipeline development. In
line with this, although we have used default parameters for
most tools with minor adjustments (Table S1), HyDRA provides
a well-defined set of options to be used with each tool, opti-
mizing its behavior for its main steps. If desired, users may easily
edit these BASH scripts to make use of a complex range of op-
tions for the different tools integrated in HyDRA.?®

Read treatment

Sequencing errors are known to introduce artificial nodes in de
Bruijn graphs during de novo isoform resolution®” and interfere
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Figure 1. The HyDRA pipeline

(A) Overview of the pipeline, from RNA library preparation to sequencing and availability of raw FASTQ files for both short- and long-read samples.
(B) Both short and long reads first undergo extensive quality control and processing, including hybrid error-correction of long reads and short-read-only
correction of short reads. These steps are important to assess low-frequency k-mers for error correction and to remove contaminants (e.g., adaptors and reads

from ribosomal RNAs).

(C) Treated reads undergo a hybrid de novo transcriptome assembly and further filtering and quality assessment. HyDRA generates summary metrics for steps in

(B and C).

(D) Optional steps can be performed for the discovery of high-confidence IncRNAs.

with all downstream steps.”®*° In addition to correcting

sequenced reads, common read processing practice includes
removing adaptor sequences identified during the raw quality
assessment of the raw data.*’ As traditional tools optimized for
short-read data fail to correctly treat longer sequences,”**'
HyDRA includes scripts and subroutines carried out by best-per-
forming tools specifically designed to process these data sepa-
rately (Figure 1B). As a result, HyDRA'’s read treatment phase in-
cludes 38 scripts that perform the first ten steps. The short-read
processing steps of HyDRA follow our previously published de
novo assembly pipeline, which is currently the best-in-class
approach for short-read-only de novo transcriptome assembly.”
Processed in parallel, long-read treatment steps are dependent
on the pre-processed short-reads for hybrid error correction using

FMLRC2 v.0.1.7."%% This tool was selected for being the best
ranked at benchmarking experiments,®® including an in-house
assessment where multiple tools failed to perform at the same level
(see development-and-implementation at the HyDRA GitHub re-
pository - https://github.com/isabela42/HyDRA). QC routines are
interspersed throughout the read treatment steps to guarantee
high read quality, including an in-house Python script (fasta_split-
ter.py) to assess long-read length, allowing the user to implement
personalized cut-offs to exclude ultra-long reads (e.g., > 35 kb).
These QC steps were designed to enhance the quality of input
read data and are performed after each key processing step.
Custom transcriptome assembly

After careful consideration and benchmarking of alternatives
(see development-and-implementation at the HyDRA GitHub

iScience 29, 116131, June 19, 2026 3
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repository - https://github.com/isabela42/HyDRA), we selected
rmaSPAdes v.3.14.1'2 as the assembler for HyDRA. Of note,
rnaSPAdes was specifically designed to integrate short and
long RNAseq reads and is the only available assembler that
uses a genome-independent process (Figure 1C and
Table S1). This assembler was developed from the foundational
algorithms SPAdes and hybridSPAdes, enabling the integration
of both paired-end short-read RNAseq data and single-end
long-reads, from either PacBio or ONT. This approach facilitates
the construction of a high-quality transcriptome assembly that
represents full-length transcripts and their alternative isoforms.'2
Next in the HyDRA pipeline, a step is included to remove highly
redundant transcripts and differentiate between multiexonic and
monoexonic sequences in the assembly. This allows users to set
appropriate read support thresholds for each subset of tran-
scripts, with monoexonic transcripts requiring higher read sup-
port to differentiate from sequencing noise or genomic DNA
contamination. HyDRA uses reads per kilobase per million
(RPKM) values from independent short- and long-read align-
ments to estimate read support (i), with user-defined thresholds
for filtering.

Read count x 10°

(1) RPKM = Total reads x Feature length

Assembled transcripts are then aligned to the reference tran-
scriptome to identify unannotated transcripts in the custom tran-
scriptome. Similar to our QC routine for input reads, we use
biologically supported quality evaluation tools (BUSCO
v.20161119,%° Trinity Stats v.2.8.4** and TransRate v.1.0.3%%),
to assess completeness and other metrics that characterize
the generated custom transcriptome. With that, this section of
the pipeline includes nine scripts performing seven steps.
LncRNA discovery
A custom transcriptome assembly can help in the discovery of a
variety of transcript types, with IncRNAs representing a substan-
tial portion of the unannotated transcriptome. LncRNAs are high-
ly specific to different tissues, cell types, conditions, and devel-
opmental stages.”*° Despite their significance, INcRNAs are
often underrepresented in transcriptional studies due to their
lack of annotation in reference transcriptomes. This is partially
due to short-read RNAseq'’s inherent biases and inability to cap-
ture full-length transcripts. Using a combination of long and short
reads, HyDRA is well-equipped to support the annotation of
IncRNAs. We have therefore included four optional steps after
the core assembly, allowing HyDRA to perform IncRNA discov-
ery. Using a combination of three machine learning models
from ezLncPred v.1.0,°®i.e., CPAT, CNCI, CPC2, we first predict
the coding potential of the transcripts identified in the assembly.
These transcripts are also assessed in parallel by FEELnc v.0.2
to detect IncRNAs.” FEELnc is a suite of machine learning algo-
rithms that requires the user to supply both a reference annota-
tion of protein-coding and experimentally confirmed IncRNA
transcripts (e.g., GENCODE annotation) to train the model in
classifying transcripts assembled by HyDRA. A transcript is
then considered to be a candidate IncRNA based on FEELNC’s
prediction in combination with the predicted absence of de-
tected coding potential from at least two different ezLncPred
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tools. These tools were used in combination to decrease false
positives among the discovered IncRNAs.* To further remove
false-positive IncRNAs (e.g., transcripts that match annotated
protein-coding transcripts), HyDRA aligns the sequences of
candidate IncRNAs to the reference transcriptome. Candidate
IncRNAs matching annotated protein-coding transcripts with at
least 75% identity and a minimum bidirectional overlap of 85%
on either strand are identified as false-positives and removed.
Coordinates of candidate IncRNAs are also intersected with an-
notated protein-coding genes using BedTools,*® resulting in a
final set of high-confidence IncRNAs. Finally, HyDRA maps the
candidate IncRNAs to a comprehensive database of confirmed
IncRNAs that can be the internal default (containing 112,439
IncRNAs from multiple sources, as described in Bitar et al.*) or
a user-defined database. This allows the user to pinpoint which
IncRNAs have been detected in the custom assembly, and which
were already known, either from the reference transcriptome or
from additional databases (see development-and-implementa-
tion at the HyDRA GitHub repository - https://github.com/
isabelad2/HyDRA).

HyDRA improves the quality of both short- and long-
sequenced reads

HyDRA was developed and benchmarked using data obtained
from short- and long-read RNAseq on normal and tumorigenic
data, including normal primary and immortalized fallopian tube
secretory epithelial cells (FTSEC) and ovarian surface epithelial
cells (OSEC), breast cancer and uveal melanoma datasets
(Table S2). All three datasets presented similar read and custom
assembly quality metrics (Tables S3 and S4). Therefore, we will
only describe in detail the quality metrics obtained from one of
these, the normal primary and immortalized FTSEC and OSEC
dataset, which we generated in-house. We used the lllumina
NovaSeq 6000 to generate short reads from the normal primary
and immortalized FTSEC and OSEC samples, which have the
lowest error rates for high-throughput sequencing.®® For long-
read sequencing, we used ONT with current error rates pre-
dicted at 5-10%.%“° Common practice with long-read RNAseq
includes the removal of reads below a mean minimum Phred
quality of 7 (Q7), which is a much lower threshold than for
short-read data. In our dataset, all long reads were over Q7,
with 93% of them surpassing Q10 (Table S3).

The short-read treatment steps begin with the correction of
raw reads and subsequent trimming. The majority of the short
reads survived the correction step (average of 9.16% uncorrect-
able reads; Figure 2 and Table S3; development-and-implemen-
tation at the HyDRA GitHub repository - https://github.com/
isabela42/HyDRA), and about 60% of the sequence ends were
above the minimum quality set for trimming Q30 (Table S3), indi-
cating a high quality of corrected and trimmed short reads. Me-
dian short-read quality measured in the Phred scale increased
from 35.65 to 36.12 after treatment steps were performed
(Figure S1 and S2, Table S3), with a concomitant decrease in
the calculated error rate from one base in ~3,000 to one in
~4,000. In HyDRA, due to the prerequisites of the selected tools,
the long-read treatment steps follow the opposite order, with
trimming (adaptor removal followed by quality trimming) per-
formed before correction. Median long-read quality measured
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in the Phred scale showed an increase from 12.90 to 14.50 after
trimming. Approximately 5% of the reads were discarded during
adaptor removal and quality trimming (Figure 2). From the re-
maining reads, 99% were above Q10 and 81% were above
Q12 (Figure S3 and Table S3). Next, we integrated the pre-pro-
cessed short- and long-read sequencing data to perform a
hybrid error correction of the long reads. We observed a
balanced base composition in the Burrows-Wheeler transform
created from all pre-processed short reads. However, we
consistently noticed that RopeBWT2,%° one of the tools used in
the hybrid error correction steps (more details on develop-
ment-and-implementation at the HyDRA GitHub repository -
https://github.com/isabela42/HyDRA), outputs a base count
report in which thymine base counts and N (undefined) base
counts are swapped. This has been addressed in HyDRA, which
now outputs the correct base counts to the user (Table S3).

Despite base quality information being lost after long-read
correction, no sequences were discarded at this point, implying
that all reads that survived trimming were corrected and kept for
further processing (Table S3).

Most RNAseq library preparation protocols include a ribode-
pletion or poly(A) selection step, but rRNAs still represent a large
portion of the sequenced data.*’ These are considered cognate
contaminants, meaning they are reads originating from unde-
sired RNA types and must be removed prior to the de novo as-
sembly. Using a database of known rRNA sequences
(Table S1), we have included a step in HyDRA where pre-pro-
cessed reads are computationally filtered to remove ribosomal
contamination. During quality assessment with FastQC,*' two
long-read sequences identified as overrepresented were
confirmed through BLAT searches to be human rRNAs.*? On
average, short-read data contained 6.00% of rRNA-derived
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Figure 3. Treated long-read sequences reaching up to 35 kb aligned to the human genome using BLAT
These eight pre-processed reads (four from FTSEC and four from OSEC samples) were aligned against the human genome (GRCh38) in a UCSC BLAT search to
confirm they were valid sequences. The sequencing reads aligned to (A) AHNAK, (B) DST, or (C) LYST.

reads and long-read data contained 16.30% (Figure 2 and
Table S3). These numbers align with expected rRNA sequencing
levels, even after ribodepletion during library preparation.*®

Long-read sequences of up to 35 kb were kept and used
for assembly

The longest known human transcript is TTN (titin), with
109,224 nt,** thus we anticipated that certain long-read se-
quences in our dataset would be significantly longer than the re-
ported average of 1-3 kb,'®'® potentially including ultra-long
reads over 100 kb in length. Indeed, although the average length
of the raw long reads was 1024 nt, the longest was 103,744 nt
(Figures S4A-S4C and Table S3). FastQC analysis indicated
that, while reads with up to ~30,000 nt had the expected base
composition (i.e., balanced proportions of A, T, C, and G), longer
sequences presented a distinctively biased pattern of nucleotide
composition, rich in thymines and guanines (Figure S4B). In light
of this, we implemented an additional QC step to analyze
sequence lengths throughout the pipeline and allow users to re-
move sequences with unexpected nucleotide composition (fas-
ta_splitter.py; Figure S4D). After all read treatment steps were
performed, the eight remaining longest sequenced reads
(Table S3; 30-35 kb) were aligned to the GRCh38 reference
genome using BLAT*? (Figure 3). All were confirmed as valid hu-
man sequences, aligning to AHNAK (desmoyokin), DST (dysto-
nin), or LYST (lysosomal trafficking regulator). All treated long-
read sequences were used for de novo assembly, including
those reaching 35 kb. Importantly, this maximum length is
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dependent on the input data, the tissue(s), developmental stage,
and species being analyzed. Additionally, through fasta_split-
ter.py, HyDRA gives users the option to strictly keep sequences
that have up to n nt in length.

HyDRA based hybrid transcriptome assembly performs
better than alternative approaches

To assess HyDRA'’s overall performance, we generated several
assembilies using the same set of treated reads but different as-
semblers: hybrid approaches (raSPAdes'? and StringTie2);
short-read-only approaches (Trinity v.2.8.4** and StringTie2*%);
and a long-read-only approach (StringTie2%). The resulting as-
semblies were subjected to the same processing steps as their
HyDRA counterpart. To evaluate the quality of these assembilies,
we used a subset of the metrics reported in a recent benchmark
study’® and respective normalized score (0-1). These metrics
included transcript length, N50, reference coverage, open
reading frame (ORF) percentage, undefined base count, and
conserved orthologs representation. Benchmarking showed
the HyDRA-rnaSPAdes assembly to be the best-performing
method, even considering the nuances of the different tested da-
tasets. Based on the normalized score, the HyDRA-rnaSPAdes
assembly performed over 80% better than the hybrid approach
obtained with StringTie2,*> with a performance two times better
compared to StringTie2’s short-read-only approach and almost
60% better compared to its long-read-only assembly approach.
Compared to other methods, the HyDRA-rnaSPAdes assembly
performed on median ~28% better than the best-performing
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(B) BUSCO analysis shows assembly completeness based on the percentage of recapitulated orthologs. Colored regions show recapitulated orthologs, opposed
to the gray segments in the pie charts, which represent the known orthologs in the database that were not recapitulated in the analyzed assembly.

short-read-only approach® reaching up to ~35% in one of the
benchmarked datasets and outperformed the top-ranked de
novo assembly tool alone by over 40% (Figure 4A and
Table S4).“° Our hybrid approach with rnaSPAdes generated
857,736 transcript sequences, reaching up to 67,466 nt, with
an average transcript length of 2,409 nt and GC content of
~44% (Table S4), which agrees with the reported human GC
content of coding (~52%) and noncoding (~44%) isoforms.*’
In terms of assembly contiguity, the N50 is an important metric
defined as the length of the sequence at which 50% of the total
assembly size is contained in sequences of at least that length.
For the benchmarked datasets, HyDRA produced assemblies
with N50 varying from 1283 to 6708 nt, which reflects how a
hybrid approach can represent full-length human transcripts
(Table S4). For comparison, Holzer and Marz’s best performing
assembler produced a transcriptome with an N50 of 441 nt
(15.21 times smaller than HyDRA’s assembly)“® and Bitar et al.
an N50 of 1383 (4.85 times smaller than HyDRA’s assembly).”
The highest N50 observed by Hoélzer and Marz was 2381 nt
(2.82 times smaller than HyDRA’s assembly), but this study
showed that the assembler performed poorly compared to the

other tools and metrics.“® Here, while investigating the contribu-
tion of adding long reads to transcriptome assembly, we
used multiple short-read-only (Bitar et al.* pipeline-based
and StringTie2*°), long-read-only (StringTie2*®) and hybrid
(maSPAdes'? and StringTie2*%) assembly methods applied to
HyDRA-treated data. The calculated N50 of the short-read-
only assembly was up to three times smaller than HyDRA's,
and the assembly had double the number of transcripts. This
suggests HyDRA can generate less fragmented assemblies
that are likely to better recapitulate full-length transcripts while
maintaining high overall quality. Compared to the long-read-
only assembly, HyDRA showed an N50 almost twice as long
and ~25% more transcripts, indicating an advantage in inte-
grating short and long reads for custom transcriptome assembly.
Similar to the N50, the N90 metric corresponds to the transcript
length at which 90% of the total assembly size is contained in se-
quences of at least that length. Using our hybrid approach, we
achieved an N90 up to ~1000 nt, meaning that 90% of the tran-
scripts in the HyDRA assembly are sequences matching the
average human transcript length.”” This demonstrates the over-
all contiguity of the produced custom transcriptome (Table S4).
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The HyDRA-generated assembly accurately recapitulated
several aspects of the human transcriptome. For example,
BUSCO analysis revealed that >98% of the eukaryotic (297/
303), 91.9% of the vertebrata (2376/2586), and 87.8% of the
mammalian (3606/4104) conserved orthologs were captured in
our hybrid assembly of the ovarian metatranscriptome, indi-
cating overall completeness (Figure 4B). These values were
consistent with those obtained across all the benchmarked
hybrid, short-read-only, and long-read-only assemblies/assem-
blers (Figure 4B and Table S4). According to TransRate, the
custom hybrid assembly covered 24% of the reference human
transcriptome (GENCODE), which is comparable to the 23—
26% achieved with the best-performing assembler tools found
by Hélzer and Marz*® (Table S4). For perspective, HyDRA's tran-
scripts cover approximately 12% of the reference genome, while
the exons and UTRs in the reference annotation (GENCODE v36)
cover approximately 5% (genome coverages were calculated
with BedTools genomecov®®).

Splicing assessment showed 30% of transcripts to be
multiexonic

Most assemblies to date disregard monoexonic transcripts, but
recent evidence has shown this class to contain conserved
IncRNAs of functional relevance.*®"®' Similar to Bitar et al.,*
we have kept the monoexonic transcripts in our assembly, as
long as they had high read support. Transcripts aligned to the
reference human genome (GRCh38) were classified as mono-
exonic or multiexonic according to the presence of “N” tags
in the alignment file. A minimum length of 50 nt was defined
to differentiate introns from insertions and deletions (indels),
which aligns with current knowledge about human introns.
Before filtering out low read support transcripts, HyDRA’s
hybrid assembly showed a ratio of multiexonic:monoexonic
transcripts of 3:7 (~232,000 transcripts were classified as mul-
tiexonic and ~619,000 as monoexonic; Figure 4C and
Table S4). For comparison, the short-read-only approach
showed a ratio of 3:17 (~143,000 were multiexonic and
~740,000 were monoexonic). This difference is likely guided
by the power of long reads to resolve transcript architecture
and improve overall isoform assembly.
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Removing transcripts with low read support helps remove
technical artifacts and transcriptional leakage products, as well
as problematic transcripts arising from misassembly. As
HyDRA integrates short and long reads, read support for each
transcript was calculated based on a combination of both sub-
sets, which is computationally and biologically challenging. In
HyDRA, redundant transcripts are collapsed prior to read sup-
port calculations. This redundancy reduction step removed
~8,500 transcripts from the original assembly (Table S4). From
the remaining ~224,500 multiexonic and ~618,000 monoexonic
transcripts, ~189,000 (84.34%) and ~13,000 (2.12%) respec-
tively, passed the more permissive RPKM cut-off for read sup-
port (0.3 and 3 RPKM). As expected, the number of supported
transcripts was much lower when using the stricter RPKM cut-
off (1 and 5 RPKM), with a 90% decrease in multiexonic
(~20,000) and 50% decrease in monoexonic transcripts
(~7,300) passing the filtering step. Since we previously validated
transcripts with low read support by gPCR, confirming that the
less stringent cut-off still identifies bona fide transcripts,” we
opted to use these transcripts for further analysis. The ratio of
multiexonic to monoexonic transcripts in the assembly is 1:14,
maintaining the expected IncRNA ratio observed in the telo-
mere-to-telomere (T2T) human genome (T2T-CHM13).%? In totall,
the final filtered custom assembly consists of 202,459 tran-
scripts, providing a comprehensive representation of the normal
ovarian metatranscriptome.

Identification of unannotated IncRNAs in HyDRA’s
custom transcriptome

To assess the coding potential of the 202,459 transcripts, we
ran three machine learning models from the ezLNCpred pack-
age, CPAT, CNCI, and CPC2.%® On average, at least two of
the models agree on 61% of the noncoding predictions
(93,899), suggesting that these methods are more effective at
confirming the absence of ORFs rather than detecting their
presence. Additionally, 26.6% (40,969) had no coding potential
detected by any of the three models (Figure 5A and Table S5). A
total of 47,281 transcripts were predicted by at least two
models as noncoding and not by any model as protein-coding.
We decided to include all 93,899 transcripts predicted as
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noncoding by at least two of the tools in our further analysis
(Figure 5B and Table S5).

FEELnc was trained using the GENCODE GRCh38 transcrip-
tome annotation of protein-coding and IncRNA transcripts.*®
This enabled us to identify which of the 202,459 transcripts
assembled by HyDRA had IncRNA characteristics. To ensure
robust predictive capability, we exclusively used experimentally
validated GENCODE IncRNAs. FEELnc predicted 101,878 tran-
scripts to be IncRNAs (Table S5). This represents about half
the total number of transcripts in our custom transcriptome, indi-
cating that IncRNAs constitute a significant proportion of ex-
pressed transcripts in normal ovarian and fallopian tube tissues.
Importantly, more than 60% of these (61,166) IncRNAs were
supported by at least two of the three ezLncPred machine-
learning models (Figure 5B) and selected as candidate IncRNAs.

The majority of these candidate IncRNAs were multiexonic,
which may reflect the biased training dataset. From the 61,166
candidate IncRNAs, 629 showed a bidirectional overlap of at least
85% with a protein-coding transcript and a minimum identity of
75%. We believe these to be either false positives that our methods
failed to detect, or noncoding isoforms of protein-coding genes.
Although monoexonic and sense genic transcripts (i.e., those
overlapping protein-coding genes in the same strand) are function-
ally relevant, it is difficult to differentiate these from technical arti-
facts or transcriptional leakage. Furthermore, sense genic
IncRNAs cannot easily be uncoupled from the corresponding pro-
tein-coding gene, and we have included a restrictive alignment
step in HyDRA to facilitate their removal. From the remaining
60,537 IncRNAs, 228 were already annotated in GENCODE
(GRCh38: 19 multiexonic; 1 monoexonic) or the in-house database
of over 112,000 IncRNA transcripts (124 multiexonic; 84 monoex-
onic) as exact matches. We also intersected the coordinates of the
remaining 60,309 IncRNAs with those of protein-coding genes us-
ing BedTools,*® revealing 7,615 exon-overlapping transcripts, re-
sulting in the identification of 53,551 high-confidence IncRNA tran-
scripts. Importantly, HyDRA was designed to split monoexonic
and multiexonic sequences after assembly, which allows users
to easily focus on either or both sets of transcripts.

To demonstrate the functional relevance of these 53,551 high-
confidence IncRNA transcripts from the normal ovaries and fal-
lopian tubes, we assessed their expression profiles in a different
subset of sequenced RNA samples (unrelated but biologically
similar to those used for assembly). We used publicly available
RNAseq data from normal and cancerous ovarian and fallopian
tube tissues found in the RNA Atlas project.” Most of
HyDRA’s IncRNAs (46,317 or 86.49% with at least 0.1 TPM
and 27,257 or 50.90% with at least 0.5 TPM) were detected in
at least one of these samples, demonstrating its efficiency in
assembling both annotated and unannotated IncRNA tran-
scripts, through the integration of long- and short-read RNAseq
data. We expect the remaining IncRNAs to have not been de-
tected due to their specificity regarding expression in limited
celltypes, conditions, or at low levels, which are likely not entirely
represented in the RNA Atlas project.

Limitations of the study
This study has several strengths, including the application
of high-throughput long-read technology, benchmarking
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on different RNAseq datasets, and comprehensive QC
throughout pipeline design and implementation. However,
there are limitations worth discussing. First, while bench-
marking was performed for choosing a hybrid assembler
and a long-read error correction tool, we relied on published
benchmarking studies to choose other tools integrated in
HyDRA. It is worth noting that some of the existing tools
had issues or specificities which prevented us to consider
them our benchmarking (see development-and-implementa-
tion at the HyDRA GitHub repository - https://github.com/
isabelad2/HyDRA). Reflecting bias from the available data,
HyDRA was implemented and benchmarked using poly(A)-
captured RNAseq reads. Future applications will likely test
HyDRA'’s efficiency in assembling comprehensive (e.g., ribo-
depleted) RNAseq. Although this is not a limitation specific
to HyDRA, we expect it to have an impact on the number of
identified IncRNA transcripts, as current estimates suggest
about 40% of all IncRNAs are non-polyadenylated. Addition-
ally, the majority of datasets used in this work were derived
from cancer samples. Although we do not expect any
changes in performance in non-cancerous datasets, as we
have seen with the normal ovarian and fallopian tube data,
there is a limitation in our study for not including other disease
types. HyDRA’s performance in different datasets was
compared at the assembled transcriptome stage, before
IncRNA identification. To the best of our knowledge, this
was the most adequate comparison, as the number and the
isoforms of IncRNAs are expected to vary widely across
different tissues, cell types, diseases, and stages. This would
not support a direct comparison between the IncRNA sets,
and the absence of a gold standard means IncRNA discovery
was not a useful measure of HyDRA'’s performance. We there-
fore only performed IncRNA discovery as a proof of principle
for the ovarian metatranscriptome.

Despite these limitations, HyDRA is a comprehensive pipeline
that integrates short- and long-read sequencing data for a true-
hybrid de novo transcriptome assembly and IncRNA discovery.
We used deep, short- and long-read RNAseq from ovarian and
fallopian tube epithelial cells, breast and uveal melanoma sam-
ples to develop, validate, and assess the efficacy of the pipeline
in generating a high-quality custom transcriptome. We have
shown that HyDRA’s assembly performed up to 40% better
than the benchmarked alternative approaches. Based on this
custom assembly, we identified 61,166 candidate IncRNAs,
among which 60,309 have not been previously annotated, and
53,551 showed no overlap with protein-coding transcripts. In
summary, HyDRA is a high-performing hybrid-assembly tool
capable of facilitating accurate transcriptome reconstruction
and advancing IncRNA annotation.

RESOURCE AVAILABILITY

Lead contact

Requests for further information and resources should be directed to and will
be fulfilled by the lead contact, Dr. Maina Bitar (maina.bitar@qimrberghofer.
edu.au).

Materials availability
This study did not generate new unique reagents.
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Data and code availability

® All original codes have been deposited at GitHub at https://github.com/
isabela42/HyDRA and https://github.com/isabela42/GRADE2 and are
publicly available in source and executable form without charge for
nonprofit, academic, and personal uses under MIT licenses.”®>°

® All data generated and used in this study are available in the key
resources table and details in Table S2.

® Any additional information required to reanalyze the data reported in this
paper is available from the lead contact upon request.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Chemicals, peptides, and recombinant proteins

DMEM/F-12 medium Thermo Fisher Scientific Cat. # 11320033

Fetal bovine serum (FBS) Thermo Fisher Scientific Cat. # 26140079

L-Glutamine Thermo Fisher Scientific Cat. # 25030081

ReproLife™ Complete Kit Lifeline Cell Technology Cat. # L0068

Fallopian tube epithelial cell Medium Kit AcceGen Cat. # ABM-TM5521

Ovarian epithelial cell Medium Kit AcceGen Cat. # ABM-TM3743

Media 199 Thermo Fisher Scientific Cat. # 11825015

MCDB 105 Medium Sigma-Aldrich Cat. #M6395

Ovarian epithelial cell Medium Sciencell Cat. # 7311

Critical commercial assays

RNeasy Plus Mini Kit Qiagen Cat. # 74134

High Sensitivity RNA ScreenTape Agilent Cat. # 5067-5579

TruSeq stranded mRNA library prep kit lllumina Cat. # 20020594

Ribo-Zero™ Plus rRNA Depletion Kit lllumina Cat. # 20040526

Nanopore Barcoding Kit 24 V14 Oxford Nanopore Cat. # SQK-NBD114.24
Technologies

PromethlON™ P48 Flow Cell Oxford Nanopore Cat. #FLO-PRO114M

Technologies

Deposited data

Short-read RNAseq of FTSEC/
OSEC cell lines

Long-read RNAseq of FTSEC/
OSEC cell lines

Short- and long-read RNAseq
of uveal melanoma

Short- and long-read RNAseq
of breast cancer

Short-read RNAseq from the
RNA Atlas

Experimental Models: Cell Lines
Human: IOSE397
Human: IOSE7576

Human: Ovarian epithelial
cells (Lot#24593)

Human: Ovarian epithelial
cells (Lot#7859)

Human: Ovarian epithelial cells
Human: FT282
Human: FT194

Human: Fallopian tube epithelial
cells (Lot#2839)

Human: Fallopian tube epithelial
cells (Lot#4583)

Human: Fallopian tube epithelial cells

This study
This study
Zhang et al.”®

Bitar et al.*

Lorenzi et al.>*

Canadian Tissue Bank
Canadian Tissue Bank
ScienCell

ScienCell

AcceGen
ATCC
ATCC
BioScientific

BioScientific

AcceGen

GEO: GSE327033

GEO: GSE327033

GEO: GSE206464

N/A

GEO: GSE138734

RRI
RRI
Cat

Cat

Cat
Cat
Cat
Cat

Cat

Cat

D: CVCL_5541
D: CVCL_E227
. #7310

. #7310

. # ABC-TC3743

. # CRL-3449; RRID: CVCL_A4AX
. # CRL-3445; RRID: CVCL_UH58
. # FC-0081

. # FC-0081

. # ABC-TC5521
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REAGENT or RESOURCE SOURCE IDENTIFIER

Software and algorithms

NanoPlot (v 1.41.6)

NanoComp (v 1.41.6)

FastQC (v 0.12.1)

MultiQC (v 1.14)
Fasta_splitter.py (v v1.0.6)
seqtk (v 1.3)

Porechop (v 0.2.4)
Chopper (v 0.5.0)
Cutadapt (v 3.9.13)
Rcorrector (v 1)

Reformat (v 39.01)

FilterUncorrectabledPEfastq.
py (v 2016)

RopeBWT2 (v r187)
FMLRC2 (v 0.1.7)
Trimmomatic (v 0.36)
BBDuk (v 39.01)
Bowtie2 (v 2.2.9)
SAMtools (v 1.9 - for HyDRA)
RSeQC (v 2.6.4)
DeepTools2 (v 3.5.0)
RnaSPAdes (v 3.14.1)
BUSCO (v 20161119)
BLAST (v 2.2.31+)

Trinity (v 2.8.4)
TransRate (v 1.0.3)
Fastg-pair (v 20231003)
GMAP (v 45127)

Picard (v 2.19.0)
Minimap2 (v 2.26)
CD-HIT (v 4.6.8)
BEDOPS (v 2.4.41)
BedTools (v 2.29.0)
ezlLncPred (v 1)

UCSC Tools (v 20160223)

FEELnc (v 0.2)
HTSIib (v 1.19.1)
gtf2gff (v 0.1)

genestats (v 1)

PBLAT (v 2.5.1)
StringTie2 (v 3.0.0)
HGCoLoR (v 20210120)

De Coster et al.”’

De Coster et al.”’

Andrews et al.*'

Ewels et al.®

This study?®
Li59

Wick®®

De Coster et a
Martin®'

Song and Florea®
Bushnell®®

Freedman®

|-57

Li20

Mak>?

Bolger et al
|63

|.65

Bushnel

Langmead and Salzberg®®

Danecek et al.®”

Wang et al.®®

Ramirez et al.®®
Prjibelski et al.'?
Simé&o et al.*®
Camacho et al.”®
Grabherr et al.**

Smith-Unna et al.?®

Edwards and Edwards’"

Wu and Watanabe’®
Broad Institute”®
Li™

Fuetal.”®

Neph et al.”®

Quinlan and Hall®*®
Xu et al.*®
NullModel””

Woucher et al.®”
Bonfield et al.”®

Moore’®

This study®®
Wang and Kong®’
Kovaka et al.*®
Morisse et al.?!

https://github.com/wdecoster/
nanopack

https://github.com/wdecoster/
nanopack

http://www.bioinformatics.
babraham.ac.uk/projects/fastqc

https://github.com/MultiQC/MultiQC
https://github.com/isabela42/HyDRA
https://github.com/Ih3/seqtk
https://github.com/rrwick/Porechop/
https://github.com/wdecoster/nanopack
https://github.com/marcelm/cutadapt
https://github.com/mourisl/Rcorrector
https://sourceforge.net/projects/bbmap/

https://github.com/harvardinformatics/
TranscriptomeAssemblyTools

https://github.com/Ih3/ropebwt2.git
https://github.com/jwanglab/fmirc2
https://github.com/usadellab/trimmomatic
https://sourceforge.net/projects/bbmap/
https://github.com/BenLangmead/bowtie2
https://github.com/samtools/samtools
http://code.google.com/p/rseqc/
deeptools.ie-freiburg.mpg.de
http://cab.spbu.ru/software/spades/
http://busco.ezlab.org

ftp://ftp.ncbi.nim.nih.gov/blast/
executables/blast+

http://TrinityRNASeq.sourceforge.net
http://github.com/Blahah/transrate
https://doi.org/10.1101/552885
http://www.gene.com/share/gmap
https://github.com/broadinstitute/picard
https://github.com/Ih3/minimap2
http://cd-hit.org
http://code.google.com/p/bedops/
http://code.google.com/p/bedtools
https://pypi.org/project/ezLncPred/

https://github.com/ENCODE-DCC/
kentUtils

https://github.com/tderrien/FEELnc
htslib.org

https://github.com/The-Sequence-
Ontology/GAL

https://github.com/isabela42/HyDRA
http://icebert.github.io/pblat
https://github.com/skovaka/stringtie2
https://github.com/morispi/HG-CoLoR
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REAGENT or RESOURCE SOURCE IDENTIFIER

LoRDEC (v 0.9) Salmela and Rivals® https://github.com/cmonjeau/docker-
lordec

STAR (v 2.7.1a) Dobin et al.®® https://github.com/alexdobin/STAR

SAMtools (v 1.3 - for RNAseq) Danecek et al.%” https://github.com/samtools/samtools

NovoSort (v 3.05.01) Novocraft Technologies http://www.novocraft.com/

Sdn Bhd, Malaysia

RSEM (v 1.2.30) Li and Dewey® https://github.com/deweylab/RSEM

InteractiVenn Herberle et al.?® https://heberleh.github.io/
interactivenn/web/

Adobe lllustrator (v 28.5) Adobe Inc. 2024 https://www.adobe.com/
products/illustrator.html

HyDRA (v 1.0.0) This study?® https://github.com/
isabela42/HyDRA

GRADE (v 2.0.0) This study®® https://github.com/isabela42/
GRADE2

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

FTSEC and OSEC cell lines culture/growth conditions

Primary and immortalized fallopian tube secretory epithelial cells (FTSEC) and ovarian surface epithelial cells (OSEC) were used in this
study. Thaw and culture of primary and immortalized FTSECs and OSECs was conducted in specific growth media (Table S2). Cell
lines were maintained under standard conditions (37°C, 5% CO,), tested for Mycoplasma, profiled for short tandem repeats, and
harvested at 70-80% confluence for RNA extraction (Table S2).

METHOD DETAILS

RNAseq sample preparation and sequencing

RNA was extracted from primary and immortalized FTSEC and OSEC cell lines using the QIAGEN RNeasy Plus Mini kit (Table S2).
One microgram of total RNA was rRNA depleted with the Ribo-Zero Plus kit according to the manufacturers’ instructions (lllumina).
Short-read RNAseq libraries were prepared using the Truseq Stranded mRNA Library Prep Kit (lllumina), and sequenced at high
depth (PE150, > 75 million reads per sample; Table S2) on the lllumina Novaseq 6000 (Australian Genome Research Facility, Mel-
bourne, Australia). High sequence depth is considered best practice for IncRNA discovery, as they are often expressed at low levels
and have poor isoform representation.®® For long-read sequencing, RNA was extracted from one FTSEC and one OSEC cell line
(Table S2). ONT cDNA libraries were generated with polyadenylation enrichment and SQK-NBD114.24 native barcoding kit at the
Garvan Institute’s Nanopore Sequencing Facility (Australia). Samples were barcoded using the supplied PCR barcodes and
sequenced at high depth (> 69 million reads per sample; Table S2) on the PromethlON P48 flowcells (FLO-PRO114M - R10.4.1).
The slow5 files were base-called using Guppy v.6.4.6+ae70e8f and MinKNOW v.22.12.5 by the Garvan Institute’s Nanopore
Sequencing Facility (Australia).

Additional datasets for benchmarking
In addition to the in-house RNAseq dataset described above, we have used two additional datasets for benchmarking HyDRA. These
include uveal melanoma data from GSE206464 (BioProject PRUNA851027)°° and breast cancer data described in Bitar et al.*

Databases and reference genome versions

We used the human genome GCRh38 release 79°° for IncRNA identification and annotation, and the T2T-CHM13 genome®? for long-
read effects on the produced transcriptome assembly. The GENCODE annotation for GCRh38 was used as the reference transcrip-
tome. A previously published database of 169 human rRNA sequences,” with the addition of two sequences identified from our
FastQC analysis (Table S3), was used to filter pre-processed reads for ribosomal contamination. To identify which of the discovered
IncRNAs were known from the reference and which were present only on the custom assembly, we used all annotated IncRNAs in
GENCODE GRCh38 together with a comprehensive database of >112,000 known IncRNA genes from 8 public repositories (BIGtran-
scriptome, MiTranscriptome and LNCipedia from IncRNAKB®”; Cabili et al.?®; CancerSEA®%; Lanzos et al.?; LncRNADisease®' and
RNAcentral®?), as described in Bitar et al.” Experimentally confirmed protein-coding and IncRNAs annotated in the same GENCODE
version were used to train the machine-learning algorithms FEELncfilter, FEELnc_codpot and FEELnc_classifier.®”
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Parameters used for the ovarian and fallopian tube custom assembly

A comprehensive list of the parameters used in each step is available in Table S1). Importantly, we used default parameters in most of
the tools and steps throughout HyDRA, having only changed these to be stricter during the quality control threshold for long-read
data. In line with this, we defined both a restrictive and permissive set of cut-offs for read support. A strict read support of 3
RPKM was enforced for monoexonic transcripts, but we relaxed the cut-off to 0.3 RPKM for multiexonic transcripts. This is in agree-
ment with Bitar et al.* and maintained the expected ratio of multiexonic to monoexonic IncRNAs of 14:1, consistent with annotations
based on the T2T genome. A stricter threshold of 5 RPKM and 1 RPKM, respectively, was also tested. Importantly, IncRNAs ex-
pressed at ~0.5 RPKM had previously been experimentally confirmed by our group with an 80% success rate.”

Expression profiles of IncRNA transcripts

RNAseq analysis was run based on the GRADE (General RNAseq Analysis for Differential Expression) pipeline* and TPM counts
derived from STAR alignments,®® sorted with SAMtools®” and NovoSort (Novocraft Technologies Sdn Bhd, Malaysia, http://www.
novocraft.com/), and quantified with RSEM.®* Modifications to the updated version (GRADE?2) scripts now allow the user to quantify
reads based on any user-provided transcriptome sequence and are available online.® The expression profiles of IncRNAs were as-
sessed in (i) ovarian and fallopian tube whole tissue; (ii) high-grade serous ovarian carcinoma (HGSOC) tumor samples, including ho-
mologous recombination (HR)-deficient and HR-proficient; and (iii) HGSOC cell lines. Public RNAseq of ovarian and fallopian tube
samples, sequenced at high depth, were obtained from the RNA Atlas project.®* Transcripts with at least 0.1 TPM counts in a sample
were considered as expressed.

Bioinformatics tools used for HyDRA’s development and benchmarking

Our pipeline integrates 39 open-source tools'?+20:28:32-34.:36-38,41.57-80 and rns through a series of BASH scripts. A comprehensive
list of the all tools used in each step is available HyDRA GitHub repository?® (https://github.com/isabela42/HyDRA, Table S1). HyDRA
was developed using an x86_64 GNU/Linux operational system in an HPC environment where computational tasks are allocated in
PBS. We have also implemented a Docker container image with all tools/versions used in this study, which can be converted into a
Singularity/Apptainer container image, as described on the HyDRA GitHub repository. Resources used for pipeline development are
indicated in each script and can be controlled by the user according to their available computational power. The length evaluation
script, fasta_splitter.py, was developed in Python 2.7+. To assess HyDRA’s assembly, we have benchmarked several assembly
methods using the normal primary and immortalized FTSEC and OSEC, breast cancer and uveal melanoma datasets. We have tested
short-read-only Bitar et al.* pipeline-based and StringTie2*®), long-read-only (StringTie2*) and hybrid (raSPAdes'? and
StringTie2"°) assembly methods based on HyDRA treated reads of the described datasets. Multiple long-read error correction tools
were also benchmarked (FMLRC2,?° HGColLoR®' and LoRDEC®?). BLAT (BLAST-like alignment tool implemented at the UCSC
genome browser) searches*” were performed to confirm rRNA sequences, long-read sequences and investigate identified IncRNAs.
Plots were produced either directly by the underlying tools (referenced in text) or with Python 2.7-+. 2®Venn Diagrams were generated
with InteractVenn.® Figures were edited in Adobe lllustrator v.28.5.

QUANTIFICATION AND STATISTICAL ANALYSIS
All statistical analysis performed are underlying the tools used for the development and benchmarking of HyDRA. The used datasets
are described in Table S2. The profiling of the HyDRA IncRNAs discovered from the ovarian metatranscriptome was performed using

the GRADE?2 pipeline (RSEM-based). Their expression profiles were assessed in public RNAseq of ovarian and fallopian tube sam-
ples from the RNA Atlas project® (Table S5). Transcripts with at least 0.1 TPM counts in a sample were considered as expressed.
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