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BSTRACT 

xf or d Nanopore direct RNA sequencing (DRS) is ca- 
able of sequencing complete RNA molecules and 

ccurately measuring gene and isoform expression. 
o we ver, as DRS is designed to profile intact RNA, 
xpression quantification may be more heavily de- 
endent upon RNA integrity than alternative RNA 

equencing methodologies. It is currently unclear 
ow RNA degradation impacts DRS or whether it can 

e corrected for. To assess the impact of RNA in- 
egrity on DRS, we performed a degradation time se- 
ies using SH-SY5Y neuroblastoma cells. Our results 

emonstrate that degradation is a significant and 

ervasive factor that can bias DRS measurements, 
ncluding a reduction in library complexity result- 
ng in an overrepresentation of short genes and iso- 
orms. Degradation also biases differential expres- 
ion anal yses; ho we ver, we find that e xplicit correc- 
ion can almost fully recover meaningful biological 
ignal. In addition, DRS pr o vided less biased pr o- 
ling of partially degraded samples than Nanopore 

CR-cDNA sequencing. Overall, we find that sam- 
les with RNA integrity number (RIN) > 9.5 can be 

reated as undegraded and samples with RIN > 7 

an be utilized for DRS with appropriate correction. 
hese results establish the suitability of DRS for a 

ide range of samples, including partially degraded 

n vivo clinical and post-mortem samples, while limit- 
ng the confounding effect of degradation on expres- 
ion quantification. 

NTRODUCTION 

ellular fate and function are tightly regulated by networks 
f expressed genes. Therefore, accurate quantification of 
he transcriptome is crucial in understanding how cells be- 
ave in physiological and disease contexts. RNA sequencing 

RNA-seq) has become the prevailing method for quantify- 
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ng the abundance of RNAs and elucidating the complex 

nd dynamic nature of the transcriptome ( 1–3 ). 
Numerous factors affect RNA abundance, including the 

ates of transcript production and decay. RNA degrada- 
ion has a substanti v e impact on the transcriptome and 

an occur both through regulated processes within living 

ells to remove unwanted RNAs and due to cellular dam- 
ge and death ( 4–12 ). Regulated decay rates for individ- 
al RNAs can vary 100-fold or more ( 13 ) and are affected
 y a v ariety of cellular stimuli and mRNA features such 

s %GC ( 14 ), transla tional termina tion codon position and 

U-rich elements ( 12 , 15 ). Death of the organism or re- 
oval of cells from their tissue environment can also lead 

o mRNA degradation due to ischaemia and e v entual cell 
eath, while sample handling and storage practices such 

s freeze–thawing can compromise cellular membrane in- 
egrity, exposing mRNA to RNases ( 4 , 12 ). 

A ppropriatel y controlling for RNA degradation when as- 
essing gene and isoform expression levels can be challeng- 
ng and degradation is often unavoidable when working 

ith post-mortem, clinical or field samples. Such samples 
ay have undergone both regulated and stochastic RNA 

egradation caused by factors such as storage, handling and 

ecrosis. Ther efor e, RNA expr ession levels may no longer 
aithfully r epr esent true in vivo le v els. Profiling samples with 

ow or variable RNA quality r equir es accounting for the 
onfounding effects of RNA quality on gene and isoform 

uantification ( 7 ). 
The standard metric used to assess RNA quality is the 
NA integrity number (RIN). RIN is a global measure 
f RNA quality (on a scale of 0–10) defined by the ra- 
io of 28S to 18S ribosomal RNA ( 16 ). More recently, 
ene / isoform-specific integrity scores, calculated from the 
NA-seq datasets under investigation, such as mRIN ( 17 ), 

ranscript integrity number ( 18 ) and DegNorm ( 8 ), have 
lso been de v eloped. These metrics have been used in dif- 
erent ways to account for the effects of degradation on 

NA expression quantification. One approach is to exclude 
amples below an arbitrary RIN cut-of f. W hile simple, this 
ethod is not always applicable as it may exclude useable 

amples and does not account for variability in the RNA 

ntegrity of included samples. An alternati v e approach is to 
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sequence samples and attempt to model and correct for
RNA degradation. Such methods assume that transcripts
degrade at variable rates for a gi v en le v el of RNA degrada-
tion and implement a model tha t incorpora tes gene-specific
degradation to account for confounding effects ( 6–8 , 19 ).
Studies have found that RIN performs well in accurately as-
sessing mRNA quality and correcting for RNA degradation
( 7 ), although it cannot fully account for gene-specific de-
cay rates ( 6 , 9 ), while gene / isoform-specific scores produce
mix ed r esults ( 8 ). 

Recently, third-generation long-read sequencing tech-
nologies such as Oxford Nanopore Technologies (ONT)
and PacBio have grown in popularity for expression pro-
filing. Long-read methods can sequence entire mRNAs in
a single read, enabling improved identification and quan-
tification of genes and isoforms ( 20 ). Howe v er, long-read
methods are potentially more sensiti v e to RNA degradation
as they often attempt to profile only undegraded, full-length
mRNAs and / or can be limited to RNAs that retain a polyA
tail. In contr ast, the RNA fr agmentation and r andom prim-
ing of cDNA synthesis in Illumina short-read sequencing
allow the detection of incomplete mRNA fragments and
can ther efor e generate useable r esults from significantly de-
graded RNA ( 7 , 21 ). 

A recently de v eloped long-read sequencing method from
ONT allows RNA to be sequenced directly ( 22 ). Unlike
most long-read methods that require re v erse transcription
and / or PCR, direct RNA sequencing (DRS) utilizes na-
ti v e RNA, allowing it to profile RNAs as they exist in the
cell and reduce potential sequencing biases. DRS can de-
tect novel isoforms ( 23–27 ), accurately quantify genes and
isoforms ( 28 ), characterize RNA modifications ( 29 , 30 ) and
measure polyA tails ( 24 , 26 ). Howe v er, DRS still r equir es
ligation of a sequencing adaptor to the 3 

′ end of the RNA,
with the default strategy being to ligate the adapter to an in-
tact polyA tail ( 31 ). Thus, DRS will only sequence isoforms
with an undegraded 3 

′ end unless alternati v e strategies such
as in vitro polyadenylation or sequence-specific adaptors are
utilized ( 32 , 33 ). The need for an adaptable 3 

′ end may there-
fore introduce degradation biases that ar e mor e se v ere than
other sequencing methodolo gies, potentiall y making DRS
impractical at certain RIN values. It is currently unknown
how degradation affects DRS and whether methods used to
account for degradation can be implemented to obtain ac-
cura te quantifica tion da ta. Consequently, there is a need to
determine a suitable range of RIN values in which we can
accuratel y a ppl y DRS w hile limiting the confounding effect
of degradation on downstream analyses. 

To evaluate the impact of RNA degradation on DRS,
we created an 8-h degradation time series of human SH-
SY5Y cells. We included a range of samples with differing
RINs, from a minimum of 7 to a maximum of 10. We found
tha t RNA degrada tion had a pervasi v e impact on DRS
results, leading to fewer full-length reads, reduced library
complexity and an overr epr esentation of shorter genes and
isoforms. Howe v er, almost all genes and isoforms could
still be detected in degraded samples and explicit correc-
tion for RNA integrity (using RIN) almost completely re-
moved the impact of degradation on differential expression
(DE) analyses. Comparison to ONT PCR-cDNA sequenc-
ing demonstrated that DRS is not overtly more sensitive
to RN A degradation, w hile DRS of human post-mortem
brain confirmed that useable results can be obtained from
partially degraded in vivo samples. We establish the effects
and correcti v e measures of degradation on DRS and pro-
vide a range of RIN values within which reliable data can
be generated. 

MATERIALS AND METHODS 

Cell culture 

Human SH-SY5Y cells wer e cultur ed in growth me-
dia under standard conditions (5% CO 2 , 37 

◦C) with
DMEM + GlutaMAX (Thermo Fisher, 10567-014), sup-
plemented with 10% foetal bovine serum (Thermo Fisher,
A4766801) and 1% penicillin–streptomycin (10 000 U / ml)
(Thermo Fisher, 15140122). 

RNA degradation and extraction 

To assess the reliability and scope of long-read sequencing
on degraded or suboptimal RNA, a degradation time series
was performed using the human SH-SY5Y neuroblastoma
cell line. SH-SY5Y cells were grown to 100% confluency
in T175 flasks. Cells were trypsinized using TrypLE Ex-
press Enzyme (Thermo Fisher, 12604-021) and combined
into one 50 ml falcon tube, spun gently at 800 rpm to form
a cell pellet and supernatant was remo ved. Tw o additional
wash steps in DPBS (Thermo Fisher, 14190-144) solution
removed traces of culture media, TrypLE and cell-free RNA
without disturbing the cell pellet. The clean cell pellet was
then resuspended by gentle pipetting in 250 �l of DPBS.
Two 40 �l T0 control / non-degraded sample aliquots were
then collected and placed into 1.5 ml Eppendorf tubes, 1
ml of QIAzol (QIAGEN) was added and pipette mixed to
disrupt the cells, and samples were incubated for 5 min and
placed on dry ice. 

Next, we implemented our degradation method, which
we optimized to degrade RNA to a RIN range between
7 and 10. This range retains enough long RNAs to make
DRS worthw hile, w hile at the same time provides a broad
enough range to measure the effects of degradation and pro-
vides a frame wor k to compare ideal samples (RINs between
9.5 and 10) with high-quality samples that have experienced
some RNA degradation (RINs of 7–9). 

To degrade RNA in the r emaining cells, cells wer e fr eeze–
thawed by placing the 50 ml falcon tube on dry ice for 10
min befor e r eturning it to room tempera ture. Duplica te 40
�l samples were collected at the following time intervals:
0.5, 1, 2, 3, 4, 6 and 8 h. The cell suspension was gently
agitated before sample collection to ensure that sampling
was from a homogeneous cell solution. Immediately after
collection, cells were disrupted using 1 ml of QIAzol and
incubated for 5 min before being placed on dry ice. RNA
extractions were performed using RNeasy Lipid Tissue Kit
(QIAGEN, 74804) according to the manufacturer’s instruc-
tions. A maximum of six samples were extracted at any one
time and samples were randomly assigned to extractions to
reduce extraction times and minimize ba tch ef fects. RNA
quality (RIN) was assessed on a TapeStation 4200 (Agi-
lent) and RNA purity on a NanoDrop (Thermo Fisher),
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 hile RN A concentration was assessed using a Qubit flu- 
rometer (Thermo Fisher). QC data are available in Sup- 
lementary Table S1. The degradation time series was per- 

ormed on three separate occasions to ensure that replicates 
ere available for each time point. We selected 15 samples 

or DRS, with at least 2 samples included from each of the 
ix time points. Samples were chosen based on RNA pu- 
ity and yield. All selected samples had highly pure RNA 

ith low le v els of contaminants that could affect DRS li- 
r ary prepar a tion. In addition, they had a t least 15 �g of to-
al RNA, enough for polyA+ purification and DRS library 

onstruction. 

ibr ary pr epar ation and sequencing 

o pr epar e RNA for sequencing, a minimum of 15 �g of 
otal RNA from each sample was polyA+ purified using 

0 ml of NEXTflex polyA+ beads (Bioo Scientific). Sam- 
les were randomized, purified and sequenced in groups 
f 3–5 to reduce batch effects. The concentration of puri- 
ed RNA was assessed using a Qubit fluorometer. Sequenc- 

ng libraries were prepared immediately thereafter using the 
QK-RNA002 kit (ONT) using a minimum input of 120 

g of polyA+ RNA (Supplementary Table S1). Synthetic 
equin V3 spike-in RNA controls ( 34 ) were added to each 

ample at 10% of total mRNA, with control samples receiv- 
ng Mix A and all other samples Mix B. Libraries were se- 
uenced on the GridION (ONT) using FLO106 flow cells 
nd MinKNOW (v20.10.6) to generate FAST5 files. FAST5 

les were basecalled with Guppy (v3.5.2) (ONT) to create 
ummary text files and FASTQ files. 

RNA from 250 mg of post-mortem cerebellum tissue (ob- 
ained from the Victorian Brain Bank) was extracted and 

olyA+ purified according to the methods stated above. 
QK-RNA002 library preparation was performed with 500 

g of pol yA RN A as input and sequenced on a Prome- 
hION flow cell (FLO-PRO002). FAST5 files were base- 
alled with Guppy (v3.5.2) (ONT). Nanopore PCR-cDNA 

equencing was also performed on four samples, two con- 
rol (T0) and two 6 h post-degrada tion trea tment, using 

he SQK-PCS110 kit (ONT) as per the manufacturer’s in- 
tructions. Sequin controls ( 34 ) were included at 10% as 
er dRN A sequencing. cDN A samples were sequenced on 

he GridION using FLO106 flow cells using MinKNOW 

v20.10.6) and basecalled with Guppy (v4.2.3) (ONT). 

equencing metrics and quality control 

nitial data analysis was performed using pycoQC ( 35 ) to 

ather general sequencing metrics. All analyses were per- 
ormed on pass reads [quality ( Q ) score ≥7] unless other- 
ise stated. 

enome and transcriptome alignment 

ASTQ files containing ONT pass reads were aligned 

o the human (GRCh38) ( 36 ) and synthetic sequin ( 34 ) 
enome and transcriptome using minimap2 (v2.17) ( 37 ). 
he genome alignments were performed using the splice- 
ware mode of minimap2 -ax splice -uf as recommended. 
he transcriptome alignments were performed using the 
ong-read mode for ONT data -ax map-ont -k14 to retain 

ultiple secondary alignments. 

ull-length transcript identification 

ead and isoform coverage fractions were calcu- 
ated and full-length transcripts identified from 

r anscriptome B AM files using BamSlam ( https: 
/github.com/josiegleeson/BamSlam ) ( 28 ). Read cover- 
ge fractions were used to assess the proportion of original 
ranscript length covered by each mapped read. Read 

over age fr actions were calculated by dividing the length 

f each read’s best alignment (alignment with highest 
lignment score) by the known isoform length. We also cal- 
ulated an isoform coverage fraction, defined as the median 

ead coverage fraction per detected isoform. Reads were 
 equir ed to cover at least 95% of their annotated isoform 

o be classed as full length. As a complementary metric for 
ull-length reads, we also calculated the percentage of reads 
hat aligned within 50 nt of the annotated 3 

′ end and within 

5 nt of the annotated 5 

′ end of their assigned isoform 

s per Workman et al. ( 26 ). Gene body coverages were 
alculated using RSeQC ( 38 ) using standard parameters. 

iltering for single isoform genes 

e filtered the comprehensi v e gencode.v31.gtf file for single 
soform genes. We extracted gene IDs and a bed file contain- 
ng genomic coordinates for all single isoform genes using 

he following script: https://github.com/Sefi196/RNA Deg/ 
lob/main/scripts/filter gtf for single isoform genes.R . 
ext, we filtered the BamSlam output files using the single 

soform gene list and then generated isoform coverage plots. 
o generate gene body coverages, we filtered bam files with 

edtools v2.3 ( 39 ) using the intersect feature. We filtered 

or reads that are contained within the single isoform gene 
ed file. Then, gene body coverages were calculated using 

SeQC ( 38 ) using the filtered bam files. The complete work- 
ow is available at https://github.com/Sefi196/RNA Deg/ 
lob/main/scripts/single isoform gene body coverage.sh . 

ene and isoform quantification and differential expression 

uantifica tion a t the gene le v el was performed using 

eatureCounts (v1.6.5) ( 40 ). Isoform quantification was 
erformed with Salmon (v1.10.1) ( 41 ) and NanoCount 
v1.0.0) ( 28 ). The commands used for each quantification 

ool can be found at https://github.com/Sefi196/RNA Deg/ 
lob/main/scripts/Quantification commands.sh . Both hu- 
an and sequin transcripts were quantified and estimated 

ounts were used for DE analysis. DE of genes and iso- 
orms was detected using the R package DESeq2 (v1.32.0) 
 42 ) utilizing a GLM frame wor k with time to lysis as a
actor ( ∼time), and batch effects and sample RIN as co- 
ariates. Only genes or isoforms with a minimum of 10 

ormalized counts in at least fiv e samples were consid- 
red for DE analysis. The full DE workflow can be found 

t https://github.com/Sefi196/RNA Deg/blob/main/scripts/ 
iffer entialExpr ession-wor kflow.R . To inv estigate the im- 
acts of degradation on quantification, we extracted TPM 

alues from NanoCount and Salmon and plotted the TPM 

https://github.com/josiegleeson/BamSlam
https://github.com/Sefi196/RNA_Deg/blob/main/scripts/filter_gtf_for_single_isofrom_genes.R
https://github.com/Sefi196/RNA_Deg/blob/main/scripts/single_isoform_gene_body_coverage.sh
https://github.com/Sefi196/RNA_Deg/blob/main/scripts/Quantification_commands.sh
https://github.com/Sefi196/RNA_Deg/blob/main/scripts/differentialExpression-workflow.R
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of the control samples (T0) against all other time points
(T1–T5). Next, we fit a linear r egr ession and calculated
Pearson ’s and Spearman ’s correla tion coef ficients. Quantifi-
cation was performed with the same input bam files for both
NanoCount and Salmon. 

Genes and isoforms that can no longer be detected 

To identify genes and isoforms that could no longer be de-
tected at 8 h post-freeze–thaw treatment, we used normal-
ized gene and isoform counts obtained from the DESeq2
pipeline. Undetectable genes and isoforms were defined as
per the following criteria: 

1. Fi v e or more normalized counts in at least four of the
first fiv e samples (T0 and T1). 

2. Zero normalized counts in both samples at 8 h. 
3. We fit an exponential decay curve to each gene or iso-

form and selected those with a Pearson’s correlation co-
efficient ( r ) ≥ 0.5. 

K -means clustering and gene enrichment 

Log fold change values produced by DESeq2 were used
for gene and isoform clustering. Clustering was performed
with the stats package (v4.1.0) in R implementing a K -
means clustering algorithm with 100 iterations. Genes and
isoforms were clustered into four groups representing the
following: (i) appar ent upr egulation (upr egulation and in-
cr eased r elati v e abundance of highly stable RNAs); (ii) sta-
ble (i.e. that maintain or slightly increase in apparent abun-
dance); (iii) slow degradation; and (iv) fast degradation.
Log fold change values were normalized using the cen-
tr oid values fr om cluster 2. This normalization accounts
for relati v e changes in abundance that may make stable
genes appear upregulated as genes or isoforms degrade
throughout the time series. To compare gene / isoform ar-
chitecture between the degradation clusters, we extracted
gene and isoform fea ture informa tion (UTR length, gene
length and CDS length) from the comprehensi v e GEN-
CODE v31 annotation file. We extracted %GC content
from the BioMart database v2.0 ( 43 ). The full workflow
is available at https://github.com/Sefi196/RNA Deg/blob/
main/scripts/Gene Isoform ar chitectur e.R . Statistical com-
parisons between clusters were performed with an ANOVA
and post-hoc analysis using Tukey’s test. Identification of
overr epr esented Gene Ontology (GO) terms among each
cluster was performed with Goseq (v1.44.0) ( 44 ) a ppl ying
the ‘hypergeometric ’ method. The background dataset used
in all cases included the 7864 genes that passed filtering
steps and was used for DE and K -means clustering. 

RESULTS 

Degradation time series to model changes in RNA quality 

As RNA from post-mortem, clinical or field samples is of-
ten partially degraded prior to sequencing, we set out to
examine the effects of this degradation on long-read DRS.
We implemented a degradation time series on SH-SY5Y
neuroblastoma samples (Figure 1 A) (see the ‘Materials and
Methods’ section) where samples w ere freeze–thaw ed in
PBS and then left at room temperature for up to 8 h. This
tr eatment r eplicates aspects of in vivo samples, including
loss of external nutrients, cellular stress and loss of mem-
brane integrity. Three replicates of the degradation time se-
ries were performed. We selected 15 samples for DRS from
six time points [0 (control), 0.5, 1, 3 or 4, 6 and 8 h), with at
least 2 sample replicates included at each time point. 

Sample RINs ranged from 9.9 for the 0 h controls to 7.2
at 8 h (Table 1 and Supplementary Table S1). We hypoth-
esized that DRS would be highly sensiti v e to RNA degra-
dation and so targeted RINs between 7 and 10, as this is a
plausible range f or man y higher quality post-mortem, clin-
ical or field samples. Furthermore, to investigate the possi-
bility that e v en small shifts in RNA integrity might affect
DRS r esults, we cr eated a time series with only small ( < 1)
changes in RIN between each time point. 

Sample degradation impedes full-length isoform detection
and introduces a short isoform bias 

As expected, a strong, negati v e correlation was identified
between time to lysis and RNA integrity, r = −0.95 and P <
0.001 (see Supplementary Table S1). Sample RIN was also
strongly associated with key sequencing metrics, including
sample N50, r = 0.78 and P < 0.001; median aligned length
(primary alignments only), r = 0.83 and P < 0.001; percent-
age of full-length transcripts, r = 0.68 and P < 0.001; and
median cover age fr action at both the read, r = 0.76 and P <
0.001, and transcript isoform le v els, r = 0.84 and P < 0.001
(Table 1 ). Throughout the time series, we observed reduc-
tions of 44% in read N50, 33% in median aligned read
length, 36% in full-length transcripts, and 31% and 45% in
read and isoform coverage fractions, respecti v ely (Tab le 1 ).
An alternati v e definition of full-length transcripts showed a
similar trend, with a 20% reduction in reads aligned within
25 bp of the 5 

′ and 50 bp of the 3 

′ of their assigned iso-
forms. These demonstrate that changes between RINs 7 and
10 r epr esent large changes to the underl ying mRN A. No
significant changes in global sequencing metrics were ob-
served between 0 (control) and 0.5 h samples, suggesting
that changes in samples with RIN > 9.5 are below the de-
tection threshold of DRS and / or that small differences in
samples with RINs above 9.5 do not r epr esent meaningful
differences in RNA integrity. 

To further assess the impact of degradation-induced
changes on overall read lengths, we compar ed r ead length
distributions at baseline with e v ery other time point (Fig-
ure 1 B and C). Changes in read lengths are minimal at 0.5
h; howe v er, poorer quality samples contain an increasing
proportion of shorter read lengths. Our data confirm that
longer reads become increasingly difficult to sequence be-
low a RIN of ∼8.5, with < 5% of reads exceeding a length
of 1.5 kb compared to 16% in the baseline control samples
(Figure 1 C). 

Ne xt, we e xamined read cov erage across gene bodies
(Figure 1 D). As DRS requires intact 3 

′ ends, which are se-
quenced first, we observe a 3 

′ bias in coverage, consistent
with pr evious r eports ( 28 , 31 , 45 ). RNA degradation exacer-
bates this 3 

′ bias, with substantial declines in gene body cov-
erage below a RIN of 9.5. We then asked whether a decrease
in coverage depended on isoform length. In undegraded
control samples, both read and isoform coverage frac-
tions show similar tr ends, wher e incr easing isoform length

https://github.com/Sefi196/RNA_Deg/blob/main/scripts/Gene_Isoform_architecture.R
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Figure 1. Experimental ov ervie w and DRS degradation metrics. ( A ) SH-SY5Y cells were cultured, freeze–thawed and left at room temperature for up to 8 
h. Nati v e polyA purified SH-SY5Y RNA was combined with ‘sequin’ spike-in RNA and pr epar ed for DRS on an Oxford Nanopore GridION. Reads were 
analysed to identify the effect of degradation on library sequencing metrics and differential gene and isoform analysis. ( B ) DRS read length distributions. 
Control read length distribution shown as a dashed line compared to all other time points. ( C ) Proportion of reads from each time point stratified by read 
lengths. The bar graph indicates the proportion of reads within 500 nt bins. Numbers on bars r epr esent the proportion of reads in that bin rounded to the 
nearest whole number. Segments representing < 5% are not labelled. ( D ) Gene body coverage of SH-SY5Y reads. Length of all genes has been normalized 
to 100 and plotted from 5 ′ (0) to 3 ′ (100). Lines show mean coverage for all genes across the gene body length. Lower coverage at extreme 3 ′ corresponds 
to soft clipping of the first bases sequenced that often have lower phred quality. ( E ) Read and isoform coverage fractions. Read coverage fraction (left): 
fraction of isoform length covered by each read. Isoform coverage fraction (right): median coverage fraction of all reads mapped to each isoform. X -axis 
range limited to 10 kb as majority of reads and isoforms lie within this r ange. ( F ) Detection r ates str atified by length. Proportion of genes and isoforms 
detected (count ≥1) stratified by length. Samples with RIN < 9 show higher detection rates at short lengths ( < 1000 bp) and lower detection ra tes a t long 
lengths ( > 1000 bp) compared to control. 
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Table 1. DRS metrics 

Time post- 
degradation 
treatment (h) 

Average 
RIN 

N50 
(bp) 

Median 
aligned 

length (bp) 

Full-length 
transcripts 

(%) 

Transcripts 
within 25 bp 
of 5 ′ and 50 
bp of 3 ′ (%) 

Median 
coverage 

fraction per 
read 

Median 
coverage 

fraction per 
isoform 

Number of 
genes 

detected per 
1M reads 

Number of 
isoforms 

detected per 
1M reads 

0 ( n = 3) 9 .8 1378 773 25 20 0.68 0.53 14 727 33 502 
0.5 ( n = 2) 9 .6 1460 774 24 19 0.67 0.52 14 849 34 387 
1 ( n = 2) 9 .3 1203 697 20 17 0.57 0.42 14 942 34 431 
3–4 ( n = 3) 8 .7 1009 628 19 17 0.53 0.38 14 733 35 164 
6 ( n = 3) 8 .2 925.6 607 20 18 0.53 0.35 14 663 34 043 
8 ( n = 2) 7 .25 777 518 16 16 0.47 0.29 14 459 33 806 
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correlated with a decrease in coverage, as shown previously
( 23 , 28 ) (Figure 1 E). This likely represents increased sensi-
tivity of longer RNAs to degradation during RNA extrac-
tion and library preparation. The same trend is evident and
becomes progressi v ely more prominent as samples degrade.
The effect is not uniform, howe v er, as short isoforms ( < 600
bp) exhibit very similar coverage fractions to those in un-
degraded samples, while longer isoforms ( > 600 bp) display
a grea ter ra te of cover age fr action decline (Figure 1 E and
Supplementary Figure S1A and B). The rate of coverage
fraction decline is significantly correlated with RIN (read
coverage: r = 0.76 and P < 0.001; isoform coverage: r = 0.84
and P < 0.001) and has the largest impact on isoforms
between 750 and 2000 bp long (Figure 1 C). These results
show that longer isoforms are more significantly affected by
RNA degradation, rendering detection of long full-length
isoforms more difficult with lower quality samples. Con-
versely, detection of short full-length transcripts appears to
be minimally impacted by degr adation, demonstr ating that
lower quality samples may still be suitable when examining
expression of short genes and isoforms. 

We next asked w hether RN A degrada tion af fected gene
and isoform detection ra tes. W hile RNA degrada tion did
not significantly impact the number of detected genes and
isoforms ( P = 0.98 and P = 0.82, Supplementary Figure
S2), a higher proportion were under 1 kb in lower RIN
samples, with a corr esponding decr ease in the proportion
above 1 kb (Figure 1 F). Collectively, these data substanti-
a te tha t library complexity is impacted by degradation, with
longer features being more susceptible to degradation, while
shorter genes and isoforms remain more resistant to degra-
dation resulting in a short gene and isoform bias. 

To verify that the short gene and isoform bias we detected
is a result of degradation and not a consequence of incorrect
isof orm assignment, we perf ormed the same analysis on sin-
gle isoform genes. By doing so, we removed the possibility
of incorrect isoform assignment, which could result in over-
estimation of some transcripts over others. Our results show
tha t degrada tion has the same effect on single and multiple
isoform genes (Supplementary Figure S1C and D) indicat-
ing that isoform estimation error is not a major factor im-
pacting these findings. 

Assigning reads to isoforms becomes more challenging as
samples degrade 

The human transcriptome contains many highly similar iso-
forms, which leads to difficulties in assigning DRS reads
to their correct isoform of origin ( 31 , 46 ). We recently de-
veloped the NanoCount software package to improve DRS
read assignment and quantification ( 28 ). After filtering our
data using NanoCount, we find a substantial improvement
in general sequencing metrics (Figure 2 A and B, and Sup-
plementary Table S2), including an increased proportion of
reads with only a primary alignment ( ∼20%). 

Gi v en the important role of full-length reads in accu-
rate isoform assignment, we hypothesized that assignment
would be more ambiguous as samples degrade, leading to
mor e r eads with multiple (i.e. secondary) alignments. Sup-
porting this, we observed a correlation between the pro-
portion of reads with fiv e or more secondary alignments
and decreased RIN ( r = 0.90 and P < 0.001, Figure 2 B).
Howe v er, the impact of decreased RIN was small compared
to the improvement obtained with NanoCount, suggesting
that NanoCount performs well on partially degraded RNA
and tha t accura te quantifica tion of isoforms should be
feasible. 

Almost all genes and isoforms are still detectable in degraded
samples 

We wanted to determine whether there were any genes and
isoforms we could no longer detect at 8 h post-degradation
treatment. Nearly all genes and isoforms with detectable ex-
pression at T0 and / or 0.5 h were detected throughout the
entire time series, with only 2 genes (Supplementary Fig-
ure S3A) and 34 isoforms (Supplementary Figure S3B) no
longer detectable at 8 h. A majority (68%) of these isoforms
showed classical exponential decay patterns with Pearson’s
correla tion coef ficient r ≥ 0.7, supporting their susceptibil-
ity to degradation. Howe v er, both the genes and 82% of
the isoforms were lowly expressed ( < 25 normalized counts)
a t T0, demonstra ting tha t genes and isoforms tha t are no
longer detectable at 8 h are likely to be those that are lowly
expressed to begin with and ther efor e fall below the detec-
tion threshold for DRS during the time series. Almost all
genes and isoforms can still be detected at a RIN of ∼7. 

Degr adation r ates ar e associated with gene and isof orm ar -
chitecture 

We sought to increase our understanding of gene and tran-
script degradation dynamics in our time series. Using K -
means clustering, we grouped log fold change data (rela-
ti v e to 0 h) into four groups (each group outlining how
gene / isoform abundances change over time): (i) Genes or
isoforms that have appar ent upr egulation. This may seem
counterintuiti v e gi v en that most changes in abundance are
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ikely the result of RNA degradation; ne v ertheless, as our 
xperimental design treats cells and does not inhibit tran- 
cription, it is possible for some cells to be transcriptionally 

cti v e throughout the time series. (ii) Genes or isoforms that 
re stable (i.e. that maintain or slightly increase in apparent 
bundance). (iii) Genes or isoforms that degrade slowly. (iv) 
enes or isoforms that degr ade r a pidl y. Of the 7864 genes

lustered, we identified 4.9% (383) that show apparent up- 
egulation, 19.1% (1500) that are stable, 48.6% (3820) with 

low degradation and 27.5% (2161) with rapid degradation 

Figure 3 A and Supplementary Figure S4). 
Pr evious short-r ead studies have identified RNA charac- 

eristics that associate with degradation rate ( 7 ). To inves- 
igate whether similar results are obtained with DRS, we 
ooked for gene characteristics that were associated with 

egradation clusters. By ANOVA we found significant dif- 
erences between clusters in GC content ( P < 0.001), UTR 

engths (5 

′ and 3 

′ ) ( P < 0.001), CDS lengths ( P < 0.001)
nd total gene length (5 

′ UTR + CDS + 3 

′ UTR) ( P <
.001) (Figure 3 ). Genes that degrade faster have lower 
C content (0.6%) (Figure 3 B) and longer UTRs (5 

′ UTR 

8 bp and 3 

′ UTR 932 bp) (Figure 3 C and D), CDS 

engths (124 bp) and total gene lengths (947 bp) (Figure 
 E) when compared to the stab le cluster . We observ e sim-
lar trends between isoform clusters (Supplementary Fig- 
re S5) and in single isoform genes (Supplementary Fig- 
re S6), though manual inspection of isoforms in the ‘Up’ 
luster (Supplementary Figure S5) suggested that it may be 
nriched f or isof orms w hose expression a ppears to change 
ue to degradation-induced read misassignment. As shown 

y the Eta-squared values, differences in 3 

′ UTR lengths 
ere the most important factor separating each cluster 

art/lqad060_f2.eps
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Figure 3. Characteristics of gene degradation clusters. Up, upregulated; slow, slow degradation; fast, rapid degradation. ( A ) Centroid of each K -means 
cluster deri v ed from log 2 fold change data scaled to 0 h. %GC ( B ), 5 ′ UTR length ( C ), 3 ′ UTR length ( D ) and complete transcript length (UTRs + CDS) 
( E ) of genes in each cluster. In the interest of clarity, panels (C)–(E) omit outliers (1.5 × IQR). Outliers are included in statistical analysis. All lengths 
(UTRs and total gene lengths) are median values. * P < 0.05, ** P < 0.01 and *** P < 0.001. Statistical comparisons between clusters were performed with 
an ANOVA and post-hoc analysis using Tukey’s test. ( F ) GO terms most associated with genes in the fast-degrading cluster. The 10 most significant terms 
are shown. P -values adjusted using Bonferroni correction for multiple testing. 
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(Supplementary Table S3). Since DRS generally r equir es
an intact polyA tail to sequence an RNA, this highlights
how 3 

′ UTR length / stability is the key factor affecting tran-
script detection and quantification with DRS. Our data thus
suggest that the lengths of all gene / isoform features are
relevant factors that affect degradation, emphasizing that
degr adation r ates are gene and isoform specific. 

We investigated whether degradation clusters differ
meaningfully in terms of biological categories (Supplemen-
tary Table S4). Among the ra pidl y degraded cluster, we
found a clear overr epr esentation of GO terms associated
with DNA binding proteins and transcription factors (Fig-
ure 3 F). These data agree with previous findings, which
have also demonstrated that transcription factor mRNAs
degrade quickly ( 47 ). The upregulated cluster contained 10
molecular cha perones, w hich could be a response to the
cellular stress introduced in our degrada tion trea tment, in-
cluding HIF1A , a gene known to regulate cellular responses
to hypoxia (Supplementary Table S5). These GO enrich-
ments further demonstrate the non-random nature of RNA
degradation and highlight the importance of accounting for
degradation biases in DRS experiments. 

RNA degradation hinders DE analysis 

A key goal in transcriptomic studies, including DRS, is
identification of DE of genes and isoforms, which r equir es
accurate and sufficiently unbiased expression quantifica-
tion. Principal component analysis (PCA) confirmed that
RNA integrity was the major contributor to sample vari-
ance at both the gene and transcript le v els (PC1 60%
and 66%, respecti v ely) (Figure 4 A). PC2 separated samples
by degrada tion replica te, despite randomiza tion of sample
pr ocessing fr om RNA extraction thr ough to sequencing,

art/lqad060_f3.eps
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Figure 4. Differential gene and isoform expression. ( A ) PCA of samples grouped by time. PCAs generated with gene and isoform counts obtained using 
featur eCounts and NanoCount, r especti v ely. Colours show RIN / time points and shapes show degradation experiments. ( B , C ) Quantification of fold 
changes between Mix A and Mix B sequin genes and isoforms using a standard GLM or GLM + RIN. Sequins with significant DE are in blue. Trend 
line shows slope from linear r egr ession with shaded grey region indicating a 95% confidence interval for regression slope. Correlation ( r ) is Spearman’s 
correlation. ( D , E ) Volcano plots of sequin genes and isoforms with / without the inclusion of sample RIN in GLM. Adjusted P -value < 0.05 was considered 
significant for DE. 
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suggesting that RNA degradation is quite heterogeneous,
e v en under identical conditions. 

Gi v en the significant effects of RNA degradation on the
transcriptome, we investiga ted wha t impact this had on dif-
ferential gene and isoform expression analyses. Genes and
isoforms identified as DE should largely be a result of degra-
da tion trea tment ra ther than true biological signal. We as-
sessed gene and isoform DE with DESeq2 ( 42 ) accounting
for replicates ( ∼replicate effects + time). 

We did not detect any DE genes between the 0 h control
and 0.5 h post-treatment, further demonstrating that the ef-
fects of degradation at this early time point are minimal. At
1 h post-treatment, we detected 36 DE genes. Both the num-
ber of DE genes and the magnitude of expression changes
increased as RNA degrades reaching 381 DE genes by 8 h,
with a similar trend evident at the isoform level (Table 2 ).
Isoform DE was tested following quantification with both
Salmon ( 41 ) and NanoCount. NanoCount was consider-
ably less susceptible to RNA degradation-induced false-
positi v e DE identification (0 versus 213 at 0.5 h, 549 versus
762 at 8 h). 

We investigated the impact degradation had on
NanoCount and Salmon quantification by comparing
isoform counts at 0 h to all other time points (Supple-
mentary Figure S7). Results showed consistently higher
correlations with NanoCount and less impact from degra-
da tion, demonstra ting tha t quantifica tion with NanoCount
is more robust to sample degradation. Thus, the lower num-
ber of NanoCount false positi v es is likely due to improved
isoform assignment reducing the impact of degradation
on isoform quantification and hence the biases in the
GLM model. This is further supported by the number
of NanoCount DE isoforms more closely resembling the
number of DE genes, where correct assignment is not a
major issue. Taken together, these results demonstrate that
e v en modest RNA degradation (RIN 7) can bias expression
quantification and leads to a large number of DE false
positi v es if not corrected for. 

Correction of DRS degradation biases on differential
expression 

Our GLM frame wor k shows clear e vidence of a degrada-
tion bias as detection of DE genes and isoforms is largely
a result of degradation and not a real biological effect.
We ther efor e tried to account for these degradation bi-
ases by adding sample RIN as a covariate to our model
( ∼RIN + replicate effects + time). We also compared our
GLM to the DegNorm pipeline ( 8 ) for gene DE (Table 2 ).
Including RIN as a covariate drastically reduced the num-
ber of DE genes and isoforms across time points (Table 2 ).
Using a GLM + RIN also outperformed DegNorm gene-
specific degradation modelling, though DegNorm was de-
signed for short reads and may perform suboptimally on
DRS. NanoCount again outperformed Salmon and there-
fore all downstream isoform analyses were performed with
NanoCount. The observation that the inclusion of RIN
drastically reduced the number of DE genes and isoforms
not only shows that sample RIN is an accurate measure
of sample degradation, but also demonstrates that the ad-

dition of RIN into a GLM frame wor k is sufficient in re-  
ducing degradation-induced variation to almost zero for
DRS. 

The addition of RIN in the GLM does not bias DE analysis 

To confirm that RIN does not over corr ect our model and
mask true expression changes between time points, we used
synthetic controls (sequins) to assess the impact of RIN
on the GLM. We added synthetic mixes into our samples
prior to library preparation after the degradation time se-
ries; ther efor e, sequins should not show degradation over
time. Control ( t = 0) samples recei v ed Mix A, while all other
samples recei v ed Mix B. Mix A and Mix B contain the same
synthetic genes and isoforms in dif ferent concentra tions to
simulate changes in expression. Visualizing the sequin data
using a PCA demonstrated separation of Mix A and Mix B
samples (Supplementary Figure S8). 

Our results confirm that concentration changes in se-
quin genes and isoforms were accurately measured in both
the GLM and GLM + RIN analyses, with the correlations
between the known and observed sequin fold changes all
≥0.95 with slopes close to 1 (Figure 4 B and C). Further-
more, we detected true DE of sequin genes and isoforms
after inclusion of RIN and no false-positi v e DE. These re-
sults suggest that correcting for RIN does not over corr ect
the data to abolish DE detection or create false-positi v e re-
sults. Howe v er, inclusion of RIN does increase the number
of DE false negati v es (Figure 4 D and E), likely due to the
inclusion of additional covariates in the model reducing ex-
perimental power. Increased sequencing depth would help
overcome this issue as sequin genes and isoforms with rel-
ati v ely large counts and log fold changes (absolute log fold
change > 2.5) are detected as DE using either frame wor k.
Overall, our results confirm that the inclusion of RIN does
not pre v ent detection of true DE by DRS while removing
almost all degradation-induced false positi v es. 

Comparing degradation due to freeze–thaw with post-mortem
tissue 

We wanted to confirm that degradation induced by freeze–
thaw was comparable to a real biological sample that had
undergone degradation due to normal handling and pro-
cessing. We performed DRS on a post-mortem human
brain sample with RIN = 7.8 and compared sequencing
metrics to samples from our time-series data. The percent-
age of full-length transcripts detected, as well as median
cover age fr actions a t the read, isoform and gene bod y lev-
els, falls within the range of a high-quality but partially
degraded sample (Table 3 and Supplementary Figure S9).
Both the N50 and median aligned lengths were longer than
the SH-SY5Y samples, which is likely a consequence of dif-
ferences in gene and isoform expression between SH-SY5Y
cells and cerebellum. These data show that RNA degrada-
tion induced by freeze–thaw is a useful model for the effects
of degradation in decaying or dying tissue. 

Comparison of long-read PCR-cDNA and DRS sequencing
of degraded samples 

In addition to DRS, we generated data using Oxford
Nanopore PCR-cDNA sequencing on four SH-SY5Y sam-
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Table 2. DE genes and isoforms 

GLM GLM + RIN 

Time point 
DE genes 

(featureCounts) 
DE genes 

(DegNorm) 
DE isoforms 

(Salmon) 
DE isoforms 
(NanoCount) 

DE genes 
(featureCounts) 

DE isoforms 
(Salmon) 

DE isoforms 
(NanoCount) 

0 versus 0.5 h 0 0 213 0 0 154 0 
0 versus 1 h 36 2 265 28 4 35 0 
0 versus 3–4 h 164 74 239 207 12 7 10 
0 versus 6 h 169 232 314 259 0 0 0 
0 versus 8 h 381 439 762 549 0 0 0 

Number of genes / isoforms tested for DE: featureCounts, 7885; DegNorm, 9158; Salmon, 11 993; NanoCount, 10 607. 

Table 3. Comparing PCR-cDNA and DRS sequencing metrics 

Time post-degradation 
treatment (h) 

Average 
RIN 

N50 
(bp) 

Median 
aligned length 

(bp) 
Full-length 

transcripts (%) 
Median coverage 
fraction per read 

Median coverage 
fraction per 

isoform 

Brain 7 .8 1730 904 21 0.52 0.44 
PCR-cDNA 0 ( n = 2) 9 .8 1230 575 38 0.84 0.51 

6 ( n = 2) 7 .95 879 498 29 0.62 0.33 
DRS 0 ( n = 2) 9 .8 1527 778 26 0.70 0.55 

6 ( n = 2) 7 .95 957 623 20 0.54 0.36 
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les (two at 0 h and two at 6 h). We were interested in com-
aring these two sequencing approaches to assess which 

ould be most suitable for profiling partially degraded 

NA. The PCR-cDNA protocol should enrich for full- 
ength transcripts, and we hypothesized that this would 

ake it less susceptible to RNA degradation. Our results 
how that PCR-cDNA produced a greater percentage of 
ull-length transcripts as expected, but that read lengths 
ere shorter for both intact and partially degraded RNA 

Table 3 ). Stratifying by length demonstra ted tha t PCR- 
DNA libraries were biased towards genes and isoforms un- 
er 1 kb and had a lower detection rate of longer genes and 

soforms (Figure 5 ). These findings are likely a result of the 
CR step biasing read lengths, as shorter molecules amplify 

ore efficiently. In the partially degraded samples, we see 
ess of a difference between sequencing methods (Table 3 ); 
owe v er, DRS still provided a less biased r epr esentation of 
he transcriptome when compared to the PCR-cDNA sam- 
les at 6 h. 

ISCUSSION 

RS offers the unique ability to measure RNA as it exists in 

he cell, including sequencing complete RNA molecules and 

ccura te quantifica tion of gene and isoform e xpression le v- 
ls ( 28 ). As applications for DRS expand, it will be crucial 
o understand the different sample types DRS can be ap- 
lied to and which analysis methods will ensure accurate re- 
ults. As many post-mortem, clinical and field samples have 
ome le v el of RNA degradation, it is important to know 

ow RNA decay impacts DRS and whether these effects can 

e corrected for and to establish the minimum RNA quality 

 equir ed for DRS. We find that e v en moderate degradation 

n what would generally be considered high-quality samples 
RIN > 7) has pervasi v e impacts on mRNA and hence DRS 

esults. Howe v er, the impact of degradation on a DE anal- 
sis can be effecti v ely corrected for. Our results inform the 
se of DRS by providing a frame wor k for analysing par- 
ially degraded samples, or a range of samples with differing 
INs. DRS can ther efor e be applied to a variety of samples 
ith varying quality while limiting the confounding effect 
f degradation on downstream analysis. 
Our time series of RNA degradation focused on samples 

ith a RIN between 7 and 10. We chose this range because 
linical and / or post-mortem samples commonly fall within 

his range and we hypothesized that long-read sequencing 

f nati v e RN A would be highl y sensiti v e to degradation.
s reasonably intact RNA is r equir ed to enable many of 

he advantages of long-read RNA-seq methods, the RIN 

ange tested in this study is smaller than previously exam- 
ned for short-read RN A-seq w here highl y degraded RN A 

RIN < 4) was also utilized ( 7 ). We demonstrate that DRS is
usceptible to degradation-induced biases affecting global 
equencing metrics, reducing both library complexity and 

he ability to accurately profile long genes and isoforms. 
NA degradation impacts DRS in two broad ways: 5 

′ or 
nternal degrada tion tha t decr eases r ead coverage and iso- 
orm assignment and 3 

′ degradation impacting quantifica- 
ion, especially of genes and isoforms with long 3 

′ UTRs. 
 known limitation of DRS is accurate isoform assignment 

 28 , 31 , 46 ), w hich is largel y attributable to non-full-length
eads and the many highly similar isoforms present in com- 
lex transcriptomes. The impacts of degradation exacer- 
ate assignment ambiguity due to lower coverage towards 
he 5 

′ end of transcripts, increasing the difficulty in distin- 
uishing similar isof orms. Theref ore, isof orm assignment 
rrors also have the potential to lead to isoform quantifi- 
ation errors and such issues should be car efully consider ed 

hen dealing with samples of lower quality. The impact of 
egradation, while pervasi v e, did not pre v ent detection of 
lmost all genes and isoforms and the overall decrease in 

soform assignment was small. Our data also demonstrated 

hat shorter genes and isoforms remain relati v ely stab le e v en
n suboptimal samples (RIN 7), suggesting that DRS can 

till be applied without explicit correction if the detection 

nd quantification of short molecules is the primary focus. 
DE analyses are central to studies investigating the 

ranscriptome but can be limited by confounding factors. 
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Degradation or sample quality is a factor that can falsely
implicate genes and isoforms as DE. Previous studies using
short-read RNA-seq have demonstrated the need to cor-
rect for sample quality, employing a wide array of correc-
tion strategies to minimize these impacts ( 6–8 ). We find that
the inclusion of RIN as a covariate in our model is suffi-
cient to reduce degradation-induced DE in long reads to
almost zero ( 7 ). These results suggest that RIN is an ac-
curate measure of sample quality; howe v er, caution is ad-
vised as the addition of covariates can reduce sensitivity and
may mask true DE genes and isoforms, especially those that
have small changes in expression and / or few counts. The
fact tha t degrada tion ef fects can be accounted for supports
a broad use case for DRS and also shows that DRS will be
useful in detecting DE features e v en in cases with subopti-
mal RNA. 

Previous studies have shown that RIN alone is not suffi-
cient to explain the non-random nature of decaying genes
and isoforms ( 6 , 9 ). Although we find RIN is a robust in-
dicator of sample quality, we also find that genes and iso-
f orms deca y a t dif fering ra tes tha t are closely associa ted with
gene and isoform ar chitectur e and function. The natur e of
DRS could also play a role as degradation can occur from
the 5 

′ , 3 

′ or internally within an RNA ( 4 , 12 ). DRS r equir es
an adaptable 3 

′ end (most commonly a polyA tail) and
ther efor e differ ences in transcript susceptibility to differ-
ent degradation pathways likely impact quantification with
DRS irrespecti v e of global RIN. A possible approach to
mitigate this issue would be to perform in vitro polyadeny-
lation on samples with lower RIN scores. We speculate this
would increase 5 

′ coverage by making mRNAs without in-
tact 3 

′ ends sequenceable, but would also result in more
short reads that may be difficult to assign to isoforms. A
combina tion of polyadenyla tion and 5 

′ capture ( 48 ) could
also help maximize informati v e and sequenceab le reads, but
this method remains to be explored. 

It is likely tha t RNA decay dif fers under dif ferent degra-
da tion conditions. Degrada tion of transcripts due to is-
chaemic cell death likely differs from that induced by
freeze–thaw. The former is more closely associated with bi-
olo gicall y mediated processes ( 49 ), while the latter likely
causes ruptured cell membranes and leakage of RNases.
As such, freeze–thaw-mediated degradation employed in
this study may be more se v ere as the cellular environment
is likely deteriorating at a faster rate compared to that
of dying tissue. This may explain the better than antici-
pated (gi v en the RIN) sequencing metrics obtained from
the post-mortem human brain sample and suggests that
DRS should perform well in high-quality post-mortem
samples. 

We compared the impact of RNA degradation on both
long-r ead Nanopor e DRS and PCR-cDNA as this has not
been pre viously estab lished. We found that PCR introduces
amplification biases and that DRS provides a more accurate
r epr esentation of the nati v e molecules present within sam-
ples. DRS was more suitable for the identification and quan-
tification of longer molecules e v en in the context of partially
degraded samples. It is important to note that PCR-cDNA
sequencing allows sample multiplexing, lower inputs and
also produces ∼10 × more reads. This results in increased
detection of genes and isoforms, making PCR-cDNA more
suited to experiments requiring higher throughput. Fur-
thermore, the number of cDNA datasets we generated
was limited, and further r esear ch is necessary to fully

art/lqad060_f5.eps
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nderstand the impact of RNA degradation on this se- 
uencing method. 

ecommendations r egar ding the inclusion of RNA samples 
or DRS 

revious studies assessing the impacts of RNA degradation 

n short-read sequencing have recommended a range of 
IN values that can be used for RNA-seq ( 5 , 16 , 50 ). DRS is

lso sensiti v e to RN A quality and onl y samples with a RIN
 9.5 can truly be considered undegraded. For DE analyses, 
e recommend using samples with a RIN > 9 as we observe 

ew differences between gene and isoform measurements at 
his le v el, as e videnced by the low number of genes and
soforms identified as DE between RINs from these time 
oints. 
Obtaining such high-quality samples is not always feasi- 

 le; howe v er, our results suggest that useful results can still 
e obtained from DRS in samples with a RIN > 7 if appro- 
riate correction steps are implemented. We highly recom- 
end NanoCount filtering in conjunction with explicit RIN 

orrection to mitigate confounders due to degradation. Al- 
hough our study did not test DRS on samples below a 

IN of 7, the increasingly significant and pervasi v e changes 
ha t degrada tion introduces means we would recommend 

pproaching data deri v ed from such samples with caution, 
hough useable data are likely obtainable below this range. 

In summary, we show that degradation induces 
idespread changes to the transcriptome and can have 
egati v e effects on DRS results. Ne v ertheless, e xplicitly 

ccounting for sample quality is an effecti v e approach 

or reducing the confounding effects of degradation and 

estoring meaningful biological signal. We conclude that 
RS can be applied to samples with a range of RIN values 

rom 7 to 10 and provide a frame wor k to correct for the
mpact of degradation on DRS results. 

A T A A V AILABILITY 

 AST5 and F ASTQ files are pub licly availab le 
o download from ENA: PRJEB53210. FASTQ 

les from the post-mortem brain sample are avail- 
ble at EGA: EGAS00001006542. All code used 

o perform the analysis is available on GitHub: 
ttps://github.com/Sefi196/RNA Deg . BamSlam is 
vailable at https://github.com/josiegleeson/BamSlam . 
ermanent DOI: 10.5281 / zenodo.7970821. 
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CKNOWLEDGEMENTS 

he authors would like to thank the Leichtung family 

or funding the Brain and Behavior Research Founda- 
ion NARSAD grant, as well as members of the Clark 

ab and Irene Gallego Romero for useful feedback on 

he manuscript. Brain tissue was recei v ed from the Vic- 
orian Brain Bank, supported by The Florey Institute of 
euroscience and Mental Health, The Alfred and The 
ictorian Forensic Institute of Medicine and funded in 

art by Parkinson’s V ictoria, MND V ictoria, FightMND 

nd Yulgilbar Foundation. All r esear ch activities involv- 
ng human tissue were performed under institutional ethics 
ppr oval fr om The Uni v ersity of Melbourne Ethics ID 

2457. The views expressed are those of the authors and not 
ecessarily those of the National Health and Medical Re- 
ear ch Council. Figur e 1 A was cr eated under license with 

ioRender.com. 
uthor s’ contributions : M.B.C . concei v ed the study. Y.D.J.P. 
erformed cell cultur e, pr epar ed dir ect RNA libraries and 

erformed Nanopore sequencing. R.D.P.-I. extracted RNA 

nd performed Nanopore sequencing on the brain sample. 
.G. and Y.D.J.P. performed bioinformatic analysis. M.B.C. 
nd Y.D.J.P. wrote the manuscript with assistance from all 
uthors. 

UNDING 

rain and Behavior Research Foundation [27184 to 

.B.C .]; Na tional Health and Medical Research Council 
APP1196841 to M.B.C.]. 
onflict of interest statement. Y.D.J .P., J .G. and M.B.C. have 

ecei v ed support from ONT to present their findings at sci- 
ntific conferences. Howe v er, ONT played no role in study 

esign, execution, analysis or publication. 

EFERENCES 

1. Zhang,X., Chen,M.H., Wu,X., Kodani,A., Fan,J., Doan,R., 
Ozawa,M., Ma,J., Yoshida,N., Reiter,J.F. et al. (2016) 
Cell-type-specific alternati v e splicing gov erns cell fate in the 
de v eloping cerebral cortex. Cell , 166 , 1147–1162. 

2. Pan,Q., Shai,O., Lee,L.J., Frey,B.J. and Blencowe,B.J. (2008) Deep 
surveying of alternative splicing complexity in the human 
transcriptome by high-throughput sequencing. Nat. Genet. , 40 , 
1413–1415. 

3. Wang,E.T., Sandberg,R., Luo,S., Khrebtukova,I., Zhang,L., 
Mayr,C., Kingsmore,S.F., Schroth,G.P. and Burge,C.B. (2008) 
Alternati v e isoform regulation in human tissue transcriptomes. 
Nature , 456 , 470–476. 

4. Łabno,A., Tomecki,R. and Dziembowski,A. (2016) Cytoplasmic 
RNA decay pathways –– enzymes and mechanisms. Biochim. Biophys. 
Acta Mol. Cell Res. , 1863 , 3125–3147. 

5. Thompson,K.L., Pine,P.S., Rosenzweig,B.A., Turpaz,Y. and Retief,J. 
(2007) Characterization of the effect of sample quality on high 
density oligonucleotide microarray data using progressi v ely degraded 
rat li v er RN A. BMC Biotec hnol. , 7 , 57. 

6. Jaffe,A.E., Tao,R., Norris,A.L., Kealhofer,M., Nellore,A., Shin,J.H., 
Kim,D., Jia,Y., Hyde,T.M., Kleinman,J.E. et al. (2017) qSVA 

frame wor k for RNA quality correction in differential expression 
analysis. Proc. Natl Acad. Sci. U.S.A. , 114 , 7130. 

7. Gallego Romero,I., Pai,A.A., Tung,J. and Gilad,Y. (2014) RNA-seq: 
impact of RNA degradation on transcript quantification. BMC Biol. , 
12 , 42. 

8. Xiong,B., Yang,Y., Fineis,F.R. and Wang,J.-P. (2019) DegNorm: 
normalization of generalized transcript degradation improves 
accuracy in RNA-seq analysis. Genome Biol. , 20 , 75. 

9. Kellman,B.P., Baghdassarian,H.M., Pramparo,T., Shamie,I., 
Gazestani,V., Begzati,A., Li,S., Nalabolu,S., Murray,S., Lopez,L. 
et al. (2021) Multiple freeze–thaw cycles lead to a loss of consistency 
in poly(A)-enriched RNA sequencing. BMC Genomics , 22 , 69. 

0. Ferr eira,P.G., Mu ̃ noz-Aguirr e,M., Re v erter,F., S ́a Godinho,C.P., 
Sousa,A., Amadoz,A., Sodaei,R., Hidalgo,M.R., Pervouchine,D., 
Carbonell-Caballero,J. et al. (2018) The effects of death and 
post-mortem cold ischemia on human tissue transcriptomes. Nat. 
Commun. , 9 , 490. 

https://github.com/Sefi196/RNA_Deg
https://github.com/josiegleeson/BamSlam
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqad060#supplementary-data


14 NAR Genomics and Bioinformatics, 2023, Vol. 5, No. 2 

 

 

 

 

 

 

D
ow

nloaded from
 https://academ

ic.oup.com
/nargab/article/5/2/lqad060/7192649 by guest on 04 July 2023
11. Reiman,M., Laan,M., Rull,K. and S ̃ ober,S. (2017) Effects of RNA 

integrity on transcript quantification by total RNA sequencing of 
clinically collected human placental samples. FASEB J. , 31 , 
3298–3308. 

12. Houseley,J. and Tollervey,D. (2009) The many pathways of RNA 

degradation. Cell , 136 , 763–776. 
13. Ross,J. (1995) mRNA stability in mammalian cells. Microbiol. Rev. , 

59 , 423–450. 
14. Courel,M., Cl ́ement,Y., Bossevain,C., Foretek,D., Vidal Cruchez,O., 

Yi,Z., B ́enard,M., Benassy,M.N., Kress,M., Vindry,C. et al. (2019) 
GC content shapes mRNA storage and decay in human cells. eLife , 8 ,
e49708. 

15. Yang,E., van Nimwegen,E., Zavolan,M., Rajewsky,N., Schroeder,M.,
Magnasco,M. and Darnell,J.E. Jr (2003) Decay rates of human 
mRNAs: correlation with functional characteristics and sequence 
attributes. Genome Res. , 13 , 1863–1872. 

16. Schroeder,A., Mueller,O., Stocker,S., Salowsky,R., Leiber,M., 
Gassmann,M., Lightfoot,S., Menzel,W., Granzow,M. and Ragg,T. 
(2006) The RIN: an RNA integrity number for assigning integrity 
values to RNA measurements. BMC Mol. Biol. , 7 , 3. 

17. Feng,H., Zhang,X. and Zhang,C. (2015) mRIN for direct assessment 
of genome-wide and gene-specific mRNA integrity from large-scale 
RNA-sequencing data. Nat. Commun. , 6 , 7816. 

18. Wang,L., Nie,J., Sicotte,H., Li,Y., Eckel-Passow,J.E., Dasari,S., 
Vedell,P .T., Barman,P ., Wang,L. and Weinshiboum,R. (2016) 
Measure transcript integrity using RNA-seq data. BMC 

Bioinformatics , 17 , 58. 
19. Finotello,F., Lavezzo,E., Bianco,L., Barzon,L., Mazzon,P., 

Fontana,P., Toppo,S. and Di Camillo,B. (2014) Reducing bias in 
RNA sequencing data: a novel approach to compute counts. BMC 

Bioinformatics , 15 , S7. 
20. De Paoli-Iseppi,R., Gleeson,J. and Clark,M.B. (2021) Isoform 

age –– splice isoform profiling using long-read technologies. Front. 
Mol. Biosci. , 8 , 711733. 

21. Schuierer,S., Carbone,W., Knehr,J., Petitjean,V., Fernandez,A., 
Sultan,M. and Roma,G. (2017) A comprehensi v e assessment of 
RNA-seq protocols for degraded and low-quantity samples. BMC 

Genomics , 18 , 442. 
22. Garalde,D.R., Snell,E.A., Jachimowicz,D., Sipos,B., Lloyd,J.H., 

Bruce,M., Pantic,N., Admassu,T., James,P., Warland,A. et al. (2018) 
Highly parallel direct RNA sequencing on an array of nanopores. 
Nat. Methods , 15 , 201–206. 

23. Jenjaroenpun,P., Wongsurawat,T., Pereira,R., Patumcharoenpol,P., 
Ussery,D.W., Nielsen,J. and Nookaew,I. (2018) Complete genomic 
and transcriptional landscape analysis using third-generation 
sequencing: a case study of Saccharomyces cerevisiae 
CEN.PK113-7D. Nucleic Acids Res. , 46 , e38. 

24. Roach,N .P., Sadowski,N ., Alessi,A.F., Timp,W., Taylor,J. and 
Kim,J.K. (2020) The full-length transcriptome of C. elegans using 
direct RNA sequencing. Genome Res. , 30 , 299–312. 

25. Li,R., Ren,X., Ding,Q., Bi,Y., Xie,D. and Zhao,Z. (2020) Direct 
full-length RNA sequencing re v eals une xpected transcriptome 
complexity during Caenorhabditis elegans development. Genome Res. ,
30 , 287–298. 

26. Workman,R.E., Tang,A.D., Tang,P.S., Jain,M., Tyson,J.R., 
Razaghi,R., Zuzarte,P.C., Gilpatrick,T., Payne,A., Quick,J. et al. 
(2019) Nanopore nati v e RNA sequencing of a human poly(A) 
transcriptome. Nat. Methods , 16 , 1297–1305. 

27. Zhang,S., Li,R., Zhang,L., Chen,S., Xie,M., Yang,L., Xia,Y., 
Foyer,C.H., Zhao,Z. and Lam,H.M. (2020) New insights into 
Arabidopsis transcriptome complexity revealed by direct sequencing 
of nati v e RNAs. Nucleic Acids R es. , 48 , 7700–7711. 

28. Gleeson,J., Leger,A., Prawer,Y.D.J., Lane,T.A., Harrison,P.J., 
Haerty,W. and Clark,M.B. (2021) Accurate expression quantification 
from Nanopore direct RNA sequencing with NanoCount. Nucleic 
Acids Res. , 50 , e19. 

29. Liu,H., Begik,O., Lucas,M.C., Ramirez,J.M., Mason,C.E., 
Wiener,D., Schwartz,S., Mattick,J.S., Smith,M.A. and Novoa,E.M. 
(2019) Accurate detection of m 

6 A RNA modifications in nati v e RNA
sequences. Nat. Commun. , 10 , 4079. 
C © The Author(s) 2023. Published by Oxford University Press on behalf of NAR Gen
This is an Open Access article distributed under the terms of the Creati v e Commo
permits unrestricted reuse, distribution, and reproduction in any medium, provided t
30. Lorenz,D.A., Sathe,S., Einstein,J.M. and Yeo,G.W. (2020) Direct 
RNA sequencing enables m 

6 A detection in endogenous transcript 
isoforms at base-specific resolution. RNA , 26 , 19–28. 

31. Soneson,C., Yao,Y., Bratus-Neuenschwander,A., Patrignani,A., 
Robinson,M.D. and Hussain,S. (2019) A comprehensi v e e xamination 
of Nanopore nati v e RNA sequencing for characterization of complex 
transcriptomes. Nat. Commun. , 10 , 3359. 

32. Vo,J.M., Mulroney,L., Quick-Cle v eland,J., Jain,M., Akeson,M. and 
Ares,M. Jr (2021) Synthesis of modified nucleotide polymers by the 
pol y(U) pol ymerase Cid1: a pplication to direct RN A sequencing on 
nanopores. RNA , 27 , 1497–1511. 

33. Drexler,H.L., Choquet,K., Merens,H.E., Tang,P.S., Simpson,J.T. and 
Churchman,L.S. (2021) Re v ealing nascent RNA processing dynamics
with nano-COP. Nat. Protoc. , 16 , 1343–1375. 

34. Hardwick,S.A., Chen,W.Y., Wong,T., Deveson,I.W., Blackburn,J., 
Andersen,S.B., Nielsen,L.K., Mattick,J.S. and Mercer,T.R. (2016) 
Spliced synthetic genes as internal controls in RNA sequencing 
experiments. Nat. Methods , 13 , 792–798. 

35. Leger,A. and Leonardi,T. (2019) pycoQC, interactive quality control 
f or Oxf ord Nanopore sequencing. J. Open Source Softw. , 4 , 1236. 

36. Zerbino,D.R., Achuthan,P., Akanni,W., Amode,M.R., Barrell,D., 
Bhai,J., Billis,K., Cummins,C., Gall,A., Gir ́on,C.G. et al. (2018) 
Ensembl 2018. Nucleic Acids Res. , 46 , D754–D761. 

37. Li,H. (2018) Minimap2: pairwise alignment for nucleotide sequences. 
Bioinformatics , 34 , 3094–3100. 

38. W ang,L., W ang,S. and Li,W. (2012) RSeQC: quality control of 
RNA-seq experiments. Bioinformatics , 28 , 2184–2185. 

39. Quinlan,A. (2014) BEDTools: the Swiss-Army tool for genome 
feature analysis. Curr. Protoc. Bioinformatics , 47 , 11.12.1–11.12.34. 

40. Liao,Y., Smyth,G.K. and Shi,W. (2013) featureCounts: an efficient 
general purpose program for assigning sequence reads to genomic 
features. Bioinformatics , 30 , 923–930. 

41. Patro,R., Duggal,G., Love,M.I., Irizarry,R.A. and Kingsford,C. 
(2017) Salmon provides fast and bias-aware quantification of 
transcript expression. Nat. Methods , 14 , 417–419. 

42. Love,M.I., Huber,W. and Anders,S. (2014) Moderated estimation of 
fold change and dispersion for RNA-seq data with DESeq2. Genome 
Biol. , 15 , 550. 

43. Kinsella,R.J., K ̈ah ̈ari,A., Haider,S., Zamora,J., Proctor,G., 
Spudich,G., Almeida-King,J., Staines,D., Derwent,P., Kerhornou,A. 
et al. (2011) Ensembl BioMarts: a hub for data retrieval across 
taxonomic space. Database (Oxford) , 2011 , bar030. 

44. Young,M.D., Wakefield,M.J., Smyth,G.K. and Oshlack,A. (2010) 
Gene Ontology analysis for RNA-seq: accounting for selection bias. 
Genome Biol. , 11 , R14. 

45. Depledge,D.P ., Srinivas,K.P ., Sadaoka,T., Bready,D., Mori,Y., 
Placantonakis,D.G., Mohr,I. and Wilson,A.C. (2019) Direct RNA 

sequencing on nanopore arrays redefines the transcriptional 
complexity of a viral pathogen. Nat. Commun. , 10 , 754. 

46. Sessegolo,C ., Cruaud,C ., Da Silva,C ., Cologne,A., Dubarry,M., 
Derrien,T., Lacroix,V. and Aury,J.-M. (2019) Transcriptome profiling 
of mouse samples using Nanopore sequencing of cDNA and RNA 

molecules. Sci. Rep. , 9 , 14908–14908. 
47. Raghavan,A., Ogilvie,R.L., Reilly,C., Abelson,M.L., Raghavan,S., 

Vasdewani,J., Krathwohl,M. and Bohjanen,P.R. (2002) Genome-wide
analysis of mRNA decay in resting and activated primary human T 

lymphocytes. Nucleic Acids Res. , 30 , 5529–5538. 
48. Jiang,F., Zhang,J., Liu,Q., Liu,X., Wang,H., He,J. and Kang,L. 

(2019) Long-read direct RNA sequencing by 5 ′ -cap capturing re v eals 
the impact of Piwi on the widespread exonization of transposable 
elements in locusts. RNA Biol. , 16 , 950–959. 

49. Garneau,N.L., Wilusz,J. and Wilusz,C.J. (2007) The highways and 
byways of mRNA decay. Nat. Rev. Mol. Cell Biol. , 8 , 113–126. 

50. Imbeaud,S., Graudens,E., Boulanger,V., Barlet,X., Zaborski,P., 
Eveno,E., Mueller,O., Schroeder,A. and Auf fray,C . (2005) Towards 
standardization of RNA quality assessment using user-independent 
classifiers of microcapillary electrophoresis traces. Nucleic Acids Res. , 
33 , e56. 
omics and Bioinformatics. 
ns Attribution License (http: // creati v ecommons.org / licenses / by / 4.0 / ), which 
he original work is properly cited. 


	ABSTRACT
	INTRODUCTION
	MATERIALS AND METHODS
	RESULTS
	DISCUSSION
	DATA AVAILABILITY
	SUPPLEMENTARY DATA
	ACKNOWLEDGEMENTS
	FUNDING
	Conflict of interest statement
	REFERENCES

