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Abstract

The mammalian circadian clock is an autoregulatory feedback process that is responsible for homeostasis in mouse livers. These circadian
processes are well understood at the gene level; however, they are not well understood at the isoform level. To investigate circadian oscillations
at the isoform level, we used the nanopore-based R2C2 method to create over 78 million highly accurate, full-length complementary DNA reads
for 12 RNA samples extracted from mouse livers collected at 2 h intervals. To generate a circadian mouse liver isoform-level transcriptome, we
processed these reads using the Mandalorion tool, which identified and quantified 58 612 isoforms, 1806 of which showed circadian oscillations.
We performed detailed analysis on the circadian oscillation of these isoforms, their coding sequences, and transcription start sites and compiled
easy-to-access resources for other researchers. This study and its results add a new layer of detail to the quantitative analysis of transcriptomes.

Introduction

The mammalian circadian clock is an autoregulatory feed-
back process that is responsible for 24 h oscillations in mes-
senger RNA and protein levels. Circadian clock genes are
driven by the transcription factors (TFs) BMAL1 and CLOCK
[1-3].BMAL1 and CLOCK heterodimerize to form large mul-
tiprotein complexes. This complex drives the transcription
of Cry and Per, and in turn, their protein products inhibit
BMAL1/CLOCK transcriptional activity, thus forming a neg-
ative feedback loop [4-9].

In mammals, the circadian system is composed of a collec-
tion of cell- and tissue-level oscillators whose phase is coordi-
nated by a combination of light and non-light stimuli [10-12].

In the mouse liver, the circadian clock and feeding/fasting
cycles together generate robust oscillations in thousands of
genes [13-15], including those encoding proteins involved
in every major metabolic pathway. Indeed, the molecular
mechanisms that integrate the molecular clock with the ge-
nomic circuitry responsible for large-scale oscillations include
TFs that are master regulators of energy metabolism, includ-
ing CREB1 and SREBP1 (SREBF1). Consequently, circadian
dysregulation due to environmental or genetic causes is an
important factor in the development of metabolic diseases
[16-20].

Many studies have investigated genome-wide transcrip-
tional oscillations in mouse liver [10, 21-23]. However, due
to technical limitations, these studies have been limited to the
level of genes or individual elements like splice sites and junc-
tions. Moving beyond the analysis of genes and their individ-
ual elements and toward the analysis of transcript isoforms

has the potential to increase our understanding of circadian
oscillations.

In addition to revealing how splice junctions are chained to
form the isoforms themselves, transcript isoforms contain in-
formation on (i) their complete coding sequences (CDSs) and
(i) the location of their transcription start sites (TSSs). While
CDSs reveal the actual protein isoforms causing downstream
effects, TSSs pinpoint the sites of transcriptional regulation.

Advancements in long-read sequencing have now enabled
the accurate and high-throughput sequencing of full-length
complementary DNA (cDNA) [24, 25]. Further, advance-
ments in isoform identification pipelines allow for the identifi-
cation and quantification of isoforms, including TSSs [26-28].
Finally, advancements in tools for functional isoform classifi-
cation and annotation allow for the identification of CDSs in
isoforms [29].

Here, we took advantage of these advancements and in-
vestigated circadian oscillation in expression at the isoform
level in the mouse liver. Using R2C2, a long read sequenc-
ing method [24, 30-34], which increases accuracy and reduces
length bias of ONT sequencers, we generated over 78 million
accurate, full-length cDNA (fl-cDNA) reads from mouse liv-
ers across 12 time points spaced at 2 h. We analyzed these
fl-cDNA reads using the Mandalorion isoform identification
pipeline [35] to identify and quantify isoforms and their TSSs,
then used SQANTI3/IsoAnnotLite [29] to functionally anno-
tate them and add CDSs. Further, we detected the circadian
oscillation patterns of isoforms, CDSs, and TSSs using Meta-
Cycle (JTK) [36], characterized these oscillations, and gener-
ated resources to facilitate the exploration of this dataset.
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Materials and methods

Sample collection

The animal work in this study was overseen by the KUMC
IACUC under study number ACUP #2018-2470. Eight- to
twelve-week-old C57BL/6 mice were entrained in a 12 h:12
h light—dark cycle for 2 weeks. After that, mice were released
into constant darkness and CTO marks the first time at which
light would be expected to be turned on but wasn’t, i.e. the
beginning of the first subjective day. Beginning at CT18 (18 h
after the beginning of the first subjective day), two mice were
sacrificed every 2 h, and their livers were collected and flash-
frozen in liquid nitrogen.

cDNA synthesis

RNA was extracted from flash-frozen mouse livers using TRI-
zol. For cDNA amplification, we used a modified version of
the Smart-seq2 [37] method, which relies on oligo (dT) prim-
ing and the template switching properties of MMLV reverse
transcriptases to generate fl-cDNA with known priming sites
for polymerase chain reaction (PCR) amplification. Approxi-
mately 200 ng of total RNA from each sample was then mixed
with dNTPs, a template switch oligo (TSO), and an oligo (dT)
primer, which contained a sample index that enabled multi-
plexing (Supplementary Table S1). First strand reverse tran-
scription was performed for 1 h at 42°C, before being heat
inactivated for 5 min at 70°C, using the Smartscribe Reverse
Transcriptase (Clontech). Second-strand synthesis and PCR
were performed with KAPA 2x master mix and an ISPCR
primer for 15 cycles (37°C for 30 min, 95°C for 3 min, 98°C
for 20 s, 67°C for 15 s, 72°C for 8 min, 72°C for 5 min, 4°C
hold). cDNA was cleaned up using SPRI beads at a ratio of
0.8:1. The cDNA was quantified using the qubit and subse-
quently pooled together. In this way, we prepared two cDNA
samples from independent RNA samples at each timepoint.
We then created two cDNA pools—each containing 12 cDNA
samples—one of these two ¢cDNA samples at each time point.
Each ¢cDNA pool was then split for a non-size-selected or a
size-selected R2C2 library. To size-select, the cDNA pool was
run on a 1% low-melt agarose gel. cDNA above 2 kb was
excised and purified by digesting the gel with 3-agarase and
extracting the DNA from the solution using SPRI beads.

R2C2 library generation

Two hundred nanograms of each cDNA pool were circular-
ized using 200 ng of DNA splint (Supplementary Table S1) us-
ing NEBuilder HiFi DNA assembly master mix (NEB E2621).
Splints were designed so that their ends were complemen-
tary to the ends of the cDNA. Non-circularized DNA was
digested overnight at 37°C using Exol, Exolll, and Lambda
exonuclease (NEB) before heat inactivation for 20 min at
80°C. The reaction was cleaned using SPRI beads at a 0.85:1
(bead:sample) ratio. The cleaned, circularized library was then
used for rolling circle amplification (RCA) using Phi 29 (NEB)
with a random hexamer primer for 18 h at 30°C before a heat
inactivation for 10 min at 65°C. RCA product was debranched
using T7 endonuclease (NEB) for 2 h at 37°C and then cleaned
and concentrated using a Zymo DNA Clean and Concentra-
tor column (Zymo D4013). The debranched RCA product was
run on a 1% low-melt agarose gel. DNA longer than 8 kb was
excised and extracted. The resulting R2C2 DNA was used as
input into ONT library preparation.

ONT sequencing

ONT libraries were prepared from R2C2 DNA using the
ONT ligation kit (ONT SQK-LSK110 or SQK-LSK114) and
sequenced on ONT MinION and PromethION flow cells
(R9.4.1 or R10.4). Flow cells were flushed with DNAse I and
loaded with additional libraries 24 h after initial loading to
increase sequencing throughput.

ONT data processing

Raw nanopore sequencing data were basecalled using the
“sup” setting of guppy6. R2C2 full-length consensus reads
were generated and demultiplexed using C3POa (v2.4.0).
C3POa separates the concatemeric raw reads into subreads
and uses abpoa v1.4.1 [38], minimap2 v2.24-r1122 [39], and
racon v1.4.17 [40] to combine these subreads to produce
consensus reads. For all subsequent analyses, all consensus
reads generated for each time point, originating from the two
independent cDNA samples and non-size-selected and size-
selected workflows, were combined.

Data analysis

Gene-level

R2C2 data were aligned using minimap2 v2.22-r1101 [39]
to the GRCm39 reference genome and featureCounts v1.6.0
was used to quantify the data set at the gene level. Gene-
level count data were quantile normalized using Normseq (ac-
cessed through website in September 2023). Normalized read
counts were used as input for metaCycle v.1.2.0 [36] using the
JTK_CYCLE algorithm to evaluate oscillations. Public RNA-
seq reads from Atger et al. [41] and Zhang et al. [22] were
aligned using STAR aligner v2.5.4b (Dobin et al., 2013) to the
GRCm39 mouse reference genome. Similar to R2C2 analysis,
featureCounts was used to quantify these data sets at the gene
level, and the resulting gene counts were quantile normalized
using Normseq.

Isoform-level

Isoforms were called by the Mandalorion Isoform Analysis
Pipeline v4.5. Isoforms were also quantile normalized using
Normseq before using metaCycle with the JTK_CYCLE algo-
rithm to evaluate oscillations. Isoforms were classified using
SQANTI3 vS5.1 [29].

All isoforms were visualized using the GenomeBrowserShot
script included in Mandalorion.

CDS-level
We combined read counts from all isoforms encoding the same
amino acid sequence as reported by SQANTI3. CDS read

counts were quantile normalized using Normseq before using
metaCycle with the JTK_CYCLE algorithm.

TSS-level

Transcription start sites and start site counts were reported
and quantified by Mandalorion. TSS read counts were quan-
tile normalized using Normseq before using metaCycle with
the JTK_CYCLE algorithm.

Polll, H3K4me3, and H3K27ac ChIP-seq reads were
aligned to the GRCm39 mouse reference genome using bwa
v0.7.17-r1188 [42]. ChIP-seq read alignments were analyzed
for their density around TSSs for Fig. 5A and for their overlaps
with TSSs for Fig. 5B.
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Public TF Chip-seq data were downloaded from ChIP-Atlas
in the form of a BED file using the following parameters: As-
sembly: Mus musculus (mm10), Track type class: ChIP: TFs
and others, Cell type class: liver, Threshold for significance:
50, Track type: all, Cell type: all. Downloaded chip atlas data
were then filtered to exclude ChIP experiments using female
mice, before being converted to the GRCm39 genome using
the liftover tool (UCSC Genome Browser). We then determine
TSSs overlap with the downloaded chip-atlas data. K-means
clustering was performed using the scikit-learn [43] library in
Python.

Results

Generating highly accurate transcriptome data
across a circadian time course

To generate a circadian time course of mouse liver RNA sam-
ples for fl-cDNA sequencing, we started by keeping male
C57BL/6 mice in standard 12 h light/dark cycles. We then
transitioned these mice to constant darkness and, beginning
at CT18, sacrificed pairs of mice at 2 h intervals over 24 h to
collect their livers (Fig. 1).

After extracting RNA from the two liver samples from
each timepoint, we constructed fl-cDNA libraries from each
RNA sample. We prepared fl-cDNA using indexed oligo (dT)
primers during first-strand synthesis, with a unique index be-
ing used for each RNA sample. This allowed us to combine fl-
c¢DNA in two pools, each pool containing 12 RNA samples—
one from each time point after PCR amplification to mini-
mize batch effects from downstream processing and sequenc-
ing (Fig. 1).

Some of the fl-cDNA of each pool was size-selected for
molecules >2.5 kb in length by gel electrophoresis to increase
sequencing coverage of longer transcripts. We then used the
R2C2 method to prepare these size-selected and non-size-
selected samples for ONT sequencing (Fig. 1).

R2C2 uses a DNA splint to circularize the cDNA with a ver-
sion of Gibson assembly, NEBuilder HiFi DNA Assembly. The
circularized cDNA is then amplified using phi29 and results
in a linear dsDNA with multiple copies of the same cDNA
sequence, separated by the DNA splint (Fig. 1).

We sequenced this concatemeric DNA on MinlON
and PromethION sequencers using R9.4/SQK-LSK110 or
R10.4/SQK-LSK114 pore chemistry/library preparation Kkits.
We basecalled the raw signal using Guppy (v6) [44] and used
the C3POa (v2.4) tool to process the resulting raw reads.
C3POa also demultiplexes consensus reads into their respec-
tive time points based on their oligo (DT) index sequence
(Fig. 1).

In this way, we generated a total of 78.7 million highly accu-
rate fl.cDNA reads. At this point we combined all data gener-
ated for each time point—originating from both cDNA pools
and non-size-selected and size-selected workflows—resulting
in an average of 6.55 million reads per time point. While com-
bining the data in this made it impossible to identify expres-
sion variation within time points, it ensured the most con-
sistent read number and read length distribution per time
point, which are both important for the detection of circadian
oscillations. Indeed, due to this indexing and pooling strat-
egy, data were consistent across the 12 different time points
(Supplementary Fig. S1).
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Further, across all timepoints, the median accuracy, i.e. iden-
tity to the GRCm39 genome, of these reads was 99.8%, and
their length was ~1.5 kb. Overall, this showed that our exper-
imental setup generated an evenly sequenced, highly accurate
fl-cDNA data set for our circadian time course, which we sub-
sequently used for gene-, isoform-, CDS-, and TSS-level anal-
ysis (Fig. 1).

Detecting gene-level circadian oscillations

To validate that our experimental setup also generated data
quantitative enough to detect circadian oscillations, we first
performed gene-level analysis. To quantify gene expression,
we aligned the R2C2 reads to the GRCm39 version of the
mouse genome using minimap2. Separately for each time
point, we then used featureCounts [45] to count the number
of R2C2 reads that were aligned to each gene present in the
GENCODE vM30 annotation. Finally, we normalized these
read counts using quantile normalization with NormSeq [46].

We then examined the gene expression of well-known oscil-
lating genes in this normalized data set: Arntl (Bmall), Dbp,
Insig2, Nfil3,Nr1d1, Rorc, Elovl3, Rgs16,and Cry1 (Fig. 2A).
We found that their expression levels indeed oscillated in our
data set and that their oscillation patterns [47-51] and peaks
matched those of a publicly available short-read RNA-seq
liver time course (Atger et al.) [41].

To perform systematic, genome-wide analysis, we used
metaCycle [36] with JTK_CYCLE [52] to evaluate oscillation
across all genes. By applying an adjusted P-value cutoff of
.05, we found 1068 genes with oscillating expression levels
(Fig. 2B). Visualization of these oscillating genes showed that
their peak phases were distributed across the entire 24 h of the
time course. We also found that the oscillations of these genes
in the R2C2 data set are similar to their oscillations in two
publicly available short-read RNA-seq datasets (Atger et al.
and Zhang et al.) (Fig. 2B) [22, 41].

We then compared the list of genes scored as oscillating in
the R2C2 data set to the lists of genes scored as oscillating
in the two publicly available short-read RNA-seq data sets.
After we reanalyzed these two data sets with the same fea-
tureCounts to NormSeq to MetaCycle (JTK) workflow, we
found that 435 of 1068 oscillating genes in the R2C2 data
set were also oscillating in at least one of the other two data
sets. Importantly, this compares well to comparison between
the two publicly available short-read RNA-seq data sets. Of
the 1739 and 1058 genes with oscillating gene expression in
Atger et al. and Zhang et al. short-read data sets, respectively,
only 213 oscillate in both data sets.

Overall, this showed that the data generation and quan-
titation approach we designed and employed is quantitative
enough to enable robust detection of oscillating gene expres-
sion. It shows core clock genes oscillating with the expected
phases and the oscillating genes it detects overlap well with
publicly available short-read RNA-seq data sets.

Identifying isoforms, CDSs, and TSSs

Importantly, however, R2C2 is not limited to gene-level anal-
ysis. In contrast to RNA-seq reads, R2C2 reads span entire
transcripts. R2C2 and RNA-seq reads aligned to the Dbp lo-
cus highlight this difference (Fig. 2C). Because of that, R2C2
data enables the identification and quantification of transcript
isoforms, including CDSs and transcript start sites (TSSs).
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Figure 1. Study Overview. Starting at CT18, RNA was extracted from two mouse livers at 12 time points spaced 2 h apart. fl-kcDNA was synthesized
from this RNA using indexed oligo(dT) primers and pooled before size-selecting and then processing it using the R2C2 method. The resulting R2C2 DNA
was prepared for ONT sequencing using standard ligation preparation. After sequencing, ONT raw reads were consensus called using C3POa, and then
demultiplexed based on Oligo (dT) index sequence. Demultiplexed reads were then aligned and used to investigate gene-, isoform-, CDS-, and TSS-level
circadian oscillations using several computational tools, including Mandalorion.
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Figure 2. Detecting Gene-Level Oscillations Using R2C2. (A) Gene-level oscillation analysis of known circadian genes. Normalized gene expression is
shown for both R2C2 fl-cDNA and the Atger et al. RNA-seq data set. Circadian time (CT) is indicated on top as blue and orange rectangles with the
blue-to-orange transition indicating CT24 and orange-to-blue transition indicating CT36. (B) Heatmaps showing the gene expression of the 1068 genes
scored as oscillating in the R2C2 data set. Genes were sorted by the peak phase in the R2C2 data set. In addition to the R2C2 data set, gene expression
is shown for the Atger et al. and Zhang et al. data sets. Time is indicated as in panel (A) with yellow rectangles indicating Zeitgeber time (ZT) and orange
rectangles indicating CT. (C) GenomeBrowser style visualizations of read alignments at the Dbp. Top panel: Basic GENCODE vM30 annotation. Middle
panel: RNA-seq read alignment from the Atger et al. data set. Bottom panel: f-cDNA R2C2 consensus read alignments.

To move beyond gene-level analysis of circadian oscillation
of expression, we processed the R2C2 fl-cDNA data set with
Mandalorion (v4.5). Mandalorion has shown excellent iso-
form identification performance in the LRGASP consortium
[28] comparison and has since been expanded to quantify iso-
forms as well [35]. The newest version of Mandalorion (v4.5)
also enables the quantification of transcription start site (TSS)
usage and includes powerful tools for isoform visualization.

By processing the entire ~78 million read data set, Man-
dalorion identified 58 612 isoforms and quantified them

across time points. 47 111 of these isoforms were predicted
to be protein-coding and contained 29 154 unique CDSs. Fur-
ther, these isoforms used 24 645 non-overlapping transcrip-
tion start sites (TSSs).

Detecting isoform oscillations

First, we investigated oscillating isoform usage and how it can
increase the resolution of the circadian transcriptome. Similar
to gene-level analysis, we normalized isoform expression time
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course using NormSeq and processed the normalized data
using MetaCycle (JTK). Using an adjusted P-value cutoff of
.05, we identified 1806 isoforms with oscillating expression
(Supplementary Fig. S2). These 1806 isoforms were expressed
by 1415 genes, 553 (39%) of which were oscillating at the
gene level.

To investigate this surprisingly low level of overlap, we cal-
culated the ratio of expression of oscillating isoforms/all iso-
forms for genes expressing at least one oscillating isoform.
This analysis showed a bimodal distribution with the major-
ity of genes showing a ratio of either close to 0 or 1 (Fig. 3A,
left). The higher this ratio was, the more likely the gene itself
was to be scored as oscillating (Fig. 3A, right).

Further analysis showed that the majority of genes express-
ing oscillating isoforms expressed a single oscillating isoform
but often several non-oscillating isoforms (Fig. 3B). However,
254 genes expressed more than one oscillating isoform. In the
majority of cases, isoforms within each gene showed similar
expression patterns as seen for multiple isoforms of Arntl,
Cryl, and Dbp (Fig. 3C and D). There were only two genes—
Vrk3 and Bag$ (Fig. 3C and D)—that contained oscillating
isoforms (i) whose peak phases were >8 h apart, (ii) that had
similar overall expression levels (<2-fold difference), and (iii)
that made up the majority of their gene’s expression (>75%).

Overall, this suggested three things. First, that many genes
expressed a mix of oscillating and non-oscillating isoforms,
which in turn lowers the amplitude of gene-level oscillations
and thereby increases their gene-level Metacycle-adjusted P-
values. Insig2 is an example of this, expressing two dominant
isoforms, one oscillating and one non-oscillating (Fig. 3D,
top). Second, genes expressing more than one oscillating iso-
form are likely to have similar though not necessarily iden-
tical expression patterns. Dbp is an example of this with
a less expressed oscillating isoform, peaking 2 h after the
most expressed oscillating isoform (Fig. 3D, middle). Third,
genes expressing two equally abundant oscillating isoforms
that show opposing peak phases are very rare. Bag$ is one of
only 2 genes in our data set that show this behavior with two
isoforms peaking ~11 h apart. Interestingly, these isoforms
contained the same CDS but used different TSSs (Fig. 3D,
bottom).

Identifying oscillating CDSs

Because the majority of isoforms and especially oscillating iso-
forms were classified as protein coding, we next performed an
analysis on the level of CDSs. For this, we used the coding
classification and CDS as determined by SQANTI3 for each
isoform. The 47 111 isoforms classified as protein-coding con-
tained 29 154 unique CDSs.

To evaluate CDS expression, we combined read counts of
all isoforms containing the same CDS. To see whether these
combined expression values aligned with CDS characteris-
tics, we stratified CDSs based on whether they were present
in GENCODE and whether they were scored as nonsense-
mediated decay (NMD) targets by SQANTI3.

The 12 814 CDSs that were present in the GENCODE an-
notation and were more highly expressed than the 16 340
CDSs that weren’t (Fig. 4A). This is consistent with more
highly expressed isoforms and their CDSs being more likely to
be previously annotated. Conversely, the 1594 CDSs, which
were scored as likely NMD targets, were expressed lower
than the ones that weren’t (Fig. 4A). This is consistent with

NMD targets being actively degraded and therefore present
at a lower rate.

Next, to identify oscillating CDSs, we used NormSeq to nor-
malize CDS read counts and MetaCycle (JTK). Using an ad-
justed P-value cutoff of .05, we found 1136 oscillating CDSs.
These 1136 oscillating CDSs were generally very highly ex-
pressed (Fig. 4A) and belonged to 1036 genes, 506 of which
were determined to be oscillating at the gene level. Similar
to our isoform-level analysis, we investigated why there were
genes expressing oscillating CDSs that weren’t scored as os-
cillating themselves. To do this, we quantified the ratio of os-
cillating/all CDS in genes with at least one oscillating CDS.
We again found a bimodal distribution, but the majority of
genes showed an oscillating/all CDS ratio close to 1. (Fig. 4B,
left). As with isoform-level analysis, the higher this ratio was,
the more likely the gene itself was to be scored as oscillating
(Fig. 4B, right). Finally, if a gene expressed more than one os-
cillating CDS, they were very likely to have similar, yet not
necessarily identical, peak phases (Fig. 4C).

In summary, CDSs behaved similarly, yet not identically, to
isoforms in our analysis. Considering CDS expression was
compiled from isoform expression, this was expected. We
identified genes like Rcll that expressed both oscillating and
non-oscillating CDSs at similar levels (Fig. 4D, top). The
Hsd3b7 gene, on the other hand, expressed three oscillating
CDSs. One major and one minor CDS with similar peak phase
as well as a minor CDS that peaked 6 h earlier and was pre-
dicted to be an NMD target (Fig. 4D, bottom).

These two examples show that CDS-level analysis can add
valuable detail to the analysis of oscillating gene expression
and should be of particular interest to scientists with spe-
cific genes of interest. We have therefore generated Genome
Browser-style images (as in Figs 3D and 4D) for all expressed
genes in our data set and are supplying them as supplementary
data.

Identifying oscillating transcription start sites

Next, we investigated oscillating TSS usage and how it can
uncover how oscillating transcription is regulated. To do so,
we performed a detailed analysis on 24 645 TSSs identified by
Mandalorion.

We systematically validated these 24 645 TSSs using refTSS
[53] data as well as publicly available circadian ChIP-seq time
course data for H3K4me3 [54], H3K27ac, and PollI [55]—all
associated with promoters and TSSs [21, 56]. For refTSS, we
used the provided BED file to calculate the overlap of refTSS
peaks with the TSSs we identified. For ChIP-seq, we aligned
the reads using BWA QWe (v0.7.17-r1188) [42] and calcu-
lated the normalized density of the three marks around the
TSSs we identified.

We found that refTSS peaks were highly correlated with the
TSSs—approximately 50% of TSSs overlapped with a refTSS
peak (Fig. SA, top). Further, we found that histone marks
H3K4me3 and H3K27ac showed the asymmetric, stereotypi-
cal density around our TSSs expected for sites of active tran-
scription initiation: a smaller increase in density upstream of
the TSSs was followed by a drop directly over the TSS—likely
due to an absence of histones—in turn followed by a larger
increase in density just downstream of the TSSs (Fig. SA, top).
Finally, Polll signals showed high density over the TSSs, peak-
ing ~60 nt downstream of the TSSs (Fig. SA, top). We visu-
alized and validated these ChIP-seq enrichment patterns by
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plotting normalized densities for the 10 000 most expressed
TSSs (Fig. SA, bottom). Together, this showed that the location
of the TSSs Mandalorion had identified were in concordance
with independent TSSs-determining assays (refT'SS) and epi-
genetic markers for active promoters (H3K4me3, H3K27ac,
PollI).

Next, we wanted to detect and validate oscillating TSSs.
To detect oscillating TSSs, we followed the same workflow as
we did for gene and isoform oscillations. We used NormSeq
to normalize TSS read counts reported by Mandalorion and
then used MetaCycle (JTK) to detect significant TSS oscilla-
tions. Using an adjusted P-value cutoff of .05, we found 1069
oscillating TSSs (Fig. 5B).

These 1069 oscillating TSSs belonged to 988 genes, 580 of
which were determined to be oscillating at the gene level. This
54% oscillating TSS/oscillating gene overlap was higher than
the 39% oscillating isoform/oscillating gene overlap. Consis-
tent with that and similar to what we observed with CDSs,
most genes that contained at least one oscillating TSS showed
an oscillating TSS/all TSS ratio close to 1 (Supplementary
Fig. S3).

To further validate TSSs oscillations, we visualized them us-
ing heatmaps. We then also created heatmaps for H3K4me3,
H3K27ac, and Polll for the genome regions around these
same TSSs. This showed that TSSs oscillated with peak phases
throughout the day and that H3K4me3, H3K27ac, and Polll
mirrored these oscillations, albeit more noisily (Fig. 5B).
Once averaged across all oscillating TSSs and phase-adjusted,
H3K4me3, H3K27ac, and Polll peaks preceded TSS peaks by
24 h, which is in line with previous studies performed using
RNA-seq at the gene level (Fig. 5C).

Together, these results indicate that we can accurately pin-
point the location of TSSs and detect their oscillations.

Three examples highlight how fl-cDNA can add detail to
ChIP-seq data for identifying and quantifying TSS oscilla-
tions: First, at the Rorc locus, Mandalorion identified one TSS
shared between three isoforms. The TSS as well as all three iso-
forms were determined to be oscillating. We also see a strong
oscillation of H3K4me3, H3K27ac, and Polll levels in the pro-
moter region associated with this TSS (Fig. 5D). Second, at
the KIf15 locus, Mandalorion identified four oscillating TSSs
with phases several hours apart (Fig. 5D). However, because
these TSSs are closely spaced, the resolution of ChIP-seq fails
at clearly delineating these areas. Third, at the Insig2 locus,
Mandalorion identified four different TSSs shared between its
nine isoforms. Three of these TSSs were determined to be os-
cillating, as were the isoforms associated with them. Again,
we see oscillations in H3K4me3, H3K27ac, and Polll in the
promoter regions (Fig. SD). However, the resolution of the
ChIP-seq assay is again not sufficient to locate and differenti-
ate oscillating and non-oscillating TSSs.

This shows that while oscillating ChIP-seq of epigenetic
markers and Polll can help validate TSSs location and oscil-
lation, TSSs-level expression data is more precise at locating
and quantifying TSSs and oscillations in their usage.

Detecting circadian oscillations in TF activity at
TSSs

Having established the ability to determine the location and
usage of TSSs, we next aimed to establish the relationship be-
tween TFs and oscillating TSSs to quantify circadian oscilla-
tion in the activity of these TFs.

First, we used k-means [43] clustering to group simi-
larly oscillating TSSs into 12 clusters. Then we downloaded
publicly available TF ChIP-seq data, which contained TF
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occupancy peaks—i.e. binding sites—for mouse liver, from
ChIP-Atlas.org [57]. Next, we determined what percentage of
(i) all 24 645 TSSs and (ii) the TSSs in each of the 12 clusters
overlapped with the binding sites of each TF ChIP-seq exper-
iment. We used these percentages to identify which TF ChIP-
seq experiments were at least three-fold enriched in one of the
12 TSS clusters when compared to all 24 645 TSSs. Then we
used these enriched TF ChIP-seq experiments to calculate the
average percentage of TSSs in each cluster overlapping with
TF binding sites (Fig. 6).

In this way, we found that ARNTL/BMAL1 binding sites
were most likely to overlap with oscillating TSSs peaking
around CT36. Indeed, ARNTL has previously shown to bind
promoters around CT32-36 [58]. The core clock TFs CLOCK
and CRY1 produced highly similar patterns. CLOCK, of
course, is known to dimerize with ARNTL to form a transcrip-
tional activator, while CRY1 is known to bind and repress that
ARNTL/CLOCK dimer.

Next, we looked at TFs known to control metabolic pro-
cesses.

ESRRA, CREB1, and HSF1 are known to be activated dur-
ing periods of fasting and to show circadian oscillation in their
activity due to the feeding rhythms. Indeed, binding sites of
these TFs were most likely to overlap with oscillating TSSs
that started increasing at CT34 when mice were fasting and
peaked at CT38, at which point mice had been feeding.

SREBF1, on the other hand, is known to be activated by
feeding. Consistent with that, we found that binding sites for
SREBF1 were most likely to overlap with TSSs that started in-
creasing at CT20 after mice had fed and peaked around CT28.
Overall, this analysis shows that we can use our fl-cDNA data
set to determine the exact location of TSSs and precisely quan-
tify their usage. Coupled with public TF occupancy data, we
can then map when TFs are active and which TSSs they are
involved in regulating.

Discussion

Over the last two decades, circadian oscillations in transcrip-
tion have been investigated with ever-improving methods—
from RT-qPCR to microarrays to RNA-seq. These studies
often used mouse liver as a test bed for new technology.
Pioneering microarray studies using dense circadian time
courses found thousands of genes in the mouse liver that
show circadian oscillation in their transcription [59]. Once

high-throughput short-read sequencing technology enabled
genome-wide analysis of RNA and chromatin, these microar-
ray students were followed by studies using RNA-seq and
ChIP-seq to refine our view of circadian oscillations in the
liver and how these oscillations related to the chromatin state
of their promoters [7, 21]. Advances in throughput and analy-
sis tools made it possible for subsequent studies to probe more
detailed correlations between the circadian clock and feeding
rhythms and transcription and translation [41, 60]. Finally,
due to those same advances, studies have expanded to include
more tissue and organisms in their analysis of circadian oscil-
lations of gene expression [22, 61].

Yet, despite these advances in throughput and analysis
tools, RNA-seq remains largely incapable of identifying and
quantifying isoforms [62]. This has left a large gap in our un-
derstanding of the circadian transcriptome that, in principle,
fl-cDNA sequencing has the potential to fill [28].

Here, we used nanopore-based R2C2 fl-cDNA sequencing
to realize this potential.

We used the R2C2 to generate over 78 million fl.cDNA
reads across 12 time points. When analyzed at the gene level
our data show concordance with published RNA-seq data.
We detected over a thousand oscillating genes, many of which
were also detected in short-read RNA-seq studies and showed
the same peak phases [22, 41]. This established the fl-cDNA
sequencing approach we employed as generally quantitative
and sensitive enough to pick up subtle oscillations in expres-
sion levels.

To move beyond gene-level analysis, we used the Mandalo-
rion isoform identification tool to analyze these reads and pro-
duce a highly detailed isoform-level transcriptome.

Our analysis identified 58 612 isoforms, which contained
29 154 unique CDSs and used 24 645 non-overlapping tran-
scription start sites (TSSs). The high number of fl-cDNA reads
we generated meant this isoform-level transcriptome con-
tained a large number of new, unannotated elements. Indeed,
28 456 (49%) isoforms, 16 340 (56%) CDSs, and 10 917
(44%) TSSs were not present in the GENCODE annotation.
Further, many of the new elements were lowly expressed (<1
RPM) (Supplementary Fig. S4), indicating they would have
been missed with lower overall read counts.

The design of our sequencing approach generated highly
quantitative data, which in turn allowed us to identify 1806
isoforms, 1136 CDSs, and 1069 TSSs that showed circa-
dian oscillations in their expression/usage. The isoform-level
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analysis showed that oscillating isoforms are often accompa-
nied by non-oscillating isoforms expressed by the same gene—
this, in turn, blunts gene-level oscillations. The CDS-level anal-
ysis combined isoforms based on the CDSs they contained,
i.e. the protein they encoded. Beyond characterizing and cata-
loging CDS oscillations, we believe this analysis provides value
to researchers who will now be able to perform more targeted
studies. Finally, the TSS-level analysis provided insight into
the regulation of circadian oscillations by enabling us to use
public ChIP-seq data to identify the circadian activity of TFs.
This is notable because this approach did not rely on timed
collection of ChIP-seq data and could therefore be performed
using ChIP-seq data generated from just one or pooled sam-
ples. This would simplify TF ChIP-seq experiments while still
allowing the characterization of TF dynamics.

There are still inherent technical limitations of long-read se-
quencing and cDNA preparation that future studies will need
to overcome.

First, while 6 million reads on average per time point was
sufficient to capture robust circadian oscillations in medium
to highly expressed isoforms, future studies should target 5 to
10 times as many reads to achieve parity with the approximate
read numbers used in short-read RNA-seq studies and capture
lowly expressed isoforms. The consistently increasing number
of reads produced by ONT and PacBio sequencers is bound
to make this feasible.

Second, while the average read length we achieved with
R2C2 in this study is far longer than standard ONT cDNA
sequencing [63] and on par with PacBio Iso-Seq and Kinnex,
it still fail to capture the longest mouse transcript isoforms. A
notable example of this is isoforms of the Per1, Per2, and Per3
genes, which at ~6 kb were too long to be captured in this
study. Future studies could potentially use improved reverse
transcriptases [64] and polymerases, as well as more aggres-
sive size selection, to address this.

Despite these limitations, this data set provides an unprece-
dented look at circadian oscillations and their regulation in
mouse liver. To make this data set and our accompanying anal-
ysis as easily accessible for researchers as possible, we provide
detailed supplementary data files, genome annotations in the
form of gtf files, as well as Genome Browser-like images as in
Figs 3 and 4 for all isoforms/genes expressed in our data set.
We hope that researchers will use these resources to gain more
detailed insights into circadian oscillations in their gene(s) of
interest.

In summary, by generating and analyzing highly accurate
and quantitative fl-cDNA sequences, we increased the resolu-
tion of circadian genomics analysis. The isoforms, CDSs, and
TSSs we identified and quantified add new layers of detail
to the circadian oscillations of gene expression. Finally, the
fl-cDNA/R2C2/Mandalorion approach we employed in this
study can be applied to other tissues or organisms with few or
no modifications and even small tissues like the SCN should
easily provide enough RNA for the Smart-seq2 [65]-based fl-
c¢DNA generation approach. This study therefore serves as a
blueprint for future studies into circadian oscillations at the
isoform level.
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