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Abstract

The production of mature mRNA isoforms is governed by the kinetics of transcription and
co-transcriptional RNA processing, yet these processes remain difficult to quantify simultaneously.
Here, we introduce SKaTER, a mathematical state model of transcription that jointly infers the
kinetics of elongation, splicing, and cleavage from either DRB released nascent RNA sequencing
or a combination of PRO-seq and TT-seq. Rate measurements are reproducible and highly
concordant across cell lines. Cleavage rates are strongly associated with the presence of the
canonical polyadenylation signals and can be impacted by RNA binding proteins such as SRSF9.
Splicing rates are dominated by spatial factors, with neighboring introns and introns in the same
TAD showing strong correlations. Elongation rates are heavily determined by local chromatin
marks, with rates varying both with intensity and combinations of different marks. Our framework
enables joint kinetic analysis of mMRNA biogenesis revealing how sequence, nuclear organization

and chromatin state shape co-transcriptional RNA processing.



Introduction

Transcription of mMRNA is a complex process involving multiple steps including initiation
at the transcription start site (TSS), promoter proximal pause clearance, splicing of introns,
and cleavage at a polyadenylation site (PAS). This process can result in the formation of
numerous alternative isoforms that increase the diversity of the proteome. Alternative isoform
production is regulated by the underlying kinetics of transcription, splicing, and cleavage as
described by the window of opportunity model (Bentley, 2014; Caceres & Kornblihtt, 2002). In
this model, transcriptional elongation rates determine when alternative splice and cleavage sites
become eligible for processing. Slower polymerase elongation rates provide a longer window of
opportunity for weaker upstream sites to be processed before stronger downstream sites can
be transcribed and outcompete them (Bentley, 2014; Caceres & Kornblihtt, 2002). Therefore,
accurate measurement of transcriptional kinetics is necessary to understand alternative isoform
production.

Numerous methods have been developed to measure the kinetics of polymerase
elongation rates including single cell imaging (Darzacq et al., 2007), DRB-seq protocols (Fuchs
et al., 2014; Singh & Padgett, 2009; Veloso et al., 2014), Pol Il mapping (Cortazar et al., 2019;
Danko et al., 2013; Jonkers et al., 2014), and steady state metrics incorporating TT-seq (Schwalb
et al., 2016) like elongation index (Caizzi et al., 2021; Mimoso & Adelman, 2023; Stein et al.,
2022; Zumer et al., 2021; Zumer et al., 2024). However, steady state experiments using TT-seq
are distorted by the loss of intronic coverage due to splicing (Mimoso & Adelman, 2023; Schwalb
et al., 2016) while other approaches are limited to measuring the pioneer (Danko et al., 2013) or

terminal polymerase (Jonkers et al., 2014). Genome wide splicing rates measurements require



the assumption of constant elongation rates to estimate intronic half lives (Carrillo Oesterreich et
al., 2016; Pai et al., 2017; Reimer et al., 2021; Wachutka et al., 2019). A unified approach capable
of measuring all the kinetics of transcription simultaneously is needed to accurately measure each
individual rate.

In this work, we present a novel state model of transcription incorporating splicing,
cleavage, and Pol Il rates into a single mathematical framework called Splicing Kinetics and
Transcriptional Elongation Rates (SKaTER). We employ this model to measure transcriptional
kinetics from nascent transcription following a DRB block (SKaTER-seq) or the combination of
TT-seq and PRO-seq (TT-SKaTER). We show that both SKaTER-seq and TT-SKaTER are able
to accurately and reproducibly measure transcriptional kinetics across multiple different cell lines.
We validate these kinetics by comparing our observed rates with known properties of transcription
and identify novel regulatory factors underlying cleavage, splicing, and elongation rates. We find
that cleavage rates are strongly associated with RNA motifs, splicing rates are heavily coordinated
by spatial proximity, and elongation rates can be predicted based on the combination of a handful
of chromatin marks. Our work establishes the role of multiple factors in regulating the kinetics of

transcription, which could potentially serve to modulate alternative isoform formation.

Results

State Model of Transcription
To measure transcriptional kinetics, we developed a state model of transcription. In this
model, each state describes a unique combination of Pol Il position, splicing status of each intron,

and cleavage status of each cleavage and polyadenylation site (CPS). In this framework, a simple



gene with only one intron and a single CPS can be described using seven states (Figure 1A).
Transcripts initiate at the transcription start site at rate:

0 t<0
(1) dr(t) = {G,\nG(,\nAo)e[Aotlbq

GX, t— inf
where G is the depth normalized number of TSS and ), is the rate of initiation at active
TSS. t is the amount of time since gene activation (DRB washout in SKaTER-seq or infinity to
represent steady state in TT-SKaTER). Finally, A, is the rate of initial Pol Il activation at the TSS.
After initiation, transcripts move between states by splicing at an intron, cleaving at a CPS, or
transcribing particular ‘critical points’ such as a CPS or 3’ splice site. Polymerase arrival at any
particular position is modeled as a time delay, and splicing and cleavage are modeled to follow
an exponential distribution. This produces a set of differential equations describing the flux of
transcripts between different states as a function of time (Figure 1B).

We developed a set of general solutions to differential equations of this format to measure
the total number of mRNAs in any particular state (Supplemental Text). With these general
solutions, we can map these states back on to the gene to predict the coverage at any position
in the gene (Figure 1C). The number of states required to model a gene grows geometrically with
the number of introns and CPS within the gene. Therefore, we simplify the model by assuming
that the rate of splicing and cleavage at each site is independent of the transcript state. We can
divide any given gene into multiple smaller segments, termed events, by substituting all introns
that contain no information about the interrogated position with constitutive exons. We can then
assemble predictions for coverage for the gene by combining coverage from intervals of each

event (Figure 1D).



Using our equations, we can model two different types of kinetic information. First is
coverage of final positions of individual reads within a gene. Within introns, we observe a loss of
coverage relative to the flanking exons. For example, we can model coverage for TT-seq (Schwalb
et al., 2016) at different sets of polymerase elongation rates to show intronic coverage distributions
are partially a function of elongation rates (Figure 1E) and splicing rates (Supplemental Figure 1A-
C) This shows that varying transcriptional kinetics should result in changes in coverage and splice
junction ratios. Real sequencing data shows properties consistent with our modeled data. For
example, we see a dramatic depletion of intronic coverage in TT-seq in IMR90 cells (Figure 1F,
Supplemental Figure 1G). Similarly, we observe a loss of coverage downstream of the CPS, as
predicted by the state model (Figure 1G, Supplemental Figure 1H).

The second source of information is the splicing status of an intron as a function of final
position of a fragment. For any given fragment, we know that the polymerase transcribing the
fragment must have been past the final position of the read pair at time of sample collection. If the
fragment spans either an intron—exon or exon—exon junction it informs on the splicing status of that
RNA molecule. We can calculate the ratio of these junctions at any given position based on the set
of states that contain either junction (Supplemental Figure 1D) and predict how these ratios should
change with different kinetics (Supplemental Figure 1E-F). As predicted, TT-seq shows that the
spliced fraction of junctional reads increases as the final nucleotide gets further from the 3’ splice
site as those mMRNAs have had more time to be spliced on average than those that are close to
the 3’ splice site (Figure 1H). This effect is exacerbated by the context of the final nucleotide with
positions inside exons showing higher spliced fractions than those in introns. This is expected as

introns may have been spliced out before sample collection, while exons can be sampled from



any time during the experiment. However, later introns both splice faster (Bedi et al., 2021; Pai et

al., 2017) and have more downstream exonic coverage, confounding these plots.
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Figure 1. Development of a state model of nascent RNA transcription: (A) Schematic of
state model of transcription. Inactive polymerases initiate at the TSS into the first state, and move
through the different states by transcription, splicing, or cleavage. (B) State model defines the set
of seven differential equations. N, corresponds to the number of mMRNAs in state . A\, and X, are
the rate of splicing and cleavage, and 7, and 7, are the amount of time required to reach the 3’
splice site or CPS respectively. (C) mRNAs are able to contribute to coverage in a state dependent
manner. States that are only able to partially contribute to coverage at particular locations are
accented. (D) Example using DDIT3 demonstrating how genes can be divided into multiple events
by replacing non-conflicting splicing with constitutive introns. (E) Predicted TT-seq coverage at
different elongation rates. Slower elongation causes increase in coverage at the 5' end of the
intron. (F) Pileup of nascent coverage around the 5" and 3' splice sites of constitutive introns in
IMR90 cells. Nascent coverage is notably lower than surrounding exonic coverage. There is a
further loss of coverage within the intron from the 5' to the 3' end. This effect is due to splicing as
PRO-seq, which is unaffected by splicing, does not show the same trend. Regions around the 5’
and 3’ splice sites have difficulty mapping and are masked. (G) Coverage pileup past CPS shows
a dramatic drop in coverage in the TT-seq data, consistent with cleavage of nascent transcripts.
This effect is not observed in PRO-seq, demonstrating that cleaved transcripts can contribute
to exonic coverage in TT-seq. (H) Plot of fraction indicated as spliced by junctional reads in TT-
seq based on the downstream position of the final nucleotide of the fragment. Positions within
constitutive exons are in orange while constitutive introns are in blue. Transitions between single
reads and paired ends cause mapping difficulties and are masked. Further, there are very few
intronic reads close to the 3’ splice site, so this region should be disregarded as well. Exonic final
positions can be retained in the final transcript and have higher baseline fraction spliced than



intronic final positions, which only can be present in nascent transcripts. There is also a general
positive trend where positions that are farther from the 3’ splice site have higher fraction spliced
than positions that are closer.



Measuring transcriptional kinetics from sequencing

To measure kinetics using this model, we need two pieces of information. First is a source
of nascent RNA sequencing that can provide coverage and junctional information. Second is a
method of estimating the amount of time it takes Pol Il to move between different locations within a
given gene. A feature of our model is it can operate using various types of data including SKaTER-
seq data or the combination of TT-seq and PRO-seq (TT-SKaTER) (Figure 2A). In SKaTER-seq,
cells are treated with DRB for three hours to block transcription at promoter proximal pause
(Darzacq et al., 2007; Singh & Padgett, 2009). This synchronizes the cell population and allows
transcription to move down each individual gene in the genome in a discrete wave following DRB
washout (Singh & Padgett, 2009). We collect samples at 5-minute intervals for the first 35 minutes
following washout to capture a series of snapshots of this wave of transcription. This is long enough
for the transcription wave to reach the end of most genes.

Alternatively, we can collect nascent transcriptional information using TT-seq, which uses
a 4sU labeling and enrichment to isolate nascent transcripts (Schwalb et al., 2016). To estimate
the amount of time separating any two nucleotides, we use PRO-seq to capture a snapshot of
the locations of engaged polymerase within the gene (Kwak et al., 2013). We model the relative
amount of time between any two nucleotides to be proportional to the number of PRO-seq reads
separating them.

To fit the set of kinetic parameters that best describes the coverage of a given gene, we
employ a differential evolution optimization algorithm (Storn & Price, 1996) (Figure 2B-C). For

example, we plot observed coverage of final nucleotides from SKaTER-seq for RAC1 at each of



the time points collected against predicted coverage using our best fit kinetics (Figure 2D) and
repeat this process to fit the same gene using TT-SKaTER (Figure 2E).

To validate our model, we developed an independent stochastic modeling algorithm to
randomly generate TT-seq reads for a simple gene containing a single intron using a given set of
input transcriptional kinetics. As modeled sequencing depth increases, the optimizer converges to
the input kinetics (Figure 2F), regardless of intron length (Supplemental Figure 2A). For elongation
rates, we find that TT-SKaTER has a dependence on both sequencing depth and the length of
the longest intron or included post CPS region, but is always able to accurately fit rates at TT-
seq depths over two fragments per nucleotide (Figure 2G, Supplemental Figure 2B-F). To explore
the model’s accuracy for alternative splicing, we replaced the constitutive intron with alternative 5’
splice site, alternative 3’ splice site or a cassette exon and found the model was able to accurately
measure all transcriptional processing kinetics regardless of architecture (Figure 2H). These
results show that TT-SKaTER is highly accurate at high sequencing depths and is a reasonable

approximation at lower depths.
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Figure 2. SKaTER and TT-SKaTER measure transcriptional kinetics: (A). Schematics of data
sources for SKaTER-seq and TT-SKaTER. (Left) In SKaTER-seq, cells are treated with DRB then
are collected at multiple time points following washout. (Middle) TT-seq steady state cells are
labeled with 4sU to enrich for only nascent transcripts. (RIGHT) PRO-seq uses biotinylated CTP
is to accurately map polymerase positions. SKaTER-seq data or a combination of TT-seq and
PRO-seq datasets were provided to our model for kinetic analysis. (B) Kinetics are fit using a
differential evolution optimization algorithm where we generate a set of parameters and calculate
a likelihood of the parameters explaining the observed coverage. With increasing generation
of the optimization, the algorithm gradually converges to the lowest negative log-likelihood. (C)
Parameter populations start at a wide array of potential values but gradually converge to single
values at high generations. (D) Sample fit of SKaTER-seq data from RAC1. Observed coverage
for each time point (DRB blocked 0 minutes to steady state unblocked (inf)) with modeled fit
overlaid in blue. (E) Sample fit of RAC1 using TT-SKaTER. Polymerase positions from PRO-
seq provide estimated distances between different nucleotides while TT-seq provides coverage
information. (F) Estimated splicing rates of stochastically modeled TT-seq data for sample gene
with a single constitutive intron at from 0.0001-20 fragments/nt. Input splicing rate is 0.2 min™
Color indicates the fraction of time the estimated rates are within 10% of the input rates with
blue indicating rates are always within this window and yellow indicating rates are never within
the window. With increasing TT-seq sequencing depth, the distribution of parameters centers on
the correct value before collapsing to the input splicing rate. (G) Elongation rate accuracy for
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simple gene containing a single intron lengths from 200-9800 nt at modeled at TT-seq depths
from 0.0001-500 fragments/nt with. Splicing and cleavage rates were modeled at 0.2 min~' and
0.3 min™" respectively, and elongation rates were modeled at 1, 2, and 4 kb/min. We observe
increasing accuracy with higher sequencing depths and longer introns. (H) Kinetic parameter
accuracy for alternative events plotted against modeled sequencing depth on the x-axis. All genes
were modeled using a 2100 nt intron with a 100 nucleotide alternative segment. Splicing rates for
each intron was modeled at 0.03, 0.2, and 0.9 min~" with fixed cleavage and elongation rates of
0.3 min~" and 2 kb/min respectively. We find that TT-SKaTER is able to accurately estimate all
kinetics at high sequencing depths.

12



SKaTER can reliably measure kinetics across multiple cell lines

To validate our methods, we collected two replicates of SKaTER-seq and two replicates
of TT-seq and PRO-seq in IMR90 lung fibroblasts. Each of these datasets were fed into
their respective algorithms to estimate transcriptional kinetics. SKaTER-seq measured mean
elongation rates of 3.5 kb/min while TT-SKaTER rates were slightly slower at 2.2 kb/min
(Figure 3A). This is consistent with previously reported elongation rates of 1-6 kb/min with an
average of 2-3 kb/min (Danko et al., 2013; Gressel et al., 2017; Jonkers et al., 2014). The
discrepancy between the two methods can be explained by insufficient sequencing depth as
TT-seq had higher resolution at lower elongation rates while SKaTER-seq is more accurate at
higher rates. We observe high correlations between replicates for both methods (Supplemental
Figure 3A-B). To compare the rates predicted by the two methods, we reran the TT-SKaTER
samples merging the two replicates and compared elongation rates in highly fit windows to
SKaTER-seq elongation rates and found a similarly strong correlation (Supplemental Figure 3C).

We repeated the analysis using splicing rates where we find median intron half-lives
of 1.7 minutes using SKaTER-seq and 2.8 minutes using TT-SKaTER (Figure 3B). These
rates are similar to those previously reported genome-wide in Drosophila (Pai et al., 2017).
We find high correlations between replicates (Supplemental Figure 3D-E) indicating the data
is highly reproducible. However, we observe only a moderate correlation between the two
methods (Supplemental Figure 3F). For cleavage rates, we find median half-lives of 2.0 minutes
for SKaTER-seq and 2.5 minutes for TT-SKaTER (Figure 3C) and correlated the replicates
(Supplemental Figure 3G-H). Like splicing rates, we observed only a moderate correlation

between methods (Supplemental Figure 3l). For both cleavage and splicing rates, SKaTER-seq

13



measurements are confounded by the presence of mature mRNAs contaminating the sequencing
data. While we try to account for this effect using a DRB blocked time point, it still introduces
a large amount of variability and can inflate splicing and cleavage rates. Overall SKaTER-seq
is more accurate at determining elongation rates, while TT-SKaTER improves the estimation of
splicing and cleavage rates

To expand this dataset, we collected another two replicates of SKaTER-seq in A549 cells
and publicly available TT-seq and PRO-seq samples from an additional five cell lines. We find
widespread strong correlations for all kinetics between most of the different lines, with the strongest
correlations between datasets from the same cell lines (Figure 3D-F). Taken together, this data
indicates that SKaTER-seq and TT-SKaTER are able to reproducibly estimate transcriptional
kinetics, and these rates are highly associated between different cell lines. This strong association

potentially indicates the presence of shared regulatory factors across the different cell lines.
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Figure 3. SKaTER reliably measures kinetics from both SKaTER-seq and TT-seq/PRO-seq:
(A) Distribution of gene average elongation rates for 2 samples of SKaTER-seq and 2 samples
of TT-SKaTER in IMR90 cells. Average elongation rates are 3.5 kb/min for SKaTER-seq and
2.2 kb/min for TT-SKaTER. (B) Correlation of elongation rates in 5 minute windows between
SKaTER-seq replicate 1 and merged TT-SKaTER datasets. While data is highly correlated, we
note elongation rates from TT-SKaTER are notably lower than SKaTER-seq rates. (C) Distribution
of cleavage half lives with median values of 2.0 minutes and 2.5 minutes for SKaTER-seq and
TT-SKaTER respectively. Heatmap of spearman correlation coefficients comparing gene average
elongation rates (D), splicing rates (E), and cleavage rates (F). Rates are highly correlated
between replicates, although there are generally widespread correlation between replicates.
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Cleavage rates are regulated by RNA motifs

The PAS, canonically a AAUAAA motif, has a defined role at promoting efficient cleavage.
In genes with multiple cleavage sites, the AAUAAA motif frequently occurs at the distal site, while
weaker motifs occur at proximal sites (Tian & Manley, 2017). Recent studies in Drosophila indicate
that cleavage rates are positively correlated with the number of nearby PAS motifs (Torres-Ulloa
et al., 2024). To validate our cleavage rates, we compared cleavage rates between genes with
and without a canonical PAS motif within a 100-nucleotide window upstream of the cleavage site.
Across all our datasets, we find a significant increase in cleavage rates when a single PAS motif is
present but no further increase with additional PAS (Figure 4A, Supplemental Figure 4A-B). This
shows mammalian cleavage regulation is dependent on the presence of the PAS motif, not its
frequency like in Drosophila.

Previous studies have suggested a positive interaction between cleavage and splicing
of the terminal intron, mediated by interactions between cleavage and splicing factors (Dye &
Proudfoot, 1999; Reimer et al., 2021). Therefore, we correlated splicing rates for final introns with
cleavage rates of constitutive cleavage sites and found a strong positive association between
cleavage and splicing. We also correlated cleavage rates with splicing rates of the first intron and
found the correlations were weaker across all samples (Figure 4B). This suggests a coordination
between final intron splicing and cleavage.

After observing the strong effect of PAS motif and splicing on cleavage rates, we wanted
to determine if any RBP motifs have an association with cleavage rates. We collected a series of
RBP motifs from RMAPs (Hwang et al., 2020), binned genes based on the presence or absence of

the motif within the 100 nucleotide window upstream of the CPS, and performed a Student’s T-test
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comparing the cleavage rates for constitutive sites with the motif compared to without (Figure 4C).
The strongest association was with the PAS motif, and the second-strongest association was with
KHDRBS3, whose motif is highly similar to the canonical PAS motif and therefore was treated
as a false positive. The third-strongest motif was SRSF9, which appeared to inhibit cleavage
(Supplemental Figure 4C). Interestingly, we find SRSF3 to also be a cleavage inhibitor, matching
previous reports (Schwich et al., 2021). SRSF9 is known to regulate alternative splicing and drive
progression of multiple forms of cancer (Luo et al., 2024; Wang et al., 2022; Zuo et al., 2025).
However, there is no documented association between SRSF9 and cleavage and polyadenylation
regulation. Plotting SRSF9 motif enrichment around the CPS showed that the slowest 20% of
genes had a significant enrichment of the motif around 100 nucleotides upstream of the CPS
(Figure 4D). We repeated the analysis across all our datasets and found a significant increase in
cleavage half-lives in the presence of the SRSF9 motif in most of the other samples (Figure 4E).
This indicates SRSF9 binding motifs near the CPS can regulate cleavage rates.

The above results indicate that SRSF9 can act as a potential cleavage inhibitor. To test this
hypothesis, we collected a SRSF9 CRISPR knock-down RNA-seq dataset from ENCODE (The
ENCODE Project Consortium, 2012; Kagda et al., 2025; Luo et al., 2020). We then employed
QAPA, a method for measuring PAS usage from total RNA-seq (Ha et al., 2018), to measure
the relative usage in different APA sites in both wild type and knockdown conditions. QAPA
employs Salmon (Patro et al., 2014; Patro et al., 2017) to assign fragments to different alternative
polyadenylation isoforms. Using these values, we used a Cochran Armitage rank-sum test to
calculate the significance of a change in 3’ UTR length for genes in the SRSF9 KD samples as

compared to wild type (Figure 4F) as can be seen in CTNS and PPP6R3 (Figure 4G-H). We saw
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a notable shift towards shorter 3’ UTR lengths, which we quantified using a one-sample Student’s

T-test. These findings indicate SRSF9 regulates APA outcomes by acting as a cleavage inhibitor.
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Figure 4. Cleavage rates are regulated by local RNA motifs: (A) Constitutive cleavage rates
(show as half-life) across all cell lines, grouped by the presence or absence of the canonical PAS
motif (AAUAAA) within a 100 nt window upstream of the cleavage site. Across all genes, sites
with the canonical PAS have significantly shorter cleavage half-lives. (B) Bar plots of Spearman
correlations between splicing rates of the final intron and cleavage rates indicate widespread
positive correlation. This effect is stronger that the association with first intron splicing rates across
all samples. (C). A screen of RBP motifs shows SRSF9's motif was significantly associated with
slower cleavage rates. (D). Meta-plot of SRSF9 motif shows a significant enrichment for SRSF9
motifs among the slowest 20% of genes 100 nucleotides upstream of the CPS. Dotted lines
indicate significance measured by negative log:, Wilcox rank-sum p-value. (E). Analysis across all
samples of genes with cleavage rate half-lives of over 1 minute shows genes with the SRSF9 motif
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have significantly slower cleavage rates. (F). Analysis of CPS usage in an SRSF9 knockdown
shows significant shift towards shorter 3' UTR length, consistent with faster cleavage and SRSF9
activity as a cleavage inhibitor. (G-H). Sample genes (CTNS, PPP6R3) where SRSF9 Knockout
is associated with a shortening of 3' UTR length
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Splicing rates are spatially coordinated

Based on the previously identified interaction between cleavage rates and splicing rates,
we investigated if introns that are close to each other in space are also correlated kinetically. We
plotted splicing rates for the first three and last three constitutive introns. We found that across all
cell lines, early introns spliced slower than the later introns (Figure 5A, Supplemental Figure 5A),
matching previous reports (Bedi et al., 2021; Pai et al., 2017). We found that splicing rates between
neighboring introns were highly correlated (Figure 5B). To separate local and gene-wide effects,
we performed a permutation test by randomly rearranging the order of introns within a given gene
and calculating the Spearman correlation. We found that while the permuted introns still had a
strong correlation, the true correlation was much higher (Figure 5C). This observation holds across
all our datasets (Supplemental Figure 5B). These results indicate that splicing is coordinated both
locally between neighboring introns and at a gene-wide level, suggesting that both local and gene-
wide factors play an important role in regulating the kinetics of splicing.

To validate our splicing rates, we collected splice site strength information using
MaxENTScan (Yeo & Burge, 2004) for each intron. To account for the gene effect, we correlated
the splicing rates of all the introns in a particular gene to their 3’ splice site strengths (Figure 5D
upper). This showed that most genes had a minor correlation between their intron splicing
rates and 3’ splice site strength estimated using a Student’s T-test of the underlying Spearman
correlation coefficient distribution (Figure 5D middle). To estimate the significance of this effect,
we performed a permutation test by scrambling the association between splicing rates and splice
site strength within each individual gene and recalculating Spearman correlations and T-statistics

for the overall distributions. We find that the observed positive correlation between splicing rates
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and 3’ splice site strength is higher than expected by random chance (Figure 5D lower). Repeating
this process across all our datasets showed widespread positive correlations between splice site
strength and splicing rates, with 3' splice sites more significant than 5’ (Supplemental Figure 5C).
We also observed faster splicing with decreasing GC richness (Figure 5E) corresponding to
previous reports in Drosophila (Pai et al., 2017). However, the effects of GC richness and intron
length seem to vary between cell lines (Supplemental Figure 5C). These results indicate that,
while intron specific factors have an impact on overall splicing rates, their impact is masked by
much stronger gene level factors.

To test how multiple factors combine to predict splicing rates, we trained a generalized
linear mixed model of splicing using variables including gene, topologically associated domain
(TAD), relative position within the gene, neighboring splicing rates, intron length, GC content and
splice site strengths. These factors alone were able to account for 48% of the variance in the
samples. To test the significance of each factor, we retrained the model by removing one variable
at a time and comparing the fits of the models using a likelihood-ratio test. We found that spatial
factors such as neighboring splicing rates, relative position of the intron, gene and TAD had
much higher statistical significance than intron specific factors such as GC content and splice site
strengths (Figure 5F). This indicates spatial factors are more predictive of splicing rates than intron
specific factors.

To explore potential mechanisms for this spatial coordination of splicing rates, we
calculated the similarity of gene average splicing rates for genes within a TAD compared the rates
with all other genes and calculated the probability of seeing this association using a Kolmogorov-

Smirnov test. We then summed the negative logo p-values to compute a genome wide statistic
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for the association of gene average splicing rates and TADs. To determine the significance of
this statistic, we employed a permutation test to randomly scramble the mapping of each gene
to their respective TADs and recompute the statistic. This distribution showed that the true
score was higher than expected by random chance (Figure 5G) across all cell lines with TAD
data (Supplemental Figure 5D), suggesting TAD effects are partially responsible for gene level
effects. We repeated this process for cleavage and elongation rates across our samples but found
the effects to be inconsistent (Supplemental Figure 5E-F). This shows spatial coordination of
transcription seems to be uniquely important for splicing rates.

Another potential mechanism for some of the spatial coordination of splicing rates is
the effect of nuclear speckle proximity. Nuclear speckles are phase separated condensates rich
in splicing factors and have been shown to impact splicing efficiency (Matszycki et al., 2026).
Therefore, we correlated gene average splicing rates with their nuclear speckle proximity as
measured by TSA-seq in K562 cells (Chen et al., 2018; Zhang et al., 2021) and found a significant
positive correlation, with introns closer to speckles having higher splicing rates across only some
of the cell lines (Figure 5H, Supplemental Figure 5G) with iPSCs having the greatest association
and IMR90 and A549 having the least. We repeated this analysis for cleavage and gene average
elongation rates (Supplemental Figure 5H-K) and found negative correlations between speckle
proximity and elongation rates across all samples except iPSCs which had a strong positive
correlation. This indicates nuclear speckles are associated with regulation of transcriptional

kinetics in some cell lines but cannot explain the gene and TAD level coordination of splicing rates.
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Figure 5. Splicing rates are strongly regulated by spatial factors: (A) Plot of splicing rates
comparing the first three introns and last three introns genome wide in IMR90. Early introns have
slower splicing rates than later introns. (B) Splicing rates for constitutive introns show a strong
correlation with their next downstream constitutive intron within the same gene. (C) Scrambling
the pairings of intron to their nearest downstream neighbor shows that the true correlation is much
higher than would be expected by random chance. Additionally, introns within the same gene have
highly correlated splicing rates, indicating the presence of a gene level effect on splicing rates. (D)
(Upper) Scatter-plot of Spearman correlation vs negative logqo p-value comparing splicing rates
with 3’ splice site strength, with each gene represented by a single point. (Middle) Student’s T-
Test of the underlying Spearman correlations shows the population is shifted towards a positive
correlation. (Lower) This was tested using a permutation test by randomly scrambling the mapping
between splice site strengths and splicing rates. This found that the association was highly
significant. (E) Similar analysis showing stronger negative association between splicing rate and
intronic GC content. (F) Results of Gaussian model combining factors known to effect splicing
rates. Likelihood-ratio tests (LRT) show the relative importance of each model factor. Rows are
ordered by decreasing statistical significance, showing positional effects such as neighboring
intron splicing rates, relative position within the gene, and gene identity are much more significant
than intron intrinsic factors such as GC content, intron length, and splice site strengths. (G)
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Association between gene average splicing rates and TAD calculated by summing the negative
logqo p-value from a KS-test comparing rates within a given TAD to all other genes. Permuting
the mapping of genes to TAD and computing a new significance score shows that gene average
splicing rates are clustered by TAD. (H) Splicing rates of introns are associated with nuclear-
speckle proximity in HEK293T cells, as measured by TSA-seq. (I) Meanwhile, elongation rates
are negatively associated with nuclear-speckle proximity.
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Elongation rates are determined by the local chromatin environment

Polymerase elongation rates are known to vary widely over the course of a gene,
accelerating as it moves away from the promoter proximal pause (Danko et al., 2013; Jonkers
et al., 2014). Plotting elongation rates against position from the TSS to the CPS of our SKaTER-
seq data shows an acceleration moving away from the transcription start sites, with longer
genes reaching higher elongation rates overall (Figure 6A). We see the same phenomenon in
TT-SKaTER, where there is a clear positive association between gene length and gene average
elongation rate across all of our investigated cell lines (Figure 6B, Supplemental Figure 6A).

Previous reports also indicated that elongation rates are slower in high GC regions
(Mimoso & Adelman, 2023). After masking the promoter proximal region, we divided the gene
body of all the genes into windows that are at a minimum 5 minutes long and contain at least
50 nucleotides to match the minimum window sizes measured by SKaTER-seq. We collected the
first five windows per gene and correlated with local GC content. We see a very strong negative
association between GC content and elongation rate across both methods and all cell lines
(Figure 6C, Supplemental Figure 6B). These results show our elongation rates exhibit features
previously observed in the literature.

Chromatin marks such as H3K4me3 have been documented to regulate elongation rates
(Wang et al., 2023). Other factors such as H3K36me3, H4K20me1, and CTCF have been
used to predict elongation rates in machine learning algorithms (Liu et al., 2025). To test the
association between chromatin marks and elongation rates, we collected a set of histone and
transcription factor ChlP-seq and ATAC-seq in IMR90 cells from ENCODE (The ENCODE Project

Consortium, 2012; Kagda et al., 2025; Luo et al., 2020). We divided the transcriptome into
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windows corresponding to at least five minutes of transcription and at least 50 nucleotides long
(excluding the TSS). To account for potential biases introduced by including windows of different
sizes, we gathered 1000 random samplings of each window size from the transcriptome and
normalized the mark intensity. We then calculated the Spearman correlation of normalized mark
intensity with elongation rates and found that none of the marks showed a particularly strong
association with elongation rates (Figure 6D, Supplemental Figure 6C-D). To determine if there
were any combinatorial effects of histone marks on elongation rates, we trained a random forest
regression model on the data. The regression model identified H3K4me3, ATAC-seq chromatin
accessibility, H3K27me3, and H3K56ac as the most important features for predicting elongation
rates (Figure 6E). The model was able to accurately predict elongation rates in the test data with
an R?of 0.7361 (Figure 6F). We repeated this process using our SKaTER-seq windowed data and
found ATAC, H3K4me3, and H3K56ac were similarly highly predictive with R? of 0.844 and 0.837
for replicates 1 and 2 respectively (Supplemental Figure 6E-H) This was striking as these marks
did not show strong correlations with elongation rates, indicating a combinatorial effect between
these marks.

To understand this effect, we plotted the predicted elongation rates for H3K4me3 against
H3K27me3 for the trained random forest regression model (Figure 6G). We see that most
combinations of H3K4me3 and H3K27me3 intensity result in slow elongation rates. However,
intermediate H3K4me3 intensity or low H3K27me3 with high H3K4me3 intensity are compatible
with faster elongation rates. To validate the predictions, we overlaid a topological map of the
windows from the test data with elongation rates over 3 kb/min in black and a second map of

elongation rates under 50 nt/min in white. The histone mark intensity from these regions closely
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matches the regions of high elongation rates predicted by the random forest regression model.
Similarly, comparing H3K56ac intensity against ATAC-seq chromatin accessibility showed that
specifically moderate H3K56ac intensity is compatible with higher elongation rates (Figure 6H,
Supplemental Figure 61-M). Taken together, this data indicates that just the right amount of
particular combinations of chromatin marks, or a histone code, that is required for productive

elongation, and moving out of these regions results in polymerase slowing.
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Figure 6. Elongation rates vary with genomic context and chromatin state.: (A). Elongation
rates measured from SKaTER-seq are binned by gene length and plotted as a function of
relative position along the gene body. This shows elongation rate increasing both with distance
from the TSS and with increasing gene length. (B). Comparison between TT-SKaTER elongation
rates and gene length reproduce the strong positive association. (C). TT-SKaTER elongation
rates in multiple windows (each at least 5 minutes and 50 nt long) are plotted against local
GC content CDF, showing a strong negative association between GC content and elongation
rate. (D). ChIP signal for multiple marks including ATAC-seq, transcription factors, and histone
marks was collected for multiple windows (excluding the first 500 nucleotides of each gene),
normalized based on randomly selected windows of the same size within the transcriptome, and
correlated with elongation rates. Most marks show minor negative associations. These marks
were used to train a random forest regression model to predict elongation rates. (E). Permutation
importance ranks chromatin features by how much randomizing each feature reduces random
forest prediction accuracy. Higher importance values provide more unique predictive information
to the model after accounting for the other marks. H3K4me3, H3K27me3, ATAC, and H3K56ac
are the most important marks for elongation rate predictions. (F). The random forest model trained
on the chromatin features is able to accurately predict elongation rates for held-out data. (G-H). A
two-dimensional partial-dependence heatmap shows the random forest-predicted elongation rate
across combinations of H3K4me3 and H3K27me3 values or H3K56ac and ATAC, highlighting how
elongation rates can be a function of combinations of histone marks. Overlaid on this heatmap in
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black is a KDE of the histone mark intensity of windows with fast elongation rates (over 3 kb/min)
and a second KDE of slow elongation rates (under 50 nt/min) in white.
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Discussion

Although many types of genome-wide RNA sequencing are now routinely performed,
algorithms to accurately derive kinetic parameters from these data have been lacking. Here
we developed a state model of transcription that we employed to measure genome-wide
transcriptional elongation, splicing, and cleavage rates simultaneously from either DRB-released
nascent RNA sequencing data (SKaTER-seq) or a combination of steady state TT-seq and
PRO-seq data (TT-SKaTER). TT-SKaTER is a notable improvement over other TT-seq based
approaches (Caizzi et al., 2021; Mimoso & Adelman, 2023; Stein et al., 2022; Zumer et al., 2021;
Zumer et al., 2024) because it properly accounts for TT-seq coverage lost due to intron splicing and
reports absolute elongation rates rather than normalized metrics like elongation index. SKaTER-
seq is similarly able to measure elongation rates directly from a nascent RNA preparation, without
requiring PRO-seq or another polymerase mapping method (Danko et al., 2013; Jonkers et al.,
2014). Both SKaTER-seq and TT-SKaTER directly report splicing and cleavage rates without
requiring the assumption of an elongation rate or multiple labeling time points used by current
methods (Carrillo Oesterreich et al., 2016; Pai et al., 2017; Reimer et al., 2021; Torres-Ulloa et al.,
2024; Wachutka et al., 2019). While SKaTER-seq splicing and cleavage rates can be confounded
by the presence of contaminating mature mRNAs, this effect can be accounted for through the
addition of a Drosophila spike-in and may be further reduced through future improvements in the
nascent RNA preparations. While both methods are able to estimate global transcriptional kinetics,
they each specialize in particular ways. SKaTER-seq is highly accurate in measuring regions with
faster elongation rates, by using the wave-front associated with DRB release. TT-SKaTER in turn

has higher resolution for splicing rates and regions with slower polymerase elongation rates. The
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accuracy of both methods for kinetics they are not specialized in can be further improved with
increased sequencing depth.

We found that cleavage is promoted by the strength of the PAS motif, not the number of
motifs. This suggests a different regulatory method than in Drosophila, where PAS motif frequency
is a dominant feature (Torres-Ulloa et al., 2024). We also found that cleavage rates and final intron
splicing rates are strongly associated across cell lines. This matches a hypothesized association
between final intron splicing and transcript cleavage (Berget, 1995; Dye & Proudfoot, 1999; Reimer
etal., 2021). This association is further supported by our finding that SRSF9 can act as a cleavage
inhibitor. This joins SRSF3 and SRSF7 (Schwich et al., 2021) in the evolving role of splicing factors
in regulating cleavage and polyadenylation.

We observe several notable factors associated with splicing rates. First, we observe a
dominant effect of spatial proximity on splicing rates, ranging from neighboring introns all the way
up to broader TAD level associations. This TAD level effect is conserved for splicing rates across
all of our samples, while cleavage and elongation rates do not show the same consistent effect.
This indicates that splicing may be uniquely coordinated spatially. Once these larger effects are
accounted for, we find that intron-specific factors, including splice site strengths, intron length, and
GC content, are predictive of splicing rates. Some of these factors, such as GC content, have
effects that vary by cell line, indicating that these factors are not direct regulators of kinetics, but
instead acted upon by cell-wide factors. This is supported by observations that efficient splicing
of GC rich introns requires nuclear speckle proximity (Matszycki et al., 2026). This hypothesis is
further supported by the striking differences between the iPSC line and the other differentiated

cell lines. iPSCs show the strongest association between splicing rates, GC content, and nuclear

32



speckle proximity. Further, iPSCs are the only sample to show a strong positive association
between elongation rates and nuclear speckle proximity. This suggests that these effects are lost
during differentiation.

We found that elongation rates are highly dependent on their local chromatin environment.
The study of the interactions between chromatin and elongation rates is complicated by the
associations between different chromatin marks. For example, most of the H3 lysine acetyl marks
are present in the same regions of chromatin, and we also observe strong associations between
GC content, H2AK9ac and H2AFZ. GC content is further associated with nuclear speckle proximity
(Matszycki et al., 2026). To overcome this limitation, we employed a random forest regression
model, which selects for the feature that contains the most information. We identified three
chromatin marks that were of particular importance for elongation rates in both TT-SKaTER and
SKaTER-seq datasets. Chromatin accessibility, characterized by ATAC-seq, is a predictable factor
as the transcription machinery has fewer nucleosomes to disrupt. H3K4me3 similarly was recently
documented to directly regulate transcriptional elongation rates (Wang et al., 2023). However,
our results indicate that it is not the presence of H3K4me3 that matters, but rather the precise
amount, with minor shifts is H3K4me3 levels associated with much slower or faster elongation
rates. The third factor we identified is H3K56ac, a poorly studied H3 acetyl mark. Previous studies
of H3K56ac have been hampered by the high cross-reactivity between the antibody used for
H3K56ac and other acetyl marks (Pal et al., 2016). However, the presence of the other H3 acetyl
marks in the same dataset indicate that our findings are unique to H3K56ac, not just acetylated
chromatin. A role of H3K56ac in elongation has been documented in yeast (Varv et al., 2010),

but not in humans. This effect is potentially mediated by the location of H3K56ac on the histone
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core potentially weakening interactions with DNA (Kim et al., 2015) or its ability recruit chromatin
remodelers (Duan et al., 2025). Like H3K4me3, we also observe a dose dependence of H3K56ac,
where moderate amounts are associated with fast elongation, but high or low amounts indicate
slower rates. These studies open up new avenues for studying the role of chromatin in regulating

transcriptional elongation rates, and thereby alternative mRNA isoform formation.

Data Availability

All RNA-seq, SKaTER-seq, TT-seq, and PRO-seq data used in this study is available on
GEO (www.ncbi.nlm.nih.gov/geo/). SKaTER-seq datasets for IMR90 and A549 are available at
GSE146290. IMR90 TT-seq and PRO-seq datasets are available at GSE344536. A549 PRO-seq
data was collected from GSE337411, A549 TT-seq from GSE287535 (Zhu et al., 2025), DLD1
RNA-seq, TT-seq, and PRO-seq from GSE180845 (Hu et al., 2021), HEK293T RNA-seq, TT-
seq rep1 and PRO-seq rep1 from GSE218135 (Mimoso & Adelman, 2023), HEK293T TT-seq
rep2 and PRO-seq rep2 from GSE267239 (Baluapuri et al., 2025), iPSC RNA-seq, PRO-seq, and
TT-seq from GSE283681, GSE273680, and GSE300859 respectively (Li et al., 2025), K562 RNA-
seq from GSE148433 (Caizzi et al., 2021), K562 PRO-seq from GSE154746 (Vihervaara et al.,
2021), K562 TT-seq from GSE242380 (Zumer et al., 2024), MCF7 RNA-seq from GSE218069
(Watanabe et al., 2024), MCF7 PRO-seq from GSE298773 (Kim et al., 2026), and MCF7 TT-seq
from GSE225508 (Gomez Acufia et al., 2024).

SKaTER-seq and TT-SKaTER pipelines are available at https://github.com/TheRea
IGambleLab/skater-cli. Software used for analysis and figure generation is available at
https://github.com/TheRealGambleLab/rates2chip and https://github.com/TheRealGambleLab/

StochasticRNAModeler.
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Methods

Cell Culture

IMR90 primary human fetal lung fibroblasts (ATCC CCL-186) were cultured in MEM
supplemented with 10% fetal bovine serum (FBS) and 1x Penicillin-Streptomycin (pen-strep).
A549 lung cancer cells (ATCC CCL-185) were cultured in RPMI supplemented with 10% FBP
and 1x pen-strep. Drosophila melanogaster S2 cells (ATCC CRL-1963) were cultured at 28°C in

Schneider’s Drosophila Medium supplemented with 10% heat-inactivated FBS and 1x pen-strep.

SKaTER-seq
Cell treatment and nascent RNA isolation protocols were loosely adapted from previous

studies and optimized for our method (Carrillo Oesterreich et al., 2016; Khodor et al., 2012; Mayer
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et al., 2015; Nojima et al., 2015; Singh & Padgett, 2009; Wuarin & Schibler, 1994). Cells were
grown to 90% confluence in nine 10 cm dishes (one dish per time point). Cells were treated with
100 pM 5,6-Dichlorobenzimidazole 1-B-D-ribofuranoside (DRB, Sigma D1916-50MG) for DMSO
(Fisher Scientific BP231100) as a vehicle control for 3 hours. After 3 hours, cells were washed
twice in 37°C 1x PBS and 37°C fresh media was added to each plate, except the 0-minute time
point which was never washed out. Cells were immediately returned to the 37°C incubator. At each
5 minute time point, one plate of cells was removed from the incubator, quickly washed once in
ice-cold 1x PBS, then 1 mL Cytoplasmic Lysis Buffer + Drosophila S2 cells (CL+S2 buffer, 25 mM
Tris pH 7.9, 150 mM NaCl, 0.1 mM EDTA, 0.1% TritonX, 1 mM DTT, 1x protease inhibitor cocktail,
1.3x10° S2 cells/mL) was added directly to the plate. Cells were collected by scraping and kept
on ice until the end of the time course.

After all samples were collected and incubated in CL+S2 buffer on ice for at least 10 min,
the lysates were centrifuges at 3000 RPM for 5 min at 4°C. The supernatant was removed, and
the pellet was washed in 1 mL CL buffer (without S2 cells) and re-centrifugated at the same
speed. The pellet was then resuspended in 100 uL Glycerol Resuspension Buffer (GR buffer, 20
mM Tris pH 7.9, 75 mM NaCl, 0.5 mM EDTA, 50% glycerol, 0.85 mM DTT), to which 1.1 mL
Nuclear Lysis Buffer (NL buffer, 20 mM HEPES pH 7.6, 300 mM NaCl, 7.5 mM MgCl,, 1% NP-40,
1 mM DTT, 1 M Urea) was subsequently added. The resulting lysate was incubated on ice (with
regular vortexing) for 15 min, then centrifugated at 16,000 G for 10 min at 4°C. The resulting
chromatin pellet was resuspended in TRIzol (Invitrogen 15596018) and RNA was extracted
according to the manufacturer’s protocol. To further deplete mRNA, the NEBNextPoly(A) mRNA

Magnetic Isolation Module (NEB, E7490L) was used to capture and remove polyA+ mRNA. The
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manufacturer’s protocol was followed until the mRNA was bound to the beads. Following mRNA
binding, the supernatant was removed from the beads and the remaining nascent RNA was
ethanol precipitated and resuspended in ddH,0.

Nascent RNA was quantified on a Denovix QFX fluorometer using the Qubit RNA HS
assay according to the manufacturer’s protocol. The quality of the RNA was assessed using
an Agilent 2100 Expert Bioanalyzer instrument. Sequencing libraries were generated using the
KAPA Stranded RNA-seq Kit with RiboErase (HMR) (Roche, 07962282001) according to the
manufacturer’s protocol. Final libraries were also subjected to bioanalyzer runs to ensure proper
fragment length distribution. All 9 libraries were barcoded and sequenced together on two lanes

of an lllumina HiSeq (paired-end 150 bp reads, stranded total RNA-seq).

TT-seq

TT-seq was adapted from previously published protocol (Schwalb et al., 2016). Cells
were grown to 70% confluence in two 15 cm plates. One dish was treated with 500 uM 4-
thiouridine (4sU, Sigma T4509-25MG) for 10 minutes. After labeling, media was immediately
aspirated and cells were collected by scraping into 2 mL TRIzol (Invitrogen 15596018). The second
unlabeled plate was similarly collected by scraping into TRIzol. Enrichment, library preparation
and sequencing were performed at the Harvard Nascent Transcriptomics Core using a Drosophila

spike-in following the published protocol (Schwalb et al., 2016).

Alignment
SKaTER-seq, TT-seq, and RNA-seq libraries were aligned to hg38 (or a combined

hg38 dm6 genome where applicable) using STAR v2.7.11 (Dobin et al., 2013) with --
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outFilterMultimapNmax 1. PCR duplicates were removed using PicardTools MarkDuplicates

v2.26.10 using default parameters (Picard Toolkit, 2019).

PRO-seq

PRO-seq was performed following the rapid PRO-seq protocol (Cingaram et al., 2025)
using 25 uM Biotin-11-CTP and 25 uyM UTC, ATP, and GTP. Sequencing was performed by
VANTAGE Sequencing Core. Sequencing adaptors were trimmed using Cutadapt 3.5 (Martin,

2011), and alignment to hg38 was performed using BWA v0.7.17 (Li & Durbin, 2009).

Kinetic Measurements

Gene ldentification

The first step of the SKaTER-seq and TT-SKaTER analysis pipeline is creating an
annotation of the genome. Starting with a RefSeq annotation, we collect the set of all TSS and
PAS corresponding to a given gene. Then, we de novo identify a set of introns from RNA-seq
data between the upstream most TSS and the downstream most CPS. Introns are filtered to
include only those longer than 50 nucleotides and with junctional coverage of at least 4 reads.
Additionally, we discard any introns whose junctional coverage is under 5% of the maximum
junctional coverage for the gene. Genes were retained for SKaTER-seq when coverage averaged
at least 1 reads per kb in at least one selected time point; TT-SKaTER required mean PRO-seq
and TT-seq coverage of at least 1 read per kb.

The current pipeline is limited to genes with a single TSS. If a gene has two or more
annotated TSS, we calculate the distance between the sites. We consider TSSs within 150 bp

to be sufficiently close to be modeled using the upstream TSS. If the start sites are over 150 bp
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apart, we use the coverage from the first 200 nucleotides PRO-seq in TT-SKaTER or the 100 to
300 nucleotides 5-minute sample in SKaTER-seq to determine usage. If any TSS has over 10%
of the maximum coverage, the gene is marked as having multiple TSS and is not solved by the
algorithm. Otherwise, the TSS with the maximum coverage is treated as the sole TSS and the
others are discarded. Similar to TSS, CPSs within 150 nucleotides are grouped to the downstream
most site, due to lack of resolution. However, CPSs with more than 150 nucleotide spacing are
kept. TT-SKaTER is unable to model alternative terminal exons. Therefore, genes with an intronic
3' splice site downstream of a cleavage site are discarded from TT-SKaTER (but not SKaTER-
seq). Additionally, when modeling coverage, we include a region downstream of the final PAS up
to either the next downstream TSS or 5 kb, whichever is shorter.

We divide each gene into events rather than simultaneously modeling every intron in a
gene. An event is defined by a group of introns with overlapping genomic intervals, whose
processing cannot be treated as independent, together with all CPSs in the gene. For each group,
we generate a state model containing the group’s 5’ and 3’ splice sites, the junctions connecting
them, and all CPSs. Introns that conflict with a CPS are included in every group. Constitutive
intervals are modeled using this shared, cleavage-associated set of introns and CPSs. Thus, each
interval is fit with the smallest state model capable of predicting its coverage.

Junctional observations are assigned to events according to the mapped 3’ end of the read
pair. The event for a junction contains the measured intron, introns that conflict with the measured
intron and any introns intervening between the 3’ splice site. In SKaTER-seq events with introns
intervening between the 3’ splice site and the final nucleotide of the fragment were excluded. In

TT-SKaTER, these events were included due to the simpler solutions to the state model.
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State Model Solutions

For each event, we construct a directed state graph of possible lifecycles of an individual
mMmRNA molecule. Each state records the processing status of every splice junction and CPS in
the event. A splice junction becomes eligible when Pol Il transcribes its 3’ splice site, and a CPS
becomes eligible after transcription of the CPS. States can additionally transition to a new state
through transcription of the next critical point or by processing an eligible splicing or cleavage
site. Predicted coverage at a genomic position is the sum of occupancies of all nascent states
that retain that position, together with the compatible mature-RNA states. Predicted junctional
splicing fractions are calculated by summing the occupancies of the states that report the junction
as spliced or unspliced, respectively. If an intron or set of introns intervene between the 3’ splice
site, and the distance between the 3’ splice site and final fragment position is greater than 200
nucleotides, we assume that all intervening introns must be spliced or otherwise ineligible for
splicing.

The number of MRNA molecules N in a state m can be described by the following formula.

S yex PuFo, (67,) A, =0
(2) Nm = {Zygvpyf”y(t’Ty) A,,>0

Where Y is the set of all paths v, that end in the state m, 7, is the time when the critical point to
enter (or exit) the first state in v, is transcribed, F, is the probability of a given mRNA being in the

first state in path v, at time 7, fvy(t, 7,) and E, (t,7,) are defined as:

i J

© e (07) = (T 00) (2 = S0 (e igtge ™))
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(4) Ey(t,7) = G\, (t —7) — ?\_[2]<1 B e*Ao(t*T))

©  Fumtm) = (12, 00) (25— 1) = 2 (s (1= o))

g (A

Where A, is the DRB release rate, G is the number of transcription sites, A,, is the initiation
rate at unblocked transcription sites, and A, is the sum of all splicing rates leaving state 1. Ao,
defined locally as the splicing/cleavage rate for moving between states v; and v, or, in other

words, the rate of splicing used to leave state i in the particular path, and C' is defined as follows:

J

_ Gx, m—1 Co,....q)
(6) C[O,...,m] I, (A - Zizo (H;ni((OA‘Ai)))

The probability P, of entering state m by elongation after time § can be defined as the
sum of all paths = € X able to reach state m multiplied by the probability of initially entering the

state of origin z, by elongation F;
) By =3, (P, *p.)
where p,, is defines as follows:

(8) P =€ M’
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>\a
9) Plap) = K%, (p[b] —p[a])

Aa
(10) Dlab,..n] = m(P[b,m,n] - qa:[b,..,n])
A
(11) da:lb,c] = AajAc (p[c] _p[a])
A
(12) qa:[b,c,..,n] = AajAc (p[c,...,n] - qa:[c,...,n])

In steady state, this set of formulas simplifies. In particular, we only are concerned with the
set of possible paths y’ € Y’ containing entrances into states that can reach state m. The formula

then simplifies to formula simplifies as follows.

(13) N e BB, (6,/) Ap=0
L D> py,f;y/(ay,) A,,>0

Where f; ,(3,/) and F; (4,,) are defined as:

4 m— n m CGh,.i —A,
(14) i @) = (TN (o = S0, e rztge ™)
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/ m " m C/11 —A.
(16) Fflv'":m]((s) - (Hi=1 )‘i) (Hc’fﬁ); Ai5 o Zi:l AT [ (A]iji) (1 —¢€ A16)>

Jj=i+1

Where A, is the DRB release rate, G is the number of transcription sites, A,, is the initiation
rate at unblocked transcription sites, and A, is the sum of all splicing rates leaving state 1. Ao,
defined locally as the splicing/cleavage rate for moving between states v; and v;, or, in other
words, the rate of splicing used to leave state i in the particular path, and va, is defined as follows:

/ _ G\, m—1 C'[ll,...,i]
(17) ..., M‘TTE_ZH(WTEFEQ

These formulas are all derived in the supplemental text.

For DRB released time points, SKaTER-seq integrates from 7 to ¢, and it integrates from =
to oo in steady state. TT-SKaTER meanwhile uses the steady state solutions but integrates over
an interval from 7 to 7 + [ where [ is the labeling time used in TT-seq. We developed an automated

pipeline to handle the spool-out of these formulas

Time to position calculation
Both approaches require the time 7(n) at which Pol |l reaches nucleotide n, but estimate it

differently. In SKaTER-seq, elongation rates are estimated for each interval between consecutive
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DRB-release samples. We calculate 7(n) by accumulating distance divided by the fitted rate
across these time intervals.

In TT-SKaTER, we use PRO-seq density as a local measure of polymerase dwell time.
We assume that the total number of PRO-seq reads separating two positions in a given gene is
proportional to the amount of time it takes to transcribe that region multiplied by a gene specific

polymerase dwell time ), ; defined as the time per PRO-seq read.

CPSg .
~_CPSp-1 _ . Jj=0
TY_ o0 R()
(18) Ap ] = Ap,j—l .
’ CPS; -1 Jj>0
1A, j-12p,j-1 Zi=CPs;_,

where R(i) is the number of PRO-seq reads at position i, CPS,, is the position of the first
CPS, and v is the gene average elongation rate, A ; = Zi:o Ac.q IS the cumulative cleavage rate
for cleavage sites up to and including CPS;. Before the first CPS, the amount of time taken to

reach a particular position 7(n) can be defined as:

(19) r(n) =Y, R()Apg

Past the CPS, this coverage will be an underestimate due to the cleavage and termination
of some portion of polymerases. Assuming that termination is fast relative to cleavage, for CPS; <

i < CPS,; we calculate the elapsed time At(i) from CPS; to nucleotide i as

(20) Ab(i) = 51 ln(l — e N S s R(k))

¥
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These formulas have an additional constraint of

CPS,,,—
(21) Aot 2_crs, "R(k) <1

These formulas are derived in the supplemental text.

Spike-in Normalization

Depending on the time since DRB wash out a sample was collected, we expect SKaTER-
seq samples to have different levels of nascent RNA. These expected global changes make
normalization to total human read counts an inappropriate strategy. Our cross-species spike-in of
the same number of untreated (steady state) Drosophila S2 cells to every sample allows us to
normalize across time points. Reads that map to the Drosophila genome are used to calculate a

scaling factor used to normalize the human data. We define this scaling factor 8 as:

29 ,8 __ Total drosophila readsye point
( ) time point ™ Total drosophila reads

steady state

mRNA contamination

While the poly(A) depletion described above removes the bulk of mMRNA contamination,
residual mRNA in the nascent RNA purification would affect the estimations of splicing and
cleavage kinetics if not taken into consideration computationally. Assuming mRNA contamination
from Drosophila RNA is proportional to the mRNA contamination from human samples to which
it was spiked in, we can use the spiked-in Drosophila RNA to obtain the following contamination

factors.
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Ve~
max(v,)—a

(23) ¢

where a is 0.31 (the minimum Drosophila exon intron ratio), ~, is the observed exon/
intron ratio in sequenced Drosophila RNAs from time t, ¢, is the time point specific contamination
metric, and ¢ is an optimized gene specific contamination level. Values for ~, were calculated
using CollectRnaSeqgMetrics from PicardTools (Picard Toolkit, 2019). Contamination is added to
predicted mRNA and junctional coverage as fully mature mRNAs corresponding to predicted ratios

of alternative splicing outcomes once fully spliced.

Differential evolution optimization algorithm

A differential evolution optimization algorithm (Storn & Price, 1996) was used along with
the above model of nascent RNA transcription and co-transcriptional processing to determine the
set of rates that best fit the SKaTER-seq or TT-SKaTER data. We start with a population of 100
potential solutions each containing numeric values for each parameter (rate) necessary to predict
coverage of an individual gene. Rates making up each solution in the first population are chosen
randomly between the set upper and lower bounds for a rate from a uniform distribution on the log
scale. For each solution, we model the coverage based on the rates and compute the negative
log likelihood (NLL) of the coverage and junctional scores.

Coverage is scored using the Poisson distribution where c; is the observed coverage at

position ¢ and p, its model-predicted mean.

(24) NLLcoverage = Zz(lu’z -G ln(;u’z) + IIl(Ci!))
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Junctional coverage is scored using a binomial distribution were s, is the observed splicing

status and g; its predicted probability of observing a spliced read.

(25) NLL; i ction = — El (ln<(81i)) +s;In(g;) + (1 —s;) In(1 — qz))

The differential evolution was performed with a mutation factor selected uniformly between
0.5 and 1.0 for each generation and a fixed crossover rate of 0.8. Optimization was run for a
maximum of 50,000 generations for both SKaTER-seq and TT-SKaTER, with minimum generation
counts of 1,000 and 100, respectively. If the difference between the highest and lowest negative
log likelihood dropped below 10~ after the minimum number of generations, then the population

was considered converged, and the optimization stopped.

Rate filtering

The differential evolution algorithm was run a minimum of 3 and a maximum of 9 times for
each gene. These independent runs use different random initial populations. Runs were ranked
by their final negative log likelihood, and additional runs were launched until three solutions were
within 0.1% of the best score or the maximum of nine runs was reached. Genes that failed to
converge to a shared best solution were excluded. Individual parameter estimates were flagged
for filtering when they were not reproduced within 1% (on the log scale) between the two best
runs, did not converge within 1% across the final optimizer population, or reached a search-
boundary value. Rates whose required model parameters did not meet these criteria were not

used in downstream analysis.
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Stochastic modeler

Pipeline

We constructed a pipeline to create stochastically model TT-seq coverage for a
particular gene with specified critical points, splicing connections, and kinetic parameters. For
each simulated mRNA molecule, we randomly sampled a final transcription position, a delay
representing time from transcribing the final position until sample collection (between zero
and labeling time), and a fragment length for paired end reads (based on the distribution of
constitutively intronic coverage from a TT-seq dataset). Splice-site and cleavage times were then
sampled from exponential distributions beginning when the corresponding 3' splice site or CPS
was transcribed. Molecules with a final transcription position in a spliced intron or past a cleaved
CPS, were discarded. The remaining molecules were converted to paired-end reads using the
empirical fragment-length distribution, from which final-nucleotide coverage and junctional splicing
status were calculated using the same rules as the TT-seq loading pipeline. PRO-seq positions
could be similarly randomly drawn from random positions within the gene, with coverage removed

past the CPS to model termination.

State model testing

All TT-SKaTER simulations used a 10-minute labeling period. Except where PRO-seq
depth was varied, PRO-seq coverage was set to a uniform profile. Simulations used independent
random seeds for read generation and optimization. Accuracy heatmaps and the colors in

Figure 2F classify an estimate as accurate when it is within 10% of its input value.
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For Figure 2F, we simulated a single intron with its 5’ and 3' splice sites at positions 100 and
300-10100, respectively, in 200-nt increments. The CPS was 1000 nt downstream of the 3’ splice
site and 5000 nt of sequence past the CPS was included. Input splicing and cleavage rates were
0.2 and 0.3 min~", respectively. Elongation rates were 1, 2, or 4 kb/min. Figure 2F displays the
subset with TT-seq depth below 20 fragments/nt, with each position, rate, and depth combination
simulated 30 times.

Figure 2G and Supplemental Figure 2A use the same single-intron dataset, with Figure 2G
showing elongation-rate accuracy and Supplemental Figure 2A showing splicing-rate accuracy.
The 5'was located at 100 bp from the TSS with the intron length varying from 200 to 10KB with 200
nt increments. The CPS was 1000 nt downstream of the 3’ splice site, and 2000 nt of sequence
downstream of the CPS was modeled. Input splicing and cleavage rates were 0.2 and 0.3 min™",
respectively, and input elongation rates were 1, 2, or 4 kb/min. Each position, rate, and TT-seq
depth combination was simulated 30 times.

Supplemental Figure 2B uses a fixed 2000 nt long intron with splice sites at 100 and 2100
nucleotides, a single CPS at position 3100, and the modeled end at position 8100. Splicing and
cleavage rates were 0.2 and 0.3 min'1, elongation rates were 1, 2, or 4 kb/min, and both TT-seq
and PRO-seq depths were varied independently. The same 2000 nt long intron architecture and
rates was used for Supplemental Figure 2C-F, while the modeled end ranged from 3300 to 13100
in 200-nt increments. These datasets used 30 replicates per condition.

For Figure 2H, the constitutive single-intron gene had splice sites at positions 100 and
2100, a CPS at 3100, and an endpoint at 8100. Alternative 5' splice-site genes used 5' splice sites

at 100 and 200 with a shared 3' splice site at 2200. Alternative 3’ splice-site genes used a shared
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5' splice site at 100 and 3' splice sites at 2100 and 2200. Cassette-exon genes used positions
100, 1100, 1200, and 2200. All alternative-event genes had a CPS at 3200 and an endpoint at
8200. Each splice rate was varied independently over 0.03, 0.2, and 0.9 min~', while cleavage
and elongation were fixed at 0.3 min™" and 2 kb/min. These simulations were performed 100 times
per architecture, kinetic-parameter combination, and depth.

Across all panels, TT-seq depth was evaluated at 500, 200, 100, 50, 20, 10, 5, 2, 1, 0.5,

0.2, 0.1, 0.05, 0.02, 0.01, 0.005, 0.002, 0.001, 0.0005, 0.0002, and 0.0001 fragments/nt.

QAPA analysis

3'UTR libraries were constructed based on the hg38 genome using QAPA (Ha et al., 2018)
with PAS locations from the PolyASite database (Herrmann et al., 2019). Transcript quantification
was performed on the raw fastq files using Salmon (Patro et al., 2017). Counts for each individual
PAS were summed across replicates. Fractional UTR lengths for each gene with multiple PAS
were calculated by normalizing the UTR length between zero for the shortest and one for the
longest then calculating the count weighted average UTR length. Fractional changes in UTR
length were calculated by subtracting the normalized UTR length for the perturbation from the
control. A Cochran-Armitage trend test was used to test for systematic shifts in PAS usage between
conditions across PAS isoforms ordered by 3' UTR length.

Stranded BigWigs of sequencing data for SRSF9 knockdown and controls were
downloaded from encode. Replicates were averaged using BigWigCompare, and log2 fold
changes were computed using BigWigCompare with a pseudo-count of 0.1 (Ramirez et al., 2016).
Final sample tracks were created using pyGenomeTracks (Lopez-Delisle et al., 2021; Ramirez et

al., 2018).
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Permutation Testing

Neighboring intron

Reliably fit constitutive introns were collected from each gene and sorted based on the
distance of their 5’ splice site from the TSS. Each intron was paired with its nearest downstream
neighbor if possible, with alternative or not reliably fit introns ignored. A Spearman correlation
was then calculated between the two sets. To test for the effect of local intron order on rates,
we randomly permuted the intron rates independently within every gene and recalculated the
pooled correlation. We repeated this for 10000 permutations. We then compared the observed

and permuted correlations to calculate a significance.

Intron properties

For GC content, intron length, and 5’ and 3’ splice-site strength, we calculated a Spearman
correlation between the property and splicing rate separately within each gene, excluding genes
with fewer than two variable introns. We summarized the set of within-gene correlations with a one-
sample T-statistic with a population mean of zero, corresponding to an uncorrelated Spearman
correlation. We then performed a permutation test with 10000 permutations by randomly shuffling
the order of the property values (GC content, intron length, 5" and 3’ splice site strengths) within
each gene, recalculating the Spearman correlations and population level T-statistic. We then

compared the observed and permuted T-statistics to calculate a significance.

TAD effects
Genes were assigned to TADs only when the genes were fully contained within a TAD.

For gene average splicing analysis, rates were logso-transformed and gene-average rates were
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used. For elongation rates, gene average elongation rates were used, and only genes with a
single cleavage site were considered when testing cleavage rates. For each TAD, we compared
its rate distribution within each individual TAD with the pooled distribution from all other TADs
using the Kolmogorov-Smirnov statistic and summed these statistics across TADs. We generated
a null distribution from 10000 random reallocations of the rate values among TADs, retaining
the number of genes assigned per TAD. We then compared the observed summed statistic with

this distribution.

Random Forest Regression

Normalization

We downloaded ENCODE BigWig signal tracks for histone marks, transcription factors,
and ATAC-seq in IMR90. We used ENCODE fold-change-over-control tracks, so fold change was
provided by the ENCODE processing pipeline rather than recomputed from raw reads. For every
analysis window, we extracted the exact mean BigWig value across the genomic interval for each
track.

For TT-SKaTER, we used genes with reliable gene-average elongation-rate estimates and
PRO-seq coverage. We excluded the first 500 nt after the TSS to avoid effects from the promoter
and promoter proximal pause, and the rest of the gene was partitioned into consecutive windows.
A window was closed at the first position at which it was at least 50 nt long, represented at least 5
minutes of predicted transcription time, and contained at least one PRO-seq read. Its elongation
rate was calculated as window length divided by the predicted transit time, using the PRO-seq

derived time-to-position relationship. For SKaTER-seq, we used the fitted elongation-rate windows
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after excluding the first 500 nt at the TSS. We extracted coverage from the same genomic windows
for all features.

Chromatin-mark signal was normalized separately for each mark to account for window
length. For every observed window size, we sampled 1,000 random windows of the same size from
the genomic spans represented by the analyzed genes and calculated the mean and standard
deviation of each track. We transformed the signal to the log scale using log,(x + p), where p
was the first percentile of positive values for that track in the random-window distribution, Each
observed signal was converted to a z-score using the corresponding null distribution. Windows

larger than the sampled range used the largest available null distribution.

Analysis

We fit random forest regressors using the Scikit-Learn module to log4e-transformed
elongation rates using z-scores of chromatin-mark intensities as predictors. The Random Forest
Regression model used 200 trees, a minimum split size of 10, and a minimum leaf size of 5 with
10% of the data set aside for test. Testing data was used to predict elongation rates and compared
to the observed rates to calculate an R? Scikit-learn permutation importance function was run
with 100 independent permutations of each feature. Two-feature partial-dependence plots were
calculated by averaging model predictions over the training data while varying the selected pair
of mark intensities across its observed grid. Contour plots of observed fast- and slow-elongation

windows were overlaid for comparison.
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