© Copyright 2022

Jose Mario Bello Pineda



Ultra-large-scale genomics approaches to improve cancer therapeutic response

Jose Mario Bello Pineda

A dissertation
submitted in partial fulfillment of the

requirements for the degree of

Doctor of Philosophy

University of Washington

2022

Reading Committee:
Robert K. Bradley, Chair
Marshall S. Horwitz

Stephen J. Tapscott

Program Authorized to Offer Degree:

Genome Sciences



University of Washington

Abstract

Ultra-large-scale genomics approaches to improve cancer therapeutic response

Jose Mario Bello Pineda

Chair of the Supervisory Committee:
Robert K. Bradley
Director, Translational Data Sciences Integrated Research Center
Full Professor, Public Health Sciences and Basic Sciences Divisions
Mcllwain Family Endowed Chair in Data Science

Fred Hutchinson Cancer Center

The advent of low-cost, high-throughput sequencing technologies has elucidated targetable cancer-
specific genomic alterations and allowed the development of precision therapies and their
deployment into clinical use. However, definitive determinants of response to targeted drugs
remain elusive. Therefore, knowledge of genomic features relevant to mechanisms of oncogenesis

and cancer susceptibility to therapeutic interception is imperative. In this dissertation, I detail



studies that identify such features, through the analysis of publicly available RNA sequencing
(RNA-seq) datasets at a massive scale. First, we performed some of the largest RNA-seq analyses
ever conducted to identify branchpoint nucleotide positions genome-wide, characterize the
unexpected structural and regulatory complexity of human introns, and describe the unappreciated
genome-wide prevalence of circular intron-derived RNAs. Second, we coupled multiple large
genetic screens with experimental perturbations and RNA-seq analyses of patient-derived and cell
line models of acute myeloid leukemia (AML) to identify determinants of drug response. We
determined that splicing modulation is a unique AML susceptibility and identified specific splicing
changes in the transcripts of spliceosomal components and apoptotic factors mediating sensitivity
and resistance to the BCL2 inhibitor venetoclax. Last, we analyzed large and diverse cancer cohorts
using genomic, statistical, and machine learning methods to identify DUX4 reactivation as a
common mechanism of immune evasion in advanced cancers and central feature of metastatic
cancer patients resistant to checkpoint immunotherapy. These works amalgamate genomic and
clinical data to identify novel strategies to target cancer and improve the precision and efficacy of

current treatment modalities.
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Chapter 1. INTRODUCTION

Precision oncology, treating cancer based on individual tumor-specific or tumor-associated genetic
alterations, has been revolutionary: significantly improving patient outcomes compared to
conventional cytotoxic or cytostatic chemotherapy agents. Perhaps the best example of this success
was exhibited by imatinib mesylate, a small molecule inhibitor of the tyrosine kinase encoded by
the hallmark BCR-ABL gene fusion of chronic myeloid leukemia (CML) (Carlisle et al., 2020;
Nowell, 1962; Rowley, 1973). Early clinical studies demonstrated the efficacy of imatinib in
treating CML and gastrointestinal tumors, even achieving complete remission in a number of
patients (Druker, Sawyers, et al., 2001; Druker, Talpaz, et al., 2001; Goldman & Melo, 2001;
Joensuu et al., 2001). It was approved in 2001 for the treatment of CML and 2002 for
gastrointestinal stromal tumors (Savage & Antman, 2002). Recently, a study detailing the results
of an 11-year observation of CML patients receiving imatinib showed long-lasting patient benefit
with an overall survival rate at 10 years of 83.3% absent long-term toxicity (Hochhaus et al., 2017),
cementing imatinib’s remarkable success. At present, the incorporation of sequencing into routine
cancer care directly informs clinical decisions. In addition, numerous directed therapies which
target tumor characteristics resulting from specific mutations are widely available (Chae et al.,
2017), demonstrating the shift towards treating cancer as a genomic disease.

Immunotherapy has similarly changed the way metastatic cancers are treated. For example,
advanced melanoma patients now exhibit median overall survival greater than 60 months with
combination checkpoint immunotherapy (Larkin et al., 2019), which contrasts the standard 6-
month median overall survival that has historically plagued this patient population (Hodi et al.,

2010). Response to immune checkpoint inhibition (ICI) can be predicted, to an extent, based on
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genomic characteristics of a patient’s cancer. Tumor mutational burden (TMB) is a clinically-
important feature associated with ICI efficacy. TMB screening has become a mainstay in oncology
clinics for guiding treatment choice— through sequencing or immunohistochemical assessment
for the absence of DNA-repair enzymes. This biomarker is rooted in the biology of the disease
process itself: consistent with the notion of high mutational load resulting in an increase of cancer
neoantigens that could be recognized, a cancer vulnerability (Samstein et al., 2019). The discovery
of TMB-associated response has been transformational. Pembrolizumab (PD-/ inhibitor, also
known as Keytruda), one of several ICI modalities available, became the first drug to receive FDA
approval for use in any solid malignancies exhibiting high TMB. ICI treatment exhibits the
possibility of cancer treatment as a personalized, mutation-directed, and tumor-type agnostic
endeavor instead of relying on strategies based on population-averaged data from clinical trials.
While our understanding of cancer-specific molecular features which translate to precision
therapies in the current age is unprecedented, there is much improvement to be desired (Tannock
& Hickman, 2016). As of August 2022, approximately 220 oncological pharmacogenomic
biomarkers are associated with FDA-approved drugs (USFDA, 2022). However, this represents a
strikingly small minority of cancer-associated mutations that have been evaluated and approved
for clinical use (Dienstmann et al., 2015). In addition, presence of a biomarker does not guarantee
response to a particular targeted therapy in the current setting. For instance, majority of patients
fail to respond, or exhibit acquired resistance, to ICI despite achieving durable and long-term
effects in others (Schoenfeld & Hellmann, 2020). Cancer is biologically complex and requires
further inquiry into other strategies to improve outcomes, and possibly additional biomarkers that
could be used synergistically with existing knowledge to better guide treatment decisions (e.g.,

combination therapies).
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The ‘big data’ approach is one avenue towards the aforementioned discovery effort. There
is a massive amount of multimodal sequencing data available from the research and clinical spaces
due in part to the dramatic reduction in the costs of sequencing. Since 2007, price of sequencing
has reduced from $1,000,000 per human genome to an average of $1269 to $2058 per next-
generation sequencing clinical test in 2021, outpacing Moore’s law for computing costs (Desai et
al., 2021; NHGRI, 2021). Costs are expected to drop even further, with the rapid improvements in
sequencing technologies. In this dissertation, I detail the use of publicly available sequencing data
to reveal novel biology about cancer development, progression, sensitivity to available drugs, and

alternative strategies for interception.
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Chapter 2. MOST HUMAN INTRONS ARE RECOGNIZED VIA
MULTIPLE AND TISSUE-SPECIFIC
BRANCHPOINTS

A version of this chapter has been previously published as:

Pineda, J. M. B., & Bradley, R. K. (2018). Most human introns are recognized via multiple and
tissue-specific branchpoints. Genes & Development, 32(7-8), 577-591.
https://doi.org/10.1101/gad.312058.118

2.1 ABSTRACT

Although branchpoint recognition is an essential component of intron excision during the RNA
splicing process, the branchpoint itself is frequently assumed to be a basal, rather than regulatory,
sequence feature. However, this assumption has not been systematically tested due to the technical
difficulty of identifying branchpoints and quantifying their usage. Here, we analyzed ~1.31 trillion
reads from 17,164 RNA sequencing data sets to demonstrate that almost all human introns contain
multiple branchpoints. This complexity holds even for constitutive introns, 95% of which contain
multiple branchpoints, with an estimated five to six branchpoints per intron. Introns upstream of
the highly regulated ultraconserved poison exons of SR genes contain twice as many branchpoints
as the genomic average. Approximately three-quarters of constitutive introns exhibit tissue-
specific branchpoint usage. In an extreme example, we observed a complete switch in branchpoint
usage in the well-studied first intron of HBB (B-globin) in normal bone marrow versus metastatic
prostate cancer samples. Our results indicate that the recognition of most introns is unexpectedly
complex and tissue-specific and suggest that alternative splicing catalysis typifies the majority of

introns even in the absence of differences in the mature mRNA.



2.2  INTRODUCTION

RNA splicing proceeds via a two-step process defined by sequential transesterification reactions
between three nucleotides: the first nucleotide of the 5’ splice site, the branch nucleotide
(branchpoint) upstream of the 3’ splice site, and the last nucleotide of the 3’ splice site. In the first
step of splicing, the 2’ OH group of the branchpoint engages in a nucleophilic attack on the
phosphate between the upstream exon and the 5’ splice site, forming a 2'-5' phosphodiester linkage
(the “branch”) characteristic of the lariat RNA intermediate and releasing the upstream exon. The
3" OH group of the now-free upstream exon then engages in a nucleophilic attack on the phosphate
between the 3’ splice site and the downstream exon, resulting in release of the intronic lariat and
exon ligation (for review, see Wahl et al., 2009). The intronic lariat is then linearized via
debranching and subsequently degraded.

The branchpoint therefore plays a critical role in RNA splicing catalysis, similar in
importance to the splice sites themselves. The branchpoint's biochemical role in the splicing of
specific substrate RNAs has been thoroughly studied accordingly. Nonetheless, the identification,
selection, and potential regulation of branchpoints remains poorly understood, even relative to
other intronic elements such as the polypyrimidine tract or intronic splicing silencers and
enhancers that, like the branchpoint, do not appear in the final mRNA product (for review, see Fu
and Ares, 2014; Scotti and Swanson, 2016).

The study of branchpoints has lagged behind the study of other sequence features that
define introns and exons for several reasons. Experimentally identifying branchpoints is
technically difficult, since lariats exist only as transient low-abundance RNAs. Computationally
predicting branchpoints is similarly difficult due to the low information content of the human

branchpoint consensus (Zhuang et al., 1989; Kol et al., 2005; Gao et al., 2008; Corvelo et al.,
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2010). Finally, perhaps because branchpoints are an essential sequence feature required for
splicing catalysis (in contrast to other intronic sequence elements that influence splice site
recognition but are not universally required for splicing), branchpoints have frequently been
assumed to play basal, rather than regulatory, roles.

Nonetheless, several lines of evidence suggest that branchpoint selection may frequently
contribute to regulated splice site recognition in human cells. Detailed studies of specific introns
revealed that both alternative and constitutive introns may have multiple branchpoints associated
with a single 3’ splice site. This branchpoint degeneracy was initially observed in SV40 early pre-
mRNA, which is alternatively spliced into the large T and small t mRNAs via an alternative 5’
splice site. This intron contains multiple branchpoints associated with a single 3’ splice site, six of
which are used to generate large T mRNAs and one of which is used to generate small t mRNAs
(Noble et al., 1987). Multiple branchpoints were subsequently found to be associated with single
3’ splice sites of the adenovirus Ela (Gattoni et al., 1988), rat Tpm1 (Helfman and Ricci, 1989),
and human GH1 and HTR4 (Hartmuth & Barta, 1988; Hallegger et al., 2010) genes as well as
within a majority of 52 introns of 20 human housekeeping genes (Gao et al., 2008).

Introns with multiple branchpoints can be subject to branchpoint competition during both
constitutive and alternative splicing. Studies of a variant of the first intron of B-globin, which was
engineered to contain a duplicated branchpoint sequence, revealed that branchpoint competition
can occur even within constitutive introns (Zhuang et al., 1989). Branchpoint competition similarly
contributes to alternative splicing. The contexts and positions of competing branchpoints can
influence the recognition of competing 3’ splice sites (Reed & Maniatis, 1988; Smith et al., 1993;
Bradley et al., 2012), competing 5’ splice sites (Noble et al., 1988), cassette exons (Kol et al., 2005;

Corvelo et al., 2010) and mutually exclusive exons (Southby et al., 1999; Mullen et al., 1991).
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These previous studies of specific introns suggest that redundant branchpoints may be common,
potentially permitting regulated or cell type-specific recognition of many splice sites and introns.
However, systematically identifying roles for branchpoint selection in splicing regulation has been
hindered by the lack of a genome-wide branchpoint annotation as well as the difficulty in
quantifying branchpoint usage.

Recent studies have made significant progress toward generating partial genome-wide
branchpoint annotations. Even though lariats are transient RNAs with unusual chemical linkages,
they can nonetheless be reverse-transcribed and incorporated into cDNA libraries. The branchpoint
associated with a given lariat can then be identified by sequencing the junction between the 5’
splice site and the lariat. Because reverse transcriptase frequently incorporates a mismatch,
insertion, or deletion when traversing the 2'-5’ phosphodiester linkage at the branch, the precise
branchpoint location can be mapped by identifying putative 5’ splice site-branchpoint junctions
where the sequenced cDNA has a mismatch specifically at the inferred branchpoint location
(Vogel et al., 1997; Gao et al., 2008). Taggart et al. (2012) exploited the occasional incorporation
of lariats into cDNA libraries to perform the first de novo branchpoint identification using RNA
sequencing (RNA-seq), identifying 862 branchpoints in the human genome. Mercer et al. (2015)
later created lariat-enriched cDNA libraries with RNase R digestion and targeted RNA recovery
to identify 59,359 branchpoints, the largest annotation to date. These genome-wide studies
identified a minority of introns with multiple branchpoints (9% in Taggart et al. [2012] and 32%
in Mercer et al. [2015]). However, most of those branchpoints were annotated based on just one
or a few sequenced lariats. Therefore, it is possible that undersampling of lariats resulted in

underestimates of branchpoint multiplicity in those previous studies. Furthermore, because only
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one or a few lariats were observed for most branchpoints (an inevitable consequence of the very
low abundance of lariat RNA species), quantitative estimates of branchpoint usage remain elusive.

Here, we sought to determine whether branchpoints are typically just basal sequence
features of introns or whether branchpoint recognition is frequently complex or regulated. We
performed a very large-scale analysis to systematically identify branchpoints and quantify their
usage across diverse human tissues in both normal and diseased states. Our results indicate that
almost all human introns have multiple branchpoints, which are frequently used in a tissue-specific
manner. Branchpoint abundance correlates with alternative splicing. Our data demonstrate that
branchpoint recognition is unexpectedly complex, giving rise to cell type-specific splice site

recognition during both constitutive and alternative splicing.

2.3 RESULTS

2.3.1 A large-scale analysis of RNA-seq data enables global branchpoint annotation

We sought to create a genome-wide branchpoint annotation by taking advantage of the occasional
reverse transcription of lariats and their subsequent incorporation into cDNA libraries. The
transient nature of lariat RNA as well as the specific selection of polyadenylated RNA in many
RNA-seq library construction protocols render lariat incorporation rare. Informative reads from
lariats—those that span the junction between the 5’ splice site and a branchpoint rather than simply
lying within the intron—are even rarer. To address this statistical challenge, we performed an
extremely large-scale analysis of ~1.31 trillion reads from 17,164 RNA-seq data sets
(Supplemental Table S1). These data sets were generated from healthy as well as diseased tissues,
including ~550 billion reads from the Genotype-Tissue Expression (GTEx) project's survey of

healthy tissues (Melé et al., 2015) and ~490 billion reads from The Cancer Genome Atlas's survey
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of primary and peritumoral tissues from diverse cancers. Together, these 17,164 data sets represent
a comprehensive survey of cell types and physiological states.

For each RNA-seq data set, we identified lariat-derived reads that spanned 5’ splice site—
branchpoint junctions by sequentially aligning reads to the transcriptome, genome, 5’ splice sites,
and 3’ splice sites (Fig. 1A; Supplemental Fig. S1). This alignment strategy was modeled after
the “split-read” approach used by Mercer et al. (2015). In brief, we first prefiltered each RNA-seq
data set by removing all reads that aligned to the transcriptome or genome. We then aligned the
remaining reads to a database of all annotated 5' splice sites, requiring a minimum of 20
nucleotides (nt) of aligned sequence. We trimmed each read alignment to remove the 5’ splice site
sequence and then aligned each trimmed read to a database of all annotated 3’ splice sites, requiring
complete alignment of the trimmed read with a minimum of 20 nt of aligned sequence within 250
nt of the 3’ splice site itself. We then restricted to reads that aligned to 5" and 3’ splice sites within
a single gene in the “inverted” pattern (e.g., where the end of the read maps upstream of the start
of the read) expected of reads arising from lariats rather than linear introns. The inferred
branchpoint location is then the last nucleotide of the alignment of the trimmed read to the 3’ splice
site. Finally, in order to obtain nucleotide-level resolution of branchpoint locations, we restricted
to reads with a mismatch at the inferred branchpoint location. Such mismatches are strongly
associated with correctly inferred branchpoints, as reverse transcriptase frequently incorporates an
incorrect nucleotide when traversing the 2'-5" phosphodiester linkage at the branch (Vogel et al.,
1997; Gao et al., 2008).

Manual inspection of the resulting data set revealed that we comprehensively annotated 5’
splice site—branchpoint pairs for many genes. For example, we identified branchpoints within all

but one intron of the gene encoding the splicing factor SRSFS5. Our 5’ splice site—branchpoint pairs



12

revealed complex splicing patterns for SRSFS, including alternative 5’ splice site usage, skipping
of multiple cassette as well as constitutive coding exons, and usage of branchpoints that were

proximal as well as distal to 3’ splice sites (Fig. 1B).

232 Comparison with published branchpoint annotations

As the split-read alignment procedure can be confounded by gene duplications or the presence of
other repetitive genomic DNA, we assigned a confidence level to each inferred 5’ splice site—
branchpoint pair. For a 5" splice site-branchpoint pair to meet the highest confidence level, we
required (1) that > 5% of supporting reads have mismatches at the branchpoint but no other
mismatches or indels (insertions/deletions) in the 3’ splice site alignment and (2) that the 25 nt
downstream from the 5’ splice site, 25 nt upstream of the inferred branchpoint, and 25 nt of the
lariat centered on the inferred branchpoint all be unique (not present in the transcriptome or
genome). We successively relaxed these criteria for the moderate and low confidence levels. We
removed the sequence uniqueness criteria for moderate-confidence branchpoints and allowed
additional mismatches and indels in the 3’ splice site alignment for low-confidence branchpoints.
We identified a total of 136,998, 9182, and 48,935 5' splice site-branchpoint pairs at high,
moderate, and low confidence levels. Our branchpoint annotations were robust with respect to the
specific details of the thresholds used. For example, requiring that >25% of supporting reads have
mismatches at the branchpoint but not other mismatches or indels in the 3" splice site alignment (a
fivefold increase in stringency) resulted in only a 2.9% decrease in the number of high-confidence
5" splice site-branchpoint pairs that we identified.

We next assessed the likely accuracy of our branchpoint inference procedure for each
confidence level. Biochemical studies and lariat sequencing have revealed that adenosine is the

most effective and frequent branchpoint ribonucleotide (Gao et al., 2008), suggesting that global
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branchpoint adenine frequency correlates with inference accuracy. Branchpoints that we identified
at high, moderate, and low confidence levels had adenine frequencies of ~77%, 50%, and 32%,
indicating that our confidence levels correlate with likely inference accuracy. Therefore, we
restricted all subsequent global analyses to 5’ splice site—branchpoint pairs detected at the highest
confidence level.

We next compared our branchpoint annotations with previously published branchpoint data
sets (Table 1). We identified 70,935 and 94,216 more branchpoints than were reported in Mercer
etal. (2015) and Taggart et al. (2017), the largest sets of branchpoint annotations published to date.
(For comparison with Taggart et al. [2017], we used their “high-confidence” set of branchpoints.)
Our annotation exhibited a branchpoint adenine frequency of ~77% versus 78% and 55% for
Mercer et al. (2015) and Taggart et al. (2017). The lower adenine frequency for the annotation of
Taggart et al. (2017) may be due to differences in the methods that each study used to call
branchpoints. Like Mercer et al. (2015), we restricted to reads with a mismatch at the inferred
branchpoint, which is diagnostic of reverse transcriptase incorporating an incorrect nucleotide
when traversing the 2'-5" phosphodiester linkage at the branch (Vogel et al., 1997; Gao et al.,
2008). In contrast, Taggart et al. (2017) did not require a mismatch at the inferred branchpoint.
Instead, they aligned putative branchpoint sequence contexts to the U2 small nuclear RNA

(snRNA) sequence and called branchpoints at the inferred bulged nucleotide (Taggart et al., 2017).

2.3.3  Parent gene expression and intron length determine branchpoint detection rate

Despite the extremely large-scale nature of our analysis, we did not approach saturation. We
estimated the branchpoint detection rate as a function of the number of sequenced lariats by

randomly sampling from all branchpoint-spanning reads. Even though we detected many more
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branchpoints than did previous studies, branchpoint detection continued to increase rapidly as a
function of the number of sequenced lariats throughout the dynamic range of our study (Fig. 1C).

We detected one or more branchpoints within ~37% and 42% of U2- and Ul2-type
constitutive introns present in the RefSeq annotation (O’Leary et al., 2016), where we defined
constitutive introns as those that were present in all child transcripts of a given RefSeq gene (Fig.
1D). Fifty percent of detected branchpoints fell within RefSeq constitutive introns, while 35% fell
within nonconstitutive introns present in the RefSeq, University of California at Santa Cruz
(UCSC), Ensembl, or Mixture of Isoforms (MISO) isoform databases (Fig. 1E; Katz et al., 2010;
Flicek et al., 2013; Meyer et al., 2013). An unexpectedly large percentage (14%) of 5’ splice site—
branchpoint pairs corresponded to introns that were not annotated in any of those isoform
databases, resulting from skipping of one or more ostensibly constitutive exons. While some such
cases may correspond to stable isoforms with potential cellular functions, many may simply
represent by-products of splicing mistakes.

The numbers of branchpoints that we detected per intron or gene were highly variable. We
obtained seemingly near-complete annotations for some genes (e.g., SRSF5 in Fig. 1B) and few
or no branchpoints for any introns of other genes. This high level of variability in branchpoint
detection could arise from many factors, including differences in parent gene expression, intron
length, and lariat stability. We tested whether each of these factors contributed to differences in
branchpoint detection rate. We restricted these power analyses to constitutive introns in order to
avoid additional complexities arising from alternative splicing. The branchpoint detection rate was
strongly positively and negatively correlated with parent gene expression and intron length, as

expected from random sampling of lariats (Supplemental Fig. S2A—C). Branchpoints from very
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short (<200-base-pair [bp]) introns were underrepresented, presumably because most RNA-seq
protocols intentionally deplete such short RNAs during library preparation.

We tested whether some lariats had unusually short or long half-lives by comparing the
observed abundance of each lariat with its expected abundance, defined as the ratio of its parent
gene expression to intron length. The distribution of observed to expected abundances followed a
normal distribution across all sequenced lariats, consistent with a model in which lariats are
degraded randomly. Lariats with a guanine branchpoint exhibited a 1.6-fold greater abundance
than expected, suggesting that they are frequently more stable than lariats with adenine, cytosine,
or thymine/uracil branchpoints (Supplemental Fig. S2D). These findings are consistent with a
previous report that lariats formed from nonadenine mutants of the rabbit HBB gene were resistant
to debranching relative to lariats formed via the wild-type adenine branchpoint (Hornig et al.,

1986).

2.3.4  Distal branchpoints contribute to alternative exon and intron recognition

We used our genome-wide branchpoint annotation to identify sequence features contributing to
branchpoint recognition and usage. Branchpoints within constitutive introns were most frequently
adenine (82.5%), followed by guanine (8.7%), thymine/uracil (4.7%), and cytosine (4.1%). We
observed a modest preference for thymine/uracil at the —2 position relative to the branchpoint, as
reported previously (Gao et al., 2008). However, this preference was restricted to adenine
branchpoints, with no site-specific sequence preferences at any other nucleotides for nonadenine
branchpoints (Fig. 2A).

Branchpoints exhibited a tightly constrained spatial distribution, as reported by previous
studies (Taggart et al. 2012, 2017; Mercer et al. 2015). Branchpoints within U2-type constitutive

introns were positioned at a median of 28 nt upstream of the 3’ splice site, with 80% of such
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branchpoints found within the positions —49 and —20 nt. Branchpoints within U12-type introns
exhibited a bimodal distribution (Fig. 2B). Approximately half of such Ul2-type branchpoints
were found in close proximity (within 20 nt) of the 3’ splice site, as observed previously (R. C.
Dietrich et al., 2001; Taggart et al., 2017). In contrast, approximately half of Ul2-type introns
were located only modestly closer to the 3’ splice site than we observed for U2-type branchpoints.
We classified introns as U2- or U12-type by finding the best match between each 5’ splice site
sequence to the U2- and Ul2-type consensus sequences. The U2- and Ul2-type 5’ splice site
consensus sequences are distinct (Sheth et al., 2006), making frequent misclassification unlikely.
However, we cannot rule out the possibility that classification error contributes to the unexpected
bimodal spatial distribution for U12-type branchpoint positions.

While most branchpoints were positioned proximal to the 3" splice site, a subset was located
further upstream. Distal branchpoints, located >50 nt upstream, constituted only 9.5% of
branchpoints in U2-type constitutive introns (Fig. 2B). In contrast, distal branchpoints frequently
occurred in introns associated with alternative splicing events, consistent with previous reports
(Corvelo et al., 2010; Taggart et al., 2012, 2017). We quantified alternative splicing across 16
human tissues and restricted to “switch-like” events that exhibited changes in isoform ratio
(“switch scores™) of > 25% between tissues. This restriction focused our analysis on regulated
tissue-specific splicing rather than low-abundance isoforms that might result from stochastic
splicing. Distal branchpoints occurred at frequencies of 39.5% and 28.7% within U2-type introns
that were frequently retained or positioned upstream of cassette exons (Fig. 2C,D). Far-distal
branchpoints, located >100 nt upstream, occurred at frequencies of 4.6%, 22.0%, and 13.9% in

U2-type constitutive introns, retained introns, and introns upstream of cassette exons. This
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unexpectedly strong enrichment for distal and far-distal branchpoints in switch-like retained

introns strongly suggests that branchpoint position contributes to regulated intron recognition.

2.3.5  Almost all constitutive introns have multiple branchpoints

We anecdotally noticed that many introns contained multiple annotated branchpoints. This
branchpoint multiplicity was common even in constitutive introns, which are not subject to
alternative splice site usage yet frequently contain an unexpectedly large number of branchpoints.
Given this surprising degree of branchpoint multiplicity, we sought to confirm the results of our
high-throughput branchpoint inference procedure with direct lariat sequencing. We selected four
constitutive introns within MBNLI, POLR3A4, SNX9, and VASP, each of which exhibited high
branchpoint multiplicity, with six or seven branchpoints discovered within RNA-seq libraries from
the K562 erythroleukemic cell line alone. We generated cDNA libraries from K562 cell lysate,
used nested PCR to specifically amplify lariats from each of those four introns, performed Sanger
sequencing on single amplicons with colony sequencing, and inferred branchpoints from each
sequenced amplicon (Supplemental Fig. S3A,B). For each intron, we validated the majority of
computationally inferred branchpoints and furthermore discovered new branchpoints (Fig. 3A,B).
In addition to experimentally confirming the striking branchpoint multiplicity that we inferred for
many introns, these results demonstrated that many or most introns are still undersampled despite
our very large-scale RNA-seq analysis.

We next tested whether branchpoint multiplicity was an unusual feature of specific introns
or was instead a common characteristic of many introns. Accurately estimating branchpoint
abundance is challenging for two reasons. First, as revealed by our power analysis and targeted

lariat sequencing experiments, our study has not approached saturation of lariat sequencing even
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for introns with many annotated branchpoints (Figs. 1C, 3A,B). Second, our lariat sequencing
depth varied by orders of magnitude for different introns.

We simultaneously controlled for both of those effects by stratifying all analyses by per-
intron lariat sequencing depth. Simply binning each intron according to the number of sequenced
lariats revealed that the vast majority of constitutive introns contained multiple lariats. Ninety-five
percent of constitutive introns with the greatest sequencing depth (= 250 sequenced lariats)
contained two or more distinct branchpoints, with a mean of 6.75 branchpoints detected per intron
(Fig. 3C,D). Sequencing just five to 10 lariats per intron was sufficient to detect multiple
branchpoints in the majority of introns. Ninety-five percent is probably an accurate estimate of the
fraction of constitutive introns with multiple branchpoints, as an asymptote is clearly evident in
our power analysis (Fig. 3C). In contrast, additional lariat sequencing will probably reveal novel
branchpoints for the 95% of introns exhibiting branchpoint multiplicity (no asymptote is visible in
the relevant power analysis) (Fig. 3D), consistent with our discovery of novel branchpoints via
direct lariat sequencing of MBNLI1, POLR3A4, SNX9, and VASP introns.

Our estimates of branchpoint multiplicity could potentially be confounded by small
nontemplated insertions or deletions generated by reverse transcriptase when traversing the 2’5’
phosphodiester linkage at the branch (Vogel et al., 1997; Gao et al., 2008). Deletions do not
confound our analysis, as they do not result in a mismatch at the branchpoint. However, insertion
of a single nucleotide could result in incorrect inference of a branchpoint at the +1 position with
respect to the actual branchpoint. (Insertion of two or more nucleotides, which is relatively
infrequent, would result in multiple mismatches. Such reads would not satisfy our criteria for high-
confidence branchpoints, except for the unlikely case where the randomly inserted nucleotides

matched the genomic sequence.) To test whether our branchpoint multiplicity estimates were
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biased by this potential source of error, we took the conservative approach of collapsing all
adjacent branchpoints into a single branchpoint. Even after applying this merge procedure, we
estimated that ~94% of constitutive introns contained multiple branchpoints, with a mean of five
branchpoints per intron for introns with the most lariat sequencing coverage (Supplemental Fig.
S4A,B). We conclude that high branchpoint multiplicity typifies the vast majority of human

introns.

2.3.6  Branchpoint position strongly influences branchpoint usage

We next attempted to identify sequence features that contribute to basal branchpoint recognition
and selection in the face of high branchpoint multiplicity. We took advantage of the large-scale
nature of our study to quantitatively estimate branchpoint usage across 54 healthy human tissues.
We removed transcriptome- or genome-aligning reads from the ~550 billion reads sequenced by
the GTEx project (Mel¢é et al., 2015) and aligned the remaining reads to all lariat sequences (5’
splice site—branchpoint pairs). We restricted to reads with a lesion (mismatch or small indel)
specifically at the branchpoint in order to help ensure that the reads originated from reverse
transcription of branched RNA. For each tissue, we collated reads sampled from different
individuals in order to increase our lariat sequencing depth. We then estimated branchpoint usage
by computing the frequency with which a particular 5" splice site-branchpoint pair was used
relative to all branchpoints associated with that 5’ splice site. As we sought to identify sequence
features that influenced basal branchpoint recognition independent of potential cis- or transacting
regulation, we estimated basal branchpoint usage by averaging branchpoint usage across all 54

tissues.
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We focused on the two key features that define a branchpoint: its location relative to the 3’
splice site and its complementarity to the U2 snRNA sequence. We restricted to U2-type introns
and focused our analysis on the two most frequently used branchpoints within each intron. Plotting
quantitative branchpoint usage as a function of branchpoint position revealed that the majority of
most frequently used branchpoints resided within a narrow window, consistent with the restricted
genome-wide distribution of all branchpoint positions (Fig. 3E). While a few far-distal
branchpoints were predominantly used, such examples were relatively uncommon.

In contrast to branchpoint position, complementarity to the U2 snRNA was not strongly
correlated with branchpoint usage. We computed the binding energy of each branchpoint sequence
context to the U2 snRNA sequence AUGAUGUG, with the exception of the branchpoint itself,
which appears as a bulge in the structure. While previous studies have shown that U2 snRNA
complementarity is associated with branchpoint recognition, this association is very weak (Mercer
et al. 2015). Consistent with previous results, we observed little association between U2 snRNA
complementarity and quantitative branchpoint usage (Fig. 3F). Many branchpoints were very poor
matches to the U2 snRNA yet were predominantly used. In contrast, most branchpoints within
Ul2-type constitutive introns were comparatively better matches to the U12 snRNA sequence

AGGAAUG (Supplemental Fig. S4C).

2.3.7  Highly regulated ultraconserved introns have an unusually high number of

branchpoints

Since constitutive introns exhibited such a surprising degree of branchpoint multiplicity, we
hypothesized that introns that were associated with alternative splicing might exhibit even more.
Manual inspection of specific introns flanking highly regulated cassette exons, such as the

“poison” exons of SRSF5 and SRSF3, supported this hypothesis (Figs. 1B, 4A). SRSF5 and SRSF3



21

are members of the SR gene family, each of which contains a highly regulated “poison” splicing
event that introduces an in-frame premature termination codon into the mature transcript. Poison
exons contribute to SR splicing factor homeostasis and overlap with ultraconserved or highly
conserved genomic sequence (Lareau et al., 2007; Ni et al., 2007).

We first confirmed that the large branchpoint cluster upstream of the SRSF'3 poison exon
was correctly annotated with direct lariat sequencing. As with our studies of constitutive introns,
direct lariat sequencing of the SRSF3 intron both confirmed the computationally inferred
branchpoint cluster and revealed novel branchpoints (Fig. 4B). These branchpoints were spread
throughout the highly conserved intronic region upstream of the poison exon, suggesting that they
likely contribute to the purifying selection acting on this genomic sequence.

We next tested whether branchpoint abundance was associated with alternatively spliced
sequences at a genome-wide level. We classified introns as constitutive, retained, upstream of or
downstream from cassette exons, containing a cassette exon, or containing competing 5’ or 3’ splice
sites. We considered introns that were associated with poison exons of SR genes as a distinct class.
All introns associated with the inclusion of alternatively spliced sequence were enriched for
branchpoints relative to constitutive introns, with retained introns displaying the greatest
enrichment (~43%) (Fig. 4C). While introns upstream of as well as downstream from cassette
exons were enriched for branchpoints, introns corresponding to cassette exon exclusion exhibited
a modest depletion relative to constitutive introns, suggesting that some branchpoints downstream
from cassette exons are used only in the context of exon inclusion. (This comparison was made
possible by our enumeration of 5’ splice site—branchpoint pairs rather than branchpoints alone.)
We observed the same trend, although with much greater branchpoint multiplicity, for introns

associated with poison exons of SR genes.
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In addition to exaggerated multiplicity, branchpoints within introns that were associated
with alternative splicing exhibited other unusual characteristics. Adenine is found at ~83% of
branchpoints within constitutive introns but only ~58% of branchpoints within retained introns
(Fig. 4D). Adenine frequencies are highest for 5’ splice site—branchpoint pairs corresponding to
cassette exon exclusion (~88%), mirroring our observation that cassette exon exclusion is
associated with reduced branchpoint multiplicity even relative to constitutive intron splicing.
Introns flanking the poison exons of SR genes contained branchpoints within sequence contexts
that were unusually poor matches to the U2 snRNA consensus, with an average of —0.4 kcal/mol
for introns upstream of SR poison exons versus —1.1 kcal/mol for constitutive introns (Fig. 4E).
Together, our data indicate that an abundance of branchpoints, many of which are suboptimal,

likely contributes to regulated alternative splicing.

2.3.8  Branchpoint usage is frequently tissue-specific

The branchpoint multiplicity that characterizes most introns theoretically permits tissue-specific
branchpoint selection and intron recognition even for constitutive introns. We anecdotally noticed
a striking example of this within the first intron of HBB (encoding B-globin), a well-studied
splicing substrate. Early biochemical studies demonstrated that HBB’s first intron forms a lariat
RNA via an adenine branchpoint at position —37 nt relative to the 3’ splice site (Ruskin et al.,
1984). Mutating this branchpoint to a guanine did not abolish in vitro splicing of its parent intron.
Instead, branchpoint usage shifted to a 3 splice site-proximal adenine located at position —24 nt
(Ruskin et al., 1985). While the dominant branchpoint at position —37 nt is an excellent match to
the U2 snRNA, with a binding energy of —5.2 kcal/mcol, the cryptic branchpoint at position —24
nt has a binding energy of just —0.5 kcal/mol. This difference may explain why the downstream

branchpoint was used in vitro only when the dominant branchpoint was mutated.
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Given these biochemical studies, we expected to observe exclusive usage of the —37-nt
branchpoint in our own data for HBB. Unexpectedly, we found that branchpoint usage was instead
highly tissue-specific, with nonoverlapping sets of branchpoints used in blood versus metastatic
prostate cancer (Fig. SA). The —37-nt branchpoint was present in 79% of lariats sequenced from
normal or leukemic peripheral blood or bone marrow, with infrequent usage of other branchpoints
at positions —78, —41, and —24 nt. In contrast, in metastatic prostate cancer samples, branchpoints
at positions —30 nt and —26 nt constituted 31% and 58% of branchpoint usage. The —37-nt
branchpoint was virtually unused.

Since we observed such striking variation in branchpoint usage even within the well-
studied first intron of HBB, we hypothesized that tissue-specific branchpoint usage might be more
common than is currently recognized. We therefore sought to use direct lariat sequencing to
identify differentially used branchpoints within the VASP and SRSF3 introns studied above as
exemplars of constitutive and alternative splicing. We first confirmed that our direct lariat
sequencing protocol was sufficiently reproducible to quantify differential branchpoint usage. We
amplified, cloned, and sequenced lariats from the VASP and SRSF3 introns in technical duplicates
from five tissues obtained from healthy donors (peripheral blood, cerebellum, spleen, fetal spleen,
and testis). We estimated false discovery rates (FDRs) for each intron by measuring the frequencies
of differential branchpoint usage between the technical replicates for each of the [(number of
branchpoints) X (number of tissues)] trials, where we defined differential branchpoint usage as
differences in usage of > 10% with a P-value of <0.01. We estimated FDRs of 2.5% and 2.4% for
VASP and SRSF3, indicating that our assay is robust with respect to experimental variability.

We therefore used our lariat sequencing assay to quantify branchpoint usage for all

branchpoints within the VASP and SRSF3 introns. We observed frequent differential branchpoint
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usage for both introns, including differences between tissues as well as between fetal and adult
samples from the same tissue (Fig. 5B,C). Both the VASP and SRSF3 introns contained “switch-
like” branchpoints, which were never used in some tissues but were used frequently in others. The
four and five differentially used branchpoints that we detected in VASP and SRSF3 far exceeded
the number expected from experimental variability alone, with associated P-values of 5.6 x 1073
and 1.9 x 10-5 (Fig. 5D).

We next extended our targeted experimental analysis of VASP and SRSF3 to a genome-
wide RNA-seq-based measurement of differential branchpoint usage. We estimated branchpoint
usage across healthy human tissues in the GTEx data set and performed a power analysis similar
to our approach for estimating genome-wide branchpoint multiplicity (Fig. 3C,D). We focused
our analysis on constitutive introns, since branchpoint multiplicity and differential branchpoint
usage in the context of constitutive splicing was so unexpected. We restricted to constitutive
introns with two or more branchpoints, binned each intron according to the total number of
sequenced lariats across all tissues, and tested whether each intron exhibited tissue-specific
differences in branchpoint usage.

Our power analyses suggested that most branchpoints within constitutive introns are used
relatively frequently within one or more tissues and that a majority of constitutive introns
undergoes tissue-specific branchpoint usage (Fig. SE). After binning introns by the total number
of sequenced lariats, we found that ~87% of branchpoints within the highest-coverage bin (total
of > 250 sequenced lariats over all tissues) were used at rates of > 10% in one or more tissues.
Fifty-eight percent of constitutive introns within this highest-coverage bin exhibited tissue-specific
branchpoint usage. We obtained even more striking results after binning introns by the mean

number of sequenced lariats per tissue. This method more accurately controlled for how variable
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sequencing depth affected our power to quantify branchpoint usage. Approximately 96% of
branchpoints within the highest-coverage bin (mean of > 10 sequenced lariats per tissue) were used
at rates of > 10% in one or more tissues, and 81% of constitutive introns in this coverage bin
exhibited tissue-specific branchpoint usage. We conclude that even constitutive introns commonly

undergo tissue-specific branchpoint usage.

2.4  DISCUSSION

In addition to providing a comprehensive genome-wide branchpoint annotation, our study has
several important implications for future studies of splicing mechanisms and regulation. First, our
finding that most introns have multiple branchpoints suggests that any perturbation of branchpoint
recognition may have unexpectedly profound consequences for global splicing. Branchpoint
multiplicity may be particularly important in the context of cancer-associated mutations that alter
normal splicing mechanisms and regulation (Dvinge et al., 2016). Second, our study demonstrates
that branchpoint selection is unexpectedly complex in healthy tissues, even for constitutive introns.
The striking tissue-specific variability in branchpoint usage that we observed suggests that introns
are recognized in mechanistically distinct ways in different cell types.

The discovery of recurrent cancer-associated mutations affecting the splicing factor SF3B1
created intense interest in understanding how these mutations might alter normal splicing
(Papaemmanuil et al., 2011; Quesada et al., 2011; L. Wang et al., 2011; Yoshida et al., 2011).
SF3B1 is a core component of U2 snRNP that binds pre-mRNA near the branchpoint. While the
mechanistic consequences of SF3B1 mutations have not been fully elucidated, several studies have
demonstrated that these lesions are associated with abnormal 3’ splice site recognition, including
usage of cryptic 3’ splice sites and alternate branchpoints (Darman et al., 2015; DeBoever et al.,

2015; Alsafadi et al., 2016). However, relatively few splicing changes have been identified to date
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in SF3B1 mutant cells (Obeng et al., 2016). Given the unexpected branchpoint multiplicity and

tissue-specific regulation revealed by our study, we speculate that SF3B/ mutations might have
more profound and pervasive consequences for global splicing than is currently recognized.

While our study highlights the complexity of recognizing even constitutive introns, the
mechanistic origins of tissue-specific branchpoint usage remain mysterious. For example, it is
unclear why different sets of branchpoints underlie HBB splicing in blood versus metastatic
prostate cancer samples. This tissue specificity is not readily explained by somatic mutations, as
the analyzed metastatic prostate cancer samples were not enriched for recurrent splicing factor
mutations (Robinson et al., 2015a). Interestingly, within each of the two distinct sets of
branchpoints, the branchpoint with the best match to the U2 snRNA was dominant (Fig. SA).
Binding of trans-acting factors to the ABB intron might prevent branchpoint recognition by
physical occlusion, and competition between nonoccluded branchpoints might govern subsequent
patterns of branchpoint selection in a given tissue. Even a single splicing factor can occlude
multiple branchpoints; for example, CELF2 can bind sites flanking a branchpoint cluster to
simultaneously prevent usage of any branchpoint in the cluster (Dembowski & Grabowski, 2009).
Further studies are required to test whether this or other mechanisms enforce the tissue specificity
of branchpoint usage within HBB, VASP, SRSF3, and other genes.

What are the functional consequences of branchpoint multiplicity? We speculate that
having multiple branchpoints might confer both fitness advantages and expanded regulatory
potential to introns. First, branchpoint multiplicity may confer mechanistic robustness. Having
multiple branchpoints may render introns resilient to otherwise deleterious transcriptional errors,
somatic mutations, or genetic variation. Second, branchpoint multiplicity may facilitate splicing

regulation by rendering splice site recognition more plastic. For example, an intron with multiple
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branchpoints could be regulated by the intronic binding of tissue-specific splicing factors that
promote or repress individual branchpoints. Such an intron might have more inherent regulatory
potential than would an intron with a single branchpoint. This hypothesis is supported by our
finding that introns associated with the highly regulated SR poison exons are rich with
branchpoints. Third, branchpoint multiplicity may enable regulated retention of introns, including
ostensibly constitutive introns. A majority of human introns, most of which are not associated with
alternative splice site or exon usage, exhibits detectable intron retention in specific healthy and/or
cancerous cell types (Braunschweig et al., 2014; Dvinge & Bradley, 2015). With rare exceptions,
the mechanistic origins of intron retention are not understood. However, our observation that the
most frequently retained introns have more branchpoints than do other introns, including
nonadenine and 3’ splice site-distal branchpoints, strongly suggests that branchpoint selection is
an important contributor to regulated intron retention. While our understanding of branchpoint
selection remains incomplete, it is clear that the branchpoint plays a more important regulatory

role in both constitutive and alternative splicing than is generally recognized.
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Figure 1. Genome-wide branchpoint annotation from RNA-seq data.
(A) Overview of our branchpoint detection algorithm. See also Supplemental Figure S1 (Figure

S1).

(B) Branchpoint annotation of SRSFS5. For simplicity, only the intron-distal splice site of a
competing 5' splice site event within the first intron is illustrated in the exon-intron structure.
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Vertical red bars, branchpoints. Horizontal black lines, 5' splice site - branchpoint pairs. Plot based
on image from the UCSC Genome Browser (Meyer et al. 2013).

(C) Branchpoint detection rate as a function of the number of sequenced lariats. We randomly
sampled from all sequenced lariats analyzed in our study and computed the number of distinct 5'
splice site - branchpoint pairs detected. As 5' splice site - branchpoint pairs were not reported by
other studies, we illustrated the number of reported branchpoints instead. For Taggart et al, 2017,
we illustrated their "high-confidence" set of branchpoints.

(D) Fraction of all RefSeq constitutive introns with one or more mapped branchpoints.

(E) Distribution of mapped branchpoints among different annotation classes. RefSeq const.,
RefSeq constitutive introns. RefSeq non-const., RefSeq non-constitutive introns. annotated (non-
RefSeq), introns present in the UCSC, Ensembl, or MISO annotation databases, but not RefSeq.
unannotated, introns formed by unannotated ligation of annotated 5' and 3' splice sites.
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Figure 2. Branchpoint position, but not sequence context, is constrained.

(A) Sequence logos of branchpoint contexts. Plot restricted to branchpoints within RefSeq
constitutive introns.

(B) Histogram of branchpoint positions relative to the 3' splice site, where position -1 nt
corresponds to the last intronic nucleotide. Vertical dashed lines at -20, -28, and -49 nt illustrate
the 10th, 50th, and 90th percentiles of positions for U2-type introns. Plot restricted to branchpoints
within RefSeq constitutive introns.

(C) As (B), but for U2-type introns classified as constitutive or retained. To ensure that the
analyzed sets of introns were disjoint, we restricted to constitutive introns that did not overlap
introns annotated as potentially retained in the MISO v2.0 annotation, even if those introns did not
exhibit retention in our data. Vertical dashed line at -28 nt illustrates the median position for
constitutive introns.

(D) As (B), but for U2-type introns classified as constitutive or upstream of a cassette exon.
retained. To ensure that the analyzed sets of introns were disjoint, we restricted to constitutive
introns that did not overlap introns associated with cassette exons, even if those cassette exons did
not exhibit alternative splicing in our data. Vertical dashed line at -28 nt illustrates the median
position for constitutive introns.
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Figure 3. Most constitutively spliced introns contain multiple branchpoints.

(A) Branchpoint annotations of introns within POLR3A and (B) MBNL1, SNX9, and VASP, based
on RNA-seq analysis as well as direct lariat sequencing. Colors indicate the evidence supporting
each branchpoint. Examples of sequenced lariats are shown for POLR3A.

(C) Fraction of constitutive introns with multiple branchpoints as a function of the number of
sequenced lariats with a mismatch at the branchpoint. Error bars, 95% confidence interval
estimated with a proportion test.

(D) As (C), but illustrates the mean number of branchpoints per intron. Error bars, standard
deviation of the mean estimated by bootstrapping.

(E) Branchpoint usage as a function of the relative branchpoint position. Branchpoint usage is
defined as the number of sequenced lariats supporting a given 5' splice site - branchpoint pair
divided by the total number of sequenced lariats mapped to that 5' splice site. Each point
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corresponds to a single branchpoint. Plot restricted to constitutive introns with two or more
branchpoints. The two most commonly used branchpoints per intron are illustrated.

(F) As (E), but illustrates estimated binding energy to the U2 snRNA sequence AUGAUGUG for
each branchpoint context.
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Figure 4. Regulated alternative splicing is associated with high branchpoint multiplicity.
(A) Branchpoint annotation for SRSF3. Sequence conservation, phastCons 100 vertebrates
conservation track (Siepel et al., 2005). Plot based on image from the UCSC Genome Browser

(Meyer et al. 2013).

(B) Branchpoint annotation for intron upstream of the SRSF3 poison exon, based on RNA-seq
analysis as well as direct lariat sequencing. Colors indicate the evidence supporting each

branchpoint.
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(C) Mean number of branchpoints detected in each of the illustrated classes of introns. Alternative
splicing annotations were based on the MISO v2.0 isoform database (Katz et al. 2010). Plot
restricted to introns with > 25 sequenced lariats to help control for intron-specific variability in
lariat sequencing depth. Error bars, standard deviation of the mean estimated by bootstrapping.
(D) As (C), but illustrates the frequencies with which each branchpoint nucleotide occurs.

(E) As (C), but illustrates the mean estimated U2 snRNA binding energy. Error bars, standard
deviation of the mean estimated by bootstrapping.
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Figure 5. Tissue-specific branchpoint usage is common.
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(A) Branchpoint annotation and estimated branchpoint usage for the first intron of HBB. N, number
of sequenced lariats with a mismatch at the inferred branchpoint. Error bars, 95% confidence
intervals estimated with the binomial proportion test. p-values were estimated with the binomial
proportion test. Branchpoints at positions -32, -37 (the canonical branchpoint annotated
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biochemically (Ruskin et al. 1984)), and -41 nt were annotated with moderate, rather than high,
confidence due to the non-uniqueness of the HBB intronic sequence.

(B) As (A), but for the indicated introns of VASP and (C) SRSF3. Data is from direct lariat
sequencing. p-values were estimated with the multinomial proportion test. Plot restricted to
branchpoints exhibiting differential branchpoint usage across the indicated samples, defined as a
tissue-specific difference in branchpoint usage of > 10% with an associated p-value < 0.01 (two-
sided test for difference in proportion). The illustrated percentages do not add up to 100% because
the plot is restricted to differentially used branchpoints.

(D) Detection of tissue-specific branchpoint usage in VASP and SRSF3 relative to the empirical
false-discovery rate (FDR) for each intron. Empirical FDRs were estimated by identifying
differential branchpoint usage between technical replicates. p-values were estimated by comparing
the frequency of differential branchpoint usage detected between tissues and between technical
replicates (two-sided test for difference in proportion).

(E) Fraction of constitutive introns exhibiting tissue-specific branchpoint usage within the GTEx
dataset. Left panel, introns binned by the total number of sequenced lariats across all 54 tissues
sampled by the GTEx project. Right panel, introns binned by the mean number of sequenced lariats
per tissue. Error bars, 95% confidence intervals estimated with a proportion test.
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Figure S1. Strategy for branchpoint discovery and classification from RNA-seq data.

Step 0: Prefilter reads by mapping to transcriptome
and genome.

Step 1: Map 5' splice site sequences to reads.

Step 2: Restrict to reads aligned to a 5' splice site
and trim reads.

Step 3: Map trimmed reads to 3' splice site sequences.

Step 4: Infer branchpoint positions from split read alignments.
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Flow chart of our branchpoint detection algorithm, which is based on the split-read alignment
strategy of Mercer et al, 2015. The details of each step and subsequent assignment of confidence
levels to each 5' splice site - branchpoint pair are described in Methods.
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Figure S2. Branchpoint detection rate is influenced by intron length and parent gene
expression.

(A) Fraction of constitutive introns with at least one mapped branchpoint as a function of parent
gene expression. Gene expression was computed as the median expression across the 16 human
tissues analyzed in the Illumina Body Map 2.0 dataset. Plot restricted to introns of length >= 200
bp to avoid the confounding effects of short introns. Dashed line indicates where 50% of introns
have at least one annotated branchpoint.

(B) As (A), but for intron length. Plot restricted to introns within genes with median gene
expression of >= 1 transcript per million (TPM).
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(C) As (A), but for parent gene expression divided by intron length. Plot restricted to introns of
length >= 200 bp to avoid the confounding effects of short introns.

(D) Histograms of observed to expected lariat abundance for constitutive introns. Lariats were
binned according to the nucleotide at the branchpoint. Expected lariat abundance was defined for
each intron as parent gene expression / intron length plus a regularization factor of 0.5 to ensure
that the log transformation was defined. Histograms were centered by dividing by the median of
the distribution for lariats with A at the branchpoint prior to performing a log transformation. The
same scaling factor for centering was used in order to permit direct comparison of the different
distributions. Dashed lines illustrate the 1st, 50th, and 99th percentiles. a.u., arbitrary units.
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Figure S3

Step 0: Outer and inner PCR primer set design.

—_—

[ [op} A a g

-— —
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Step 2: Nested PCR using an outer and inner primer set.

Step 3: Gel purify, clone DNA into vectors via TOPO cloning.

Step 4: Transform into competent cells and plate on selective media.

Step 5: Randomly select colonies for Sanger Sequencing.
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Figure S3. Strategy for branchpoint discovery from direct lariat sequencing.

(A) Experimental procedure for direct lariat sequencing.

(B) Flow chart of our procedure for annotating or validating branchpoints with data from direct
lariat sequencing.
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Figure S4. Branchpoint multiplicity and snRNA complementarity.

(A) As Figure 3C, but with all adjacent branchpoints merged into a single branchpoint.

(B) As Figure 3D, but with all adjacent branchpoints merged into a single branchpoint.

(C) Histogram of estimated U12 snRNA binding energies for all branchpoints within U12-type
introns.
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2.6 TABLES
study RNA-seq 5'splice site - | A frequency
reads branchpoint at
analyzed | branchpoints pairs | branchpoint
Gao et al, 2008 NA 60 60 85%
Taggart et al, 2012 ~1.2 billion 862 not reported 39%
Mercer et al, 2015 ~3 billion 59,359 not reported 78%
Taggart et al, 2017 ~11.3 billion 36,078 not reported 55%
this study: high confidence ~1.31 trillion 130,294 136,998 77%
this study: moderate
confidence ~1.31 trillion 8,220 9,182 50%
this study: low confidence ~1.31 trillion 47,894 48,935 32%

Table 1. Comparison of published branchpoint annotations. The high, moderate, and low

confidence categories used in our study are mutually exclusive. The numbers for Taggart et al,

2017 correspond to their "high-confidence" set of branchpoints.
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Reads
Dataset name (billion) | Accession number(s) PMID(s)
2010/illumina.body map 2 2.4 ERP000546 (ENA) NA
DRAO000345,
DRAO000346,
DRA000347,
DRA000348,
DRAO000350, | 22369889,
2012/akimitsu.rna_stability 2.3 | DRP000622 (DDBJ) 23064110
2012/encode-
gingeras.shortRNA subcellular fractions 13 GSE24565 (GEO) 22955620
2012/encode-gingeras.subcellular fractions 5.1 GSE30567 (GEO) 22955620
2012/lopez-otin- EGADO00001000083 | 22158541,
quesada.chronic_lymphocytic leukemia 2.4 (EGA) 23187290
2013/abdel-wahab.acute_myeloid leukemia 1.4 NA 25965569
2013/aerts-
cools.acute lymphoblastic leukemia 2.3 NA 24367274
2013/bradley-
ramakrishnan.chronic_myelomonocytic leu
kemia 1.1 NA 25965569
2013/bradley- GSES8871, | 25267526,
ramakrishnan.spliceosomal mutations 33 GSE65349 (GEO) 25965569
2013/bradley-tapscott.fshd 1.4 GSE45883 (GEO) 24278031
GSES58335,
2013/bradley.nonsense mediated decay 1.1 GSE61410 (GEO) 25385641
2013/carroll.B-lymphoblastic leukemia 1.4 SRP009840 (SRA) 23377183
2013/ecker-ren.ucsd_epigenome mapping 2.5 GSE16256 (GEO) 21289626
2013/geuvadis-dermitzakis.1000 genomes 11 E-GEUV-1 (ENA) 24037378
2013/gray.breast cancer celllines 4.2 GSE48213 (GEO) 24176112
2013/khaitovich-gelfand-chen.aging brain 1.1 SRP005169 (SRA) 23340839
2013/paddison.glioblastoma 1.8 GSE75147 (GEO) 23651857
2013/sauvageau.acute lymphoblastic leuke
mia 2.3 GSE49601 (GEO) 24069164
2013/tapscott.fshd patients 3.6 GSES56787 (GEO) 24861551
NCI Genomic Data
2013/TCGA.ACC 3.2 Commons
NCI Genomic Data
2013/TCGA.BLCA 1.4 Commons
NCI Genomic Data
2013/TCGA.BRCA 78 Commons
NCI Genomic Data
2013/TCGA.CESC 18 Commons
NCI Genomic Data
2013/TCGA.CHOL 2 Commons
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NCI Genomic Data
2013/TCGA.COAD 4.1 Commons
NCI Genomic Data
2013/TCGA.DLBC 4.4 Commons
NCI Genomic Data
2013/TCGA.GBM 38 Commons
NCI Genomic Data
2013/TCGA.HNSC 4.1 Commons
NCI Genomic Data
2013/TCGA.KICH 2.4 Commons
NCI Genomic Data
2013/TCGA.KIRC 14 Commons
NCI Genomic Data
2013/TCGA.KIRP 2.8 Commons
NCI Genomic Data
2013/TCGA.LAML 43 Commons
NCI Genomic Data
2013/TCGA.LIHC 4.6 Commons
NCI Genomic Data
2013/TCGA.LUAD 27 Commons
NCI Genomic Data
2013/TCGA.LUSC 6.5 Commons
NCI Genomic Data
2013/TCGA.HNSC 29 Commons
NCI Genomic Data
2013/TCGA.OV 86 Commons
NCI Genomic Data
2013/TCGA.PAAD 11 Commons
NCI Genomic Data
2013/TCGA.PRAD 30 Commons
NCI Genomic Data
2013/TCGA.SARC 14 Commons
NCI Genomic Data
2013/TCGA.STAD 20 Commons
NCI Genomic Data
2013/TCGA.TGCT 6.9 Commons
NCI Genomic Data
2013/TCGA.THCA 7.4 Commons
NCI Genomic Data
2013/TCGA.THYM 9.7 Commons
NCI Genomic Data
2013/TCGA.UCEC 22 Commons
2013/west.breast cancer stroma 3.8 GSE42948 (GEO) 24342436
2013/white-
mcnerney.acute myeloid leukemia 1.9 SRP017262 (SRA) 23212519
2014/conboy.erythropoiesis 1.1 GSES53635 (GEO) 24442673
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2014/gallagher.erythropoiesis 1.1 GSES53983 (GEO) 24637361
2014/kim.colorectal cancer 4.1 GSE50760 (GEO) 25049118
2014/myers.breast cancer 27 GSES581350 (GEO) 24929677
phs000915.v1.pl
2014/su2c.prostate cancer 25 (dbGaP) 26000489
2014/target- phs000218.v18.p7
meshinchi.acute myeloid leukemia 43 (dbGaP) NA
2014/varmus.u2afl mutations 4.8 GSE80136 (GEO) 27776121
2015/boultwood.sf3bl mutations 23 GSE63569 (GEO) 25428262
2015/buonamici.sf3b1 mutations 2.2 GSE72790 (GEO) 26565915
2015/koeffler.zrsr2 mutations 1.2 GSE63816 (GEO) 25586593
2015/mattick.branchpoint_discovery 2.2 GSES53328 (GEO) 25561518
2016/berglund-wang.myotonic _dystrophy 3.7 GSE86356 (GEO) 27681373
2016/cairns.embryogenesis 9.6 GSE85632 (GEO) 28459457
2016/chen- Chinese Genotype-
chen.acute lymphoblastic leukemia 12 phenotype Archive 27428428
2016/fioretos.acute _lymphoblastic leukemi EGADO00001002112
a 5.1 (EGA) 27265895
phs000424.v6.p1
2016/gtex.tissues 550 (dbGaP) 25954002
JGAS00000000047
2016/mano.acute_lymphoblastic leukemia 13 (JGA) 27019113
2016/stern.uveal melanoma 3.9 NA 26842708

Table S1. RNA-seq datasets analyzed in this study. Published or publicly available datasets with
>1 billion available reads that were analyzed in this study. Accession numbers and/or PMIDs are
listed when available.
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Gene Intron PCR Direction Sequence (5'->3")
SRSF3 3 outer F TCAAAATCTTGCCCCTTTTG
SRSF3 3 outer R CAAAAGCCAACACTCAGCAC
SRSF3 3 inner F ACAGCACACTGTTGCCCATC
SRSF3 3 inner R CATACCCCAAATTACACCCAAC
POLR3A 4 outer F TATTGGGAAACGGACCTCTC
POLR3A 4 outer R GAGAAAAGCTGACTCCCGAAC
POLR3A 4 inner F TATTGGGAAACGGACCTCTC
POLR3A 4 inner R | AACAGAAGACAGTGAGTGAAAAGG
MBNL1 7 outer F AAGCCTGTTTGTGTCAATTTTC
MBNLI 7 outer R GGAAATGGACTTGCCCAATAG
MBNL1 7 inner F TGTCAATTTTCTTGATTTGATGG
MBNLI 7 inner R ATTTTGAGGGGCTGTGAGG
SNX9 10 outer F AGGGAGATAGAGTGGGAGCTG
SNX9 10 outer R CTTCTGGCAGGCAGTTCTTC
SNX9 10 inner F AATGAGCTGGTCCTGTTTGG
SNX9 10 inner R AGGTTTCTGTCCCCTCACTG
VASP 9 outer F GCACCCTTATAGGAGAGTCAGG
VASP 9 outer R TAGTTCCTGTGGCTGGACTG
VASP 9 inner F GCACCCTTATAGGAGAGTCAGG
VASP 9 inner R GGCTGGACTGGGCACTCTAC

Table S2. Primers for lariat sequencing. PCR primers used for direct lariat sequencing.
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2.7  MATERIALS AND METHODS

2.7.1 Method Details

2.7.1.1 Genome annotations

We generated a genome annotation by merging the UCSC knownGene (Meyer et al., 2013),
Ensembl 71 (Flicek et al., 2013), and MISO version 2.0 (Katz et al., 2010) annotations for the
UCSC hgl9 (GRCh37) genome assembly. We created an expanded intron annotation for
subsequent branchpoint mapping by enumerating all possible combinations of annotated 5" and 3’

splice sites within each gene.

2.7.1.2  Gene expression and alternative splicing analysis

We estimated gene expression and alternative splicing across the 16 tissues in the Body Map 2.0
database as described previously (Dvinge et al., 2014). Briefly, we first mapped all reads to the
transcriptome with RSEM (RNA-seq by expectation maximization) version 1.2.4 (B. Li & Dewey,
2011), which produces gene-level expression estimates. We modified RSEM to invoke Bowtie
(Langmead et al., 2009) with the option “-v 2.” We then mapped remaining unaligned reads to the
genome and the splice junction database described above (equivalent to the expanded intron
annotation) with TopHat version 2.0.8b (Trapnell et al., 2009). We merged the read alignments
produced by RSEM and TopHat and used those as input to MISO with its version 2.0 annotation

(Katz et al., 2010) to quantify isoform expression.

2.7.1.3 Branchpoint detection algorithm

Our branchpoint detection algorithm was based on the split-read alignment strategy used in Mercer

et al. (2015).

Prefilter reads
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First, filter out reads with > 5% Ns or other ambiguous characters. Next, sequentially invoke
Bowtie2 as follows for the transcriptome and genome: bowtie2 -x <index file for transcriptome or
genome> --end-to-end --sensitive --score-min L,0,-0.24 -k 1 --n-ceil L,0,0.05 -U <FASTQ file of
reads>. Finally, discard the aligned reads and use the unaligned reads as input for the next step.

Map 5' splice site sequences to reads

First, build a Bowtie index for a FASTA file of prefiltered reads. Next, build a FASTA file holding
5" splice site sequences (the first 20 nt of each intron or, alternately, the 20 nt downstream from
each 5’ splice site, including the 5’ splice site itself). Finally, map 5’ splice site sequences to reads
as follows: bowtie2 -x <index file for reads> --end-to-end --sensitive --k 10000 --no-unal -f -U
<FASTA file of 5" splice site sequences>.

Restrict to reads aligned to a 5' splice site and trim reads

First, restrict to alignments between 5’ splice site sequences and reads with no mismatches and no
indels. Second, restrict to reads that align to a single 5’ splice site. Third, trim off the portion of
each read starting at the 5’ splice site alignment and continuing to the end of the read. Finally,
restrict to trimmed reads of > 20-nt length.

Map trimmed reads to 3' splice site sequences

First, build a FASTA file holding the 3’ splice site sequences (the last 250 nt of each intron or,
alternately, the 250 nt upstream of each 3’ splice site, including the 3’ splice site itself). Next, build
a Bowtie index for these sequences. Finally, map trimmed reads to 3’ splice sites as follows:
bowtie2 -x <index file for 3’ splice sites> --end-to-end --sensitive -k 10 --no-unal -f -U <FASTA
file of trimmed reads>.

Infer branchpoint positions from split-read alignments
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First, restrict to trimmed read alignments with five or fewer mismatches, <10% mismatch rate, and
at most a single indel of <3-nt length in the 3’ splice site-aligning portion of the read. Second,
restrict to alignments that score as well as the best-scoring alignment for each read (e.g., remove
lower-scoring alignments). Third, restrict to reads with inverted alignments (e.g., where the “left”
half of the read aligns near the 3’ splice site, while the “right” half of the read aligns to the 5 splice
site). Fourth, restrict to reads for which the 5" and 3’ splice site-aligning portions of the read map
to splice sites within a single gene. Fifth, compute the branchpoint position as the last nucleotide
of the trimmed read alignment. Sixth, restrict to reads with a mismatch at the inferred branchpoint
position. Finally, assemble a final set of 5" splice site-branchpoint pairs.

Assign confidence levels to each 5' splice site—branchpoint pair

First, for each identified 5’ splice site-branchpoint pair, extract these sequences and identify
nonunique sequences as follows: (1) 5’ splice site sequence (25 nt of sequence downstream from
the 5’ splice site, including the 5’ splice site itself; test whether each sequence aligns to more than
one location in the genome with no mismatches or gaps), (2) upstream branchpoint sequence (25
nt of sequence upstream of the branchpoint, including the branchpoint itself; test whether each
sequence aligns to more than one location in the genome with no mismatches or gaps), and (3)
lariat sequence (concatenation of the branchpoint and 5’ splice site sequence; test whether each
sequence aligns to the transcriptome or genome with two or fewer mismatches, < 5% mismatches,
and no gaps). Next, assign confidence levels to each 5’ splice site—branchpoint pair based on the
“hits” (branchpoint-spanning reads used to infer the branchpoint location) as follows: (1) low (one
or more hits with mismatch at the branchpoint and > 5% of hits with mismatches at the
branchpoint), (2) moderate (one or more hits with mismatch at the branchpoint and no other

mismatches or indels in the 3’ splice site region of the read and > 5% of hits with mismatches at



50

the branchpoint and no other mismatches or indels in the 3’ splice site region of the read), and (3)
high (one or more hits with mismatch at the branchpoint and no other mismatches or indels in the
3’ splice site region of the read, > 5% of hits with mismatches at the branchpoint and no other
mismatches or indels in the 3’ splice site region of the read, and unique 5’ splice site, upstream

branchpoint, and lariat sequences).

2.7.1.4 Branchpoint sequence analysis

Branchpoint sequence analysis was performed within the R programming environment. All
analyses relied on Bioconductor tools, including the AnnotationHub, BSgenome,
GenomicAlignments, GenomicFeatures, and GenomicRanges packages (Lawrence et al., 2013;
Huber et al., 2015). All plots and figures were generated with the dplyr (http://CRAN.R-
project.org/package=dplyr) and ggplot2 (Wickham, 2009) packages.

Introns were classified as U2 or U12 type by computing the best match between the 5’
splice site of the intron and position weight matrices (PWMs) representing consensus U2- or U12-
type 5' splice sites (Sheth et al., 2006). The binding energy between a given branchpoint context
(excluding the branchpoint itself, which appears as a bulge) and the U2 snRNA sequence
AUGAUGUG was computed with ViennaRNA (Lorenz et al., 2011).

Several statistics were recomputed in order to create Table 1. The A frequency at
branchpoints reported by Gao et al. (2008) was recomputed in order to be consistent with other
studies. Gao et al. (2008) reported this statistic using all sequenced lariats rather than distinct called
branchpoints. The A frequency was similarly recomputed for Taggart et al. (2012, 2017). For
Taggart et al. (2017), the “high-confidence” set of branchpoints was used. This set of branchpoints

was obtained by collapsing branchpoint calls (branchpoints in Supplemental Table S2 of Taggert
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et al. 2017 without motif model values of “template switching” or “circle”) (AJ Taggart and WG

Fairbrother, pers. comm.).

2.7.1.5 Quantification of branchpoint usage across tissues

Branchpoint usage was computed across the 54 tissues represented in the GTEx data set (Mel¢é et
al. 2015) as follows. All reads were prefiltered by aligning them to the transcriptome and genome
and then discarding aligned reads (as for the branchpoint discovery algorithm). Unaligned reads
were collated across individuals for each tissue and aligned to a database of lariat sequences. The
lariat sequence database consisted of sequences spanning the branchpoint itself, with the length of
flanking sequence upstream of and downstream from the branchpoint chosen such that an aligned
read must have at least 10 nt aligned to either side of the branchpoint. The database of lariat
sequences is therefore dependent on the query read length. Unaligned reads were mapped to the
lariat database with Bowtie2 (Langmead & Salzberg, 2012). Alignments were restricted to those
with three or fewer mismatches and one or fewer indel of < 3-nt length. Reads were permitted to
align to up to 25 different lariat sequences; however, multimapping reads were downweighted
proportional to the number of lariats to which they aligned. Usage of a given branchpoint was then
estimated as the number of reads supporting usage of that branchpoint divided by the total number
of reads supporting usage of the 5’ splice site that was associated with that branchpoint. Usage of
any branchpoint therefore must fall within the interval 0% — 100%. This is analogous to the ¥
value commonly used for estimating usage of alternatively spliced sequence (E. T. Wang et al.,
2008) For each branchpoint, a minimum of 20 reads per tissue was required in order to estimate
branchpoint usage; if < 20 reads were available, then that data point was not subjected to further

analysis.
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An intron was said to exhibit tissue-specific branchpoint usage if we observed tissue-
specific differences in branchpoint usage of > 10% (absolute, rather than relative, value) with a P-

value of < 0.05 by a two-sided proportion test.

2.7.1.6 RNA extraction and cDNA synthesis

K562 cells were lysed using TRIzol (Thermo Fisher Scientific). K562 total RNA was isolated from
the cell lysate according to the manufacturer's protocol and cleaned using the Qiagen RNeasy
minikit with DNase treatment (Qiagen, RNase-free DNase set). Total RNA from human peripheral
blood mononuclear cells, cerebella, testes, spleens, and fetal spleens were purchased from Takara
Bio. ¢cDNA was synthesized from the total RNA using random hexamer priming and the

SuperScript III first strand synthesis system (Thermo Fisher Scientific).

2.7.1.7 Direct lariat sequencing and analysis

Primers (Integrated DNA Technologies) were designed to amplify the branchpoint—5' splice site
junction of a specific lariat via nested PCR as illustrated in Supplemental Figure S3A. A first
round of gradient PCR (30 cycles) was performed with Phusion high-fidelity DNA polymerase
(Thermo Fisher Scientific) using the “outer” primer set and the K562 cDNA as a template. The
annealing temperatures used were in the range of Tm + 3°C. The reactions were pooled together,
cleaned, and concentrated using the QIAquick PCR purification kit (Qiagen). The concentrated
DNA served as the template for the second round of gradient PCR (30 cycles) using the “inner”
primer set and an annealing temperature range analogous to that used for the first round of PCR.
The reactions were combined and subjected to 2% agarose gel electrophoresis. Bands of sizes
consistent with lariat amplification were excised, and DNA was extracted using the MinElute gel
extraction kit (Qiagen). Purified DNA fragments were cloned into the pCR-Blunt II-TOPO vector

(Thermo Fisher Scientific) and transformed into TOP10 chemically competent Escherichia coli
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(Thermo Fisher Scientific) using the ZeroBlunt TOPO PCR cloning kit (Thermo Fisher Scientific).

The transformants were plated on 50 pg/mL LB + kanamycin plates, and random colonies were
selected for Sanger sequencing (Genewiz) after growth. Inner and outer primer sets are listed in
Supplemental Table S2.

Branchpoints were annotated using Sanger-sequenced amplicons with the algorithm
outlined in Supplemental Figure S3B. Only reads that contained a mismatch or small insertion at
the inferred branchpoint position were used to identify novel branchpoints. Reads with no lesion
or those containing a deletion at the inferred branchpoint were used only to experimentally confirm
branchpoints annotated via RNA-seq analysis, not to annotate new branchpoints. Tissue-specific
branchpoint usage was quantified and analyzed analogously to the method described above for the

GTEx data set.
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3.1 ABSTRACT

Circular RNAs are closed-loop molecules that can arise from diverse processes, with non-co-linear
splicing or “backsplicing” of exons producing the majority of known circular RNAs in human
cells. Here, we report that many human genes also express intron-derived circular RNAs. These
“cintrons” correspond to full-length introns that have been excised from pre-mRNA and
circularized, with the frequent addition of non-templated adenosines at the point of circularization.
Sequence analyses and biophysical modeling suggest that cintrons arise from debranched intron
lariats, with cintron formation strongly associated with the expected proximity of the 5' and 3'
intron ends in the lariat conformation due to RNA secondary structure, RNA flexibility, and lariat
tail length. Cintron expression is variable across tissues, with highest levels in the brain and testis.
Our results describe a widespread class of circular RNAs and motivate future studies of their

potential functional roles.

3.2 INTRODUCTION

Circular RNAs are conserved across all domains of life and can be composed of coding or non-
coding sequences or both. Exonic circular RNAs (circRNAs) are produced by backsplicing, a non-

canonical splicing event in which a 5’ splice site (5'ss) is joined to an upstream 3’ splice site (3'ss),
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resulting in looping, covalent closure, and ultimate production of a transcript consisting of one or
more exons. Exonic circular RNAs are common transcriptional products in human cells (reviewed
in Kristensen et al., 2019). Self-splicing introns can also generate circular RNAs. This occurs for
the intervening sequence of Tetrahymena ribosomal RNA (Been and Cech, 1985; Cech etal., 1981;
Grabowski et al., 1981; Kruger et al., 1982; Zaug et al., 1983) and in the context of the cyclization
pathways of group I (Dalgaard and Garrett, 1992; Nielsen et al., 2003; Nielsen and Johansen, 2009;
Vader et al., 2002; Vader et al., 1999; Vicens and Cech, 2009) and group II introns (Li-Pook-Than
and Bonen, 2006; Molina-Sanchez et al., 2006; Monat and Cousineau, 2016; Murray et al., 2001).
Although self-splicing introns are absent from the human genome, intron-derived, closed-loop
RNAs with 2'-5" linkages at their points of closure have been described. Such RNAs arise from
intronic lariats for which the lariat tail, the sequence from the branchpoint to the 3'ss, has been
trimmed by exonuclease activity (Saini et al., 2019; Talhouarne and Gall, 2018; Zhang et al.,
2013). Recently, a large-scale study of human branchpoints reported that ~3% of identified
branchpoints coincide with the 3'ss, consistent with expression of circular RNAs derived from
introns that are distinct from lariats (Taggart et al., 2017). These findings suggested that intron-
derived circular RNAs analogous to those arising from self-splicing introns are more common in
human cells than previously appreciated, although the extent, pervasiveness, and mechanistic

origins of such circular RNAs are unknown.

3.3 RESULTS

3.3.1  Detecting cintrons from sequencing data

We undertook a focused search to identify and characterize intron-derived circular RNAs in human
cells. To search for such circular RNAs, we took advantage of the “split-read” method for high-

throughput branchpoint identification that leverages the unique sequence signatures of lariat-



63

identifying reads: the branchpoint (BP) and 5'ss sequences joined in an inverted orientation, with
a mutation at the BP nucleotide position due to low-fidelity reverse transcription (RT) at the lariat
2'-5" linkage (Mercer et al., 2015; Pineda and Bradley, 2018). A mismatch uniquely identifies the
branchpoint position, while lack thereof is consistent with either correct nucleotide incorporation
while traversing a 2'-5' linkage or normal traversal of a 5'-3" linkage (Fig. 1A).

In order to find intron-derived circular RNAs with 5’-3" linkages at their points of closure,
we modified this methodology by removing the mismatch requirement at the nucleotide
immediately adjacent to the 5'ss sequence of the inverted read (the “junction nucleotide”), which
indicates the point of circularization (Fig. S1A). Applying this detection algorithm to ~2 trillion
RNA-seq reads from 24,813 datasets, we found a dramatic increase in read density at the -1 nt
position when we removed versus kept the requirement for a mismatch at the junction nucleotide,
consistent with enhanced detection of full-length circular introns without RT polymerization errors
at the point of closure, consistent with 5'-3" linkages. Some inverted reads mapped to positions in
the BP region of the intron even when no mismatch was required, likely representing BPs that
were not mutated during RT, which occurs ~25% of the time (Mercer et al., 2015) (Fig. 1B). We
termed these intron-derived circular RNAs “cintrons” (Fig. 1A). We restricted our analyses to
RefSeq constitutive (not alternatively spliced) introns to eliminate the possibility that the cintronic
signals were artifacts of alternative splicing. This detection algorithm allows simultaneous
identification of BP positions and cintron-generating introns, as in the introns at the 3’ end of
EWSRI (Fig. 1C).

To experimentally validate cintrons, we performed RT-PCR with nested outward facing
primer sets (Fig. S1B). The primer design allows amplification of both the 5'ss-BP lariat junction

and the concomitant 5'ss-3'ss cintron junction. We used TOPO cloning on the amplicons and
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subsequent Sanger sequencing to quantify cintron abundance. As an exemplar, we performed
direct cintron and lariat sequencing on the intron upstream of the SRSF3 ultraconserved poison
exon. In addition to the branchpoint cluster previously annotated computationally and
experimentally (Pineda and Bradley, 2018), we observed cintronic sequences notable in their lack
of mutations at the junction nucleotide. Intriguingly, cintron sequences featured frequent addition
of non-templated adenosines at the circularization junction (Fig. 1D).

To determine if the cintrons in SRSF3 were in fact circular, we treated samples with RNase
R to digest linear RNA and performed RT-PCR with outward facing primers (Fig. 1E). The control
FBXW4 linear RNA was degraded by RNase R while the control FBXW4 circRNAs and both
SRSF3 cintrons and lariats resisted exonuclease digestion. Sanger sequencing of the circularization
junctions from RNase R-digested RNA confirms lariat and cintron persistence and recovery from

these conditions, validating cintrons as full-length circular introns (Fig. 1F).

332 Cintron formation is prevalent genome-wide

We sought to understand if cintron-formation was an attribute generalizable to other introns by
performing direct lariat and cintron sequencing on 10 distinct intronic sequences. Cintron
abundance varied between exceeding lariats, as seen in the introns of DUSPI and BRDY; and zero,
as in the GLUL, HBB, and VASP introns (Fig. 2A, p-value < 2.2x10°'® via a 10-sample proportion
test). These experiments suggest the existence of context-specific features that permit cintron
formation and support the plurality of cintron-producing introns. Of note, the rate of mutation
incorporation at the junction nucleotide diverges between cintrons and lariats in our experiments.
Lariats harbor mutation rates matching RT error over the 2'-5" phosphodiester measured from

RNA-seq (Mercer et al., 2015), while cintrons display dramatically lower mutation rates congruent
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with accurate transcription over their junctions (Fig. 2B). These results suggest that the cintron
junction is covalently linked by a 5’-3" bond, making it structurally distinct from lariats.

We next assessed the preponderance of cintron-producing genes among all coding genes.
By stratifying each gene based on the number of sequenced lariats and cintrons, we obtained an
estimate of the proportion of cintron-yielding genes as a function of sequencing depth. This power
analysis suggested that the majority of human coding genes (~56%) generate cintrons (Fig. 2C).
In similar power analyses, we estimated that ~23% of U2-type and ~52% of Ul2-type introns
produce cintrons (Fig. 2D). We identified ~15,000 unique cintrons in our analysis, but a power

analysis indicates that we were far from saturation (Fig. 2E).

3.3.3  Lariat tail length is correlated with cintron formation

We wanted to understand if cintron-forming (cintron+) introns have specific sequence features that
distinguish them from their intronic counterparts that do not form cintrons (cintron—). To control
for factors that might influence cintron detection rate, such as differences in gene expression, we
restricted our analyses to introns with at least one detected BP. We observed that cintron+ introns
have shorter polypyrimidine tracts than cintron— introns (Fig. 3A). We found that the BP sequence
motifs and nucleotide preferences in U2- and U12-type cintron+ and cintron— introns are largely
similar. However, we observed a statistically significant difference in the overall BP nucleotide
preference between cintron+ and cintron— U2-type introns, arising from differences in usage of
non-canonical BP nucleotides. Further, Ul2-type cintron+ introns have branchpoint sequences
which better conform to the canonical CCUUNAN minor intron branchpoint sequence (Hall and
Padgett, 1994) (Fig. 3B-D). Ul2-type cintron+ introns also have significantly lower predicted

snRNA binding energies compared to cintron— introns (Fig. 3E). Taken together with the observed
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conservation of the canonical branchpoint motif, Ul2-type cintron+ introns have branchpoint
sequences which may permit better association with the minor spliceosome.

We next wanted to understand the relationship between BP position and cintron formation.
We hypothesized that BP proximity to the 3’ss might influence cintron formation, since that
distance influences the proximity of the RNA ends in the lariat structure. Since branchpoint
multiplicity is a feature of most human introns (Pineda and Bradley, 2018), we restricted our
analyses to the most 3'ss-proximal branchpoint within each intron. Compared to U2-type cintron—
introns, U2-type cintron+ introns have BP positions closer to the 3'ss. U12-type constitutive introns
display a bimodal distribution of branchpoint positions relative to the 3'ss. Interestingly, U12
cintron+ introns occupy positions in the peak more proximal to the 3'ss (Fig. 3F). By binning U2-
and U12-type introns by branchpoint position, we found a strong correlation between branchpoint
position and the proportion of cintron-generating introns (Fig. 3G).

Branchpoint position and the polypyrimidine tract length are in essence determinants of
lariat tail length. Our sequence analyses suggest that introns producing lariats with shorter tail
lengths exhibit higher rates of cintron formation (Fig. 3H). U12-type introns naturally have shorter
lariat tails than U2-type introns due to their branchpoint distribution and lack of a polypyrimidine

tract, which may explain the higher rate of cintron formation observed in these introns.

334 The spatial configuration of the BP and 3'ss within the lariat impacts cintron formation

Given that lariat tail length is strongly associated with the propensity to form cintrons, we
investigated other tail-related features that might influence cintron formation. We hypothesized
that 3'ss-BP proximity facilitated by RNA secondary structure favors cintron formation, motivated
by our observation that the predicted secondary structures of the 10 introns that we profiled

experimentally exhibited starkly different profiles when stratified by their propensity to form
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cintrons (Fig. 4A). We investigated this observation genome-wide by measuring the average 3'ss-
BP distance after lariat tail folding in BP-annotated RefSeq constitutive introns. We enumerated a
list of ViennaRNA-predicted secondary structures for each lariat tail sequence (Lorenz et al.,
2011). We then calculated the ensemble-average 3'ss-BP distance, weighted by folding state
probability (Ding and Lawrence, 2003). Since most human introns produce multiple unique lariats
due to BP multiplicity, we calculated an intron-level, BP usage frequency-weighted average of the
respective ensemble distances per intron. We found that introns which have, on average, shorter
3’ss guanosine and BP nucleotide separations within the lariat conformation are correlated with
increased propensity to form cintrons (Fig. 4B).

Our secondary structure analysis also revealed that a notable proportion of introns bear
lariats whose tails have no predicted folding structures (9,492 U2-type introns and 202 U12-type
introns). In these cases, we hypothesized that the 3'ss and the BP could come into close proximity
simply via random fluctuations of the lariat tail in three-dimensional space. To test this hypothesis,
we modeled the ring-closure probabilities of single-stranded RNA using the Worm-like Chain
model for semi-flexible chains (Guerin, 2017; Kratky and Porod, 1949). We specifically estimated
the probability that the BP and the 3'ss will be separated by a length of 2 nucleotides at most, as a
function of lariat tail length. This biophysical analysis revealed that lengths between 10 and 15
nucleotides are predicted to have the highest probability of end-to-end proximation (Fig. 4C).
Interestingly, our genomic analysis of actual cintron abundance produced concordant results;
introns with unstructured lariat tails whose lengths fall between 10 and 15 nucleotides produce the
most cintrons, consistent with biophysical predictions (Fig. 4D). Our analyses suggest that the

distance of the BP to the 3'ss within the lariat conformation may facilitate cintron formation, and
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that secondary structure or random thermal fluctuations of the lariat tail are possible mechanisms

to achieve juxtaposition (Fig. 4E).

3.35 Cintron expression displays tissue-specific differences

To determine if cintrons show tissue-specific expression patterns, we analyzed RNA-seq data from
the Genotype-Tissue Expression (GTEX) project to assess cintron expression per tissue type. We
found that cintrons are most abundant in neural tissue and testis, similar to previous reports of
tissue-specific enrichment of exonic circular RNAs (Fig. 5A) (Maass et al., 2017; Memczak et al.,
2013; Rybak-Wolf et al., 2015; Szabo et al., 2015). We experimentally recapitulated this finding
by performing direct lariat and cintron sequencing of the SRSF3 cintron-producing intron among
eight distinct human tissues and quantifying total cintron abundance (Fig. SB). These tissue-
specific differences may reflect the differences in rates of cellular turnover, such as dilution with
higher rates of cell division (e.g., bladder and gastrointestinal tissues) and accumulation with lower
rates of cell division (e.g., nervous tissues). To assess if there are particular gene networks
associated with cintron production, we performed Gene Ontology (GO) enrichment analyses to
compare genes containing at least one cintron+ intron against the set of parental genes of cintron—
introns. We found a diverse range of enriched terms, notably including many terms related to gene

functions in RNA processing and metabolism (Fig. 5C).

3.4  DISCUSSION

Circular RNAs were first shown to be abundant in human cells a decade ago (Salzman et al., 2012).
Since then, regulatory functions and disease relevance are now widely recognized for exon-derived

circular RNAs, the best-studied class of circular RNAs (Kristensen et al., 2022). Our study
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describes the genome-wide prevalence and possible provenance of cintrons, a recently described
and understudied class of intronic circular RNAs.

Although the molecular mechanisms underlying cintron formation remain to be elucidated,
our data suggest possible origins. In particular, our observation of frequent, non-templated, poly-
adenosine (poly-A) stretches within the cintron junction suggests a lariat origin for this circular
RNA species. 3'-end polyadenylation by the Trf4/5-Airl/2-Mtr4 (TRAMP) complex directs non-
coding transcripts towards exosome-mediated RNA decay (reviewed in: (Houseley et al., 2006;
Houseley and Tollervey, 2009; Schmid and Jensen, 2008; Schmidt and Butler, 2013). Intron lariats
can associate with the exosome complex, as seen in the Drosophila mirtron maturation pathway,
where formation of miRNAs from lariat precursors (Okamura et al., 2007; Ruby et al., 2007)
involves lariat tail trimming by the exosome (Flynt et al., 2010). The poly-A signature that we
observe is consistent with lariat tail polyadenylation and escape from degradation, followed by
circularization.

We hypothesize two potential modes of intron circularization from a lariat precursor. In
the first mode, the lariat 2'-5" linkage is debranched via the debranching enzyme DBRI or the
debranching activity of the spliceosome itself (Chen et al., 2018), with subsequent ligation of the
5" and 3’ ends. RTCB (also known as HSPC117) is the sole known 5'-3" RNA ligase in humans
whose cognate substrates are tRNAs following intron removal via a splicing endonuclease
(Chakravarty and Shuman, 2012; Chakravarty et al., 2012; Popow et al., 2011). However, a recent
preprint reported that the uncharacterized gene C/20rf29 encodes an RNA ligase as well,
suggesting an additional path for ligation (Yuan et al., 2022). In the second mode, circularization
could be achieved through a transesterification reaction involving nucleophilic attack of the 2'-5

phosphodiester bond by the 3'OH of the 3'ss, a debranching-independent process. More work is
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needed to test if these or other mechanisms are important contributors to cintron formation. Both
of these modes of circularization require adjacency of the 3'ss to the 5'ss-BP junction, which could
be subject to the RNA structural and biophysical constraints that we studied, mediated by RNA-
binding proteins, or influenced by as-yet-unknown factors (Fig. 4E).

Cintrons could play potential functional roles through diverse means. First, cintrons could
possibly modulate parental gene expression by sequestering miRNAs, directly engaging with the
transcriptional machinery, or recruiting regulators of transcription to promoter regions. Second,
citrons could play roles in splicing regulation by “sponging” intron-binding splicing factors or by
promoting their degradation if bound simultaneously with their corresponding ubiquitin ligases.
Finally, if translated like some exon-derived circular RNAs, cintrons could be an unrecognized
source of proteomic diversity. Similar functions have been reported for exon-derived circular

RNAs (Kristensen et al., 2019; Li et al., 2018; Patop et al., 2019).
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(A) Cintrons are splicing products distinct from intron lariats.

(B) Histogram of branchpoint positions, relative to the 3'ss, for RefSeq constitutive introns. Color
coding indicates hits identified by requiring or not requiring the mismatch at the junction
nucleotide. The —1 nt position corresponds to the last intronic nucleotide.

(C) Branchpoint positions and cintron-producing introns annotated for the 3’ end of EWSR/ from
RNA-seq analysis. Unique pairings (horizontal black lines) of the 5'ss (upstream, vertical black
bars) with either the branchpoint (downstream, vertical black bars) or the 3’ss guanosine
(downstream, vertical red bars) are shown. The diagram was generated through the University of
California at Santa Cruz (UCSC) Genome Browser (Meyer et al., 2013).

(D) The number of lariat- or cintron-identifying reads for the intron upstream of the SRSF3
ultraconserved poison exon from direct lariat and cintron sequencing. The junction nucleotide
positions (bold uppercase letters) are shown in the intronic reference sequence. For simplicity, the
5'ss sequences of the unique cintron reads are not displayed.

(E) RT-PCR gel from RNase R digestion experiments showing exonic (FBXW4 control) and
intronic (SRSF3 lariat and cintron) circular RNAs resistant to exonucleolytic degradation.

(F) Representative chromatograms from Sanger sequencing of the 5'ss-BP or 5ss-3'ss junctions
for SRSF3 lariats or cintrons, respectively. The lariat and cintron sequences displayed are from the
60 min 5 U RNase R and 60 min 30 U RNase R digestion conditions, respectively.
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Figure 2. Cintrons have circularization junctions linked via a 5’-3’ phosphodiester bond and
are widespread across the genome

(A) The proportion of lariats and cintrons from nested PCR using outward facing primers for
selected RefSeq constitutive introns.

(B) The proportion of inverted reads containing a mutation at the junction nucleotide from direct
lariat and cintron sequencing. Experimental cintronic junction sequences containing non-
templated adenosines were excluded from the analysis.

(C) The proportion of coding genes that produce cintrons as a function of lariat and cintron
sequencing depth standardized by the number of introns per gene. The 95% confidence intervals
were estimated via a proportion test.

(D) The proportions of cintron-producing U2- or Ul2-type introns as a function of lariat and
cintron sequencing depth.

(E) Cintron detection rate as a function of sequenced cintrons. The number of unique cintrons are
displayed from random sampling of all sequenced 5'ss-3'ss junctions.
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Figure 3
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Figure 3. Lariat tail length is correlated with cintron abundance
(A) Sequence logos of the 3'ss sequences of cintron-producing (cintron+) or -null (cintron—)

introns.

(B) Sequence logos of branchpoint sequence contexts. For U2-type introns, branchpoint sequences
were stratified based on the branchpoint nucleotide used.
(C) As in (B), but illustrating U12-type introns. The branchpoint sequences were not stratified by

branchpoint nucleotide.

(D) Branchpoint nucleotide usage frequencies for U2- and U12-type cintron+ and cintron— introns.
The p-value was estimated via a multinomial proportion test.
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(E) Estimated binding energies of branchpoint sequences to the either the U2 (AUGAUGUG) or
U12 (AGGAAUG) snRNA sequences. The values displayed are per intron averages across
annotated branchpoints, weighted by usage frequency The p-value was estimated via the Mann-
Whitney U test.

(F) Histograms of positions of the most 3'ss-proximal branchpoints within the RefSeq constitutive
U2- or U12-type introns. The vertical dashed lines illustrate the median branchpoint position. The
—1 nt position corresponds to the last intronic nucleotide. The p-values were estimated via the
Mann-Whitney U test.

(G) The fraction of U2- or Ul2-type introns that produce cintrons as a function of branchpoint
position relative to the 3'ss. For each intron, the branchpoint closest to the 3'ss is shown. 80% of
all annotated branchpoints within U2-type introns fall in the range of positions displayed (left).
The 95% confidence intervals were estimated via a proportion test.

(H) Schematic illustrating that lariat tail length is correlated with cintron formation rate. The BP-
3’ss distances shown correspond to the median for each lariat class, as shown in (F).
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Figure 4
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Figure 4. The distance between the 3'ss and the 5'ss-BP junction within the lariat
conformation influences cintron formation rate

(A) MXfold2-predicted secondary structure of lariat tails for introns subjected to direct lariat and
cintron sequencing. The tail sequences shown correspond to the most frequently used branchpoint.
The branchpoint nucleotide (blue triangle) was excluded from binding and the lariat loop (not
shown) was not modeled to bind with the lariat tail.

(B) The percentage of introns that produce cintrons as a function of the distance between the 3'ss
and the 5'ss-BP junction after secondary structure formation of the tail. The distances shown are
weighted by ensemble folding state probability and branchpoint usage frequency. The 95%
confidence intervals were calculated from a proportion test.

(C) The Jacobson-Stockmayer cyclization factor (J-factor), as a function of lariat tail length. A
capture radius (r¢) of 1 nucleotide length was used which corresponds to estimating the probability
of BP-3'ss separation < 2 nucleotides.

(D) The proportion of introns that produce cintrons as a function of lariat tail length. RefSeq
constitutive introns with no predicted lariat tail secondary structure are shown.
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(E) Schematic of possible mechanisms for proximation of the 5'ss-BP linkage and the 3'ss: lariat
tail secondary structure formation (upper left), lariat tail random spatial fluctuations (upper right),
or RNA-binding protein-mediated juxtaposition (lower).
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Figure 5. Cintron expression displays tissue-specificity

(A) Total cintron abundance, as the

proportion of cintron-identifying reads from the lariat-cintron

total, estimated from the Genotype-Tissue Expression (GTEx) Project.

(B) Total cintron abundance, as in

(A), from the intron upstream of the SRSF3 ultraconserved

poison exon measured via direct lariat and cintron sequencing on total human RNA from various

human tissues.

(C) Gene Ontology (GO) enrichment analysis of genes with cintron-producing introns. The top 10

GO terms from the molecular funct
(CC) domains are shown.

ion (MF), biological process (BP), and cellular compartment
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Figure S1. Strategy to detect lariats and cintrons
(A) The algorithm to detect branchpoints from RNA-seq data. To detect cintrons, the mismatch

requirement at the junction nucleotide is removed, and alignment of the upstream portion of the
read to the 3'ss is required.

(B) Experimental procedure for direct lariat and cintron sequencing.
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Gene Intron PCR | Direction Sequence (5'->3" Notes
SRSF3 3 outer F TCAAAATCTTGCCCCTTTTG
SRSF3 3 outer R CAAAAGCCAACACTCAGCAC
SRSF3 3 inner F ACAGCACACTGTTGCCCATC
SRSF3 3 inner R CATACCCCAAATTACACCCAAC
POLR3A |4 outer F TATTGGGAAACGGACCTCTC
POLR3A |4 outer R GAGAAAAGCTGACTCCCGAAC
POLR3A | 4 inner F TATTGGGAAACGGACCTCTC
POLR3A | 4 inner R | AACAGAAGACAGTGAGTGAAAAGG
MBNL1 |7 outer F AAGCCTGTTTGTGTCAATTTTC
MBNL1 |7 outer R GGAAATGGACTTGCCCAATAG
MBNL1 |7 inner F TGTCAATTTTCTTGATTTGATGG
MBNL1 |7 inner R ATTTTGAGGGGCTGTGAGG
SNX9 10 outer F AGGGAGATAGAGTGGGAGCTG
SNX9 10 outer R CTTCTGGCAGGCAGTTCTTC
SNX9 10 inner F AATGAGCTGGTCCTGTTTGG
SNX9 10 inner R AGGTTTCTGTCCCCTCACTG
VASP 9 outer F GCACCCTTATAGGAGAGTCAGG
VASP 9 outer R TAGTTCCTGTGGCTGGACTG
VASP 9 inner F GCACCCTTATAGGAGAGTCAGG
VASP 9 inner R GGCTGGACTGGGCACTCTAC
GLUL 3 outer F GACTCGGTGATCCCAAGAAG
GLUL 3 outer R TCCTCAAAGCAGAAGTTCAGG
GLUL 3 inner F GACTCGGTGATCCCAAGAAG
GLUL 3 inner R GTCTTCTCCCTCCCCTTCAC
STK25 4 outer F AAAGCCAAATGCAGGAAGAG
STK25 4 outer R CGGCCTCTCTAAGGTCAGTG
STK25 4 inner F CTGGAGCTCGGAGTGGAG
STK25 4 inner R GACGTTACAAGAGCCACATCC
HBB 1 outer F GAAACTGGGCATGTGGAGAC
HBB 1 outer R | AAACCTGTCTTGTAACCTTGATACC
HBB 1 inner F TGGAGACAGAGAAGACTCTTGG
HBB 1 inner R | AAACCTGTCTTGTAACCTTGATACC
BRD9 14 outer F CGGTGCTAGGTCTTGTCTGATG
BRD9 14 outer R GGAGCTATGGTCCAAAAACCTG
BRD9 14 inner F CTGCCTTCCCTTCACTCACTG
BRD9 14 inner R TGGGACAAAGACCAAATACCG
DUSP1 2 outer F CTCCAATTGTAGGCTCTACGG
DUSP1 2 outer R CTCCCTGGCACTACTCTTCC
DUSP1 2 inner F CAGGCAAATGGGCTTAGTTC
DUSP1 2 inner R CTCCCTGGCACTACTCTTCC
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From

Mercer,

circExon et al

FBXW4 |2 control GGGATTCTGCTGAAGTGGAG 2015
From

Merecer,

circExon et al

FBXW4 |2 control TCCTTCACTGGGACACTGGT 2015
From

Merecer,

linear et al

FBXW4 | 8 9 control CGGAAATGTGTCATGGAGTG 2015
From

Mercer,

linear et al

FBXW4 | 8 9 control CAGTACACAGGGCTGCTGAG 2015

Table S1. Primers

sequencing.

for cintron sequencing. PCR primers used for direct lariat and cintron
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Reads
Dataset name (billion) | Accession number(s) PMID(s)
2010/illumina.body map 2 2.4 ERP000546 (ENA) NA
DRAO000345,
DRAO000346,
DRA000347,
DRA000348,
DRAO000350, | 22369889,
2012/akimitsu.rna_stability 2.3 | DRP000622 (DDBJ) 23064110
2012/encode-
gingeras.shortRNA subcellular fractions 13 GSE24565 (GEO) 22955620
2012/encode-gingeras.subcellular fractions 5.1 GSE30567 (GEO) 22955620
2012/lopez-otin- EGADO00001000083 | 22158541,
quesada.chronic_lymphocytic leukemia 2.4 (EGA) 23187290
2013/abdel-wahab.acute_myeloid leukemia 1.4 NA 25965569
2013/aerts-
cools.acute lymphoblastic leukemia 2.3 NA 24367274
2013/bradley-
ramakrishnan.chronic_myelomonocytic leu
kemia 1.1 NA 25965569
2013/bradley- GSES58871,GSE6534 | 25267526,
ramakrishnan.spliceosomal mutations 33 9 (GEO) 25965569
2013/bradley-tapscott.fshd 1.4 GSE45883 (GEO) 24278031
GSES58335,
2013/bradley.nonsense mediated decay 1.1 GSE61410 (GEO) 25385641
2013/carroll.B-lymphoblastic leukemia 1.4 SRP009840 (SRA) 23377183
2013/ecker-ren.ucsd_epigenome mapping 2.5 GSE16256 (GEO) 21289626
2013/geuvadis-dermitzakis.1000 genomes 11 E-GEUV-1 (ENA) 24037378
2013/gray.breast cancer celllines 4.2 GSE48213 (GEO) 24176112
2013/khaitovich-gelfand-chen.aging brain 1.1 SRP005169 (SRA) 23340839
2013/paddison.glioblastoma 1.8 GSE75147 (GEO) 23651857
2013/sauvageau.acute lymphoblastic leuke
mia 2.3 GSE49601 (GEO) 24069164
GSE49642,
GSES52656,
GSE62190, | 24069164,
GSE66917, | 26237430,
2013/sauvageau.acute_myeloid leukemia 28 GSE67039 (GEO) 26968532
2013/tapscott.fshd patients 3.6 GSES56787 (GEO) 24861551
NCI Genomic Data
2013/TCGA.ACC 3.2 Commons
NCI Genomic Data
2013/TCGA.BLCA 18 Commons
NCI Genomic Data
2013/TCGA.BRCA 78 Commons
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NCI Genomic Data
2013/TCGA.CESC 18 Commons
NCI Genomic Data
2013/TCGA.CHOL 2 Commons
NCI Genomic Data
2013/TCGA.COAD 20 Commons
NCI Genomic Data
2013/TCGA.DLBC 4.4 Commons
NCI Genomic Data
2013/TCGA.ESCA 74 Commons
NCI Genomic Data
2013/TCGA.GBM 38 Commons
NCI Genomic Data
2013/TCGA.HNSC 31 Commons
NCI Genomic Data
2013/TCGA.KICH 4.4 Commons
NCI Genomic Data
2013/TCGA.KIRC 43 Commons
NCI Genomic Data
2013/TCGA.KIRP 17 Commons
NCI Genomic Data
2013/TCGA.LAML 43 Commons
NCI Genomic Data
2013/TCGA.LGG 26 Commons
NCI Genomic Data
2013/TCGA.LIHC 21 Commons
NCI Genomic Data
2013/TCGA.LUAD 27 Commons
NCI Genomic Data
2013/TCGA.LUSC 30 Commons
NCI Genomic Data
2013/TCGA.MESO 7.2 Commons
NCI Genomic Data
2013/TCGA.OV 87 Commons
NCI Genomic Data
2013/TCGA.PAAD 11 Commons
NCI Genomic Data
2013/TCGA.PCPG 11 Commons
NCI Genomic Data
2013/TCGA.PRAD 30 Commons
NCI Genomic Data
2013/TCGA.READ 6.8 Commons
NCI Genomic Data
2013/TCGA.SARC 14 Commons
NCI Genomic Data
2013/TCGA.SKCM 24 Commons




84

NCI Genomic Data
2013/TCGA.STAD 180 Commons

NCI Genomic Data
2013/TCGA.TGCT 6.9 Commons

NCI Genomic Data
2013/TCGA.THCA 26 Commons

NCI Genomic Data
2013/TCGA.THYM 9.7 Commons

NCI Genomic Data
2013/TCGA.UCEC 22 Commons

NCI Genomic Data
2013/TCGA.UCS 2.8 Commons

NCI Genomic Data
2013/TCGA.UVM 7.4 Commons
2013/west.breast cancer stroma 3.8 GSE42948 (GEO) 24342436
2013/white-
mcnerney.acute myeloid leukemia 1.9 SRP017262 (SRA) 23212519
2014/conboy.erythropoiesis 1.1 GSES53635 (GEO) 24442673
2014/gallagher.erythropoiesis 1.1 GSES53983 (GEO) 24637361
2014/kim.colorectal cancer 4.1 GSE50760 (GEO) 25049118
2014/myers.breast cancer 27 GSES581350 (GEO) 24929677

phs000915.v1.pl
2014/su2c.prostate cancer 25 (dbGaP) 26000489
2014/target- phs000218.v18.p7
meshinchi.acute myeloid leukemia 43 (dbGaP) NA
2014/varmus.u2afl mutations 4.8 GSE80136 (GEO) 27776121
2015/boultwood.sf3bl mutations 2.3 GSE63569 (GEO) 25428262
2015/buonamici.sf3bl mutations 2.2 GSE72790 (GEO) 26565915
2015/koeffler.zrsr2 mutations 1.2 GSE63816 (GEO) 25586593
2015/mattick.branchpoint_discovery 2.2 GSES53328 (GEO) 25561518
2016/berglund-wang.myotonic _dystrophy 3.7 GSE86356 (GEO) 27681373
2016/cairns.embryogenesis 9.6 GSE85632 (GEO) 28459457
2016/chen- Chinese Genotype-
chen.acute lymphoblastic leukemia 12 phenotype Archive 27428428
2016/fioretos.acute _lymphoblastic leukemi EGADO00001002112
a 5.1 (EGA) 27265895
phs000424.v6.p1

2016/gtex.tissues 550 (dbGaP) 25954002

JGAS00000000047
2016/mano.acute_lymphoblastic leukemia 13 (JGA) 27019113
2016/stern.uveal melanoma 3.9 NA 26842708
2015/garraway-
schadendorf.melanoma_checkpoint blocka phs000452.v2.p1l
de 1.3 (dbGaP) 26359337
2015/gilad-pritchard.hapmap yoruba 5.2 GSE61742 (GEO) 25657249
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2015/papapetrou.srsf2 mutations 1.5 SRP108379 (SRA) 29681544
2015/petrucelli.als 3.5 GSE67196 (GEO) 26192745
2015/snyder.1000 genomes 6.5 GSE65912 (GEO) 26297486
2016/bradley-porter.breast cancer 3.1 NA 31434678
2016/hammerbacher.melanoma_checkpoint
blockade 1.4 NA 27956380
2016/lo.melanoma_checkpoint blockade 1.9 GSE78220 (GEO) 26997480
phs000673.v3.pl
2017/chinnaiyan.metastatic _cancer 76 (dbGaP) 28783718
E-MTAB-5477,E-
MTAB-4091
2017/weil.p-body 1.7 (ArrayExpress) 28965817
2017/yang- EGADO00001002151
yeoh.acute lymphoblastic leukemia 14 (EGA) 27903646
2018/boultwood.myelodysplasia 35 GSE114922 (GEO) 29930011
phs000676.v2.p2
2018/perou.metastatic_breast cancer 6.3 (dbGaP) 29480819
2018/powles.urothelial cancer checkpoint EGADO00001003977
blockade 11 (EGA) 29443960
2019/BeatAML.cohort 1 41 NA 30333627
2019/schadendort- phs000452.v3.pl
van_allen.melanoma_checkpoint blockade 3 (dbGaP) 31792460
2019/wilmott.melanoma checkpoint block
ade 7.4 | PRIJEB23709 (SRA) 30753825

Table S2. RNA-seq datasets analyzed in this study. Published or publicly available datasets with
>1 billion available reads that were analyzed in this study. Accession numbers and/or PMIDs are
listed when available.
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3.7 MATERIALS AND METHODS

3.7.1  Method Details
3.7.1.1 Genome annotations
We merged the UCSC knownGene (Meyer et al. 2013), Ensembl 71 (Flicek et al. 2013),
and MISO v.2.0 (Katz et al. 2010) annotations for the UCSC hg19 (GRCh37) genome assembly.
We further expanded this annotation by generating all possible combinations of annotated 5' and

3' splice sites, for each gene.

3.7.1.2  Gene expression and alternative splicing analysis

RSEM v.1.2.4 (Li and Dewey 2011) with Bowtie (Langmead et al. 2009), using the option “-v 2,”
was utilized to map all reads to the human transcriptome. RSEM generates gene expression
estimates (TPM, transcripts per million) which were normalized via the trimmed mean of M
values (TMM) method (Robinson, et al. 2010). The unaligned reads were mapped to the genome
and the merged splice junction database using TopHat v.2.0.8b (Trapnell et al. 2009). To quantify

isoform expression, the combined RSEM and TopHat alignments were inputted to MISO v.2.0.

3.7.1.3 Cintron detection

Our branchpoint detection strategy (Pineda & Bradley, 2018) was modified to detect cintron-
identifying reads, as illustrated in Supplemental Figure S1A. In brief, inverted reads with unique
split-read alignments to 5' and 3' splice sites within a single gene were queried for mutations.
Positions with >75% mapped reads having no lesions in the 3' splice site sequence, including at

the split-read junction nucleotide, are classified as cintrons.
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3.7.1.4 Sequence motif and Gene Ontology analyses

Sequence logo plots were created using the GenomicRanges package from Bioconductor. GOseq
(Young et al., 2010), was used to identify enriched Gene Ontology terms after comparing genes
containing cintron+ introns against the set of genes lacking cintron+ introns. A false-discovery
rate cutoff of 0.01 was used to demarcate statistically significant enrichment. The visualizations

were created using the dplyr, and ggplot2 packages.

3.7.1.5 RNA extraction and cDNA synthesis
K562 total RNA was isolated from TRIzol-lysed cells (Thermo Fisher Scientific) then cleaned

using the RNase-free DNase set (Qiagen). Human total RNA (peripheral blood mononuclear cells,
cerebella, testes, spleens, and fetal spleens) was purchased from Takara Bio. The SuperScript III
first strand synthesis system (Thermo Fisher Scientific) with random hexamer priming was used
to generate cDNA from total RNA. These methods utilized the protocols specified by their

respective manufacturers.

3.7.1.6 Sanger sequencing and analysis

Nested PCR primers, see Supplemental Table 1 (Table S1), were obtained from Integrated DNA
Technologies. A pair of forward primers were designed upstream of known branchpoint clusters.
A pair of reverse primers were designed immediately downstream of the 5’ splice site. This design
permits amplification of the lariat branchpoint-5' splice site and cintron 5’ splice site-3’ splice site
junctions, as exemplified in Supplemental Figure S1B. Two 30-cycle gradient PCR rounds were
performed with Phusion high-fidelity DNA polymerase (Thermo Fisher Scientific). Each round
contained eight 50 ul replicates whose annealing temperatures ranged Tm +3 °C. For the first
round, K562 or human organ total RNA was used as a template. The PCR products were pooled,

cleaned, and concentrated with the QIAquick PCR purification kit (Qiagen). The first-round
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products served as templates for the second 30-cycle gradient PCR using the inner primer set. The
second-round replicates were pooled and electrophoresed on a 2% agarose gel. Bands in the sizes
ranges corresponding to the expected lengths of the lariat or cintron amplicons were excised, and
the DNA was isolated with the MinElute gel extraction kit (Qiagen). The ZeroBlunt TOPO PCR
cloning kit (Thermo Fisher Scientific) was used to clone the gel-extracted fragments into
pCRBlunt II-TOPO vector (Thermo Fisher Scientific), which were transformed into TOP10
chemically competent Escherichia coli (Thermo Fisher Scientific). The transformants were plated
on 50 pg/mL LB + kanamycin plates, and the vector inserts of randomly selected colonies were
Sanger sequenced (Genewiz) after growth. Branchpoints and cintrons were identified based on
mutations at the split-read junction nucleotide and lesion-less 5’ splice site-3’ splice site junction

sequences, respectively.

3.7.1.7 RNase R digestion

In 25 pl duplicates, 1 pg of human cerebellum total RNA was combined with water, RNase R
buffer (Lucigen), and 0 U, 5 U, or 30 U of RNase R (Lucigen). The reactions were incubated at 37
°C for either 30 or 60 minutes. The reactions were pooled and cleaned using the NEB Monarch
RNA Cleanup kit (New England Biolabs) after incubation. RNA quality was assessed with a
nanodrop. The primers used to amplify the FBXW4 linear and circular RNA controls are

enumerated in Table S1.

3.7.1.8 Lariat tail secondary structure analyses

The folding conformations, and their respective free energies, for each lariat tail sequence were
generated using the RNAsubopt program of the ViennaRNA suite (Lorenz et al., 2011). The
distance of the 3'ss to the BP for each secondary structure was computed by parsing the dot-bracket

notation representing intramolecular base-paring. To generate a statistic summarizing the post-
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folding distance for a single tail sequence over its ensemble of folding states, an average distance

weighted by folding state probability was calculated. We assumed that the predicted secondary

o—Ei/RT

structures (Xi) are Boltzmann-distributed, with state probabilities calculated as P(Xi) = PR
where E; is the free energy of the folding state, R is the gas constant, T is temperature (37 °C), and
Z 1is the partition function (Ding and Lawrence, 2003). Due to branchpoint multiplicity, a single
intron is frequently associated with multiple lariat tails. To get an intron-level summary, a
branchpoint usage frequency-weighted average was calculated from the Boltzmann probability-
weighted post-folding 3'ss-BP distances. Secondary structures in Figure 4A were created using
MXfold2 (Sato et al., 2021). All lariat tail folding predictions were performed with the lariat loop
BP nucleotide excluded from bonding. All analyses were conducted within the R Programming

environment with tools from Bioconductor. The visualizations were created using the dplyr,

and ggplot2 packages.

3.7.1.9 Lariat tail ring-closure probability calculation

Modeling the bending fluctuations of single-stranded RNA was done using the Worm-like Chain
Model, as previously described (Guerin, 2017). For lariat tails with no predicted secondary
structure, the Jacobson-Stockmayer cyclization factor (J-factor) was calculated: the probability
that the branchpoint nucleotide and the 3’ splice site will be contained within a sphere with radius
rc (capture radius). Experimental values for the persistence length (Ip = 20.75 A) and the length of
a ribonucleotide monomer (derived from the 40-mer poly-U measurement of 196.4 A) were
acquired from the literature (Chen et al., 2012). The lariat tail was modeled as a free chain, ignoring
the looped portion of the lariat. All analyses were conducted within the R Programming

environment with tools from Bioconductor. Numerical evaluation of the complete elliptical
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integrals of the first and second kind were done using the gsl package. The visualizations were

created using the dplyr, and ggplot2 packages.
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4.1 ABSTRACT

Therapy resistance is a major challenge in the treatment of cancer. Here, we performed
CRISPR/Cas9 screens across a broad range of therapies used in acute myeloid leukemia to identify
genomic determinants of drug response. Our screens uncovered a selective dependency on RNA
splicing factors whose loss preferentially enhanced response to the BCL2 inhibitor venetoclax.
Loss of the splicing factor RBM1(0 augmented response to venetoclax in leukemia yet was
completely dispensable for normal hematopoiesis. Combined RBM10 and BCL? inhibition led to
mis-splicing and inactivation of the inhibitor of apoptosis X/4P and downregulation of BCL2A1,
an anti-apoptotic protein implicated in venetoclax resistance. A novel inhibitor of splicing kinase
families CLKs and DYRKSs led to aberrant splicing of key splicing and apoptotic factors that
synergized with venetoclax and overcame resistance to BCL2 inhibition. Our findings underscore
the importance of splicing in modulating response to therapies and provide a strategy to improve

venetoclax-based treatments.
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4.2  INTRODUCTION

Acute myeloid leukemia (AML) is an aggressive hematologic malignancy marked by a dismal
prognosis (Ferrara and Schiffer, 2013). For decades, the standard therapy for newly diagnosed
AML has been intensive cytotoxic chemotherapy. Recently, new targeted therapies have been
approved for AML, including inhibitors of IDH1/2, FLT3, and BCL2 (Short et al., 2020). Despite
the introduction of these novel agents, most patients ultimately relapse and acquire resistance to
long-term, continuous drug exposure (Breems et al., 2005; Ganzel et al., 2018). Genetic mutations,
such as in 7P53, have been shown to contribute to poor prognosis in patients treated with
chemotherapy or the BCL?2 inhibitor venetoclax (Nechiporuk et al., 2019; Zhang et al., 2020; Zuber
et al., 2009). More recently, acquired BAX mutations have been shown to confer resistance to
venetoclax in a subset of AML patients (Blombery et al., 2022). However, in the majority of cases,
genetic lesions are not known to be the main underlying mechanism of AML relapse (Kandoth et
al., 2013; Li et al., 2016), possibly implicating non-genetic mechanisms that allow persistent
survival of leukemia cells upon exposure to drug therapy (Fennell et al., 2021). For instance,
upregulation of anti-apoptotic proteins (Konopleva et al., 2016; Minn et al., 1995) and
dysregulated mitochondrial metabolism (Chen et al., 2019; Jones et al., 2018; Jones et al., 2020)
can alter responsiveness to venetoclax. Such findings have demonstrated that epigenetic plasticity
and transcriptional variability can act as critical evolutionary drivers of clonal fitness and drug
resistance in leukemia (Fong et al., 2015; Rathert et al., 2015).

The use of combinatorial therapies has been widely used to circumvent acquired drug
resistance and is an approach with proven clinical efficacy for the treatment of several cancer types
(Baselga et al., 2012; Rini et al., 2019). In AML, the combination of venetoclax with

hypomethylating agents is now widely used and has significantly improved the response and
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survival rates of patients (DiNardo et al., 2020; DiNardo et al., 2018). However, despite the success
of venetoclax and hypomethylating agent combination therapy, this regimen is not curative.
Furthermore, the majority of patients are unable to undergo curative allogeneic stem cell
transplantation and ultimately become resistant to therapy (DiNardo et al., 2020). As such,
identifying and targeting drug resistance mechanisms in AML with new combinatorial treatment
regimens is of critical importance.

Here, we utilized unbiased genetic screens to map drug/gene interactions for a variety of
clinically approved therapies used in the treatment of AML. This effort highlighted a unique
genetic relationship between response to venetoclax and the function of specific RNA splicing
factors. While there is a well-established role for RNA splicing in the regulation of apoptosis
(Schwerk and Schulze-Osthoff, 2005), clinically viable means to manipulate splicing to enhance
cell death in cancer have been limited to date. As genetic proof of concept, we identified a number
of splicing factors whose loss promotes cell death in the setting of venetoclax and are dispensable
for normal hematopoiesis, suggesting a therapeutic index for augmenting venetoclax response by
modulating RNA splicing. Moreover, we present a novel compound to modulate RNA splicing
and enhance venetoclax response via inhibition of the splicing kinase families known as CLKs

(CDC-like kinases) and DYRKs (dual-specificity tyrosine-regulated kinases).

4.3  RESULTS

4.3.1  Mapping genomic determinants of AML drug response

To explore drug-gene interactions that underpin response to AML therapies, we used a
genome-wide library containing 77,441 single guide RNA (sgRNA) targeting 19,115 genes
(Sanson et al., 2018). We transduced this library into the human AML cell line, MOLM-13 (an

MLL-AF9 translocated cell line bearing a concomitant FLT3'™® mutation) and after 8 days post-
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transduction, cells were treated with a broad range of clinically approved AML drugs (venetoclax,
5-azacytidine, cytarabine, etoposide, midostaurin, and idarubicin) (Fig. 1A). Changes in sgRNA
abundance were assessed at day 20 post-transduction by measuring the average fold change
(drug/DMSO) of all sgRNAs targeting a given gene and top scoring candidates were classified as
genes that sensitize (negative CRISPR score) or confer resistance (positive CRISPR score) to
individual drugs.

We identified previously characterized genes shown to mediate resistance to these
compounds, including sgRNAs targeting the pro-apoptotic factors, BAX and PMAIP (also known
as NOXA), as well as TP53 to confer venetoclax resistance (Nechiporuk et al., 2019) (Fig. 1B).
We also confirmed that inactivation of TOP2A, a target of etoposide, promoted survival of AML
cells against etoposide exposure. Of note, sgRNAs targeting the uridine-cytidine kinase UCK?2
scored as the top positive hit in our 5-azacytidine screen and UCK has been previously implicated
to confer resistance to hypomethylating agent (Gu et al., 2021; Sripayap et al., 2014).

To identify new combinatorial strategies that enhance existing AML therapies, we explored
genes whose sgRNAs were significantly depleted upon drug exposure. We performed Gene
Ontology (GO) enrichment analysis on the top scoring negative hits from each CRISPR screen
and uncovered significant terms associated with RNA splicing and regulation of mRNAs, linked
to venetoclax sensitization (Fig. 1C). Consistently, we observed a significantly wider distribution
(higher variance) of CRISPR scores for sgRNAs targeting RNA processing genes in the setting of
venetoclax treatment compared to other drugs (Fig. S1A). These data suggest a unique relationship
between perturbation of RNA processing and response to venetoclax compared to other commonly
used AML therapies. Previous reports have indicated the importance of leukemia cells exploiting

alternative splicing and post-transcriptional mechanisms to promote tumor growth and therapy
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resistance (Han et al., 2022; Wang et al., 2019; Wang et al., 2021; Witkowski et al., 2022; Zhou et

al., 2020). Moreover, clinical observations in AML patients have also demonstrated correlations
between spliceosome mutations and alterations in response to venetoclax (Lachowiez et al., 2021;
Zhang et al., 2020).

To further investigate the functional impact of RNA splicing factors in modulating drug
response, we applied a previously developed CRISPR library targeting functional domains of 492
RNA-binding proteins (RBPs) consisting of 2,855 sgRNAs (Wang et al., 2019) to enhance
CRISPR/Cas9 negative selection by targeting functional protein domains (Shi et al., 2015) (Fig.
1D). Consistent with our initial findings from the genome-wide screen, we identified that loss-of-
function of several RNA splicing factors enhanced sensitivity or resistance to venetoclax treatment
(Fig. 1E-F). We further validated the top scoring sensitizers such as RBM10, SRSF11, SRSFS8,
HNRNPD, HNRNPAB, and HNRNPF whose inactivation led to preferential sensitivity in AML
cells treated with venetoclax, which was not seen with other tested therapeutics (Fig. 1G and Fig.

S1B-D).

4.3.2  Loss of RBM10 sensitizes leukemia cells to venetoclax

Among the top gene candidates whose loss sensitized cells to venetoclax was RBM 10, whose loss-
of-function exclusively enhanced venetoclax efficacy in AML amongst other drugs screened (Fig.
1F-G and Fig. S2A). We further explored publicly available genome-wide CRISPR screens
performed in a broad range of human cancer cell lines which revealed that RBM10 loss is least
essential in leukemia cell lines compared other cancer subtypes (Fig. S2B). However, in the
presence of venetoclax, RBMI0 deletion strikingly conferred preferential lethality and anti-
leukemic effects in human AML cell lines, across a variety of molecular subtypes (Fig. 2A-C and

Fig. S2C). Of note, RBM 10 deletion even augmented BCL?2 inhibition in 7P53-mutated AML cell
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lines (THP-1, and U937) (Sugimoto et al., 1992), which have been previously described as

venetoclax resistant (Nechiporuk et al., 2019; Zhang et al., 2020) (Fig. S2D).

We next assessed the impact of RBM10 deletion on the response of human AML cells to
venetoclax in vivo. To achieve this, we transplanted MOLM-13 cells stably expressing firefly
luciferase and anti-RBM10 sgRNAs or the non-targeting control (sgRosa) into (NOD)/severe
combined immunodeficiency (SCID) IL2Rgamma™!" (NSG) mice. Upon disease onset, mice were
treated with venetoclax (100 mg/kg/day) or vehicle control (Fig. 2D). Consistent with our in vitro
findings, RBM10 deletion reduced leukemia burden and extended survival in the setting of
venetoclax treatment (Fig. 2E-F and Fig. S2E). Indel analysis of prolonged RBM10 sgRNA
editing by next-generation sequencing showed an outgrowth of cells containing in-frame RBM10
mutations, implicating that mice succumb to an outgrowth of sgRNA-expressing cells that retain
RBM10 functionality (Fig. S2F). Overall, these findings provide genetic evidence that loss of
RBM10 has a synthetic lethal relationship with BCL2 inhibition in AML.

Many RNA splicing factors are known to be pan-essential for cell survival (Hart et al.,
2015). To evaluate the therapeutic potential of RBM 10 modulation as a therapeutic candidate for
venetoclax-based therapies, we generated an Rbm10 conditional knockout (cKO) mouse by
inserting loxP sites flanking exon 3 of Rbm10 (Rbm10""; Fig. 2G) and crossing with interferon-
induced Mx/-driven Cre recombinase mice. Following intraperitoneal polyinosinic;polycytidylic
acid (pIpC) injections, Rbm 10 cKO mice were confirmed to excise exon 3 of Rbm 10 leading to an
early frameshift and loss of Rbm10 protein in bone marrow cells (Fig. 2H and Fig. S2G-I). We
next assessed stem cell functionality using in vitro colony-replating assays which demonstrated
that Rbm10 deletion in hematopoietic precursors did not impair colony formation (Fig. 2I). In

parallel, bone marrow-derived cells from CD45.2" Rbmi0 floxed mice were transplanted in a
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competitive manner along with competitor Rbm 10 wild-type CD45.1" cells and treated with pIpC
after stable reconstitution of hematopoiesis. There was no significant effect of Rbm10 deletion on
absolute numbers or frequency of peripheral blood and bone marrow cells (Fig. 2J-K and Figure

S2J-K). These data demonstrate that Rbm10 is dispensable for normal hematopoiesis.

4.3.3  Dual inhibition of RBM10 and BCL2 promotes XIAP mis-splicing

We next sought to understand the mechanistic basis for the relationship between RBM10 loss and
enhanced response to venetoclax. The effects of RBM10 KO on venetoclax response were rescued
by expressing an RBM (0 cDNA impervious to anti-RBM10 sgRNAs (due to mismatches between
cDNA sequence and the RBM10 sgRNAs; Fig. 3A). However, expression of RBM10 lacking its
second RNA recognition motif 2 (RRM2) or C2H2-type zinc finger (C2H2 ZnF) (Collins et al.,
2017) failed to rescue response to venetoclax (Fig. 3A).

The above data indicate the importance of RBM1(0’s RNA binding domains on venetoclax
response. We therefore further assessed the direct impact of RBM10-RNA interactions on pre-
mRNA binding and splicing, which have not been explored in hematopoietic cells previously. We
performed anti-RBM 10 enhanced UV cross-linking immunoprecipitation (¢CLIP) (Van Nostrand
et al., 2016) in MOLM-13 AML cells (Fig. S3A). This approach identified approximately 29,000
significant sequence clusters bound by RBMI0, which corresponded to ~5,000 annotated
transcripts. Approximately 90% of RBMI0 binding sites mapped to intronic sites, with a
preferential occupancy of distal (further than 500 nucleotides (nt) from the splice site region)
(77.1%) and proximal (within 500 nt of splice site region) intronic (8%) sequences near 5’ and 3’
splice sites throughout the transcriptome (Fig. 3B and Fig. S3B).

Next, we evaluated the transcriptional and splicing changes in RBM10-deleted AML cells

treated with venetoclax or DMSO, compared to non-targeting sgRosa, by RNA sequencing (RNA-
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seq). We measured isoform usage frequencies across seven main types of alternative splicing
events [skipped (or retained) cassette exons (SE), alternative 5’ splice sites (A5SS), alternative 3’
splice sites (A3SS), mutually exclusive exons (MXE), tandem 3° UTRs (TUTR), and retained (RI)
and constitutive introns (CI)] to quantify splicing changes across treatments (Fig. S3C-D). RBM10
KO primarily led to changes in cassette exon splicing (Fig. 3C), suggesting that RBM1(0 most
commonly regulates exon usage in AML cells. In comparison, RBM10 deletion in the presence of
venetoclax amplified the degree of aberrant splicing involving constitutive introns and cassette
exons. Most notably, we observed an increase in exon exclusion events in the combination
treatment versus RBM 10 deletion alone (n=342) (Fig. 3D).

We further investigated the link between RBM 0 binding and differential splicing observed
in combined RBM 10 KO and venetoclax. These analyses revealed RBM 10 binding signal in the 5’
region of the upstream intron of repressed cassette exons following combination treatment,
suggestive of a role of RBM10 binding in this region in promoting exon exclusion (Fig. 3E).
Interestingly, we found that the inhibitor of apoptosis protein (IAP) family member, XI4P,
displayed increased exclusion of the first coding exon in venetoclax-treated RBM10 KO AML
cells, which also had significant RBM0 binding at this region (Fig. 3F and Fig. S3E). XIAP, also
known as BIRC4, binds and sequesters pro-apoptotic caspases through direct protein-protein
interactions with its BIR domains to prevent caspase homodimerization thereby inactivating
apoptosis (Huang et al., 2001; Riedl et al., 2001; Shiozaki et al., 2003; Srinivasula et al., 2001).
Based on our findings, we hypothesize that activation of apoptosis is a consequence of skipping
the first coding exon of X/AP. The resulting mRNA lacks X/AP’s canonical start codon as well as
the sequence encoding the majority of its B/R/-3 domains, strongly suggesting that this splicing

change results in loss of functional X74 P production (Fig. 3G). We also functionally evaluated the
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mis-spliced isoform of XIAP event induced by RBM10 KO and venetoclax treatment (which we
refer to as XIAP Dexon 1) by ectopically expressing full-length X/AP (FL) or XIAP Dexon 1 linked
to a GFP reporter in MOLM-13 cells (Fig. 3H). Consistent with the function of IAP proteins, we
found XIAP FL overexpression allowed survival of AML cells after venetoclax treatment, whereas
XIAP Dexon 1 resulted in increased apoptosis (Fig. 3I-J and Fig. S3F). Overall, these results
demonstrate that XI4P Dexon 1 cannot rescue cell death induced by venetoclax treatment and
RBM10 deletion (Fig. S3G). Importantly, prior work has demonstrated that inhibition of XIAP
synergized with venetoclax (Hashimoto et al., 2021), highlighting the importance of XI4P levels
in BCL?2 inhibitor sensitivity.

Gene expression analysis of venetoclax-treated RBMI10 KO AML cells revealed
downregulated expression of BCL2A41, which encodes an anti-apoptotic factor whose expression
is correlated with venetoclax resistance in AML patients (Zhang et al., 2020) (Fig. 3K and Fig.
S3H-I). Consistent with these data, overexpression of BCL2A41 cDNA was able to fully rescue the
anti-leukemic effects seen with the combined loss of RBM10 and BCL2 inhibition (Fig. 3L).
Moreover, we did not observe significant RBM 10 eCLIP peaks or splicing alteration of BCL2A41
mRNA which suggests that upstream factors may regulate BCL2A41 transcript. Overall, these data
provide mechanistic evidence that the combined loss of RBM 10 and BCL2 leads to altered splicing

and expression of mRNAs encoding key apoptotic genes.

4.3.4  Pharmacologic inhibition of splicing kinases synergizes with venetoclax

Utilizing our CRISPR screens to identify pharmacologically intervenable splicing factors to
augment venetoclax response, we found that inactivation of several serine/arginine (SR)-rich
proteins (SRSF2, SRSF3, SRSF8, and SRSF'11) sensitized AML cells to venetoclax (Fig. 1D). The

family of SR splicing factors are essential for alternative pre-mRNA splicing and their activity is
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tightly regulated by post-translational modifications placed by serine/threonine kinases (Aubol et
al.,2016; Colwill et al., 1996; Gui et al., 1994). For example, CLKs phosphorylate Arginine-Serine
(RS) domains in SR proteins and regulate pre-mRNA splicing (Aubol et al., 2016; Prasad et al.,
1999). Moreover, DYRKIA has been reported to regulate alternative splicing via phosphorylation
of SF3B1 (de Graafet al., 2006; Qian et al., 2011; Shi et al., 2008). In addition, analysis of publicly
available genome-wide CRISPR screens from DepMap (Meyers et al., 2017) revealed BCL2 as
one of the top co-dependencies with DYRK A loss (Fig. S4A).

These findings support the rationale to inhibit splicing-dependent kinases as a
combinatorial strategy with venetoclax treatment. To pursue therapeutic inhibition of splicing-
dependent kinases, SM09419, a pan-CLK pan-DYRK inhibitor was developed via rational design
and iterative medicinal chemistry to achieve drug-like and favorable pharmacokinetic profiles
(Fig. 4A-D). We confirmed the selectivity of SM09419 to target CLK kinases CLK-4 as well as
DYRKIA-B and DYRK?2 using in cell NanoBRET target engagement assays (Fig. 4C and Fig.
S4B). Accordingly, SM09419 treatment resulted in dose-dependent reduction of CLK activity and
SR protein phosphorylation in AML cells (Fig. 4E and Fig. S4C). Next, we assessed the
combinatorial effects of SM09419 with a panel of drugs (venetoclax, 5-azacytidine, cytarabine,
and midostaurin) in human AML cell lines. We observed a synergistic effect exclusively when
combining SM09419 and venetoclax in MOLM-13 parental and venetoclax-resistant cells but not
with other drugs (Fig. 4F-I and Fig. S4D-E). Despite robust anti-leukemic effects of SM09419 in
vitro, SM09419 (25 mg/kg) treatment in wild-type C57BL/6 mice was well tolerated in vivo with
no signs of hematologic toxicities (based on serial blood counts, in vitro hematopoietic progenitor

cell assays, and detailed analysis of hematopoietic cell composition in blood and bone marrow) or
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liver or kidney dysfunction, thus providing a rationale for pharmacologic inhibition of
CLK/DYRK in combination with venetoclax in AML (Fig. SSA-H).

To understand the mechanistic basis for the synergy of SM09419 and venetoclax
combination, we performed RNA-seq on MOLM-13 human AML cells treated with SM09419
alone or in combination with venetoclax. Splicing analyses showed that SM09419 alone, or in
combination with venetoclax, mainly resulted in changes in the processing of constitutive/retained
introns and cassette exons (Fig. SA). CLK/DYRK inhibition affects cassette exon recognition in a
sequence-specific manner, as evidenced by the enrichment of pyrimidines in exons preferentially
excluded upon SM09419 treatment (Fig. SB). While venetoclax monotherapy had no significant
effects on RNA splicing, treatment with SM09419 or the combination resulted in striking
reductions in RNA splicing efficiency as manifested by cassette exon skipping and intron retention
(Fig. SA, Fig. 5C). Of note, these splicing shifts resulted in substantial increases in levels of
mRNAs that contain premature termination codons and are therefore predicted substrates for
degradation by nonsense-mediated decay (NMD).

In order to understand how the effects of SM09419 relates to deletion of RBM 10, we next
performed a systematic comparison of the splicing changes and gene expression across both
conditions in the same MOLM-13 cells. Both RBM10 deletion and SM09419 treatment cause
splicing changes which promote nonsense-mediated decay (NMD)-inducing transcripts. However,
the magnitude of NMD-inducing splicing events is greater with SM09419 treatment (a result
consistent with the fact that RBM 10 deletion in the absence of any drug treatment is well-tolerated
in MOLM-13 cells) (Fig. SD). Nonetheless, a number of mRNA isoforms were shared across
RBM10 deletion versus SM09419 treatment in the absence and presence of concomitant

venetoclax treatment. Interestingly, one concordant effect was the same mis-splicing event in X/4P
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seen with RBM10 deletion (Fig. SE-F). Finally, both RBM10 deletion and SM09419 treatment

prominently downregulate TNFAIP3 (also known as A20) (Figure S6A). TNFAIP3 is a well
described regulator of NF-kB signaling (Duwel et al., 2009) and its inhibition may explain the
BCL2A1 down-regulation in RBM10 KO cells exposed to venetoclax. Transcriptomic analysis of
SM09419-treated AML cells also demonstrated downregulation of MYB and MYC mRNA levels,

which are essential oncogenic factors in AML (Fig. S6B) (Zuber et al., 2011a; Zuber et al., 2011b).

4.3.5  SM09419 induces splicing alterations of key survival genes in AML

Further characterization of SM09419-associated splicing changes revealed increased intron
retention within the transcripts of a number of RNA splicing factors (SRSF5, U2AF2, RBM17, and
RBMS5) which also led to decreased protein expression in two independent human AML cell lines
(Fig. 5G-H and Fig. S6C-E). Interestingly, several of these same splicing factors were also
identified by our CRISPR screens as genes whose inactivation enhanced venetoclax efficacy and
therefore explains the synergistic effects when combining SM09419 and venetoclax (Fig. SE and
Fig. 5I). Furthermore, we found that SM09419-treated AML cells led to downregulation of several
key apoptotic proteins, such as MCL-1, which have been shown to be upregulated in hematologic
neoplasms and confers resistance to BCL2 inhibitors (Konopleva et al., 2016) (Fig. SH and Fig.
S6E). Finally, SM09419 treatment promoted inclusion of an exon with an in-frame stop codon (a
“poison exon,” whose inclusion renders the transcript NMD-sensitive) in the receptor tyrosine
kinase FLT3 (Fig. 5J). As such, there was reduced FL73 mRNA and protein expression in
SM09419 treated cells (which is especially pertinent given the known dependence of this FLT3
mutant AML cell line on FLT3 expression) (Fig. SH and Fig. S6E). Importantly, the above results
on the impact of SM09419 treatment on XIAP, FLT3, and MCL-1 levels were confirmed in an

additional AML cell line. Both venetoclax resistant and sensitive KG-1a cells were similarly
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susceptible to SM(09419 treatment and experienced comparable dose-dependent reductions in
XIAP, FLT3, and MCL-1 (Fig. S6D-E).

Additional predicted NMD-inducing splicing events upon SM09419 treatment with
commensurate reduction in mRNA expression in SMYD?2 (a lysine methyltransferase recognized
as a therapeutic target in AML (Zuber et al., 2011a), DHODH (a metabolic enzyme and recent
AML therapeutic target) (Sykes et al., 2016), ATAD3A4 (a metabolic enzyme whose expression has
been included in leukemia stem cell signatures) (Kim et al., 2010), the MYC target gene CDCI6
(Somervaille et al., 2009), and the additional RNA processing genes SRPK3, TRA2A, and DDX51
(Figure S6F). Overall, these data identify that SM09419 downregulates expression of key RNA
splicing factors as well as important apoptotic factors and FL73 via impaired splicing to enhance

response to venetoclax in AML while having minimal impact on normal hematopoiesis.

43.6  SM09419 overcomes venetoclax-based therapy resistance

We next tested the efficacy of SM09419 across a spectrum of human AML cell lines. SM09419
treatment resulted in broad anti-leukemic effects with potent inhibitory activity across AML
subtypes, including cell lines that were highly resistant to venetoclax treatment (Fig. 6A). Based
on these data, we evaluated the ability of SM09419 to overcome venetoclax resistance. We
developed three independent venetoclax-resistant MOLM-13 cell lines following continuous
exposure to venetoclax for 3 weeks. Dose-response curves after drug selection confirmed that
venetoclax-resistant cell lines displayed a high inhibitory effect concentration (ICso > 99 nM)
approximately six times greater than parental cells (ICso = ~15 nM) (Fig. 6B). Whole-exome
sequencing (WES) and targeted capture sequencing (MSKCC-IMPACT) did not reveal any known
genomic alterations that may cause venetoclax resistance. SM09419 as single agent led to

approximately equally potent inhibitory activity against venetoclax-resistant AML cells as
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parental, venetoclax sensitive cells (Fig. 6B). Moreover, addition of venetoclax and SM09419 led
to synergistic effects in venetoclax-resistant MOLM-13 cells (Fig. 41 and Fig. S4D). Consistent
with our previous findings in MOLM-13 parental cells, we observed downregulation of essential
apoptotic proteins (XIAP, MCL-1), splicing factors (RBMS5, U2AF2), and the tyrosine kinase FLT3
in venetoclax-resistant MOLM-13 and KG-1a cells (Fig. SH and Fig. S6E). We further extended
these findings to patient-derived xenograft (PDX) models of AML from patients with de novo
resistance to venetoclax combination regimens (5-azacytidine or low-dose cytarabine) (Fig. 6C-
D). Following xenotransplantation from two individual venetoclax-resistant patients into NSGS
mice, we detected disease engraftment with >10% human hCD45" hCD34" hCD38" cells and
exposed mice to SM09419 (25 mg/kg) or vehicle administered orally and daily for 3 weeks.
SM09419 resulted in significant reduction of hCD45 AML cells in the peripheral blood and bone
marrow of mice treated with SM09419 when compared to vehicle control (Fig. 6D-F). Moreover,
ex vivo culturing of these AML patient samples demonstrated single-agent potency of SM09419
as well as synergistic effects when combined with venetoclax (Fig. 6G-H). Collectively, these
findings demonstrate the in vivo efficacy of SM09419 to overcome resistance to venetoclax-based

therapies.

4.4  DISCUSSION

Here, we performed comprehensive mapping of drug-gene interactions that dictate response to a
broad range of AML therapies. This effort uncovered genetic strategies which enhance the effects
of these existing AML drugs which may ultimately lead to new combinatorial strategies to improve
patient outcomes. We focused on those genetic events which augment response to venetoclax

given the clinical need to develop novel venetoclax-based combinatorial treatment regimens for
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AML. Overall, our findings establish a functional link between splicing modulation and
therapeutic efficacy of BCL2 inhibition in AML.

Given the established role of RNA splicing in regulating the expression and function of
key proteins involved in cell death signaling and apoptosis, a number of prior studies have
attempted to pharmacologically perturb splicing to promote response to BCL2 inhibition. For
example, one prior study demonstrated that E7107, a potent SF3b inhibitor, can synergize with
venetoclax in B-cell malignancies and solid tumors (Aird et al., 2019; Ten Hacken et al., 2018).
However, toxicities associated with E7107 have led to its suspension from clinical use (Eskens et
al., 2013; Hong et al., 2014), and the clinical efficacy of more recent SF3b inhibitors (such as the
drug H3B-8800) (Seiler et al., 2018) for high-risk myeloid neoplasms remain unclear. Here, we
provide rationale for a new clinical modality to modulate RNA splicing through pharmacological
inhibition of splicing-dependent kinases. Specifically, our data suggest that inhibition of CLKs
and DYRKSs in combination with venetoclax or as a single agent represent a new therapeutic
strategy to circumvent resistance to venetoclax.

CLK and DYRK kinases are two highly related families of kinases within the CMGC
(cyclin-dependent kinase [CDK], mitogen-activated protein kinase [MAPK], glycogen synthase
kinase [GSK3], CLK) group of the eukaryotic kinome. Each CLK and DYRK are dual specificity
kinases which phosphorylate serine/threonine and tyrosine residues (Lindberg and Meijer, 2021;
Martin Moyano et al., 2020). A variety of structurally diverse CLK inhibitors have been developed
and most of these also inhibit DYRK kinases to varying degrees (Martin Moyano et al., 2020).
Despite the fact that CLKs and DYRKSs perform multi-site phosphorylation of a number of
substrates, it is clear that perturbing the activity of CLKI-4 or DYRK1A4/B globally impacts RNA

splicing via altering splicing factor protein phosphorylation. DYRK A resides in nuclear speckles
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and overexpression of DYRKIA induces redistribution of SR proteins from nuclear speckles to
active sites of transcription/splicing in a manner that depends on its kinase activity (Alvarez et al.,
2003). Similarly, CLKI has been shown to regulate the cellular localization and splicing impact of
SRSF1 via phosphorylation of Serine-Proline dipeptides at multiple sites on SRSF'/ (Aubol et al.,
2013).

Interestingly, prior data have identified that dephosphorylation of RNA splicing factors
occurs during apoptosis and that the ensuing change in splicing may be necessary for cells to
execute apoptosis (Kamachi et al., 2002). For example, SR proteins are targets for a number of
apoptosis agonists and splicing factor kinases are inactivated during cell death by caspase-
mediated proteolysis (Kamachi et al., 2002). This includes caspases 8, 9, and 3/6 cleaving SRPK1,
SPRK?2, and topoisomerase respectively, thereby altering splicing during apoptosis. Moreover,
FAS activation results in dephosphorylation of SR proteins via induction of PP/ phosphatase
(Chalfant et al., 2001). Thus, pharmacologic inhibition of phosphorylation of splicing factors may
enhance response to venetoclax by mimicking the impact of apoptosis signaling cascade on RNA
splicing.

SM09419 has pharmacologic properties that are very similar to Cirtuvivint, one of the first
CLK/DYRK ATP-competitive inhibitors that has entered first-in-human and phase 1b clinical
trials in patients with advanced solid tumors (NCT03355066 and NCT05084859) (Scott et al.,
2022; Tolcher et al., 2021). In the Cirtuvivint first-in-human study, pharmacodynamic evidence
for proof of mechanism in human whole blood was reported at well tolerated doses. Importantly,
infrequent grade 3 adverse hematologic events have been observed with a grade 3 anemia rate of
<15% and even lower frequency for neutropenia or thrombocytopenia. In the dose escalation

portion of this trial and in the combination study, Cirtuvivint has shown early evidence of anti-
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tumor activity with declines in PSA in prostate cancer subjects, tumor shrinkage in several tumor
types, and prolonged stable disease (treatment reaching cycle 6 and beyond). Similarly, in the
phase I trial of the pan-CLK inhibitor CTX-712 that evaluated subjects with solid tumors and
hematologic malignancies, two complete remissions in refractory AML patients along with two
partial responses in ovarian cancers subjects were reported with single agent therapy (Shimizu et
al., 2022). While it is too early to make conclusions about efficacy from these early data,
hematologic recovery is required for CR in AML which indicates that CLK/DYRK inhibition is
feasible with manageable hematologic toxicity. Using the SM09419 compound herein, we provide
preclinical data demonstrating the utility of CLK/DYRK inhibition as a single agent to overcome
resistance to venetoclax-based therapies.

Beyond chemical modulation of RNA splicing, our genetic studies also highlighted a
number of additional therapeutic targets to rationally enhance response to venetoclax and/or
overcome venetoclax resistance. For instance, we demonstrated that loss of RBM10 enhances
efficacy of venetoclax. RBM10 is a known splicing factor that promotes exon inclusion (Wang et
al., 2013). While loss-of-function RBM1( mutations have been described in certain solid tumors
(Cancer Genome Atlas Research, 2014; Giannakis et al., 2016; Witkiewicz et al., 2015) and in the
genetic disease TARP syndrome (Gripp et al., 2011), we found that loss of Rbm 10 does not alter
hematopoiesis. These data suggest context-specific roles for RBM1(0 and nominate RBM10 as a
therapeutic vulnerability in combination with BCL2 inhibitors.

Importantly, loss of RBM10 was associated with reduced expression of the anti-apoptotic
BCL2 homologue BCL2A1 as well as alternative splicing of XI4P, the most well-characterized
IAP protein. Amongst BCL2 family members, expression of BCL2A1 has been most consistently

associated with venetoclax resistance in a variety of leukemias. Upregulation of BCL2A1 has been
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reported to be associated with resistance to venetoclax in both the BeatAML as well as Leucegene
cohorts of AML patients as well as AML preclinical models (Bisaillon et al., 2020; Zhang et al.,
2020). In addition, BCL2A 1 mRNA is heavily expressed (>10-fold more than BCL2) in monocytes,
which is thought to at least partially explain the relationship between monocytic leukemia
differentiation and impaired response to venetoclax (Zhang et al., 2020). Consistent with these
findings, genetic downregulation of BCL2A1 restores venetoclax sensitivity in AML models with
venetoclax resistance (Zhang et al., 2020). While there is no clinical means to chemically inhibit
RBM10, our data underscores the need to develop potent small molecule inhibitors or peptide
aptamers of BCL2A1 in the treatment of AML.

Lastly, our data demonstrates that co-targeting of RBM10 and BCL2 or pharmacologic
inhibition of CLK/DYRK converge on the mis-splicing of the IAP-antagonist protein, XIAP as a
mechanism to enhance venetoclax efficacy. These findings suggest the potential benefit of
chemical campaigns to develop mimetics of [AP-antagonist proteins to negatively regulate X/AP

as seen with RBM10 loss.
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4.5 FIGURES
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Figure 1. Mapping genomic determinants of AML drug response and synthetic lethal
relationship between RNA splicing factors and venetoclax sensitivity.

(A) Schematic of genome-wide CRISPR screens in MOLM-13 AML cells treated with a panel of
clinically approved AML drugs.
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(B) Manhattan plot depicting top 10 genes that sensitizes (blue) or confer resistance (red) in
individual CRISPR drug screens. Orange dots represent RNA processing genes. CRISPR score
represents the log2 (fold-change) values of sgRNAs normalized to DMSO.

(C) Gene ontology (GO) enrichment analysis of top sensitizers in the venetoclax screen.

(D) Clustered heatmap of results of the RNA-binding protein-focused CRISPR drug screens in
MOLM-13 AML cells treated with drugs. CRISPR score represents log2 fold change of sgRNAs
normalized to DMSO.

(E) Histogram of CRISPR scores for all sgRNAs in the venetoclax screen in (D). Values represent
the log2 (fold-change) values of sgRNAs normalized to DMSO. The blue lines represent individual
sgRNAs targeting the indicated genes among the top splicing factor candidates.

(F) Polar plots of top synergistic splicing factors identified in (D) treated with various AML drugs.
The height of the wedge corresponds to the sgRNA fold change normalized to DMSO.

(G) Competition-based assay in MOLM-13 cells 10 days post-transduction with top 2 sgRNAs
targeting each splicing factor or non-targeting sgRosa control (n=3, mean+SEM) treated with 50
nM venetoclax. Statistical analysis was performed using unpaired Student’s t test by Prism
GraphPad (*p < 0.05, **p < 0.01, ***p <0.001, n.s., not significant). See also Figure S1.
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Figure 2. RBM10 loss enhances BCL2 inhibition in AML cells but is dispensable for normal

hematopoiesis.

(A) Western blot of CRISPR-mediated knockout of RBM 10 in MOLM-13 cells.
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(B) Dose-response curves of sgRBM10 or sgRosa treated with indicated venetoclax concentrations
at 48 hours. IC50 values were calculated from technical triplicates per experiment, error bars
represent SEM.

(C) Competition proliferation assays of sgRBM10 or non-targeting sgRosa in human AML cell
line expressing Cas9 and treated with 50 nM of venetoclax or DMSO.

(D) Bioluminescent imaging of mice transplanted with MOLM-13 cells transduced with sgRBM10
or sgRosa and treated daily with venetoclax (100 mg/kg) or vehicle control. Representative images
of 4 mice per condition is shown. Images were taken 4 days post-treatment.

(E) Flow cytometry analysis of GFP-positive sgRNA-expressing MOLM-13 cells in peripheral
blood at day 6 post-treatment. Statistical analysis was performed using One-way ANOVA with
post-hoc testing as indicated.

(F) Kaplan-Meier survival curves of mice transplanted with MOLM-13 cells transduced with
sgRBM10 or sgRosa and treated daily with venetoclax (100 mg/kg) or vehicle. The p values were
determined using a log-rank Mantel-Cox test (**p < 0.01, ***p <0.001, n.s., not significant).

(G) Schematic depiction of the targeting strategy to generate Rbm10 cKO mice. The Rbm10 allele
was deleted by targeting exon 3 that resulted in a frameshift following excision. Two LoxP sites
flanking exon 3 and an Frt-flanked neomycin selection cassette were inserted in the downstream
intron.

(H) Western blot of Rbm10 in bone marrow mononuclear cells from Mx1-cre Rbm10fl/y (Rbm10
cKO) or Mx1-cre control 7 days after polyinosinic-polycytidylic acid (pIpC) treatment.

(I) Total number of colony-forming units (CFU) from bone marrow cells of Mx1-cre Rbm10fl/y
(Rbm10 cKO) or Mx1-cre control mice following 7 days of culture. The p values were determined
by unpaired student t test. n.s., not significant.

(J) Percentage of CD45.2+ cells in peripheral blood over the course of 4 months competitive
transplantation.

(K) Percentage of CD45.2+ of hematopoietic stem and progenitor cells in the bone marrow (left)
and mature immune cells in the peripheral blood (right). See also Figure S2.
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Figure 3. Impact of RBM10 on RNA binding, RNA splicing, and response to venetoclax.
(A) Competition-based assay of RBM10 KO in MOLM-13 cells and transduced with RBM10
cDNA wild-type (WT) or individual mutant (lacking RNA-binding domains) RBM10 cDNA and
treated with venetoclax (50 nM) or DMSO at 48 hours. The p-values were determined by One-
way ANOVA with post-hoc testing.

(B) Metaintron plots of average number of RBM10 peaks mapped to intronic regions flanking
exons in MOLM-13 cells. This plot is exon-centered (500-600 bp) on the x-axis. Enhanced
crosslinking and immunoprecipitation (eCLIP) was performed in 4 replicates.

(C) Percentage of treatment-responsive (RBM10 KO, venetoclax, or RBM10 KO and venetoclax)
differentially spliced event types: cassette exons (SE), alternative 5’ ss exon (ASE), alternative 3’
ss exon (A3E), mutually exclusive exons (MXE), retained intron (RI), constitutive intron (CI), and
tandem 3’ UTR (TUTR).
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(D) Scatter plot of cassette exons (SE) promoted (red circles) or repressed (blue circles) in MOLM-
13 cells transduced with sgRosa or sgRBM10 treated with DMSO or venetoclax. p denotes
Spearman’s rank correlation coefficient.

(E) RBM10 splicing map generated by integrating RBM10 KO splicing changes from RNA-seq
and RBM 10 eCLIP binding sites.

(F) RNA-seq and eCLIP (bottom) coverage plots of XIAP Aexonl in MOLM-13 cells with RBM10
KO or non-targeting sgRNAs treated with DMSO or venetoclax. Yellow shadow depicts exon
exclusion event in RBM10 KO venetoclax-treated MOLM-13 cells overlapped with functional
protein domains of X/4P.

(G) Western blotting of XIAP after 50 nM venetoclax treatment of MOLM-13 cells with sgRosa
or sgRBM10 for 48 hrs.

(H) Western blotting of XIAP protein levels after ectopic overexpression of XIAP full-length (FL)
or XIAP Aexonl.

(I) Competition-based assay of XI4P full-length (FL) or XI4P Aexonl linked to GFP reporter after
24 hrs of venetoclax treatment.

(J) Annexin V staining of XIAP full-length (FL) or XIAP Aexonl after 24 hrs of venetoclax
treatment. Statistical analysis was performed using unpaired Student’s t test by Prism GraphPad
(*p <0.05, **p < 0.01, n.s., not significant).

(K) Volcano plot of differentially expressed genes (DEGs) upon RBM10KO venetoclax-treated
MOLM-13 cells compared to DMSO. (L) Competition-based assay measuring Cherry-expressing
sgRBM10 or sgRosa cells transduced with overexpression (OE) of BCL2A1 ¢cDNA or empty
vector GFP-positive cells in MOLM-13 cells treated with 50 nM venetoclax for 48 hours. See also
Figure S3.
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Figure 4. Pharmacologic inhibition of splicing-dependent kinases synergizes with venetoclax.
(A) Structure of SM09419 selectivity.

(B) Kinase dendrogram of SM09419. Kinases with IC50 values of 0.01 to 0.1 pM are indicated by
small red circle, whereas larger red circles represent more potent IC50 values with 0.001 to 0.01
uM.

(C) NanoBRET target engagement assay of CLKI-4, DYRKI1A/B, and DYRK?2 upon 24 hrs of
SM09419 treatment.

(D) Inhibition of CLK kinases (CLK2 and CLK3) and CDK kinase. IC50 values were determined
from dose response curves.
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(E) Western blot of phosphorylated SR proteins treated with increasing concentration of SM09419
for 48 hrs in MOLM-13 cells.

(F) 2D synergy plots using Zero interaction potency (ZIP) model (left) and dose-response curves
(right) of SM09419 and venetoclax combination at various concentration treated for 48 hrs in
MOLM-13 and (G) KG-1 cells (n=3, mean+SEM). The presence of synergy was determined using
the SynergyFinder computational package and the ZIP synergy index in which red signifies
synergism and blue is antagonism. A positive synergy score is the percent more cell death than
expected. IC50 values were calculated from technical triplicates per experiment.

(H) Annexin V staining (left) and quantification (right) of MOLM-13 parental and (I) venetoclax-
resistant cell lines treated with SM09419, venetoclax, or the combination at 48 hrs post-treatment.
Statistical analysis was performed using unpaired Student’s t test by Prism GraphPad (****p <
0.0001). See also Figure S4-5.
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Figure 5. SM09419 promotes mis-splicing of key oncogenic pathways in AML.

(A) Total number of splicing changes observed after SM09419 (100 nM), venetoclax (10 nM), or
combination of SM09419 (100 nM) and venetoclax (10 nM) treatment for 48 hours. Cassette exons
(SE), alternative 5’ ss exon (ASE), alternative 3’ ss exon (A3E), mutually exclusive exons (MXE),
retained intron (RI), constitutive intron (CI), and tandem 3 UTR (TUTR).
(B) Spatial distribution of pyrimidines-rich (YYYY) and purine-rich (RRRR) motifs comparing
sequence enrichment of excluded exons (n = 674) against included exons (n = 370) in SM0419-
treated (100 nM) MOLM-13 cells.
(C) Scatter plot of NMD-inducing retained intron (RI) events (red circles) in MOLM-13 cells
treated with venetoclax (left), SM09419 (middle) or the combination of venetoclax and SM09419

(right).
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(D) Percentage of NMD-inducing events in RBM1(0 KO venetoclax (compared to non-targeting
sgRosa) and SM09419, or SM09419+venetoclax (compared to DMSO) RNA-seq.

(E) Venn diagram of NMD-inducing events in RBM 10 KO venetoclax (compared to non-targeting
sgRosa) and SM09419, or SM09419+venetoclax (compared to DMSO).

(F) RNA-seq coverage plot (left) and mean PSI of XI4P cassette exon inclusion isoform.

(G) RNA-seq coverage plots of the splicing factors SRSFS5, U2AF2, RBM17, and RBMS5 in
MOLM-13 cells. Yellow regions represent retained intron events in each of the genes.

(H) Western blotting of XIAP, U2AF2, RBM5, FLT3, MCL-1, and actin in MOLM-13 parental or
venetoclax-resistant (VR1) cells treated with varying concentration of SM09419 for 24 hrs.

(I) Normalized sgRNA counts of top splicing factors from RNA-binding protein CRISPR screen
that synergized with venetoclax treatment in MOLM-13 cells.

(J) RNA-seq coverage plots (left) and gene expression (right) plots for FL73 mRNA. p-values
were determined by One-way ANOVA with post-hoc testing as indicated. See also Figure S6.
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Figure 6. SM09419 circumvents therapeutic resistance to venetoclax.

(A) Dose-response curves of human AML cell lines treated with various concentrations of
venetoclax (top) or SM09419 (bottom). IC50 values were calculated from technical triplicates per
experiment, error bars represent SEM.

(B) Dose-response curves of venetoclax-resistant MOLM-13 cells treated with different
concentrations of venetoclax (top) and SM09419 (bottom).

(C) Schematic of patient-derived xenograft (PDXs) generation and treated daily with SM09419
(25 mg/kg, QD, PO) or vehicle.

(D) Diagnosis, treatment regimen and genetic characteristics of AML patient-derived xenograft
samples.

(E) Percentage of human CD45+ (hCD45+) cells in bone marrow and (F) peripheral blood of
PDXs following 3-weeks of SM09419 treatment.

(G) Representative flow-cytometry plots of hCD45+ and mouse CD45+ (mCD45+) in bone
marrow from PDXs treated daily with 25 mg/kg SM09419 after 3-weeks.

(H) Synergy scores (Loewe and HSA) (left) and 2D synergy plots (right) from ex vivo cultured
patient #1 and (I) patient #2 samples treated with venetoclax, SM09419 or the combination after
48 hours.
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Figure S1. Targeting RNA splicing factors sensitizes AML cells to venetoclax.
(A) Distribution of CRISPR scores of sgRNAs targeting RNA processing genes (left) and variance
comparisons (against venetoclax; right) from the genome-wide drug screens. The variance ratios

and 95% confidence intervals were estimated via an F-test.

oK 2ok )
sgRosa sg#1 sg#2
sgHNRNPAB

(B) Competition-based assay in MOLM-13 cells 10 days post-transduction with top 2 sgRNAs
targeting each splicing factor or non-targeting sgRosa control (n=3, mean+SEM) treated with 50
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nM cytarabine, (C) 400 nM etoposide, or (D) 25 nM midostaurin. Statistical analysis was
performed using unpaired Student’s t-test by Prism GraphPad (*p < 0.05, **p < 0.01, n.s., not
significant).
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Figure S2. RBM10 ablation sensitizes AML cells to death from venetoclax but RBM10 is not
required for normal hematopoiesis.

(A) Competition-based assay in MOLM-13 cells transduced with sgRBM10 treated with the
indicated drugs (same dose used in CRISPR screens and indicated in the Methods section). Values
are normalized to DMSO control.

(B) RBM10 dependency score (CERES) across cancer types from DepMap database. Higher
negative values are indicative that gene is essential.

(C) Competition proliferation assay of sgRBM10 or non-targeting sgRosa in NKM-1 and (D)
TP53-mutated cell lines (U937 and THP-1) treated with venetoclax or DMSO.

(E) Quantification of bioluminescent images from mice transplanted with RBM10 KO or sgRosa
MOLM-13 cells at day 4 post-venetoclax (100 mg/kg) daily treatment (n=3, mean+SEM).

(F) CRISPResso indel analysis of RBM10 sgRNAs in MOLM-13 cells at the indicated time-
points.

(G) Genotyping of embryonic stem cell clones containing floxed Rbm 10 allele using three distinct
genotyping primers.

(H) Southern blot confirmation of floxed ES cell clones using the Southern probe labeled as
“PB3/4.”
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(I) Validation of Rbm10 floxed alleles and excision of exon 3 of Rbm 0 using genomic PCR.

(J) Peripheral blood counts and (K) total cell numbers of tissues from primary non-competitive
transplantation of Rbm 10 cKO (n=4) and Mx1-cre control (n=4) after 1 month of pIpC treatment.
Grey represents normal levels of blood counts. Statistical analysis was performed using an

unpaired Student’s t-test.
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Figure S3
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Figure S3. Characterization of RBM10 on RNA splicing and binding in AML cells.

(A) Immunoblotting of endogenous RBMI0 (left) and RNA visualization (right) of
immunoprecipitation in MOLM-13 cells.

(B) Genomic distribution of RBM 10 eCLIP binding sites in MOLM-13 cells.

(C) UpSet plot of overlapping splicing events in RBM10 KO and sgRosa treated with DMSO or
venetoclax.

(D) Scatter plots of constitutive introns [in MOLM-13 cells transduced with sgRosa (x-axis) or
sgRBM10 (y-axis)] in DMSO (left) or venetoclax treatment (right).

(E) Percent spliced in (PSI) values of the cassette exon (exon 1) inclusion isoform of XI4P Aexonl.
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(F) Annexin V staining of ectopic overexpression of X/4P full-length or XIAP Aexonl treated with
DMSO or venetoclax for 24 hours and (G) upon RBM10 KO compared to non-targeting sgRosa.
(H) RT-qPCR of BCL241 mRNA expression in MV4-11 human AML cells with two independent
RBM10 sgRNAs and treated with 50 nM venetoclax for 48 hrs (n=3, mean+SEM). Statistical
analysis was performed using un- paired Student’s t-test by Prism GraphPad (*p < 0.05).

(I) Correlation of BCL2A1 expression and venetoclax resistance (AUC) from BeatAML AML
patients.
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Figure S4
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Figure S4. SM09419 is a highly specific CLK/DYRK inhibitor and synergizes with

venetoclax.

(A) DepMap co-dependency CRISPR screen analysis of DYRKIA.

(B) NanoBRET target engagement assay of CLK1-4, DYRK1A/B, and DYRK?2 after treatment with
varying concentrations of SM09419.
(C) Western blot of total SR protein levels in MOLM-13 cells.
(D) Four synergy scores (ZIP, Loewe, HSA, and Bliss) (left) and 2D synergy plots (right) of
MOLM-13 parental or venetoclax-resistant cells treated with venetoclax, SM09419, or the
combination after 48 hours.

(E) Same as in (D) except treated with 5-azacytidine, cytarabine, midostaurin, or the combination

of each.
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Figure S5
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Figure S5. SM09419 is well-tolerable and does not alter normal hematopoiesis.

(A) Analysis of normal C57BL/6 mice body weight and (B) complete blood counts (CBCs) at the
indicated time- points after daily treatment of SM09419 (25 mg/kg) or vehicle. Yellow area
represents the normal ranges for blood counts.

(C) Total number of colony-forming units (CFUs) using methylcelllulose assays with normal
C57BL/6 treated with SM09419 daily for 3-weeks. Colonies were assessed at day 7 after plating.
(D) Total cell numbers of tissues from normal C57BL/6 mice treated daily with SM09419 (25
mg/kg) or vehicle for 3 weeks.

(E) Flow cytometry analysis of T-cells from spleen and peripheral blood after 3 weeks of SM09419
daily treatment.
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(F) Flow cytometric analysis of hematopoietic stem and progenitor cells (HSPCs) in bone marrow
from mice treated daily with SM09419 for 3 weeks.

(G) Assessment of kidney function (creatinine test) and liver function (AST, ALT, Alkaline
phosphate, total Bilirubin) after treatment with daily SM09419 for 3 weeks.

(H) Hematoxylin and eosin (H&E) staining of liver after treatment with daily SM09419 for 3
weeks (bar: 500uM). Statistical analysis was performed using unpaired Student’s t-test by Prism
GraphPad (*p < 0.05, n.s., not significant).
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Figure S6. SM09419-responsive transcriptome and splicing changes in AML.
(A) Venn diagram of differentially genes expressed in RBMI10 KO treated with venetoclax

(compared to sgRosa) and SM09419 monotherapy or venetoclax-combined (compared to DMSO)
from RNA-seq in MOLM-13 cells.

(B) Gene expression for MYC and MYB mRNA from MOLM-13 RNA-seq.

(C) Mean PSI values of three replicates of each group treated with venetoclax or combination of
SM09419 and venetoclax.

(D) Dose-response curves of KG-la parental and venetoclax-resistant cell lines treated with
venetoclax or SM09419 (normalized to DMSO) after 24 hours.
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(E) Western blotting of XIAP, FLT3, MCL-1, and Actin in KG-1a parental or venetoclax-resistant
cells after 24 hours of treatment.

(F) Mean PSI values and gene expression of SMYD2, DHODH, ATAD3A, CDCI16, SRPK3,
TRA2A4, and DDX51 of each group treated with venetoclax or combination of SM09419 and
venetoclax. p-values were determined by One-way ANOVA with post-hoc testing as indicated.
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4.6 MATERIALS AND METHODS

4.6.1 Experimental Model and Subject Details
4.6.1.1 Cell Lines and Cell Culture

All human leukemia cell lines were cultured in recommended media, typically RPMI medium with
20% FBS and 1% penicillin/streptomycin. TF-1 human AML cell line was cultured in RPMI 20%
FBS, 1% penicillin/streptomycin and 2 ng/ml GM-CSF. HEK293T cells were grown in DMEM
medium with 10% FBS and 1% penicillin streptomycin. Cell lines transduced with retroviral Cas9
blasticidin (Addgene plasmid no. 59262) were selected with blasticidin (Fisher) 48 hours after
transduction. All transfections were performed in HEK293T cells using Polyethylenimine (PEI)
reagent at 4:2:3 ratios of plasmid: pVSVG: pPax2 in OPTI-MEM solution. Viral supernatant was
collected 48 hrs and 72 hrs post-transfection. Spin infections were performed at room temperature

at 1,800 RPM for 30 mins with polybrene reagent (1:2000 dilution) (Fisher Scientific).

4.6.1.2 Animals
8-10 weeks-old C57BL/6, NSG-S and Mx1-Cre mice were purchased from Jackson Laboratory. 8

weeks-old NOD scid gamma female mice were obtained from Jackson Laboratory. Mice were bred
and maintained in individual ventilated cages and fed with autoclaved food and water at Memorial
Sloan Kettering Animal Facility. All animal procedures were completed in accordance with the
Guidelines for the Care and Use of Laboratory Animals and were approved by the Institutional
Animal Care and Use Committees at MSKCC. All mouse experiments were performed in
accordance with a protocol approved by the MSKCC Institutional Animal Care and Use
Committees (13-04-003). Kaplan-Meier survival curves were compared using the Wilcoxon Rank-

Sum test via GraphPad Prism.
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4.6.1.3 Human patient samples

Studies were approved by the Institutional Review Boards of Memorial Sloan Kettering Cancer
Center and conducted in accordance with the Declaration of Helsinki protocol. Primary human de-
identified AML samples derived from whole peripheral blood or BM mononuclear cells were
utilized. Mutational genotyping of each sample was performed by the MSKCC IMPACT assay as
described previously (Cheng et al., 2015; Zehir et al., 2017). Cord blood was acquired from NY
Blood Bank. Informed consent was obtained from all subjects to obtain the patient specimens used
in the studies described. Specimens were obtained as part of the Memorial Sloan-Kettering Cancer
Center Institutional Review Board approved clinical protocol #16-171 to which all subjects

consented. O.A-W is a participating investigator on this protocol.

4.6.2 Method Details

4.6.2.1 CRISPR Screen

250 million MOLM13 Cas9-expressing cells were transduced with the Brunello sgRNA library
(Doench et al., 2016) at a low multiplicity of infection (~0.3) to obtain at least 500 cells per sgRNA
(500X). Spin infections were performed at room temperature at 1,500 RCF for 90 mins with
polybrene reagent (1:2000 dilution) (Fisher Scientific). On Day 4 post-transduction, GFP
percentage was assessed to determine infection efficiency and sgRNA coverage (~300-500X).
Remaining 300-500X cells were placed back into culture after each passage until 20 days post-
transduction. At day 8 post-transduction, pooled sgRNA cells were treated with either DMSO
(1%), cytarabine (50 nM), 5-azacytidine (3 uM), etoposide (400 nM), idarubicin (5 nM),
midostaurin (25 nM) or venetoclax (25 nM). Genomic DNA (gDNA) extraction using NucleoSpin
Blood XL, Maxi kit for DNA from blood (Takara) according to manufacturer’s protocol. For

pooled CRISPR screen analysis, sgRNAs were normalized using the formula (sgRNA read
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count/total read count) x CPM+1. Subsequently, normalized reads were then used to calculate log>
fold change (normalized read count drug treatment/normalized read count DMSO). CRISPR
library amplifications were performed according to published study (Doench et al., 2016).
Competition assays were performed using MOLM-13 cells transduced with sgRNA or cDNA
constructs and mixed with parental cells at fixed ratios followed by 4 days of treatment with either
vehicle (DMSO) or venetoclax, and GFP percentages were analyzed using BD LSR Fortessa
FlowCytometer. The RNA processing factor (genes in the “RNA processing” gene ontology term,
GO:0006396) sgRNA log: fold change distributions in cytarabine, 5-azacytidine, etoposide,
idarubicin, and midostaurin were compared to venetoclax. Specifically, a two-sided F-test for
equality of variances was used to assess if the drug:venetoclax ratios significantly deviated from

1. Variance ratios and the 95% confidence intervals were estimated using the stats R package.

4.6.2.2 CRISPR indel analysis

To quantify the spectrum of indel mutations with RBM10 sgRNAs, we transduced MOLM-13
cells with sgRBM10 or sgRosa (non-targeting), followed by cell sorting of GFP+/sgRNA+
populations at day 4 and day 28 post-infection. Cells were then harvested for gDNA and PCR
amplicon (~200 bp) was designed to flank the sgRNA recognition sequence. 200 ng of gDNA was
amplified using 2x Phusion Master Mix. Sequencing libraries were prepared from amplicons with
an average size of 200 bp. The reported concentration was 3-7 ng/uL, and 50 pL were used as
input for the KAPA Hyper Library Preparation Kit (Kapa Biosystems KK8504) according to the
manufacturer’s instructions with 8 cycles of PCR. Barcoded libraries were pooled in equal
volumes and run on MiSeq in a PE150 run, using the MiSeq Reagent Micro Kit v2 (300 Cycles)
(Illumina). The average number of read pairs per sample was 203,000. Indel analysis was

performed using CRISPResso (http://crispresso.pinellolab.partners.org/)
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4.6.2.3 RNA-sequencing library preparation and sequencing

For cell line RNA sequencing (RNA-seq), RNA was extracted from MOLM13 cells using the
Qiagen RNeasy extraction kit, according to the manufacturer’s instructions. A minimum of 500
ng of high-quality RNA (as determined by Agilent Bioanalyzer) per replicate was used as input
for library preparation. Poly(A)-selected, strand-specific (dUTP method) Illumina libraries were
prepared by the Integrated Genomics Operation (IGO) at Memorial Sloan Kettering with a
modified TruSeq protocol and sequenced on the Illumina HiSeq 2000 to obtain ~50-60M 2x101

bp paired-end reads per sample.

4.6.2.4 eCLIP library preparation

eCLIP studies were performed in duplicates by Eclipse Bioinnovations Inc (San Diego,

www.eclipsebio.com) according to the published single-end enhanced CLIP protocol with the

following modifications. For Rbm10 immunoprecipitation, 10% of IP samples and 1% of input
samples were run on NuPAGE 4-12% Bis-Tris protein gels, transferred to PVDF membrane,
probed with 1:1,000 of RBM10 antibody and 1:10,000 TrueBlot Anti Rabbit IgG (HRP) and
imaged with C300 Imager for 1 minute on normal settings using Azure Radiance ECL. Only the
region from ~100 kDa to 180 kDa (protein size to 80 kDa above) was isolated during eCLIP. For
RNA visualization, 10% of IP samples were run on NuPAGE 4-12% Bis-Tris protein gels,
transferred to nitrocellulose membrane, visualized using the Chemiluminescent Nucleic Acid
Detection Kit (cat. no. 89880) from Thermo Fisher Scientific and imaged with C300 Imager for
30 seconds on normal settings. For eCLIP preparation, 10 million MOLM-13 cells were UV
crosslinked at 400 mJoules/cm?2 with 254 nm radiation, and snap frozen. Cells were then lysed and
treated with RNase I to fragment RNA as previously described. RBM10 antibody (A301-006A,

Bethyl) was then pre-coupled to Protein G Dynabeads (Thermo Fisher), added to lysate, and
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incubated overnight at 4 deg C. Prior to immunoprecipitation, 2% of the sample was taken as the
paired input sample, with the remainder magnetically separated and washed with lysis buffer only
(as the standard high-salt eCLIP wash buffer gave poor immunoprecipitation yield). eCLIP was
performed by excising the area from ~100 kDa to ~180 kDa. RNA adapter ligation, I[P-western,
reverse transcription, DNA adapter ligation, and PCR amplification were performed as previously

described.

4.6.2.5 Whole-exome sequencing and targeted capture sequencing

For MSKCC-IMPACT, after PicoGreen quantification and quality control by Agilent
BioAnalyzer, 100 ng of DNA were used to prepare libraries using the KAPA Hyper Prep Kit (Kapa
Biosystems KK8504) with 8 cycles of PCR. 80-190 ng of each barcoded library were captured by
hybridization in pools of 6-14 samples using the IMPACT (Integrated Mutation Profiling of
Actionable Cancer Targets) assay (Cheng et al., 2015) (Nimblegen SeqCap), designed to capture
all protein-coding exons and select introns of 505 commonly implicated oncogenes, tumor
suppressor genes, and members of pathways deemed actionable by targeted therapies. Captured
pools were sequenced on a NovaSeq 6000 in a PE100 run using the NovaSeq 6000 S4 Reagent Kit
(200 Cycles) (Illumina) producing an average of 540X coverage per sample. For exome capture
and sequencing, after PicoGreen quantification and quality control by Agilent BioAnalyzer, 100
ng of DNA were used to prepare libraries using the KAPA Hyper Prep Kit (Kapa Biosystems
KK8504) with 8 cycles of PCR. After sample barcoding, 500 ng of library were captured by
hybridization using the xGen Exome Research Panel v2.0 (IDT) according to the manufacturer’s
protocol. PCR amplification of the post-capture libraries was carried out for 12 cycles. Samples
were run on a NovaSeq 6000 in a PE100 run, using the NovaSeq 6000 S4 Reagent Kit (200 Cycles)

(Illumina). Samples were covered to an average of 251X.
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4.6.2.6 Western blotting

MOLM-13 Cas9-expressing cells were transduced with sgRNAs and harvested for protein on day
6 post-transduction. For SM09419, MOLM-13 cells were treated with varying concentrations of
SM09419, and protein was harvested 48 hours post-treatment. Lysate protein concentration was
measured with the BCA reagent and 10-30 mcg was loaded per lane onto 4-12% NuPAGE™ Bis-
Tris protein gels. After transfer, PVDF membranes were probed with anti-RBM10 (Bethyl
Laboratories), anti-Phosphoepitope SR proteins Antibody (clone 1H4, Millipore Sigma), total SR
protein (Santa Cruz), anti-XIAP (Cell signaling), anti-MCL-1 (Cell signaling), anti-RBMS5
(Abcam), anti-FLT3 clone 8F2 (Cell signaling), anti-U2AF2/U2AF65 (Abcam) and anti-BCL-2

(Abcam) at 1:1,000 and visualized by standard methods.

4.6.2.7 Colony-forming assays

Total bone marrow from Mx1-Cre WT and Mx1-Cre Rbm10fl/y mice were harvested and seeded
at a density of 20,000 cells per replicate into cytokine-supplemented methylcellulose medium
(MethoCult M3434, Stemcell Technologies). For SM09419 experiments, total bone marrow from
C57BL/6 treated with 25 mg/kg SM09419 for 3 weeks were harvested and seeded as described

above. Colonies propagated in culture were scored at day 7.

4.6.2.8 Annexin V assay

Apoptotic analysis was determined using APC Annexin V (BD Bioscience) and performed
according to manufacturer’s specifications and co-stained with 4’,6-Diamidino-2-Phenylindole,
Dihydrochloride (DAPI) for DNA content. Cells were analyzed by flow cytometry and FlowJo

software.
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4.6.2.9 Generation of Rbm10 conditional knockout mice

The Rbm10 allele was deleted by targeting exon 4. Two LoxP sites flanking exon 3 and a Frt
flanked neomycin selection cassette were inserted in the downstream intron. Ten micrograms of
the targeting vector were linearized and then transfected by electroporation of HF4 (129/SvEv x
C57Bl1/6) (FLP Hybrid) embryonic stem cells. After selection with G418 antibiotic, surviving
clones were expanded for PCR analysis to identify recombinant ES clones. The Neo cassette in
targeting vector has been removed during ES clone expansion. Screening primer A1 was designed
downstream of the short homology arm (SA) outside the 3’ region used to generate the targeting
construct. Clones 182, 184, 211, 212, and 284 were expanded and reconfirmed for SA integration.
A PCR was performed on clones 182, 184, 211, 212, and 284 to detect presence of the distal LoxP
site using the LOX1 and SDL2 primers. This reaction amplifies a wild-type product 472 bp in
size. The presence of a second PCR product 48 bp greater than the wild-type product indicates a
positive LoxP PCR. Confirmation of distal LoxP retention was performed by PCR using the LOX1
and FRTN2C primers. This reaction produces a product 1.05 kb in size. Sequencing was performed
on purified PCR DNA to confirm presence of the distal LoxP cassette using the SDL2 primer.
Secondary confirmation of positive clones identified by PCR was performed by Southern Blotting
analysis. DNA was digested with Apa I, and electrophoretically separated on a 0.8% agarose gel.
After transfer to a nylon membrane, the digested DNA was hybridized with a probe targeted
against the 5° external region. DNA from HF4 mouse ES cells was used as a wild-type control.
Positive clones were further confirmed by Southern Blotting analysis using an internal probe.
DNA was digested with BamH I, and electrophoretically separated on a 0.8% agarose gel. After
transfer to a nylon membrane, the digested DNA was hybridized with a probe targeted against the
3’ internal region. DNA from HF4 mouse ES cells was used as a wild-type control. Primer set

NDELI1 and NDEL2 was used to screen mice for the deletion of the Neo cassette. The PCR product
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for the wild-type is 322 bp. After Neo deletion, one set of LoxP-FRT sites remains (147 bp). A

second band with a size of 469 bp indicates Neo deletion. A PCR was performed to detect presence
of the distal LoxP site using the LOX1 and SDL2 primers. This reaction amplifies a wild-type
product 473 bp in size. The presence of a second PCR product 48 bp greater than the wild-type
product indicates a positive LoxP PCR. Tail DNA samples from positive mice were amplified with
primers NEOGT and A1. NEOGT is located inside the Neo cassette and Al is located downstream
of the short homology arm, outside the region used to create the targeting construct. NEOGT / Al

amplifies a fragment of 2.32 kb in length.

4.6.2.10 Bone marrow (BM) transplantation

Freshly dissected femora and tibiae were isolated from MxI-cre WT and MxI-cre Rbml10",
CD45.2" mice. BM was flushed with a 3-cc insulin syringe into PBS supplemented with 3% fetal
bovine serum. The BM was spun at 0.5 g by centrifugation and RBCs were lysed in ammonium
chloride-potassium bicarbonate lysis buffer for 5 min. After centrifugation, cells were resuspended
in PBS plus 3 % FBS, passed through a cell strainer, and counted. Finally, 0.5 million total BM
cells of MxI-cre WT and MxI-cre Rbml10"Y CD45.2" mice were mixed with 0.5 million WT
CD45.1" support BM and transplanted via tail vein injection into lethally irradiated (two times 450
cGy) CD45.1" recipient mice. Chimerism was measured by FACS from the peripheral blood 4
weeks after transplant. Chimerism was followed via FACS in the peripheral blood every 4 weeks
(week 0, 4, 6, 8,12, and 16 after polyl:polyC injection). For noncompetitive transplantation
experiments, 1 million total BM cells of Mx/-cre WT and Mx/-cre Rbm10"Y CD45.2" mice were

injected into lethally irradiated (two times 450 cGy) CD45.1" recipient mice.
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4.6.2.11 Drug treatment IC50 measurements

Cell lines were plated in 96 well plates and exposed to the indicated compounds at various
concentration ranges with a minimum of three technical replicates per concentration per cell line.
Cell viability was measured with the CellTiter Glo reagent (Promega) as per manufacturer’s
instructions. Absolute viability values were converted to percentage viability versus DMSO
control treatment, and then non-linear fit of log(inhibitor) versus response (three parameters) was
performed in GraphPad Prism v7.0 to obtain an ICso values. Two-dimensional heatmaps of
Synergy Scores from Bliss synergy models were generated based on Demidenko et al., 2019

(Demidenko and Miller, 2019).

4.6.2.12 QPCR measurement of BCL2A1 gene expression

RNA was extracted from the indicated cell lines and reverse transcribed into cDNA using the
Verso cDNA synthesis Kit (ThermoFisher Scientific). Measurement of BCL2A1 gene expression
was performed using primers amplifying BCL241 CDS region and designed by primer3
(https://bioinfo.ut.ee/primer3-0.4.0/) with ACTB as the housekeeping gene. Relative expression

levels across cell lines were calculated using the Delta-delta Ct method as per standard procedures.

4.6.2.13 cDNA overexpression

BCL2A1, RBM10 wild-type and RBM10 domain mutants as well as X/AP full-length and [exon
1 were codon optimized and synthesized as gene blocks by Integrated DNA Technologies (IDT)
and was sublconed cloned into lentiviral Puro-IRES-GFP construct using NEBuilder Hifi DNA
assembly. MOLM-13 RBM10-KO cells were transduced with either BCL241, RBM10 wild-type,

or RBM 10 mutant constructs and treated with venetoclax.
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4.6.2.14 Animal experiments

For in vivo Cas9 experiments, MOLM-13 Cas9-expressing cells were transduced with sgRosa
(negative control) or sgRBM10 constructs. At day 2 post-transduction, sgRNA positive cells
(GFP*) were sorted by FACS. 100,000 leukemia-sgRNA expressing cells were intravenously
injected into each sub-lethal irradiated (5.5 Gy) 8 weeks-old NOD scid gamma mice mice. For
venetoclax trials, a 100 mg/ml venetoclax (Sigma Aldrich) stock was diluted in a carrier containing
10% ethanol, 30% polyethyleneglycol-400 (Sigma), and 60% phosal 50 propylene glycol (Lipoid)
to obtain a final concentration of 100 mg/kg. Upon disease onset as measured by bioluminescent
imaging, we performed oral gavage once daily with either 100 mg/kg venetoclax or vehicle (1%
DMSO). All whole-body bioluminescent imaging was performed by intraperitoneally injection of
Luciferin (Goldbio) at a 50 mg/kg concentration and imaging was performed after 5 mins using an
IVIS imager. Bioluminescent signals (radiance) were quantified using Living Image software with

standard regions of interests (ROI) rectangles.

4.6.2.15 Kinase assays
ICso values for CLK2, CLK3, DYRK1A4 and CDK [ were determined by transferring test compounds

to 1536-well plates (Echo 550, LabCyte) and by optimizing and performing Z'-LYTE™ kinase
assays per the manufacturer’s instructions (Thermo Fisher). In addition, a full kinome screen (464
kinases) with 1 uM SM09419 was performed by Thermo Fisher Select Screen service. The 1Cso
for each kinase demonstrating >80% inhibition was then determined. Kinase tree dendrogram was

generated using Coral (Metz et al., 2018).

4.6.2.16 NanoBRET target engagement assay

Cellular target engagement assays were performed using NanoBRET in 293T cells expressing

CLKI, CLK2, CLK3, CLK4, DYRKIA, DYRKIB, and DYRK? in-frame with a nanoluciferase
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(NanoLuc) tag. A cell permeable NanoBRET fluorescent tracer was then added to the cells which
reversibly binds the target-NanoLuc Fusion protein in live cells to result in a BRET signal.
SM09419 or vehicle were then added to each cell over a dose range and the degree of drug-target
protein binding was assessed via loss of NanoBRET signal. An ICso value indicating SM09419-

protein binding was then identified via 10-point dose response curves.

4.6.2.17 Patient-derived xenograft experiments

Frozen human peripheral blood mononuclear cells (PBMCs) from two individual PDX models
were rapidly thawed and transferred into 50 ml conical tubes. 20 mL pre-warmed RPMI 1640
(Corning) was added dropwise to tubes. After centrifuging at 300 x g at 4 degrees Celsius, cell
pellet was resuspended in PBS (Corning). 4 million cells were intrafemorally injected per mouse.
Blood was collected by retro-orbital bleeding using heparinized microhematocrit capillary tubes

(Thermo Fisher Scientific) and a flow cytometry panel consisting of mCD45/
hCD45/hCD3/hCD11b/hB220 were used to discriminate human from mouse cells and human
myeloid vs T-cell engraftment. Upon disease onset as measured by hCD45-positive cells by flow
cytometry, we performed oral gavage once daily with either 25 mg/kg SM09419 or vehicle (5%

polyvinylpyrrolidone).

4.6.3 Quantification and Statistical Analysis

4.6.3.1 Genome-wide differential gene expression analysis
FASTQ files were first trimmed using Trim_galore (v0.6.4) to remove sequencing adapters and
low quality (Q<15) reads. Trimmed sequencing reads were aligned to the human Hg19 reference
genome (GENCODE, GRCh37.p13) using STAR (v2.7.5) (Dobin et al., 2013). SAM files were
subsequently converted to BAM files, sorted, and indexed using samtools (v1.9). BAM files were

used to generate bigwig files using bamCoverage (part of the Deeptools package; v3.3.1). Read
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counting across genomic features was performed using featureCounts (part of the subread package;

v1.5.0) (Liao et al., 2014).

4.6.3.1 Gene expression estimation and alternative splicing analysis

Annotations from UCSC knownGene (Meyer et al., 2013), Ensembl 71 (Flicek et al., 2013),
and MISO v2.0(Katz et al., 2010) were combined to create a genome annotation for the human
UCSC hgl9 (GRCh37) assembly. We mapped all reads to the transcriptome via RSEM
v1.2.4(Li and Dewey, 2011), using the Bowtie alignment option “-v 2”’(Langmead et al., 2009).
RSEM produces gene-level estimates of expression in units of transcripts per million (TPM).
All gene expression estimates were normalized via the trimmed mean of M values (TMM)
method (Robinson and Oshlack, 2010) . Reads which failed to align were mapped to the genome
with TopHat v2.0.8b (Trapnell et al., 2009), as well to an expanded annotation created by
computing all possible combinations of annotated 5" and 3’ splice sites per gene. We quantified
isoform expression with MISO v2.0 (Katz et al., 2010), using the combined RSEM and TopHat
alignments as input. We used the two-sided t-test to test differential isoform expression between
sample groups. Differentially spliced events were defined as those with at least 20 isoform-
identifying reads in each sample, a minimum absolute difference of 10% in isoform expression,
and a p-value < 0.05. All analyses were conducted within the R Programming environment with
tools from Bioconductor (Huber et al., 2015). The visualizations were created using the dplyr,

ggplot2, and UpSetR (Conway et al., 2017) packages.

4.6.3.1 Purine/Pyrimidine Motif Enrichment Analysis

Differentially spliced cassette exon events following SM09419 treatment were identified. The
enrichment of purines/pyrimidines in excluded, relative to included, cassette exons was measured

within exonic regions and immediately adjacent intronic sequences. The 95% confidence interval
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was estimated with bootstrapping (1000 resampling iterations). The motif enrichment analysis was
conducted within the R Programming environment with GenomicRanges from Bioconductor

(Huber et al., 2015).

4.6.3.1 eCLIP data analysis

The eCLIP data was processed similarly as described previously (Van Nostrand et al., 2016) and
is outlined shortly in the following. First, adapter sequences were trimmed from both reads of all
read-pairs using cutadapt version 1.14. Then, all remaining reads longer than 16 bases were aligned
against the human reference genome sequence hgl9/GRCh37 using STAR version 2.5.0c. Only
uniquely mapped reads were kept. Read-pair duplicates by position were removed using picard
tools version 2.6.0. To identify binding sites, we first ran a custom script to identify clusters of
overlapping reads that had a read-depth of at least 10 reads. Then, we calculated significant
enrichments for all such identified clusters by comparing IP-samples versus input-samples using
edgeR. More specifically, we ran bamutils count version 0.5.7 to counted stranded reads within all
identified clusters for all samples. Using this output, we calculated differential coverage between
IP-vs-input for each cluster with edgeR after normalizing for total sequencing depth per replicate
(resulting in counts per million/CPM per cluster). Final binding sites were called by applying
logFC > 2 and FDR < 0.05 thresholds between IP-vs-input. Identification of RBM10 binding
positions in events alternatively spliced following RBM10 KO relied on the htseq-clip suite
(https://htseq-clip.readthedocs.i0), and the DEWSeq (Huppertz et al., 2022) and GenomicRanges
Bioconductor packages (Lawrence et al., 2013). In brief, the GRCh38.v40 GENCODE annotation
was processed into 50 nucleotide (nt) genomic sliding windows, with step size of 20 nt, using
htseq-clip. From the STAR-aligned eCLIP BAM files, htseq-clip was used to identify crosslink

positions and count their abundance in each window. The htseq-clip counts matrix was used as
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input to DEWSeq for normalization and identification of IP-vs-input significantly enriched
windows (adjusted p-value < 0.05, logFC > 2) in protein-coding regions. The p-values were FDR-
adjusted via Independent Hypothesis Weighting (Ignatiadis et al., 2016) and overlapping
significantly enriched windows were combined. The positions of enriched windows in
alternatively spliced regions identified from our RNA-seq analyses were determined using the

GenomicRanges package.

4.6.3.1 Gene Ontology analysis

Gene set enrichment was performed using the fgsea R package (1.4.0) using the KEGG, GO

and MsigDB specific signatures according to the manual.

4.6.3.1 Statistical analysis

Kaplan-Meier survival curve p-values were performed using Log rank Mantel-COX test. For
statistical comparison, we performed unpaired Student’s t test. Statistical analyses were performed
using Prism 7 software (GraphPad). Data with statistical significance are as indicated, *p< 0.05,

*4p< 0.01, **¥%p< 0.001.

4.6.3.1 Data and Software Availability

Gene Expression Omnibus: all newly generated RNA-seq and eCLIP data were deposited under

accession number GSE199161.
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Chapter 5. DUX4 IS A COMMON DRIVER OF IMMUNE EVASION

AND IMMUNOTHERAPY FAILURE IN
METASTATIC CANCERS

Jose Mario Bello Pineda and Robert K. Bradley

5.1 ABSTRACT

Cancer immune evasion underlies checkpoint immunotherapy failure in most metastatic cancer
patients. Our previous findings in a subset of primary cancers identified DUX4, a transcription
factor of the pre-implantation embryo typically silent in somatic tissues, as an underappreciated
suppressor of tumor cell-intrinsic interferon-y signaling. We extended our analyses to several
advanced cancer cohorts treated with immune checkpoint inhibition (ICI) therapy to show that the
frequency of DUX4 reactivation is exaggerated in metastasis compared to the early-stage
equivalent. We evaluated a large cohort of advanced urothelial carcinoma patients treated with
PD-L1 blockade and show that metastatic DUX4 expression is correlated with downregulation of
antigen processing and presentation, signatures of increased immune cell exclusion, and decreased
objective response to ICI. DUX4 expression was also linked to significantly reduced overall
survival after adjusting for other genetic, clinical, and demographic patient covariates. Our data
indicate that DUX4 reactivation is a common mechanism for checkpoint immunotherapy resistance

1n metastatic cancers.

5.2  INTRODUCTION

Immune checkpoint inhibition (ICI) therapy utilizes immunomodulatory monoclonal antibodies to

stimulate patient anti-tumor immune responses. Blockade of the T cell co-inhibitory receptors,



164

such as CTLA4 and the PD-1/PD-L]I axis, has achieved major success in the treatment of diverse
metastatic cancers compared to first-line chemotherapy (Doki et al., 2022; Hellmann et al., 2019;
Klein et al., 2020; Larkin et al., 2019; Motzer et al., 2020; Stein et al., 2022). However, majority
of advanced cancer patients fail to respond to ICI due to de-novo or acquired resistance, the bases
of which remain incompletely understood.

Diverse mechanisms modulate sensitivity and resistance to immune checkpoint inhibition
(Kalbasi & Ribas, 2020). These mechanisms include defects in MHC-I-mediated antigen
presentation due to loss of B2M or HLA (Grasso et al., 2018; Lee et al., 2020; McGranahan et al.,
2016; Sade-Feldman et al., 2017; Sucker et al., 2014; Wolf et al., 2019), PTEN and LSDI
inactivation which sensitize tumor cells to type I interferon signaling (S. Li et al., 2016; Peng et
al., 2016; Sheng et al., 2018), T cell dysfunction (Jiang et al., 2018), presence of specific T cell
populations in the tumor microenvironment (Gide et al., 2019), and active WNT—f-catenin
signaling (Spranger et al., 2015). MAPK signaling in BRAF-mutated melanomas (Ascierto et al.,
2019; Ebert et al., 2016; Riaz et al., 2017; Ribas et al., 2019; Sullivan et al., 2019) and
CDK4/CDKG6 activity (Deng et al., 2018; Goel et al., 2017; Jerby-Arnon et al., 2018; Schaer et al.,
2018) have also been implicated in reduced ICI efficacy, and combination treatment with a
MAPK/CDK inhibitor improves response to checkpoint blockade.

Tumor cell-intrinsic interferon-gamma (IFN-y) signaling is particularly important in anti-
tumor immunity. This pathway induces expression of genes involved in MHC-I-mediated antigen
processing and presentation which include the TAPI/TAP2 transporter, components of the
immunoproteasome, HLA proteins, and B2M, (Alspach et al., 2019). Thus, suppression of IFN-y
activity promotes tumor immune evasion and decreased CD8+ T cell activation. Indeed, decreased

ICI efficacy was observed in patients with tumors harboring inactivating mutations in IFN-y
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pathway genes such as JAK/ and JAK2 (Gao et al., 2016; Nguyen et al., 2021; Sucker et al., 2017;

Zaretsky et al., 2016). Similarly, a recent study reported a splicing-augmenting mutation in JAK3,
linked to decreased JAK3 expression levels, as a potential mechanism of resistance in a metastatic
melanoma patient treated with anti-PD-/ and anti-C7LA4 combination therapy (Newell et al.,
2022).

Recent work from our group showed that the embryonic transcription factor DUX4 was
expressed in a small subset of primary tumors and promoted downregulation of tumor IFN-y
activity (Chew et al., 2019). In its native context, DUX4 initializes human zygotic genome
activation. DUX4 transcription peaks at the 4-cell stage of the cleavage embryo before immediate
silencing via epigenetic repression of the D474 repeat array (de laco et al., 2017; Hendrickson et
al., 2017; Himeda & Jones, 2019; Sugie et al., 2020; Whiddon et al., 2017). Aside from select sites
of immune privilege, DUX4 typically remains somatically inactive (Das & Chadwick, 2016;
Snider et al., 2010). DUX4 reactivation in these cancers suppresses MHC-I-mediated antigen
presentation (Chew et al., 2019). We hypothesized that DUX4 expression might be more common
in the setting of metastatic disease, where immune evasion is particularly important. While our
previous study implicated DUX4 expression in resistance to checkpoint immunotherapy in
advanced melanoma, it relied on small and thus statistically underpowered ICI cohorts. In our
current study, we analyzed several larger cohorts to test the robustness and importance of DUX4’s

association with ICI failure.

5.3 RESULTS

5.3.1  DUX4 is reactivated broadly across primary and metastatic cancers

To assess the prevalence of DUX4-expressing human malignancies, we performed a large-scale

analysis of publicly available RNA-seq data across diverse cancer types (Fig. 1A, Fig. S1A). We
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found that DUX4 reactivation is a common feature observed across early and advanced stages,
with cancers displaying physiological to supraphysiological DUX4 expression levels.
Interestingly, a higher proportion of metastatic cancers re-express DUX4— and tend to have higher
gene expression levels— compared to their primary cancer counterparts (Fig. 1B-C).

We sought to determine if the DUX4 transcripts in metastatic cancers harbor the entire
coding sequence as DUX4 truncations due to genomic rearrangements are frequent oncogenic
drivers, such as in undifferentiated round cell sarcomas (CIC-DUX4 oncoprotein) and adolescent
B-cell acute lymphoblastic leukemia (ALL). We aligned RNA-seq reads to the DUX4 cDNA
sequence and examined read coverage over the open reading frame. Resembling the cleavage stage
embryo and DUX4-reactivated primary cancers, DUX4-positive metastatic tumors transcribe the
full-length coding region. In contrast, B-cell ALL exhibited the expected C-terminal truncation
due to DUX4 fusion with the /GH locus (Fig. 1D).

Since DUX4 is typically silent in most healthy contexts outside the cleavage stage embryo
(Das & Chadwick, 2016; Snider et al., 2010), we investigated if artifacts related to sequencing and
sample processing could account for the observed signal. We analyzed RNA-seq data from flash-
frozen and formalin-fixed metastatic tumor samples wherein paired poly-A and hybrid probe
capture sequencing library preparations were performed (Robinson et al., 2015b). DUX4
expression is quantifiable in both processing types. Further, DUX4 transcript levels in majority of
the sequenced samples were higher in poly-A-enriched sequencing than the analogous
measurements from hybrid capture (Fig. S1B-C). Of note, the primary cancer samples (The Cancer
Genome Atlas) were sequenced via poly-A capture and prior work from our group determined that

these tumors express the DUX4 isoform containing the consensus polyadenylation signal (Chew
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etal., 2019). Taken together, these observations are consistent with expression of a polyadenylated

DUX4 transcript in both primary and metastatic cancers.

5.3.2  DUX4 expression is associated with immune cell exclusion

To assess the possible downstream consequences of DUX4 expression in metastatic cancer, we
analyzed the pre-treatment transcriptome profiles of metastatic cancer patients enrolled in immune
checkpoint inhibition (ICI) trials. As a representative example, we analyzed data from the patients
of the IMvigor210 phase 2 trial, a large advanced urothelial carcinoma cohort treated with anti-
PD-L1 (atezolizumab) therapy (Balar et al., 2017; Mariathasan et al., 2018; Rosenberg et al.,
2016).

We examined the gene expression consequences associated with DUX4 reactivation in
advanced bladder cancer. Specifically, we performed differential gene expression analyses on the
individuals stratified according to tumor DUX4 expression status. Gene Ontology (GO) network
analyses on the upregulated genes in DUX4-positive cancers identified multiple clusters of
development-associated terms, consistent with the known role of DUX4 in early embryogenesis
(Fig. S2A; de laco et al., 2017; Hendrickson et al., 2017; Sugie et al., 2020; Whiddon et al., 2017).
By contrast, we found a single network associated with downregulated genes: GO terms
corresponding to humoral or cell-mediated immunity (Fig. 2A). Using an IFN-y gene signature
predictive of response to blockade of the PD-1/PD-LI axis, we found that DUX4-expressing
cancers have statistically lower levels of IFN-y activity (Fig. S2B; Ayers et al., 2017). Consistent
with IFN-y suppression, we observed extensive downregulation of genes involved in anti-tumor
immunity such as those involved in MHC-I-dependent antigen presentation and T cell activation,
checkpoint proteins, and chemokines involved in effector T cell recruitment. DUX4-expression

was also correlated with suppression of genes critical for MHC-II-mediated antigen presentation,
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namely: MHC-II isotypes (HLA-DP/DQ/DR), HLA-DM and HLA-DO, and the invariant chain

(CD74) (Roche & Furuta, 2015). MHC-II gene expression is regulated by the transactivator CIITA
via a conserved SXY-module present in the promoter regions of these genes. CIITA is induced by
IFN-y and is also conspicuously downregulated in DUX4-expressing tumors (Fig. 2B; (Glimcher
& Kara, 1992; Masternak et al., 2000; Steimle et al., 1993, 1994). These analyses suggest that
DUX4 expression in the metastatic context induces an immunosuppressive gene expression
program, concordant with its established function in inhibiting JAK-STAT signaling in primary
cancers (Chew et al., 2019).

We hypothesized that DUX4 expression in these cancers will generate related
transcriptomic signals consistent with CD8+ T cell exclusion from the tumor. We assessed this
using an effector CD8+ T cell transcriptomic signature developed from initial studies of the
IMvigor210 phase 2 trial (Balar et al., 2017; Rosenberg et al., 2016). DUX4-expressing cancers
had lower measures of the gene signature, consistent with decreased CD&+ T cell infiltration into
the tumor (Fig. 2C). We also investigated the possible effects of DUX4 expression on the exclusion
of other immune cell types using gene signatures developed from The Cancer Genome Atlas
(Danaher et al., 2017). In these analyses, we recapitulated the observation of lower CD8+ T cell
signature associated with DUX4 positivity (Fig. S2C). In addition, we observed patterns consistent
with widespread immune cell exclusion from the tumor microenvironment (Fig. S2D).

Defects in chemokine signaling could partially account for the observed DUX4-associated
decrease in immune gene signature measurements. To test this hypothesis, we examined
expression of chemokines involved in immune cell recruitment. In DUX4-expressing cancers, we
observed lower mRNA levels of CXCL9 and CXCLI10, chemokines which recruit T cells to the

tumor site (Fig. 2D, Fig. 2E; Nagarsheth et al., 2017). Utilizing a chemokine signature associated
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with host immune response to solid tumors, we observed that DUX4 expression was correlated
with broad inhibition of chemokine signaling, beyond T cell-associated signals (Fig. S2E; Coppola
etal., 2011).

We directly assessed the correlation of DUX4 expression to immune cell exclusion by
examining CD&8+ T cell abundance in the tumor microenvironment, measured by
immunohistochemistry (IHC) on formalin fixed paraffin embedded (FFPE) patient tumor sections.
We verified that DUX4 expression in the advanced urothelial carcinoma tumors was associated
with an immune exclusion phenotype: a higher proportion of DUX4+ tumors exhibit either an
immune-excluded or immune-desert phenotype compared to malignancies where DUX4 is silent
(Fig. 2F, Fig. S2F). We similarly examined the correlation of DUX4 expression status with PD-
L1 levels in the tumor and immune compartments, quantified via IHC. We determined that DUX4
expression was associated with a significant decrease in PD-LI levels on both tumor and host
immune cells, consistent with DUX4-induced suppression of I[FN-y signaling (Fig. 2G, Fig. S2G,
Fig. 2H, Fig. S2H). PD-L] expression on immune cells such as dendritic cells and macrophages
modulate anti-tumor immune suppression and response to ICI in in vivo mouse models (Lau et al.,
2017; Lin et al., 2018; Noguchi et al., 2017). Importantly, PD-LI levels on immune cells are

correlated with response to ICI in clinical trials (Powles et al., 2014; Rosenberg et al., 2016).

5.3.3  DUX4 expression is correlated with poor response in metastatic bladder cancer

immune checkpoint inhibition

Given the association between tumor DUX4 expression and suppression of anti-tumor immune
response, we next sought to understand if tumor DUX4 expression conferred changes to patient
overall survival during PD-LI inhibition. DUX4 expression was associated with a significant

decrease in objective response rates (RECIST) (Fig. 3A). As expected, higher tumor mutational
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burden (TMB) was associated with improved survival outcomes in this cohort (Fig. 3B). DUX4
expression on the other hand was correlated with a significant reduction in median overall survival
(Fig. S3A). We attempted to control for the possible confounding effects of TMB on the DUX4
signal by removing the bottom quartile of patients, those with the lowest number of missense
mutations in their tumors. DUX4 expression was associated with statistically lower survival rates
in this cohort, even after controlling for TMB (Fig. 3C). Our results suggest that DUX4 expression
modulates clinical response to ICI in advanced cancer patients. TGFBI expression has been linked
to diminished clinical response to ICI in advanced urothelial carcinoma patients (Mariathasan et
al., 2018). However, differences in 7TGFBI expression did not correlate with augmented patient

survival after controlling for TMB in our analyses (Fig. S3B-C).

5.3.4  Risk assignments are improved with DUX4 expression

We used Cox Proportional Hazards (PH) regression to quantify the effect of the various clinical,
demographic, and molecular features on risk of death during ICI. In the multivariate Cox PH
regression context, which controls for the confounding effects of all other covariates
simultaneously, we observed that TMB was positively associated with survival [hazard ratio (HR)
= 0.14] as expected. On the other hand, DUX4 expression, Eastern Cooperative Oncology Group
Performance Status (ECOG PS) > 0, and previous administration of platinum chemotherapy were
correlated with increased risk, or shorter survival (Fig. 4A, Table 1). In particular, DUX4-
positivity was associated with dramatically worse survival, an increase of more than 24-fold in
risk compared to DUX4-negative status (HR = 3.19) (Fig. S3B-C). Of note, we found that
differences in tumor 7GFBI expression did not augment risk consistent with our TMB-adjusted

KM analyses (Table S1).
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We next investigated if DUX4 expression status carried added value as a predictor over
routinely collected clinical and molecular information. We focused on the variables with
significant hazard ratios under both the univariate and multivariate regression settings: DUX4
expression status, TMB, ECOG PS, and history of platinum chemotherapy. We employed
goodness of fit measurements which compare the observed data to expectations from Cox PH
models created using various combinations of the covariates. In these analyses, we observed a
quantifiable improvement in data-model congruence with the addition of DUX4 expression status
(Fig. 4B, Fig. S4A-B). Additionally, we measured statistically significant differences in the
likelihoods of the reduced models (without DUX4 expression as a predictor) when compared to
the full model (employs all covariates) (Table 2). Taken together, these analyses suggest that
DUX4 expression status is an informative predictor of risk under ICI treatment.

We evaluated the utility DUX4 reactivation status for pre-treatment risk assignment in
predicting patient response to ICI. We trained full and reduced Cox PH models on randomly
sampled patients (training set, 70% of the cohort) and quantified their respective risk scores. A
reference risk score per model was computed as the median score across the training set and was
used to ascribe patients into low- vs. high-risk groups. Using these models, we quantified risk
scores on the individuals excluded from model construction (test set, 30% of the patients), and
similarly assigned patients into low- or high-risk groups based on the training set reference score.
By empirically quantifying survival of the two risk groups using KM estimation, we found that the
full model stratifies patients in an informative manner, appropriately discriminating patients with
longer vs. shorter survival times (Fig. 4C, Fig. S4C-D). The time-dependent Brier score, which

measures survival prediction accuracy at specific timepoints, of the full and reduced models also
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demonstrates improvement in model performance associated with the addition of DUX4

expression status (Fig. S4E).

5.3.5  DUX4 expression impedes response to ICI after controlling for other clinical

characteristics

We used a Random Survival Forest (RSF) model to quantify the effect of DUX4 expression on
survival in [CI-treated advanced urothelial carcinoma patients (Ishwaran et al., 2008). The Random
Survival Forest (RSF) is a machine learning ensemble, an extension of the Random Forest
algorithm for right-censored data (Breiman, 2001). It can provide accurate estimates of risk and
survival probability at definite times by aggregating predictions from a multitude of base learners
(survival trees) (Ishwaran et al., 2008). RSFs have been successfully used to study time-to-event
problems in medicine, including measurement of variable importance (S. Dietrich et al., 2016;
Hsich et al., 2019; Ishwaran et al., 2009; O’Brien et al., 2021; Semeraro et al., 2011). We utilized
the RSF model to address potential limitations of our Cox PH analyses. First, the RSF model is
fully non-parametric and as such does not operate under the Cox PH assumptions: a constant
relative hazard between strata over time (proportional hazards), a linear relationship between the
predictors and the log hazard, and the unspecified baseline hazard function. Second, the RSF model
can compute estimates of absolute risk and survival probability over time independent of a
reference, unlike relative risk models such as Cox PH (Ishwaran et al., 2008).

We used all available molecular, clinical, and demographic covariates to grow an RSF. We
randomly selected 70% of the patients to grow the forest, with the resulting model having an Out-
of-Bag (OOB) error of 38.4%. The OOB error approaches the leave-one-out cross-validation error,
once the error stabilizes with increasing number of trees, and is characterized as an unbiased

estimate of the model’s true prediction error (Breiman, 2001; Hastie et al., 2009). In some



173

instances, the OOB error provides overestimates and some reports have recommended treating it
as an upper bound (Bylander, 2002; Janitza & Hornung, 2018; Mitchell, 2011). Thus, we measured
the RSF model’s test error using a holdout set (the remaining 30% of the cohort) excluded from
training. The RSF model recorded a test error of 32.6% illustrating an appropriate fit (Fig. S5A).
Our error measurements are comparable to Ishwaran, et al. (2008), suggesting our model can be
used for inference purposes. Further, the time-dependent Brier score of the RSF model on the
training and test sets confirms informative survival prediction (Fig. S5B).

The RSF model predicted worse survival outcomes in patients with DUX4-expressing
cancers compared to their DUX4-silent counterparts. These predictions were mirrored in the test
dataset, illustrating robustness of the model (Fig. SA). Using time-dependent Receiver Operating
Characteristic (ROC) curve analyses, we identified the time range for which the RSF predictive
performance is statistically divergent from random guessing: approximately 6 to 20 months (Fig.
S5C). In this window we measured significant survival differences between patients with DUX4+
and DUX4- tumors. We highlighted the model’s performance at predicting 1-year and 1.5-year
survival, typical timepoints of clinical interest. For these times, the RSF appropriately
discriminates patient death and survival (Fig. SSC). Examining the absolute effects of DUX4
expression on survival, the RSF model predicted an approximately 20% decrease in 1-year and
1.5-year survival probabilities in patients with DUX4-reactivated cancers (Fig. 5B).

We sought to determine the importance of DUX4 expression status relative to the other
covariates in the RSF model. We measured feature importance using estimated Shapley values,
which quantify the marginal contribution of each variable to the RSF prediction (Lundberg & Lee,
2017; Maksymiuk et al., 2020; Shapley, 1953; gtrumbelj & Kononenko, 2014). Specifically,

Shapley values measure variable contributions to predictions at the level of each patient.
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Contributions to the overall performance of the RSF model can be assessed by examining the
aggregated summary: the average of the absolute Shapley values for a predictor across the patient
cohort. We estimated Shapley values associated with predicting ensemble mortality, the RSF risk
estimate. In these analyses, ECOG PS had the largest contribution, followed by TMB and DUX4
expression (Fig. SSE). We validated these feature rankings through the use of two independent
metrics. The first metric was permutation importance, which quantifies the change in prediction
error associated with permutation of a variable’s data; important covariates will record large
deviations from the original predictions (Breiman, 2001; Ishwaran, 2007). The second measure
employed was minimal depth, a measure of the variable-node-to-root-node distance within the
survival trees of the RSF; important variables tend to have smaller minimal depth values as they
are typically used for earlier decision splits (Ishwaran et al., 2010, 2011). Feature contributions
measured using permutation importance and minimal depth were consistent with the Shapley-
based assignments, importantly identifying DUX4 expression as an important contributor to patient
survival outcomes (Fig. SSE). We investigated time-dependent changes in variable importance by
estimating Shapley values associated with predicting survival probability at distinct time points
along the observation window. Interestingly, we observed the strong dependence on ECOG PS for
predicting survival at early timepoints under this paradigm. Additionally, the importance of DUX4
expression rises at later time points (Fig. SC). Taken together, we found that diverse variable
importance measures converge on identifying DUX4 as a major contributor to patient survival
prediction.

We sought to quantify the effect of DUX4 expression on survival predictions after
controlling for the effects of the other covariates. With Shapley dependence plots, which allows

visualization of the marginal effects of a variable on the predicted outcome, we measured the
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expected negative correlation between TMB and mortality (Fig. S5F; Lundberg et al., 2020). We

performed a similar dependence analysis on DUX4 expression and observed a clear separation of
positive and negative Shapley values based on DUX4-positive and -negative status, respectively.
These results signify an increase in predicted risk of death associated with DUX4 expression (Fig.
SSE). To quantify the effects of TMB and DUX4 expression in the appropriate risk units (expected
number of deaths), we utilized partial dependence as an alternative way to represent mortality
predictions as a function of these variables, marginalized over the other predictors in the data
(Friedman, 2001). Specifically, the average model predictions across the individuals in the cohort
are calculated over the unique predictor values. The marginal effects of TMB and DUX4
expression measured via partial dependence mirror the results of the Shapley dependence analyses.
Patients with the lowest mutational burden exceed the individuals with the highest TMB by
approximately 20 expected deaths on average. Further, we measured an increase in the number of
predicted deaths associated with DUX4-positivity by approximately 16, over DUX4-negative
status (Fig. SSF-G). We then extended the partial dependence analyses to survival probability
predictions over time. In this paradigm, we similarly observed that higher TMB was correlated
with increased survival probability, more pronounced at later times (Fig. SD). DUX4 expression
was correlated with poorer survival outcomes, with a 1-year and 1.5-year survival difference of
20.7% and 19.2% between patients with DUX4+ and DUX4- tumors, respectively. Strikingly, our
analyses measure a difference of at least 12.5 months in median survival between the DUX4+ and
DUX4- strata (Fig. SE). Our analyses demonstrate a significant decrease in survival attributable to

reactivation of DUX4 in advanced cancers.
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5.4  DISCUSSION

Our study demonstrates that DUX4 re-expression is a common feature of metastasis and important
driver of immune evasion. While the mechanism governing DUX4 de-repression in cancer remains
to be elucidated, we show that DUX4 expression in the metastatic context was associated with
suppression of anti-tumor immunity, mirroring our observations in primary cancers (Chew et al.,
2019). The immunomodulatory function of DUX4 in metastatic cancer is consistent with
biochemical studies from a recent preprint detailing the physical interaction between the DUX4
and STAT1 proteins. Specifically, DUX4 sequesters phosphorylated STAT from the promoters of
IFN-y-stimulated genes and further inhibits transcription by interfering with the recruitment of
RNA polymerase II. This inhibitory function is dependent on the conserved (L)LxxL(L) motif in
the C-terminal domain of DUX4 (Spens et al., 2022). Accordingly, our analyses show that the
DUX4 transcript in the metastatic context contains the full-length coding region. DUX4 may also
act to suppress the immune response outside MHC-I-associated pathways. We found broad down-
regulation of chemokines, transcriptomic signatures consistent with exclusion of other immune
cells, and inhibition of MHC-II-mediated antigen presentation which is involved in natural killer
cell-mediated cytotoxicity (Johnson et al., 2020). Our results demonstrate that DUX4 re-expression
is an underappreciated contributor ICI resistance through modulation of IFN-y-mediated antigen
presentation. The prognostic value of IFN-y activity (Grasso et al., 2020; Newell et al., 2022) and
its non-redundancy relative to TMB in terms of influencing ICI response is widely appreciated
(Cristescu et al., 2018; Newell et al., 2022; Rozeman et al., 2021). Recent studies examining
cutaneous melanoma have catalogued somatic mutations in IFN-y pathway genes which modulate

anti-tumor immunity. Their estimates of the frequency of cancers which employ IFN-y-based
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mechanisms for ICI escape, measurements performed with DUX4 excluded, likely represent
underestimations (Gao et al., 2016; Nguyen et al., 2021; Sucker et al., 2017).

Our analyses identify ECOG PS and history of treatment with platinum chemotherapy as
factors that modulate response to ICI in advanced urothelial carcinoma patients. First, our data
suggest that increasing ECOG PS is associated with reduced response to ICI, consistent with the
original study. In these patients, the subgroup of individuals with ECOG PS =2 (n = 24) had a
median overall survival of 8.1 months, less than the patient subset with ECOG PS < 2 (n = 35)
whose median survival was not reached during the observation period (Balar et al., 2017). Other
studies have similarly reported poorer outcomes associated with ICI treatment in patients with high
ECOG PS (Chalker et al., 2022; Krishnan et al., 2022; Petrillo et al., 2020; Sehgal et al., 2021).
These results, in addition to our observation that ECOG PS drives predictions for survival at earlier
times, possibly indicate that patients with higher degrees of disability are more likely to carry
comorbidities that predispose them to adverse effects associated with ICI treatment. Second, our
analyses suggest that pre-treatment with platinum chemotherapy may blunt patient response to PD-
L1 blockade compared to their treatment-naive counterparts. Results from trials involving
advanced urothelial carcinoma patients with previous exposure to cisplatin or carboplatin regimens
demonstrated sustained benefit from second-line atezolizumab (Bellmunt et al., 2017; Necchi et
al., 2017; Rosenberg et al., 2016) resulting in its approval by the U.S. Food and Drug
Administration (USFDA, 2016). However, a follow-up phase 3 trial showed that while
atezolizumab was associated longer duration of response and led to fewer adverse events, it was
not superior to chemotherapy (vinflunine, paclitaxel, or docetaxel) alone (Powles et al., 2018). As
a result, the indication for atezolizumab in patients previously treated with platinum was recently

withdrawn by the manufacturer (Roche, 2021). Interestingly, platinum chemotherapy affects
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response to ICI in other treatment paradigms. As a first-line therapy, atezolizumab and
pembrolizumab combined with platinum chemotherapy was associated with significantly higher
overall survival metastatic non-small-cell lung cancer (Gandhi et al., 2018; West et al., 2019). In
advanced urothelial carcinoma, combination of ICI to platinum chemotherapy was associated with
improvement in progression-free survival (Galsky et al., 2020) but not overall survival (Galsky et
al., 2020; Powles et al., 2021). As a maintenance therapy, avelumab after gemcitabine plus
platinum chemotherapy significantly improved overall survival (Powles et al., 2020).

Our results may have profound consequences for ICI treatment. First DUX4 expression
may promote patient resistance in a wide array of ICI modalities. Our previous work showed DUX4
expression is associated with resistance to anti-C7LA4 and anti-PD- 1 therapies (Chew et al., 2019).
In this study, we comprehensively demonstrate that DUX4 modulates patient response to PD-L1
blockade. We also report that DUX4 expression in metastasis results in downregulation of T/GIT
(Zhang et al., 2018) and other immune checkpoints whose interception are currently under clinical
investigation: HAVCR2/TIM3 (NCT02608268; Dixon et al., 2021) and LAG3 (NCT02658981;
Amaria et al., 2022; Tawbi et al., 2022). Second, the pervasive reactivation of DUX4 in all
metastatic cohorts we examined exhibits its potential as a pan-cancer biomarker. We show that
binary categorization of patients according to DUX4 expression status was sufficient to stratify
patients according to ICI response, which could translate to clinical screening whose results are
binarized as well such as through IHC using anti-DUX4 antibodies. Our data motivate the
investigation of the need for additional randomized trial data from diverse metastatic cancer

cohorts to definitively evaluate DUX4’s ICI-relevant prognostic value.
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5.5 FIGURES
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Figure 1. DUX4 is re-expressed as a full-length transcript in most primary and metastatic
cancers.

(A) Matched primary (gray, The Cancer Genome Atlas) and metastatic (orange) cancer datasets
analyzed in our study.

(B) The proportion of DUX4-expressing cancers in primary (purple shading) and metastatic (red
shading) cancers. The blue line indicates the median over the primary cancer cohorts. The 95%
confidence interval was estimated via a two-sided proportion test.

(C) DUX4 expression values (TPM, transcripts per million) in the primary (purple shading) and
metastatic (red shading) cancer cohorts analyzed in our study.

(D) Representative RNA-seq coverage plots from primary and metastatic cancers for reads
mapping to the DUX4 cDNA. Open reading frame (ORF, black rectangle); UTR (untranslated
region, gray line); Homeobox domains (yellow rectangles).
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Figure 2. DUX4 expression in advanced cancers is associated with inhibition of host anti-
tumor immunity

(A) Gene Ontology (GO) enrichment network analysis of DUX4-downregulated genes compared
against the set of coding genes. Differentially expressed genes were identified from the comparison
of advanced urothelial carcinoma tumors with high (> 1 TPM) vs. low (< 1 TPM) DUX4
expression. The nodes and node sizes correspond to significantly enriched GO terms (Benjamini-
Hochberg-adjusted p-value < 0.05) and the number of DUX4-downregulated genes in each,
respectively. The edges connecting nodes correspond to terms with common genes.

(B) Downregulated (blue) and upregulated (red) anti-tumor immunity genes in tumors with DUX4-
positive (> 1 TPM) vs. -negative (< 1 TPM) advanced urothelial carcinomas.
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(C) Effector CD&+ T cell score, defined as the mean of the z-score normalized gene expression
values in the signature (Mariathasan et al., 2018) for DUX4+/- tumors. The p-value was estimated
via a Mann-Whitney U test.

(D) CXCLY expression for DUX4+/- tumors. The p-value was estimated via a Mann-Whitney U
test.

(E) As in (D), but illustrating CXCL10 expression.

(F) Proportion of immune phenotypes in DUX4+/- cancers. The phenotypes were based on the
CD&+ T cell abundance and degree of tumor infiltration determined by anti-CDS staining of tumor
FFPE sections in the original study (Mariathasan et al., 2018). The p-value was estimated via a
multinomial proportion test.

(G) PD-LI-expression on tumor cells stratified by DUX4 expression status measured by
immunohistochemistry in the original study. The samples were categorized based on the
percentage of PD-LI-positive tumor cells. The p-value was estimated via a multinomial proportion
test.

(H) As in (G), but PD-L1 staining on tumor-infiltrating immune cells (lymphocytes, macrophages,
and dendritic cells) is represented.
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Figure 3. DUX4-positivity is associated with decreased response to immune checkpoint
inhibition.

(A) The proportion of clinical response classifications (RECIST) in DUX4-positive (DUX4+, > 1
TPM) or -negative (DUX4-, < 1 TPM) advanced urothelial carcinoma patients. RECIST categories
were assigned in the original study (Mariathasan et al., 2018). The p-value was estimated via a
multinomial proportion test.

(B) Kaplan-Meier (KM) estimates of overall survival for the patients in (A) stratified by tumor
mutational burden (TMB, number of missense mutations). The estimated survival functions (solid
lines) and 95% confidence intervals (transparent ribbons) for the patients in the top and bottom
TMB quartiles are plotted. Censored events (crosses) The p-value was estimated via a log-rank
test.

(C) As in (B), but patients are stratified by DUX4 expression. To control for possible confounding
by TMB, the quartile of patients with the lowest TMB was excluded.
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Figure 4
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Figure 4. DUX4 expression status in patient tumors is associated with a higher risk of death
(A) Hazard ratios (HR) and 95% confidence intervals for the variables included in univariate (left)
or multivariate (right) Cox Proportional Hazards (PH) regression. For categorical variables, the
reference groups are indicated by points at HR = 1. Statistically significant predictors that are
associated with increased (orange) or decreased (blue) risk in both the univariate and multivariate
contexts are highlighted. ECOG (Eastern Cooperative Oncology Group); BCG (Bacillus Calmette-
Guerin).

(B) Bayesian information criterion (BIC) measurements for goodness of fit for the full (TMB,
Clinical, DUX4 expression) vs. reduced Cox PH models, where lower values indicate better fit.
The bootstrapped BIC mean is illustrated. Clinical (ECOG Performance Status and Platinum
treatment history).

(C) Kaplan-Meier (KM) estimates of overall survival and 95% confidence interval (transparent
ribbon) for low-risk (solid gray line) and high-risk (solid orange line) patients in the training (left)
and test (right) sets. Risk group assignments were based on risk scores estimated by the full Cox
PH model. p-values were estimated via a log-rank test.



185

Figure 5
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Figure 5. Overall survival during immune checkpoint inhibition therapy is decreased in
patients with DUX4-expressing tumors

(A) Random Survival Forest (RSF) predicted overall survival for patients with either DUX4-
positive or -negative tumors in the training and test sets. Out-of-bag (OOB) survival predictions
are shown for the patients in the training set. Survival predictions for individual patients (thin lines)
and the median survival function across the cohort (thick line) are represented. DUX4- (< 0.25
TPM); DUX4+ (> 1 TPM).

(B) Training (OOB) and test set survival probability predictions for patients with DUX4+/- tumors
at 12 and 18 months. The p-values were estimated using a two-sided Mann-Whitney U test.
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(C) Feature importance for variables used in the RSF model. The average absolute estimated
Shapley values (solid lines) are shown, associated with predicting survival probability at particular
times. The 95% confidence interval of the mean (transparent ribbon) is plotted.

(D) Surface plot showing adjusted (marginal) survival probability, measured via partial
dependence, as a function of tumor mutational burden (TMB, number of missense mutations) and
time. Each point on the surface corresponds to the mean survival prediction (at the respective
timepoint) after TMB is fixed to the respective value for all patients.

(E) Partial plot showing adjusted survival probability as a function of DUX4 expression status.
The median survival probability (solid lines) and the 95% confidence interval (transparent ribbon)
after DUX4 expression status is fixed to the indicated value for all patients are plotted.
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Figure S1. The DUX4 transcript is likely polyadenylated.
(A) As in (Figure 1A), but the primary cancer cohorts without matched normal sample analyzed

in our study are shown.

(B) A comparison of DUX4 expression values (TPM, transcripts per million) measured from
sequencing libraries prepared via poly-A capture or hybrid capture.
(C) As in (B), but a heatmap where patient samples (columns) were stratified according to the

indicated categories of DUX4 expression.
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Figure S2. DUX4-positivity is correlated with an embryonic gene expression signature,
downregulation of interferon-gamma signaling, and exclusion of diverse immune cell types
(A) As in (Figure 2A), but the Gene Ontology (GO) enrichment network analysis corresponding
to DUX4-upregulated genes, compared against the set of coding genes, is shown.

(B) Interferon-gamma (IFN-y) signature score (Ayers et al., 2017). The p-value was estimated via
a Mann-Whitney U test.
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(C) CDS T cell score from (Danaher et al., 2017). The p-value was estimated via a Mann-Whitney
U test.

(D)As in (C), showing the other immune cell signatures available in (Danaher et al., 2017).

(E) Chemokine signature score (Coppola et al., 2011). The p-value was estimated via a Mann-
Whitney U test.

(F) DUX4 expression (TPM) in inflamed, immune excluded, and immune desert tumors. The
phenotypes are based on CD8+ T cell abundance and degree of tumor infiltration determined by
anti-CDS§ staining of tumor FFPE sections in the original study (Mariathasan et al., 2018). The p-
values were estimated via the Mann-Whitney U test.

(G) DUX4 expression (TPM) in advanced urothelial carcinoma tumors. The percentage of tumor
cells with positive PD-L] staining are indicated on the x-axis. The p-values were estimated via the
Mann-Whitney U test.

(H) As in (G), but showing the percentage of tumor-infiltrating immune cells (lymphocytes,
macrophages, and dendritic cells) with positive PD-L/ staining on the x-axis.
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A ) B c
DUX4 expression < 0.5TPM TGFBT1 expression < 25" percentile TGFBT1 expression < 25" percentile
DUX4 expression > 1 TPM TGFB1 expression > 75" percentile TGFB1 expression > 75" percentile
1.00 1.00 1.00
2 2 2
S 0.754 $ 0.75- S 0.75-
: 2 £
? .50 ? i 3 i
c 2 0.50 % 0.50
g S S
§ 0.25 $ 0.25- S 0.25
w - [
0.00 pLog.,a"k =0.039 0.004 pmg_,a"k =0.00484 0.00- pLog-rank =0.347
T T T T T T - N
0 5 10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25
Survival (months) Survival (months) Survival (months)

Figure S3. DUX4 expression status, but not TGFB1 expression, stratifies patients according
to survival

(A) Kaplan-Meier (KM) estimates of overall survival (solid lines) and the corresponding 95%
confidence intervals (transparent ribbons) for ICI-treated advanced urothelial carcinoma patients
stratified by DUX4 expression status. The p-value was estimated via a log-rank test. Censored
events (crosses).

(B) As in (B), but patients falling in the top (orange) and bottom (gray) quartiles based on TGFB1
expression are plotted.

(C) As in (C), but the quartile of patients with the lowest tumor mutational burden (TMB) was
excluded to adjust for possible confounding by TMB.
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Figure S4. Cox Proportional Hazards regression models containing DUX4 expression status
as a predictor have a better fit to the data

(A) Akaike information criterion (AIC) measurements for goodness of fit for the full (TMB,
Clinical, DUX4 expression) vs. reduced Cox PH models, where lower values indicate better fit.
The bootstrapped AIC mean is illustrated. Clinical (ECOG Performance Status and Platinum
treatment history).

(B) Harrell’s concordance indices (C-index) for the full (TMB, Clinical, DUX4 expression) vs.
reduced Cox PH models, where high values indicate better model performance. The bootstrapped
C-index mean is illustrated.

(C) Kaplan-Meier (KM) estimates of overall survival and 95% confidence interval (transparent
ribbon) for low-risk (solid gray line) and high-risk (solid orange line) patients in the training (left)
and test (right) sets. Risk group assignments were based on risk scores estimated by the Cox PH
model with only TMB as a predictor. p-values were estimated via a log-rank test.

(D) As in (C), but the risk group assignments were based on risk scores estimated by the Cox PH
model with TMB, ECOG Performance Status, and Platinum treatment history as predictors.

(E) Time-dependent Brier scores for the full and reduced Cox PH models applied on the training
(left) and test (right) sets. The Continuous Ranked Probability Scores (CRPS), defined as the
integrated Brier score divided by time, are shown in parentheses. Reference refers to the Kaplan-
Meier prediction model. A Brier score = 0.25 indicates random guessing (gray dashed line).
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Figure SS. A Random Survival Forest model quantifies the effect of DUX4 status on overall
survival probability in the context of immune checkpoint inhibition

(A) Error (1 — Harrell’s concordance index) as a function of the number of trees in the Random
Survival Forest (RSF) model. The training out-of-bag error (OOB error, solid gray line) and the
test error (solid orange line) are shown. 1500 trees were used in the final model.

(B) Time-dependent Brier scores for the RSF model estimated from the training (solid turquoise
line) or test (solid teal line) sets. OOB survival predictions were used to calculate the Brier score
for the training set. The Continuous Ranked Probability Scores (CRPS), defined as the integrated
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Brier score divided by time, for both sets are shown. A Brier score = 0.25 indicates random
guessing (gray dashed line).

(C) Time-dependent ROC analyses. The AUCYP (solid orange line) and the 95% confidence
interval (transparent orange ribbon) are shown over the observation time for the training and test
sets. The OOB mortality predictions were used to calculate the training set AUCCP,

(D) The Receiver Operating Characteristic (ROC) curves for the RSF model at 12 (solid turquoise
line) and 18 (solid teal line) months. The Cumulative/Dynamic Area Under the ROC Curve
(AUCYP) and 95% confidence interval are specified. The OOB mortality predictions were used to
calculate the training set AUCCP.

(E) RSF feature importance. The mean absolute Shapley values and the 95% confidence intervals
are shown (left). The standardized permutation importance and confidence regions estimated via
delete-d jackknife subsampling are plotted (middle); noise variables are indicated by permutation
importance measures < 0. The minimal depth measures are shown (right); variables with values
exceeding the depth threshold (gray dashed line) are designated as noise variables.

(F) Shapley dependence plot illustrating the relationship between tumor mutational burden (TMB,
number of missense mutations) and mortality. Each point corresponds to a single patient.

(G) As in (F), but showing DUX4 expression status.

(H) Partial plot illustrating the marginal effect of TMB on mortality. Each point corresponds to
the average RSF mortality predictions when TMB is fixed to the indicated value for all patients.
The transparent ribbon corresponds to the 95% confidence interval.

(I) Partial plot illustrating the marginal effect of DUX4 expression status. The points correspond
to the RSF prediction for mortality for each patient when DUX4 expression status is fixed to the
indicated value for the entire cohort.
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5.6 TABLES

Table 1. Cox Proportional Hazards Regression for Overall Survival

Univariate Multivariate®®

Characteristic HR 95% ClI p-value  g-value® HR 95% ClI p-value  g-value®
Tumor mutational burden? 0.43 0.28-0.66 1.10x 10* 6.62 x 10* 0.14 0.07-0.30 2.88x 107 3.46 x 10
DUX4 expression:

<0.25 TPM (reference) - - - - - - - -

>1TPM 1.85 1.10-3.11 0.021 0.084 3.19 1.58-6.46 1.24x10° 3.71x10°®
ECOG Performance Status®:

0 (reference) — — — — — — — —

1 210 1.58-2.79 2.95x 107 3.54 x 10°¢ 284 1.79-4.52 1.00x10% 6.02x 10°

2 197 1.04-3.73 0.036 0.1 5.32 1.81-15.66 2.41 x10° 5.79 x 10

Received platinum:
No (reference) — — — — — — — —
Yes 1.41 1.01-198 0.047 0.11 278 1.52-5.08 9.19x 10* 3.67 x 10°
Intravesical BCG administered:
No (reference) — — — — — — — —
Yes 098 0.73-1.32 0.89 0.92 0.61 0.37-1.01 0.054 0.080
Tobacco use history:
Never (reference) — — — — — — — —

Previous 0.896 0.68-1.19 0.45 0.67 1.20 0.78-1.86 0.41 0.41

Current 1.02 0.65-1.61 0.92 0.92 1.32 0.72-2.42 0.37 0.41
Stage:

| — — — — — — — —

Il 096 0.69-1.35 0.83 0.92 1.60 0.62-0.94 0.082 0.11

11l 123 0.86-1.75 0.25 0.44 1.74 1.05-2.90 0.033 0.056

\% 0.98 0.68-1.42 0.92 0.92 0.49 0.27-0.91 0.022 0.046

Sex:
Male (reference) — — —
Female 123 0.91-1.66 0.18 0.36 0.81 0.51-1.29 0.37 0.41

2L og-rank test: p-value = 1.40 x 108

bAkaike Information Criterion = 970.78; Bayesian Information Criterion = 1003.08; Harrell’'s Concordance Index = 0.70
°Benjamini-Hochberg FDR correction

“log,,(number of missense mutations)

eEastern Oncology Cooperative Group Performance Status

Table 1. Cox Proportional Hazards Regression for Overall Survival



Table 2. Likelihood ratio test

Reduced models

TMB only TMB + clinical®

TMB + Clinical® + DUX4 expression p=1.08x10® p=1.95x10%

agastern Cooperative Oncology Group Peformance Status +
Platinum treatment history

Table 2. Likelihood ratio test

196
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Table S1. Cox Proportional Hazards Regression for Overall Survival (TGFB1 expression included)

Univariate Multivariate®®

Characteristic HR 95% ClI p-value  g-value® HR 95% ClI p-value  g-value®
Tumor mutational burden¢ 0.43 0.28-0.66 1.10x 10* 8.27 x 10* 0.14 0.06-0.30 8.41x107 1.26x 10°
DUX4 expression:

<0.25 TPM (reference) - — - — — — - -

>1TPM 1.85 1.10-3.11 0.021 0.079 3.12 1.52-6.38 1.87x10%° 7.01x10°
ECOG Performace Statuts®:

0 (reference) — — — — — — — —

1 210 1.58-279 2.95x107 4.43x10° 2.86 1.79-4.57 1.18x10° 8.84x10°®

2 1.97 1.04-3.73 0.036 0.091 531 1.79-15.7 2.58x 10® 7.73x10°®
Received platinum:

No (reference) — — — — — — — —

Yes 141 1.01-1.98 0.047 0.10 269 1.47-493 1.32x10°% 6.61x10°
Intravesical BCG administered:

No (reference) — — — — — — — —

Yes 0.98 0.73-1.32 0.89 0.92 0.64 0.38-1.06 0.08 0.15
Tobacco use history:

Never (reference) — — — — — — — _

Previous 0.90 0.68-1.19 0.45 0.61 121 0.78-1.87 0.39 0.45

Current 1.02 0.65-1.61 0.92 0.92 143 0.76 - 2.67 0.27 0.36
Stage:

| — — — — — — — _

Il 0.96 0.69-1.35 0.83 0.92 161 0.91-286 0.10 0.17

1l 123 0.86-1.75 0.25 0.38 162 0.96-2.74 0.07 0.15

v 0.98 0.68-1.42 0.92 0.92 0.46 0.24-0.88 0.020 0.050
Sex:

Male (reference) — — — — — — — —

Female 1.23 0.91-1.66 0.18 0.31 0.76 0.47-1.23 0.26 0.36
TGFB1 expression:
< 25" percentile (Q1, reference) — — — - — - — -
> 25" percentile and < 50" percentile (Q2) 1.30 0.88 - 1.91 0.19 0.31 0.75 0.40-1.41 0.38 0.45
> 50" percentile and < 75" percentile (Q3) 1.52 1.04-2.23  0.031 0.091 1.04 055-195 0.90 0.91
> 75" percentile (Q4) 1.68 1.16-2.45 6.46x10° 0.032 096 0.50-1.87 0.91 0.91

aLog-rank test: p-value = 1.27 x 107

®Akaike Information Criterion = 975.30; Bayesian Information Criterion = 1015.67; Harrell’s Concordance Index = 0.71

°Benjamini-Hochberg FDR correction
dlog,,(number of missense mutations)

eEastern Oncology Cooperative Group Performance Status

Table S1. Cox Proportional Hazards Regression for Overall Survival (TGFB1 expression

included)
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5.7 MATERIALS AND METHODS

5.7.1 Method Details

5.7.1.1 Genome annotations, gene expression and Gene Ontology (GO)

enrichment analyses

A genome annotation was created, a combination of the UCSC knownGene (Meyer et al., 2013),
Ensembl 71 (Flicek et al., 2013), and MISO v2.0 (Katz et al., 2010) versions for the hg19/GRCh37
assembly. Further, this annotation was expanded by generating all possible combinations of
annotated 5' and 3' splice sites within each gene. RNA-seq reads were mapped to the transcriptome
using RSEM v1.2.4 (B. Li & Dewey, 2011) calling Bowtie v1.0.0 (Langmead et al., 2009), with
the option “-v 2.” TopHat v.2.0.8b (Trapnell et al., 2009) was used to map the unaligned reads to
the genome and to the database of splice junctions obtained from the annotation merging described
previously. Gene expression estimates (TPM, transcripts per million) obtained were normalized
using the trimmed mean of M values (TMM) method (Robinson & Oshlack, 2010). In the
differential gene expression analyses for the DUX4-positive vs. -negative comparison, gene
expression values per sample group were compared using a two-sided Mann-Whitney U test.
Differentially expressed genes illustrated in Figure 2B were identified as those with an absolute
log>(fold-change) > logx(1.25) and a p-value < 0.05. GO enrichment analyses, using the
clusterProfiler package (Wu et al., 2021; Yu et al., 2012), were performed on DUX4-upregulated
or -downregulated genes [absolute logx(fold-change) > log2(1.5) and a p-value < 0.05] compared
against the set of coding genes. Significant GO terms were defined as “Biological Process” terms
with a Benjamini-Hochberg FDR-adjusted p-value < 0.05. The top 25 significant GO terms were
illustrated (Fig. 2A and Fig. S2A). To investigate DUX4 RNA-seq coverage patterns, a fasta file

containing the DUX4 cDNA sequence was assembled, indexed using samtools (H. Li et al., 2009),
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and used as a reference for read pseudoalignment by kallisto v.0.46.1 (Bray et al., 2016). The

following kallisto parameters were used: kmer size of 31, estimated fragment length of 200, and
estimated fragment length standard deviation of 80. Usage of the single-end option (“--single”)
and bias correction (“--bias”) were also specified. DUX4 read coverage was visualized using the

Integrative Genomics Viewer (IGV, Thorvaldsdottir et al., 2013).

5.7.1.2 Gene signature analyses

For a given gene set, z-score normalization of the expression values per gene was performed across
the patient cohort. The signature score was defined as the mean of the normalized values across

the genes of the set.

5.7.1.3 Survival analyses, goodness of fit measures, and risk modeling

Kaplan-Meier (KM) estimation, p-value estimates from the log-rank test, and Cox Proportional
Hazards (PH) regression in the univariate and multivariate contexts were performed using the
survival package (T. Therneau, 2022; T. M. Therneau & Grambsch, 2000). Goodness of fit
evaluations of the Cox PH models were done by measuring the Akaike Information Criterion
(AIC) and Bayesian Information Criterion (BIC). AIC and BIC metrics balance model complexity
with maximized likelihood, penalizing feature number increases without a concomitant
improvement in performance. The likelihood ratio test was also used to compare goodness of fit
of full (all variables) vs. reduced (subset of variables) Cox PH models. Specifically, the null
hypothesis that the simple model provides as good as a fit as the more complex model was
evaluated. The AIC, BIC, and likelihood ratio test p-values were computed using R’s stats package
(R Core Team, 2022). For the Cox PH risk modeling, the patients were randomly assigned into
training (70%) and test (30%) datasets. The createDataPartition() function from the caret package

(Kuhn, 2022) was used to preserve the DUX4 status class distribution after splitting. Full and
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reduced Cox PH models were created using the training data and the risk scores for each respective
model were calculated using caret’s predict.coxph() function. For a given patient, the calculated
risk score is equal to the hazard ratio relative to a “reference patient” (an individual whose
covariate values are set to the respective means, from the training set). Specifically, the risk score
is the quotient of the patient’s and the reference’s exponentiated linear predictors (the sum of the
covariates in the model, weighted by the model’s regression coefficients). A “reference risk score”
for each model was defined as the median risk score in the training data. Patients were assigned
into low- or high-risk groups if their risk scores were lower or higher than the reference,
respectively. The trained models were used to calculate risk scores and assign risk labels (based
on the training set risk score reference) in the test set. The survival difference between low- and
high-risk patients were empirically assessed via KM estimation and the log-rank test.
Visualizations were created using the ggplot2 (Wickham, 2016), dplyr (Wickham et al., 2022),

and survminer (Kassambara et al., 2021) packages.

5.7.1.4 Random Survival Forest, feature importance, and partial

dependence

We implemented a Random Survival Forest (RSF) model, an ensemble of multiple base learners
(survival trees), using the randomForestSRC package (Ishwaran et al., 2008). The RSF algorithm
is an extension of the Random Forest Algorithm (Breiman, 2001) for usage with right-censored
data. Here, B bootstrap datasets are created from the original data, used to grow B concomitant
survival trees (usually constrained by membership size in the terminal nodes) constructed using a
randomly selected subset of the variables. Terminal node statistics are obtained for each tree: the
survival function (via the Kaplan-Meier estimator), the cumulative hazard function (CHF, via the

Nelson-Aalen estimator), and mortality (expected number of deaths; sum of the CHF over time).
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The RSF prediction is the average across the forest. Of note, each bootstrap dataset excludes 36.8%
of the original data on average, the out-of-bag (OOB) samples. Thus, predictions for a particular
sample can be made using the subset of the trees for which it was excluded from training (OOB
predictions). Similarly, the associated OOB error for the RSF model can calculated, representing
an unbiased estimate of the test error. We randomly assigned patients into training (70%) and test
(30%) datasets. Since the DUX4-positive status was a minority class, we utilized the
createDataPartition() function from the caret package (Kuhn, 2022) to preserve the class
distribution within the splits. To determine optimal hyperparameters, we evaluated 5,616 RSF
models representing different combinations of ntree (number of trees), nodesize (minimum
terminal node size), mtry (number of randomly selected splitting variables), na.action (handling of
missing data), splitrule (splitting rule), and samptype (type of bootstrap). We selected the model
with hyperparameters which minimized both the OOB training and the test errors (defined as 1 —
concordance index), namely: ntree = 1500, nodesize = 15, mtry = 3, na.action = "na.impute",
splitrule = "bs.gradient", and samptype = "swr." We specified the use of an nsplit (number of
random splits) value of 0 to indicate evaluation of all possible split points and usage of the
optimum. For test set predictions, patients with missing data were omitted (na.action = "na.omit").

Feature importance in the final RSF model was evaluated using 3 metrics. First,
permutation importance was measured using randomForestSRC’s subsample() function. RSF
permutation importance utilizes OOB values: a variable’s OOB data is permuted and the change
in the new vs. original OOB prediction error is quantified. The RSF permutation importance values
were standardized by dividing by the variance and multiplying by 100, and the variance and
confidence regions were obtained via the delete-d jackknife estimator. Second, the tree-based

feature importance metric minimal depth was calculated using randomForestSRC’s var.select()
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function. The minimal depth threshold (mean minimal depth) is the tree-averaged threshold
(conservative = “medium”). Last, Shapley values were estimated using the fastshap package
(Greenwell, 2021), using 1000 Monte Carlo repetitions. For each prediction, the sum of the
estimated Shapley values was corrected (adjust = TRUE) to satisfy the efficiency (or local
accuracy) property: for an individual 7, the sum of i’s feature contributions equal the difference
between the prediction for i and the average prediction across the entire cohort. For the overall
measure of importance, the Shapley values were estimated from the mortality predictions from the
RSF model (Fig SSE). Mortality is defined as the number of expected deaths. That is, if all patients
in the cohort shared the same covariate values as patient i who has mortality m;, then an average
of m deaths is expected (Ishwaran et al., 2008). For the time-dependent implementation, we
estimated Shapley values associated with the per timepoint RSF survival probability predictions
along the observation window (Fig 5C).

The relationships of DUX4 expression and TMB to mortality or survival probability
(marginal contributions) were assessed via Shapley dependence plots and partial dependence plots.
Partial dependence values were obtained using randomForestSRC’s partial() function and OOB
predictions for mortality and survival probability were used as input. Visualizations were created
in the R programming environment using the dplyr (Wickham et al., 2022), ggplot2 (Wickham,

2016), pammtools (Bender & Scheipl, 2018), and plotly (Sievert, 2020) packages.

5.7.1.5 Measuring survival model predictive accuracy

The time-dependent Receiver Operating Characteristic (ROC) curve analyses were done to
evaluate the RSF model’s accuracy in differentiating patients who die before a particular time ¢,
from those who survive past ¢ (Heagerty & Zheng, 2005). Specifically, for each timepoint, the

cumulative/dynamic Area Under the ROC curve (AUCYP) was computed by computing the
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sensitivity (true positive rate) and specificity (1 — false positive rate) associated with using RSF-
predicted mortality as the prognostic marker. The time-dependent AUCCP and 95% confidence
interval per time point were estimated using the timeROC package, which adds the inverse-
probability-of-censoring weights (IPCW) to the sensitivity calculation to correct for selection bias
due to right-censoring (Blanche et al., 2013). The out-of-bag (training) or the test mortality
predictions were used as input. The time-dependent Brier score and the Continuous Ranked
Probability Score (CRPS, integrated Brier score divided by time) for the Cox PH models were
computed using the pec package (Mogensen et al., 2012). The time-dependent Brier score and the
CRPS for the RSF model was calculated using the randomForestSRC package (Ishwaran et al.,
2008). The Kaplan-Meier estimator for the censoring times was used to estimate the [PCW
(cens.model = “marginal”). Harrell’s concordance index for the Cox PH and RSF models were
calculated using the survival (T. Therneau, 2022; T. M. Therneau & Grambsch, 2000) and
randomForestSRC packages, respectively. Visualizations were created in the R programming

environment using the dplyr (Wickham et al., 2022) and ggplot2 (Wickham, 2016) packages.
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Chapter 6. DISCUSSION

The body of work outlined in this dissertation is comprised of distinct cases demonstrating the
utility of large-scale analytical strategies to uncover and extract novel insights from existing
publicly available genomics data. Specifically, we provide an increased mechanistic understanding
of splicing and its regulation, identification of splicing-based strategies to improve drug response,
and discernment of factors contributing to cancer therapeutic response. The potential implications

of these works for cancer biology and treatment, and future directions, are discussed below.

6.1.1 Utilizing branchpoint nucleotides to study dysregulated alternative splicing in cancer

Chapter 2 describes a method to identify the positions of branchpoint nucleotides— obligate
signals in splicing catalysis— in the human genome, uncovering the unexpected contribution of
branchpoints to splicing regulation and providing an alternative means for examining the
consequences of splicing-augmenting variants. [ anticipate our annotation to be of broad utility to
scientists investigating the significance of intronic disease-associated variants, the functional
consequences of oncogenic mutations in splicing factors, and the characterization of non-canonical
splicing modalities.

Intronic variants are generally linked with splicing perturbation due to interference with 5’
and 3’ splice site recognition (resulting in either ablation of the signal or introduction of an
alternative site), or disruption of cis-acting regulatory element (intronic splicing enhancers or
silencers) or RNA-binding protein motif sequences (Scotti & Swanson, 2016; Sveen et al., 2016).
Notably, few variants have been linked to branchpoint sequences, possibly due to the previous
deficiency in knowledge of branchpoint locations or the buffering effect of branchpoint

multiplicity, which is characteristic of human introns (Pineda & Bradley, 2018). Mercer et al.
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(2015) examined retinoblastoma and lung adenocarcinoma patients and identified variants in the
branchpoint nucleotides within the introns of RB and MET, respectively. These mutations induced
aberrant exon exclusion in their corresponding parental transcripts (Mercer et al., 2015; Onozato
et al., 2009; K. Zhang et al., 2008). Using our annotation, which represents a significantly
expanded ‘branchpoint map,” we resolved the pathogenicity of deep intronic variants in the gene
LZTRI (Inoue et al., 2021), linked to Schwannomatosis (Piotrowski et al., 2014) and familial
autosomal recessive Noonan syndrome (Johnston et al., 2018), both cancer pre-disposition
syndromes. Here, we showed that mutations occurring within the branchpoint sequence of a minor
intron in LZTRI resulted in intron retention and subsequent transcript down-regulation via
nonsense-mediated decay. Recently, Zhang, et al. (2022) used our annotation to interpret somatic
mutations from the Catalogue of Somatic Mutations in Cancer database which disrupt the
branchpoint sequence within intronic regions. Here, they identified an intronic 59-nucleotide
deletion in a lymphoma patient which simultaneously ablated 3 branchpoint locations in intron 3
of ITPKB (Tate et al., 2019; P. Zhang et al., 2022). These studies display examples of cancer-
relevant mutations in branchpoint sequences and highlight the importance of a ‘branchpoint map’
to interpret somatic and germline variants occurring within introns.

Splicing fidelity is tightly controlled in human cells and its dysregulation, via mutations in
genes encoding components of the spliceosome, drives the genesis and development hematological
and solid cancers (Bonnal et al., 2020; Dvinge et al., 2016; Lee & Abdel-Wahab, 2016). For
instance, ZRSR?2 is a component of the minor spliceosome commonly mutated in myelodysplastic
syndromes and acute myeloid leukemia patients (Madan et al., 2015). Interestingly, our recent
characterization of ZRSR2-mutant-associated minor intron retention in myeloid malignancies

implicated branchpoint sequence features as potential determinants of ZRSR2 mutant-induced
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missplicing (Inoue et al., 2021). Our branchpoint annotation may similarly aid the investigation
into the effects of mutations in SF3B1, a splicing factor involved in branchpoint selection. SF3B81
is the most recurrently mutated splicing factor in cancer (Seiler et al., 2018) and is observed in
hematopoietic malignancies (Gentien et al., 2014; Haferlach et al., 2014; Makishima et al., 2012;
Malcovati et al., 2015; Papaemmanuil et al., 2011, 2013; Shiozawa et al., 2018; Wang et al., 2011;
Yoshida et al., 2011) and a variety of solid tumors such as uveal melanoma and papillary and
mucinous carcinomas of the breast (Furney et al., 2013; Harbour et al., 2013; Maguire et al., 2015;
Martin et al., 2013; Seiler et al., 2018). These gain or alteration of function mutations occur in a
heterozygous context, and cluster tightly within sequences corresponding to the HEAT Repeat
(HR) domains of SF3BI (Dvinge et al., 2016). These HR domains are poorly characterized,
contributing to difficulty in determining the precise molecular basis for splicing dysregulation in
SF3B1 mutants. Changes in 3’ splice site preference is appreciated to be a hallmark feature of
SF3B1 mutant transcriptomes. Several studies, which can be categorized according to branchpoint
usage, have posited mechanistic hypotheses to explain this observation. The first group proposes
the use of mutant-specific branchpoints leading to a corresponding selection of upstream cryptic
3’ splice sites (Alsafadi et al., 2016; Darman et al., 2015). The second set of reports proposes no
shift in branchpoint preference, but a change in accessibility to alternative 3’ splice sites due to
secondary RNA structure (Kesarwani et al., 2017), steric hindrance from SF3B/ mutant-associated
conformational changes (DeBoever et al., 2015), or changes in the interactions between mutant
SF3BI1 and essential RNA-helicases (Z. Liu et al., 2020; J. Zhang et al., 2019). The models put
forth lack consensus. Further, these models rely on computationally predicted branchpoint
positions (DeBoever et al., 2015) or branchpoints identified in single-intron contexts (Darman et

al., 2015; B. Liu et al., 2021)— carrying problems related to extrapolating from a small number of
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select observations. Thus, determining SF3B/ mutant branchpoint nucleotide preference is central
to resolving the basis for splicing dysregulation in these cancers— an effort that is currently
underway with the aid of our ‘branchpoint map.’ Importantly, I expect inquiry into the influence
of branchpoint selection in SF3B1 mutant splicing to shed light on the mechanisms behind mutant
splicing changes outside alternative 3’ splice site selection, such as changes in alternative 5' splice
site selection, intron retention, and exon skipping (Tang et al., 2020). Our recent efforts have
revealed usage of an alternative branchpoint associated with poison exon inclusion and subsequent
repression of BRDY, a member of the non-canonical chromatin-remodeling complex in SF3BI-
mutated cancers (Inoue et al., 2019). Our computational and experimental methods to detect
branchpoints have also been used to help optimize the design of synthetic introns, which display
SF3B1 mutant-specific splicing, for directed tumor repression while sparing healthy host tissue
(North et al., 2022).

Lariat sequencing (branchpoint profiling) can aid in the investigation non-canonical
splicing mechanisms. We recently studied recursive splicing (RS) in humans: intron excision
accomplished in a piece-wise manner (Blazquez et al., 2018; Gehring & Roignant, 2021).
Specifically, we investigated the exon definition model of RS which is characterized by the use of
short cryptic exons (RS exons) containing a splice donor site immediately adjacent to the 3’ splice
site upstream of the exon (Joseph et al., 2018; Sibley et al., 2015). Here, we computationally
identified putative lariats associated with RS exon splicing from bulk RNA-seq data: 287 high-
confidence pairs which link branchpoint positions to the start (5’ splice site) of RS exons. We
experimentally confirmed RS lariats associated with the gene AP/ G2 using direct lariat sequencing
on cerebellum total RNA to indicate that the exon definition model of recursive splicing is

employed in human transcriptomes. RS deregulation could occur outside normal physiological
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conditions such as in cancer; our study provides a framework to investigate such processes through

an annotation of RS-exon-associated branchpoints, the first of its kind.

6.1.2 Cintron-based cancer vaccines to enhance the efficacy of immunotherapy

Chapter 3 details the first systematic characterization of circular RNAs derived from introns. We
demonstrate that these largely unrecognized RNA products, “cintrons,” are produced by most
human genes. To date, almost all research into circular RNAs has focused on circular RNAs
derived from exons, a well-studied class whose mechanistic origins via backsplicing and functional
roles in regulating gene expression and splicing have been elucidated in many studies (Kristensen
et al., 2019). While the origin and function of cintrons remain to be elucidated, I hypothesize that
these molecules could be engineered as a vehicle for cancer vaccines.

Splicing-based strategies for RNA circularization exist. First, there is the ‘Tornado’
expression system based on tRNA splicing. Here, an autocatalytic transcript releases an intron
containing a hydroxyl group and a 2',3'-cyclic phosphate at the 5" and 3’ ends, respectively. These
functional groups are recognized and joined by the RNA ligase RTCB resulting in circularization
(Litke & Jaffrey, 2019). Second, synthesis of circular transcripts could be achieved via the
permuted intron-exon (PIE) splicing strategy based on group I intron self-splicing (Wesselhoeft et
al., 2018). In this system, the two exons upstream and downstream of a self-splicing intron are
inverted and joined— resulting in fused partial exons and flanking partial introns. This structure
retains the ability to undergo the two-step transesterification reactions. However, the resultant
circularization of the fused exons is observed in this case due to the inverted nature of the sequence
(reversed 5’ and 3’ splice sites). The first reports of circular RNA synthesis using the PIE strategy
was based on a T4 phage intron (Ford & Ares, 1994; Puttaraju & Been, 1992). These studies also

showed that circularization can proceed even with the introduction of foreign sequences (‘cargo’)
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within the fused exonic sequence. The process has been further optimized (increased efficiency
and yield) by using an engineered Anabaena pre-tRNA sequence (Wesselhoeft et al., 2018).

Circular RNAs have several advantageous properties for vaccination purposes. First,
circular transcripts can be translated via an internal ribosome entry site (IRES) which eliminates
the need for capping or polyadenylation. Second, circularization significantly increases the half-
life of the RNA compared to its linear counterpart due to their inherent resistance to exonucleolytic
degradation. This feature also increases the amount of protein that could be produced from
translation of a single molecule. Lastly, while RNA itself is naturally immunogenic, circularization
has been shown to escape Toll-like receptor activation and RIG-I signaling (Wesselhoeft et al.,
2019).

Cintrons could be a promising alternative to the aforementioned circularization platforms
for RNA-based cancer vaccines (Lorentzen et al., 2022). I envision a cintron-based IRES-driven
system for tumor-specific (or tumor associated) antigen expression administered in combination
with immunotherapy (immune checkpoint inhibition or chimeric antigen receptor therapy) to boost
the efficacy of these regimens. We are currently investigating strategies to increase the efficiency
of cintron production. Our results suggest that cintrons are derived from intron lariats, and the rate
of conversion is primarily determined by potential for intramolecular binding and length of the
lariat-tail. We plan to investigate the following intronic sequence modifications: modulating lariat
tail length; modifying branchpoint nucleotide location, nucleotide identity, and number; and
introducing complementary sequences (e.g., RNA hairpins) to promote BP-3' splice site proximity
in the lariat conformation. We also aim to investigate factors that could further reduce the
immunogenicity of circular RNAs, such as introduction of chemically-modified nucleosides in the

cintronic sequence (Martin & Lowery, 2020). Finally, our study found that cintron-yielding human



224

introns can be very long, presenting the possibility of circularizing large cargos and expression of

large or multiple proteins form a single circular transcript.

6.1.3  Improving patient response to cancer therapeutics

Chapters 4 and 5 discussed strategies to improve cancer therapeutic response. In Chapter 4, we
unified in vitro and in vivo experiments with analyses of acute-myeloid leukemia (AML) cell line
RNA-seq data. We also linked our findings to patient transcriptomic and drug response profiles
from the BeatAML study, a large reference cohort of AML patients (Tyner et al., 2018). Overall,
we found that AML harbors a unique susceptibility to splicing interference, and our integrated
analyses identified specific genetic (RBM10 deletion) and pharmacologic (the novel splicing-
dependent kinase inhibitor SM09419) splicing-modulating combinatorial strategies which
controlled sensitivity and resistance to BCL2 inhibition (venetoclax). In Chapter 5, we processed
RNA-seq data from over 20,000 patients with early-stage and advanced cancers to determine that
DUX4 expression was a common strategy for immune evasion and resistance to immune
checkpoint inhibition. In both cases, large-scale integrative analyses of numerous RNA-seq
datasets were fundamental. Recently, we undertook a similar approach to identify gene expression
signatures associated with response to a novel CBP/P300 peptidomimetic termed CRYBMIM in
MYB-driven AML: interference of MYB-associated oncogenic signaling (Takao et al., 2021).

I hypothesize that the complementation of large-scale genomic analyses with machine-
learning methods will be an effective method to identify genetic factors associated with cancer
development, progression, and response to therapy. The approaches we employed provided
important insights insofar as being limited by the information included in the analyses. For
instance, in Chapter 5, the initial survey was performed by solely examining DUX4-expressing vs.

-silent comparisons across various cancers, before quantifying the effect on patient survival post-
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hoc. Machine learning algorithms can simultaneously integrate multimodal and multidimensional
data (e.g., patient genetic and phenotypic variables). This approach could be advantageous in terms
of selecting specific clinically contextualized candidates to validate before the required, and often
expensive, experimental approaches are employed (in vitro and in vivo models of cancer). One
recent preprint has exhibited this potential by aggregating the predictions of diverse machine
learning models to identify gene expression signatures associated with response to combinatorial

drug treatment strategies in AML (Janizek et al., 2021).

6.1.4 Closing remarks

While the exploration framework for cancer genomic data remains challenging to implement at
present, and often inaccessible, its democratization is imminent. Analysis of sequencing data
requires the integration of data processing and its concomitant analysis— through the
choreography of a multitude of software dependencies (e.g., reference genomes and annotations,
functionalities from external libraries) and the associated hardware requisites— with specific
domain expertise. Numerous computational tools have become readily accessible to streamline
this workflow. For instance, the Partek Genomics Suite (https://www.partek.com/partek-
genomics-suite/), Galaxy (Afgan et al., 2018; Giardine et al., 2005; Jalili et al., 2020), and the
Empowering the Development of Genomics Expertise integrated platform (P.-E. Li et al., 2017)
permit efficient and reproducible analyses with intuitive usage: the required bioinformatic tools
are unified and the data processing is hosted on servers, allowing easy interactive web-based use.
Large communities of scientists have organized around these tools (for example, the Galaxy
Community: https://galaxyproject.org/) for continued development and growth. Similarly,
programs which streamline and automate the construction and application of machine learning

models are common and available (Bischl et al., 2016; Chollet, 2015; H20.ai, 2020; Kuhn, 2022;
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Kuhn & Wickham, 2020; Lang et al., 2019; Paszke et al., 2019; Pedregosa et al., 2011). These

tools will likely catalyze scientists” and clinicians’ increased capability to analyze cancer genomics
data in parallel and at a massive scale. As the magnitude of available human sequencing data from
research and clinical use exponentially grows, forecasting of the value of such approaches will

undoubtedly yield underestimates.
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