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Control of Gene Expression by RNA Binding Proteins and RNA Secondary Structure Elements

Matvei Khoroshkin

ABSTRACT

RNA-binding proteins (RBPs) are multifunctional regulators of gene expression with complex and context-
dependent mechanisms of action. The underlying regulatory grammar that underlies RBP-mediated
functions remains largely unexplored. Here, we developed and applied a multi-omic data integration
platform to systematically decipher the context-specific functions of RBPs. We used in vivo proximity-
dependent biotinylation (BiolD) analysis of 50 human RBPs to generate a comprehensive map of major
RBP neighborhoods. In parallel, we took advantage of CRISPR-interference with single-cell RNA-seq
read-out (CROP-seq) to effectively capture the overall transcriptomic response downstream of each RBP
knockdown. By integrating these physical and functional interaction data with the ENCODE transcriptome-
wide atlas of RBP binding from eCLIP assays, we generated a map of RBP functional interaction. The
resulting map captures well-studied post-transcriptional pathways and reveals novel RPB-mediated
regulatory functions. Here, we report the validation of context-specific functions for several RBPs using
biochemical and genetic approaches. We showed that TAF15 controls splicing, translation, and stability for
distinct and largely independent RNA regulons. Similarly, we demonstrated that ZNF800 and QKI play
non-canonical roles in both transcriptional and post-transcriptional regulation. Taken together, our
integrative map reveals that each RBP may participate in multiple post-transcriptional regulatory modules,
each with their own target regulon and regulatory function. Deciphering these complex modes of function
and interaction are the first step towards a better understanding of post-transcriptional control in health and

disease.

RNA structural switches are key regulators of gene expression in bacteria, yet very few have been described

and characterized in Metazoa. Here, we present an integrative computational and experimental approach to

systematically annotate functional RNA structural switches genome-wide. By applying this approach to the
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human transcriptome, we discovered 245 putative RNA switches. Among these, we further characterized
and functionally dissected a previously unknown RNA switch in the 3’UTR of the RORC transcript. In vivo
DMS-MaPseq complemented by cryogenic electron microscopy confirmed the existence of this element as
an ensemble of two alternative structural conformations. We then used a genome-wide CRISRPi screen to
identify the trans factors that regulate gene expression through this RNA structural switch. We discovered
that the nonsense-mediated mRNA decay pathway acts on this element in a conformation-specific manner.
Our findings suggest that RNA structural switches may play an important, yet underappreciated role, in

shaping the gene expression landscape of the cell in metazoans.
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Chapter 1: Unified Framework for Systematic Identification of Post-

Transcriptional Regulatory Modules

INTRODUCTION

RNA-binding proteins (RBPs) play a fundamental role in post-transcriptional gene expression
control. Regulatory factors do not function in isolation; nearly all RBPs are multifunctional and
act in a highly context-dependent manner (e.g. Wang et al. 2013). It is common for a single RBP
to influence multiple aspects of RNA metabolism, including splicing, export, and stability. This
diversity commonly observed in RBP function results from their ability to form multitudes of
independent and context-driven complexes. However, we currently lack a comprehensive map of
these RBP-RNA complexes that form the building blocks of post-transcriptional regulation.
Revealing the identity of these post-transcriptional regulatory modules is a key step towards a

better understanding of regulatory networks in health and disease.

Individual modalities, such as knockdown/knockout/overexpression of an RBP of interest
followed by transcriptomic readout, often fail to capture the combinatorial complexity of post-
transcriptional control of gene expression in isolation (Sternburg and Karginov 2020). The key
reasons for this are (1) intrinsic limitations of each individual experimental technique, and (2)
biological noise originating from mutual entanglement of regulatory networks. These problems
are common for studying any biological system, however, they are especially prominent for the
studies of post-transcriptional regulation since RBPs are remarkably multi-functional and
redundant. For example, the RBP muscleblind-like 1 (MBNLI1) regulates splicing (Lin et al. 2006;

Mankodi et al. 2002) when binding pre-mRNAs in the nucleus; whereas, it modulates RNA



stability (Fish et al. 2016) when binding 3’UTRs of mRNAs in the cytoplasm(Therefore,
traditional approaches focused on one RBP-one function had limited success in capturing the roles
of individual RBPs. This is because any individual assay describes a single specific aspect of a
relationship between two RBPs: e.g., physical interaction, or overlapping target RNAs. However,
in order to reveal the regulatory grammar underlying RNA metabolism, a generalized
understanding of functional interaction between RBPs is required that incorporates multiple data
modalities rather than capturing one specific type of protein interaction. To accomplish this, we
developed an integrative framework that takes into account three scenarios of RBP-RBP
entanglement that are resolved by different assays: (i) two RBPs are co-localized in close physical
proximity to each other, (ii)) two RBPs share significant overlapping RNA targets, and (iii)
modulation of two RBPs results in similar downstream transcriptomic shifts. Combining data from
these three independent modalities, within a unified statistical and analytical framework, allows

us to capture RBP regulatory modules in their most generalizable form.

To capture the spatial relationship between RBPs, we carried out a large-scale proximity-labeling
effort to reliably capture and identify the proteins that reside in proximity of each RBP. In order
to reveal functional interactions between RBPs that do not rely on direct physical interactions, we
took advantage of loss of function screens with rich single-cell read-outs (Norman et al. 2019). We
used the CRISPR-interference technology (Gilbert et al. 2014) to target RBPs and used single-cell
RNA sequencing to capture changes in the transcriptomic state of the cell in response to RBP
knockdowns. This rich dataset allowed us to explore functional interactions between RBPs with
few a priori assumptions. Finally, we supplemented the resulting data with RBP-RNA interactions

mapped as part of the RNA ENCODE effort using cross-linking immunoprecipitation followed by



sequencing (eCLIP) (Van Nostrand et al. 2016). Incorporation of this data allows for identification

of the RNA regulons that are downstream of RBP regulatory modules.

Taken together, in this study, we use a multi-omic data integration approach to reveal
combinatorics of RBPs in post-transcriptional gene regulation, taking advantage of both reliability
of low-throughput proteomics (BioID labeling) and high-throughput sequencing (Perturb-seq,
ENCODE eCLIP). By integrating several experimental modalities together, we generated a general
map of RBP regulatory interactions. Here, we show that this map recapitulates many known and
canonical functions of individual RBPs, however, we also showcase multiple instances of novel
and non-canonical functions. Our discovery of a large repertoire of functional interactions between
RBPs, many of which were previously unknown, provides an opportunity for the community to

better capture the role of post-transcriptional regulatory programs in health and disease.

RESULTS

Integrating data from complementary approaches captures known RBP complexes and

unravels novel connections

In order to broadly and systematically annotate regulatory interactions between RBPs, we
combined data from multiple independent modalities, namely (i) BiolD2-mediaed proximity
protein labeling, (ii)) RBP Perturb-seq, and (iii) eCLIP RNA ENCODE dataset (Fig. 1.1). 50 of 120
RBPs studied by the ENCODE consortium (Van Nostrand et al. 2016) are previously cloned as
part of the human ORFeome cDNA library (Yang et al. 2011). We used this collection to fuse

BioID2 to each of these RBPs, and generated stable clones in the K562 background. We then



performed individual streptavidin-precipitations followed by mass spectrometry. This allowed us
to systematically identify co-localized RBPs. In parallel, we performed a Perturb-seq experiment
and obtained transcriptome-wide gene expression measurements for 68 RBPs knockdowns using
single-cell RNA sequencing. We used the resulting high-dimensional data to systematically
delineate functional interactions between RBPs based on their shared transcriptomic fingerprints.
And finally, we re-analyzed the ENCODE eCLIP data to capture overlapping regulon

memberships between RBPs (Van Nostrand et al. 2016).

To assess the RBPs interactions, we used BiolD labeling-based pulldown followed by mass
spectrometry, the gold standard for studying protein-protein spatial interactions. Traditional
antibody-based pulldowns are limited by the strength of the bait-antibody interaction, which does
not allow for harsh washes and leads to higher noise and antibody-dependent bias in the data. They
are also prone to loss of lower-affinity interactions, such as the interactions mediated via
intrinsically disordered protein regions, which are recognized to be functionally crucial in post-
transcriptional regulation. This problem can be solved with proximity-based covalent biotin
labeling techniques as biotin-streptavidin interaction is very strong, allows for harsh washes, and
therefore tends to have low levels of nonspecific binding (Li et al. 2017) (Roux et al. 2018). The
main disadvantage of biotin-based systems (Kim et al. 2016; Cho et al. 2020; Hung et al. 2014;
Hung et al. 2016) is limited scalability: a cell line expressing a fusion of bait protein with the
labeling enzyme has to be generated and functionally validated for each protein of interest.
Because of this, only a few large-scale datasets of dozens or hundreds of bait proteins have been
generated to date (Antonicka et al. 2020; Go et al. 2021; Youn et al. 2018). We applied proximity-

dependent biotinylation (BioID) analysis to 50 human RBPs.



In order to define the RBP-RNA interactions, we re-analyzed the ENCODE eCLIP (enhanced
cross-linking immunoprecipitation) data (Van Nostrand et al. 2016). In this method, proteins and
RNA get cross-linked by UV light, the bait RBP with the RNAs attached is pulled down by an
antibody, and the respective RNA fragments are sequenced. To reliably identify the RNA targets
for the RBPs of interest, we reprocessed all the publicly available eCLIP datasets as in (Agrawal
et al. 2021). The knowledge of RBP-RNA interactions is important for two reasons. First, the
eCLIP data defines the regulons for each RBP; moreover, if an RBP is multifunctional, the eCLIP
data facilitates the annotation of the individual regulons for each of the RBP’s functions. Second,
this data helps annotate the pathway-like RBP interactions: two RBPs never directly interact with

each, yet they act on the same set of RNA targets consecutively.

Specific combinations of RBPs exhibit non-additive effects on gene expression, enabling a variety
of phenotypic changes in the cell. Such combinations can be detected by modeling the genetic
interactions manifold, that describes the transcriptional states a cell can occupy upon perturbation
(Norman et al. 2019). Here, we use Perturb-seq (Adamson et al. 2016) to quantitatively measure
the effects of RBP knockdowns on the cellular transcriptional state. We then use this data to model

the functional interactions between RBPs.

Together, these three modalities capture complementary aspects of regulatory interactions between
RBPs. Therefore, integrating these sources of information is a critical step towards generating a
comprehensive and generalizable map of RBP-RBP interaction (Fig. 1.1). To accomplish this, we

first generated RBP-RBP maps for individual modalities. We then computed z-scores across



features (i.e., protein preys, genes, and target RNAs) for each modality respectively. Next, we
estimated pairwise cosine distances between RBPs, and transformed them into empirical p-values
to achieve a uniform RBP similarity scale. Finally, the p-values of independent measurements of
RBP similarity (i.e. from BiolD, Perturb-seq, and eCLIP respectively) were combined into a single

probability score expressing the overall level of interaction between a pair of RBPs.
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Figure 1.1. Generating an integrated regulatory interaction map of RNA-
binding proteins: an overview of our workflow, the experimental data used in
the study and the datasets integration procedure.

Results of BiolD2 (A), Perturb-seq (B) and publicly available ENCODE eCLIP (C) assays were
independently processed and normalized across RBPs (z-score transformation).(D). The resulting
Z-scores were used to estimate the cosine distance between all pairs of the tested RBPs. The
distances were then replaced by empirical P-values reflecting the distance between two particular
RBPs according to a particular type of assay. Finally, to generate an integrated regulatory
interaction map, for each pair of RBPs, the p-values from three assays were then logit-aggregated
to obtain a single resulting measure of the distance between RBPs in the pair.



The resulting Integrated RBP Regulatory Map, combining physical and genetic interactions,
elucidates the combinatorial regulatory logic underlying RBP-mediated post-transcriptional
control of gene expression (Fig. 1.2). Interaction maps are often interpreted by identifying proteins
that cluster together into functional complexes. And as shown in Fig. 1.2, our map similarly
captures a number of canonical RBP modules involved in key post-transcriptional regulatory
programs such as mRNA stability and RNA processing. However, as stated above, RBPs carry out
multiple independent functions, which is not captured by this “one RBP-one cluster” scheme. This

is clearly highlighted by the many off-diagonal interactions that are revealed in our RBP map.

Analysis of the on-diagonal clusters in the Integrated RBP Regulatory Map clearly captured many
canonical RBP complexes involved in translation, splicing, ribosomal RNA processing, and other
RNA metabolic pathways (Fig. 1.2). As expected, our integrative approach brings together RBPs
that form key regulatory modules and broadly recapitulates what is known about the functions of
these RBPs; however, tracking the source of the signal to each of the input modalities is also often
illuminating. One example is the group of splicing-related RBPs: eCLIP data suggests that these
RBPs bind common targets (mostly snRNAs and mRNAs), whereas Perturb-seq data highlights a
sub-group of RBPs presented by HNRNPK and DDX42 that are both involved in the regulation of
pS53-mediated apoptosis and are upregulated under p53 mutations (Escobar-Hoyos et al. 2020).
Another example is the group of RBPs involved in mitochondrial and cytoplasmic translation.
While eCLIP data brings together the rRNA-binding RBPs, BiolD data clearly distinguishes

mitochondrial RBPs (TBRG4, FASTKD?2, and SUPV3L1) from the others.



The Integrated RBP Regulatory Map reveals numerous cases of combinatorial interactions and
multi-functional roles for RBPs, a number of which have been studied previously. Visually, such
combinatorial interactions appear as off-diagonal clusters (Fig. 1.2A); two examples are zoomed
in on Fig. 1.2B. FUS, along with several other proteins, is associated with both mRNA splicing
and ribosome biogenesis regulatory modules. Both regulatory functions have been shown for FUS
experimentally (Fiesel and Kahle 2011; Moore 2016; Rogelj et al. 2012). FASTKD2, depending
on the context, can play roles in regulation of mitochondrial mRNA translation and mitochondrial
ribosomal biogenesis, respectively (Antonicka and Shoubridge 2015; Popow et al. 2015). Indeed,
FASTKD?2, along with several other proteins, is associated with both regulatory modules on the
integrated map. These and many other examples highlight the combinatorial nature of RBP

functioning.

In order to gain insight into the functions of individual RBPs, we analyzed the functions of their
closest neighbors on the Integrated RBP Regulatory Map. We observed that the closest neighbors
point to the known functions of RBPs (Fig. 1.2C). Thus, strong interactions of XRCC6 (Ku70)
with DDX51, UTP18, and WDR43 suggest its role in ribosome biogenesis; this function has been
recently proved experimentally (Shao et al. 2020). Interactions of PPIL4 with NPM1 and SAFB
suggest that it might take part in transcriptional regulation. Consistent with this finding, PPIL4
was recently shown to interact with JMJDG6, an annotated histone demethylase (Barak et al. 2021).
The interactions of LIN28B with RPS3, METAP2 and DDX6 recapitulate LIN28B’s known role

in mRNA translation (Basak et al. 2020).



The use of complementary data types ensures that the Integrated RBP Regulatory Map captures
RBP multifunctionality. To demonstrate it, we first analyzed the functions of RBP’s closest
neighbors within individual data types (Fig. 1.2C). eCLIP data suggests that among the closest
neighbors of ZNF800 are chromatin remodeling proteins UCHLS5 and GRWD1. On the other hand,
the proximity labeling data suggests that ZNF800 interacts primarily with ribosome biogenesis
factors, such as DDX21 and RPS11. The Integrated RBP Regulatory Map close neighborhood of
ZNF800 consists of both chromatin remodeling factors and ribosome biogenesis factors (Fig.
1.2C), suggesting that the use of complementary data types allows for simultaneous capturing of
multiple functions. TAF15 is another example of multifunctional protein. eCLIP data suggests that
TAF15 is closely related to transcriptional regulators, such as FUS and EWSRI1. Proximity
labeling data suggests interactions of TAF15 and splicing machinery, such as SMNDCI1 and
GPKOW. Perturb-seq data suggests that among TAF15’s close neighbors are translational
regulators PABPC4 and EIF4G2. The TAF15’s neighborhood of the Integrated RBP Regulatory
Map contains all of the above proteins (Fig. 1.2C). Thus, the Integrated RBP Regulatory Map

covers multiple independent functions of RBPs captured by complementary data sources.
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Figure 1.2. Post-transcriptional regulatory modules revealed by integrative

analysis of RBP-RBP interactions.

(A) The heatmap of integrated distances between RBPs combining multiple sources of information
for each RBP. Each row and column represents an RBP and the colored map on the left denotes
the source datasets available and used for each RBPs. RBPs are clustered based on their combined
distance using hierarchical clustering (dendrogram included). Known regulatory modules located
on the diagonal that consist of previously annotated functional interactions are marked with red
borders and labeled. In contrast, the examples of clusters located off the diagonal are highlighted

in yellow and additionally illustrated in (B).

(B) The section of the integration heatmap containing off-diagonal clusters. Association of the
rRNA maturation factors ABCF1, GEMINS, SDAD1, DDX51 and PHF6 with splicing machinery
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is highlighted in orange (GEMINS involved in splicing, other RBPs are involved in transcription
regulation). DHX30, DDX6, NCBP2, DDX21 and RPS11 interaction with the regulators of
translation and mitochondrial RNA metabolism is highlighted in orange as well (DHX30 is a
mitochondrial ribosome assembly factor, other are also cytoplasmic and involved in translation).
(C) RBPs combined distances to the selected examples XRCC6, PPIL4 and LIN28B. Top 3 RBPs
with the lowest distance are labeled for each example and their most studied functions are
highlighted (RBPs not related to these functions are colored gray).

(D) RBPs distances to ZNF800 (top) and TAF15 (bottom) calculated based on eCLIP, BiolD and
Perturb-seq separately are illustrated on the left in the same way as in (C). Combined distances are
illustrated on the right.

Defining functional RBP neighborhoods using BiolD-mediated proximity labeling

Having defined the protein modules that each RBP falls into, we next sought to assign regulatory
functions to each RBP module. The proximity labeling data allows us to go beyond the RBP-RBP
interactions, and study the functions of both individual RBPs and RBP modules by analyzing their
proximity to the other proteins in the cell. Here, we provide improved annotations for all studied
RBPs. To accomplish this, for each RBP, we ranked the proximity-labeled “prey” proteins by their
enrichment in the biotinylated fraction and used gene-set enrichment analysis (GSEA) to identify
the top pathways and protein complexes(Fig. 1.3A). This procedure allows us to systematically
estimate the likelihood of an RBP functioning in a given pathway across all “RBP-pathway” pairs
of interest. Conceptually, these likelihood scores reflect the uncertainty of a given annotation,
where higher scores denote higher confidence in the proposed association. We have visualized the
high-confidence annotations in a heatmap along with the major RNA classes that, based on our

eCLIP analysis, are the targets of each RBP in Fig. 1.3B (Fig. 1.3B).

Importantly, in many cases, the previously known functions of RBPs are clearly captured by our
approach (Fig. 1.3). For example, we have correctly annotated SRSF7, NONO, and HNRNPA1 as

splicing-related RBPs that bind predominantly mRNAs. Similarly, we identified RPS11, NPMI,
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and DDX52 as RBPs that are involved in ribosome biogenesis and directly bind rRNA. Our BiolD-
based annotations clearly identifies RBPs that regulate transcription (HNRNPC, NPM1, QKI),
initiate and regulate mRNA translation (LARP4, EIF3G, RPS3, LIN28B, YWHAG), participate
in snRNA processing (TAF15, NPM1) and mitochondrial metabolism (SUPV3L1, FASTKD2,

TBRG4), and modulate centrosome amplification (YWHAG) (Mukhopadhyay et al. 2016).

Our findings, however, go substantially beyond what is known and reveal novel and unexplored
"non-canonical" functions. This further highlights the gaps in our existing knowledge of RBP
annotations that can be systematically filled using the approach we have provided here. For
example, SRSF7 is primarily known as a splicing factor; however, we observed an equally strong
enrichment of mRNA 3' end processing and polyadenylation pathways, which are not yet
annotated in GO but are alluded to in recent publications (Miiller-McNicoll et al. 2016), (Schwich
et al. 2021).

Overall, as shown in Fig. 1.3, we have revealed new functional associations for multitudes of

RBPs across many regulatory pathways.
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Figure 1.3. BiolD-mediated proximity labeling defines RBP neighborhoods
and enables functional annotation of RBPs.

(A) Schematic of our RBP pathway annotations using ZNF800 and GO:0006361 (transcription
initiation from RNA polymerase I promoter) as an example. Co-precipitated proteins are ranked
by their BioID protein neighborhood z-scores and gene-set enrichment analysis is performed on
the resulting ranked list.

(B) RBP preference to bind particular RNA types (based upon eCLIP RNA targets) is shown along
with GO term enrichment in RBP neighborhoods. Columns correspond to the RBPs we have
assayed, rows correspond to individual gene ontology terms (BP), and the color denotes the GSEA
normalized enrichment score (NES). GO terms with NES more than 2 for at least one RBP are
included in the plot, a red asterisk indicates FDR < 0.05. Some known RBPs functions are
highlighted by red boxes and additionally placed to subpanels.

ZC3H11A and TAF15 are involved in multiple post-transcriptional processes including

splicing, translation, and RNA stability regulation

Our data highlights ZC3H11A and TAF15 as multifunctional RBPs involved in multiple post-
transcriptional processes for distinct RNA regulons. ZC3H11A is known to be a part of the TREX
complex responsible for mRNA export and was shown to co-localize with SRSF2 in nuclear
splicing speckles (Folco et al. 2012; Younis et al. 2018). TAF15 is predominantly studied as a part
of TFIID and RNAPII complexes participating in the regulation of gene expression (Jobert et al.
2009). Yet, TAF15's role in post-transcriptional regulation is still poorly understood. Several
studies have shown TAF15 involvement in stability and processing of IncRNA LINC006635,
FGFR4, GRINI mRNAs, and a small subset of other mRNAs in neurons (Ruan et al. 2020; DeJong
et al. 2021; Ibrahim et al. 2013; Kapeli et al. 2016). Additionally, it has been shown that TAF15
participates in miRNA-mediated regulation of cell cycle gene expression and its direct role in
mRNA transport and translation has been suggested according to its CLIP signal enrichment in 3’

UTRs (Ballarino et al. 2013; Kapeli et al. 2016).
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Our integrated RBP interaction map suggests that both ZC3H11A and TAF15 are involved in a
much wider set of post-transcriptional regulatory processes (Fig. 1.2). In particular, TAF15 has
the highest interaction scores with FUS, SAFB2, EIF4G2, NONO, and SAFB, which in addition
to transcription are also associated with translation (EIF4G2), and splicing (NONO). On the other
hand, ZC3H11A’s top interacting partners include GPKOW and DHX30, suggesting splicing-
related functions. Gene set enrichment analysis of the BiolD data resulted in the highest-scoring
GO terms related to mRNA export (for ZC3H11A) and transcription (for TAF15), as expected.
However, we noted additional high-scoring terms, including “spliceosomal snRNP assembly” for
both RBPs (GO:0000387, NES = 1.5) as well as “mRNA stabilization” (GO:0048255, NES = 1.5)
and “positive regulation of translation” (GO:0045727, NES = 1.7) for TAF15 (Fig. 1.4A).

To verify the predicted ZC3H11A and TAF15 roles in splicing regulation, we used CRISPR-
interference technology to precisely knockdown these RBPs in K562 cells and performed paired-
end total RNA-seq in respective knockdown cells (96% and 98% knockdown, respectively). Upon
silencing either of these genes, we observed a large number of significant alternative splicing
events (ASEs; Fig. 1.4B, 4C). These include 171 and 94 ASEs passing logl0(Bayes factor) > 2
and absolute effect size > 0.2 for ZC3H11A and TAF15 knockdown, respectively. We
independently validated multiple of these significant ASEs using quantitative RT-PCR (Fig. 1.4
B,C); therefore confirming the involvement of ZC3H11A and TAFI15 involvement in the
regulation of alternative splicing.

As mentioned above, in addition to RNA processing and splicing, we also observed a significant
association between TAF15 and translational control. To confirm this association, we performed
ribosome footprinting (Ribo-seq) and matched RNA sequencing in control and TAF15 knockdown

cells. Ribosome footprinting, which captures active translation, allowed us to measure changes in
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translational efficiency (TE), defined as ratio of ribosome protected fragments to total RNA. We
then asked whether TAF15-bound mRNAs are differentially translated when this RBP is silenced.
Consistent with a direct role for TAF15 in translational control, TAF15-bound RNA targets,
defined based on eCLIP data of this RBP (Van Nostrand et al. 2016), were strongly enriched
among mMRNAs that translationally replaced in TAF15 knockdown cells (Fig. 1.4D). To
independently confirm this observation, we used protein abundance data collected from TAF15
KD and control cell lines using quantitative mass-spectrometry. As expected, TAF15 targets
showed a significant change in their protein abundance without a concomitant change in their
mRNA levels (highlighted in Fig. 1.4D). Taken together, our findings demonstrate that TAF15
acts as a direct enhancer of mRNA translation for its target regulon.

In addition to translational control, we had observed a strong association between TAF15 and
regulators of RNA stability. To further explore this association, we performed RNA metabolic
labeling (SLAM-seq) to deconvolve changes in transcription rate and decay observed in TAF15
knockdown cells. We hypothesized that TAF15 performs its stability-related function through
direct RBP-RNA interaction compared to the transcription regulation mediated through the
interactions with RNA Polll (Bertolotti et al. 1996). Therefore, we analyzed the changes in
transcription rate and total mRNA amount among the TAF15 target mRNAs with iPAGE
(Goodarzi et al. 2009) and GSEA (Korotkevich et al. 2021). Both tools demonstrated the
enrichment of TAF15-bound RNA targets among downregulated mRNAs (based on the total RNA
abundance). However, consistent with our hypothesis that the TAF15 regulon is being destabilized
when this RBP is silenced, we did not see a change in the transcription rates of TAF15 targets

based on SLAM-seq data (Fig. 1.4E). We independently verified these observations for multiple
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TAF15 targets using qQRT-PCR, namely HNRNPH2, GADD45A, and SNHG7 (Fig. 1.4E). These
observations confirm the involvement of TAF15 in regulating mRNA stability.

Taken together, our data supports the hypothesis of TAF15 being a multifunctional regulator. We
demonstrate that it plays multiple roles, each of them affecting its own regulon (set of target
RNAs). The regulons don’t show significant overlaps, suggesting that TAF15°s multiple functions
are independent of each other. As such, TAF15 controls splicing of 1894 mRNAs, translation of
1138 mRNAs, and stability of 140 mRNAs; only 96 of these mRNAs are affected by TAF15 in 2

different ways (Fig. 1.4F). The case of TAF15 illustrates the nature of multi-functionality of RBPs.
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Figure 1.4. Non-canonical functions of ZC3H11A and TAF1S predicted from
our integrated analyses.

(A) Violin plots illustrating normalized enrichment scores (NES) resulting from gene set
enrichment analysis. Left subpanel: all GO-BP terms for ZC3H11A and TAF15; right subpanel:
all tested RBPs for GO:0000387, GO:0045727 and GO:0048255 GO terms. Dashed lines:
quartiles; solid red line: 0.9 quantile.

(B) Results of ZC3H11A-KD RNA-seq analysis with MISO (left) and qPCR verification (right).
Two skipped exon (SE) cases for WARS1 and ASPM transcripts were confirmed by qPCR and
labeled in the scatter plot. Dashed lines indicate the following filters: log10(Bayes factor) > 2 and
lisoforms levels difference| > 0.2.

(C) Results of TAF15-KD RNA-seq analysis with MISO (left) and qPCR verification (right), as
in (B).

(D) Ribo-seq (on the left) and mass spectrometry (on the right) of TAF15-KD and control cells
confirm TAF15 involvement in translation control. We assessed the enrichment and/or depletion
patterns of RNAs with exonic TAF15 binding across all genes ranked by their changes in
translation efficiency upon TAF15 knockdown. Both iPAGE (top) and GSEA (bottom) analytical
pipelines were used for this analysis. For three of TAF15 targets (see Figure S4), we have included
protein levels from quantitative mass-spectrometry, as well as changes in their mRNA abundance
based on RNA-seq. RNA-seq comparisons were performed using edgeR.

(E) SLAM-seq (on the left) and qPCR (on the right) of TAF15-KD confirm its involvement in
mRNA stabilization. Enrichments of the TAF15 eCLIP targets among RNAs with the total
expression (EXPR) and transcription rate (TR) upon TAF15 knockdown were assessed by iPAGE
(top) and GSEA (bottom, only for EXPR) using SLAM-seq logFC for ranking. Only EXPR is
significantly enriched by eCLIP suggesting TAF15 RNA stability regulation via direct binding.
Three exonic TAF15 eCLIP targets (see Figure S4) were assessed further by qPCR which revealed
a significant reduction of their mature RNA levels compared to pre-mRNA upon knockdown.

RNA-binding proteins QKI and ZNF800 are involved in the regulation of transcription

Our integrated RBP interaction map revealed several RNA-binding proteins that are strongly
associated with transcriptional control, chief among them we noted ZNF800 and QKI. ZNF800 is
a zinc finger protein whose molecular functions are poorly studied, yet it’s implicated in diseases
such as lung cancer (Zhuo et al. 2020). In contrast, QKI is a well-studied RBP involved in many
RNA-related processes including regulation of mRNA expression, splicing, and stability, nuclear
export, and translation. This protein plays a major part in neuron myelination and its functions are
mostly described for neural cells (Chen et al. 2021; Chen et al. 2021; Zhou et al. 2021; Shin et al.

2021; Aberg et al. 2006).
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We hypothesized that ZNF800 and QKI act as transcriptional regulators and we validated this
hypothesis with ATACseq. Based on our proximity labeling results, ZNF800’s protein
neighborhood functions in DNA methylation, transcription by RNA polymerase I, rRNA
processing, and chromatin remodeling (Fig. 1.5A). On the other hand, QKI’s neighborhood is
associated with histone methylation, RNA splicing, transcription by RNA polymerase II and
chromatin organization. To validate previously unknown role for ZNF800 in chromatin
remodeling and confirm recently discovered chromatin-associated QKI functions, we performed
ATAC-seq using control K562 and CRISPRi-generated knockdown cells (87% and 76%
knockdown, respectively) (Ren et al. 2021). We observed a significant and global increase in
chromatin accessibility across thousands of regions when these RBPs were silenced (2660/2724
significantly differential regions were upregulated for QKI knockdown, and 1399/1417 regions
were up-regulated in ZNF800 knockdown). Therefore, both ZNF800 and QKI are involved in
transcriptional repression.

To demonstrate that ZNF800 and QKI regulate transcription through direct binding of DNA
promoters, we performed ChIP-qPCR on several gene targets. Namely, we tested binding of
ZNF800 to the DNA sequences of RPS15 and RPL10A genes, and binding of QKI to the DNA
sequences of PRCI and LTBR genes. The gene target sequences were significantly enriched in
ChIP samples compared to control samples (Fig. 1.5E). These results suggest ZNF800 and QKI
direct binding of the promoter regions of their target RNA genes.

To study what processes ZNF800 and QKI affect post-transcriptionally, we compared the
representation of different RNA types among their targets using Fisher's exact test (see Methods).
We observed that ZNF800 binds primarily to mRNA and rRNA targets (Fig. 1.5C). The rRNA

binding suggests that ZNF800 might participate in ribosome biogenesis; this hypothesis is
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consistent with the ZNF800 functions predicted from the proximity labeling data (Fig. 1.5A). As
for QKI, we observe significant enrichment of snRNAs among its RNA targets (Fig. 1.5C); this is
consistent with QKI’s involvement in splicing, which has been studied experimentally in the past
(Zong et al. 2014). We also observe enrichment of splicing factors among the proteins that interact
with it spatially, according to the proximity labeling data (Fig. 1.5A). Thus, our data suggests that
ZNF800 regulates the ribosome biogenesis pathway post-transcriptionally, while QKI is involved
in alternative splicing regulation.

Next, we aimed to study the relationship between the transcriptional and post-transcriptional
regulons of both ZNF800 and QKI. We defined the transcriptional regulon as the set of genes
whose promoter regions become significantly more accessible upon the RBP’s knockdown (based
on ATACseq data), and we defined the post-transcriptional regulon as the set of genes whose
mRNAs bind the RBP directly (based on eCLIP data). First, we used the hypergeometric test to
inquire if the transcriptional and post-transcriptional regulons overlap for either ZNF800 or QKI
at the level of individual genes. We did not observe significant overlap for QKI. For ZNF800, the
overlap was statistically significant (p=0.01), yet very small (6.4% of the DNA targets and 9.7%
of the RNA targets; odds ratio 1.4) (Fig. 1.5C). We then performed gene set enrichment analysis
on the transcriptional and post-transcriptional regulons; we observed almost no pathways that
would be significantly enriched among the two regulons neither for ZNF800, nor for QKI. Thus,
we hypothesize independent involvement of the same RBPs in transcriptional and post-
transcriptional regulation.

Taken together, we demonstrate the direct involvement of QKI and ZNF800 in multiple regulatory

processes. Each function affects a specific group of genes, and these groups don’t show major
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overlaps between different functions of the same RBP. Thus, we can consider these RBPs

multifunctional entities that control several regulons in an independent way.
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Figure 1.5. ATAC-seq in knockdown cells confirms ZNF800 and QKI
involvement in the regulation of transcription.

(A) Violin plots illustrating normalized enrichment scores (NES) resulting from gene set
enrichment analysis. Left subpanel: all GO-BP terms for ZNF800 and QKI; right subpanel: all

tested RBPs for GO:0016571, GO:0016575 and GO:0042254 GO terms. Dashed lines: quartiles;
solid red line: 0.9 quantile.
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(B) The results of differential ATAC-seq analysis in control and ZNF800-KD/QKI-KD cells. Each
point denotes an ATAC-seq peak; peaks passing 0.05 FDR are colored red.

(C) ZNF800 and QKI DNA and RNA targets based upon eCLIP and differential ATAC-seq data.
Preferably bound RNA types (FDR < 0.01) of ZNF800 and QKI are shown on the left. Genes
detectable in eCLIP and unambiguously mapped to Entrez IDs were used to plot Venn diagrams
(right subpanel).

(D) Extract from GO-BP enrichment analysis of ZNF800 and QKI targets bound at chromatin
(DNA, ATAC-seq) and transcript (RNA, eCLIP) levels.

(E) Illustrative examples of genes with promoter regions bound by RBP (ZNF800 or QKI).
Genomic loci with ATAC-seq tracks are shown in the left subpanel (Y-axis: counts per million).
Results of the ChIP-qPCR verification of the corresponding ATAC-seq peaks are shown in the
right subpanel.
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DISCUSSION

In the post-genomic era, we can reliably quantify modulations in the RNA dynamics, from
processing to translation to decay, across the transcriptome. However, systematic identification of
the underlying molecular mechanisms that give rise to these modulations remains a major
challenge in systems biology. The regulon hypothesis, first formulated for transcriptional control,
has been extended to the post-transcriptional realm to reveal shared regulatory pathways that target
functionally related RNA molecules in a coordinated manner. Despite many advances in the field,
our knowledge of RNA regulons remains limited. We have long argued that a comprehensive map
of regulator-regulon is a crucial step towards creating mechanistic and predictive models of gene
expression control in health and disease (Fish et al. 2019; Fish et al. 2021). In this study, we
proposed an integrative framework for decoding context-dependent and combinatorial regulatory

interactions between RNA-binding proteins and their target regulons.

Many research initiatives are directed towards mapping the regulons as units of gene expression
control. The ENCODE consortium undertook a vast effort to map protein-DNA and protein-RNA
interactions through large-scale application of ChIP-seq and eCLIP, respectively. Similar data
modalities have been generated by other groups in the field as well, which together provide a rich
resource for generating biological networks focused on nucleic acid interactions. However, not
every interaction is functional and not every function can be generalized to all interactions. This is
especially true of RNA-binding proteins as they often bind thousands of RNAs, and their
regulatory functions across these targets is often multifaceted and context-dependent. Over the
past few years, this understanding has led us to revisit the notion of RNA-binding proteins as units

of translational control. Instead, we view “regulatory modules” as collections of RNA-binding
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proteins that come together for a specific function with its own target regulon. In this retelling of
post-transcriptional control, the same RNA-binding protein can participate in multiple modules
and carry out separate and even divergent functions for independent regulon. This many-to-many
relationship between RNA-binding proteins and regulatory functions necessitates additional layers
of functional annotations that we currently lack. This is the core of the problem we have sought to

tackle in this study.

Our framework provides a generalizable strategy for transitioning from descriptive maps of RNA-
protein interactions to mechanistic models of regulatory modules. Focus on the interactions
between regulons is well suited for studying highly context-dependent regulatory networks, such
as post-transcriptional gene expression regulation. This provides a complementary approach to
efforts based on explanation of an observed phenotype, e.g CRISPRi screens and gene set
enrichment analysis methods. By careful and robust interpretation of regulon relationships and
functions, one can start to create a comprehensive model of gene expression regulation in the cell.

Such approaches should eventually enable engineering of the cellular response to external factors.

MATERIALS AND METHODS

Cell culture

All cells were cultured in a 37°C 5% CO2 humidified incubator. The 293T cells (ATCC CRL-
3216) were cultured in DMEM high-glucose medium supplemented with 10% FBS, glucose (4.5
g/L), L-glutamine (4 mM), sodium pyruvate (1 mM), penicillin (100 units/mL), streptomycin (100
pug/mL) and amphotericin B (1 pg/mL) (Gibco). The K562 cell line was cultured in RPMI-1640

medium supplemented with 10% FBS, glucose (2 g/L), L-glutamine (2 mM), 25 mM HEPES,
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penicillin (100 units/mL), streptomycin (100 pg/mL) and amphotericin B (1 pg/mL) (Gibco). All

cell lines were routinely screened for mycoplasma with a PCR-based assay.

Western blotting

Cell lysates were prepared by lysing cells in ice-cold RIPA buffer (25 mM Tris-HCI pH 7.6, 0.15
M NacCl, 1% IGEPAL CA-630, 1% sodium deoxycholate, 0.1% SDS) containing 1X protease
inhibitors (Thermo Scientific). Lysate was cleared by centrifugation at 20,000 x g for 10 min at
4°C. Samples were denatured for 10 min at 70°C in 1X LDS loading buffer (Invitrogen) and 50
mM DTT. Proteins were separated by SDS-PAGE using 4-12% Bis-Tris NuPAGE gels,
transferred to nitrocellulose (Millipore), blocked using 5% BSA, and probed using target-specific
antibodies. Bound antibodies were detected using dye-conjugated secondary antibodies (Licor)
according to the manufacturer’s instructions. Antibodies: HA (BioLegend 901533), elF31
(BioLegend 646701), beta-tubulin (Proteintech 10094-1-AP), GAPDH (Proteintech 10494-1-

AP).

RNA isolation
Total RNA for RNA-seq and RT-qPCR was isolated using the Zymo QuickRNA isolation kit

with in-column DNase treatment per the manufacturer’s protocol.

RNA-seq
RNA-seq libraries were prepared using SMARTer Stranded Total RNA-Seq Kit v2 - Pico Input

Mammalian (Takara).
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CRISPRi-mediated gene knockdown

K562 cells expressing dCas9-KRAB fusion protein were constructed by lentiviral delivery of
pMHO0006 (Addgene #135448) and FACS isolation of BFP-positive cells.

The lentiviral constructs were co-transfected with pCMV-dR8.91 and pMD2.D plasmids using
TransIT-Lenti (Mirus) into 293T cells, following the manufacturer’s protocol. The virus was
harvested 48 hours post-transfection and passed through a 0.45 pm filter. Target cells were then
transduced overnight with the filtered virus in the presence of 8 ug/mL polybrene (Millipore).
Guide RNA sequences for CRISPRi-mediated gene knockdown were cloned into pCRISPRia-v2
(Addgene #84832) via BstXI-Blpl sites. After transduction with sgRNA lentivirus, K562 cells
were selected with 20 pg/mL blasticidin (Gibco). Knockdown of target genes was assessed by RT-

qPCR as described below.

BioID2-RBP fusion cell line generation

In order to construct the cell lines stably expressing BiolD2-RBP fusion proteins, we first cloned
in an open reading frame of BioID2 enzyme (Kim et al. 2016), followed by a linker and Gateway
LR Clonase cloning site, into the pWPI backbone (Addgene #12254). We then used Gateway LR
Clonase II Enzyme mix (Thermo Fisher) to clone the open reading frames of the RBPs of interest
(from ORFeome cDNA library ) into the destination vector. The lentiviral constructs were co-
transfected with pCMV-dR8.91 and pMD2.D plasmids using NanoFect (ALSTEM) into 293T
cells, following manufacturer’s protocol. The virus was harvested 48 hours post-transfection and
passed through a 0.45 pm filter. K562 cells were then transduced for 2 hours while centrifuging

(800 RPM) with the filtered virus in the presence of 8 pg/mL polybrene (Millipore). Cells were
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selected with 2 pg/mL puromycin for 3 days (Gibco). The expression of the fusion protein was

validated by western blotting.

Biotin treatment and pulldown

The pulldown was performed as described in (Kim et al. 2016). Cells were incubated with biotin-
depleted media (biotin-free RPMI-1640 medium, supplemented with 10% dialyzed FBS, glucose
(2 g/L), L-glutamine (2 mM), 25 mM HEPES, penicillin (100 units/mL), streptomycin (100
ug/mL) and amphotericin B (1 pg/mL) for 72 h before analysis. For BioID2 pulldown, 12 x 10°
cells per replicate were incubated with 50 pM biotin for 24 h. For the negative control samples, 12
x 109 cells per replicate were incubated with DMSO. After three times of PBS wash, the cells were
lysed in 1 ml of lysis buffer containing 50 mM Tris, pH 7.5, 150 mM NaCl, ]| mM EDTA, | mM
EGTA, 1% Triton X-100, 1% Sodium deoxycholate, 0.1% SDS, 1 x Complete protease inhibitor
(Halt Phosphatase Inhibitor Cocktail; Life Technologies), and 250 units benzonase (EMD
millipore). The lysates were passed through a 25G needle 10 times and cleared 10 min at 14,000
g at +4°C. The protein concentration was measured with BCA Protein Assay Kit (Thermo
Scientific); the lysate was diluted to a concentration of 2 ug/mL. 500 pl of lysate was incubated
with 125 ul of Dynabeads (MyOne Streptavidin C1; Life Technologies) overnight with rotation at
+4°C. Beads were collected using a magnetic stand and washed with twice with 2% (wt/vol) SDS,
twice with wash buffer containing 50 mM Tris, pH 7.5, 500 mM NaCl, 1 mM EDTA, 1 mM
EGTA, 1% Triton X-100, 0.1% SDS, twice with wash buffer containing 50 mM Tris, pH 7.5, 150
mM NaCl, 1 mM EDTA, 1 mM EGTA, 1% Triton X-100, 0.1% SDS, then boiled for 5 min in 50
ul of elution buffer containing 2% SDS, 100mM DTT, Tris-HCI pH 7.5. The supernatant was

collected and saved for mass spectrometry analysis.
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Mass spectrometry analysis

Eluted BiolD samples were reduced by the addition of 100 mM DTT and boiling at 95°C for 10
min, before being subjected to Filter Aided Sample Preparation (FASP) (Wisniewski et al., Anal.
Biochem., 2011) to generate tryptic peptides, as described previously (Dermit et al, Dev Cell,
2020). Briefly, samples were diluted 7 fold in UA buffer (§M urea, 100 mM Tris HCI pH 8.5),
transferred to to Vivacon 500 Hydrosart centrifugal filters with a molecular cut-off of 30kDa
(Sartorius), and concentrated by centrifugation at 14,000 g for 15 min. Filters were then washed
twice by addition of 0.2 mL of UA buffer to the filter tops and re-concentrating. Reduced
cysteine residues were then alkylated by addition of 100uL of 50 mM iodoacetamide dissolved
in UA buffer, and incubation at room temperature in the dark for 30 min. The iodoacetamide
solution was then removed by centrifugation at 14,000 g for 10 min, and samples were washed
twice with 0.2 mL of UA buffer as before. Urea was then removed from samples by performing
three washes with 0.2 mL of ABC buffer (0.04 M ammonium bicarbonate). Filters were then
transferred to fresh collection tubes, and proteins were digested by addition of 0.3 pg of MS
grade Trypsin (Sigma-Aldrich) dissolved in 50 pL of ABC buffer, and overnight incubation in a
thermo-mixer at 37°C with gentle shaking (600 rpm). The resulting peptides were eluted from
the filters by centrifugation at 14,000 g for 10 min. Residual remaining peptides were further
eluted by addition of 100 pL. ABC to the filter tops and centrifugation. This was repeated once
and the combined eluates were then dried by vacuum centrifugation (no heating) and
reconstitution in 2% Acetonitrile (ACN), 0.2% Trifluoroacetic acid (TFA), followed by desalting
using C18 StageTips (Rappsilber, et al., Nat Protoc. 2007). The desalted peptides were dried

again by vacuum centrifugation (45°C) and re-suspended in A* buffer (2%ACN, 0.5% Acetic
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acid, 0.1% TFA in water) before LC-MS/MS analysis. 1/3rd of each sample was analyzed on a
Q-Exactive plus Orbitrap mass spectrometer coupled with a nanoflow ultimate 3000 RSL nano
HPLC platform (Thermo Fisher). Samples were resolved at a flow rate of 250 nL/min on an
Easy-Spray 50 cm x 75 um RSLC C18 column with 2 um particle size (Thermo Fisher), using a
123 minutes gradient of 3% to 35% of buffer-B (0.1% formic acid in ACN) against buffer-A
(0.1% formic acid in water), and the separated peptides were infused into the mass spectrometer
by electrospray (1.95 kV spray voltage, 255°C capillary temperature). The mass spectrometer
was operated in data dependent positive mode, with 1 MS scan followed by 15 MS/MS scans
(top 15 method). The scans were acquired in the mass analyser at 375-1500 m/z range, with a
resolution of 70,000 for the MS and 17,500 for the MS/MS scans. A 30 second dynamic

exclusion of fragmented peaks was applied to limit repeated fragmentation of the same ions.

Perturb-seq

Perturb-seq experiment was performed as previously described (Datlinger et al. 2017). Briefly, a
library of 205 sgRNAs (5 non-targeting sgRNAs and 200 sgRNAs targeting 100 genes, 2 sgRNAs
per gene) was ordered as a pooled oligonucleotide library from Twist Bioscience with the
following design:

[ATCTTGTGGAAAGGACGAAACACCG]-[Protospacer Sequence]-
[GTTTTAGAGCTAGAAATAGCAAGTTAAAATAAGGC]

The library was PCR-amplified using Q5 Hot Start High-Fidelity 2X Master Mix (NEB) with the
primers with the following sequences: 5’-ATCTTGTGGAAAGGAC-3° and 5’-
GCCTTATTTTAACTTGCTA-3’. To clone libraries for this vector or CROPseq-Guide-Puro

vector (Addgene 86708), the starting vector was digested with BsmBI following the protocol
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outlined in (Sanjana et al. 2014). The library was cloned into the digested backbone using Gibson
Assembly method (Thomas et al. 2015). The reaction product was transformed into Takara Stellar
competent cells according to manufacturer recommendations, grown overnight in 100 mL LB and
purified using ZymoPURE II Plasmid Midiprep Kit. K562 cells were infected with the plasmid
library at a low multiplicity of infection to minimize double infection. The infected cells were
selected with 2 pg/mL puromycin for 3 days. Live cells were isolated on flow cytometer
(FACSAria II) by propidium iodide staining. Approximately 5000 live cells were captured by 10X
Chromium Controller using Chromium Single Cell 3° Reagent Kits v2. Sample preparation was
performed according to the manufacturer’s protocol. Samples were sequenced on a NovaSeq 6000
using the following configuration: Read 1: 28, 17 index: 8, i5 index: 0, Read 2: 98.

To facilitate sgRNA assignment, sgRNA-containing transcripts were additionally amplified by
PCR reactions by modifying a previously published approach (Hill et al. 2018). The following
primers were used for amplification: 5'-~AATGATACGGCGACCACCGAGATCTACAC-3' and
5'-
CAAGCAGAAGACGGCATACGAGATTACGACAGGTGACTGGAGTTCAGACGTGTGCT
CTTCCGATCTggactatcatatgcttaccgtaacttgaaag-3'. PCR product was cleaned up by 1.0x SPRI
beads (SPRIselect; BECKMAN COULTER; Cat. No. B23317). Samples were sequenced using

paired-end 150 bp sequencing on an Illumina MiSeq sequencer.

Ribosome profiling
Ribosome profiling was performed as previously described (McGlincy and Ingolia 2017). Briefly,
approximately 10x10° cells were lysed in ice-cold polysome buffer (20 mM Tris pH 7.6, 150 mM

NaCl, 5 mM MgCl;, 1 mM DTT, 100 pg/mL cycloheximide) supplemented with 1% v/v Triton
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X-100 and 25 U/mL Turbo DNase (Invitrogen). The lysates were triturated through a 27G needle
and cleared for 10 min at 21,000 x g at 4°C. The RNA concentration in the lysates was determined
with the Qubit RNA HS kit (Thermo). Lysate corresponding to 30 pg RNA was diluted to 200 pl
in polysome buffer and digested with 1.5 ul RNasel (Epicentre) for 45 min at room temperature.

The RNasel was then quenched by 10 pl SUPERaseIN (Thermo).

Monosomes were isolated using MicroSpin S-400 HR (Cytiva) columns, pre-equilibrated with 3
mL polysome buffer per column. 100 pul digested lysate was loaded per column (two columns were
used per 200 pl sample) and centrifuged 2 min at 600 x g. The RNA from the flow-through was
isolated using the Zymo RNA Clean and Concentrator-25 kit. In parallel, total RNA from

undigested lysates was isolated using the same kit.

Ribosome-protected footprints (RPFs) were gel-purified from 15% TBE-Urea gels as 17-35 nt
fragments. RPFs were then end-repaired using T4 PNK (NEB) and pre-adenylated barcoded
linkers were ligated to the RPFs using T4 Rnl2(tr) K227Q (NEB). Unligated linkers were removed
from the reaction by yeast 5’-deadenylase (NEB) and RecJ nuclease (NEB) treatment. RPFs
ligated to barcoded linkers were pooled, and rRNA-depletion was performed using riboPOOLs
(siTOOLs) as per the manufacturer’s recommendations. Linker-ligated RPFs were reverse
transcribed with ProtoScript II RT (NEB) and gel-purified from 15% TBE-Urea gels. cDNA was
then circularized with CircLigase II (Epicentre) and used for library PCR. First, a small-scale
library PCR was run supplemented with 1X SYBR Green and 1X ROX (Thermo) in a qPCR
instrument. Then, a larger scale library PCR was run in a conventional PCR instrument, performing
a number of cycles that resulted in /2 maximum signal intensity during qPCR. Library PCR was
gel-purified from 8% TBE gels and sequenced on a SE50 run on Illumina HiSeq4000 instrument

at UCSF Center for Advanced Technologies.
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SLAM-seq

K562 TAF15 knockdown and control cells were placed into suspension at 1x1076 cells per ImL
per well of a 24-well plate in triplicate the day before the SLAM-seq assay. Approximately 3 hours
before each assay, growth media was replaced with fresh growth media. Newly synthesized RNA
was labeled for 1hr and 3hrs with 4-thiouridine (Sigma-Aldrich T4509-25MG) (Muhar et al. 2018;
Fuchs et al. 2015). Cells were then spun down and washed twice with 1X PBS before being
resuspended in Trizol. RNA was extracted and alkylated using the LEXOGEN SLAMseq Kinetics
Kit - Anabolic Kinetics Module according to the manufacturer's instructions. Library prep was
performed according to the manufacturer's instructions using 300ng of alkylated RNA and the
LEXOGEN 3° mRNA-Seq Library Prep Kit plus the PCR Add-on Kit for Illumina and UMI
Second Strand Synthesis Module for Quant- Seq FWD (Illumina, Read 1). The reverse
transcriptase at this step will introduce a Guanine instead of an Adenine at each alkylated 4-
thiouridine modification. Deep sequencing was performed using the HiSeq4000 platform
(Illumina) at the UCSF Center for Advanced Technologies. Nascent transcripts were distinguished

from existing transcripts by identifying Thymine to Cytosine transitions.

ATAC-seq

The assay for transposase-accessible chromatin using sequencing (ATAC-seq) was performed
according to the optimized Omni-ATAC protocol (Corces et al. 2017; Grandi et al. 2022). Briefly,
samples containing 50,000 cells as input were pelleted, lysed, washed, and re-pelleted using the
lysis and wash buffers specified in the Omni-ATAC protocol. A transposition mix containing Tn5
was then added to the samples and the transposition reaction was carried out for 30 minutes at 37C

in a thermomixer with 1000 rpm mixing. After transposition, the transposed DNA was purified
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using the DNA Clean & Concentrator-5 Kit (Zymo Research, cat. no. D4014). The samples
underwent two PCR steps. First a pre-amplification was performed for 3 cycles to attach unique
barcode adapters to the transposed DNA. The concentration of each pre-amplified sample was
quantified via qPCR using the NEBNext Library Quant Kit (New England Biolabs, cat. no.
E7630). Afterward, samples underwent a second PCR amplification step to obtain the desired
DNA concentration of 8 nM in 20 ul. DNA cleanup and qPCR quantification were performed
again, and final libraries were diluted down to 8 nM using sterile water. Samples were sequenced

using paired-end 75 bp sequencing on an Illumina NextSeq sequencer.

ChIP-gPCR

ChIP-gPCR was performed as described in (Rossi et al. 2018).

Human chronic myelogenous leukemia K562 cells were grown at 37 °C and 5% CO2 in RPMI-
1640 medium supplemented with 10% FBS, glucose (2 g/L), L-glutamine (2 mM), 25 mM HEPES,
penicillin (100 units/mL), streptomycin (100 pug/mL) and amphotericin B (1 pg/mL) (Gibco). 20
million cells per sample were washed with PBS, pelleted, and cross-linked with 1%
paraformaldehyde for 10 minutes at room temperature. Glycine at a final concentration of 125mM
was added to the samples and incubated at room temperature for 5 minutes to quench the
paraformaldehyde. Samples were washed with PBS, pelleted, flash-frozen, and stored at -80.
Samples were thawed, lysed in 200 pl Membrane Lysis Buffer (10 mM Tris-HCI pH 8.0, 10 mM
NaCl, 0.5% IGEPAL CA-630, 1X protease inhibitors), and incubated on ice for 10 minutes.
Samples were centrifuged at 4°C at 2500 g for 5 minutes, resuspended in 200 pl Nuclei Lysis
Buffer (50 mM Tris pH 8.0, 10 mM EDTA, 0.32% SDS, 1X protease inhibitors), and incubated

on ice for 10 minutes. 120 pl of IP Dilution Buffer (20 mM Tris-HCI pH 8.0, 2 mM EDTA, 150
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mM NaCl, 1% Triton X-100, 1X protease inhibitors) was added to the samples, and the samples
were sonicated using the Bioruptor UCD-200 sonicator for 7 minutes with 30 second on/off
intervals for a total of 3 times. Samples were centrifuged to clear the lysate, and the supernatant
containing the chromatin was stored at -80.

230 pl IP Dilution Buffer was added to 270 ul chromatin along with 3 pg ZNF800 or QKI antibody
or same species IgG, and the samples were incubated overnight at 4°C. The next day, the ChIP
samples were spun down and the supernatant was transferred onto 20 pl of washed Protein A/G
beads (Pierce). Samples were incubated for 2 hours at 4°C.

The ChIP material was washed once with 500 pul of cold FA lysis low salt buffer (50 mM Hepes-
KOH pH 7.5, 150 mM NaCl, 2 mM EDTA, 1% Triton-X 100, 0.1% sodium deoxycholate), twice
with cold NaCl high salt buffer (50 mM Hepes-KOH pH 7.5, 500 mM NaCl, 2 mM EDTA, 1%
Triton-X 100, 0.1% sodium deoxycholate), once with cold LiCL buffer (100 mM Tris-HCI pH 8.0,
500 mM LiCl, 1% IGEPAL CA-630, 1% sodium deoxycholate), and twice with cold 10 mM Tris
1 mM EDTA pH 8.0. Samples were eluted in 300 ul of Proteinase K reaction mix (20 mM Tris
pH 8, 300 mM NaCl, 10 mM EDTA, 5 mM EGTA, 1% SDS, 60 pg Proteinase K) and incubated
at 65°C for 1 hour. The supernatant was transferred to phase lock tubes (VWR), purified via phenol
chloroform extraction, and eluted in 30 ul 10 mM Tris pH 8.0.

qPCR was performed using PerfeCTa SYBR Green SuperMix (QuantaBio) per the manufacturer’s

instructions. HPRT1 was used as endogenous control.

Reanalysis of enhanced CLIP ENCODE data

To reliably identify RNA targets of RBPs in K562 cells, we started with the raw eCLIP FASTQ

files of 'released' K562 experiments for 120 RBPs that were available in the ENCODE database.
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The analysis was performed as follows: (1) the reads were preprocessed in the same way as in
(Van Nostrand et al. 2016), including adapter trimming with cutadapt (v1.18) (Martin 2011), (2)
preprocessed reads were mapped to the hg38 genome assembly with GENCODE v3l1
comprehensive annotation using hisat2 (v.2.1.0) (Kim et al. 2019), (3) the aligned reads were
deduplicated using the barcodecollapsepe.py script
(https://github.com/YeoLab/eclip/tree/master/bin) as in (Van Nostrand et al. 2016), (4) properly
paired and uniquely mapped second reads were extracted using samtools (v.1.9, with -f 131 -q 60
parameters) (Li et al. 2009), (5) gene-level read counts were obtained with plastid (v.0.4.8) by
counting 5' ends of the reads (Dunn and Weissman 2016), (6) analysis of specific enrichment
against size-matched control experiments was performed with edgeR (v.3.18.1) for each RBP
separately, considering only genes passing 2 cpm in at least 2 of 3 samples (Robinson et al. 2010).
Reliable RNA targets of each RBP were defined as those passing 5% FDR and logz(Fold Change)
> 0.5. eCLIP target scores (TSs) used in datasets integration were estimated as -logio(p-

values)*sign(logFC) for every RBP-gene pair separately.

Gene set enrichment analysis of RBP RNA targets

A joint set of 22471 genes detected at 2 cpm in at least two samples of one eCLIP experiment was
used as the background for further analysis. RBPs preferences to bind RNAs of a particular type
were assessed using one-sided Fisher’s exact test. The following types of RNAs were selected
based upon GENCODE annotation: miRNA, IncRNA, protein_coding, snRNA, snoRNA, rRNA.
For each RBP separately, the P-values were adjusted for multiple testing using FDR correction for

the number of tested RNA types.
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GO enrichment analysis of ZNF800 and QKI targets (according to eCLIP or ATAC-seq) was
performed with goana function from limma package (v.3.42.2) and the resulting P-values were
FDR-adjusted for the total number of tested GO terms (Ritchie et al. 2015). 15253 eCLIP-
detectable genes with Entrez IDs provided in the GENCODE annotation were considered as the
background. Visualization of the eCLIP, RNA-seq, and ATAC-seq profiles generated using
bedtools genomecov (v.2.27.1) was performed with svist4get (v.1.2.24) (Quinlan and Hall 2010;

Egorov et al. 2019).

Functional annotation of RBPs

To annotate the RBPs based upon preys identified in BiolD experiments, target scores (TSs) were
estimated as -logio(P-value)*sign(log-FoldChange) for every bait-prey pair separately. Next, for
each prey, TSs were converted to Z-scores by estimating mean and average across baits. The preys
were ranked by Z-scores and Fgsea R package (v.1.12.0) was applied to perform gene set
enrichment analysis with 100000 permutations and three GO terms annotation sets (BP, MF, and
CC, each taken separately) (Korotkevich et al. 2021). The annotation sets were generated with the
go.gsets function of gage R package (v.2.36.0) (Luo et al. 2009). Lists of 2865 Entrez ids of preys
were used in fgsea analysis for each RBP of the total set of fifty. GO terms with NES > 2 for at
least one RBP were considered when plotting Figure 3 and Figure S3 (related GO terms were
merged manually), negative NES were zeroed for clarity and easier interpretability of the
consequent clusterization, see complete data in Table S3). Ward.D2 clusterization along with
cosine distance (1 - cosine similarity) were used to generate the heatmaps using the heatmap.2

function of the gplots R package (v.3.1.1) (Warnes et al. 2009).
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To check the consistency between predicted and known RBP annotations, the same procedure was
performed excluding the Z-scoring step to avoid penalizing common generic GO terms e.g.
“organelle”, “cell”, etc. The resulting GSEA P-values and NESs were used to calculate the <RPB,
GO term> scores as -logio(P-value)*sign(log-FoldChange) for each RBP and GO term separately.
RBPs’ “true” annotations were extracted from the same GO BP, CC, or MF annotation set as used
in GSEA. Finally, all data were merged to generate the ROC curve with PRROC (v.1.3.1)

roc.curve function (Grau et al. 2015).

Dataset integration

The functional similarity of RBPs was estimated by joint analysis of eCLIP, BiolD, and Perturb-
seq data (Figure 1, Figure S1). First, TS Z-scores were calculated for every gene across RBPs
separately for each type of experimental data (eCLIP, BiolD, or Perturb-seq) in the same way as
preys of the BiolD data, see above and Figure S1a. Next, cosine distance was computed for all
7140 pairs of different RBPs followed by ranking and calculation of empirical P-values defined as
a fraction of RBP pairs with the cosine distance less than the score of the tested pair, see Figure
S1b. The empirical P-values were aggregated with /ogifp function from the metap R package
(v.1.4), see Figure Slc and S1d, raw (non-aggregated) P-values were used for the RBP pairs
assessed in a single type of experiment (George and Mudholkar 1983). Heatmap.2 function of the
gplots R package (v.3.1.1) with cosine distance and Ward’s (ward.D?2) clusterization was used to
generate the integration heatmap shown in Figure 2.

STRING-based RBP interaction heatmap was generated using protein links’ combined scores
(STRING v.11.5) and the same RBP clusterization received from the integration procedure

(Szklarczyk et al. 2018).
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Alternative splicing events analysis

RNA-seq data was processed as follows: (1) to fulfill MISO requirements (see below), the reads
obtained with different sequencing lengths were truncated to 75bps with cutadapt (v.2.10) -/
option, (2) the truncated reads were mapped to the human hg38 genome assembly with GENCODE
v38 comprehensive gene annotation using STAR (v.2.7.9) with options --
outFilterScoreMinOverLread and --outFilterMatchNminOverLread both set to 0.25 (Dobin et al.
2013), (3) non-unique alignment were filtered and the replicates were merged, (4) the insert size
distribution was estimated for each merged bam file separately using pe utils —compute-insert-len
from MISO (v.0.5.4), constitutive exons were retrieved using exon_utils with --get-const-exons
and --min-exon-size 1000 (Katz et al. 2010), (5) alternative splicing events were identified using
miso --run with --read-len set to 75 and --paired-end set to the previously estimated insert size

parameters. For clarity, only cases with non-zero counts are shown in Figure 4.

Ribosome profiling analysis

To process the reads, the Ribo-seq reads were first trimmed using cutadapt (v2.3) to remove the
linker sequence AGATCGGAAGAGCAC. The fastx barcode splitter script from the Fastx
toolkit was then used to split the samples based on their barcodes. Since the reads contain unique
molecular identifiers (UMIs), they were collapsed to retain only unique reads. The UMIs were
then removed from the beginning and end of each read (2 and 5 N, respectively) and appended to
the name of each read. Bowtie2 (v2.3.5) was then used to remove reads that map to ribosomal

RNAs and tRNAs, and the remainder of reads were then aligned to mRNAs (we used the isoform
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with the longest coding sequence for each gene as the representative). Subsequent to alignment,
umitools (v0.3.3) was used to deduplicate reads.

The adapters in the sequencing reads are removed using cutadapt with options ‘--trimmed-only -
m 15 -a AGATCGGAAGAGCAC ’. The PCR duplicates in the reads were collapsed using
CLIPflexR v0.1.19. The Unique Molecule Identifiers (UMIs) for each read are extracted using
umi_tools v1.1.1 with the options 'extract --bc-pattern=NN' for the 5' end and options 'extract --
3prime --be-pattern=NNNNN' for the 3' end.

Reads corresponding to rRNA and other non-nuclear mRNA are removed by aligning out the reads
using Bowtie2 on a depletion reference (rRNA, tRNA and mitochondrial RNA sequences). This
depletion reference was built from a non-coding transcriptome for Mus musculus (Ensembl release
v96). The reads that did not align to the depletion reference are aligned to the Mus Musculus
mRNA transcriptome using Bowtie2 with options '--sensitive --end-to-end --norc'. The mRNA
transcriptome was built using the cDNA longest CDS reads of Mus Musculus downloaded from
Ensembl release v96. The resulting reads were converted to bam files and then sorted using
samtools v1.11. The duplicate reads in the sorted files were removed using umi_tools v1.1.1 with
options 'dedup'.

The quality check and downstream processing of the processed reads was performed using Ribolog
v0.0.0.9 (Navickas et al. 2021). To distinguish stalling peaks from stochastic sequencing artifacts,
we followed a multi-step procedure. We calculated P-site offsets and identified the codon at the
ribosomal A-site for each RPF read using the riboWaltz package. A loess smoother was used to
de-noise codon-wise RPF counts. The loess span parameter varied depending on the transcript
length and allowed borrowing information from approximately 5 codons on either side of the A-

site. We calculated an excess ratio at each codon position by dividing the loess-smoothed count by
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the transcript’s background translation level (median of no-zero loess-smoothed counts). After
median normalization of the corrected counts and removal of transcripts with 0 counts, the

translational efficiency testing was performed using logistic regression in Ribolog.

SLAM-seq analysis

The SLAM-seq reads were aligned to an hg38 reference using salmon to obtain the gene counts.
The reads were then used to produce a special reference of the sequences present in the data. This
allows us to re-align the data to a targeted reference. The targeted alignments were then processed
using samtools mpileup to obtain the pileup of certain nucleotides for each genomic position. The
pileups were then used to count the number of C and T nucleotides. The genomic positions with
very low C and T counts were filtered out. The C and T counts were then modeled against the gene
counts to analyze the differential expression of relative C and T ratios using DESeq2. The relative

measures were then used to calculate the half-life of the transcripts.

Perturb-seq analysis

Cell Ranger (version 3.0.1, 10X Genomics) with default parameters was used to align reads and
generate digital expression matrices from single-cell sequencing data. To assign cell genotypes, a
bwa reference (Li and Durbin 2009) database was created containing all guide sequences present
in the library using bwa index command. The barcode-enrichment libraries were mapped to this
database to establish the guide identities; to detect the cell barcodes, the barcode correction scheme
used in Cell Ranger was used (the mapping of uncorrected to corrected barcodes was extracted
from Cell Ranger analysis run of the whole transcriptome libraries; this mapping was then applied

to the reads of barcode-enrichment libraries). UMI correction was performed by merging the UMIs
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within the hamming distance of 1 from each other. For each UMI, the guide assignment was done
by choosing the guide sequence most represented among the reads containing the given UMI. To
make the final assignment of a guide to cell barcodes, we only considered the barcodes that were
represented by at least 5 different UMIs, with >80% UMIs representing the same guide.

Data filtering was performed using scanpy package (Wolf et al. 2018). Data were denoised using
a modification of scvi autoencoder (Gayoso et al. 2022) with loss function penalizing for the
similarity between cells having different RBPs knocked down. The distance between
transcriptome profiles of individual RBP knockdowns was calculated by applying the t-test to

individual gene counts across the cells that were assigned the respective guide sequence.

MS data analysis (BiolD2 mass spectrometry data)

Data were quantified and queried against a Uniprot human database (January 2013) using
MaxQuant MaxLFQ command (Cox et al. 2014). Data normalization was performed in Perseus
(Tyanova et al. 2016) (version 1.6.2.1). For batch correction, Brent Pedersen’s implementation
(Pedersen ) of ComBat function from sva package (Leek et al. 2012) was used. The protein
abundances in “experiment” (biotin +) and “control” (biotin -) samples were compared using t-

test for each protein individually.

ATAC-seq analysis
ENCODE ATAC-seq pipeline (Lee et al. 2016) with default parameters was used for sequencing
data processing and analysis. The differentially accessible peaks were identified with DESeq2

package (Love et al. 2014) and annotated with ChIPseeker package (Yu et al. 2015).
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MS data analysis (TAF15 KD proteomic quantification)

Quantitative analysis of the TMT experiments was performed simultaneously to protein
identification using Proteome Discoverer 2.5 software. The precursor and fragment ion mass
tolerances were set to 10 ppm, 0.6 Da, respectively), enzyme was Trypsin with a maximum of 2
missed cleavages and Uniprot Human proteome FASTA file and common contaminant FASTA
file used in SEQUEST searches. The impurity correction factors obtained from Thermo Fisher
Scientific for each kit was included in the search and quantification. The following settings were
used to search the data; dynamic modifications; Oxidation / +15.995Da (M), Deamidated /
+0.984 Da (N, Q), Acetylation /+42.011 Da (N-terminus) and static modifications of TMT6plex /
+229.163 Da (N-Terminus, K), MMTS / +45.988 Da (C).

Scaffold Q+ (version Scaffold 5.0.1, Proteome Software Inc., Portland, OR) was used to
quantitate TMT Based Quantitation peptide and protein identifications. Peptide identifications
were accepted if they could be established at greater than 78.0% probability to achieve an FDR
less than 1.0% by the Percolator posterior error probability calculation (Kall et al. 2008). Protein
identifications were accepted if they could be established at greater than 5.0% probability to
achieve an FDR less than 1.0% and contained at least 1 identified peptides. Protein probabilities
were assigned by the Protein Prophet algorithm (Nesvizhskii et al. 2003). Proteins that contained
similar peptides and could not be differentiated based on MS/MS analysis alone were grouped to
satisty the principles of parsimony. Proteins sharing significant peptide evidence were grouped
into clusters. Channels were corrected by the matrix [0.000,0.000,0.931,0.0689,0.000];
[0.000,0.000,0.933,0.0672,0.000]; [0.000,0.00750,0.931,0.0619,0.000];
[0.000,0.0113,0.929,0.0593,0.0007; [0.000,0.0121,0.934,0.0532,0.000934];

[0.000,0.0148,0.923,0.0499,0.0120]; [0.000,0.0251,0.931,0.0438,0.000];
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[0.000,0.0206,0.936,0.0431,0.000]; [0.000,0.0291,0.937,0.0337,0.000];
[0.000,0.0776,0.892,0.0303,0.000] in all samples according to the algorithm described in i-
Tracker (Shadforth et al. 2005). Normalization was performed iteratively (across samples and
spectra) on intensities, as described in Statistical Analysis of Relative Labeled Mass
Spectrometry Data from Complex Samples Using ANOVA (Oberg et al. 2008). Means were
used for averaging. Spectra data were log-transformed, pruned of those matched to multiple
proteins, and weighted by an adaptive intensity weighting algorithm. Of 22889 spectra in the
experiment at the given thresholds, 20372 (89%) were included in quantitation. Differentially
expressed proteins were determined by applying T-Test with unadjusted significance level p <

0.05 corrected by Benjamini-Hochberg.
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Chapter 2: a systematic search for RNA structural switches across the

human transcriptome

INTRODUCTION

Gene expression is regulated at the RNA level in all kingdoms of life. The two oldest groups of
RNA-based regulatory mechanisms are ribozymes (catalytically active RNA molecules) and RNA
structural switches (or riboswitches). RNA switches are regulatory elements that control gene
expression by direct binding of a small-molecule ligand or other trans-acting factor. In bacteria,
RNA switches are one of the most widely observed mechanisms for gene expression control.
Classic bacterial riboswitches bind small molecule ligands directly, inducing a conformational
change, leading to modulation of expression of the host transcript (Serganov and Nudler 2013).
While such ligand-binding riboswitches have not been observed in higher eukaryotes, examples
of protein-dependent RNA switches have been described (Liu et al. 2015) (Ray et al. 2009). Given
the paucity of such examples, it is unclear how widely this regulatory mechanism impacts gene
expression in higher eukaryotes. To address this, we introduce a systematic approach for the

identification of RNA structural switches across large transcriptomes.

While several RNA switch detection software packages have been developed, most identify new
switch sequences based on their homology to one of the 40 known RNA switch families (Kalvari
et al. 2021). Several tools for de novo discovery of RNA switches have been developed; however,
their predictions often lack experimental verification of both structure and function (Barsacchi et

al. 2016; Manzourolajdad and Arnold 2015). Therefore, there is a need for scalable methods of
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detecting eukaryotic RNA switches and assessing the extent to which they carry out regulatory

functions in gene expression control.

Here, we describe a platform for the systematic discovery and characterization of RNA structural
switches across transcriptomes of interest. Our approach relies on integrating multiple
computational and experimental methods, where RNA switches are first predicted in silico, then
functionally characterized in vivo, which in turn informs the next iteration of in silico predictions.
First, we developed a computational model for de novo RNA switch detection, named SwFinder.
We showed that SwFinder identifies RNA switches from novel families with higher accuracy than
the existing models. We applied SwFinder to the human transcriptome to select putative RNA
switches. We then used massively parallel assays in vivo to interrogate both the structure and
function of these candidate elements en masse. By iteratively improving the SwFinder predictions
with experimental data, we reported ~250 high-confidence and functional RNA structural
switches. We then selected the top scoring switch, located in the 3’UTR of the RORC transcript,
for further analysis and dissection. We used DMS-MaPseq structural probing and single-particle
cryogenic electron microscopy (cryo-EM) to confirm that the predicted switch populates alternate
molecular conformations. We then performed a genome-wide CRISPRi screen, which revealed
that only one of these conformations reduces gene expression through activation of the non-
canonical nonsense-mediated decay (NMD) pathway. Taken together, our framework provides
new insights into the role of RNA structural switches in shaping the transcriptome in human cells
and outlines a broader approach for future characterization of RNA switches regulating eukaryotic

gene expression control across cell types.
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RESULTS

Systematic annotation of human RNA structural switches

Our first goal was to identify RNA sequences that can exist in two secondary structural
conformations. For this, we developed SwFinder, a tool that predicts whether an RNA sequence
contains putative RNA structural switches. We designed SwFinder to satisfy several criteria: first,
it should predict if a given RNA sequence contains a potential RNA switch and suggest the two
mutually exclusive folding conformations (examples shown in Fig 1A, Suppl. Fig 1A). Secondly,
it should be able to effectively capture a more generalizable definition of RNA switches in order
to find instances beyond the 40 known RNA switch families (Kalvari et al. 2021). Thirdly, it should
allow for seamless integration of experimental data to improve predictions. This is especially
important as mRNA secondary structure in the cell is shown to be highly dynamic (Mortimer,
Kidwell, and Doudna 2014) and compartment-dependent (Sun et al. 2019); therefore, the

predictions can be greatly improved with in vivo secondary structure probing data.

To discover new families of RNA switches, we aimed to design an approach that does not rely on
known sequence motifs, which has been the case for most published software (Wheeler and Eddy
2013; Nawrocki and Eddy 2013; Bengert and Dandekar 2004; Abreu-Goodger and Merino 2005;
Chang et al. 2009; Mukherjee and Sengupta 2016). Instead, SwFinder uses the sequence to
generate an ensemble of secondary structures and their corresponding energy landscape using the
Boltzmann ensemble concept (Ding and Lawrence 2003). It then prioritizes those sequences that
show RNA switch-like features, such as having two local minima in close proximity with a

relatively small barrier in between (Fig. 2.1B). This approach ensures that RNA switches are
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described in a generalizable and family-agnostic way. We demonstrated this point by holding
individual Rfam families out of the training set and testing whether SwFinder would predict the
switches correctly (Fig. 2.1C). We observed high performance metrics across all held-out families
as measured by the Area Under the Receiver Operating Characteristic curve (AUROC) values
(Fig. 2.1D). We further compared the performance of SwFinder to SwiSpot, the state-of-the-art
method for family-agnostic riboswitch prediction (Barsacchi et al. 2016), and observed significant
improvement of performance across most RNA switch families (Fig. 2.1E). By relying on
biophysical features of the folding energy landscape as opposed to sequence features, SwFinder

captures a wider variety of RNA switches compared to the existing methods.
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Figure 2.1: SwFinder identifies candidate RNA switches in the human genome
(A) Example of SwFinder locating the RNA switch within the VEGFA mRNA sequence. Top:
arc representation of the RNA base pairs that change between the two conformations of VEGFA
RNA switch, as in (Ray et al. 2009). The two conformations are shown in red and blue,
respectively. Bottom: the two conformations of the VEGFA RNA switch as predicted by
SwFinder. Middle: SwFinder score reflecting the likelihood of a given nucleotide to be involved
in two mutually exclusive base pairings.

(B) Scheme of SwFinder model

(C) The setup for evaluating the ability of a model to find RNA switches from novel families

(D) ROC curves of SwFinder predictions of RNA switches from the common RFAM families
(E) AUC values of RNA switch predictions across the RFAM families for two models: SwFinder
and SwiSpot (Barsacchi et al. 2016). Each dot represents one RFAM family. The lines show the
change in accuracy between the two models. The families that have higher AUC values for
SwFinder are shown with blue lines; the ones that have higher AUC values for SwiSpot are
shown in red.

In addition to primary sequence, we use RNA secondary structure probing data, when available,
to improve SwFinder predictions by updating the energy terms of the model. Eukaryotic genomes
are large, therefore the models for RNA structural element prediction have to show very high
specificity. Such specificity is difficult to reach by relying on in silico RNA folding alone, since
RNAs can fold differently depending on the cell state (Beaudoin et al. 2018). However, it is
possible to achieve higher specificity if the RNA secondary structure is first probed in vivo and the
model is then guided by this data. Therefore, we designed SwFinder to have an option to update
the energy landscape based on RNA secondary structure data (see Methods). SwFinder can use
two approaches for modeling the RNA folding energy landscape, relying either on in silico RNA

folding tools alone, or in tandem with experimental RNA secondary structure probing via methods

like SHAPE-seq or DMS-MaPseq (REFS).

We used this functionality of SwFinder to improve our RNA switch predictions iteratively. First,
we applied the SwFinder model, using the naive in silico folding, to the entirety of the 3’

untranslated regions (3’UTR) of the human transcriptome, and chose the top set of 3,750 top
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candidate switches (of the length <= 186 nucleotides) as putative elements. We then performed
RNA secondary structure probing for 3,750 candidate RNA switches in vivo using DMS-MaPseq
applied to a massively parallel reporter system. We used the resulting data to improve the initial
SwFinder predictions. We then carried forward the top 1,454 high-confidence RNA structural
switches from the second round of predictions for further functional and biochemical validation in

vivo (Fig. 2.2A).
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Figure 2.2: Massively parallel reporter assay captures the functional
difference between the conformations of candidate RNA switches

(A) Overview of the platform for RNA switch identification

(B) Examples of regulatory elements identified by Functional Screen. Each row represents a
single candidate RNA switch, each column represents a single bin defined by the reporter gene
expression (eGFP fluorescence, normalized by mCherry fluorescence). The value in each cell is
the relative abundance of the given RNA switch in the given bin, normalized across the 8§ bins.
The three plots show examples of candidate switches with repressive, neutral, and activating
effects on gene expression. The plots below show cumulative abundances across all the
candidate switches within each group.

(C) The setup of the Conformation Expression Change Screen. For each candidate RNA switch,
we design 4 mutated sequence variants. Two of them lock the switch into the conformation 1,
and the other two lock it in the conformation 2. A sequence library is then generated, where each
candidate RNA switch is represented by the 4 mutated sequence variants, along with the wild
type sequence.

(D) Example of a high-confidence candidate RNA switch identified by the Conformation
Expression Change Screen. Bottom: two alternative conformations as predicted by SwFinder.
The RNA secondary structure probing data collected with the Structure Screen is shown in color.
Top: the effect of the candidate RNA switch locked in one or another conformation on reporter
gene expression. Each column corresponds to a single sequence variation that locks the RNA
switch in one of the two conformations.

Discovery of RNA switches with regulatory function in the human transcriptome

In order to identify the RNA switches that are both functional and structurally bistable in the cell,
we performed two high-throughput in vivo screens, which we have named the Structure Screen
and the Functional Screen, respectively. The Structure Screen differentiates the RNAs that exist
as an ensemble of two mutually exclusive conformations from those that reside only in a single
conformation. The Functional Screen measures the effect of candidate RNA switches on the
expression of a reporter gene. Integrating data from the two screens allowed us to identify the

putative RNA switches that are regulatory active and act as switches in vivo.
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Large-scale RNA secondary structure probing for improved RNA structural switch

predictions

In order to improve the SwFinder predictions of RNA switches, we performed an in vivo RNA
Structure Screen, where we probed the secondary structure of 3,750 candidate switches in vivo
using DMS-MaPseq (Zubradt et al. 2017). DMS preferentially modifies unpaired nucleotides
resulting in substitutions during the reverse transcription process. Once the cDNA library is
sequenced, the substitution frequency at a given position provides an estimate of nucleotide
accessibility. Paired nucleotides typically have lower accessibility values compared to unpaired
nucleotides. We applied this method to cells expressing the library of candidate RNA switches,
enabling pooled and targeted accessibility measurement with single-nucleotides resolution across

all 3,750 candidate RNA switches.

We used the Structure Screen data to identify bi-stable RNA structures. DMS-MaPseq measures
the base reactivities of adenines and cytosines across all the coexisting RNA conformations in
vivo. The reactivity of a single nucleotide is a population average of multiple RNA molecules that
represent different minima in the RNA folding conformation ensemble. If one conformation
dominates within the ensemble, it dominates the DMS-MaPseq reactivity profile; however, if
multiple conformations co-exist, they all contribute to the reactivity profile (Morandi et al. 2021;
Tomezsko et al. 2020). SwFinder exploits this difference to find the RNA switches that coexist in
a balanced state between the two conformations. Therefore, SwFinder, informed by nucleotide
accessibility data, predicts not just the RNAs with the potential to act as RNA switches, but rather

the RN As that do act as RNA switches in vivo.
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Massively parallel reporter assays identify regulatory RNA structural switches

We next sought to explore the potential role of the identified RNA switches in regulating gene
expression. We implemented a massively parallel reporter assay (MPRA) to functionally
interrogate RNA switches in vivo (Functional Screen). For this, we tested whether a given RNA
switch placed in a 3> UTR can affect expression of its host mRNA ( in this case the eGFP ORF),
compared to a control scrambled sequence. We cloned a library of 3,750 candidate RNA switch
sequences into a dual eGFP-mCherry fluorescent reporter vector, directly downstream of the eGFP
ORF. We used eGFP fluorescence to measure the effect of candidate RNA switches on gene
expression, and we used mCherry fluorescence as an endogenous control. We transduced HEK293
cells with this synthetic library, used flow-cytometry to sort cells by eGFP/mCherry expression
ratio, and sequenced the genomic DNA and RNA from the resulting eight pools of cells (see
Methods). Of the candidate RNA switches tested, 536 (14%) showed significant downregulation
relative to their scrambled control, and 538 (14%) showed a significant upregulation. We have

included representative candidates with repressive, neutral, or activating function in Fig. 2.2B.

To annotate a high-confidence set of RNA switches with regulatory potential in the human
transcriptome, we performed a second iteration of SwFinder predictions, guided by the in vivo
RNA structure probing data. To test the performance of this procedure, we compared the fraction
of regulatory active candidate RNA switches among the first and the second iterations of SwFinder
prediction, using the Functional Screen data. We observed a higher fraction of regulatory active
RNA switches among the second iteration of SwFinder predictions compared to the first iteration
(16% up- and 16% down- regulation versus 14% up- and 14% down- regulation). This supports

the hypothesis that incorporating the in vivo RNA structure probing data improves its performance.
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We then integrated the high-confidence RNA switches with the massively parallel reporter data.
Together these analyses resulted in 1,454 elements that were significant in both screens (see

methods).

Massively parallel mutagenesis analysis identifies conformation-specific RNA switch
activities

Having identified the candidate RNA switches that affect gene expression, we aimed to assess the
degree to which the two stable conformations show divergent regulatory function. For this, we
extended our MPRA to include targeted mutations designed to shift the equilibrium between the
two conformations of each riboswitch. This additional screen allowed us to identify bona fide RNA
switches with strong conformation-dependent activity. Starting with the 1,454 high-confidence
RNA switches described above, we engineered mutated variants that would lock RNA switches in
one of their two predicted conformations. This was achieved by either disrupting or strengthening
conformation-specific stem loops. We then performed a massively parallel reporter assay in which
each candidate RNA switch was represented by four additional conformation-specific variants
(i.e., two vs. two) (Fig. 2.2C). We observed a total of 245 RNA switches that differentially
regulated reporter gene expression when locked in a specific structural conformation. An example
candidate switch (located in the 3°UTR of TCF7) is shown in Fig. 2.2D. The TCF7 RNA switch
landscape has two local minima, corresponding to two alternative conformations supported by in
vivo DMS-MaPseq data (Fig. 2.2D, right). Two mutations in different parts of the switch sequence
that disfavor conformation 2 resulted in lower expression of the eGFP reporter. Conversely, two
mutations that disfavor conformation 1 increased eGFP expression. This observation indicates that

the two conformations of the TCF7 RNA switch elicit divergent regulatory functions.
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Describing a bi-stable RNA switch in the 3’UTR of RORC

Among the hundreds of conformation-specific RNA switches, we chose the top performing
element for further analysis. This RNA switch is located in the 3’UTR of the RORC mRNA.
SwFinder predicted a bistable secondary structure for this sequence (Fig. 2.3A). In this RNA
switch, the 5' region can pair either with the 3° or with the middle region, leading to two mutually
exclusive conformations (Fig. 2.3A). Our measurements indicate that this RNA switch exists in an
equilibrium state between the two conformations in vivo, and that these two conformations have

different effects on the expression of RORC.

In order to further confirm that the RORC RNA switch exists as an ensemble of two conformations,
we performed targeted mutagenesis experiments and used in vitro RNA SHAPE as the read-out.
We designed mutation-rescue pairs of sequences that first shift the equilibrium towards one
conformation (mutation), and then shift it towards the other conformation (rescue) (Fig. 2.3B,
Suppl. Table 1). We then measured the accessibility of individual nucleotides using the in vitro
SHAPE assay (Fig. 2.3C). We observed that mutating the 3’ region (117-AC), which is expected
to stabilize conformation 2, reduced 1M7 accessibility of the middle region. Conversely, the rescue
mutation (65-GT,117-AC) of the 5' region restored its wild-type accessibility (Fig. 2.3C).
Complementary experiments using the mutation (77-GA) to stabilize conformation 1, and the
rescue mutation (63-TC,77-GA) to stabilize conformation 2, had a similar outcome. Even though
we did not observe a significant decrease in accessibility of the 3’ region upon the 77-GA mutation,
the rescue significantly increased its accessibility (Fig. 2.3C). These findings support the role of
the three highlighted regions in forming an ensemble of states in which the middle and the 3’

region compete for base pairing to the 5' region.
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To extend our in vitro observations to living cells, we performed high-coverage DMS-MaPseq of
the RORC switch. We used a DMS concentration sufficient to cause multiple modifications to the
same RNA molecule. This enabled us to cluster reads originating from alternative secondary
structures using a state-of-the-art unsupervised computational approach, named DRACO (Morandi
et al. 2021). In both biological replicates, DRACO identified two clusters, each representing one
of the two conformations, at the approximate ratio of 27% to 73% (Fig. 2.3D).

To confirm that the DRACO clusters truly represent distinct tertiary structures, we applied single-
particle cryo-EM to the wild-type RORC RNA switch, as well as the conformation 1 mutant (77-
GA) and the conformation 2 mutant (117-AC). Particles from wild-type RORC RNA separate into
three structural classes labeled A, B, and C, with the Class B structure absent in the (77-GA), and
Class A absent in (117-AC) (Fig. 2.4A). The Class B structure represents Conformation 2, while
Class A represents Conformation 1. Interestingly, Class C is present in all three datasets and may

represent a folding intermediate lacking the tertiary interactions made by nucleotides 77 and 117.
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Figure 2.3: A fragment of RORC 3’UTR forms an ensemble of two alternative
structures

(A) Arc representation of the two alternative conformations of the RORC RNA switch as
predicted by SwFinder. The two conformations are shown in blue and red, respectively. The 3
switching regions are color coded: the 5' region is shown in orange, the middle region - in gray,
and the 3’ region - in purple. Middle: SwFinder score reflecting the likelihood of a given
nucleotide to be involved in two mutually exclusive base pairings. Left: the schematic
representations of the two conformations, as used throughout the article.

(B) The setup of mutation-rescue experiments. The 3 switching regions are color coded as in (A).
A-U and C-G base pairing is shown with compatible shapes (triangle and half-circle). The two
conformations of the switch reside in the equilibrium state. Mutation of the 3° switching region
disrupts the base pairing between the 5' and the 3’ regions. This causes a shift of the equilibrium
towards the conformation 2. Rescue mutation of the 5' switching region restores the base pairing
between the 5' and the 3’ regions, but at the same time it disrupts the base pairing between the 5'
and the middle regions. Therefore, the equilibrium shifts towards conformation 1.

(C) In vitro SHAPE reactivity of the RORC RNA switch sequence in vitro. Left: SHAPE
reactivity profiles for the wild type sequence (in gray) and for the mutation-rescue pair of
sequences (blue - “65-GT,117-AC”, red - “117-AC”.). Shown is the average for 3 replicates with
the respective error bars. The three switching regions are labeled. The SHAPE reactivity changes
in the non-mutated regions are highlighted in bold arrows. Right: barplots of cumulative SHAPE
reactivity within the switching regions. The color scheme for the conformations is the same as in
the left panel. N replicates = 3.

(D) DMS reactivity of the RORC RNA switch in vivo. Top: DMS reactivities of the two clusters
identified by the DRACO unsupervised deconvolution algorithm (Morandi et al. 2021). The
algorithm was run on two replicates independently, and identified the same clusters in both of
them. The ratios of the clusters reported by DRACO are 22% to 78% in replicate 1 and 32% to
68% in replicate 2. The ratio shown in the Figure 2. is an average between the two replicates.
The switching regions are shown in color. Bottom: secondary structures of the two
conformations of RORC RNA switch predicted by RNAstructure algorithm (Reuter and
Mathews 2010) guided by the DMS reactivity data. DMS reactivity is shown in color.

These 3D structures demonstrate RNA-like tertiary features, including apparent double-stranded
helical segments with a discernible major groove, and typical RNA hairpin elements. The
resolution of these reconstructions is limited to ~10 A, due to the extreme flexibility evinced by
the raw micrographs and 2D class averages, but is sufficient for recognition of RNA folds.
Comparing our cryo-EM structures to the DRACO secondary structure clusters (Fig. 2.4B), we

propose that the complex tertiary fold at the center of Class A is reflective of the multiple stem-

loop motif at the center of Conformation 2 (Fig. 2.4C). We further posit that the two legs of the
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hairpin-like Class B correspond to the two long helical segments in Conformation 1. Finally, the
relatively simple inverted-L shape of Class C could reflect the helix detected at the leading and
trailing ~20 residues in some members of either cluster. As these residues are identical in WT and
mutant sequences, this hypothetical assignment is consistent with the appearance of Class C in all

three cryo-EM datasets.
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Figure 2.4. Cryo-EM of RORC 3’ mRNA is consistent with dynamic exchange
in a shallow energy landscape.

(A) Cryo-EM of the refolded RORC 3” mRNA element reveals three classes with RNA-like
features (top). Class A is presented in red, Class B in blue, and Class C in yellow. Further cryo-
EM imaging and 3D classification of the 77-GA mutant (middle) and 117-AC mutant (bottom)
indicate that Class A is present in WT and 77-GA samples but absent from the 117-AC sample,
and Class B is conversely present in WT and 117-AC but absent from the 77-GA mutant. Class
C is common to all three samples. We thus putatively assign Class A as the conformation 1 state,
and Class B as the conformation 2 state. We propose Class 3 to represent a partly folded
intermediate which is not disrupted in the mutated constructs.

(B) Secondary structure models for conformation 1 and conformation 2 clusters inferred by
DMS-Seq/DRACO. Solid outlines indicate potential associations with cryo-EM classes, colors as
in (A). The complex multiple stem-loop structure detected within the conformation 2 state
representative is identified with the central fold and prominences of Class A (red outline), and
the two long helices of conformation 1 with the two linear elements of Class 2 (blue outline).
The shorter, L-shaped motif of Class C might be identified with multiple structures within either
model as the RNA dynamically refolds (yellow outlines).

The alternative conformations of the RORC RNA switch play divergent roles in gene

regulation

Having discovered the RORC RNA switch as an ensemble of two conformations, we set out to
further characterize the divergent regulatory activity of its two states. For this, we generated
HEK293 cell lines stably expressing a reporter with the conformation mutant sequences cloned
into the 3’UTR of the eGFP ORF. We then measured the changes in eGFP expression of each
mutant by flow cytometry. We employed two parallel strategies to lock the RNA switch in
conformation 1: first, we mutated the middle region so that it cannot pair with the 5' region, and
second, we introduced complementary mutations in both 5' and 3’ regions, thus preventing base
pairing between the 5° and middle regions. These two orthogonal strategies achieve the same
stabilization of secondary structures while modifying different parts of the sequence. Strikingly,
both sets of modifications led to similar changes in eGFP expression: locking the RNA switch in

Conformation 1 increased reporter gene expression compared to wild-type (Fig. 2.5A).
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Furthermore, we applied the same two strategies to instead lock the RNA switch in conformation
2 and observed the expected opposite effect: both modifications led to decrease of the reporter
gene (Fig. 2.5A). Therefore, we concluded that the two conformations play divergent functional
roles.

We next tested whether the secondary structure, rather than sequence composition, is the major
determinant of the observed modulation in gene expression. To do so, we generated cell lines (as
described above) stably expressing the mutant sequences from the rescue-mutation experiments
(Fig. 2.3B), and measured the effect of each mutant on eGFP reporter gene expression. In total,
we tested 3 mutation-rescue pairs. In all three cases, we observed lower eGFP expression of the
Conformation 2 mutant (117-AC), as compared to (77-GA) which favors Conformation 1 (Fig.
2.5B). Taken together, the reciprocal mutation-rescue experiments provide evidence that the RNA

secondary structure is critical for the functional effects of the RORC RNA switch.
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Figure 2.5: The two alternative conformations of the RORC RNA switch have
opposing effects on target gene expression.

(A-D) Bar plots of relative expression of the reporter construct. The relative expression values
are calculated as the ratios of eGFP and mCherry fluorescence values for individual cells, as
measured on a flow cytometer. Confidence intervals for the expression value are shown as
calculated from the distribution of N>10.000 individual cells. The dominating conformations of
RORC RNA switch are shown in color: conformation 1 - in blue, conformation 2 - in red, wild
type - in gray, scrambled sequence with the same dinucleotide content - in yellow. P-values were
calculated using the Student’s T test.

(A) The effect of locking the RORC RNA switch in one or another conformation on reporter
gene expression. Bottom: the scheme of the RNA secondary structure ensemble within each
sample. The two alternative conformations are depicted as simplified stem-loops; their presence
in each sample is shown by an asterisk. Each sample is a measurement of a HEK293 cell line
with the reporter construct stably integrated in the genome. The mutations left to right: “61-
TATATAA,116-TTATATA”, “73-CCCTATGA”, wildtype, “62-GCACAGT,73-ACTGTGC”,
“116-CCCTAAG”.

(B) The effect of shift in the equilibrium between two conformations of the RORC switch on
reporter gene expression. The mutation-rescue experiments were performed as shown in Fig.
2.3B. Bottom: the direction of mutation-rescue experiments is shown schematically. Top: the
relative expression of the reporter upon the RORC switch sequence modifications. The
dominating conformation of the switch within a sample is shown in color and labeled under the
plot. The mutations left to right: wildtype, “65-GT,117-AC”, “117-AC”, “66-AC”, “66-AC,74-
GT”, “77-GA”, “63-TC,77-GA”

(C) The effect of antisense oligonucleotides (ASOs) on the reporter expression. A HEK293 cell
line with stably integrated reporter construct encoding the RORC RNA switch in the 3’UTR was
transfected by ASOs of 4 different chemistries. The targeting ASOs are complementary to the
switching region of the RNA switch in the way that would result in a shift towards conformation
1 within the ensemble; the control ASOs have the same nucleotide composition but do not target
the RORC RNA switch sequence. Bottom: the RNA switch conformations present in each
sample. Top: the relative expression of the target gene upon the transfection of either targeting or
control ASOs.

(D) The effect of locking the RORC RNA switch in conformation 1 in primary CD4+ T cells.
Human CD4+ T cells were infected with lentiviral constructs carrying one of the three sequences
in the reporter gene’s 3°’UTR. The dominating conformations within each sample are shown in
color as described above. The mutations left to right: scrambled RORC RNA switch, “77-GA”,
wildtype.

Next, we investigated whether shifting the equilibrium between the two conformations by trans-
acting agents, rather than sequence mutations, would have an effect on gene expression. We

hypothesized that adding an antisense oligonucleotide (ASO) complementary to a part of the RNA
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switch sequence could shift the equilibrium between the two conformations to change reporter
gene expression. We designed a set of ASOs targeting the middle region of the switch. These
ASOs were designed to shift the equilibrium towards conformation 1 and thereby increase eGFP
expression. We transfected the stable cell line expressing the RNA switch-containing reporter with
ASOs and measured the changes in eGFP expression by flow cytometry. To ensure this effect is
not specific to a single ASO design, we varied the oligonucleotide chemistry by using either
morpholino, or 2'-O-(2-Methoxyethyl) (2-MOE) oligoribonucleotides, or locked nucleic acids
(LNA) as the key modifications. Additionally, we varied the sequence length and the frequency of
modifications. In all cases, transfecting cells with an ASO targeting the middle region of the RNA
switch resulted in higher eGFP expression compared to a non-targeting ASO of the same chemistry
and nucleotide composition (Fig. 2.5D). Thus, the repressive activity of the RORC RNA switch

can be alleviated with the use of trans agents such as ASOs.

The RORC gene encodes nuclear receptor ROR-gamma, and has two protein isoforms that differ
by a short N-terminal sequence. The shorter isoform, RORY, is expressed in many tissues, and is
involved in circadian thythms. The longer isoform, RORyt, is expressed in several subsets of T
cells and some lymphoid cells, and is a key driver of Th17 cell type differentiation (Eberl 2017).
Therefore, we also measured the activity of the RORC RNA switch in its endogenous cellular
context. We assessed whether the conformation-dependent regulatory function of the RORC RNA
switch is observed in Th17 cells. To do this, we infected primary CD4+ cells with lentivirus
carrying the reporter and a sequence of interest in the eGFP 3’UTR. The cells were then
differentiated into the Th17 cell type (Montoya and Ansel 2017). The presence of the wild type

RORC RNA switch strongly decreased eGFP reporter expression compared to a scrambled version
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of the same sequence (Fig. 2.5D). On the other hand, the 77-GA mutant decreases the strength of

the repression, confirming the activity of the RORC RNA in Th17 cells.

Genome-wide screens reveal pathways downstream of the RORC RNA switch

To explore the molecular mechanisms underlying the effect of the RORC RNA switch on gene
expression, we performed genome-wide CRISPRi screens with two distinct eGFP reporters (Fig.
2.6A). The first reporter was designed to identify frans factors epistatic to the repressive function
of the RORC switch. For this, we created an eGFP construct carrying the wild type RORC RNA
switch in its 3’UTR. The second reporter was engineered to assess conformation-dependent
activity by inserting the 77-GA RORC switch mutant (favoring conformation 1) in the eGFP
3’UTR. Considering the importance of RORC in T cell biology, we chose the Jurkat T cell
leukemia line as the model system for this screen. We infected both reporter cell lines with a
genome-wide CRISPRi sgRNA library (Gilbert et al. 2014), sorted cells on a flow cytometer by
eGFP expression, and collected the 25% of cells with highest and lowest eGFP expression (Fig.
2.6A, Fig. 2.S6) (de Boer et al. 2020). We hypothesized that knockdown of genes important for
the repressive function of the RORC RNA switch would result in higher expression of the reporter
gene. Similarly, genes involved in modulating the switch functionality of the two conformations

would result in higher reporter expression for the wildtype switch compared to the 77-GA mutant.
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Figure 2.6: Genome wide CRISPRIi screen identifies SURF complex as acting
downstream of the RORC RNA switch

(A) The comparison between the high expression and low expression quartiles. Top: volcano plot
for gene-wise comparison. The comparison of sgRNA representation between the bottom and the
top quantiles by expression (across both cell lines) is represented as a volcano plot. Genes,
annotated as part of the nonsense mediated decay (NMD) pathway by GO, are colored in red.
The core components of the canonical NMD pathway are colored in purple and labeled. Bottom:
Gene Set Enrichment Analysis (GSEA) plot for NMD pathway for the above comparison.

(B) Comparison of ratios between top and bottom expression quantiles for the two cell lines.
Higher values on the X axis indicate that sgRNAs targeting this gene have a stronger effect on
reporter gene expression in the WT cell line compared to the RC cell line. Top: “ratio of ratios”
comparison (“DESeq2 Testing Ratio of Ratios (RIP-Seq, CLIP-Seq, Ribosomal Profiling)” n.d.)
represented as a volcano plot. Same color scheme is applied as in the C panel. Bottom: GSEA
plot for NMD pathway for the above comparison.

(O) (C and D) The effect of knockdown of SURF and EJC complex member proteins on the
expression change upon the conformation equilibrium shift. The individual genes were knocked
down using the CRISPRi system in both “wild type” and “scrambled” cell lines, then the change
of reporter gene expression was measured by flow cytometry (N replicates = 2). The bar plots
demonstrate the expression ratios of WT to the scrambled sequence of RORC RNA switch. P-
values were calculated using the Student’s T test.

(E) The effect of EJC complex knockdown on the expression change upon the conformation
equilibrium shift.

(E and F) The effect of proteasome inhibitors bortezomib and carfilzomib on the RNA switch-
mediated expression change. K562 cell lines expressing GFP/mCherry double reporter either
with or without RORC RNA switch in the 3’UTR of GFP were treated with the drugs for 24
hours, then the reporter gene expression (GFP signal normalized by mCherry signal) was
measured by flow cytometry (N replicates = 4).

(H) The effect of proteasome inhibitor bortezomib on the RNA switch-mediated expression
change.

To identify factors responsible for the repressive function of RORC RNA switch, we compared
the abundance of sgRNAs in the cells with high reporter expression relative to those with lower
expression (Fig. 2.6B). We also performed gene-set enrichment analysis (Korotkevich et al. 2021)
to identify the key pathways involved. The most highly enriched pathway was nonsense-mediated
decay (NMD), and several core NMD factors, such as SMG8, UPF1, UPF2, UPF3B were among
the highest scoring hits of the screen (Fig. 2.6C, Fig. 2.S7. As expected, among other enriched

pathways, many were associated with general gene expression such as translation, ribosome

biogenesis, and endoplasmic reticulum stress. Next, we asked which factors are responsible for the
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divergent activity of the two conformations. For this, we performed the ratio of ratios test
(“DESeq2 Testing Ratio of Ratios (RIP-Seq, CLIP-Seq, Ribosomal Profiling)” n.d.), by comparing
the ratios of sgRNA abundance in low and high expression cells between the two reporter screens:
wildtype versus 77-GA mutant. Interestingly, this comparison also highlighted the NMD pathway
as the key contributor (Fig. 2.6D). Among the highest scoring hits were several core NMD factors;
all of them are part of the SURF complex, which is thought to recognize stalled ribosomes when
a premature termination codon (PTC) occurs upstream of the exon-junction complex (EJC)
(Yamashita 2013). Therefore, we hypothesized that the RORC RNA switch affects gene
expression by acting through the EJC-independent NMD pathway, and that one conformation of

the switch is more likely to act through this mechanism than the other.

To confirm this observation, we used CRISPRi to knock down the identified core NMD factors
individually in the wild type and 77-GA mutant reporter lines, along with cells expressing a
scrambled RORC RNA switch control (“scrambled” cell line). We first asked whether knocking
down the NMD factors would affect the repressive function of the RNA switch. We compared the
expression of eGFP in the wild type and scrambled reporter lines. We observed that silencing the
core members of the SURF complex (Fig. 2.6E), but not of the EJC complex (Fig. 2.6F), affected
the repressive function of the RORC RNA switch sequence on gene expression. Next, we asked
whether knockdown of the NMD proteins would reduce the functional difference between the two
switch conformations. by comparing eGFP expression in the wild type and the 77-GA mutant
reporter lines. Consistently, we observed that knocking down the core members of the SURF
complex (Fig. 2.S6E), and not of the EJC complex (Fig. 2.S5F), reduced this difference. This data

demonstrates that NMD acts preferentially on the Conformation 2 of the RORC RNA switch.
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The canonical NMD pathway causes the proteins translated from aberrant mRNA to be degraded
by the proteasome (Kuroha, Tatematsu, and Inada 2009). Therefore, we expect the RORC RNA
switch to target its gene product for degradation by the proteasome through NMD pathway
recruitment. To confirm this, we treated two dual reporter cell lines with the proteasome inhibitor
bortezomib, one line expressing the RORC RNA switch (the “wild type” line), and the other
expressing the scrambled control (see Fig. 2.6D). As expected, proteasome inhibition resulted in a
significantly larger change in eGFP expression in the “wild-type” line relative to the “scrambled”
cell line. To verify that the observed effect is due to proteasome inhibition rather than a side effect
of bortezomib, we treated cells with carfilzomib, another proteasome inhibitor which acts through
a different mechanism, and observed the same effect as with bortezomib. Therefore, our data
suggests that proteasomal degradation is involved in the repressive activity of the RORC RNA

switch on gene expression.

DISCUSSION

Historically, RNA switch discovery has been tackled by one of two methods: comparative
genomics analysis or biochemical experimentation. Comparative genomics analysis searches for
conserved positions within non-coding RNA regions; it works well for identifying cis-regulatory
elements in bacteria, such as RNA switches and transcription factor binding sites (Rodionov 2007).
The biochemical approach involves measuring the affinity of a putative RNA switch to its ligands
and analyzing the conformational change caused by the binding event. Both approaches were used
to discover the first known RNA switches in bacteria (Epshtein, Mironov, and Nudler 2003)

(Winkler, Nahvi, and Breaker 2002). However, no algorithms have been specifically designed to
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search for RNA switches in eukaryotic transcriptomes. In Eukaryotes, mRNA secondary structure
is highly dynamic. Multiple studies have shown that RNA structure vastly differs when measured
in vitro vs in vivo (Rouskin et al. 2014), and that multiple cellular processes can rearrange mRNA
secondary structures (Sun et al. 2019). Several studies have shown the functional importance of
individual RNA structure rearrangements, such as RNA thermosensors (Shamovsky et al. 2006);
however, the extent to which structural switches control gene expression in eukaryotes remains
largely unexplored. There are several reasons why models trained on bacteria cannot be readily
applied to higher eukaryotes. First, the sequence search space is much larger in eukaryotic
transcriptomes compared to their bacterial counterparts, hindering the application of pre-trained
models due to high false-positive counts (Ureta-Vidal, Ettwiller, and Birney 2003). Second, poor
sequence conservation of many eukaryotic RNA regulatory elements limits the applicability of the
comparative genomics analyses (Backofen et al. 2018; Leypold and Speicher 2021). Hence, the
primary approach used for finding eukaryotic switches has been low-throughput biochemical
characterization of candidate sequences (Breaker 2011; Serganov and Nudler 2013). Here, we have
described an integrative and comprehensive platform for studying RNA switches in eukaryotic

transcriptomes.

Recent advances in genomic technologies was a key contributor in our ability to carry out this
systematic search for RNA switches. The development of RNA secondary structure probing
techniques, such as DMS-seq and SHAPE-seq, has enabled researchers to move from only
measuring the averaged structures of the folding ensemble to sampling multiple alternative
conformations (Tomezsko et al. 2020; Morandi et al. 2021). Moreover, recent advances in single-

particle cryo-EM and computational modeling have enabled structure determination of 3D folds
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of some RNA molecules (Kappel et al. 2020), despite their small size and intrinsic flexibility. This
opens up a prospect of studying the functional difference between alternative RNA conformations
and their role in gene expression control. Our DMS-MapSeq and cryo-EM data suggest that the
RORC 3’ mRNA element inhabits a shallow energy landscape with two rugged minima linked to
two major molecular conformations (Fig 2.7A). The kinetic barrier separating these conformations
might itself contain one or more metastable plateaus reflecting partially folded intermediates in
which some structural elements are transiently absent, perhaps explaining the presence of an
additional tertiary conformation (Class 3). Mutations that stabilize one conformation or another,
such as 77-GA and 117-AC, alter the energy landscape and thus the distribution of states.
Experimental structure determination thus validates the SwFinder approach to identification of
RNA molecules with these types of bistable energy landscapes. We also functionally characterized
the RORC RNA switch using CRISPRi, finding that RORC switch control of gene expression is
mediated by the SURF complex of the EJC-independent NMD. We propose that the SURF
complex recognizes switch Conformation 2, but not Conformation 1, and that recruitment of the
SURF complex by Conformation 2 in turn leads to decreased gene expression through proteasome-
mediated degradation of any translation products, and mRNA decay preventing repeated rounds
of translation (Fig. 2.7B). We show that point mutants which modulate the conformational
equilibrium likewise cause small, but significant, incremental changes in the degree of gene
repression by the switch. One consequence is that switch sequence variation can likely provide

nearly continuous modulation of SURF recruitment and NMD activation.
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Figure 2.7: The proposed mechanism of RORC RNA switch functioning

(A) Schematic for a shallow energy landscape of the RORC 3 mRNA element. Shallow global
minima characterizing the conformation 1 (cryo-EM Class A) and conformation 2 (cryo-EM
Class B) structures themselves comprise multiple local minima in which various secondary
structure elements fold or unfold while preserving overall tertiary structure and biological
activity. These local minima are illustrated by secondary structure models for various DRACO
cluster members. The two global minima are separated by a kinetic barrier that represents a
partially folded intermediate (cryo-EM Class 3). The two dashed lines indicate alterations to the
global landscape exhibited by the mutant sequences, red for the 77-GA mutant and blue for the
117-AC mutant. These altered landscapes eliminate one of the global minima without disrupting
the intermediate.

(A) Proposed mechanism of RORC RNA switch. The RNA switch exists in an ensemble of two
states. One of them is recognized by the SURF complex; such recognition triggers mRNA
degradation (likely mediated by SMGS5) and protein degradation (mediated by proteasome), thus
affecting gene expression.

We have observed that a large number of regulatory elements in the human transcriptome act as
RNA switches. Our findings also demonstrate that conformation-dependent modes of gene
expression control may be ubiquitous in the human transcriptome. Regulatory information
encoded in dynamic RNA structural elements adds an underexplored avenue of gene expression
control with fundamental roles in health and disease, and capturing the regulatory grammar of
RNA switches across the transcriptome is a key step towards a more complete understanding of
post-transcriptional control of gene expression. In our study, we chose restrictive criteria for
selection of RNA switches. We required these elements to be bistable in vivo, i.e. to populate two
mutually exclusive structural conformations. However, this condition need not apply to all
functional RNA switches, which could be bistable only under specific conditions or in specific cell
types. RNA switches also likely function through a variety of different mechanisms. The known
examples of human RNA switch mechanisms include mutually exclusive binding of RBPs by two
different conformations (Ray et al. 2009) and m6A modification-based switching (Liu et al. 2015).
We demonstrated a new RNA switch that acts through the NMD pathway. We speculate that other

RNA switches similarly tap into the repertoire of known RNA metabolic pathways. For example,
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we have recently shown that specific RNA structures cause aberrant splicing in metastatic cancers
through binding SNRPAT1 (Fish et al. 2021). Thus, future studies will likely find a wider variety
of RNA switches than those discovered in the present study, under steady-state conditions.
Identifying the regulatory programs that govern RNA secondary structure switching will lead to a
mechanistic understanding of gene expression control. We expect this work will provide a basis
for future studies of RNA switches in other contexts ranging from development and differentiation

to various models of human disease.

METHODS

Cell culture

All cells were cultured in a 37°C 5% CO2 humidified incubator. The 293T cells (ATCC CRL-
3216) were cultured in DMEM high-glucose medium supplemented with 10% FBS, glucose (4.5
g/L), L-glutamine (4 mM), sodium pyruvate (1 mM), penicillin (100 units/mL), streptomycin (100
pg/mL) and amphotericin B (1 pg/mL) (Gibco). The Jurkat cell line was cultured in RPMI-1640
medium supplemented with 10% FBS, glucose (2 g/L), L-glutamine (2 mM), 25 mM HEPES,
penicillin (100 units/mL), streptomycin (100 pg/mL) and amphotericin B (1 pg/mL) (Gibco). All

cell lines were routinely screened for mycoplasma with a PCR-based assay.

CRISPRi-mediated gene knockdown

Jurkat cells expressing dCas9-KRAB fusion protein were constructed by lentiviral delivery of
pMHO0006 (Addgene #135448) and FACS isolation of BFP-positive cells.
The lentiviral constructs were co-transfected with pCMV-dR8.91 and pMD2.D plasmids using

TransIT-Lenti (Mirus) into 293T cells, following the manufacturer's protocol. Virus was harvested
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48 hours post-transfection and passed through a 0.45 pm filter. Target cells were then transduced
overnight with the filtered virus in the presence of 8 pg/mL polybrene (Millipore).

Guide RNA sequences for CRISPRi-mediated gene knockdown were cloned into pCRISPRia-v2
(Addgene #84832) via BstXI-Blpl sites. After transduction with sgRNA lentivirus, Jurkat cells

were selected with 2 pg/mL puromycin (Gibco).

Cryo-EM Sample Preparation and Data Collection

3.5 ul of target mRNA at an approximate concentration of 1.5 mg/mL was applied to gold, 300
mesh TEM grids with a holey carbon substrate of 1.2/1.3 um spacing (Quantifoil). The grids were
blotted with #4 filter papers (Whatman) and plunge frozen in liquid ethane using a Mark IV
Vitrobot (Thermo Fisher), with blot times of 4 - 6 s, blot force of -2, at a temperature of 8°C and
100% humidity. All grids were glow discharged in an easiGlo (Pelco) with rarefied air for 30 s at
15 mA, no more than 1 hour prior to preparation. Duplicate WT and mutant RNA specimens were
imaged under different conditions on several microscopes as per Table Y; all were equipped with
K3 direct electron detector (DED) cameras (Gatan), and all data collection was performed using

SerialEM2.

Cryo-EM Image processing

Dose-weighted and motion-corrected sums were generated from raw DED movies on-the-fly
during data collection using UCSF MotionCor2?. Images from super-resolution datasets were
downsampled to the physical pixel size before further processing. CTF estimation was performed
in CTFFIND4%, followed by neural-net based particle picking in EMAN25. 2D classification, ab

initio 3D classification, and gold-standard refinement were done in cryoSPARCS. CTFs were then
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re-estimated in cryoSPARC and particles repicked using low-resolution (20 A) templates
generated from chosen 3D classes. Extended datasets were pooled where appropriate, and particle

processing was repeated through gold-standard refinement as before.

Reporter vector design and library cloning

First, mCherry ORF was cloned into the BTV backbone (Addgene #84771). Then, the vector was
digested with Mlul-HF and Pacl restriction enzymes (NEB), with the addition of rSAP (NEB).
The digested vector was purified with Zymo DNA Clean and Concentrator-5 kit.

DNA oligonucleotide libraries (one for Functional Screen and one for Conformation Expression
Change Screen) consisting of 7500 sequences total were synthesized by Agilent. The second strand
was synthesized as follows: the library DNA was digested with Bmtl, then a UMI-containing
primer (sequence CTCTTTCCCTACACGACGCTCTTCCGATCTNNNNNNCTAG) was used to
initiate the second strand synthesis by Klenow Fragment (3'— 5" exo-) (NEB). The library was
digested with Mlul-HF and Pacl restriction enzymes (NEB) and run on a 6% TBE polyacrylamide
gel. The band of the corresponding size was cut out and the gel was dissolved in the DNA
extraction buffer (10 mM Tris pH 8, 300 mM NaCl, I mM EDTA). The DNA was precipitated
with isopropanol. The digested DNA library and the digested vector were ligated with T4 DNA
ligase (NEB). The ligation reaction was precipitated with isopropanol and transformed into MegaX
DHI10B T1R Electrocompetent Cells (Thermo Fisher). The library was purified with ZymoPURE
II Plasmid Maxiprep Kit (Zymo). The representation of individual sequences in the library was

verified by sequencing the resulting library on MiSeq instrument (Il1lumina).
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Massively Parallel Reporter Assay

The DNA library was co-transfected with pPCMV-dR8.91 and pMD2.D plasmids using TransIT-
Lenti (Mirus) into 293T cells, following the manufacturer's protocol. Virus was harvested 48 hours
post-transfection and passed through a 0.45 pum filter. HEK293 cells were then transduced
overnight with the filtered virus in the presence of 8 pg/mL polybrene (Millipore); the amount of
virus used was optimized to ensure the infection rate of ~20%. The infected cells were selected
with 2 pg/mL puromycin (Gibco). Cells were harvested at 90%—-95% confluency for sorting and
analysis on a BD FACSaria II sorter. The distribution of mCherry to GFP ratios was calculated.
For sorting a library into subpopulations, we gated the population into 8 bins each containing
12.5% of the total number of cells. A total of 1.2 million cells were collected for each bin to ensure
sufficient representation of sequence in the population in two replicates each. For each
subpopulation, we extracted gDNA and total RNA with the Quick-DNA/RNA Miniprep kit.
gDNA was amplified by PCR with Phusion polymerase (NEB) wusing primers
CAAGCAGAAGACGGCATACGAGAT - i7 -
GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCACTGCTAGCTAGATGACTAAACGC
G and AATGATACGGCGACCACCGAGATCTACAC - 15 -
ACACTCTTTCCCTACACGACGCTCTTCCGATCTGTGGTCTGGATCCACCGGTCC.
Different i7 indices were used for 8 different bins, and different i5 indices were used for the two
replicates. RNA was reverse transcribed with Maxima H Minus Reverse Transcriptase (Thermo
Fisher) using primer
CTCTTTCCCTACACGACGCTCTTCCGATCTNNNNNNNNNNNTGGTCTGGATCCACCG
GTCCGG. The cDNA was amplified with Q5 polymerase (NEB) using primers

CAAGCAGAAGACGGCATACGAGAT - 17 -
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GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCCTGCTAGCTAGATGACTAAACGC
and CAAGCAGAAGACGGCATACGAGAT - i5 -
GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCTTACCCGTCATTGGCTGTCCA.
Different 17 indices were used for 8 different bins, and different i5 indices were used for the two
replicates. The amplified DNA libraries were size purified with the Select-a-Size DNA Clean &
Concentrator MagBead Kit (Zymo). Deep sequencing was performed using the HiSeq4000

platform (Illumina) at the UCSF Center for Advanced Technologies.

DMS-MaPseq

Briefly, HEK293 cells were incubated in culture with 1.5% DMS (Sigma) at room temperature for
7 minutes, the media was removed, and DMS was quenched with 30% BME. Total RNA from
DMS-treated cells and untreated cells was then isolated using Trizol (Invitrogen). RNA was
reverse transcribed using TGIRT-III reverse transcriptase (InGex) and target-specific primers.
PCR was then performed to amplify the desired sequences and to add Illumina compatible
adapters. The libraries were then sequenced on a MiSeq instrument using MiSeq micro kit v2, 300

cycles (Illumina). See Supplementary Table for oligo sequences used in library preparation.

Pear (v0.9.6) was used to merge the paired reads into a single combined read. The UMI was then
removed from the reads and appended to read names using UMI tools (v1.0). The reads were then
reverse complemented (fastx toolkit) and mapped to the amplicon sequences using bwa mem
(v0.7). The resulting bam files were then sorted and deduplicated (umi_tools, with method flag set
to unique). The alignments were then parsed for mutations (CTK). The mutation frequency at

every position was then reported.
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SHAPE chemical probing of RNAs

Chemical probing and mutate-and-map experiments were carried out as described previously
(Palka et al. 2020). Briefly, 1.2 pmol of RNA was denaturated at 95°C in 50 mM Na-HEPES, pH
8.0, for 3 min, and folded by cooling to room temperature over 20 min, and adding MgCl12 to 10
mM concentration. RNA was aliquoted in 15 pL volumes into a 96-well plate and mixed with
nuclease-free H20O (control), or chemically modified in the presence of 5 mM 1-methyl-7-
nitroisatoic anhydride (1M7) (Turner, Shefer, and Ares 2013), for 10 min at room temperature.
Chemical modification was stopped by adding 9.75 pL. quench and purification mix (1.53 M NaCl,
1.5 uL washed oligo-dT beads, Ambion), 6.4 nM FAM-labeled, reverse-transcriptase primer (/56-
FAM/AAAAAAAAAAAAAAAAAAAAGTTGTTCTTGTTGTTTCTTT), and 2.55 M Na-MES.
RNA in each well was purified by bead immobilization on a magnetic rack and two washes with
100 pL 70% ethanol. RNA was then resuspended in 2.5 pL nuclease-free water prior to reverse
transcription.

RNA was reverse-transcribed from annealed fluorescent primer in a reaction containing 1x First
Strand Buffer (Thermo Fisher), 5 mM DTT, 0.8 mM dNTP mix, and 20 U of SuperScript III
Reverse Transcriptase (Thermo Fisher) at 48°C for 30 min. RNA was hydrolyzed in the presence
of 200 mM NaOH at 95°C for 3 min, then placed on ice for 3 min and quenched with 1 volume 5
M NaCl, 1 volume 2 M HCI, and 1 volume 3 M sodium acetate. cDNA was purified on magnetic
beads, then eluted by incubation for 20 min in 11 pL. Formamide-ROX350 mix (1000 pL Hi-Di
Formamide (Thermo Fisher) and 8 plL. ROX350 ladder (Thermo Fisher). Samples were then
transferred to a 96-well plate in “concentrated” (4 uL sample + 11 pL. ROX mix) and “dilute” (1
pL sample + 14 pL. ROX mix) for saturation correction in downstream analysis. Sample plates

were sent to Elim Biopharmaceuticals for analysis by capillary electrophoresis.
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CRISPRIi screen

Reporter screens were conducted using established flow cytometry screen protocols (Gilbert et al.
2014)( Horlbeck et al., 2016; Sidrauski et al., 2015). Jurkat cells with previously verified CRISPRi
activity were used (Horlbeck et al., 2018). An optimal MOI (<0.3) of the collected library virus to
the jurkat cells was determined by lentiviral titration.The CRISPRi-v2 (5 sgRNA/TSS, Addgene:
Cat#83969) sgRNA library was then transduced into Jurkat cells at an MOI < 0.3 (BFP+ cell
percentages were ~30%). For the flow based CRISPRi screen with the Jurkat cells, the sgRNA
library virus was transfected at an average of 500x coverage after transduction (Day 0). Puromycin
(1 pg/mL) selection for positively-transduced cells was performed 48 hours (Day 2) and 72 hours
(Day 3) post transduction (Day 3). On Day 11, cells were collected in PBS and sorted with the BD
FACSAria™ Fusion cell sorter. Cells were gated into the 25% of cells with the highest ratio
between GFP and mCherry fluorescence intensity and 25% of cells with the lowest ratio. The
screens were performed with two conditions: cells with a wildtype RORC Riboswitch-GFP
reporter and a mutated Riboswitch reporter. Screens were additionally performed in duplicate.
After sorting, genomic DNA was harvested (Macherey-Nagel Midi Prep kit) and amplified using
NEB Next Ultra II Q5 master mix and primers containing TruSeq Indexes for NGS analysis.
Sample libraries were prepared and sequenced on a HiSeq 4000. Guides were then quantified with
the published ScreenProcessing (https://github.com/mhorlbeck/ScreenProcessing) method and
phenotypes generated  with an in-house  processing  pipeline, 1Analyzer
(https://github.com/goodarzilab/iAnalyzer). Briefly, iAnalyzer relies on fitting a generalized linear
model to each gene. Coefficients from this GLM were z-score normalized to the negative control

guides and finally the largest coefficients were analyzed as potential hits.
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T cell isolation, transduction, and Th17 cells differentiation

Th17 cells were derived as described previously (Montoya and Ansel 2017). Plates were coated
with 2 pg/mL anti-human CD3 (UCSF monoclonal antibody core, clone: OKT-3) and 4 pg/mL
anti-human CD28 (UCSF monoclonal antibody core, clone: 9.3) in PBS with calcium and
magnesium for at least 2 h at 37 °C or overnight at 4 °C with plate wrapped in parafilm. Human
CD4+ T cells were isolated from human peripheral blood using EasySep human CD4+ T cell
isolation kit (17952; STEMCELL) and stimulated in ImmunoCult-XF T cell expansion medium
(10981; STEMCELL) supplemented with 10 mM HEPES, 2 mM L-glutamine, 100 uM 2-ME, 1
mM sodium pyruvate, and 10 ng/ml TGF-B. 24 h after T cell isolation and initial stimulation on a
96-well plate, 7 ul of lentivirus was added to each sample. After 24 h, the media was removed
from each sample without disturbing the cells and replaced with 200 pl fresh media. After 48 h,
cells were stimulated with 1.2 uM ionomycin, 25 nM PMA, and 6 pg/ml brefeldin-A, resuspended

by pipetting, incubated for 4 h at 37 °C, and harvested for analysis.

Analysis of capillary electrophoresis data with HITRACE

Capillary electrophoresis runs from chemical probing and mutate-and-map experiments were
analyzed with the HITRACE MATLAB package (Yoon et al. 2011). Lanes were aligned together,
bands fit to Gaussian peaks, background subtracted using the no-modification lane, corrected for
signal attenuation, and normalized to the internal hairpin control. The end result of these steps is a
numerical array of “reactivity” values for each RNA nucleotide that can be used as weights in

structure prediction.
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