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Abstract
Investigating the protein-protein interactions of RNA Binding Proteins throughout the mRNA life
cycle

Lena Annika Street

Post-transcriptional regulation of gene expression is orchestrated by RNA-binding proteins
(RBPs), which modulate all aspects of the RNA life cycle including splicing, localization, transla-
tion, and decay. Although early research has often studied RBPs as individual regulators, mainly
due to technical limitations, it is becoming clear that RNA molecules are generally bound by sev-
eral RBPs whose coordination directs their fate. These combinatorial interactions produce com-
plex, context-dependent post-transcriptional regulatory networks (PTRNs) whose outcomes are
difficult to predict as RBPs may switch function in response to cell conditions, subcellular local-
ization, or post-translational modification, further complicating the understanding of RNA regula-
tion. To begin to address one element of these PTRNSs - specifically the protein-protein interactions
(PPIs) of RBPs - this dissertation presents a large-scale map of the PPIs of RBPs throughout the
mRNA life cycle and a novel high-throughput method to capture PPIs by immunopurification
followed by mass spectrometry (IP-MS) that combines pooled IP-MS with sparse signal recon-
struction.

In Chapter 1, we review new technological advances transforming our ability to map and
interpret PTRNs. Novel multiplexed methods allow parallel profiling of the RNA binding pat-
terns of several RBPs in parallel, whereas more efficient interaction proteomics studies reveal

protein—protein interactions and changes of those in distinct biological settings. Complementary



RNA-targeting pulldown and single-molecule imaging strategies enable real-time and single-cell-
resolution visualization of RNP assembly and dynamics. Overall, these approaches set the stage
for future decryption of the spatiotemporal structure of PTRNs and reveal how RBP interactions
coordinate sets of RNAs (RNA modules or operons) to collectively regulate them in response to
physiological demands. In addition to describing these systems-level approaches to study RBP
interaction dynamics, we also outline the next analytical and experimental innovations that could
shape our knowledge about RBP function. We believe that a systems-level understanding of RBPs
as dynamic, integrated components of multiscale regulatory regimes will be required to unlock the
full complexity of gene expression control and its disruption in disease.

Chapter 2 presents an RNA-aware, RBP-centric PPI map across the mRNA life cycle in human
cells by IP-MS of 100 endogenous RBPs with and without RNase, augmented by size exclusion
chromatography-mass spectrometry (SEC-MS). We identify 29,544 interactions between 1,125
proteins and determine that 73% of the IP-MS-identified interactions are RNA-regulated. Our in-
teractome links many proteins, some with unknown functions, to specific mRNA life cycle stages,
with nearly half associated with multiple stages. We demonstrate the value of this resource by
characterizing novel mRNA regulatory functions of enhancer of rudimentary homolog (ERH) and
small nuclear ribonucleoprotein U5 subunit 200 (SNRNP200).

In Chapter 3, we present SPRINT (SParse Reconstruction of INTeractions) integrated experi-
mental and computational platform to accelerate the discovery of PPIs that combines an innovative
antibody or lysate pooling scheme with a novel sparse signal reconstruction algorithm, enabling
pooled PPI capture experiments. This approach significantly boosts throughput by an order of
magnitude, while reducing sample input requirements and maintaining the same amount of hands-
on time as standard IP-MS experiments. We demonstrate that the method is comparable to standard
individual IP-MS experiments for pooling of both antibodies and lysates.

Chapter 4 discusses IP-MS experimental and analytical considerations, and presents an opti-
mized framework for performing [P-MS experiments.

Chapter 5 provides an outlook on open biological questions and types of methodological ap-



proaches that could be applied in future to further our understanding of ribonucleoprotein (RNP)
regulation and its importance in post-transcriptional gene expression regulation.

Overall, our findings contribute to the evolving picture of how RBPs mediate post-transcriptio-
nal regulation, and provide a novel method to build PPI networks at scale which can be applied to

enhance our understanding of how RBPs function in health and disease.
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1.2 Post-transcriptional regulation of gene expression

Gene expression regulation is essential for controlling a vast range of biological processes and
its misregulation a major driver of disease. Gene expression is regulated across the central dogma
of biology at the level of DNA, RNA, and protein, and through the myriad processes and interac-
tions that occur during and between these major steps. Over the last several decades, especially
driven by the development of next generation sequencing methods, much effort has been placed
on understanding how transcription contributes to gene expression through the measurement of
mRNA levels!= While these studies have provided invaluable insight into how important mMRNA
transcription is as a driver of gene expression, they have also highlighted instances where mea-
suring mMRNA levels alone is insuf cient for explaining protein levels. Estimates of the percent of
cellular protein levels that can be explained by mRNA levels range from 40989&&monstrating
that regulation of translation and protein stability play important roles in determining the cellular
proteome. Furthermore, while mRNA levels are often used as a proxy for transcription, they ac-
tually re ect the amount of mMRNA that is transcribed and not yet degraded. Therefore, there is a
vital need to understand how gene expression is regulation post-transcriptionally.

RNA Binding Proteins (RBPs) are core regulators of these post-transcriptional processes how-
ever most of the estimated 4,000 RBPs in the human geABraes uncharacterized or poorly
characterized. The ENCODE project, which has dedicated signi cant effort to characterizing
RBPs has so far studied ~350 RBPs-urthermore, proteins with canonical functions outside
post-transcriptional regulation are increasingly found to play secondary roles in RNA regdfation.
For example, we found that the highly conserved enhancer of rudimentary homolog protein (ERH)
was found at the core of the RBP protein network with functions in splicing and nuclear speckle
formation amongst other roles, however it does not directly bind RNA (Chapter 2). This highlights
the fundamental question of what an RBP is — are RBPs only those proteins that directly bind RNA
via RNA-binding domains (RBDs), or are they all proteins that are involved in RNA regulation,

whether or not they directly bind the RNA? It has become increasingly evident as we learn more



about these processes that the second de nition is much better suited to a comprehensive under-
standing of RNA regulation. The project of understanding RBP function is further complicated by
the fact that RBPs can have multiple RBP regulatory functions; for example, the canonical splicing
factor SNRNP200, was found to have a second stress granule associated function in the cytoplasm
with unique binding motifs, protein interaction partners, and RNA targets (Chapter 2). These nd-
ings highlight the need to comprehensive RBP studies that can elucidate the functions of known
and novel RBPs.

The majority of RBPs are involved in post-transcriptional regulation as part of the mRNA life-
cycle which spans all processes from transcription and splicing, to nuclear export and localization,
to translation and decay. Misregulation of these processes has been implicated in a wide range of
diseases including neurodegenerative diseases such as ALS and FTD, neuromuscular dystrophy,
COVID-19, and cancer, highlighting how a greater understanding of these processes can lead to
better health outcomes:'4

Over the past few decades, much work has been done to catalogue RBPs, assign them to RNA
regulatory steps, and describe their functions. As our understanding of RBP-mediated regula-
tion has increased, it has become evident that in order to accurately understand these regulatory
processes, individual RBPs cannot be studied in isolation, rather they need to be studied in their

regulatory context with the RNAS, proteins, and other factors involved in each regulatory process.

1.3 Post-transcriptional Regulatory Networks: The dynamic interplay of RNA-binding

proteins

RNA-binding proteins (RBPs) mediate post-transcriptional gene expression regulation across
all stages of an RNAs life including splicing, export, localization, translation, and ddeay (
1).15-19 Signi cant efforts to catalogue RBPs - through RNA pulldowns, screens, and computa-
tional approaches - have identi ed or predicted between 1,500 and 6,000 RBPs encoded in the
human genomé&®-2%-2*While RBPs are traditionally de ned as proteins that make direct contact

with RNA, for many of the proposed RBPs this remains untested. In this review, we therefore



use a broader de nition that also encompasses RBP-interacting proteins (RIPs), since these act
within the same ribonucleoprotein complexes and can exert important regulatory effects on RNA
metabolism (se€&ig. 1A). Further complicating the study of RBPs is the large diversity of RNA
molecules (MRNA, rRNA, tRNA, IncRNA, etc.); while we largely focus on mRNA here, many
approaches discussed have been used to investigate other types of RNA, and understanding how
these other RNA types function in ribonucleoproteins (RNPSs) is vital to creating a full picture of
gene expression regulation.

As our understanding of the regulatory functions, RNA-binding pro les, and protein-protein
interactions (PPIs) of RBPs has grown, it has become clear that RBPs rarely act alone. It is not
just that one RBP has the capacity to bind to many different RNA transcripts, but also one RNA
molecule is often bound by multiple RBPs that work cooperatively or in competition to regulate the
transcript's fatefig. 1A).2>~3°For example, for a subset of mMRNAs with AU-rich elements in their
3'UTRs, RBPs TTP and KSRP, which negatively control mRNA stability, compete for binding
sites with the RBP HuR, which stabilizes mRNAs, thereby modulating transcript stability and
translation’! Conversely, other RBPs act synergistically; for example, Zipcode-binding protein 1
binds the 3'UTR ofV-actin to localize the mRNA to the cell periphery, where it is anchored to
actin laments by elongation factordand locally translate@—3°

These examples illustrate how an RNA's fate is governed by the combined actions of multiple
RBPs, demonstrating that in order to understand RNA regulation, we need to understand RBP-
mediated combinatorial control across multiple levels of complexity. It is necessary to understand
the individual, cooperative, and competitive roles of RBPs across RNA targets and binding sites,
at the levels of both single RNAs and groups of RNAg&g( 1C). Furthermore, these regulatory
mechanisms can be specic to one RNA or to sets of RNAs. For example, mRNAs encoding
functionally related proteins have been shown to be coordinately regulated by the same sets of
RBPs, forming RNA operons that are important for processes such as stress responses, oxidative
metabolism, and diseade?®

These intricate combinatorial possibilities give rise to complex post-transcriptional regulatory



Figure 1.1: The multifaceted nature of RNP composition, function, and regulation. ALeft:

The term RBP generally refers to proteins that directly bind RNA. In a broader functional sense,
it can also include RBP-interacting proteins (RIPs), which in uence RNA fate without directly
binding RNA. Middle: RBPs are multivalent and can bind multiple RNA targets. Right: In addi-
tion, each RNA interacts with many RBPB. RBPs have a wide range of functions throughout
the RNA life cycle.C. RBPs can interact with different effect. RNAs and RBPs form dynamic
interconnected physical and functional bipartite netwoiksPTRNs are dynamic and change in
composition, modi cations, and functional outcomes across states.



networks (PTRNs) where the RNA fate is determined by dynamic, multifaceted regulatory net-
works consisting of protein-protein, protein-RNA, and RNA-RNA interactions that are context-
dependentRig. 1D-E).2° Importantly, these network dynamics can manifest spatially (different
subcellular compartments), temporally (across developmental or perturbation-induced timescales),
and in a condition-dependent manner (varying according to cellular signals or environmental cues).

The context-dependency is, experimentally speaking, a major complicating factor to under-
standing PTRNs. Not only do the identities of RNAs and RBPs change between conditions,
subcellular localizations, and across time, but the functions of those RBPs and RNAs can also
vary?® For example, under normal conditions hnRNPA1 is involved in splicing and mRNA ex-
port, however under stress conditions, it is phosphorylated and it translocates from the nucleus to
the cytoplasm where it promotes cap-independent translation of stress-response PAFNAIS.
context-speci ¢ function exempli es the complex nature of RNA regulation, where an RBP's role
can switch depending on time, state, and place.

Considering RBPs as components of dynamic networks, rather than isolated factors, is key
to understanding the true functional meaning of post-transcriptional gene expression regulation.
This review focuses on current approaches being used to map RBP regulatory networks, describes
emerging technologies to interrogate these networks at scale, and presents an integrative outlook

on dynamic, systems-level models of post-transcriptional regulation.

1.3.1 Current experimental approaches to map RBP interactions and networks

Elucidating RBP networks requires methods to identify which RNAs are bound by RBPs, with
which other proteins RBPs interact, when and where these interactions occur in cells, and linking
these interactions to de ned molecular/cellular functions. A broad range of technologies has been
developed for this purpose. Here, we organize them into ve general categories: (a) mapping di-
rect RBP-RNA interactions; (b) mapping the protein-protein interactions of RBPs; (c) advanced
imaging approaches to visualize RNP dynamics; (d) RNA-centric methods that, for example, pull-

down RNAs and de ne their protein partners; and (e) high-throughput functional scregns (



Figure 1.2: General approaches currently used to investigate PRTNsTypes of information
gained fromA. mapping RBP-RNA interaction8. mapping protein-protein interactions of RBPs,
C. imaging approaches applied to RBPs or RNBsRNA-centric approaches, aril functional
readouts of RBPs or RNAs.

2). Together, these tools are facilitating a transition from “anecdotal single-factor studies' to the

comprehensive mapping of RBP network connectivity.

1.3.2 The essential pair: protein-RNA interaction mapping (CLIP-Seq and beyond)

Genome-wide identi cation of the RNA targets and speci ¢ binding sites of RBPs has been
foundational to RBP biology. The most widely-used methods are based on crosslinking immuno-
precipitation followed by sequencing (CLIP-sé§)*°In CLIP-seq, UV-crosslinking in living cells
covalently binds RBPs to their bound RNAs, an RBP of interest is immunopuri ed, and the
crosslinked RNA fragments are sequenced to identify the binding sites of the RBP on its RNA
targets. Variants such as HITS-CLIP, PAR-CLIP, iCLIP, and eCLIP, among others, have opti-
mized different step$2-*8 but all have provided rich maps of RBP binding sites, often at single

nucleotide resolutiofi?*>49Systematic application of CLIP-seq to known or predicted RBFS,

7



such as those performed by the ENCODE consortium, has revealed that most RBPs bind a wide
array of targets — often hundreds to thousands of RNAsirthermore, as CLIP-seq provides bind-

ing site information, these data can also reveal the sequence motifs or RNA secondary structures
that recruit the RBPs.

A more recent antibody-based method, ARTR-2gnables the identi cation of RBP-RNA
binding sites through antibody-guidea situ reverse transcription of formaldehyde- xed cells,
eliminating the need for UV crosslinking and immunoprecipitation as used in traditional CLIP-
seq. This approach allows for ef cient detection of both stable and transient interactions, even in
low-input samples or tissue sections, with temporal resolutions on the scale of minutes.

In vitro approaches to determine the binding speci city of known or predicted RNA-binding
domains or full RBPs - such as SELE%>? SEQRS?® RNAcompete’?* RNAcompete-S$° and
RNA Bind-n-Seg®®’ - share a common strategy of incubating puri ed proteins (or protein do-
mains) with synthetic RNA pools to identify enriched binding sequeR€&ELEX is a classical,
iterative selection method coupled with cloning and sequencing to identify high-af nity binding
motifs, but it is limited in throughput>>?> SEQRS builds on SELEX by applying high-throughput
sequencing after each round of selection, signi cantly increasing resolution and ef Cl@ReyA-
compete is a one-step, high-throughput binding assay that quanti es relative binding preferences
by using a vast excess of RNA over protein to increase competition across a pre-de ned pool of
approximately 250,000 sequencéRRNAcompete-& and RNA Bind-n-Se?#f>’ expand on this
by using more random and structurally diverse RNA libraries, enabling the assessment of both
sequence and RNA secondary structure contributions to binding speci city.

Methods like TRIBE (Targets of RNA-binding proteins Identi ed By Editing) and its deriva-
tives offer powerful alternativen vivo approaches to identify RNA targets of RBPs through RNA
modi cation.>® In TRIBE, an RBP is fused to the catalytic domain of the ADAR enzyme, which
edits adenosines to inosines near binding sites, allowing detection of target transcripts by RNA
sequencing. Enhanced versions such as HyperTRIBE increase editing ef Efambile comple-

mentary approaches like STAMP and DART-seq use the APOBEC1 enzyme to introduce C-to-U



edits, providing an orthogonal readbti#2 Moreover, STAMP has been shown to be able to de-
termine the RNA targets of RBPs of interest at single cell resol$iaiRIBE-STAMP combines

both editing systems in the same cell for dual signature valid&8&EMORA further expands this
toolkit using engineered ADAR enzymes for improved speci city and programmaPiiifhese
techniques avoid the need for crosslinking and immunoprecipitation, enabling the study of RBP-
RNA interactions in more native or low-input contexts, though they often trade resolution for
cellular compatibility and simplicit$®

While these methods have been invaluable in advancing our understanding, they are limited
to pro ling one RBP at a time, meaning that signi cant effort is required to pro le even a sub-
set of RBPs in one condition, as the protocols are still quite labor-intensive and also need rather
large sample input amounts. Given the cooperative nature of RBP action, there is a need for ap-
proaches that can capture multiple RBPs simultaneously. Recently, high-throughput innovations
have emerged. Notably, SPIDR (Split and Pool Identi cation of RBP Targets) was developed as a
highly multiplexed CLIP-seq method to map the RNA targets of dozens to hundreds of RBPs in a
single experiment. SPIDR uses antibody-bead labeling coupled with split-and-pool barcoding to
pro le many RBPs at once, increasing throughput by orders of magnftideother notable ap-
proach is ABC (antibody-barcode eCLIP), which utilizes DNA-barcoded antibodies and proximity
ligation of the DNA oligonucleotides to RBP-protected RNA fragments, enabling simultaneous
pro ling of multiple RBPs8’ These multiplexed approaches not only accelerate data generation
but also allow direct comparison of RBP binding within the same sample.

Beyond multiplexed CLIP methods, other recent techniques, such as ePRINT —which uses
exonuclease digestion and bioinformatics to map RBP binding sites across RBPs genome-wide,
but without “single RBP-resolutio§® — and analysis approaches, such as Skippéi.IP Tool
Kit (CTK), "® and mCrosg! have improved the statistical framework for binding site identi cation,
thereby increasing the resolution and accuracy of RBP binding site mapping.

An exciting new avenue, and one of the ultimate goals in the eld, is the precise mapping of

multiple RBPs binding simultaneously to the same RNA molecule - a goal that current methods



have only begun to approach. A recent example moving toward this objective is demonstrated by
the combining of methods such as irCLIP-RNP and Re-CENhich reveals dynamic patterns

of protein assemblies on RNA and co-binding of RBPs to the same RNA molecules. As these
methods continue to evolve, the eld is moving toward comprehensive atlaselsesf and where

on the transcript each RBP binds RNAs across the transcriptome.

1.3.3 It's not all about nucleic acids: protein-protein interaction mapping

Most RBPs function within multi-protein complexes.§. spliceosomes, translation initiation
complexes, etc.) and can be members of multiple complexes or of complexes that change composi-
tion between cellular staté&27:28.73.74rherefore, mapping interactions between proteins is critical
to understanding RBP networks and RNA regulation. A classic interactome capture approach is
immunopuri cation coupled to tandem mass spectrometry (IP-MS), where an RBP of interest is
immunopuri ed - either by the use of antibodies against the RBP of interest or against a tag in case
the RBP of interest was rst tagged - from cell extracts, and any co-purifying proteins are identi-

ed by quantitative MS. This approach has revealed stable canonical complexes and a wide array
of transient or condition-speci ¢ complexes, emphasizing the need for systematic mapping of dy-
namic interactome&~"° Most large-scale interactomes do not speci cally target RBPs, however

a study mapping cell-wide interactomes and localizations found that RBPs form distinct subnet-
works (based on interactions and localizations) enriched for proteins with RNA Binding Domains
(RBDs) and low complexity domairé,emphasizing the need for targeted investigations.

Two recent papers have speci cally mapped the protein-protein interactions of RBPs by IP-
MS, identifying direct protein-protein and RNA-mediated interactions across the mRNA lifecycle.
One in yeast? identi ed novel RBPs and secondary functions of known RBPs. The other in
human cell$® comprehensively mapped RBP interaction networks across the mRNA lifecycle,
identifying core RNA processing complexes, clusters of interactions within lifecycle stages, and
highlighted proteins bridging multiple stages or with multiple functions across the lifecycle. While

these studies have begun to catalogue the RBP interactome, IP-MS approaches are laborious and
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thus currently have been mostly limited to static conditions. In addition, IP-MS relies on either
antibodies raised against the endogenous protein, which can be expensive and dif cult to nd, or
on tagged proteins, which are often used in overexpression constructs; furthermore, endogenous
protein antibodies can sometimes interfere with protein interactions while tags and overexpression
may contribute other sources of noise. In the future, advancements that enable the scaling up of
interactome capture will be necessary to start mapping interactomes across different conditions or
dynamic processes.

A complementary strategy to capture protein interactions is proximity labeling. In methods
such as BiolD and APEX, enzymes (a mutated biotin ligase or peroxidase, respectively) fused to a
bait protein covalently tag proteins in the bait's vicinity within living cells, and the tagged proteins
are then isolated and identi ed by tandem mass spectrometry (LC-MSI&)Proximity label-
ing has enabled mapping of RBP-protein interactiorstu within speci ¢ cellular compartments
or conditions. For example, the Gingras group used BiolD proximity labeling to systematically
map protein interaction networks across subcellular compartments and membrane-less organelles.
In one study, they generated a comprehensive subcellular proximity map using 192 markers to lo-
calize over 4,000 proteins in human céffsand in another, they pro led 119 RNA-associated pro-
teins to de ne the composition and spatial relationships of RNA granules and processing hodies
In addition, APEX-based mapping was used to map the proteins of stress granules (both expected
RBPs and novel factors) that assemble into these ribonucleoprotein granules duringfstfess.

In another study, APEX was combined with phase-separation to selectively enrich crosslinked
RBP-RNA complexes, allowing identi cation of compartment-speci ¢ RBP interactomes in living
cells®® In a further advancement, methods such as Split-Bf§IBplit-TurbolD?3 and SAPEX*

split the labeling enzyme so that it is only activated upon the interaction of two proteins, thus la-
beling the molecular environment of a speci ¢ protein-protein interaction. These proximity-based
methods capture the spatiotemporal context of RBP interactions, revealing how an RBP's pro-
tein partners can vary by location or stimulus. Advances such as shorter labeling durations and

increased mass spectrometry sensitivity will increase spatial and temporal resolution, generating
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progressively re ned maps of RBP complexes. This will potentially enhance our ability to distin-
guish RBPs that truly co-assemble on the same RNA molecule from those that simply share the
same cellular compartment or sequentially bind the RNA, enabling a more precise and dynamic

view of RBP networks.

1.3.4 Some people need taee it to believe ifnot us): imaging approaches

As transcript binding site identi cation and protein-protein interactomes are generating in-
creasingly re ned maps of RNPs, it is becoming clear that RBP-mediated RNA regulation is
complex, dynamic, and coordinated by a wide range of inputs. Thus, methods are needed that
allow us to watch individual RBP interactions in cells in real time. Advanced microscopy has
become indispensable for understanding the dynamic behavior of RNPs. One powerful set of tech-
niques involves single-molecule RNA imaging in live cells. Commonly used systems include the
MS2/MCP tag, where MS2 stem-loop aptamers inserted into an RNA of interest are bound by MCP
uorescent coat protein®. Newer CRISPR-based RNA labeling methods can track endogenous
RNA molecules without tagging the RNA molecules of inte@8s$8For example, a recent method
called smLiveFISH?® which uses the CRISPR-Csm complex to track endogenous RNAs without
tagging, has been shown to decrease hands-on time and also reduce artifacts that can arise from
exogenous tagging, thereby enabling more generalizable live cell single-molecule RNA tagging.

To complement single-molecule RNA imaging, techniques are required to visualize RNAs and
RBPs at single-molecule resolution. The most promising methods currently used to visualize RBP-
RNA interactions include smFISH, which can detect speci c RBPs and RNAs in xed cells with
molecular resolutioA?-1°1This method can be expanded to identify whether an RBP is bound to a
target transcript by determining if the two are colocalized at the single-RNA 1&&hportantly,
recent advancements in super-resolution imaging such as SUM-PAINT enable parallel labeling
of up to 30 proteins and will expand our ability to visualize complex RBP assemblies iH%itu.
Future developments in these technologies will be especially powerful if the local structure of RBP-

RNA assemblies is maintained during xation, and if identi cation of mMRNA species is combined
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with high resolution mapping of proteins and mRNA, allowing for simultaneous analysis. Taken
together, these methods allow researchers to visually track individual mMRNA molecules, and po-
tentially their bound proteins, as they move and localize within the cell, providing a direct window
into the spatiotemporal logic of RBP-RNA regulation and transforming abstract interaction maps
into dynamic, observable phenomena. Crucially, imaging also reveals how these interactions dif-
fer across subcellular compartments, linking differences in local molecular regulation to spatially

de ned sub-cellular functions.

1.3.5 Let's take the RNA's point of view: RNA-centric technologies

Most of the large-scale mapping approaches discussed above are based around pro ling the
interactions of RBPs of interest. In contrast, RNA-centric approaches identify proteins bound to
RNAs of interest. Many of the RBP cataloguing studies used techniques such as poly(dT) pull-
downs, OOPS, and XRNAX — in which RNA pulldown or RNP isolation is followed by mass spec-
trometry — to identify RBPs within the proteord®2*While poly(dT) pulldowns speci cally target
the protein interactome mainly of polyadenylated RNAspethods like OOPE and XRNAX20
exploit the biochemical property that protein-RNA crosslinked complexes partition to the inter-
phase during acid guanidinium thiocyanate-phenol-chloroform (AGPC) extraction, enabling unbi-
ased isolation of the global RNA-bound proteome.

An interesting global approach to de ne the RNA-protein interactome over the RNA life cycle
was recently performed by the Kim group, where pulse-chase labeling of RNA molecules — via
SLAM-seq — over time was combined with quantitative proteomics to provide a time-resolved
map of RBP binding to transcripts across mRNA life-cycle stages in an unbiased manner, even
providing for some RNP complexes temporal resolution of their asselffbly.

However, RNA-centric techniques can also be used in more targeted ways to understand RBP
cooperation on the same RNA species and discover RBPs associated with a speci ¢ RNA of in-
terest (for example, a key regulatory mRNA or a long noncoding RNA). One common strategy is

RNA antisense puri cation (RAP-MS’®> ChIRP-MS!% and related methods, in which biotiny-
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lated antisense oligonucleotides are used to sh out a target RNA species from crosslinked cell
lysates. The pulled-down RNA-protein complexes are then analyzed by LC-MS/MS to identify
the cohort of RBPs on the target RNA. This approach has been successfully applied to numerous
RNAs. For instance, RAP-MS maps of the Xist long noncoding RNA revealed many proteins that
assemble on Xist to mediate X-chromosome inactivatiSrSimilarly, RNA pulldowns targeting
SARS-CoV-2 viral RNA identi ed over a hundred human proteins that speci cally bind the viral
RNA, including both well-known and unexpected RBBSAnother recent RNA-centric method,
Oligonucleotide-mediated proximity-interactome mapping (O-MAP), uses FISH-like probes to de-
liver proximity-biotinylating enzymes to target RNAs in situ, enabling precise identi cation of
nearby biomolecules (e.g. proteins and RNA molecules) without genetic manipuigtias such,
O-MAP provides a multi-omic view of RNA-associated proteins, transcripts, and genomic loci.

It is important to note that these techniques use ensemble measurements. This implies that the
identi cation of two RBPs on the same RNA species does not necessarily indicate co-binding to
the same molecules. However, in the future, clever experimental designs that complement these

techniques with single-complex resolution approaches will address these limitations.

1.3.6 Let's get some idea of what is actually happening: high-throughput functional screens

and assays

As RNP interactome maps are becoming more comprehensive, researchers are interested in the
functional consequences of these interactions. To address functional questions more comprehen-
sively, systematic functional screens are being used more widely. High-throughput genetic screens
(CRISPR or RNAI) can pinpoint RBPs that affect a particular readeuwgt, @ uorescent reporter
for mRNA splicing or stability, or some cellular features of interest such as stress granules). For
example, the Yeo group used a pooled CRISPR screening approach combined with microraft array
imaging (CRaft-1D) to identify RBPs that regulate stress granule formation, demonstrating how
image-based genetic screens can reveal previously uncharacterized RBP functions beyond tradi-

tional proliferation or survival assay8? Combining single-cell transcriptomics (scRNA-seq) with
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genetic perturbations, and RBP perturbation speci cally, can pro le how knocking down or edit-
ing an RBP affects gene expression at high throughput, which helps to infer RBP function, while
potentially even accounting for cell-to-cell variabil#§11%1For example, the Satija group devel-
oped CPA-Perturb-seid? In this targeted single-cell CRISPR screen, they perturbed 42 known and
potential cleavage and polyadenylation (CPA) factors, which revealed how distinct components of
the nuclear RNA processing machinery regulate polyA site selection. Other recent screens have
used more elaborate reporter constructs, for example to identify splicing factors and determine if
their binding has positional effects on various alternative splicing evéfts.

The assays described above assess the function of trans-acting factors, namely RBPs. How-
ever, complementary approaches exist to investigate the cis-regulatory elements - speci ¢ RNA
sequences that serve as platforms for regulation. Among these, massively parallel reporter assays
(MPRAS) offer a powerful method to systematically test the regulatory activity of RNA cis ele-
ments. In MPRAS, tens of thousands of synthetic RNA sequences (e.g. 3'UTR variants) are intro-
duced into cells, and their effects on gene expression — e.g. via transcript abundance or translation
ef ciency — are measuredn masseBYy analyzing which sequences drive high or low expression,
one can infer both the regulatory sequence elements and the likely RBPs intbivEdFor in-
stance, an MPRA might reveal that inserting multiple copies of a certain motif leads to transcript
destabilization, pointing to an RBP that recognizes that motif as the likely causal factor. Cou-
pling MPRA results with RBP motif catalogs allows potential assignment of candidate RBPs to
each regulatory effectt* Complementary to MPRA assays, the Zhang group recently introduced
SpliceRUSH, a high-throughput CRISPR-dCas13d/gRNA screening approach that maps splicing-
regulatory elements by competitively binding to RNA regions, revealing how these elements con-
trol, for example, exon inclusion in their native sequence corttéxt.

In sum, high-throughput functional screening technologies provide a powerful and comple-
mentary perspective to the four mechanistic pillars discussed above. While the rst four pillars
emphasize the molecular interactions that underlie post-transcriptional regulation, high-throughput

functional assays begin to reveal the biological consequences of these interactions at scale. Each
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of the ve pillars contributes essential and distinct insights, but none alone is currently suf cient

to fully capture the complexity and context-dependence of post-transcriptional gene regulation.

1.3.7 The biochemist might not like it, but cell lines aren vitro: in vitro versusin vivo

In RBP biology, early discovery and method development are very often achieved in simpli ed
cellular systems, where experimental control is easier to achieve and scaling up is simpler. How-
ever, moving from cells to tissues and whole organigmsvo is considerably more challenging.
Simpli ed in vitro conditions might bias physiological stoichiometry, mask cellular heterogene-
ity, and limit spatial, developmental, or activity-dependent regulation. As a result, interactions
that may appear robust vitro may be actually rewired, buffered, or entirely absent in native tis-
sues, particularly in complex systems such as the nervous system. A broad range of technologies
has been developed to elucidate RBP networks at the cellular level, and while most of the above-
mentioned methods were initially applied in cell lines, many have also been adapted far use
vivo in animal models or in human or mammalian tissues. For example, methods that identify
RBP binding sites on target RNAs (CLIP-seq, TRIBE, etc.) have been used across a range of
tissues and animal modet&30:5%.120\iethods that conversely identify RBPs bound to speci ¢ se-
guences of interest (SELEX, O-MAP, etc.), as well as general RBP identi cation methods that cat-
alogue RNA-interacting proteins (XRNAX, SLAM-seq, etc.), have also been modi ed or applied
for in vivo applicationg#108.121-12prgtein-protein interaction capture methods (IP-MS, proxim-
ity labeling, etc.) and proteomics methods to capture post-translational modi cations or proteome
turnover have been well established in tissue sampfes®Finally, imaging approaches, includ-
ing single molecule (smFISH) and live imaging (MS2/MCP tagging) have been demonstrated in
model organisms such as C. elegans and zebra sh, with smFISH additionally being applied to tis-
suest3~139 while large-scale screens (CRISPR, RNAI) have been used across model organisms,
including mammal$#%-141Continuing methodological advances will increase our ability to more
completely map RBP networke vivo, mirroring the information that can currently be captured

for in vitro cellular systems.
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1.3.8 Outlook: towards integrative and dynamic models of RBP networks

As the toolkit for studying RBPs has grown, so too has our appreciation of the dynamic,
systems-level nature of post-transcriptional gene expression regulation. We have now reached
a turning point where descriptive, static datasets can give way to integrative and predictive models

of RBP networks. Several challenges de ne the road ahead.

1.3.9 From snapshots to movies: spatiotemporal regulation and conditional speci city

Most existing data about RNP networks provide a snapshot of RBP interactions under one
condition. The next step is to capture how these interactions change over time and/or between
cellular states. This will for example require the integration of methodologies that track RBP-
RNA and RBP-protein interactions across different stimuli or developmental stages and eventually
in live cells Fig. 3).

For example, time-resolved CLIP or pulse-chase labeling could monitor the dynamics of RBP
binding during a cellular transition such as stress response or cell differentiation. These types
of data might be achieved via some form of combined RNA labeling and CLIP, such as CLIP
on samples with short pulses of 4-thiouridine (4sU) RNA labeling followed by different chase
times, or CLIP against target RBPs that have been tagged with an inducible proximity-labeling
enzym@&@294142where only those RNAs bound during the proximity labeling pulse are labeled.
From the proteome perspective, time-resolved proteome pro ling can be used to capture the step-
wise assembly and disassembly of RBP complexes, as demonstrated by a recent study of stress
granule formation and dissolutidi;one important requirement for such approaches, however,
will be the ability to synchronize the cellular process being investigated as the data will still re ect
ensemble measurements. By incorporating the temporal dimension, we move from static networks
to ‘'movies' of RBP interactions, revealing transient players and timing cues that are invisible in
endpoint assays.

To achieve "movie'-like RNP resolution spatial information is needed in addition to temporal

information. RBPs function in speci ¢ subcellular locales — the composition of an RNP in the
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Figure 1.3: Data integration across time, datasets, and molecular layer3o picture the dynam-

ics of RBPs during a biological process.g, neuronal differentiation), complementary datasets
that capture distinct aspects need to be combined. For example, integration of two different molec-
ular layers (protein-RNA and protein-protein interactions) enables data-driven interpretations of
how speci ¢ RBPs, post-translational modi cations, and protein-RNA contacts cooperate to regu-
late distinct transcripts at each stage of the biological process of interest.

nucleus can differ from that on the same RNA in the cytoplasm — and RBPs can have multiple
spatially-distinct functiong? For example, in addition to its canonical splicing role in the nucleus,

the splicing factor SNRNP200 has a secondary stress granule associated role in the cytoplasm,
with distinct protein interactors, binding motifs, and RNA targétSpatially resolved RBP net-

works can be generated using techniques such as compartment-speci ¢ interactomé’capture

in situ RNA proximity labelin§®. Integrating these data across cellular compartments will enable
mapping distinct subnetworks of RBPs operating in the nucleus, cytosol, stress granules, neuronal
axons, etc., with each context having its own set of RBP interactions and regulatory logic.

An important factor that will need to be incorporated into studies using both currently available
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methods and future approaches is the function of RNA modi cations and post-translational modi -
cations (PTMs) of RBPs. There are countless individual examples of how these modi cations alter
the function, localization, and interaction partners of RNAs and RBPs in response to a wide range
of stimuli.*43144Consequently, these RNA and protein modi cations add an additional dimen-
sion of complexity to the project of achieving ‘movie'-like resolution of PTRNs that needs to be
addressed. Modi cations can be taken into account via the use of antibodies against modi ed pro-
tein residues or RNA nucleotides or by direct methods to measure them. This information can be
mapped directly - for example, to identify the PPIs or RNA targets of a modi ed protein, or to iden-
tify the RNA modi cations within a subcellular compartment - or layered with other methods such
as imaging approaches that follow modi ed residues in relation to other molecules in real-time and
at single-molecule resolution. RNA modi cations can be measured at single-nucleotide resolution
by chemical reactivity methods, such as MAZTER-$&M6A-SAC-sed-*® and GLORH/ for

m6A; Pseudo-set(®14° -seq!® and PSI-setp! for pseudouridine; and bisul te sequencing for
m5CL>2. However, these methods rely on the accessibility of the modi ed residue so RBP-bound
modi cations, for example, would not be captured if these methods were combined directly with
current standard CLIP-seq approaches. Inventive work-arounds will need to be developed to be
able to generate such multi-layered data. Similarly, PTMs can also be measured at the proteome-
wide scale by enrichmene(g. phospho-enrichment) followed by MS, and these measurements
can, for at least some modi cation sites, identify which speci c residues are modi ed. While
recent progress has increased our ability to map PTMs onto protein complexes and their effect
on PPIs}®3 we still lack the suite of tools that will enable comprehensive mapping of PTMs and
identi cation of their impact on molecular interactions across dynamic processes. For example,
tagging a PTM-recognition domain, or RNA modi cation reader protein with a proximity labeling
enzyme would enable spatial and temporal labeling of the neighborhood around modi cations and
would be a useful tool that could be combined with other methods to determine the PPIs and RNA
interactions of RBPs. Looking forward, such novel methods will need to be developed to enable

the capture of modi cations in their molecular context within RNPs and across time, space, and at
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high resolution.

The ultimate goal will be to gather a four-dimensional atlas (3D space over time) of RNP
interactions in cells. Achieving this will require both experimental innovation (to label and ob-
serve RNAs and proteins at high spatiotemporal resolution) and computational tools to integrate
multi-dimensional data and, potentially, Il temporal gaps that cannot be solved experimentally.
As an example, one could imagine an integrated model of an mRNASs journey: from being co-
transcriptionally bound by splicing RBPs in the nucleus, handed off to export factors, then to
cytoplasmic stabilizers or translators, and eventually to decay machinery - all orchestrated by a
network of RBPs that engage at the right place and time. These atlases can then be comple-
mented by additional information about the functional consequences of these interactions, such as
the turnover rates of RNAs and protefis3>136:154-15¢yhich will add an additional quantitative
measure of the temporal dynamics - one which is becoming increasingly relevant in disease and
aging contexts. Developing and expanding “4D atlases” across cell types, stimuli responses, de-
velopment, and disease states seems a big challenge, but it will be required to understand how cells
rewire post-transcriptional regulation to meet physiological demands. Yet, with the accelerating
pace of technological and computational advances, this ambitious vision is gradually becoming an

achievable reality.

1.3.10 Integration and computational modeling

As the volume of data from large-scale omics approaches continues to grow, a major chal-
lenge is the integration of multi-omics datasets into coherent network models that can reveal the
functional logic of post-transcriptional regulation. Such integrative analyses have, for example,
clari ed the splicing networks controlled by the Nova and Rbfox famifi¢’s>8and provided in-
sights into how alternative splicing is regulated during neuronal development and across distinct
neuronal cell type$2180 |n addition, a recent multi-lab study demonstrated the power of this
multi-omics strategy by de ning functional regulatory modules of RBPs through the integration

of protein interaction data, RBP-RNA binding maps, and transcriptomic changes following RBP
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perturbationg8 This integrative framework enabled the inference of causal relationships - identi-
fying groups of RBPs that jointly regulate speci c transcripts or pathways, and showing how the
composition and activity of these RBP modules can shift in a context-speci ¢ manner, with indi-
vidual RBPs participating in distinct regulatory complexes depending on cellular conditions. This
work serves as a blueprint for future multi-omics approaches aimed at deciphering RBP féhction.

Recent experimental advances have made it feasible - even for individual laboratories - to
generate matched datasets that include RBP-RNA and RBP-protein interactions, along with tran-
scriptomic responses to RBP perturbation, setting the stage for the integrative analyses discussed
above. Machine learning is already playing - and will continue to play - a central role in ex-
tracting insight from these complex, multi-dimensional datasets. Foundational Al approaches like
AlphaFold®! have dramatically improved our ability to predict protein structure and, increasingly,
protein-protein interactions. While accurate prediction of protein-RNA and even protein-protein
interactions for RBPs remains challenging, the rapid growth in available training data is expected
to signi cantly improve model performance in the coming years - potentially enabling prediction
of dynamic interaction changes across different cellular states. Early success in this direction has
already been demonstrat&#:1%3For example, deep neural networks such as HDRNet can inte-
grate sequence, structure, and experimental binding data to predict RBP binding pro les and how
they vary across cell types and conditidfdIn parallel, expanding on existing graph-based ap-
proaches that have been used to model RBP-RNA interactions as bipartite netivSrikyill
enable the identi cation of key regulatory nodes, co-regulated RNA modules, and patterns of com-
binatorial control. As more high-resolution datasets become available and computational models
grow more sophisticated, these approaches will be essential for distilling complexity into testable
hypotheses.

Additionally, despite rapid technological progress, it remains a challenge to reconcile insights
obtained fromin vitro or simpli ed cellular systems with the behavior of RBP netwonksyivo.
In addition to future experimental advancements, integrative and computational modeling frame-

works provide a natural avenue to address this gap by explicitly treating RBP interactions as
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context-dependent and probabilistic rather than xed. By integrating data across experimental
systems, perturbation regimes, and biological scales, such models can identify which interactions
are conserved across contexts, which are condition-speci ¢, and how network states shift between
in vitro andin vivo environments. Ultimately, closing this gap will require not only more phys-
iologically relevant datasets, but also models that can accommodate abstraction, uncertainty, and
emergent behavior when extrapolating from controlled experimental systems to intact organisms.
Importantly, all these integrated network analyses are indeed revealing that many RBPs are
pleiotropic, performing multiple, context-dependent roles rather than acting through a single, xed
mechanism. Future models will need to account for this functional modularity and complexity,

embracing the dynamic and conditional nature of RBP activity in diverse cellular environments.

1.3.11 Higher throughput and completeness

An important ongoing trend is the increase in throughput and breadth of RBP studies. To truly
capture systems-level networks, we will eventually need to cover most (if not all) RBPs and their
interactions. Projects like ENCODE have mapped >350 RBPs by CLIP, but hundreds more await
pro ling. ** New high-throughput techniques (such as multiplexed CLIP via SPiDRABC?’)
will accelerate the completion of the RBP-RNA interactome, potentially allowing routine pro ling
of many RBPs in a cell type within one experiment. The future development of the split-and-
pool approach used in SPIDR, for example, could potentially address the problem of capturing
interactions at single complex resolution at a large scale. This could be achieved by increasing
the dimensionality of the captured complexes from an RBP and its RNA targets to multiple RBPs
binding the same RNA target by more completely labeling the components of the RNPs.

Similarly, systematic RBP-protein interactomes (using approaches like high-throughput IP-MS
or proximity labeling of many baits in parallel) will Il in the missing edges in the network. As
these interaction datasets become more comprehensive and capture diverse cell states and cell
types, they will feed into better integrative models and also highlight the most physiologically sig-

ni cant interactions. Notably, with greater throughput comes the ability to examine perturbations
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in combinations: rather than only knocking down one RBP at a time, researchers can begin to
perturb pairs or sets of RBPs to systematically test how network nodes function together. This will

help move beyond correlation to causation in RBP networks.

1.3.12 Toward predictive understanding

A long-term goal of RNP biology is to develop a predictive, quantitative understanding of
post-transcriptional regulatory networks on par with transcriptional networks. In transcription, we
now have predictive models for how combinations of transcription factors control gene expression
programst®4-166For RBPs, achieving similar predictive power would mean we could, given a set
of RBPs and an RNA, forecast the stability, localization, or translation of that RNA in a given
context. This will likely require both data-driven and mechanistic modeling. On one hand, large
integrated datasets analyzed using statistical or mathematical frameworks - or with the help of
Al-driven approaches - may uncover recurring patterns or network motifs (such as feed-forward
loops, feedback loops, competitive modules, etc.) in RBP networks, pointing to underlying gen-
eral principles of post-transcriptional regulation. On the other hand, detailed kinetic modeling of
particular RNP assemblies (in the spirit of systems biology models for metabolic or signaling net-
works) could quantify how an mRNAs half-life or translation rate emerges from the binding and
action of multiple RBPs.

Encouragingly, we are already seeing cases where multi-RBP models improve understanding —
for instance, models of ARE-mediated mMRNA decay that include both stabilizing and destabilizing
RBPs can explain ARE-mediated gene expression changes in processes such as in ammation better
than single-factor modef8, and mRNA levels can be better modeled by taking into account the
co-regulatory cross-talk of RBPs in transcription and dé€4yAs more experimental feedback
re nes these models, we move closer to a true systems biology of RNA. In such a framework,
one could simulate how a cell's RBP network state changes under stress or disease, and what

post-transcriptional effects would ensue.
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1.3.13 Disease

Embracing the complexity of RBP networks is not just an academic exercise to try to under-
stand gene expression regulation; it has practical implications for human health. Many RBPs are
being investigated as therapeutic targets in diseases, such as in cancer and neurological disorders.
However, a recurring challenge is that targeting one RBP can have unforeseen, pleiotropic effects
or limited ef cacy, owing to the redundant and compensatory nature of RBP net#Srksr in-
stance, in cancer, an RBP that stabilizes pro-oncogenic transcripts might seem like an ideal drug
target - but if another RBP can bind the same transcripts when the rstis inhibited, the cancer cell
may bypass the drug's effect. This partly explains why some drugs or antisense oligonucleotides
against single RBPs have shown modest success: the interconnected network dampens the impact.

Similarly, in neurodegenerative diseases like ALS or FTD, pathogenesis involves RNP granule
dysregulation with multiple RBPs (TDP-43, FUS, etc.) misbehaving; a one-gene-one-phenotype
therapeutic approach often falls short in such multifactorial scen#9d€°Thus the complexity
of RBP regulatory networks and potential off-target effects are major challenges in developing
RBP-targeted therapié&®171Going forward, strategies that account for the network - for example,
targeting a critical node that affects multiple RBPs, or modulating a downstream process common
to a network of RBPs - may be more fruitful. Alternatively, combinatorial interventions (akin to

multi-drug regimens) might be needed to simultaneously tweak several RBPs or pathways.

1.4 Protein-protein interaction capture to generate large-scale interaction networks

1.4.1 Current methods used for large-scale applications

As described above, one of the core pieces of information that will be needed to develop these
4D atlases of RBPs is the protein-protein interactions formed by RBPs and how they vary spa-
tiotemporally, and across dynamic processes. Thus far, the ability to capture protein-protein inter-
actions has been vital in improving our understanding of protein functions and protein-mediated

regulation. The general principle underlying these approaches is that "your friends will tell us who
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you are'; for example, if an unknown protein X is found to interact mostly with splicing factors, the
likelihood that it too has a splicing-associated function is higher. Thus, protein-protein interaction
studies are often used to generate hypotheses of protein function that can then be tested through
molecular follow-up experiments. Multiple different approaches have been used to capture PPI
information’’?~174including immunopuri cation-mass spectrometry (IP-MS), proximity labeling-
mass spectrometry (PL-MS), co-fractionation-mass spectrometry (CF-MS), and cross-linking mass
spectrometry, each with their own pros and cofeble 1.1]. There are two major considerations

of these methods - the resolution of targeted versus global methods, and whether to capture in situ

versus in-lysate interactions.

Table 1.1: Pros and cons of current MS-based PPI capture methods.

IP-MS immunopuri es a protein of interest (using either a tagged protein and the antibody
against that tag, or an antibody against the endogenous protein) and measures the puri ed proteins
by mass spectrometry, identifying the target protein and any co-puri ed proteins which are usually
interpreted as interacting proteins. While IP-MS is the most widely used method, is relatively
robust and simple to apply, and is able to capture low-stoichiometric interactors, it relies on either
tagged-protein lines or good endogenous Abs, is dependent on somewhat arbitrary cutoffs in the
analysis determining interactors, is performed on lysates rather than in living cells, and captures
only binary interactions instead of complex membershThe dependence of AP-MS on Abs
or tagged lines leaves the method open to important sources of noise; Abs can bind secondary
targets or bind epitopes that exclude certain interactors or protein conformations, while tagged

proteins are often exogenous under over-expression promoters and the locations of the tags can
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impair protein function or inhibit protein interactions. IP-MS experiments also often have high
background signal which may be true interactors or common noise proteins that are very sticky
or highly abundant; the CRAPome repository has catalogued these potential noise proteins across
many IP-MS experiments, however it is not clear if these proteins are true noise or also contain
promiscuous, but biologically relevant, protets.

PL-MS in contrast, captures in situ interactions in living cells. Brie y, a modi ed biotin ligase
or peroxidase enzyme is tagged to a protein of interest, and the enzymatic activity is induced,
usually in a short pulse so that only the proteins in the direct vicinity of the tagged protein are
labeled:; the labeled proteins are then puri ed and measured by mass spectroifetryMS has
also been used to map subcellular compartment speci ¢ proteomes, an important step towards
understanding the spatial regulation of cellular proteoffies.

CF-MS uses sample fractionation followed by mass spectrometry and statistical analysis to
identify co-fractionated proteins, of which a subset is then statistically determined to be interact-
ing proteinst’® The fractionation methods range from size, to pH, to hydrophobicity and some
papers have even used multiple methods in parallel to improve the resolution of the identi ed
interactions'’® Limitations of CF-MS methods include the use of FDR-based analysis and that the
resolution limits of the CF method can make it dif cult to distinguish true interactors from proteins
that happen to co-elute; however, they have the bene t of being global and thus providing cell-wide
interactome capture and do not require Abs, tagged lines, or control conditions.

Finally, cross-linking mass spectrometry, uses in situ crosslinking to link proteins in living
cells18%-183The proteins are then measured by mass spectrometry, sometimes after AP or CF to
separate interacting modules, and the crosslinked residues are identi ed in the MS signal, enabling
the identi cation of both interactors and the speci c interacting residues. Cross-linking mass spec-
trometry preserves native and transient protein interactions, provides residue-level spatial restraints
for structural modeling, works on large or heterogeneous complexes, and can be combined with
other methods to map interactomes in near-physiological contexts. However, it faces challenges

including incomplete cross-link coverage, identi cation complexity, potential artifacts from over-
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cross-linking, and specialized data analysis requirements that can limit sensitivity and throughput.
Cross-linking has also been combined with other methods such as IP-MS and CF-MS to stabilize

interactions or provide residue-level resolution of PPfs8>

1.4.2 Antibodies: essential but awed experimental tools

Antibodies (Abs) are central to much of the study of proteins, and while they are currently
our best tool, they have some important drawbacks of which one must be codfifza#iFirstly,
Abs can have off-target binding to which researchers are often blind; for example, in AP-MS if
an Ab against protein A also binds protein B, most researchers will assume that protein B and
its interactors are actually interactors of protein A since there is no way to tell from the data that
protein B is a secondary target of the Ab. Secondly, Abs can fail to work across assays, cell types,
or even production batches. This necessitates that researchers validate their Abs in every system,
condition, and experiment in which they plan to use them, adding at least one additional step to
Ab-based experiments. Finally, Abs are expensive, which for many labs is the limiting factor to

their use.

1.4.3 A brief overview of RBPs in recent large-scale PPI network studies

Systematic large-scale efforts to characterize PPIs across cell types, such as OffeBiGell,
ID,86.87.190BjoPlex,>~’" and the Human Interactortié used IP- or PL-MS approaches and re-
lied on fusion of af nity tags, PL enzymes, and bait over-expression, which can produce non-
physiological interactomes and confound analysis of the stoichiometries between interaction part-
ners, however did enable the mapping of tens to hundreds of thousands of PPIs. While some
of these networks do have considerable RBP bait representation, they fail to assess the RNA de-
pendency of these interactions, and therefore cannot distinguish between direct or RNA-mediated
interactions, which is an important factor in understanding RNP dynamics. RBP-focused PPI net-
works also have similar limitations, including lack of RNA-aware interaction information and use

of exogenous tags on bait RBE¥.For example, the yeast two-hybrid screen (rec-Y2Hyen-
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erated RNA-independent pairwise binding maps of 978 human RBPs, however the incorporation
of nuclear localization signals in each protein likely resulted in some spurious interactions. An

approach similar to that we applied to build our RNA-aware RBP interactome (Chapter 2) was

recently used in yea$8® however such an approach has, to our knowledge, not be used to build a

large-scale interactome in human cells.

CF-MS approaches — many using size exclusion chromatography followed by mass spectrom-
etry (SEC-MS) — have also been used to generate large-scale intera¢®8m&CF-MS com-
plements IP-MS as it can build an interaction network that detects complexes and not only binary
bait-prey interactions. CF-MS methods have been used to study RBPs but not to map RBP PPlIs
speci cally. R-DeeP applied sucrose density gradients in the presence and absence of RNase
to de ne the RNA-dependent proteome but was primarily used to identify proteins that interact
with RNA, through a shift in the elution pro le between conditiof¥8.Similarly, DIF-FRAC sys-
temically characterized known protein complexes as RNA-associated in HEK293XT and mouse
embryonic stem cells by applying SEC-MS in RNase treatment versus control condffions.

As technical limitations of global cross-linking MS methods are still being addressed, there are
currently no RBP-focused X-linking-MS interactomes however initial larger-scale PPl networks in
human cells demonstrate how this method can be used in future to complement other PPI capture
methods-8°202

Finally, some interactomes, like the one we generated for RBPs across the mRNA life cycle
(Chapter 2), integrate multiple methods to increase the con dence in the reported PPIs and add ad-
ditional layers of information such as complex membership or subcellular localization. OpenCell
used GFP-tagged bait proteins for IP-MS and to image the localization of the bait pfo8in-
ilarly, a recent multimodal cell maps study in U20S osteosarcoma cells used IP-MS and imaging
of the bait localizations using endogenous Abs; this interactome was further enhanced by SEC-MS
and the nal interactome integrated all three datad®&t#nterestingly the structural analysis of the
network generated in OpenCéifound that RBPs form a distinct subcellular module, and the in-

vestigation of the network connectivity of the Human Interactbthfound that sub-stoichiometric
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interactions are key links within a larger network, connecting stable functional modules. These re-
sults highlight the importance of both studying RBPs speci cally, and capturing the full range
of a protein's interactions, including those that are less abundant or less stable, when trying to

understand RNP regulation.

1.4.4 Addressing the throughput limitation of current methods with a novel approach -

SPRINT-MS

While there is promise in the development of global PPI capture methods such as CF-MS, there
is still currently a need for the higher speci city that can be achieved via IP-MS based capture
methods. Applying these methods on large-scales, however, requires signi cant effort, resources,
and input material. As demonstrated by the large-scale interactomes highlighted above, and our
RBP interactome (Chapter 2), mapping PPIs comprehensively across even one cell type and cell
state is a mammoth effort. To understand post-transcriptional regulation processes however, we
need comprehensive PPl maps across many dimensions including cell states, cell types, and dy-
namic processes. Furthermore, between any of the large-scale PPI networks referenced above, the
average percent of PPIs that are identi ed between methods is ~20-30% (see Chapter 2 Methods-
Benchmarking the Network); this highlights the high levels of variability in the PPIs detected be-
tween studies even in the same cell type - variability which can be due to true biological differences,
experimental differences, or noise. Therefore, there is a need to increase the throughput of IP-MS
PPI capture experiments, so that multiple conditions and targets can be compared directly. To ad-
dress this limitation, we have developed SPRINT-MS (SParse Reconstruction of INTeractions by
Mass Spectrometry), an integrated experimental and computational platform that combines pooled
IP-MS with sparse signal reconstruction to increase the throughput of IP-MS by an order of mag-
nitude (Chapter 3). This method lIs a gap in the current methods by providing high-speci city
interactions at medium scales (~30-100 bait proteins of interest). For example, if we had used this
pooled IP-MS method to build our RBP interactome, instead of performing ~1600 individual IP

experiments that we multiplexed into ~125 TMT mixes for mass spectrometry measurement, we
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could have theoretically pooled our 100 baits in two conditions (RNase +/-) into 40 pools and mea-
sured those pools to generate the same data. This new approach is essentially a pooling and pooled
signal-deconvolution method, which has a wide range of applications. We demonstrate that it can
be used to perform pooled IP-MS experiments on both pooled Abs and pooled lysates (where each
lysate has a different protein tagged with the same tag), however it can theoretically be applied to
a wide range of samples including proximity labeled samples, CRISPR screens, cellular fraction-
ation samples, and could possibly even be used to perform CLIP experiments in high throughput

without the need for split-and-pool multiplexing as in SPSR

1.5 Conclusions

In conclusion, the study of RBPs is evolving from cataloging individual protein-RNA and
protein-protein interactions to deciphering an integrated network of RNP regulation. Evidence
now shows that RBPs operate in a highly interconnected, dynamic manner with spatiotemporal and
conditional differences. By leveraging emerging technologies - from multiplexed binding assays
and high-resolution imaging to single-cell and computational integration multi-omics datasets -
our community begins to be equipped to map and study these RNP networks with unprecedented
depth and clarity.

Future steps are ambitious: rather than static lists of interactions, we aim to assemble 4D dy-
namic functional models that explain how RBPs cooperate and compete over time to ne-tune
gene expression in changing cellular environments. Such models will not only enrich fundamen-
tal understanding of post-transcriptional gene regulation, but may also offer insights into disease
mechanisms and treatments and suggest new ways to modulate gene expression by targeting RBP
interactions. In summary, RBPs should be seen not as solo actors but rather as nodes in dynamic,

context-responsive networks that we can now begin to comprehensively chart.
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2.2 Graphical Abstract and Highlights

Highlights

RBP-centric RNA-aware PPI network of the mRNA life cycle in human cells

Life cycle stages assigned to network proteins, wii®% linked to multiple stages

Highly connected ERH affects nuclear speckle organization and mRNA export

SNRNP200 interacts with stress granules and has distinct cytoplasmic RNA occupancy
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