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Abstract

Eukaryotic transcription factors (TFs) activate gene expression by recruiting cofactors to
promoters. However, the relationships between TFs, promoters and their associated cofactors
remain poorly understood. Here, we combine GAL4-transactivation assays with comparative
CRISPR-Cas9 screens to identify the cofactors used by nine different TFs and core promoters
in human cells. Using this dataset, we associate TFs with cofactors, classify cofactors as
ubiquitous or specific, and discover transcriptional co-dependencies. Through a reductionistic,
comparative approach, we demonstrate that TFs do not display discrete mechanisms of
activation. Instead, each TF depends on a unique combination of cofactors, which influences
distinct steps in transcription. In contrast, the influence of core promoters appears relatively
discrete. Different promoter classes are constrained by either initiation or pause-release, which
influences their dynamic range and compatibility with cofactors. Overall, our comparative
cofactor screens characterize the interplay between TFs, cofactors, and core promoters,

identifying general principles by which they influence transcription.
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Introduction

Regulation of gene expression allows different cell states to arise from a single genome. This
process is coordinated by transcription factors (TFs), which use DNA binding domains to
recognise DNA sequences, and specialised activation domains (ADs) to recruit the
transcriptional cofactors (cofactors) required for gene regulation!-2. The recruited cofactors can
remodel chromatin, modify histones or act as multi-subunit protein complexes that link with
the transcriptional machinery?. Importantly, cofactors do not demonstrate DNA sequence

specificity and are generally recruited to specific loci by TFs.

Despite decades of research, our understanding of why certain cofactors are needed by different
TFs remains incomplete!*>. Structural approaches, which have been critical in characterising
the DNA binding domains of TFs, have been unable to provide insights into function of ADs
as they are often unstructured™. Moreover, since transcription is such a complex process,
traditional functional approaches are generally unable to deconvolute how each of the various
regulatory inputs (such as the activating TF, collaborating TFs, core promoter or cellular
context) influences which cofactors are used. Thus, exploring how TFs and core promoters
influence the mechanisms of transcription requires a reductionist approach, where ADs and
promoters can be isolated and studied independently of other variables.

In recent years, such systematic, synthetic approaches have provided important insights’!!.
For example, a recent study assessed the requirement for individual cofactors across thousands
of promoters and enhancers, identifying widespread variation in cofactor requirements®.
However, the reciprocal approach, to define the entire range of cofactors needed by individual
TFs or promoters, has yet to be performed!!2. Consequently, a number of key questions about

cofactor specificity and cofactor-promoter compatibility remain unanswered!->-!2-18,

Results

Establishing a transcription factor-based screening system

To address this challenge, we developed a screening system consisting of (i) a GAL4-DNA
binding domain fused to a transactivation domain of interest and (ii) a reporter containing
GALA4 binding motifs upstream of a mCMYV promoter driving a fluorescent reporter (Extended
Data Fig.1A-B). This reductionistic design controls the promoter and DNA-binding element to
isolate how the activation domain alters the cofactors used for transcription. To enable

investigation of all transcriptional regulators, including those required for cell survival, our
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reporter construct contains an unstable GFP!?. Using this reporter, we observed a dramatic
reduction of fluorescent signal within 24 hours (hrs) of transcription inhibition, prior to cell
death (Extended Data Fig.1C-D) and detected complete loss of expression upon knockout (KO)
of the catalytic subunit of RNA polymerase II (POLR2A4) (Extended Data Fig.1E),

demonstrating our ability to identify common-essential proteins necessary for transcription.

We decided to investigate the cofactors needed by a representative set of nine transcription
factors with diverse and important functions in synthetic biology, development and disease.
These include VP64, c-MYB (MYB), EWSR1 (EWS), p65 (NF-«B), p53, IRF1, PU.1,
NOTCH and glucocorticoid receptor (GR). The AD regions used were largely unstructured,
enriched for acidic, proline and glutamine residues, and previously shown to have activation

potential (Extended Data Fig.1B and Supplementary Table 1,2).

To perform genetic screens using these ADs, we developed an isogenic, constant reporter line
by lentiviral integration of the reporter construct at high multiplicity of infection (MOI) into a
Cas9-K562 clone. Polyclonal, high MOI integration enabled detection of the unstable GFP,
while also reducing the potential for technical artefacts associated with a single integration site.
To illustrate the robustness of our approach, firstly, we introduced our reporter into the
endogenous A4 V'S safe-harbour locus and validated hits identified from our screens (Extended
Data Fig.2A). Secondly, we developed an independent reporter line through a separate viral
transduction, which is unlikely to share the same integration sites. We observed a very high
correlation (r=0.918, Pearson) between screens performed on lines derived from separate
transductions (Extended Data Fig. 2B). Lastly, we replicated the screen using an insulated
reporter introduced via piggyBac integration. In this setting, the AD is fused to an artificial
zinc-finger protein (ZFP), rather than GAL4, and recruited to an alternative DNA binding
sequence (Extended Data Fig.2C). Despite differences in the DNA binding domain and DNA
context, the results were highly correlated (r=0.830, Pearson) (Extended Data Fig.2C).

The nine GAL4-AD constructs were introduced into this constant reporter line, after which we
confirmed that GFP signal was completely GAL4 dependent (Extended Data Fig.2D). Some
TFs, such as VP64 and MYB, are known to be particularly dependent on certain cofactors. To

validate that we could capture this specificity, we confirmed that these ADs were
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disproportionately affected by loss of MED25 and p300 respectively?®2* (Extended Data
Fig.1E).

Having established the validity and reproducibility of our platform, we used the nine GAL4-
AD reporter lines to perform comparative CRISPR-Cas9 screens with a bespoke guide RNA
(gRNA) library targeting 1137 transcriptional regulators and chromatin-associated proteins
(Supplementary Table 3). To minimise technical variation, the screens were performed in
parallel, and cells with a reduction in transcription (as measured by GFP signal) were harvested
at three timepoints (Day 5, Day 6, Day 7 post guide library infection). Isolating at multiple
timepoints enabled robust quantitative comparisons of the effects of different cofactors on AD
activity (Extended Data Fig.3A, Supplementary Note 1). Altogether, we identified 239 genes
in the library as significantly enriched for at least one of the nine ADs (Supplementary Table
4). As expected, hits clustered together by STRING analysis, with enrichment for RNA
polymerase initiation and elongation, Mediator complex, SWI/SNF components and

SET/COMPASS family members (Extended Data Fig.3B-C).

To confirm that we could separate transcriptional effects from effects on viability, we
intersected the screen hits with dropout data from matched samples. Approximately 30% of
genes required for cell growth were not significantly enriched in any AD screen (Extended
Data Fig.3D). Similarly, integration with DEPMAP, identified that many common-essential
cofactors were not enriched for any AD (Extended Data Fig.3E). We also confirmed that there
was not substantial dropout of essential genes at the screen timepoints (Extended Data Fig.3F-
G), and essential genes did not display more variability relative to non-essential genes
(Extended Data Fig.3H). Together this demonstrates that our screens can identify essential
transcriptional regulators, divorcing their contribution to transactivation from their requirement

for cell viability.

Overview of the specificity of TF-cofactor interactions

To represent this large dataset, we developed a spoke and wheel plot to provide an overview
of dependence on key transcriptional regulators across the 9 ADs (Fig. 1). As expected, the
entire RNA polymerase II (RNA Pol IT) complex is necessary for all of the ADs (90/90 possible
enrichments). As are components of the preinitiation complex, such as TFIIA, TFIIB, TFIIE,
TFIF, TFIIH, the FACT complex and DSIF components. Beyond these core transcriptional
proteins, other coactivator complexes, such as Mediator, SET/COMPASS, Integrator,
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chromatin remodellers and transcriptional elongation components display more interesting

patterns.

Reassuringly, our approach identified several previously reported interactions between TFs and
cofactors, including MYB-p3002°24, MYB-TAF12%, VP64-MED25%!-2%| p53-CDK8%¢ and
NOTCH-WDR5?’ (Fig.1). In addition to these known interactions, several novel TF-cofactor
associations were observed. One that was particularly striking was a submodule of Integrator
containing INTS5, INTS2 and INTS8?® , which is especially important for NF-kB activity
(Fig.1, Extended Data Fig.4A). To confirm that INTSS is preferentially needed for the
endogenous activity of NF-kB, we treated K562 cells with TNF-a and assessed the effects in
control and INTS5 KO cells. By cell surface and ChIP-seq analyses, we also confirmed that
INTSS KO has an impact on endogenous NF-«kB activity (Extended Data Fig.4), illustrating

that our method was able to identify endogenous cofactor dependencies for specific TFs.

Exploring cofactor specificity across activation domains

Our comparative screens not only serve as an important resource, but also provide the
opportunity to obtain systematic insights into the transactivation process. To begin with, we
explored the relationship between cofactor specificity and quantitative contribution to
transcription. In general, we observed that cofactors that contribute broadly to activation by
most ADs, tend to display higher enrichment (Fig.2A). Interestingly, we observed very few
examples of cofactors with potent and highly selective requirement, with the notable exception
of NCOAI1, which is a major dependency for Glucocorticoid Receptor-mediated
transactivation. This suggests that, in general, TFs do not to have highly specific, dedicated

cofactors that contribute strongly to transcription.

A lack of potent, selective cofactors does not necessarily imply generic mechanisms of
transactivation. Instead, our data suggests that rather than using dedicated cofactors, ADs may
achieve specificity by using unique combinations of cofactors (Fig.1). To explore this
possibility, we first identified heterogeneously enriched cofactors across the 9 screens,
anchoring the analysis on cofactors that are not expected to be variable (i.e. RNA Pol II). This
analysis identified ~100 cofactors that display heterogeneity in their requirement, some of
which were enriched for a large number of ADs, such as p300 or CHD1, and others that are

enriched for few ADs, such as SETDI1B or NCOA1 (Fig.2B).
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To identify patterns in our data, we performed Pearson-based hierarchical clustering of the top
50 heterogeneous cofactors. The data was bi-clustered to identify ADs with similar patterns of
cofactor dependency and cofactors with similar patterns of enrichment across ADs (Fig.2C).
Clustering of ADs demonstrates, that for the most part, ADs do not separate into a small number
of discrete groups. Interestingly, Glucocorticoid Receptor clustered away from the other ADs,
perhaps due to its structured AD (Fig.2C, Extended Data Fig.1B). Similarly, clustering of the
cofactors was relatively indiscrete, with no clear co-dependency relationships identified
between distinct cofactor complexes. The few co-dependent clusters identified were within
large multi-subunit complexes, such as MED16, MED24 and MED25 (Mediator), and INTS2,
INTSS and INTSS8 (Integrator) (Fig.2C). Together, this suggests that, while certain ADs utilise
submodules of multi-subunit complexes, each AD is dependent upon a different combination

of cofactors.

To provide further confidence in these results, we selected eleven heterogeneous cofactors, and
independently quantified their contribution to transactivation by each AD. Overall, with some
minor exceptions, we observed a high degree of concordance between the enrichment scores
reported by the screen and the reduction in GFP signal in each respective AD line,
demonstrating that the heterogeneity is genuine and reinforcing the quantitative nature of the
screens (Fig.2D, Extended Data Fig.5). Importantly, the heterogeneity was reproduced using
rapid protein degradation and specific inhibitors at a much earlier timepoint (Extended Data
Fig. 6). We also confirmed that transcriptional regulation of the GAL4-ADs (Extended Data
Fig.7A-C), GAL4-AD protein levels and stability (Extended Data Fig.7D), or GAL4-AD
chromatin occupancy (Extended Data Fig.7E), are unlikely to be major contributors to the

cofactor heterogeneity observed.

Taken together, our screen and validation data illustrate that cofactor dependence across
different ADs does not conform to simple patterns. Instead, our data suggests that each AD

uses a unique set of cofactors to activate transcription (Fig.1, Fig.2C-D).

Co-dependency between Mediator tail 2 and the kinase module

While cofactors from distinct chromatin complexes did not show clear co-dependencies, our
Pearson-based clustering identified highly correlated, co-dependent cofactors within multi-
subunit complexes (Fig.1, Fig.2C). Clustering of all ~100 heterogeneous cofactors identified
strong correlations within tail 2 of the Mediator complex (MED16, MED23, MED24, MED25),
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CDK12 and its associated cyclin CCNK, subunits of the Integrator complex (INTS2, INTSS,
INTS8) and PAF1/WDR61 (Extended Data Fig.8A-B).

Due to its key role in transcription, we were particularly interested in co-dependencies observed
within the Mediator complex. Mammalian Mediator is organised into 5 major modules — head,
middle, tail 1 (upper tail), tail 2 (lower tail) and sub-stoichiometric kinase module?**? (Fig.3A).
Whilst structural composition has been well-characterised, functional relationships within the
complex remain poorly understood. Our data suggests that the head, middle and tail 1 modules
are ubiquitously enriched (Fig.3A), with most of the functional heterogeneity observed in the
tail 2 module, kinase module and MEDI, which is structurally positioned proximal to tail 2

(Fig.3A).

We noted that enrichment of tail 2 subunits is strongly correlated, and that they correlate with
the sub-stoichiometric kinase module (Fig.2C-D, Fig.3A, Extended Data Fig.8B). VP64, EWS,
NF-«B and p53 are highly dependent on tail 2 and the kinase module, while MYB and
Glucocorticoid Receptor are largely tail 2 independent and show minimal requirement for
kinase module subunits (Fig.2C-D, Fig.3A, Extended Data Fig.6A). To test whether this co-
dependency extends beyond our screening system, we performed RNA Pol II ChIP-seq upon
genetic deletion of tail 2 subunits (MED16, MED24, MED2S5), the kinase module (CDKS,
MED12, CCNC) and a core structural subunit (MED14) and assessed whether the effects were
correlated at endogenous genes. As expected?®?!, loss of the core subunit (MED14) led to a
marked, relatively uniform decrease in RNA Pol II levels (Fig.3B). In contrast, loss of tail 2
subunits (MED16, MED24, MED?25) or the kinase module (CDK8, MED12, CCNC) resulted
in disproportionate effects on particular subsets of genes (Fig.3B)32. Importantly, the effects of
disrupting individual tail 2 and kinase subunits were highly correlated, with clear concordance
between the rank order of genes effected by MED16, MED24, MED25, MED12, CDKS8 and
CCNC loss (Fig.3B-C). Consistent with our screens, correlation is strongest within tail 2, with
a minority of tail 2 dependent genes, not dependent on CDK8 and CCNC (Fig.3B-C).
Importantly, the co-dependency is highly specific to tail 2 and the kinase module, as there was

minimal correlation with disruption of the core (MED14 KO) (Fig.3B-C).

To confirm these results are likely due to direct functional interplay between these submodules,

we developed dTAG lines*® to rapidly degrade MED12, MED14 and MED25 (Fig.3D,
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Extended Data Fig.8C). Using these degron lines and a CDKS8 inhibitor, we monitored RNA
Pol II chromatin occupancy upon rapid perturbation of these subunits (Fig.3E and Extended
Data Fig.8D-F). Consistent with our CRISPR KO results, we confirmed a high correlation
between perturbations of tail 2 and kinase module subunits (MED12, MED25 and CDKS,
r=0.6-0.73, Pearson), with markedly less correlation with loss of the core (MED14, r=0.33—
0.45, Pearson) (Fig.3E). Taken together, our comparative screens uncover a previously
uncharacterised functional association within tail 2, and between tail 2 and the kinase module

of the Mediator complex.

TFs and cofactors influence different steps in transcription

As transcription is a multistep process that involves promoter opening, initiation, pausing,
elongation and termination, we hypothesised that TFs may recruit diverse cofactors to influence
different steps in transcription. To explore this hypothesis, we used ChIP-nexus* to precisely
map RNA Pol II on the reporter construct in each of the GAL4-AD cell lines. Remarkably,
when the reporter is activated by different ADs, we observed differences in the ratio of RNA
Pol II within the gene body, relative to the amount adjacent to the TSS (Fig.4A), suggesting
that TFs have different capacities to facilitate RNA Pol II initiation and elongation.

Importantly, the degree of elongating RNA Pol II was associated with enrichment of cofactors
involved in RNA Pol II pause-release (Fig.4A). Notably, the two ADs with the highest
elongation ratios, VP64 and NF-«B, were most dependent on major pause-release regulators,
NELF and Integrator (Fig.4A). Interestingly, each of these ADs were most dependent on
different regulators of pausing (Fig.4A), supporting the prospect of multiple, independent
pause-release checkpoints®®>. We also observed that other regulators of elongation, such as
CDKS8, CCNC, CDK9, CDK12, ELL1, PAF1 and CDC73, displayed a general correlation
between screen enrichment and the proportion of elongating RNA Pol II (Fig.4A).

While no cofactor alone is predictive of elongation potential, we were struck by the association
between the proportion of elongating RNA Pol II and dependence on Mediator kinase (CDKS)
and its associated cyclin (CCNC) (Extended Data Fig.9A-B). Based on the co-dependency
between CDKS kinase module and tail 2 of Mediator (Fig.2, 3), we considered the prospect
that some TFs, such as VP64, interact with subunits in tail 2 to engage the kinase module to

potentiate elongation®!. To test this idea, we assessed RNA Pol II in the VP64 cell line treated
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with CDKS inhibitor. Here, CDKS inhibition reduced the ability of the VP64-AD to potentiate
elongation (Fig.4B) whereas elongation was unperturbed by CDKS inhibition in cells
expressing MYB-AD (Fig.4B), which is not reliant on CDKS8 or tail 2 for transactivation
(Fig.2C-D, Fig.3A). Together these findings suggest that these submodules of Mediator are

preferentially used by certain TFs to facilitate transcriptional elongation?®.

Exploring the influence of core promoters on transcription

Transactivation requires cofactors to converge onto a promoter where RNA Pol II is loaded.
Our screens suggest that TFs recruit diverse sets of cofactors to potentiate different steps in
transcription. However, it remains unclear how the core promoter influences which cofactors
are needed. To address this, we adapted our screening system to vary the core promoter while
maintaining a constant activation domain (Nf-KB) (Extended Data Fig.10A). We chose to
study promoters containing different well-characterised core promoter elements: (i) TATA
box, (ii) TATA-like element with reduced affinity for TBP*7-3, (iii) Initiator sequence (Inr)
and/or (iv) polypyrimidine Initiator (TCT) sequence (Extended Data Fig.10B). These core
motifs are associated with different classes of genes, suggesting that they influence how their
associated genes are regulated*’. Many genes containing a TATA box have focussed promoters
that are tissue specific, have a large dynamic range and can be rapidly induced*' . In contrast,
the TCT element is present in housekeeping genes, primarily ribosomal proteins*, which are
often widely expressed across tissues and have a narrow dynamic range in gene expression®!.
Interestingly, previous reports indicate that these promoter classes are differentially responsive
to NF-kB’, suggesting inherently different mechanisms of regulation; an observation we

confirmed using our transactivation system (Extended Data Fig.10C)

We hypothesised that our comparative cofactor screens could demonstrate how different core
promoters influence cofactor requirements, while also providing mechanistic insights into
cofactor-promoter compatibility’. To this end, we created nine independent promoter lines and
performed the screens using the same experimental design described earlier (Extended Data
Fig.3A and Methods). The results of these screens are summarised with another spoke and
wheel chart, which provides a global overview of how core promoters influence the

mechanisms of transcription (Fig.5A, Supplementary Table 5).

Using the same approach as the AD screens, we began by isolating the most heterogeneously

enriched cofactors across 9 core promoters and performed Pearson-based hierarchical

10
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clustering to unbiasedly identify patterns in the data. Interestingly, this analysis separated the
highly responsive TATA/TATA-like promoters from less responsive TCT promoters,
suggesting that differential cofactor use underpins differences in compatibility (Fig.5B). In
stark contrast with the AD screens (Fig.2C), cofactor clustering across core promoters was
discrete (Fig.5B). Promoters containing similar core motifs displayed relatively similar
cofactor requirements, with cofactors clustering primarily based on their degree of dependence

at TATA/TATA-like or TCT promoters (Fig.5B).

Amongst the cofactors with differential enrichment between promoter classes were various
components of the TFIID complex. As expected, TBP was identified as a major requirement
for promoters with a TATA box (Fig.5A). Consistent with recent structural studies, in which
TAF11 and TAF13 form a bridge linking TBP to TFIID*, we identified that these two subunits
are also needed together with TBP. Notably, components of this submodule of TFIID were
largely not necessary for activation at TCT-containing core promoters (Fig.5A-C). At TCT-
containing promoters, we instead identified an increased dependence on TAF1, TAF2, TAF7
and TAFS, which are structurally co-located and interact with promoter elements in a manner
distinct from TBP (Fig.5A-C)*~*°. Our data suggests TFIID-mediated assembly of the pre-
initiation complex is required across all of these core promoters, however promoters lacking a

TATA box are more dependent on the TAF2/7/8 submodule for TFIID assembly.

We also observed that TATA/TATA-like and TCT promoters were differentially dependent on
submodules of Mediator (Fig.3), Integrator (Extended Data Fig.4) and several other cofactors
implicated in pause-release and elongation (Fig.1, FigdA, Fig.5A-C). Interestingly, these
cofactors were generally much less enriched at TCT promoters, which are less responsive to
NF-kB-AD (Fig.5A-C). The inability for pause-release cofactors to contribute to transcription
at TCT promoters suggests that their reduced responsiveness may be due to differences in the
rate-limiting step for activation. To test this hypothesis, we performed RNA Pol II ChIP-nexus
on our reporter constructs containing the responsive (TATA) and unresponsive (TCT)
promoters activated by the NF-kB-AD. TATA promoters displayed clear evidence of RNA Pol
IT accumulation at the pause site, suggesting that pausing is the rate-limiting step (Fig.6A). In
contrast, both unresponsive TCT promoters display a ~10-fold lower in accumulation of RNA
Pol IT around the TSS and no discernible pausing of RNA Pol II (Fig.6A). This suggests that
output from these TCT promoters is constrained by the rate of RNA Pol II initiation rather than

11
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pause-release. Based on these findings, we hypothesize that cofactor/promoter incompatibility
occurs when TFs recruit cofactors to promoters which do not activate the appropriate rate-

limiting step for transcription.

To provide further support for this hypothesis, we swapped promoter elements from the
responsive and unresponsive promoters in an attempt to alter the rate-limiting step and
therefore influence cofactor-promoter compatibility (Fig.6B). Replacing the TCT motif with
an Initiator motif from TATA or TATA-like promoters did not influence responsiveness,
demonstrating that Initiator motifs alone do not have a dominant influence on cofactor-
promoter compatibility (Fig.6B). However, adding a TATA or TATA-like element and an
Initiator motif into the unresponsive RPL30 promoter, completely restored responsiveness,
markedly increasing the dynamic range of gene expression (Fig.6B). Importantly, these
changes induced dependency on the pause-release cofactor, CDKS8, suggesting that pause-

release and elongation became the rate-limiting step (Fig.6B).

TATA boxes increase the rate of transcriptional initiation by enabling efficient assembly of the

5152 and our screens, and prior work>3>* suggest that the incompatible

pre-initiation complex
TCT promoters are more dependent on a submodule of TFIID that is TBP-independent (Fig.5).
This suggests that by adding a TATA box to this unresponsive promoter, we increased the
initiation rate, changing the rate-limiting step from initiation to elongation, restoring cofactor-
promoter compatibility and increasing the dynamic range of gene expression. Overall, our data

supports a model of cofactor-promoter compatibility dictated by core promoter motifs that

result in different rate-limiting steps in transcription (Fig.6C).

12
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Discussion

Using a synthetic, reductionistic screening system, we have provided key insights into how
TFs and core promoters influence the cofactors required for transcription. Our comparative
screens across 9 different ADs suggest that TFs rarely have highly specific, dedicated cofactors
with a dominant contribution to transactivation. In contrast, each AD appears to use unique
combinations of cofactors. Even when cofactors contribute to transactivation by many TFs (i.e.,
p300), they can still display variable contributions to transcription. Consequently, there are
likely to be a large number of distinct mechanisms by which genes can be activated. Due to our
reductionistic design, it is likely that cofactor preference is conferred by AD sequence, however

precisely how these intrinsically disordered domains achieve this specificity remains unclear.

Exactly why each AD requires a unique combination of cofactors also remains unclear. One
possibility is that this type of combinatorial specificity enables TFs to integrate a large amount
of information about cellular state when activating their targets®>’. Another possibility is that
cofactor specificity enables TFs to regulate distinct steps in transcription. While previous
reports have suggested that different TFs can activate different steps>®-%°, here we demonstrate
that these differences are associated with differences in cofactor use, providing important
mechanistic insights into this process. This ability for different TFs to activate different steps

in transcription provides the capacity for kinetic synergy®!-%2

. Kinetic synergy creates an AND
logic, where only in the context of complementary TFs does transcription proceed at maximum
efficiency. Therefore, TFs may use different sets of cofactors, to enable more complex logic
downstream of DNA binding, or enable different kinetic behaviours, that would not be possible

if each TF used the same set of cofactors>*3-%:63,

We also extended our screens to address how core promoters influence cofactors use. In stark
contrast to ADs, the influence of core promoters appears to be discrete. Core promoters with
highly divergent sequences, from distinct origins (synthetic, viral or endogenous), but sharing
similar promoter motifs, displayed similar cofactor requirements. This suggests that the logic
of core promoters is relatively simple, an observation supported by recent deep learning and

mutational approaches®+%6

. Despite similarities within promoter classes, distinct classes
displayed dramatic differences for cofactors involved in transcriptional initiation and
elongation. Importantly, these differences were associated with responsiveness to the NF-kB-

AD, leading us to propose a rate-limiting step model of cofactor-promoter compatibility (Fig.

13
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5C). TCT promoters, which often regulate genes with a narrow range of gene expression,
appear to be constrained by initiation rate, restricting their ability to respond to NF-kB-AD. In
contrast, TATA gene promoters, which often regulate dynamically expressed genes, appear to
be constrained by pause-release, enabling greater responsiveness and a higher dynamic range
in gene expression®’. This raises the prospect that the pause-release checkpoint evolved to
enable a higher dynamic range for genes with promoter elements that efficiently assemble RNA
Pol II. Overall, our comparative cofactor screens support a model of transactivation in which
promoters establish different rate-limiting steps, that are activated by specific TFs, in order to

achieve effective regulation of ubiquitous or inducible gene expression.

Our comparative screens required a genetic approach and a reductionistic design. Whilst our
experiments using rapid protein degradation and transcriptional inhibitors suggest that our
major findings result from direct effects, future work assessing other candidates should also
employ methods with rapid kinetics. Further work will also be needed to consider how other
variables, such as different TF domains, chromatin context, regulation from distal enhancers,

and combinations of TFs, interact to regulate endogenous gene expression.
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Main figure legends

Figure 1) Comparative CRISPR screens identify the cofactors needed by nine different
ADs

Spoke and wheel plot demonstrating the enrichment of key cofactors in each of the 9 AD
screens. The colour in each wedge reflects the average fold enrichment for each AD. Cofactors
are organised into particular complexes based on their known complex associations or

molecular functions. Components of this figure were created with biorender.com.

Figure 2) Transcription factors display a diverse range of activation mechanisms

(A) Violin plot of maximum fold enrichment for each cofactor in the library across the 9 AD
screens. The number of genes in each category is displayed. (B) Violin plot of the coefficient
of variation for each gene across the 9 screens. Selected variable genes are listed. Genes that
were validated by independent KO experiments are highlighted in bold. (C) (Left) Heatmap
showing the enrichment of the top 50 most heterogeneously used cofactors across the 9 AD
screens. Heatmap is bi-clustered by Pearson correlation distance. Pearson correlation matrices
are displayed alongside the heatmap to enable visualisation of which cofactors (right) and ADs
(bottom) display correlated patterns of enrichment. (D) Heatmap comparing fold enrichment
in the screens (left) with fold change in GFP upon knockout of various candidate,
heterogeneous cofactors (right). Fold reduction in GFP calculated by dividing the average
fluorescence signal (M.F.I) in perturbed cells by the M.F.I in cells containing the safe guide
control at D5 after sgRNA infection. Fold reduction in GFP calculated based on at least two
sgRNAs per gene.

Figure 3) A direct co-dependent relationship between the tail 2 and kinase modules of the
Mediator complex

(A) Spoke and wheel plot of the fold enrichment of Mediator complex subunits across the nine
ADs. (B) Waterfall plots showing the change in RNA pol II levels at Mediator dependent genes
after individual subunit KO. Mediator dependent genes defined as genes with at least 30%
reduction in RNA pol II signal upon MED14 KO. Each sample is compared to a safe guide
control to calculate a change in RNA pol II ChIP-seq signal. The genes are ordered based on
the degree of reduction in each KO sample enabling direct comparison of whether the same
genes are affected by removal of different subunits. Spearman rank order correlation is

displayed on each waterfall plot. The colour of each sample reflects which submodule it
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belongs to. Orange = middle/core, blue = tail 2 and purple = kinase module. (C) Correlation
matrix of the spearman rank order correlation coefficient upon KO of various components of
the Mediator complex. (D) Western blot for HA-dTAG-tagged MED12, MED14 and MED25
after 4hrs of dTAGV-! or CDKSi treatment. Alpha-Tubulin displayed as loading control.
Representative blot of two biological replicates. Blot performed on matched samples from
ChIP-seq and SLAM-seq experiments. (E) Scatter plots demonstrating the correlation between
the change in RNA pol II ChIP-seq signal upon MED12, MED14, MED25 degradation (4hrs
dTAGV-') and CDKS8i treatment (4hrs). Fold change calculated by comparing each sample to

matched DMSO treated control. Red line and r value reflect Pearson correlation.

Figure 4) Transcription factors use different cofactors to regulate different steps in
transcription

(A) (Left) RNA pol I ChIP-nexus coverage across the reporter construct in each of the GAL4-
AD cell lines. Blue signal reflects reads from the sense strand, red signal reflects reads from
the anti-sense strand and shaded blue signal reflects cumulative signal between both strands.
Elongation index is the inverse of the pausing index i.e., total gene body signal divided by the
total promoter signal. (Right) Heatmap displaying fold enrichment of various key regulators of
pause-release and transcriptional elongation in each AD screen. (B) RNA pol I ChIP-nexus
coverage across the reporter construct in the GAL4-VP64 and GAL4-MYB cell lines treated
for 1hr with DMSO or CDKSi. Blue and red lines reflect cumulative ChIP-nexus signal in
DMSO and CDKSi treatment respectively. Quantification of the change in GFP upon CDKSi,
CDKS8 KO and CCNC KO in these two cell lines is also shown. For GFP quantification, n = 3

biological replicates, error bars = S.E.M.

Figure 5) Comparative screens shows discrete cofactor preferences dictated by core
promoter elements

(A) Spoke and wheel plot demonstrating the enrichment of key cofactors in each of the 9 core
promoter screens. The colour in each wedge reflects the average fold enrichment for each AD.
Cofactors are organised into particular complexes based on their known complex associations
or molecular functions. For ease of comparison, the same cofactors are displayed as Fig. 1. (B)
(Left) Heatmap showing the enrichment of the top 50 most heterogeneously used cofactors
across the 9 core promoter screens. Heatmap is bi-clustered by Pearson correlation distance.
Pearson correlation matrices are displayed alongside the heatmap to enable visualisation of

which cofactors (right) and core promoters (bottom) display correlated patterns of enrichment.
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Display is consistent with Fig. 2C to enable direct comparison of the clustering across different
ADs and core promoters. (C) Validation of screen data through quantification change in GFP
signal upon individual cofactor KO. Relative GFP signal is calculated by dividing the average
fluorescence signal (M.F.I) cells containing the safe guide control by the M.F.I in perturbed
cells at D5 after sgRNA infection. n = 2 sgRNAs per gene, error bars = S.E.M. Components of

this figure were created with biorender.com.

Figure 6) Cofactor-promoter compatibility is influenced by the rate limiting step in
transcription

(A) RNA pol II ChIP-nexus coverage across the reporter construct in responsive and
unresponsive promoter lines activated by GAL4-NF-kB. Blue signal reflects reads from the
sense strand, red signal reflects reads from the anti-sense strand and shaded blue signal reflects
cumulative signal between both strands. The top number adjacent to the graph reflects the
cumulative normalised read counts from both strands. The bottom two numbers reflect the
normalised read counts from each strand respectively. (B) Luciferase assays performed with
different promoter constructs with or without GAL4-NF-kB demonstrating that adding of a
TATA box restores responsiveness and cofactor-promoter compatibility. CDKS81 was dosed for
12hrs prior to luciferase assay. n=3 technical replicates. Error bars = S.E.M. Data is
representative of two independent biological replicates. (C) Rate limiting step model of
cofactor-promoter compatibility. Pause-release cofactors have limited ability to activate
promoters where initiation is the rate-limiting step. + symbols do not directly correspond to

any quantitively information, instead reflecting a conceptual model.

Figure — Representative FACS gating
Representative gating strategy used to identify GFP positive cells throughout the manuscript.
Live cells are identified by FSC-A and SSC-A, single cells identified by FSC-A and FSC-H

and GFP positive cells gated relative to a negative control population.
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Representative FACS gating
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Methods

Cell culture

A clonal K562 Cas9 cell line was generated previously to ensure high efficiency CRISPR
editing®. K562 cells were cultured in RPMI-1640 supplemented with 20% FCS, streptomycin
(200ug/ml), penicillin (100 units/ml) and Glutamax, under standard culture conditions (5%
CO2, 37°C). HEK293ET cells were grown in DMEM supplemented with 10% FCS,
streptomycin (100ug/ml), penicillin (100 units/ml) and Glutamax, under standard culture
conditions (5% COz, 37°C). All cell lines were subjected to regular mycoplasma testing and

underwent short tandem repeat (STR) profiling.

Lentivirus production and transduction
Lentivirus was prepared by transfecting HEK293ET cells with plasmid:pVSV-G:psPAX2
plasmids in a 3:2:1 ratio using PEI reagent. The viral supernatant was collected 48-72hrs

following transfection, filtered through a 0.45 um filter and added to cells.

Drug treatment

Senexin A (CDKSI) (Selleckchem) was dosed at 10uM. GAL4-GR cells were dosed with 1uM
Dexamethasone (Sigma) to induce GR activity. Recombinant human TNF-o (Peprotech)
treatment was performed for 6hrs at 25ng/ml. For acute dTAG degradation experiments, cells
were dosed with dTAG-V1 (Tocris Biosciences) at 500nM for 4hrs. For GFP half-life analysis
of the reporter system, cells were treated with triptolide (10uM)

Flow cytometry analyses
Flow cytometry analyses were performed on the LSRFortessa X-20 flow cytometer (BD
Biosciences). Data were analysed with FlowJo v10 software (Tree Star). Cell sorting was

performed on the FACSAria or Fusion 5 flow sorter (BD Biosciences).

Cloning of screening system

pKLV-U6gRNA(Bbsl)-PurozaBFP vector was used as the base vector for cloning the lentiviral
GAL4-AD vector. The entire gRNA, Puromycin and BFP regions of the plasmid were removed
and replaced by the GAL4-DBD together with an IgA linker through standard cut and paste
cloning. The EFla, IRES and mCherry were then introduced sequentially. The vector was

designed for simple cut and paste replacement of the AD region downstream of the GAL4-
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DBD with alternative ADs. ADs of interested were amplified by PCR from cDNA expression
vectors obtained from Addgene. Primers used for amplification and the final AD sequences are

listed in Supplementary Table 2 and 6.

The base for the reporter construct was obtained from Addgene (#79199). The original vector
is a lentiviral vector that includes the 5XUAS upstream of a minimal CMV promoter.
Downstream of this promoter, Turbo-GFP-PEST was subcloned from another Addgene vector
(#67180). To produce different promoter reporters, promoter regions were obtained from
previous publications or from the eukaryotic promoter database (Supplementary Table 2). For
endogenous promoters, a region was selected to capture a 100bp window around the centre of
the CAGE signal reported on the Eukaryotic Promoter Database. Oligos corresponding to these
regions were synthesized by IDT, annealed and cloned into the 5XUAS-mCMV-Turbo-GFP-
PEST construct, replacing the mCMV promoter (Supplementary Table 2).

Generation of GAL4-AD and promoter reporter cell lines

For AD screens, the lentiviral 5XUAS mCMV Turbo-GFP-PEST reporter was introduced into
clonal K562-Cas9-Blasticidine cell line using high titre virus to achieve a high MOI. High MOI
infection is necessary to minimise locus specific effects and to ensure robust detection of GFP
signal upon activation by lower potency ADs. Into this reporter line, each of the GAL4-AD
constructs were introduced at a high MOI (~90-100% of cells infected) by lentiviral integration.
For promoter screens, the lentiviral 5XUAS Turbo-GFP-PEST reporter with variable promoters
were integrated into a clonal K562-Cas9-Blasticidine cell line using high titre virus to achieve
a high MOI. For all cell lines, GFP positive cells were sorted until a pure and stable GFP

population was obtained.

sgRNA design and cloning

sgRNAs were designed using the IDT CRISPR design tool or were obtained from the
sequences of guides in the pooled guide library. sgRNAs were cloned into the pKLV-
U6gRNA(Bbsl)-Puro2aBFP vector using standard golden gate cloning.

sgRNA and primer sequences

The sequences for sgRNA sequences and relevant primer sequences are included in

Supplementary Table 6.
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Validation and quantification of screen hits

All experiments validating and quantifying the effect of cofactor knockout were performed by
quantifying the mean fluorescence intensity (M.F.I. or average fluorescence signal) of the GFP
reporter at day 5 after infection with the relevant sgRNA. The relative GFP signal was
calculated by dividing average GFP signal in the AD line infected with an sgRNA of interest
by the same AD line infected with a control sgRNA targeting a safe genomic locus (safe guide).
A number of examples of FACS plots used to calculate the change in GFP signal are provided
in Extended Data Fig. 5. Each AD line was infected with the same batch of virus in parallel to
minimise technical variation between the quantification. Cofactors of interest were validated

with at least 2 sgRNAs and at least 2 biological replicates.

HDR mediated AAVS knock-in

The 5XUAS, mCMYV promoter and Turbo-GFP-PEST were cloned by Gibson assembly into
the pMK232 (CMV-OsTIR1-Puro), which contained homology arms for the AAVS locus. The
SgRNA targeting the AAVS was introduced into the pX330-mCherry vector, which contains
both Cas9 and the gRNA. The AAVS-reporter repair template and the pX330-Cas9-AAVS
gRNA vector was electroporated into K562 cells using the Neon Transfection system (Thermo
Fischer) with settings optimised for K562 cells. Single cell clones were sorted 5 days after
transfection and grown out for 2 weeks to obtain sufficient cells for analysis. AAVS knock-in

clones were identified by In-Out PCR and Sanger sequencing.

Guide library design, generation and cloning

To assess the requirement of transcriptional regulators, a bespoke library of gRNAs that targets
over 1137 known chromatin and transcriptional regulators was designed (Supplementary Table
3). The library was designed through a combination of searches for genes containing domains
enriched in transcriptional regulators and manual curation. Each gene was targeted with 6
independent gRNAs. As controls, the library also contains a large number of guides targeting
safe regions and guides that do not target any genomic locus. The total library contains 7239
gRNAs. The oligo pool was synthesized by CustomArray (Genescript). The sgRNA pool was
PCR amplified and pot cloned into the pKLV-U6gRNA(BbsI)-Puro.aBFP vector using
standard cut and paste cloning. The ligated product was electroporated into Electrocompetent
cells (Lucigen) and grown in liquid culture overnight at 37 degrees before being extracted by

Maxiprep. Low skewing of the plasmid was confirmed by sequencing of the cloned plasmid
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pool. The library had a skew ratio of 4.35 (counts for top 10% of guides divided by counts for
bottom 10% of guides). A skew ratio below 10 is considered acceptable ¢°.

Comparative CRISPR screens

Prior to beginning the screens, reporter cell lines were sorted to obtain a pure GFP positive
population. Sufficient cells were used to maintain 1000-fold representation at all stages of the
screening process. The cells were transduced with an appropriate volume of viral supernatant
to ensure only a single guide was present in most cells (MOl < 0.3, mean of 0.21,
Supplementary Table 7). At day 5, 6 and 7 after guide library infection, at least 1 million guide
positive (BFP positive), GFP negative cells (< 25% of the mean fluorescence intensity of the
entire population) were sorted (refer to Supplementary Note 1 for FACS plots and further
details). This translates to approximately 1000-fold representation of the library. Guide positive
cells (at least 10 million cells) were also sorted as a library control at each time point to provide
a library control reference to calculate enrichment (>1000-fold representation). Cells were
pelleted after sorting and stored at -80°C until genomic DNA extraction was performed. Four
of the GAL4-AD cell lines from the comparative CRISPR screens were also maintained until
day 14 after guide infection to test which genes are required for cell growth. These four AD

lines were used as independent replicates for the dropout analysis.

Genomic DNA was extracted using Monarch® Genomic DNA purification kit (New England
Biolabs), according to the manufacturer’s instructions. PCR was conducted to maintain guide
representation, using Q5® High Fidelity DNA Polymerase (New England Biolabs). PCR was
performed through a one-step PCR with 28 cycles. 500ng of template was added to each PCR.
One step PCR helps to avoid excessive amplification, by minimising sample processing. PCR
was optimised to ensure it stays within the exponential phase. Depending on the gDNA
concentration from the extraction, approximately 10-20 PCR reactions were performed per
screen sample and between 30-50 PCRs per library control. PCR products were pooled and
sequenced on the NextSeg500 using 75bp single-end chemistry. The samples were sequenced
with the following summary statistics: Min = 3.86x10° reads, Q1 = 6.24x10° reads, Q2=
7.37x10° reads, Q3 = 8.51x10° reads, Max = 12x10° reads.

Analysis of comparative CRISPR screens
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The sequence reads were trimmed to remove the constant portion of the sgRNA sequences with
cutadapt v4.37°, then mapped to the reference sgRNA library with Bowtie2™*. After filtering to
remove multi-mapping reads, the read counts were computed for each sgRNA. After obtaining
guide counts for all samples, a series of processing steps were performed to calculate mean
fold enrichment values for each gene in each screen (see Supplementary Note 1 for further
details). Firstly, guides that were very lowly represented (below 2.5 percentile) were filtered
from the analysis, since their low representation caused extreme fold change values’>" (see
Supplementary Note 1 for further details). The counts were then normalised to sequencing
depth before calculating the fold enrichment for each guide by dividing the counts for each
gene in the screen samples by the counts in the library control. This resulted in a total of 18
individual fold enrichments for each gene (6 guides, 3 timepoints). To remove outliers, we
filtered any guides that had a fold enrichment below 0.1 or greater than 10 (see Supplementary
Note 1 for further details). To improve quantification, further outliers were removed by filtering
guides that were more than 4-fold away from the mean fold change value. The filtering steps
applied to the data are benchmarked using two highly correlated replicates of the GAL4-NF-
kB screen (r=0.92, Pearson) (Supplementary Note 1).

Using this filtered guide list, we calculated a final fold enrichment score for each gene in each
screen. In order to calculate what fold enrichment score should be considered statistically
significant, a permutation test was performed for each screen (Supplementary Note 1). The
permutation test shows what fold change distribution would be expected if you randomly
sampled fold enrichment scores from guides in the data. Specifically, 6 guides were randomly
sampled from each timepoint providing a vector of 18 values. The mean fold enrichment was
calculated across these 18 values. Random sampling was performed 10000 times to produce a
random sampling distribution. Genes that had an average fold enrichment above the 95%
percentile of this random distribution, as well as at least 1/3" of the guides (6/18) above the

95" percentile of this distribution, were considered significant.

To identify heterogeneous regulators, the coefficient of variation was calculated for each gene.
To produce the heatmaps displayed in Fig. 2 and Fig. 5, the top 50 most heterogeneous
cofactors were then bi-clustered based on their Pearson correlation distance. SPC24, SPC25
and NUF2 were filtered from the variability analysis as the function in regulating genome

ploidy has been previously demonstrated to result in spurious variability across screens’,
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Two relevant regulators of transcription, CCNC and SETD1A were not represented in the
library. To calculate fold enrichment scores for these genes, we performed independent KO
experiments using at least 3 sgRNAs and calculated the reduction in GFP signal as described
above. The fold reduction in GFP signal for these genes is displayed as the fold enrichment

score in Figure 1, 3 and 5.

To define which genes affected cell growth, MAGeCK v0.5.6 analysis was performed using
the D14 timepoint from 4 of the AD screens, comparing them to the plasmid as the DO
reference’. Any genes with an adjusted p-value below 0.05 were considered significant.

ZFP-VP64 piggyBac reporter screen

A replicate screen was performed using an alternative integration method and alternative DNA
binding domain to demonstrate the broad relevance and reproducibility of our findings. In order
to perform this screen, a construct in which VP64-AD is recruited through an artificial ZFP
protein’® was developed (37ZFP, Addgene #176627). To generate the DNA binding-AD
construct, the GAL4-VP64 vector was cut and the GAL4-DBD was replaced by the ZFP DNA
binding domain. A fully insulated PiggyBac reporter construct was also developed. This
reporter construct contains the Al insulator’” upstream and downstream of a GFP-PEST
reporter. GFP-PEST is activated by a minimal CMV promoter with 6 upstream binding sites
for 37ZFP-VVP64. The reporter construct was cloned by a combination of Gibson assembly and
standard cut and paste cloning. The binding sites for 37ZFP were obtained by PCR from
Addgene vector #176627.

Upon successful cloning of both the reporter and ZFP-AD constructs, a reporter line was
generated by piggyBac-mediated integration of the insulated ZFP-reporter construct. 1 million
Cas9-K562 cells were transfected with 1ug of the reporter and 250ng of HyBase transposase’®
using the Lonza 4D nucleofection system. Transfected cells were then infected with the ZFP-
VP64 construct by lentiviral integration at high MOI (~90-100% of cells infected). GFP
positive cells were then isolated by FACS sorting. The screen was performed and analysed as
described above, in order to enable direct comparison of the results. Guides targeting FKBP1A

and FKBP1C were excluded from the analysis as they directly target the ZFP sequence.

Cofactor KO ChlIP-seq and RNA-seq experimental design
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sgRNAs targeting MED12, MED14, MED16, MED24, MED25, CDK8 and CCNC were
lentivirally introduced into a K562-Cas9 clone. Cells were grown for 4 days after infection at
which timepoint they were harvested for ChIP-seq. For INTS5 RNA-seq and ChIP-seq,
SgRNAs targeting INTS5 were introduced into a K562-Cas9 clone. Cells were grown for 4
days post guide infection and treated with PBS or TNF-a for 6hrs before being harvested for
ChlP-seq or RNA-seq.

Cloning & Generation of dTAG knock-in cell lines

The dTAG degron (FKBP1273%V) was selectively knocked-in into the N-termini of MED12,
MED14 and MED25. Cloning of knock-in plasmids and the subsequent generation of knock-
in cells lines were conducted as previously described® ™. Briefly, the hU6-PITCh-gRNA
cassette from pX330S-2-PITCh (Addgene, #63670) was subcloned into pX330A-1x2
(Addgene, # 58766) via Bsal digestion to create an all-in-one CRISPR-Cas9 vector labelled
pX330-A+S. sgRNAs against target loci were ligated into pX330-A+S via Bpil digestion and
golden-gate assembly. Donor vectors were constructed by using PCR to add 20bp
microhomology sequences against target loci to pCRIS-PITChv2-Puro-dTAG (Addgene,
#91793). 750ng each of the paired gRNA (px330-A+S) and donor vectors (pCRIS-PITChv2)
were electroporated into 3x10° K562 cells in Buffer R using the Neon™ Transfection System
10uL kit (Thermo Fisher). Cells were allowed to recover for 48 hours, followed by 5-7 days of
puromycin selection (2ug/mL). Single cell clones were isolated via FACS sorting into 96-wells
and allowed to expand. Genomic DNA was isolated using DirectPCR Lysis Reagent® (Viagen
Biotech) according to manufacturer’s instructions and directly used as input for genotyping
PCRs. Clones demonstrating homozygous knock-in were further validated by sanger
sequencing of the homozygous knock-in gel extracted product, as well as further validated by

immunoblot analysis. Supplementary Table 6 lists dTAG cloning and PCR oligo sequences.

Chromatin immunoprecipitation (ChIP)

For each ChIP, at least 20 million cells were crosslinked for 15 mins with 1% formaldehyde.
Crosslinked material was sonicated to approximately 200-1000bp using the Covaris
Ultrasonicator S2. Sonicated material was incubated overnight with each antibody in IP buffer
(10mM Tris-HCI pH8, 1% Triton X-100, 0.1% sodium deoxycholate, 90mM NaCl), then
incubated for 3hrs with 50ul of either Protein A or Protein G Dynabeads (Thermo Fisher).
Antibody bound beads were washed twice with low salt wash buffer (20mM Tris-HCI pHS8,
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2mM EDTA, 1% Triton X-100, 0.1% SDS, 150mM NaCl) and once with high salt wash buffer
(20mM Tris-HCI pH8, 2mM EDTA, 1% Triton X-100, 0.1% SDS, 500mM NacCl) and once
with TE, before the ChIP material was eluted and de-crosslinked overnight at 65 degrees in
elution buffer (1% SDS, 100mM NaHCO3). DNA was purified using Qiagen Minelute
columns. All ChIP antibodies were used at ~10ug per IP. Sequencing libraries were prepared
using the ThruPLEX® DNA-seq kit (Takara Bio). Libraries were size selected between 200-
500bps and sequenced on the NextSeg500 using the 75bp single-end chemistry. The following
antibodies were used for ChIP: Mouse anti-RNA polymerase 11 antibody clone CTD4H8 (6ul)
(Merck Millipore, 05-623), Rabbit anti-NF-kB p65 antibody clone D14E12 (10ul) (Cell
Signalling, 8242), mouse anti-GAL4-DBD antibody clone RK5C1 (10uL) (sc-510). For
quantification of occupancy on the GAL4-reporter construct, ChIP-gPCR was performed using
primers specific to the promoter of the GAL4-reporter construct and compared to a gene desert

negative control region.

ChlP-seq analysis

Reads were aligned to the human genome (GRCh38) with Bowtie2’*. Duplicate reads and reads
mapping to blacklist regions or mitochondria were removed. ChlP—seq coverage across
selected genomic regions was calculated with BEDtools v2.31.0%°. To define which genes are
Mediator dependent, the 10000 genes with the most RNA pol Il signal across the gene were
isolated. From this list, genes with at least 30% reduction in total RNA pol Il signal in the
MED14 KO were defined as Mediator dependent (1020 genes). For each KO sample, we then
calculated the change in RNA Pol 11 signal by comparison to the SAFE guide control. For the
mediator dTAG degron ChlIP-seq analysis, correlation plots were performed on the top 10000

genes by RNA Pol |1 signal.

ChlIP-nexus

ChIP-nexus was performed as described previously3*8182 Briefly, the immunoprecipitation
and washes were performed using the same conditions as the ChIP protocol. Upon completion
of these steps, the DNA was end-repaired, A-tailed, adaptors ligated, exonuclease treated,
circularized on Dynabeads as described previously3*81:82 DNA was then eluted from the beads,
and PCR was performed to produce sequencing ready libraries. For ChlP-nexus performed on
the different GAL4-AD lines, DNA was sequenced on the NextSeq500 using the 75bp single-
end chemistry. For ChIP-nexus on the different promoter lines, DNA was sequenced on the
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NextSeq500 using 75bp single-end chemistry, which was configured to produce paired-end
37bp reads.

ChIP-nexus data analysis

ChIP-nexus analysis was performed as previously described®. Specifically, reads that passed
the Illumina quality filter were filtered for the presence of a fixed barcode. The fixed barcode
was used to demultiplex the samples, before being filtered from the reads by Cutadapt v4.37.
The random barcode on each read was retained to enable UMI based quantification. Any
remaining adapter sequences were trimmed, and reads were removed if they were less than
22bp in length. Reads were then aligned using Bowtie2™ to a human genome (GRCh38) that
was modified to contain an additional chromosome with the relevant reporter construct
sequence. Duplicate reads were removed, and each sample was converted into two bigwig files,
one with strand specific information and one that aggregates the reads from both strands. The
sequence coverage across the reporter construct was then visualised using IGV. To enable
better visualisation of the disproportionate effect of CDK8i on elongation (Figure 4B), CDKS8i
samples are scaled to the height of the DMSO samples. The scale reflects the number of reads
in the DMSO sample.

RNA-seq

RNA was extracted using the Qiagen RNeasy kit. RNA concentration was quantified with a
NanoDrop spectrophotometer (Thermo Scientific). Libraries were prepared using a plate based
in-house library prep method based on DRUG-seq®®. The method results in 3° RNA-seq
libraries containing a UMI and a well ID on read 1, and the unique transcript information on
read 2. Libraries were sequenced on the NextSeq500 using the 75bp single end chemistry, run

with paired-end settings. 25bps was allocated for the Readl and 50bps for Read?2.

RNA-seq analysis

Fastq files were demultiplexed and mapped to the human genome (hgl9) using STARsolo
v2.7.9a%*. Downstream processing of the output counts matrix was then performed in R. Using
the Seurat package®, the raw counts matrix was transformed and then subject to differential
gene expression analysis using DESeq2 v3.18%. Genes were classified as differentially
expressed if they had an absolute fold change above 1.5 and a p-value <0.05. TNF target genes
were defined as genes with a fold increase greater than 1.5 with a p-value < 0.05 and displayed
a p65 binding defined by MACS2 v2.2.7 within 10kb of the gene.
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SLAM-seq

SLAM-seq was performed as previously described with minor modifications®’. Briefly, a total
of 10" K562 cells were treated with dTAGV-! (Tocris) as described above for a total of 4 hours.
In the final hour of treatment, cells were labelled with 200uM of 4-thioruidine (4sU; Cayman
Chemical) to capture nascent mRNA transcripts. RNA extraction was performed using TRIzol
(Ambion) following the manufacturer's instructions, with the addition of 1mM DTT to the
isopropanol precipitation and ethanol wash steps. Total RNA was eluted in nuclease-free H20
containing 0.1mM DTT. 10ug of total RNA was treated with fresh 10mM iodoacetamide
(Pierce) in reaction buffer containing 50mM Tris, pH 8.0 and 50% DMSO at 50°C for 15
minutes, light-protected and shaking at 1000rpm. The alkylation reaction was quenched with
20mM of fresh DTT, followed by adding 1ug of unlabelled Drosophila S2 RNA. Total RNA
was cleaned up using the RNeasy MinElute Cleanup Kit (Qiagen) and DNAse treated. Libraries
were prepared using 500ng of material using the QuantSeq 3° mRNA-Seq Library Prep Kit
FWD (Lexogen; V1 kit with single 6nt 17 indexes) according to the standard manufacturer’s
protocol. Sequencing of cDNA libraries was performed on the IHlumina NextSeq2000 with

100bp single-end configuration. SLAM-seq was performed in biological triplicate.

SLAM-seq analysis

Quality assessment was performed on sequenced reads using FastQC v0.11.6 and adapters
were trimmed using TrimGalore v0.6.6 and Cutadapt v4.3°, Read alignment to HG38
reference genome, read filtering, SNP calling and masking, and feature calling were performed
with SlamDunk v0.2.4%, Reads containing at least 2 T>C conversions were retained as nascent
transcripts. edgeR v3.38.1%° was used to perform TMM normalisation, before performing
differential expression analysis with limma voom v3.52.1%. Genes defined as down-regulated

were those with a negative fold change value and an adjusted p-value < 0.05.

GALA4-AD protein expression levels and stability

As commercially available GAL4 antibodies performed unreliably in western blot, it was
necessary to introduce an epitope tag to the GAL4-AD constructs. The DBD region of each
GAL4-AD construct was replaced by a 3xFLAG tagged GAL4-DBD synthesized by IDT.
FLAG-GALA4-ADs constructs were introduced at a high MOI into K562-Cas9 cells containing
the 5XUAS mCMV GFP-PEST reporter to confirm that their transactivation capacity was not
impacted by the addition of the FLAG tag. Cells were sorted based on the same relative levels
of GAL4-AD expression as the original GAL4-AD lines used for the screens. This was
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achieved by direct comparison of the expression level of the IRES mCherry in the original AD
cell lines and the newly derived AD cell lines. To assess protein expression and stability, one
million of each of the FLAG-GAL4-AD cell lines were treated with either DMSO or

cycloheximide (100uM) for 24hrs before being harvested for western blot.

Immunoblot

Cells were lysed in RIPA lysis buffer (50mM Tris (pH 7.4), 150mM NaCl, 1ImM EDTA, 1%
Triton X-100, 0.5% sodium deoxycholate, 0.5% SDS supplemented with protease and
phosphatase inhibitors (Roche)) and protein concentration was determined using a BCA
protein assay kit (Pierce). Normalised concentrations of lysate were reduced and denatured for
5 min at 95°C in Laemmli buffer containing 10% beta-mercaptoethanol and subsequently
electrophoresed on 4-15% precast polyacrylamide gels (Mini-PROTEAN® TGX; Bio-Rad)
under denaturing conditions. Proteins were wet transferred onto PVDF using the Mini Trans-
Blot Electrophoretic Transfer Cell System (Bio-Rad) at 100V (400mA) for 60 min at 4°C.
Membranes were blocked for 1 hour at room temperature in Intercept® Blocking Buffer (LI-
COR) and subsequently probed with the following primary antibodies diluted at 1:1000 in
blocking buffer supplemented with 0.1% Tween-20 overnight at 4°C on a roller: anti-HA-TAG
(Cell Signaling, #2367), anti-MED12 (Bethyl Laboratories, #A300-774A), anti-MED14
(Abcam; #ab72141), anti-MED25 (Abcam, #ab221741), anti-MYC (Abcam, #ab32072), anti-
alpha-tubulin (Cell Signaling Technology; #3873), mouse anti-FLAG M2 (Sigma, #F3165),
rabbit anti-LAMIN-B1 clone D4Q4Z (Cell Signaling, #12586). After washing, membranes
were probed with the appropriate IRDye-conjugated secondary antibodies (LI-COR, 926-
68071, 926-32210) diluted at 1:10,000 for 1 hour at room temperature. Membranes were
scanned using an Odyssey ® Infrared Imaging System (LI1-COR).

Luciferase assays

To generate the reporter constructs for the luciferase assays, promoters of interest were cloned
into the pGL4.35 (luc2p/9xgalduas/hygro) luciferase construct (Promega, E1370) downstream
of the 9xUAS site. Luciferase constructs were introduced into HEK293T cells by transient
transfection using PEI. The luciferase construct of interest was co-transfected with or without
the relevant GAL4-AD and the pRL Renilla control (Promega, E2261). Cells were harvested
48hrs after transfection. Luciferase signal and Renilla signal were analysed using the Dual-

Luciferase reporter system (Promega, E1910) using the Cytation 3 plate-reader (BioTek).
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Statistics and reproducibility
No statistical method was used to predetermine sample size. No data were excluded from the
analyses. Experiments were not randomized. The investigators were not blinded to the

allocation during experiments and outcome assessment.

Data availability
All high-throughput sequencing data relevant to this study have been deposited in the NCBI
Gene Expression Omnibus under primary accession code: GSE198944. All of the relevant

source data has been provided with the manuscript.

Code availability

The manuscript does not include any custom code beyond implementation of pre-existing
publicly available software packages. All computational analysis can be reproduced from the
descriptions provided in the methods using the listed publicly available software.

44



1087
1088
1089
1090
1091
1092
1093
1094
1095
1096
1097
1098
1099
1100
1101
1102
1103
1104
1105
1106
1107
1108
1109
1110
1111
1112
1113
1114
1115
1116
1117
1118
1119
1120
1121
1122
1123
1124
1125
1126
1127
1128
1129
1130
1131
1132
1133
1134
1135
1136

Methods-only References

68. Burr, M. L. et al. An Evolutionarily Conserved Function of Polycomb Silences the
MHC Class | Antigen Presentation Pathway and Enables Immune Evasion in Cancer. Cancer
Cell 1-17 (2019) d0i:10.1016/j.ccell.2019.08.008.

69.  Joung, J. et al. Genome-scale CRISPR-Cas9 knockout and transcriptional activation
screening. Nat Protoc 12, 828-863 (2017).

70.  Martin, M. Cutadapt removes adapter sequences from high-throughput sequencing
reads. EMBnet J 17, 10 (2011).

71. Langmead, B. & Salzberg, S. L. Fast gapped-read alignment with Bowtie 2. Nat
Methods 9, 357-359 (2012).

72. Michlits, G. et al. CRISPR-UMI: Single-cell lineage tracing of pooled CRISPR-Cas9
screens. Nat Methods 14, 1191-1197 (2017).

73. Parnas, O. et al. A Genome-wide CRISPR Screen in Primary Immune Cells to Dissect
Regulatory Networks. Cell 162, 675-686 (2015).

74.  Replogle, J. M. et al. Mapping information-rich genotype-phenotype landscapes with
genome-scale Perturb-seq. Cell 185, 2559-2575.e28 (2022).

75. Li, W. et al. MAGeCK enables robust identification of essential genes from genome-
scale CRISPR/Cas9 knockout screens. Genome Biol 15, 554 (2014).

76.  Zhu, R., del Rio-Salgado, J. M., Garcia-Ojalvo, J. & Elowitz, M. B. Synthetic
multistability in mammalian cells. Science (1979) 375, (2022).

77, Liu, M. et al. Genomic discovery of potent chromatin insulators for human gene
therapy. Nat Biotechnol 33, 198-203 (2015).

78. Yusa, K., Zhou, L., Li, M. A, Bradley, A. & Craig, N. L. A hyperactive piggyBac
transposase for mammalian applications. Proc Natl Acad Sci U S A 108, 1531-1536 (2011).
79. Sakuma, T., Nakade, S., Sakane, Y., Suzuki, K. I. T. & Yamamoto, T. MMEJ-
Assisted gene knock-in using TALENSs and CRISPR-Cas9 with the PITCh systems. Nat
Protoc 11, 118-133 (2016).

80.  Quinlan, A. R. & Hall, I. M. BEDTools: A flexible suite of utilities for comparing
genomic features. Bioinformatics 26, 841-842 (2010).

81.  He, Q., Johnston, J. & Zeitlinger, J. ChIP-nexus enables improved detection of in vivo
transcription factor binding footprints. Nat Biotechnol 33, 395-401 (2015).

82.  Shao, W., Alcantara, S. G. M. & Zeitlinger, J. Reporter-Chip-nexus reveals strong
contribution of the drosophila initiator sequence to RNA polymerase pausing. Elife 8, 1-25
(2019).

83. Ye, C. et al. DRUG-seq for miniaturized high-throughput transcriptome profiling in
drug discovery. Nat Commun 9, 1-9 (2018).

84. Kaminow, B., Yunusov, D., Dobin, A. & Spring, C. STARsolo : accurate , fast and
versatile mapping / quantification of single-cell and single-nucleus RNA-seq data. 1-35
(2021) d0i:10.1101/2021.05.05.442755.

85. Hao, Y. et al. Integrated analysis of multimodal single-cell data. Cell 184, 3573-
3587.e29 (2021).

86. Love, M. I., Huber, W. & Anders, S. Moderated estimation of fold change and
dispersion for RNA-seq data with DESeq2. Genome Biol 15, 1-21 (2014).

87.  Herzog, V. A. et al. Thiol-linked alkylation of RNA to assess expression dynamics.
Nat Methods 14, 1198-1204 (2017).

88. Neumann, T. et al. Quantification of experimentally induced nucleotide conversions
in high-throughput sequencing datasets. BMC Bioinformatics 20, (2019).

89. Robinson, M. D., McCarthy, D. J. & Smyth, G. K. edgeR: A Bioconductor package
for differential expression analysis of digital gene expression data. Bioinformatics 26, 139—
140 (2009).

45



1137
1138
1139

90. Law, C. W., Chen, Y., Shi, W. & Smyth, G. K. Voom: Precision Weights Unlock
Linear Model Analysis Tools for RNA-Seq Read Counts. Genome Biology vol. 15
http://genomebiology.com/2014/15/2/R29 (2014).

46



A B VP64 (aa 1-64) c-MYB (aa 275-334) EWSR (aa 1-279)

EFla Gal4-DBD (1-147) AD IRES mCherry NF-kB (P65) (aa 315-551) P53 (aa 1-81) IRF1 (aa 84-241)

PU.1(aa 1-118) NOTCH (aa 2090-2556) GR (aa 524-777)

5XUAS minimal - Fast-degrading GFP
promoter
(mCMV)

=Y

50000
Gal4-NfKB
5XUAS-mCMV-Turbo-PEST
100- B pwmso
250K [ 2hr Triptolide g 40000
. =
[[] omso g 4hr Triptolide >
200K -] Dead cells/ <] . . g ® @ Triptolide 10uM
debris =2 [ e6hr Triptolide £
|| 24nhr Triptolide o £ 30000
= . . c
< 150k 2 B shr Triptolide S
Q Q . . 2
2 S [T 16hr Triptolide  §
100K~ £ M 24hr Triptolide
2 § 20000
50K - E [}
Live cells [0
oAl 10000
50K 100K 150K 200K 250K
FSC-A
o
10 20 30
Time (hours)
E Gal4 KO POLR2A KO MED25 KO P300 KO
100 1007 1007 [] Safe guide control
20 $e04 Ze01 E [ Guide 1
3 b = 2
o o .
260 =60 60 1 e [ Guide 2
Gal4-vP64 3§ 3 3 s
€401 407 g407 g
2 2 S 5
204 20 7
04 0 -
0 10°  10¢ 10° 0 10° 10°  10°
GFP GFP
1004 1004
[} [} Q [}
o - ° - ° o
B0 g0 g g
- ° o o o
Gal4-MYB 2601 2604 = =
2 8 3 8
2404 240 £ £
<] 5] S <]
z b4 =z z
20 7 209
0 4 04

0 108 10* 10° 0 108 104 10° 102 104 10°
GFP GFP GFP
250K ] . 250K !
D Safe guide control D Safe guide control
200K/ Dead cells/ 200k / Dead cells/ i . .
debris || Pol2 sgRNA - D5 post infection debris || Pol2 sgRNA - D5 post infection
< 150K~
§ 150K4
n
1]
100K 4 100K+
50K < 50K -
Live cells Live cells
0 0
LI e I MR I I T T T T T
0 50K 100K 150K 200K 250K 0 50K 100K 150K 200K 250K

FSC-A FSC-A



AAVS knockin Clone 1

AAVS knockin Clone 2

Il AAVS Clone 2 VP64

AN Polyclonal VP64

Il AAVS Clone 2 Myb
N Polyclonal Myb

I AAVS Clone 2 NfKB
N Polyclonal NfKB

IWOIPIIIIIIIIIIIIIYI

BOPIVIIVIIIVIIIIIIIIIIIIIII

I IPIIIIIIIIIP

(PP IIIIIIIIIIIIS

(PP IPIIIIIIIIIIIIIIIII

f S/

VNP9 994

PP PIIIIIIIIIIIIIIIIPI

VoI,

VI IIIIIIIII,

e

1.0 4

Il AAVS Clone 1 VP64

N Polyclonal VP64

I AAVS Clone 1 Myb

T {
L =
o o
|01)U0D BJeS 0} dANR[aI [eUBIS d4O

A Polyclonal Myb
I AAVS Clone 1 NfKB
AN Polyclonal NfKB

P IIIIIIIIIIIIID

PP IIIIIIIIIIIIIIIIIII)

PP IIIIIIIIII.

(PP IIIIIIIIIIII

VOPIIIIIIIIIIIIIIIIP

e

99994

VP IIIIIIIIIIIIIIIIII

oI4

VPP IIIIIIIIE

v/ "7

BOPIIIIIIIIIII

1.0 q

T 1
B <
S}

o
|00 8jes 0} dANe|aI [eubis d49

CDK8i

MED24 KO MED25 KO

EP300 KO

CDK8i

MED24 KO MED25 KO

EP300 KO

r=0.830

3.0

Y1l Jowensul  d49 Buipeibap-ises  AWOW

r=0.918

T T

i) o 0
o o —
Jauodal 9eqAbbid y9dA-d4Z
JudWYdLUD p|o} abesany

S9-d47x9

1.0

Joye|nsul

oLl

—

M

©

1l

[Te} < ™ N

zday AIND-GMIN uswydlius pjoj abeleny

d49 buipeifep-ilseq4  AWOW

SVYNXS

VP64 lentiviral reporter

Average fold enrichment

Gal4

Average fold enrichment NfKB-CMV Repl

@ Coactivators

o
ar

mCMV  Fast-degrading GFP

5XUAS

>
LTR

LTR

mCMV  Fast-degrading GFP

5xXUAS

VP64
o 10° 10 10
GFP

LTR

[] Non-targetting
] Gal4 sgRNA1
[ Gal4 sgRNA2

IRF1
0 10° 10° 10°
GFP

2 g 2 o
@D < < ~ °

9pOW 0 pazifewioN

100

NF-kB

9 9o g 2 9 o
g ® o ¥ <«

BpOW 0 pazifewioN

5
]
o
9 [T
= -6
w El
°
8 8 8 8 & ~°
BPO 01 PazZIfewIoN
k]
%
om
o
> o
s [}

o 9 o o
8 8 ¥ & ©°

9pOW 0 pazifewioN

100

2 2 2o 9o
& ® ¥ & ©°

SpO 01 pazifewioN

100

GR

NOTCH

PU.1

o 9 o o
s © ¥ «

9PON 0L pazifeutioN

o

0

E

o

1

100

o 9 o o

& ® < <«
SPON 0L PazifeulioN

o 9 o o
® © ¥ 0«

SPOIN 0L PazifeulioN

P53
0 10°%

9 9 o o
8 ® ¥

9POW 01 Pazi[ewioN

o

10°

10*

GFP

GFP



[

0O
%0 . 0 30 30
regulators @ K_’@ @ K} o

ADs screened
VP64, MYB, EWS

NF-kB, P53, IRF1

PU.1, NOTCH, GR

Dropout analysis

DS library D5 D6 library D6 D7 library D7
control screen control screen control screen
B C All hits

T T T r1 T

GR NOTCH P53 EWS MYB IRF1 PU.1 NFKB VP64

RNA polymerase initiation

. Mediator complex O SWI/SNF

Day 14 D14 library
@ control ©
o
(9 g
—
O3 2
>
e}
<
o ©
=]
=
O
Dropout T T
DO D14
Screen enrichment
AD1 AD2 AD3
L
cere [ 1 I
core2 [0 I
o I
% - o ¥ 2 93
S x L > 4 g ;L @
m 6 E> 2z 2 $P
Significantly
enriched in
- every screen
=
o
S Fold
] enrichment
O m— 8
S — 6
| = ]
=== 3
— EEEpa 02 e 2
S| — 1 1.
Fold g —
enrichment ¢y | e m— =
8 2
GI 5]
4 O
2 Not significantly
1. - -
enriched in
I any screen

and elongation
. SET/COMPASS complex . Ribosome biogenesis ec e #TFs require
[
~ 0.0 o o° r=-0.54 e 0
% ol ® o o1
E \\ ® e 2
F Essential genes defined by D14 dropout 5 -0.51 ‘ NG ® ® o3
o @ S ® ® o4
] . 5 ~
° 2.0 B Non-essential genes 7 1.0 N 8 ® e POLRZH © S
c I Essential genes 2 ~ TS @@ POLR2G ® o6
g 2 (9 POLR2R POLR2F o 7
] SN
S - = ~< POLR2C
3ot 5 -1.51 9 ® ° ° 38
2> 8 & o POLRD @ @ o o S~ 0@ @ e 9
ES = ®e J .POLRZB S @POLR2E
8 2 1.0 20l ® e ® "> POLR2L
g2 e RO -8
53 1 z 3 ; 5
g = 0.5- Mean fold enrichment (TAD screens)
©
9]
2
0 H Essential genes defined by D14 dropout Essential genes defined by DEPMAP
T T T T n.s *
Day 5 Day 6 Day 7 Day 14
1.04 1.0
G Essential genes defined by DEPMAP 5
2.0 . S o8 3 08]
o mmm Non-essential genes kS S
S I Essential genes g 06 5 06l
o)) o« VU.b4 -
g’_ o 151 ‘2 ‘%
Q2 é 0.4 E 0.44
50 3 o
8 e 1.0- O 0.24 0.2
82
33 0.01 : L 0.01
% = 0.5 Non-essential Essential Non-essential Essential
g
<
0 B

Day 5 Day 6 Day 7 Day 14



AD legend
Safe sgRNA
Safe sgRNA
INTS5 sgRNA
Ints1Ints4  Ints7 INTS5 ngNAJL
\ Safe sgRNA ‘
+TNF Safe sgRNA
Ints2  Ints5 Ints8 Ints10 +TNF
% % %@ INTS5 sgRNA
/ +TNF INTS§r E?:RNA
+
|nt§9 Ints12 MAALARAS . . RALERA T T T T T T T
0 103ICAM1 10* 10° 0 103 10¢ 108
CD69
APC PerCP-Cy5-5
D p=0.01
4.0 ‘
N +
3.5
RNA-seq Log 2 " N , = TNF target genes
No TNE TNE Fold change NF-kB ChIP-seq Read T _ 3.0 B Other genes
— s NoTNF  TNF  couns 2z ! Voo
’ 80 o=
1 70 o 4 +
05 60 22 25
0 50 <
40 2
H -0.5 30 @ 7 20
. 2 2f
-15 0 8L 15
[}
4
% 1.0
o0
S5 0.5 . .
0 8 o
o) o Safe Control INTS5 KO
S 5 20,
o Fa n ® TNF target
4+ T O 1.84
a0 c 5 g genes
= 3 c 2 4 1.64
o] = o 7
L < 9 2%
= @ ~ O 144
= gL 8¢ 12,
o3 zy
m o X £ 1.04
X3 L+
28 £0 0.8]
o X
&5 0.6
=
< 0.41
0.2
1kb 0 1kb 0 1kb Ranking of genes by effect size
[0-4.47]
Safe EQ o R B
1 [0-4.47]
LL
Safe + TNF Z
[0-6.22]
Safe —
AN | [p-622
o
INTS5 KO o “
<C| [0-622 PR
Safe + TNF Z
@
[0-6.22]
INTS5 KO + TNF . ‘. "
. e, ——h . Al il
m L HEHHH—
ICAM1
[0-4.47)
Safe 08 P g N -— — —
X\ 0-447
Safe + TNF %
I S - -
[0-9.44]
Safe A*_ e e
% [0-9.44]
Safe + TNF o & I.- ‘ St —
<
= | [0-944
INTS5 KO o
[0-9.44]
INTS5 KO + TNF M

e ———— [ — —— —— —— e

MYC



PRMT1 KO SMARCAS KO

HUWEI1 KO TRIM28 KO

MED24 KO

[[] safe guide
[ I cofactor g1
[] cofactor g2

=} 2 o
] g & S
< < <
i g ] E
a o >0 5 a o o 2
& W ) Su & =g ey o =¥
[} [} 9] [} o o o 9]
o o o o
E e 2 E
S S E] S
- - T W Y- Tanr S i = S Y TgTETEe e 5 g 888 N A T
S 8 3 @ & © § ® & I « © § ® & ¥ « ° 8 8 8 § R/ g8 & 83 § & m & @ ¥ & °© S 8 8 @ & © m ® ® ¥ «
= = = S
BPOIN 01 pazifewloN BPO 01 pazifewioN PO 01 paziewloN BPOIN 0L pazi[ewloN SPOIN OL pazifewloN SPO OL pazi[ewioN PO\ 01 pazi[ewlioN SPOIN 01 pazifewloN BPOIN 01 paziewloN

2 o o o o

S S S S S

=} =} =) =} =)

— — — — —

> S 0o > a o > a a >0

=hnd S o S i o S & L S

o o o [O] o o [0} o [0)

5 o o o o

2 S S S 2

S o o ~

S S = S
ST TS TS 5 TSTTSTTSTTS T COE- - - - LTS TTSTTETTSTTL - I -

m ® ® ¥ « °©° M 8 ® § & © g ® © ¥ « e m & & ¥ & ° m m ® © ¥ « g8 &8 8 ¥ & ©° 8 8 8 8 R ©° 8 8 8 8§ & ©°
= = =
SPOIN OL pazifewloN SPON 01 paziewloN PO 0L pazi[ewioN SPON 01 paziewloN BPO 01 pazifewioN SPON O1 paziewloN BPOIN 01 pazifewloN PO 01 paziewioN BPOIN 01 pazifewloN

o o 2 »

5 5 g g

+ b =)

g g g 5

P o q o oq P P o a 2o

S Qo Su S S o i ™ S

O] [} o [©) o o [0 [©) o

o o B o o o

1 e 3 2 2 S

o S 3 a o o

S S =t E 3 S
i v T T T T m m m .0 .0 T T T T T T - T T T T T T T n.U n.U n-u n.u T T T T T T T T T T T T T

o
S 8 8 8§ R ©° § @ © ¥ « © S 8 8 ¢ & © 8 8 8 ¥ ] © g ® © ¥ « °© 8 8 83 2 R S &8 8 ¥ & © 8 8 8 ¥ & © S 8 83 8§ R »©°
= S = S = = =2
QPOIN 01 pazifewloN SPOW 01 pazi[ewioN BPON 01 pazijewloN SPON 01 pazi[ewioN OPOW 01 pazifewioN SPOW 01 pazifewioN PO 01 pazifewioN SPON 01 paziewioN 9POW 01 pazifewioN

0 @ " . 50 Pl

S S =] =] a =}

< - < 5

5 S % g g

o a P a o NN a o P

S S & [ S Su [ i =i

o o (V) [©] o o o o o

o o o 5

e e g = 5

o o o 5 .

E E = g =
= ™ A= A . A T TE YT ER
m 8 & ¥ & ° m 8 & ¥ & ° m 8 & ¥ & ° g 8 8 ¢ 8§ g 8 8 8 & ©° g 8 8 8§ & ©° m & © I & ©° ® © § « g8 8 8 ¢ R

— — — —
APOIN 01 pazifewloN B9POIN 01 pazifewioN BPOIA 01 paziewioN PO 01 pazifewioN PO\ O pazifewioN BPOIN 01 paziewloN SPOIN OL pazifewloN PO 0L paziewloN BPOIN O pazifewioN
o o o w
8 & = e S
=) 5
= = 5 =) g
a >0 a o >0 oo o a P
W & S o o S QL g o Y
[ [0 9} 0] [ U] 0] [V -6
o o o o

= = 3 5 3

o > o o .

3 1 3 S S

T R ey f
o o o o o 9 9 ©o o o 9 Q o o o o o o T T T T T T
m 8 83 ¥ ]| © g 8 8 ¥ W ° g ® © ¥ « m 8 & ¥ & ° M 8 8 § & © g 8 8 8§ & ©° 8 8 8 R =© 8 8 8 ¥ & ©
— -

BPOI 01 PazIfewIoN

VP64

SPO 0 pazifewioN

MYB

QPO 0L PazifewIoN

%
=
rf

SPOW 0L pazifeuwioN

NfKB

QPO 0L PazIfeWIoN

P53

SpO 0 pazifewIoN

IRF1

SPON 0L pazijewlioN

PU.1

SpOIN 0L PazieuioN

NOTCH

SPOI 01 PaZIfeWION

o
O]



Gal4-NOTCH

Gal4-MYB

Gal4-P53

Gal4-vP64

D DMSO

[7] coksi

GFP

10t 102 10° 104 10°

|:| Safe guide control

[7] cDKs sgrNA1
] cDKks sgrNA2
[7] ccNe sgrNAL
[] ccNe sgRNA2

100-

T T T T T
o o =} o °
o @ < «

SPOI 01 PazifeuioN

1004

T T T T T
o =3 o o o
D =) 53 «

9POI 01 PazifewoN

10* 10°

10°
GFP

10t 102 10° 104 10°

102

100+

80 —
60 -
40 —
20
04

QPO 0L pazifewioN

SPOI 0L PazIfeWION

T T T T T
Q =} o =} °
© © < N

T
o
S
=

T T T T f
=) Q ) o
@ =3 < 3] °©

=)
=

=)
=
2
=

S
=

=)
=

T
o
o
—
SPO 01 PazZIfewIoN 3POIN 01 pazIfewioN
<)
—
=)
S
P
S
]
=)
S
=)
—
T T T T T T T T T T T T
o o
g 8 8 & R =° s 8 8 § K =°

PO O PazZIeulioN

SPOIN 0L pazifewioN

o
- O
I
O
T
o - O
X P
2 -
[a) LD
O o
| -
©
[e) - =
N4
[©]
> [32)
9] - B
O
| o
-
4 =z
5
~N %]
' -=
o 1]
X
5 2
(@] o
o =
<
©
-0
>
| s e e e e e L
< 0 =
— o o

|04U02 3pING 34V'S 10 OSING O} dAR[BI d4D

GFP

GFP

GFP

GFP

=
RS
c S <<
o o Z2 2
= o X @
2 o O
o 2 a0
3 o 588
(%)
< Q T T
= E ‘T 0 9
[a -] n = =
a4
Q T
= o
[
O]
T T T T T i T T T T T T
=3 [=) =) o o =)
g 8 8 g & © E ® © N &
POW 0L pazIfEWION BPOIN 01 pazifewioN
m
>
=
=
©
]
T T T T T T O_ T T T T !
8§ 8 8 8§ & ° s 8 8 § & °
SPO 0L PaZI[eWoN BP0 0 pazifewioN
I
O
T
o
Z
=
[
O
1 1 T T T T T T T T T T
g 8 8 8 8§ ° g 8 8 § 8 o
B9POIN 0 pazifewioN PO 0 pazifewioN
=)
E
<t E
©
£
% iy
= o
] o
o
E
=)
E
T T T T T T T T T T T T
& 8 8 § & -° & 8 8 g 8§ o©
PO 0 Pazi[ewioN PO 0 pazijewioN
2
- O
I
)
Q Be)
X z
Te)
N Az}
[a) ]
L o
=
—
| o
-
0
<
3 3
) -
c
g @
@ - <
° =z
&
a (%]
] [ =
s w
| @
| >
=
<t
©
- O
>
T T T T T
Q @ © < N =
- <} =} =} [} [}

2

10:3U09 3pING J4VS 10 OSIA O} dARIBI d4D

10? 10° 10¢ 10°

10t

GFP

GFP

GFP

GFP



All hits required for EFla expression

FLAG
Gal4-AD

Lamin-B1

Day 0 Day 5 Day 6 Day 7

2 g 3 R
6  aF @@_> @©®_>@©O©

%00 . G0 30
EFia regulators K_) o &) @ @ K—) ooeo

GFP-PEST (9] O3 O @
| y }

D5 library D5 D6 library D6 D7 library D7
control screen control screen control screen

| | [ | | [ [ 1 | | C

NOTCH

Fold enrichment

EFla GR IRF1 P53 NOTCH PU.1 EWS MYB NfKB VP64
CDC73

HINFP I
MED12 -
INTS8 -

SMN2

i

N w OO

PHF5A

PAF1

INTS5

MED24

INTS2

EP300
MED1
CHMP2A
GFI1B
SF3B3
TAF12

HUWE1
CHD1

PG

(il

/

©
—
LL
L
k)
<
[
£
g
= El
= — £
= 2 EIF4AL
= e | - INO80B
5 ] g MEPCE
i h ——— c MED23
— — E MED16
r_ [ MED25
_- — i=] SMARCB1
S — [ Q MGEAS
LE — “6 SNRNP200
— o KAT8
= T g H1FO
— o TRIM28
2 . ERCC3
i S— _—_ 9 KLF1
— o SMN1
— R ! o) H2AFZ
() PRMT1
= — ; NCOA1
TERF1
L | R _— — — g SETD1B
—— o SMARCA5
VE Lo NONO
—— HISTH1D
= — — CDK8
— OGT
BRD3
i HMGN2
Many EFla dependent genes are not required for all ADs HCFC1
and no clear simple pattern of certain ADs
requiring the same factors as EFla A number of the top heteorgeneously required
cofactors are not required by EFla.
Those that are, do not display a simple pattern
that would indicate their heterogenity is caused
by indirect effects
MYB EWS NKB P53 IRFL  PU1 NOTCH GR 200
Q o 9 o 2 o 2 o 0 o 0O o O o 9 o
n 5 9 5 L 5 &L 3 a2 5 ®O 5 ® 75 D 3 Il UAS reporter
= = = ]
% 5 =) 5’ [a) 6 [a) 8 E 5 E L>)' E 3 g 6 150 1 Negative control

90kDa ]
70kDa

50kDa
38kDa

region

=
o
T

25kDa

a1
o
|

90kDa -

70kDa
50kDa

Gal4 occupancy (% of input)

=
o

30kDa

0.57

0'O-VP64 MYB EWS NfKB P53 IRF1 PU.LINOTCH GR Gal4
KO




A Vedator EP300 TRIM28 HUWEl PRMTl 2 SETDlB
on @il2 gx INTS g€ GR
oY 88 module as specmc Pearson

i+

ﬁ r E E

Lol

2.0

® MED14 dTAG
DEGs (SLAM-seq)

MED25 dTAG FC

0.0 0.5 1.0 15 2.0
MED14 dTAG FC

Fold enrichment

Fold enrichment

Mediator tail 2

r=0.910 g
5+ e==MED25 === CDK12
== MED24 3.54
= MED23
= MED16
= 3.04
(7]
£
£
S
£ 254
(7]
=}
(<]
w
2.0
154
EWS GR Irfl Myb NF-kBNotch Pu.1VP64 p53 EWS GR Il Myb NF(B Notch PU.1 VP64 p53
INTS module 30+ PAF1/WDR61 0907
3.5 r=0.923 > r=
w— PAF1
_:ﬂlig == WDR61
3.0 “TINTSE o |
g
2.5 £
' 5201
c
&
2.0 %
w
1.5
1.5
1.0
1.0

T T T
EWS GR Irffl

4SU labelled RNA-seq reads (%)

1.5 1

1.0 4

0.5

Fold change in Pol2 ChIP-seq signal

0.0 1

T T T T T T
Myb NF-kB Notch Pu.1 VP64 p53

8 —,
7| 1.:3x
6 —
5 _|
4 |
3
2 |
1 -
0 -
B Med14
° @]
=}

EWS GR

MED14 dTAG DEGs

MED14 CDK8i MED12
dTAG dTAG

MED25
dTAG

|rf1 Myb NF-KB Notch Pu.1 VP64 p53



Fold reduction in GFP signal

Including p53

@ CDKSi r’=0.18, n.s
4 CDK8 KO r?=0.54, *
¥ CCNC KO r2=0.59, *

2 4
Elongation index

Fold reduction in GFP signal

Excluding p53

4~
@ CDK8i  r?=0.91, ***
# CDK8 KO r?=0.80, **
¥ CCNC KO r?=0.87, ***
3_
2_
(]
14 v
0% 3 : '

Elongation index



Luciferase relative to renilla
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Supplementary Note 1 — designing and analysing comparative CRISPR screens

Our manuscript pioneers the use of comparative CRISPR screens. Most prior studies that have
used CRISPR screens have been designed with the intention of identifying individual hits that
regulate a specific phenotype of interest!. These hits are then validated and studied in further
detail. For that purpose, it is not necessary to obtain a highly quantitative measure of the degree
of enrichment of individual genes, as the hits do not need to be compared across different
screening conditions. Here, our goal was to compare across screens to obtain more general
insights into the specificity of transactivation domains and core promoters. We hoped to use
the screens not only to identify important cofactors, but to provide insights into their degree of
requirement across different conditions. This requires a relatively reproducible and precise
measure of guide enrichment.

Since most CRISPR screens are not designed to obtain quantitative information, the analysis
tools currently available are not designed to handle multiple timepoints, or to compare
enrichment values across screens. As a result, it was necessary for us to develop bespoke screen
design and analysis methods that would provide the most accurate quantitative information. In
this Supplementary Note, we discuss the rationale and provide justification for the screen
design and analyses steps we performed. We also demonstrate how the inclusion of certain
filters in the analyses improve the reproducibility of the data.

Throughout, we benchmark our analysis approach by using two independent biological
replicates performed on GAL4-NfKB activating the minimal CMV promoter. Upon processing
the data according to our pipeline, the two replicates have a very high degree of correlation
(r=0.918, Pearson), demonstrating that our design and analysis pipeline produces highly
reproducible data.

Supplementary Note Fig. 1) Correlation between the fold enrichment scores in the two replicates of
the GAL4-NfKB mCMYV screens. r = Pearson correlation. PCNA is outlined as the only major outlier.
Error bands reflect 95% confidence interval of Pearson correlation.

Demonstrating the importance of filtering outliers for accurate quantification of the
screen data

In the analysis of CRISPR screen data, fold enrichment values are calculated for each guide in
the library by dividing the number of counts in the screen sample by the number of counts in



the matched library control. Our library contains 6 different guides targeting each gene and we
isolated samples at 3 timepoints (D5, D6 and D7 after guide library infection). This resulted in
a total of 18 guide enrichment values for each gene in each screen. These 18 enrichment values
were averaged, resulting in a single fold enrichment value per gene per screen.

Upon initial inspection of the raw data, we noticed single sgRNAs targeting a gene with fold
enrichment values of up to 500-fold, when other independent sgRNAs against the same gene
were not enriched. These are examples of outliers potentially caused by random sampling
variation, or due to random overamplification in the PCR step, which is an issue that has been
previously reported in CRISPR screens®. Inclusion of these guides in the analysis would
obscure the calculation of an accurate fold enrichment value. Consequently, we realised that
some filtering of the guides would be necessary to remove outliers.

The following filtering steps were applied during the processing of the data:
1) Removal of guides with low guide counts in the plasmid pool (lowest 2.5% of guides)
2) Removal of guides that have a fold enrichment value below 0.1 or above 10-fold
3) Removal of guides that have a fold enrichment value that > 4-fold from the mean fold
enrichment value (mean of 18 values —i.e., all 6 sgRNA’s for a particular gene assessed
at D5, D6, D7)

We demonstrate how each of these steps helped to improve the quality of the data below.

Removal of lowly represented guides:

To reduce the prevalence of outlier guides, we initially removed guides with low counts, which
is a common processing step in CRISPR screens®. Low representation can cause sampling error
in the dataset resulting in erratic fold change values. Prior studies remove the bottom 5% of
guides®, however due to our low skew ratio (4.38) and our desire to retain as many guides as
possible, we decided to only remove the bottom 2.5% of guides.

Filtering guides with fold enrichment below 0.1 or above 10:

Even upon removal of these lowly represented guides, we still observed guides with unrealistic,
high fold enrichment values that were not correlated between biological replicates
(Supplementary Note Fig. 2, top right). These guides interfere with an accurate calculation of
fold enrichment values. Therefore, we reasoned that further filtering was necessary. In order to
set appropriate thresholds for filtering outlier guides from the screen data, we leveraged our
two biological replicates of the GAL4-NfKB mCMYV screen. We noted that none of the
sgRNAs with fold enrichment values above 10 were correlated between the two replicates
suggesting that a score above 10 is very unlikely to reflect a real enrichment score
(Supplementary Note Fig. 2, top right). Therefore, we filtered any guides with a fold
enrichment value above 10. We also reasoned that a depletion of 10-fold was just as likely to
be due to sampling error as an enrichment above 10, so as not to bias the data in a specific
direction, we also removed guides with a fold enrichment below 0.1. This filter dramatically
improved the reproducibility between the replicates (Supplementary Note Fig. 2, bottom left).

Filtering guides with fold enrichment value > 4-fold from the mean:

The final filter we applied, removed guides that were four-fold away from the mean fold change
calculated from the 18 individual enrichment values (i.e., all 6 sgRNAs for a particular gene
assessed at D5, D6, D7). This filter was applied because we noted that some target genes were
being classified as significant due to a single outlier guide (enrichment value < 10 and > 0.1)
that caused the fold enrichment for that gene to increase beyond the significance cut-off.



Introduction of this filter clearly reduces the dispersion of the data (observable by the reduced
spread of the values around a fold change of 1). This filter also increased the Pearson
correlation between replicates from r=0.890 to r=0.918 (Supplementary Note Fig. 2, bottom
right).

Supplementary Note Fig. 2) Correlation plot of fold enrichment scores of all genes in the library across
two replicates of GAL4-NfKB mCMV screen with different guide filtering applied. (Top Left) No filter
applied. (Top Right) Removing bottom 2.5% represented guides in the plasmid pool. (Bottom left)
removing guides with a fold enrichment over 10-fold. (Bottom right) removing guides with a fold
enrichment more than 4-fold away from the mean value of all 18 guides. r=Pearson correlation. Error
bands reflect 95% confidence interval of Pearson correlation.

The three filters we applied to the raw guide values were the only methods of post-processing
performed on the raw data prior to the calculation of a fold enrichment value. By using the
biological replicates of the same screen, we can see that each of these filtering steps increased
the reproducibility and were necessary to obtain an accurate fold enrichment value.

Demonstrating the importance of using multiple timepoints

Based on our prior experience with CRISPR screens*™, we reasoned that it would be necessary
to include multiple timepoints as part of our screen design to reduce the potential effects of
sampling error, by increasing the number of sampling events per guide. Since our screens were



performed at a relatively early timepoint, we also reasoned that using multiple timepoints
would help to minimise overlooking guides that work with different kinetics. Once again, we
can compare the results from the two independent biological replicates, to assess how
aggregating across the three timepoints (D5, D6 and D7 post guide infection) helped to improve
the reproducibility of the results.

To assess how aggregating the timepoints impacts the data, we can compare the correlation
between individual timepoints from our two biological replicates, with the correlation when all
three timepoints are aggregated. We found that the day 5 timepoint has greater variability
between the two biological replicates, than the day 6 and day 7 timepoint (Supplementary Note
Fig. 3), which suggests that while day 5 provides a window into the earliest changes that occur
after gene knockout, these early changes are more prone to variability likely due to kinetic
differences in sgRNA integration, expression and editing efficiency. At day 6 and day 7, the
enrichments are far more consistent across the two biological replicates (Supplementary Note
Fig. 3). However, aggregating the data across all three timepoints produces the highest
correlation between the two biological replicates (Supplementary Note Fig. 3).

Supplementary Note Fig. 3) Correlation between two NfKB CMV biological replicates at each of the
screen timepoints, as well as the data aggregated across the 3 timepoints. Each dot represents the fold
enrichment of the 6 guides that target each gene, other than the aggregated plot, which represents the
average of all 18 datapoints. R = Pearson correlation. (Bottom left) Bar plot shows the number of genes
that differ in fold enrichment values by at least 2-fold between the two biological replicates at each
timepoint and in the aggregated data. Error bands reflect 95% confidence interval of Pearson
correlation.

To further reinforce the value of aggregating the three timepoints, we calculated how many
genes display at least a 2-fold difference in enrichment values between the two biological



replicates. This analysis demonstrates that aggregating the data dramatically reduces the
number of genes with a greater than 2-fold difference between replicates (Supplementary Note
Fig. 3, Bottom Right). Only 9 genes display a difference of at least 2-fold between the two
biological replicates when the data is aggregated. This reflects a greater than 3-fold
improvement over the most reproducible individual timepoint (day 6). Overall, by aggregating
across three timepoints, we can both capture the earliest consequences of gene knockout, while
improving the reproducibility of the screens.

Permutation test approach to calculate an empirical p-value for each gene

The majority of the data presented throughout the manuscript uses the fold enrichment score
to represent the requirement for a particular cofactor. For the most part, we avoided
categorizing the data unnecessarily, as cofactor requirement appears to exist on a spectrum and
is therefore not a categorical variable. However, for some of the analyses, it was helpful to
define which genes were statistically significantly enriched in each screen. It is important to
point out that classification as a hit based on statistical significance does not have any impact
on the calculation of the fold enrichment score.

In order to calculate which genes should be considered significantly enriched in each screen,
we used permutation testing to calculate empirical p-values. Permutation testing works by
randomly sampling from the data to obtain an empirical distribution of the values. We obtained
this distribution by randomly sampling 18-fold enrichment values (6 from each timepoint) from
the 7240 guides in the library. Sampling was performed 10000 times on the data that had been
pre-filtered to remove outliers (using the above methods). An independent permutation test was
performed for each screen to ensure that we were accounting for screen specific differences in
the distribution of values. The cut-off to categorize a gene as statistically significant was a fold
enrichment score above the 95" percentile of this random sampling distribution, which equates
to an empirical p value < 0.05. The 95" percentile of the random distribution was similar across
all of the AD screens suggesting that the distribution of guide values was very similar across
all of the screens.

The values that correspond to the 95" percentile of this random sampling distribution are
rovided in a table below:

AD screen Enrichment score for p<0.05
GAL4-VP64 1.48
GAL4-MYB 1.46
GAL4-EWS 1.44
GAL4-NfKB 1.60
GALA4-P53 1.44
GALA4-IRF1 1.48
GALA4-PUI 1.54
GAL4-Notch 1.57
GAL4-GR 1.61




Supplementary Note Fig. 4) Random sampling distributions obtained from permutation test
performed on each screen. Solid red line reflects the 95" percentile of the distribution which
corresponds to an empirical p-value < 0.05. The dashed red line reflects the 99.9" percentile,
which corresponds to an empirical p-value <0.001.

To provide extra stringency to what is classified as a hit, we also reasoned that genuine hits
should have multiple guides enriched. Therefore, we applied an additional cut-off for
significance that at least 1/3™ of the guide values (6 out of 18 values) should display a fold
enrichment score above the 95" percentile. This cut-off did not have a dramatic effect on the
number of genes classified as hits, but did further increase the stringency of the data, by
reducing the impact of certain individual guides.

Obtaining quantitative information from CRISPR screen data

As stated above our ambition for the comparative CRISPR screens was to obtain relatively
quantitative data about the degree of requirement for different cofactors across a range of ADs
and core promoters. Generally, CRISPR screens are considered to provide a binary output i.e.,
a gene is either identified as required or not. This is largely due to the design of the screens and
the gates used to isolate cells displaying a particular phenotype. For our screens, as
demonstrated above and throughout the manuscript, we were able to achieve relatively accurate



and sensitive quantification of the transcriptional effects of different cofactors. This was
achieved by setting the gates for isolating cells at an intermediate distance (0.25 of the Mean
Fluorescence Intensity (M.F.I) from the initial normal distribution of GFP expression
(Supplementary Note Fig. 5). By setting the gate at an intermediate distance, we were able to
isolate a different number of cells in the GFP-negative gate depending on the degree of effect
on transcription (Supplementary Note Fig. 5, left). Setting the gate too close to the MFI of the
unperturbed cells would result in genes with large effects on transcription having similar
enrichment to genes with low effect sizes. Setting the gate too far from the main population of
would result in genes with smaller effect sizes not being identified, reducing the sensitivity of
the screens.

Supplementary Note Fig. 5) (Left) Schematic demonstrating the logic of the gating strategy
that enables quantitative data to be obtained from a single gated-CRISPR screen. (Right) FACS
gating strategy applied to each of the samples in the AD-screens. M.F.I = mean fluorescence
intensity (i.e., average GFP signal).

Various pieces of evidence suggest that our screens resulted in quantitative data. The high
degree of correlation in fold enrichment values (Extended Data Fig. 2B), correlation between
the degree of requirement and specificity of the cofactors (Fig. 2A) support the quantitative
nature of the screens. Likewise, our co-dependency analysis identified highly concordant
patterns of requirement across different subunits in the same complex, which would not have
been observable if the screen data was not highly quantitative (Extended Data Fig. 8B). Our
validation experiments also demonstrate that there is a high degree of concordance between the
fold enrichments identified in the screen and the fold change in transcription in our validation
experiments (Fig. 2C-D). Altogether, these data demonstrate that our gating approach was
capable of obtaining quantitative data from CRISPR screens. The accuracy and reproducibility
of the quantification is likely the result of the many design and analyses choices detailed above.
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