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Dewdrops on the genome

Krishna Shrinivas

Abstract

Submitted to the Department of Chemical
Engineering on August 14th, 2020 in Partial
Fulfillment of the Requirements for the
Degree of Doctor of Philosophy in Chemical
Engineering

Regulation of gene expression by biomolecular phase separation

Human development and physiology depend on the coordinated function
of thousands of cell types – for example, neurons, immune cells, and skin
cells. Each cell-type contains an identical copy of the genetic material yet
performs specialized and diverse functions, in large part, due to the selective
expression of particular coding DNA-elements (genes) into RNA. Mutations
or dysregulation in control of gene expression underlie many diseased states,
including cancer and neurodegenerative disorders. Non-coding DNA elements called enhancers orchestrate the complex biochemical pathways that
lead to precise activation of cell-type specific genes. Decades of advances in
molecular biology have identified many of the key proteins and their interactions in these pathways. Yet, how dozens of proteins and their complex
network of interactions are organized in space and time by enhancers to
robustly relay regulatory information to their target genes remains one of the
central puzzles of transcriptional control.
In this thesis, I will leverage approaches from statistical physics, simulation,
and informatics, in synergy with experimentalists, to gain mechanistic insights into gene control through the lens of biomolecular phase transitions.
Proposal: I will introduce recent evidence that proteins and nucleic acids with
certain features phase separate into two liquid phases, like oil from water, to
compartmentalize cellular pathways. Employing a simple physical model, I
will propose the phase separation of the transcriptional machinery explains
established and recently observed puzzles underlying a class of enhancer
elements called super-enhancers. Subsequently, I will describe studies performed in collaboration with the Young and Sharp labs that provide direct
experimental evidence of transcriptional condensates model in vivo.
Mechanism: I then will describe our efforts to identify the mechanisms
contributing to the formation of transcriptional condensates. By combining molecular dynamics, informatics, and experimental assays, we identify
specific features encoded in DNA that enable spatio-temporally localized
formation of condensates. I will discuss implications on the origins of enhancer activity.
Control: Here, we’ll combine non-equilibrium models of phase separation,
coacervate chemistry, and imaging data in cells to explore the dynamic
control of transcription through it eventual outcome i.e. ATP-dependent
synthesis of RNA. We propose a dual-feedback mechanism in which low levels of RNA synthesis promote condensate formation and higher levels trigger
dissolution. I will close by discussing the ramifications of our model on two
enigmatic features of transcription – the pervasive synthesis and degradation
of non-coding RNA and discrete and bursty dynamics of mRNA synthesis.
I will conclude with a short summary and brief discussion on future work.
Thesis supervisor: Arup K. Chakraborty,
Title: Robert T. Haslam Professor of Chemical Engineering, Professor of
Physics and Chemistry, and Core Member, Institute for Medical Engineering
and Science, MIT.
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Chapter 1: Appendix
Supplemental Figures

Supplemental Figure 1. Dependence of transcriptional activity (TA) on number of
chains (N) is depicted above. The proxy for transcriptional activity (TA) is defined as the
size of the largest cluster of cross-linked chains, scaled by the total number of chains. The
solid lines indicate the mean and the dashed lines indicate twice the standard deviation
in 50 simulations. All simulations are done at Modifier/Demodifier=0.1, Keq=1 and f=5.
TA levels are very different as long as the values of N (or concentration of components)
for a SE and a typical enhancer are sufficiently different.

Supplemental Figure 2. Simulations carried out to study disassembly of the gel after a
sharp change in the Modifier/Demodifier balance (mimics change in signals). The proxy
for transcriptional activity (TA) is defined as the size of the largest cluster of cross-linked
chains, scaled by the total number of chains. As depicted in the inset, the ratio of
Modifier/Demodifier levels are flipped (at =25) from 0.1 to 0.016 and TA is calculated
τ=50 time units post change in the Modifier/Demodifier balance. All simulations are done
for N=50 (model for SE) and Keq=1.The solid line represents the variation in the
maximum value of the calculated TA in 250 replicate simulations as valency (f) is
changed. Threshold valencies fmin, for ensuring cluster formation (see Figure 2C), and
fmax, to ensure robust disassembly (defined as TA<0.5, dotted line) within τ=50 time units
post change in Modifier/Demodifier levels are identified. The specific value of τ=50 time
units post change in Modifier/Demodifier values is chosen for illustrative purposes, and
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determines the value of fmax. The qualitative result that there exists a maximal valency
above which the gel does not disassemble in a realistic time scale is robust to changes in
the chosen value of this time scale.

A

B

Supplemental Figure 3. Noise characteristics of super-enhancers and typical enhancers
A. Dependence of fluctuations (or transcriptional noise), measured as variance in
Transcriptional activity (TA), on valency are shown for SEs (N=50) and typical enhancers
(N=10). The proxy for transcriptional activity (TA) is defined as the size of the largest
cluster of cross-linked chains, scaled by the total number of chains. The angular brackets
in the definition of the ordinate represent averages over 50 replicate simulations. All
simulations are done at Modifier/Demodifier=0.1, Keq=1. The normalized magnitude of
the noise, and importantly the range of valencies over which the noise is manifested, are
smaller for SEs compared to a typical enhancer. Note, however, that the absolute
magnitude of the noise in the vicinity of the phase separation point is larger for bigger
values of N.
B. Dependence of fluctuations (or transcriptional noise), measured as variance in
Transcriptional activity (TA), on N is shown for f = 5 (the minimal valency required for
cluster formation for N=50. All simulations are done at Modifier/Demodifier=0.1 and
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Keq=1. The proxy for transcriptional activity (TA) is defined as the size of the largest
cluster of cross-linked chains, scaled by the total number of chains. The angular brackets
in the definition of the ordinate represent averages over 50 replicate simulations.
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Chapter 2 - Appendix
Methods
Cells
V6.5 murine embryonic stem cells were a gift from R. Jaenisch of the
Whitehead Institute. V6.5 are male cells derived from a C57BL/6(F) x
129/sv(M) cross.

Cell culture conditions
V6.5 murine embryonic stem cells were grown in 2i + LIF conditions on
0.2% gelatinized (Sigma, G1890) tissue culture plates. 2i + LIF media
contains the following: 967.5 mL DMEM/F12 (GIBCO 11320), 5 mL N2
supplement (GIBCO 17502048), 10 mL B27 supplement (GIBCO
17504044), 0.5mML-glutaminae (GIBCO 25030), 0.5X non-essential
amino acids (GIBCO 11140), 100 U/mL Penicillin-Streptomycin (GIBCO
15140), 0.1 mM b-mercaptoethanol (Sigma), 1 uM PD0325901 (Stemgent
04- 0006), 3 uM CHIR99021 (Stemgent 04-0004), and 1000 U/mL
recombinant LIF (ESGRO ESG1107). Cells were negative for
mycoplasma.

Developing coarse-grained simulations of DNA, TFs, and
coactivators
We set up a coarse-grained molecular-dynamics simulation to model 3
different components – TFs, DNA, and coactivators, employing the
HOOMD simulation framework (Anderson et al., 2008; Glaser et al.,
2015). Briefly, the DNA chain was modeled as beads on a string, with two
types of monomers. “Active” DNA units were modeled by tessellating a
sphere (𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = 1/3 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢), using the rigid-body feature(Nguyen et
al., 2011), to form a roughly cubical monomer of unit side length (Fig

1A). Binding patches were modeled as rigid particles along the cubic face
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centers, with as many patches added as number of binding sites per
monomer. Tessellation of active DNA monomers enabled 1:1 binding
interactions, facilitated by excluded volume interactions from other
tessellated spheres. “Inactive” DNA monomers were modeled as spherical
monomers of unit diameter without any binding patches. TFs and
coactivators were modeled employing two different methods – explicitIDR (Fig 1A) and implicit-IDR models (Fig S3A). In the explicit-IDR
framework, TFs and coactivators were designed in a modular fashion (Fig
S1A). The “structured” domain was modeled as a spherical monomer of
diameter 𝑑𝑑 = 0.75 units.s. IDRs were constructed by tethering a

polymeric tail to the spherical domain, with TFs having shorter chains (4
monomers of 𝑑𝑑 = 1/3 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢) than coactivators (9 monomers of 𝑑𝑑 =

1/3 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢), to mimic the differential size of disordered regions. In the
implicit-IDR model, TFs and coactivators were modeled as spherical

monomers of unit diameter. All monomers had the same density. The
sizes of the modeled monomers of DNA and proteins mimics the relative
similarity in sizes between TFs/coactivators and nucleosomes. In both
methods, DNA binding patches on proteins were modeled as rigid
particles buried in the “structured” domains.
Non-bonding interactions between any two particles (including binding
patches) were modeled using a truncated, shifted, and size-normalized LJ
potential (U) with hard-core repulsion (particles don’t overlap), derived
in the following form:
𝑈𝑈𝑖𝑖𝑖𝑖 (𝑟𝑟⃗) = �

𝑃𝑃𝑖𝑖𝑖𝑖 (𝑟𝑟) − 𝑃𝑃𝑖𝑖𝑖𝑖 (𝑟𝑟 ∗ ) 𝑟𝑟 ≤ 𝑟𝑟 ∗
�
0
𝑟𝑟 > 𝑟𝑟 ∗

𝑃𝑃𝑖𝑖𝑖𝑖 (𝑟𝑟) = 4𝜖𝜖𝑖𝑖𝑖𝑖 × ((𝜎𝜎⁄𝑟𝑟)12 − (𝜎𝜎⁄𝑟𝑟)6 )
𝜎𝜎 = 0.5 × �𝑑𝑑𝑖𝑖 + 𝑑𝑑𝑗𝑗 �, 𝑟𝑟 ∗ = 2.5 × 𝜎𝜎

Bonding interactions between neighboring monomers on a chain were
modeled using a harmonic potential with hard-cores, with a spring
constant 𝑘𝑘 = 1𝑒𝑒4. All energy units are scaled to kT units, with kT=1.
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The strength of various interactions was set based on the rationale stated
in main text. Typical TF-DNA binding affinities are strong and in the
range of nanomolar (Jung et al., 2018) disassociation constants i.e. 𝐾𝐾𝐷𝐷 ≈

10−9 𝑀𝑀. The Gibbs free enthalpy change of binding can be approximately

calculated as Δ𝐺𝐺 ≈ −𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘(𝐾𝐾𝐷𝐷 ) ≈ 20𝑘𝑘𝑘𝑘. Thus, specific monovalent DNA

interactions were set to high affinities - for e.g. 𝜖𝜖𝐷𝐷𝐷𝐷𝐷𝐷−𝑇𝑇𝑇𝑇 = 20𝑘𝑘𝑘𝑘 in fig

1B,2A, 𝜖𝜖𝐷𝐷𝐷𝐷𝐷𝐷−𝑇𝑇𝑇𝑇 = 16 𝑘𝑘𝑘𝑘 in fig S3A-B. IDR interactions were much
weaker and individual interactions are often of the order of thermal

fluctuations (Brady et al., 2017; Nott et al., 2015; Wei et al., 2017) i.e.
order kT, though their energetic contributions can effectively multiply
through multivalence. Thus, we set 𝜖𝜖𝐼𝐼𝐼𝐼𝐼𝐼 ∼ 𝑘𝑘𝑘𝑘 between monomers on the

IDR chain. For the implicit-IDR model reported in Fig S2, multivalent

interactions were approximated by a weak LJ potential between particles,
for e.g., 𝜖𝜖 𝑇𝑇𝑇𝑇−𝑐𝑐𝑐𝑐𝑐𝑐 = 1.5𝑘𝑘𝑘𝑘, 𝜖𝜖𝑐𝑐𝑐𝑐𝑐𝑐−𝑐𝑐𝑐𝑐𝑐𝑐 = 1.5𝑘𝑘𝑘𝑘, 𝜖𝜖 𝑇𝑇𝑇𝑇−𝑇𝑇𝑇𝑇 = 1.0 𝑘𝑘𝑘𝑘 . The key
qualitative results i.e multivalent DNA acts as scaffold for phase

separation at low protein concentrations and seed at higher protein levels,
has been reproduced for different choices of interaction parameters
guided by the rationale above.
Particles are randomly initialized in the periodic simulation box, and
randomly re-seeded for each replicate trajectory, with the Langevin
thermostat. Friction coefficients were 𝛾𝛾 = 1 for proteins and 𝛾𝛾 = 100 for
DNA, to mimic chromosomal motion damping. Initial velocities were

drawn from the Boltzmann distribution. First, simulations were run with
small time steps (𝑑𝑑𝑑𝑑 = 5 × 10−6 ) to prevent randomly generated “high-

energy” configurations from blowing up and to relax the system to the
thermostat temperature. These “warm-up” period (𝑡𝑡 ∼ 0.1 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢) is

much smaller than the time to reach steady-state 𝑡𝑡𝑠𝑠𝑠𝑠 ∼ (1000 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢), so

these warm-up data points are not used in any analysis. All simulations
are run with a single DNA chain.
Explicit-IDR simulations are run for at least 45𝑒𝑒6 steps to accurately
recapitulate dynamics and reach steady-state, whilst implicit-IDR

simulations are run for 5𝑒𝑒6 steps. The slowing down of explicit-IDR
simulations (due to slower explicit-IDR dynamics), combined with
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additional pair-wise interaction computations (explicit pairwise calls for
all monomers, which are an order of magnitude more particles for
explicit-IDR simulations, scale as ∼ 𝑁𝑁 2 for N monomers), cause

computation times for single trajectories to be ~50-100 times longer than
the implicit-IDR version. Trajectory states were logged in the highly
compressed, binarized GSD format every 50000 steps, while observables
were logged every 20000 steps.

To probe the role of DNA in our simulations, after steady-state is reached,
interactions with the DNA binding sites are switched off. Interactions are
switched off by replacing all binding patches with “ghost” patches, with
no energetic benefits. Simulations are typically continued for the same
amount of steps before disrupting TF-DNA interactions to accurately
sample steady-state. A brief overview of key parameters used in
main/supplementary figures is found below in Table S1. The MD code for
running analysis will be made freely available upon publication.

Analysis of simulation data
Broadly, analyses of simulation data were split into on-the-fly calculations
employing the Freud package
(https://freud.readthedocs.io/en/stable/installation.html), as well as
post-simulation calculations that leverage a combination of various
libraries which interface with python – including numpy, scipy, freud,
matplotlib, and fresnel. On-the-fly calculations include:

1.

In-built functions for logging potential energy, kinetic energy,
and temperature.

2.

Number of monomers in largest cluster and radius of largest
cluster: A call-back routine was implemented that used Freud to
estimate the size of the largest connected cluster with 𝑟𝑟 =

1.4𝑑𝑑𝑚𝑚𝑚𝑚𝑚𝑚 (𝑑𝑑𝑚𝑚𝑚𝑚𝑚𝑚 diameter of largest monomer) to identify largest

cluster. This largest cluster size is relatively insensitive to studied
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choices of parameter 𝑟𝑟 = 1.25,1.35,1.45 𝑑𝑑𝑚𝑚𝑚𝑚𝑚𝑚 . Every reported

plot with scaled size at steady state, which is the number of

molecules in the largest cluster divided by number of binding
sites (Fig 1B), reports the mean in the dark line, and one
standard deviation in the shaded background.
For post-simulation calculations, data was read from GSD formats using
the gsd module. Explicit-IDR simulation trajectory data was parsed to
convert from number of molecules to number of chains, while following
the other steps as mentioned above. The entropy was calculated in Fig 2
and Fig S2 by identifying the number of molecules in the largest cluster
(in the case of the explicit-IDR simulations, each polymer was counted as
3
4/3𝜋𝜋𝜋𝜋𝑔𝑔

one molecule), and adding a value of 𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘(

𝑉𝑉𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

) for each molecule in

the condensed phase. 𝑉𝑉𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 was computed as the total volume minus the
excluded volume occupied by all molecules.

For the fluctuation analysis in Fig S3, the variance in largest cluster size of
individual stochastic trajectories was computed and averaged at steady
state. This value was normalized by the scaled cluster size, to compute the
scaling of fluctuations beyond the usual √𝑁𝑁 finite-size effects.

Contact frequency analysis of simulation data
For contact frequency maps, which are similar to Hi-C maps, represented
in Fig 6B and S5, the following analysis protocol was employed. After
individual trajectories reached steady-state, the position of each DNA
monomer along the chain was logged at every time step. Monomers closer
than (𝑟𝑟 = 3.0 units) a distance at a time 𝑡𝑡 are “cross-linked” i.e. they

count as an interacting pair. The qualitative interaction maps reported in
Fig 6B are robust to other tested values of crosslinking radius in the
regime of 2.5 < 𝑟𝑟 < 4 units. The pairwise contact frequency matrix is
then constructed by averaging over interactions over a time window at
steady state per trajectory, as well as averaging over 10 replicate
trajectories per simulation condition. The contact matrix is visualized

Page 167

using the seaborn and matplotlib packages in python3.

Computing radial density profiles from simulation data
Simulations were analyzed at steady-state to estimate the radial density of
TFs and coactivators around the DNA chain (g(r) from DNA). The freud
rdf analysis package was used to compute the rdf around reference
positions of DNA for both distributions of TFs and coactivator molecules.
In case of explicit-IDR simulation, the structured domains of the
respective molecules were used to probe their locations. The final g(r)
from DNA is obtained by averaging over 50 distinct simulation frames
(typically logged once every 50,000 steps) per trajectory, and over 10
trajectories. The g(r) is visualized for both explicit-IDR (Fig S1C) and
implicit-IDR (Fig S2C) at low concentrations, before and after disruption
of TF-DNA interactions, using matplotlib in python3.

Visualization of simulation data:
All simulation data-sets were analyzed in python3, with the aid of
matplotlib, to generate publication-ready figures. Simulation movies were
generated by stitching together down-sampled frames (once every 100000
steps) of individual stochastic trajectories, using Fresnel to render scenes
with the same color palette used in Fig 1A, and PIL to store image arrays
as gifs. After storing the gifs, these files were converted to .mp4 movies
externally and subs are added at the frame at which TF-DNA interactions
are turned off.

Quantitative immunoblot
Determination of number of MED1 molecules per cell and concentration
by linear regression analysis. Quantitative Western Blotting was carried
out as described in (Lin et al., 2012). Cell number was determined using a
Countless II FL Automated Cell Counter (Thermo Fisher Scientific). Cells
were lysed with Cell Lytic M (Sigma) with protease inhibitors at various
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concentrations and denatured in DTT and XT Sample Buffer (Biorad) at
90°C for 5 minutes. Purified recombinant MED1-IDR was used as a
standard and loaded in the amounts depicted in the figure in the same gel
as the cell lysates. Lysates and standards were run on a 3%–8% Trisacetate gel at 80 V for ~2 hrs, followed by 120 V until dye front reached
the end of the gel. Protein was then wet transferred to a 0.45 μm PVDF
membrane (Millipore, IPVH00010) in ice-cold transfer buffer (25 mM
Tris, 192 mM glycine, 10% methanol) at 300 mA for 2 hours at 4°C. After
transfer the membrane was blocked with 5% non-fat milk in TBS for 1
hour at room temperature, shaking. Membrane was then incubated with
1:1,000 anti-MED1 (Assay Biotech B0556) diluted in 5% non-fat milk in
TBST and incubated overnight at 4°C, with shaking. The membrane was
then washed three times with TBST for 5 minutes at room temperature
shaking for each wash. Membrane was incubated with 1:10,000 secondary
antibody conjugated to HRP for 1 hr at RT and washed three times in
TBST for 5 minutes. Membranes were developed with ECL substrate
(Thermo Scientific, 34080) and imaged using a CCD camera.(BioRad
ChemiDoc). Band intensities were determined using ImageJ. Number of
molecules per cell was determined by linear regression analysis through
the origin using Prism 7. The concentration of MED1 was calculated
using nuclear volumes obtained by analysis of Hoechst (Life
Technologies)-stained mouse embryonic stem cells in ImageJ and
assuming all MED1 molecules reside in the nucleus.

Protein purification
Proteins were purified as in (Boija et al., 2018; Sabari et al., 2018). cDNA
encoding the genes of interest or their IDRs were cloned into a modified
version of a T7 pET expression vector. The base vector was engineered to
include a 5’ 6xHIS followed by either mEGFP or mCherry and a 14 amino
acid linker sequence “GAPGSAGSAAGGSG.” NEBuilder® HiFi DNA
Assembly Master Mix (NEB E2621S) was used to insert these sequences
(generated by PCR) in-frame with the linker amino acids. Mutant
sequences were synthesized as gBlocks (IDT) and inserted into the same
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base vector as described above. All expression constructs were sequenced
to ensure sequence identity. For protein expression, plasmids were
transformed into LOBSTR cells (gift of Chessman Lab) and grown as
follows. A fresh bacterial colony was inoculated into LB media containing
kanamycin and chloramphenicol and grown overnight at 37°C. Cells
containing the MED1-IDR constructs were diluted 1:30 in 500ml room
temperature LB with freshly added kanamycin and chloramphenicol and
grown 1.5 hours at 16°C. IPTG was added to 1mM and growth continued
for 18 hours. Cells were collected and stored frozen at -80°C. Cells
containing all other constructs were treated in a similar manner except
they were grown for 5 hours at 37°C after IPTG induction. 500ml cell
pellets were resuspended in 15ml of Buffer A (50mM Tris pH7.5, 500 mM
NaCl) containing 10mM imidazole and cOmplete protease inhibitors,
sonicated, lysates cleared by centrifugation at 12,000g for 30 minutes at
4°C, added to 1ml of pre-equilibrated Ni-NTA agarose, and rotated at 4°C
for 1.5 hours. The slurry was poured into a column, washed with 15
volumes of Buffer A containing 10mM imidazole and protein was eluted 2
X with Buffer A containing 50mM imidazole, 2 X with Buffer A
containing 100mM imidazole, and 3 X with Buffer A containing 250mM
imidazole.

Production of fluorescent DNA
Gene fragments were synthesized by either GeneWiz or IDT and cloned
into a pUC19 vector using HiFi Assembly (NEB) so that the sequence was
immediately flanked by M13(-21) and M13 reverse primer sequences. 5’fluorescently labeled (Cy5) M13(-21) (/5Cy5/
TGTAAAACGACGGCCAGT) and M13 reverse (/5Cy5/
CAGGAAACAGCTATGAC) primers (IDT) were used to PCR amplify
the synthetic DNA sequence, yielding a fluorescently labeled PCR
product. Fluorescent PCR products were gel-purified (Qiagen) and eluted
products were further purified using NEB Monarch PCR purification to
remove any residual contaminants. The octamer motif sequence
“ATTTGCAT” from the immunoglobulin kappa promoter was used as
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the TF binding site. All PCR products used are 377 bp. The sequences of
PCR products are provided in Table S2.

In vitro droplet assay
Recombinant GFP or mCherry fusion proteins were concentrated and
desalted to an appropriate protein concentration and 125mM NaCl using
Amicon Ultra centrifugal filters (30K MWCO, Millipore) in Buffer
D(125) (50mM Tris-HCl pH 7.5, 10% glycerol, 1mM DTT). Fluorescent
PCR products were concentration normalized in Buffer D(0) (50mM
Tris-HCl pH 7.5, 10% glycerol, 1mM DTT). For all droplet assays, DNA
was included at 50nM, mEGFP-OCT4 at 1250nM, and mCherry-MED1IDR at the indicated concentration. Recombinant proteins and DNA were
mixed with 10% PEG-8000 as a crowding agent. The final buffer
conditions were 50mM Tris-HCl pH 7.5, 100mM NaCl, 10% glycerol,
1mM DTT. The solution was immediately loaded onto a homemade
chamber comprising a glass slide with a coverslip attached by two parallel
strips of double-sided tape. Slides were then imaged with an Andor
spinning disk confocal microscope with a 150x objective. Unless
indicated, images presented are of droplets settled on the glass coverslip.
For DNase I experiment, MED1-IDR droplets were formed at indicated
concentration in the presence of OCT4 (1250nM) and ODNA_20
(50nM). The solution containing droplets was split into two equal
volumes, to one volume DNase I (Turbo DNase, Invitrogen, 3U) was
added with manufacturer provided reaction buffer and to the second
volume enzyme storage buffer and reaction buffer were added. These
were loaded onto slides, incubated at 37° C for 2 hours and subsequently
imaged as described above.

Image analysis for reconstructing experimental phase curves
A custom analysis pipeline was developed in MATLABTM, building on
code described in (Boija et al., 2018). Briefly, droplets were identified by
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employing a two-step thresholding procedure. First, the image was
segmented in the MED1-IDR channel with an intensity threshold
(𝐼𝐼𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 > 𝜇𝜇∗ + 3𝜎𝜎, where 𝜇𝜇∗ is the most probable intensity, representative

of background, and 𝜎𝜎 is the width of the distribution) to identify bright
pixels. Subsequently, the identified bright pixels were labeled as

“condensed” droplet phase after enforcing a minimum droplet size of 9
pixels i.e. atleast 9 clustered pixels had to simultaneously pass the
intensity threshold to belong to the condensed phase. In the absence of
phase separation, no pixels are identified as belonging to the condensed
phase.
For each image, the total intensity in the condensed droplet phase was
summed in each channel (𝐼𝐼𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎,𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ), as well as the total background
intensity outside droplets (𝐼𝐼𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎,𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 ). The condensed fraction in each

channel was defined as :

𝑐𝑐. 𝑓𝑓.𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 =

𝐼𝐼𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎,𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

𝐼𝐼𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎,𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 +𝐼𝐼𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎,𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏

.

The condensed fraction was averaged over replicate images (≥10 per
condition). At very low concentrations or in the absence of observable
phase separation, c.f. is close to 0. We repeated the c.f. analysis with
different intensity thresholds (𝐼𝐼 > 𝜇𝜇∗ + 2.5𝜎𝜎, 𝐼𝐼 > 𝜇𝜇∗ + 3.5𝜎𝜎, 𝐼𝐼 > 𝜇𝜇∗ +

4𝜎𝜎) and size thresholds (9,16,25 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝). The qualitative results reported
in main and supplementary figures did not change under these tested
conditions.
In all plots of the c.f., solid lines represent the mean condensed fraction
and error bars refer to values one standard deviation above and below the
mean, computed from replicates (n≥10). Plots of the condensed fraction
were generated by using the matplotlib library in python3. In all plots in
the main figures (Figs 1F, 3D, 3H, 4D, 5B), the condensed fraction in the
MED1-IDR channel is reported.
For inferring saturation concentrations from the condensed fraction
curves, a linear interpolation was fit using the linear-least squares
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approach to the data from the replicates across the data points above and
below the threshold (0.4% - for all data reported). The apparent
saturation concentration (Csat) was estimated as the concentration at
which the condensed fraction reached the threshold value. The standard
deviation in inferred values were computed from the standard error of the
regression.
The difference between the inferred values of saturation concentrations
across any set of conditions (as measured by their ratio) was insensitive to
other tested values of the threshold in the range 0.3-0.6 %. Lower values of
the threshold (<0.3%) led to unreliable estimates, confounded by noise
from replicates, as well as specking from background, and were thus not
employed. A T-test (with unequal variances, Welch’s test, refer scipy.stats.ttest_ind_from_stats) was performed to test for significance
between inferred saturation concentrations.

DNase I image analysis
Building on the above-described analysis, for each condition, the partition
ratio for each replicate image is calculated as 𝑝𝑝𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 =

<𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼>𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
<𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼>𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏

in various channels for each image-set. The key difference is that a

background intensity subtraction (of 80 pixel units) is performed to aid in
droplet identification and partition calculation at low concentrations. The
partition ratio is a proxy for the relative enrichment of molecules in the
condensed phase over the bulk phase. For any given experimental
condition, the sample of partition ratios are obtained over replicate
images (n≥ 10).
Subsequently, the partition ratios for control (without DNAseI) and
DNAseI experiments were normalized to the mean partition ratio for the
control at same concentration of MED1-IDR. Scatter plots with mean +/std were generated using the normalized partition ratios in the
561(MED1-IDR) channel for Fig. 2B, and in the 640 channel (DNA) for
Fig S1D, using PRISM.
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Luciferase reporter assays
For enhancer activity reporter assays, synthetic enhancer DNA sequences
with varying valences or densities of OCT4 binding sites (see Table S3)
were cloned into a previously characterized pGL3-basic construct
containing a minimal OCT4 promoter (pGL3-pOCT4)(Whyte et al.,
2013). The synthetic enhancer sequences were cloned into the SalI site of
the pGL3-pOct4 vector by HiFi DNA Assembly (NEB E2621) with a SalI
digested vector and PCR-amplified insert. All cloned constructs were
sequenced to ensure sequence identity. 0.4μg of the pGL3-based enhancer
plasmids were used to transfect 1x105 murine ESCs in 24-well plates using
Lipofectamine 3000 (Thermo Fisher L3000015) according to the
manufacturer’s instructions. 0.1μg of the pRL-SV40 plasmid was cotransfected in each condition as a luminescence control. Transfected cells
were harvested after 24 hours, and luciferase activity was measured using
the Dual-Glo Luciferase Assay System (Promega E2920). Luciferase signal
was normalized to the signal measured in cells transfected with a
construct containing zero OCT4 motifs. Experiments were performed in
triplicates.

Bioinformatic analysis
Position-weight matrices (PWMS) for Mus musculus stem cell master TFs
–SOX2 (MA0143), OCT4+SOX2 (MA0142), KLF4 (MA0039), and
ESRRB (MA0141), were obtained from the JASPAR database (Khan et al.,
2018). 100kb DNA sequences centered on super-enhancers (SEs, N=231),
as annotated in (Whyte et al., 2013) were gathered. The same number and
length of sequences were randomly subsampled from enhancers (typical
enhancers, TEs) annotated in (Whyte et al., 2013), as well as from random
genetic loci (Random) on the mm9 reference genome. FIMO was used to
predict individual motif instances in all sequences, against a background
uniform random distribution, at a p-value threshold of 1e-4.
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For the boxplots in Fig 6A, the average motif density is calculated as total
number of motifs divided by length of sequence over a 20kb sequence
region centered on SEs, TEs, and random loci, normalized in units of
motifs/kb. For the line plots in Fig 6B, the whole distribution of motif
density is represented along the 100 KB sequence, in bins of 2kb with
similar units.
Published ChIP-Seq data-sets are gathered from (Sabari et al., 2018) for
MED1, BRD4, RNA Pol II, and input control from GEO: GSE112808.
Reads-per-million (rpm) are summed in previously defined regions for
SEs, TEs, and random using BedTools. For Fig 6C, and supplementary
figure S5, the summed rpm values are plotted on a log scale. On the xaxis, the total number of motifs calculated in a 20kb window centered on
SEs, TEs, and random loci is plotted. Finally, a linear model is inferred
between log(𝐶𝐶ℎ𝐼𝐼𝐼𝐼) signal and motif values using ordinary least squares

regression. The inferred line is plotted in black and 95% confidence

intervals are plotted as a shaded gray background. The data is visualized
using the matplotlib library in python3.

Statistical analysis for simulation data:
Steady-state analysis of simulation data-sets in Fig 3 & 4 are reported with
solid lines represented by the mean (𝜇𝜇) and averaged fluctuations at
steady state (across trajectories) in the shaded background, whose
boundaries are characterized by one standard deviation away from the
mean on either side (𝜇𝜇 ± 𝜎𝜎). In all figures, the mean represents an

average over 10 trajectories. In Fig 1B, the steady state value is reported
for 2 specific conditions (+/- DNA at low protein concentrations), with
mean and 1 standard deviance (n=10 trajectories). For dynamical plots
reported in Figs 2,4,5, the mean trajectory (n=10) is reported.

Statistical analysis for bioinformatics:
The inferred linear lines in Fig 6C and S5 are generated between the
logarithm of the ChIP signal and the motif density, and the 𝑅𝑅2 reported
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in the respective captions. The 95% confidence interval in the inferred
slope of the linear fit is reported in the grey background, calculated from
statsmodels.api in python.

Statistical analysis for in vitro condensate assays:
Condensed fraction reported at any given concentration in all figures are
averaged over > 10 image-sets, with error bars representing one standard
deviation from the mean condensed fraction. Saturation concentrations
are inferred (mean and std error) from the above data (n>10 data sets, ref
methods above for details). The T-test (with unequal variances, Welch’s
test, refer - scipy.stats.ttest_ind_from_stats) was performed to test for
significance. Pairwise student’s t-test for DNase experiment (Figure 2B)
and luciferase experiments (Figure 4C,5B) were performed using PRISM
7 (GraphPad).

DATA AND SOFTWARE AVAILABILITY
All software and code generated in this project are publicly available at

https://github.com/krishnashrinivas/2019_Shrinivas_Sabari_enhancer_features . The raw
experimental data can be found at

https://dx.doi.org/10.17632/c36nyy79y4.1 .
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Figure S1
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Figure S1: Multivalent TF-DNA interactions promote phase separation of TFs and coactivators, Related to Figures 1,2
A. Schematic illustrating geometries of the simulated molecules (in arbitrary units), including relative sizes of the folded and disordered
domains. In typical simulations, the total length of the DNA chain is 10 DNA monomers.
B. Immunoblot of recombinant MED1-IDR at indicated concentrations or lysates from the indicated number of cells is shown on the top
panel. Linear regression (bottom panel) is carried out to estimate number and concentration of MED1-IDR per cell (dashed box, bottom
panel) (see methods for details).
C. The radial density function (g(r)) is computed around DNA at low concentrations for TFs (yellow) and coactivators (blue), before (left
panel) and after (right panel) disruption of TF-DNA interactions. TFs and coactivators form a largely uniform dense phase incorporating
DNA (high values and overlap of g(r)), which is lost upon disruption of TF-DNA interactions and condensate dissolution.
D. Dynamics of condensate assembly at conditions with (grey) and without DNA (green line) is represented by average scaled size on
y-axis, and time (in simulation steps after initialization) on the x-axis. DNA promotes rate of assembly at high concentrations. However,
DNA is not required for condensate stability, as evidenced by high values of scaled size after disruption of TF-DNA interactions (shown
by a dark grey background).
E. Scatter-plot depiction of ODNA_20 partition ratio between condensate and background, at high (gray) and low MED1-IDR concentrations (orange) in conditions without DNase I addition (-) or with DNase I addition (+). The partition ratio is normalized to the (-)
condition, showing that addition of DNase I degrades DNA.
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Figure S2
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Figure S2: Simplified computational model recapitulates all features of explicit-IDR model, Related to Figure 2
A. Schematic cartoon of difference between explicit IDR model and implicit IDR model.
B. Dynamics of condensate assembly/disassembly at three different protein concentrations (gray = high concentration, orange = low
concentration, black = lower concentration) is represented by average scaled size on the y-axis, and time (in simulation steps after
initialization) on the x-axis. TF-DNA interactions are disrupted after steady state is reached (shown by a dark gray background).
Schematic of phase behavior is presented next to simulation data, enclosed in boxes whose colors match the respective lines.
C. The radial density function (g(r)) is computed around DNA at low concentrations for TFs (yellow) and coactivators (blue), before
(left panel) and after (right panel) disruption of TF-DNA interactions. TFs and coactivators form a largely uniform dense phase incorporating DNA (high values and overlap of g(r)), which is lost upon disruption of TF-DNA interactions and condensate dissolution.
D. Energetic attractions (black line) compensate entropic loss (green line) during condensate assembly, but disruption of TF-DNA
interactions (magnitude =orange double arrow) causes dissolution at low concentrations.
E. Explicit-IDR simulations show a compensation of entropic loss (green line) by energetic attractions (black line) during condensate
assembly, and disruption of TF-DNA interactions causes dissolution. However, the estimate of entropy loss from simulations is an
under-count to the total loss of entropy, missing effects of configurational entropy.
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Figure S3
A

B
Scaled fluctuations

5

Scaled size

4
3
2
1
0

10 − 2 10 − 1

10 1

10 0

10 2

0.4
0.2

10 − 2 10 − 1

Scaled fluctuations

3

2

10 1

10 0

10 2

10 3

Normalized affinity

D

4

Scaled size

0.6

0.0

10 3

Normalized affinity

C

0.8

0.5
0.4
0.3
0.2
0.1

1
0

10

20

30

40

Number of binding sites

E

0

F

6

20

30

40

0.8

Scaled fluctuations

5

Scaled size

10

Number of binding sites

4
3
2
1

0.6
0.4
0.2

0
0.0

0.2

0.4

0.6

0.8

1.0

Fraction of high affinity binding sites

G

0.2

0.4

0.6

0.8

1.0

Fraction of high affinity binding sites

Normalized affinity = 10⁰
Single trajectory
Mean

5

Scaled size

0.0

4
3
2
1
0

0

5

10

15

Time (10⁶ steps)

20

Figure S3: Normalized fluctuations exhibit a sharp peak across the transition point in scaled-size, characteristic of phase
transitions, Related to Figures 3,4
Simulations predict a shift in scaled size from stoichiometric binding (≈1) to phase separation (>1) with increasing affinity for TF
binding sites on DNA (A), valency of TF binding sites (C), or fraction of high-affinity binding sites (E).
Normalized fluctuations in scaled size (variance over mean) shows a peak near threshold affinity (B), valency (D), or fraction (F);
affinity normalized to threshold affinity of E=12kT, fraction of binding sites normalized to total of 30.
G. Typical simulation trajectories show dynamic formation and disassembly of clusters (Transition between low and high scaled
size) at threshold affinities.
Page 179

Figure S4
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Figure S4: Phase separation of all components is promoted at lower coactivator concentrations by multivalent DNA
with high density of TF binding sites, Related to Figures 3,4
A. Condensed fraction of OCT4 (in units of percentage) for ODNA_20 (purple) and ODNA_20sc (green) across a range of
MED1-IDR concentrations.
B. Condensed fraction (in units of percentage) of ODNA_20 (purple) and ODNA_20sc (green) across a range of MED1-IDR
concentrations.
Solid lines represent mean and error bars represent single standard deviations across replicates.
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Figure S5
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Figure S5: Patches of TF binding site interact over long distances to assemble the transcription machinery, Related to Figure 6
A. Scaled size versus simulation time steps comparing three different distribution of binding site number and distribution (as shown in
the schematic legend). Dark gray background signifies disruption of TF-DNA interactions.
B. Contact frequency maps (see methods) show long-range interactions (right panel, checkerboard-like patterns) for DNA with
different patch number and distribution.
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Figure S6
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Fig S6. Mammalian genomes show correlation between high occupancy of coactivator and motif density at regulatory elements, Related to Figure 7
A. BRD4 ChIP-Seq counts (y-axis, reads-per-million) against total motifs of OCT4+SOX2+KLF4+ESRRB over 20kb
regions centered on SEs (orange), TEs (black), and random loci (gray).
B. Same as (A) with data from sequenced input.
The black line represents a linear fit inferred between the logarithmic ChIP signal and motif count, and the grey shaded
regions represent the 95% confidence intervals in the inferred slope. The linear model explains a sizable fraction of the
observed variance (R2≈0.28) for the BRD4 signal, but not for input control (R2≈0.07).
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Chapter 3 - Appendix
METHODS
Materials availability statement
All unique/stable reagents generated in this study are available from the
Lead Contact upon reasonable request with a completed Materials
Transfer Agreement.

Data/Code availability statement
The code generated during this study is available at:
https://github.com/krishnashrinivas/2020_Henninger_Oksuz_Shrinivas_RNA_feedback.

Cell culture
The Jaenisch laboratory gifted the V6.5 mouse ES cells. ES cells were
maintained at 37°C with 5% CO2 in a humidified incubator on 0.2%
gelatinized (Sigma, G1890) tissue-culture plates in 2i medium with LIF,
which was made according to the following recipe: 960 mL DMEM/F12
(Life Technologies, 11320082), 5 mL N2 supplement (Life Technologies,
17502048; stock 100X), 10 mL B27 supplement (Life Technologies,
17504044; stock 50X), 5 mL additional L-glutamine (Gibco 25030-081;
stock 200 mM), 10 mL MEM nonessential amino acids (Gibco 11140076;
stock 100X), 10 mL penicillin-streptomycin (Life Technologies, 15140163;
stock 10^4 U/mL), 333 µL BSA fraction V (Gibco 15260037; stock 7.50%),
7 µL β-mercaptoethanol (Sigma M6250; stock 14.3 M), 100 µL LIF
(Chemico, ESG1107; stock 10^7 U/mL), 100 µL PD0325901 (Stemgent,
04-0006-10; stock 10 mM), and 300 µL CHIR99021 (Stemgent, 04-000410; stock 10 mM). For confocal and PALM imaging, cells were grown on
glass coverslips (Carolina Biological Supply, 633029) that had been coated
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with the following: 5 µg/mL of poly-L-ornithine (Sigma P4957) at 37°C
for at least 30 minutes followed by 5 µg/mL of laminin (Corning, 354232)
at 37°C for at least 2 hours. Cells were passaged by washing once with 1X
PBS (Life Technologies, AM9625) and incubating with TrypLE (Life
Technologies, 12604021) for 3-5 minutes, then quenched with serumcontaining media made by the following recipe: 500 mL DMEM KO
(Gibco 10829-018), MEM nonessential amino acids (Gibco 11140076;
stock 100X), penicillin-streptomycin (Life Technologies, 15140163; stock
10^4 U/mL), 5 mL L-glutamine (Gibco 25030-081; stock 100X), 4 µL βmercaptoethanol (Sigma M6250; stock 14.3 M), 50 µL LIF (Chemico,
ESG1107; stock 10^7 U/mL), and 75 mL of fetal bovine serum (Sigma,
F4135). Cells were passaged every 2 days.

ChIP-seq analysis
ChIP-seq browser tracks for MED1, Pol II, BRD4, and OCT4 were
generated as described (Sabari et al., 2018; Whyte et al., 2013). Briefly,
reads were aligned to NCBI37/mm9 using Bowtie with the following
settings: “-p 4 --best -k 1 -m 1 --sam -l 40”. WIG files represent counts (in
reads per million, floored at 0.1) of aligned reads within 50 bp bins. Each
read was extended by 200nt in the direction of the alignment
(Source:
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE112808)

GRO-seq analysis
For generation of the GRO-seq browser tracks, GRO-seq reads were
processed as described in (Sigova et al., 2015). The GRO-seq .sra file
corresponding to GEO accession number GSM1665566 (Sigova et al.,
2015) was converted to .fastq using the SRA toolkit (Leinonen et al.,
2011). Reads were aligned to the mouse genome (NCBI37/mm9) using
Bowtie v1.2.2 (Langmead et al., 2009) with the following settings “-e 70 -k
1 -m 10 -n 2 --best”. The reads corresponding to each one of the features
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(super-enhancers, typical enhancers, proximal promoter regions, genes)
were counted using featureCounts v1.6.2 (Liao et al., 2014) with default
settings. The coordinates for typical enhancers and super-enhancers in
mouse embryonic stem cells (mESCs) were acquired from (Whyte et al.,
2013). The coordinates for genes (transcription start and end sites) were
acquired using the UCSC Table Browser (Karolchik et al., 2004).The
proximal promoter regions were defined as genomic areas containing 1
kb upstream of each TSS. Their coordinates were retrieved by using
BEDTools v.2.26.0 (Quinlan and Hall, 2010) and the TSS coordinates as
input (to the slop function). Reads were normalized with the size of the
corresponding feature they aligned to.

RNA-seq analysis
The RNA-seq .sra file corresponding to GEO accession number
GSM2686137b (Chiu et al., 2018) was converted to .fastq using the SRA
Toolkit RNA-seq analysis was performed using the nf-core RNA-seq
pipeline (v1.4.2) (Ewels et al., 2020) with default settings and
NCBI37/mm9 as reference genome. Nextflow v20.01.0 was used as a
workflow tool on an LSF High-Performance Computing environment (Di
Tommaso et al., 2017). STAR v2.6.1d (Dobin et al., 2013) was used for the
alignment of reads. Aligned reads were assigned to the aforementioned
intervals (typical enhancers, super-enhancers, proximal promoter regions
and genes) by using featureCounts v1.6.4, with the default settings.

Calculation number of RNA molecules in cells
Known concentrations of in vitro transcribed enhancer RNAs and premRNAs from Trim28 and Pou5f1 loci are used as standards to
approximate the number of molecules in cells. These RNAs are converted
to cDNAs by reverse-transcription and mixed at equal concentrations.
For each RNA species, a standard curve of qRT-PCR Ct value to RNA
amount was generated using serial dilutions, with two different primer
sets in technical duplicates. Next, qRT-PCR reactions using the same
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primer sets were performed for biological duplicates of mESCs. Actbnormalized Ct values were then used to determine the amount of RNA
species in the reaction based on the standard curves above. To calculate
the number of RNA molecules per cell, the amount of RNA (g) was
divided by the molar weight of each species (~350 (g mol–1 nt–1) × length
of in vitro transcribed RNA (nt)), multiplied by Avogadro’s number
(6.022 × 1023 mol–1), and divided by the approximate number of cells used
in each reaction (10,000 cells). Melting curves were analyzed to confirm
primers specificity. Non-reverse-transcribed (–RT) controls were
included to rule out the amplification of genomic DNA. Primer sequences
are indicated in Table S1.

In vitro droplet assay
Recombinant GFP or mCherry fusion proteins were concentrated to a
desired protein concentration using Amicon Ultra centrifugal filters (30K
MWCO, Millipore). Droplet reactions with the recombinant proteins
were performed in 10 ul volumes in PCR tubes under the following buffer
condition: 30 mM Tris HCl pH 7.4, 100 mM NaCl, 2% Glycerol and 1
mM DTT. Droplet reactions with the Mediator complex were performed
under the following buffer condition: 30 mM HEPES pH 7.4, 65 mM
NaCl, 2% Glycerol and 1 mM DTT. For all droplet reactions, protein and
buffer were mixed first and RNA was added later. The reactions were
incubated at room temperature for 1 hr. The reactions were then
transferred into 384 well-plate (Cellvis P384-1.5H-N) 5 minutes prior to
imaging on a confocal microscopy at 150X magnification. The
concentration of proteins and RNAs in the droplet reactions are indicated
in the figure legends.

Synthesis of RNA by in vitro transcription
Enhancer and promoter sequences for RNAs were obtained from superenhancer-regulated genes Pou5f1, Nanog, and Trim28. For promoter
sequences, the first 475-490bp from the first exon were selected from
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mm10. For enhancer sequences, GROseq reads (Sigova et al., 2015) from
both + and - strands aligned to mm9 were overlapped with called superenhancers (Whyte et al., 2013). Contiguous regions of read density above
background were manually selected (Figure S1). Primers were designed to
amplify the selected promoter and enhancer sequences from genomic
DNA isolated from V6.5 mESCs (Table S1). The following sequences
were added to the forward and reverse primers to add the bacterial
polymerase promoters:
T7 (add to 5’ of sense or forward primer): 5’TAATACGACTCACTATAGGG-3’
SP6 (add to 5’ of antisense or reverse primer): 5’ATTTAGGTGACACTATAGAA-3’
Phusion polymerase (NEB) is used to amplify the products with the
bacterial promoters, and products are run on a 1% agarose gel, gelpurified using the Qiaquick Gel Extraction Kit (Qiagen), and eluted in 40
µL H2O. Templates were sequenced to verify their identity. A volume of 8
µL of each template (10-40 ng/µL) was transcribed using the MEGAscript
T7 (Invitrogen; sense) or MEGAscript SP6 (Invitrogen; antisense) kits
according to the manufacturer’s instructions. For visualization of the
RNA by microscopy, reactions included a Cy5-labeled UTP (Enzo
LifeSciences ENZ-42506) at a ratio of 1:10 labeled UTP:unlabeled UTP.
The in vitro transcription was incubated overnight at 37°C, then 1 µL
TURBO DNAse (supplied in kit) was added, and the reaction was
incubated for 15 minutes at 37°C. The MEGAclear Transcription CleanUp Kit (Invitrogen) was used to purify the RNA following the
manufacturer’s instructions and eluting in 40 µL H2O. RNA was diluted
to 2 µM and aliquoted to limit freeze/thaw cycles, and RNA was run on
1% agarose gels in TBE buffer to verify a single band of correct size.

Recombinant protein purification
Recombinant protein purifications were performed as previously reported
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(Boija et al., 2018, 2018; Guo et al., 2019; Sabari et al., 2018; Shrinivas et
al., 2019; Zamudio et al., 2019). Briefly, pET expression plasmids
containing 6xHIS tag and genes of interest or their IDRs tagged with
either mEGFP or mCherry were transformed into LOBSTR cells (gift of I.
Cheeseman Lab). Expression of proteins were induced by addition of
1mM IPTG either at 16°C for 18 hours or at 37°C for 5 hours. Extracts
were prepared as previously described (Boija et al., 2018). Proteins were
purified by Ni-NTA agarose beads (Invitrogen, R901-15), and eluted with
50mM Tris pH 7.4, 500mM NaCl, 250mM imidazole buffer containing
complete protease inhibitors (Roche,11873580001). Proteins were
dialyzed against 50mM Tris pH 7.4, 125 mM NaCl, 10% glycerol and
1mM DTT at 4°C for OCT4-GFP and GFP alone and the same buffer
containing 500 mM NaCl for MED1-IDR-GFP.

Purification of human Mediator complex from HeLa nuclear
extract.
HeLa nuclear protein extract (4g) was prepared as described in (Dignam
et al., 1983). Nuclear extract was dialyzed against BC100: BC buffer, pH
7.5 + 100mM KCl (20 mM Tris-HCl, 20 mM β-Mercaptoethanol, 0.2 mM
PMSF, 0.2 mM EDTA, 10% glycerol (v/v) and 100 mM KCl). The extract
was fractionated on a phosphocellulose column (P11) with BC buffer
containing 0.1, 0.3, 0.5 and 1M KCl. The Mediator complex eluted in the
0.5M KCL (BC500) fraction. This fraction was dialyzed against BC100
and loaded on a DEAE Cellulose column and sequentially fractionated
with BC buffer containing 0.1, 0.3 and .5M KCl. The Mediator did not
bind the DEAE Cellulose resin and was collected in the flow through
fraction 0.1M KCl (BC100). This fraction was then directly loaded onto a
DEAE-5PW column (TSK) and eluted with a linear KCl gradient from 0.1
to 1M KCl in BC buffer. The Mediator complex eluted between 0.4 and
0.6M KCl. The fractions containing Mediator were pooled and dialyzed
against BD700: BD buffer, (20 mM Hepes pH 7.5, 20 mM βMercaptoethanol, 0.2 mM PMSF, 0.2 mM EDTA, 10% glycerol, and 700
mM (NH4)2SO4). This fraction was then loaded onto a Phenyl-
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Sepharose Hydrophobic Interaction Chromatography (HIC) column and
eluted with a linear reverse gradient from 0.7 to 0.025M (NH4)2SO4 in
BD buffer. The Mediator complex eluted between 0.3 and 0.1M
(NH4)2SO4. The Mediator-containing fractions were again pooled and
dialyzed against BA100: BA buffer, pH 7.5 + 100 mM NaCl (20 mM
Hepes, 20 mM β-Mercaptoethanol, 0.2 mM PMSF, 0.2 mM EDTA, 10%
glycerol and 100 mM NaCl) and loaded onto a Heparin Agarose column.
The column was washed with BA100 and step-eluted with BA buffer
containing 0.25, 0.5, 1M and 1M NaCl. The Mediator complex eluted in
the 0.5M NaCl (BA500) fraction. A portion of this fraction was then
loaded on a Superose-6 (gel filtration column) that was equilibrated and
run in BC100. The Mediator complex eluted from the gel filtration
column with a mass range between 1-2MDa.

Reconstituted in vitro transcription assay
The reconstituted in vitro transcription by RNA polymerase II was
performed as previously described (Flores et al., 1992; LeRoy et al., 2008;
Orphanides et al., 1998) with some modifications. A template DNA
containing adenovirus major late promoter, five Gal4 binding sites,
TATA-box sequence and a 561 bp from eGFP sequence was used. First,
pre-initiation complex was assembled at RT for 15 min by mixing the
following components: 50 nM RNA polymerase II, 50 nM general
transcription factors (TFIIA-B-D-E-F-H), and 5.75 nM template DNA, in
a buffer containing 10 mM HEPES pH 7.5, 65 mM NaCl, 6.25 mM
MgCl2, and 6.25 mM Sodium butyrate. Next, 10 nM Mediator complex
and 10 nM Gal4 were added to the reaction. Last, nucleotide mix
containing 0.375 mM ATP, CTP, UTP, CTP (Invitrogen), 0.01 U RNase
Inhibitor (Invitrogen), 1.25 % PEG-8000 and various amounts of purified
exogenous Pou5f1 RNA (0-500 nM) are added. The reaction was
incubated at 30°C for 2 hr. RNA isolation was performed using RNeasy
kit (Qiagen) by including a spike-in RNA control and an RNA carrier.
Purified RNAs were treated with ezDNase (Invitrogen) for 30 min at 37°C
to eliminate the template DNA. Reverse transcription was performed
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using Superscript IV (Invitrogen) and qPCR was performed with SYBR
Green Real Time PCR master mix (Invitrogen) to quantify the template
derived transcriptional output. The Ct values of the reactions were
normalized to the spike-in RNA control. The concentration of template
derived transcriptional output was calculated by using a standard curve of
qRT-PCR Ct values generated by known amounts of serially diluted GFP
RNA. The sequence of primers used for qRT-PCR are indicated in Table
S1.

Constructing a free-energy for RNA-protein phase behavior
Our goal in this section is to develop a simplified and coarse-grained
model that captures the qualitative physics of RNA-protein mixtures.
Based on phenomenological observations of transcriptional proteins and
RNA (Figure 2), such a model must recapitulate the following key
features:
Transcriptional proteins phase separate in the absence of RNA through
other types of interactions, albeit at higher concentrations.
At fixed protein concentrations, addition of RNA initially promotes demixing and at higher levels drive a re-entry into the mixed phase.
Motivated by the evidence that transcriptional condensates recruit diverse
coactivators, transcription factors, and other proteins of the
transcriptional apparatus (Boija et al., 2018; Guo et al., 2019; Sabari et al.,
2018; Shrinivas et al., 2019), we define an effective protein component P
that lumps together different transcriptional molecules. Similarly, while
different species of RNA are likely present within these condensates, we
define an effective RNA species (R).
Landau model
First, we approach this problem by constructing a phenomenological freeenergy with 2 order-parameters that represent scaled concentrations of
protein (𝜙𝜙𝑝𝑝 (𝑟𝑟⃗, 𝑡𝑡)) and RNA (𝜙𝜙𝑟𝑟 (𝑟𝑟⃗, 𝑡𝑡)). We define the free-energy

(normalized to 𝑘𝑘𝐵𝐵 𝑇𝑇 = 1) as:
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𝑓𝑓[𝜙𝜙𝑝𝑝 , 𝜙𝜙𝑟𝑟 ] = � 𝑑𝑑 𝑑𝑑 𝑉𝑉 ( 𝑓𝑓𝑑𝑑𝑑𝑑 �𝜙𝜙𝑝𝑝 (𝑟𝑟⃗, 𝑡𝑡)� + 𝜌𝜌𝑟𝑟 𝜙𝜙𝑟𝑟2
𝑉𝑉

𝜅𝜅
2
+ 𝜒𝜒𝑒𝑒𝑒𝑒𝑓𝑓 �𝜙𝜙𝑝𝑝 (𝑟𝑟⃗, 𝑡𝑡), 𝜙𝜙𝑟𝑟 (𝑟𝑟⃗, 𝑡𝑡)� + �𝛻𝛻𝜙𝜙𝑝𝑝 � )
2
2

2

Here, 𝑓𝑓𝑑𝑑𝑑𝑑 �𝜙𝜙𝑝𝑝 (𝑟𝑟⃗, 𝑡𝑡)� = 𝜌𝜌𝑠𝑠 �𝜙𝜙𝑝𝑝 − 𝛼𝛼� �𝜙𝜙𝑝𝑝 − 𝛽𝛽� is a standard double-well
potential that ensures protein components phase separate without RNA
with co-existence concentrations specified by 𝛼𝛼, 𝛽𝛽. Choice of 𝜅𝜅 > 0

ensures that there is finite surface tension for the protein condensate. The
second-order term for RNA (𝜌𝜌𝑟𝑟 > 0) states that within this model-

framework, RNA cannot phase-separate in the absence of protein. Given
that electrostatic interactions at physiological salt conditions are fairly
short-ranged (Debye length ~ 1nm), we capture the non-linear nature of
RNA-protein interactions in an effective interaction term 𝜒𝜒𝑒𝑒𝑒𝑒𝑒𝑒 . We define
this interaction term in the spirit of the Landau-Ginzburg approach as an

expansion in powers of the order parameters:
𝜒𝜒𝑒𝑒𝑒𝑒𝑒𝑒 �𝜙𝜙𝑝𝑝 , 𝜙𝜙𝑟𝑟 � = −𝜒𝜒𝜙𝜙𝑝𝑝 𝜙𝜙𝑟𝑟 + 𝑎𝑎𝜙𝜙𝑝𝑝 𝜙𝜙𝑟𝑟2 + 𝑏𝑏𝜙𝜙𝑝𝑝2 𝜙𝜙𝑟𝑟 + 𝑐𝑐𝜙𝜙𝑝𝑝2 𝜙𝜙𝑟𝑟2 + ⋯ + 𝐻𝐻. 𝑂𝑂. 𝑇𝑇

While symmetry arguments often dictate or exclude certain types of terms
(odd powers in Ising models for example) in such an expansion, there are
no obvious symmetry constraints for this system. Hence, our modeling
approach is to minimize the number of higher-order terms that need to
be included to recapitulate the experimentally observed reentrant phase
transition. Our experimental results suggest that low concentrations of
RNA promote phase separation, and thus the lowest order term
(−𝜒𝜒𝜙𝜙𝑝𝑝 𝜙𝜙𝑟𝑟 , 𝜒𝜒 > 0) lowers the free-energy. However, higher-order terms

must counter this and below we outline how we determine which terms to
include. In general, the stability of a mixture described by such a freeenergy can be ascertained from the Jacobian matrix 𝐽𝐽. For our model, the

elements of this 2 × 2 matrix are:
𝐽𝐽𝑝𝑝𝑝𝑝 =

𝜕𝜕 2 𝑓𝑓
= 2𝜌𝜌𝑝𝑝 �6𝜙𝜙𝑝𝑝2 − 6𝜙𝜙𝑝𝑝 (𝛽𝛽 + 𝛼𝛼) + (𝛼𝛼 − 𝛽𝛽)2 � + 2𝑏𝑏𝜙𝜙𝑟𝑟 + 2𝑐𝑐𝜙𝜙𝑟𝑟2 𝐽𝐽𝑝𝑝𝑝𝑝
𝜕𝜕𝜙𝜙𝑝𝑝2
=

𝜕𝜕 2 𝑓𝑓
= −𝜒𝜒 + 2𝑎𝑎𝜙𝜙𝑟𝑟 + 2𝑏𝑏𝜙𝜙𝑝𝑝 + 4𝑐𝑐𝜙𝜙𝑝𝑝 𝜙𝜙𝑟𝑟
𝜕𝜕𝜙𝜙𝑝𝑝 𝜕𝜕𝜙𝜙𝑟𝑟
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𝐽𝐽𝑟𝑟𝑟𝑟 =

𝜕𝜕 2 𝑓𝑓
= 2𝜌𝜌𝑟𝑟 + 2𝑎𝑎𝜙𝜙𝑝𝑝 + 2𝑐𝑐𝜙𝜙𝑝𝑝2
𝜕𝜕𝜙𝜙𝑟𝑟2

The mixed phase is no longer stable to perturbations when at least one
eigen value of 𝐽𝐽 becomes negative (spinodal instability). In the absence of
RNA, the spinodal satisfies 𝐽𝐽𝑝𝑝𝑝𝑝 = 0. If only the pair-wise interaction

terms were considered (−𝜒𝜒𝜒𝜒𝑝𝑝 𝜙𝜙𝑟𝑟 ), the spinodal region broadens i.e. phase

separation is promoted at lower protein concentrations when RNA is

present. We next characterized the effect of an additional higher-order
term (only one of 𝑎𝑎, 𝑏𝑏 or 𝑐𝑐 is non-zero) on the Jacobian matrix. Briefly,
we ascertained that:

𝑎𝑎 > 0: While the free-energy is dominated by repulsive interactions at

higher RNA concentrations, the Jacobian matrix predicts a continuous
underlying instability. Instead of suppressing phase separation at higher
RNA concentrations and promoting re-entry to dilute phase, this term
would instead change the composition of the demixed phases.
𝑏𝑏 > 0: While this term promotes a reentrant behavior, the resulting

regions of instability demix RNA away from protein for most values of b.
𝑐𝑐 > 0: For values of 𝑐𝑐 that are not too large (i.e. 𝑐𝑐 <≈ 𝜌𝜌𝑟𝑟 ), the resulting
phase diagram mirrors a reentrant shape with RNA enrichment in the
protein condensate. If 𝑐𝑐 is moderately large, then a second de-mixing

transition (similar to case 2) is observed at high values of 𝜙𝜙𝑝𝑝 , 𝜙𝜙𝑟𝑟 . Since we
are interested in the limit of relatively low protein/RNA concentrations,
and the values of 𝜙𝜙𝑝𝑝 , 𝜙𝜙𝑟𝑟 represent qualitative proxies of protein/RNA

concentrations, we choose to explore our model in this parameter regime.
While cubic and higher-order terms are required to recapitulate complete
phase-behavior, we explored our model with 𝑐𝑐 > 0, assuming the

coefficients 𝑎𝑎, 𝑏𝑏 are small. In the simulations reported in Figures 5-7, the
free-energy parameters are 𝛼𝛼 = 0.1, 𝛽𝛽 = 0.7, 𝜒𝜒 = 1.0, 𝑐𝑐 = 10.0, 𝜅𝜅 =

0.5, 𝜌𝜌𝑠𝑠 = 1.0, 𝜌𝜌𝑟𝑟 = 10.0, 𝑎𝑎 = 𝑏𝑏 = 0. All free-energy calculations were
performed with Python and code is available at:
https://github.com/krishna-
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shrinivas/2020_Henninger_Oksuz_Shrinivas_RNA_feedback .

Flory-Huggins model
In this approach, rather than employ a phenomenological model, we
parametrize a mechanistic model motivated by Flory-Huggins polymersolution theory (Flory, 1942). The simplified F-H model contains 3
components - protein, RNA, and the solvent (s), whose volume fractions
are defined as 𝜙𝜙𝑝𝑝 (𝑟𝑟⃗, 𝑡𝑡), 𝜙𝜙𝑟𝑟 (𝑟𝑟⃗, 𝑡𝑡),1 − 𝜙𝜙𝑝𝑝 (𝑟𝑟⃗, 𝑡𝑡) − 𝜙𝜙𝑟𝑟 (𝑟𝑟⃗, 𝑡𝑡) respectively. The

free-energy (normalized as before) is defined as:
𝑓𝑓 = �
𝑖𝑖

𝜙𝜙𝑖𝑖
𝑙𝑙𝑙𝑙𝑙𝑙(𝜙𝜙𝑖𝑖 ) + �
𝑟𝑟𝑖𝑖

𝑖𝑖,𝑗𝑗>𝑖𝑖

𝜒𝜒𝑖𝑖𝑖𝑖 𝜙𝜙𝑖𝑖 𝜙𝜙𝑗𝑗

Here, 𝑟𝑟𝑖𝑖 are the solvent-equivalent polymerization lengths of the RNA &

protein (assumed to be equal for simplicity) and 𝜒𝜒𝑖𝑖𝑖𝑖 are the various

pairwise interaction terms. As before, we assume these interactions to be
short-ranged at physiological salt levels. Choice of 𝜒𝜒𝑝𝑝𝑝𝑝 > 𝜒𝜒𝑝𝑝𝑝𝑝 > 0 and
𝜒𝜒𝑟𝑟𝑟𝑟 < 0 recapitulate the attractive contributions of protein-

protein/protein-RNA interactions and repulsive RNA-RNA interactions.
With these choices of constraints, the resulting free-energy looks similar
to the phase diagram from the Landau approach with 𝑐𝑐 > 0 (Figure S5B)

where the key F-H parameters are 𝜒𝜒𝑝𝑝𝑝𝑝 =1.1,𝜒𝜒𝑝𝑝𝑝𝑝 =0.75,𝜒𝜒𝑟𝑟𝑟𝑟 =

−0.6, 𝑎𝑎𝑎𝑎𝑎𝑎 𝑟𝑟𝑝𝑝 = 𝑟𝑟𝑟𝑟 = 30 .

Numerical phase-field simulations
Numerical investigations of the coupled-equations outlined in Figure 5C
were performed with the FiPy package (Guyer et al., 2009). Simulations
were performed on a 2-D/3-D square lattice (𝐿𝐿𝑥𝑥 = 𝐿𝐿𝑦𝑦 = 60, 𝑑𝑑𝑑𝑑 =

1.0; 𝐿𝐿𝑥𝑥 = 𝐿𝐿𝑦𝑦 = 𝐿𝐿𝑧𝑧 = 40, 𝑑𝑑𝑑𝑑 = 1.0; ) and with adaptive time-stepping

(𝑑𝑑𝑡𝑡𝑚𝑚𝑚𝑚𝑚𝑚 = 1𝑒𝑒 − 8, 𝑑𝑑𝑡𝑡𝑚𝑚𝑚𝑚𝑚𝑚 = 5𝑒𝑒 − 1 ) until steady state is reached (which
typically requires ~ 10000 simulation steps).
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The chemical potential for the protein components is calculated as:
𝜇𝜇𝑝𝑝 =

𝑑𝑑𝑑𝑑
= 2𝜌𝜌𝑠𝑠 �𝜙𝜙𝑝𝑝 − 𝛼𝛼��𝜙𝜙𝑝𝑝 − 𝛽𝛽��2𝜙𝜙𝑝𝑝 − 𝛼𝛼 − 𝛽𝛽� + 𝜅𝜅𝛻𝛻 2 𝜙𝜙𝑝𝑝 − 𝜒𝜒𝜙𝜙𝑟𝑟
𝑑𝑑𝜙𝜙𝑝𝑝
+ 2𝑐𝑐𝜙𝜙𝑟𝑟2 𝜙𝜙𝑝𝑝

The radius of condensates was inferred from the volume of mesh regions
where 𝜙𝜙𝑝𝑝 ≥

𝛼𝛼+𝛽𝛽
2

. The mobility of RNA and protein were chosen to be 1.0

unless mentioned elsewhere. The raw data for all figures from simulation
data are provided along with the manuscript.

Design of Simulations to vary RNA features and rates of RNA
synthesis
We designed simulations (Figure 7C) to study the effect of RNA features
and rates of effective synthesis on condensate size. The rates of synthesis
were changed by increasing kp by multiplicative factors (see x-axis in
Figure 7C). Since RNA length is not explicitly incorporated in the model
framework, we defined the effective local synthesis rates of longer RNA as
a product of kp and an additional multiplicative factor (1,2, and 4x for
short, medium, and long RNA respectively) to mimic increased local
concentrations of RNA.

Calculation of number of charged molecules in condensates
In estimating the number and charge of transcriptional proteins (Figure
1A), we use previous estimates (Cho et al., 2018) that suggest key
transcriptional proteins such as Mediator are present at 10-100 molecules
in transcriptional condensates. Further, molecules such as MED1 or
BRD4 contain large disordered domains with net positive charge of +5 to
to+40. This provides a highly approximate estimate of 25-500 as the
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effective positive charge. Since there are many more transcriptional
proteins and most proteins tend to contain net positive charges, it is likely
that this estimate represents lower bounds on the range. Steady-state
levels of nascent eRNA (Figure S1) suggest a range of 0.2-10 molecules,
and since super-enhancers typically contain clusters of such active
enhancers, we approximate the typical range of eRNA molecules at a
transcriptional condensate between 1-10. Since RNA carries a charge of
around -1 per nt (Banerjee et al., 2017) and eRNAs are short (<1 kb), we
estimate the effective negative charge during initiation to be in the range
10-1000. During productive elongation, mRNAs are produced in bursts
ranging from few to tens (1-50) and are typically longer (>1kb),
suggesting a conservative estimate of the effective charge to range from
(1000-100,000). It is important to stress that our approximations are
performed with the aim of obtaining order-of-magnitude estimates and
do not account for factors such as local composition of different proteins
or extent to which nascent mRNAs may be coated by RNA-binding
proteins. With the above numbers, we estimate concentrations based on a
typical transcriptional condensate of size r=0.25 µm (Cho et al., 2018) that
suggests that eRNA concentrations range about 10-200 nM and
transcriptional proteins range 1-20 µM within the condensate.

Reactive/diffusive time-scales and estimates in cells
As defined in the model (Figure 5B), the key rates of
synthesis/degradation reactions are kp/kd, which have units of s-1, and
thus the relevant time-scales are 𝑡𝑡𝑟𝑟 = 𝑘𝑘𝑝𝑝 −1 (𝑜𝑜𝑜𝑜 𝑘𝑘𝑑𝑑 −1 ). Timescales of RNA
transport depend on both the diffusivity as well as the size of the

condensate (L) and is defined as 𝑡𝑡𝑑𝑑 = 𝐿𝐿2 /𝑀𝑀𝑟𝑟𝑟𝑟𝑟𝑟 . We approximated the

diffusivity of the nascent transcript by that of chromatin, which ranges
from 10−3.5 − 10−2 𝜇𝜇𝑚𝑚2 /𝑠𝑠 (Gu et al., 2018). By assuming a typical

eRNA of size 100nt and Pol II transcription rates as ~20 − 70

𝑛𝑛𝑛𝑛
𝑠𝑠

(Maiuri

et al., 2011) we inferred typical synthesis rates of ∼ 0.2 − 0.8 s-1Pol II-1.

In our previous work (Cho et al., 2018), we have seen that clusters that

contain multiple polymerases (>5) are typically around 𝑟𝑟 ≈ 200𝑛𝑛𝑛𝑛. This
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allows us to approximately obtain the ratio of diffusive and reactive timescales as

𝑡𝑡𝑑𝑑
𝑡𝑡𝑟𝑟

=

𝑘𝑘𝑟𝑟 2
𝑀𝑀

≈ 5 − 50.

Calculation of charge balance
Charge-balance calculations were performed (Figures 3, S4) employing
the following method. Net protein charge per molecule was calculated as
𝐶𝐶𝑝𝑝 = #(𝑅𝑅, 𝐾𝐾) − #(𝐷𝐷, 𝐸𝐸) for the relevant sequence including the GFP tag.
RNA charge per molecule was calculated as 𝐶𝐶𝑟𝑟 = −(# 𝑜𝑜𝑜𝑜 𝑏𝑏𝑏𝑏), assuming
an approximate charge of -1 per nucleotide (Lin et al., 2019). Next, the

charge balance ratio was computed at a particular RNA and protein
concentration as:
𝐶𝐶ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 − 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 =
�𝐶𝐶𝑝𝑝 [𝑃𝑃], 𝐶𝐶𝑟𝑟 [𝑅𝑅]�
(𝐶𝐶𝑝𝑝 [𝑃𝑃], 𝐶𝐶𝑟𝑟 [𝑅𝑅])

The effective concentration of MED1-IDR in our assays was 1000 𝑛𝑛𝑛𝑛.

Our results were not quantitatively affected by inclusion/exclusion of the
partial charge on Histidine residues, partly due to their low frequency on
the protein sequences. The code for performing these calculations are
available at:
https://github.com/krishnashrinivas/2020_Henninger_Oksuz_Shrinivas_RNA_feedback.

Transcription inhibition by small molecules
For small molecule inhibition experiments, cells were treated with 100
µM DRB (Sigma), or 1 µM Actinomycin-D (Sigma) in 2i media (detailed
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above) for 30 minutes, then imaged. For wash-out experiments, media
was replaced with fresh 2i media and cells were allowed to recover for 1
hour, then the cells were imaged.

Condensate size
Cells with endogenously-tagged Med1-GFP (Sabari et al., 2018) were
plated on 20 mm glass-bottom dishes (Mattek) coated with poly-Lornithine (Sigma) and laminin (ThermoFisher). Mock (DMSO) and
treated cells were imaged on a LSM 880 Confocal Microscope with
Airyscan to obtain super-resolution z-stacks for at least 8 different fields
containing multiple cells. For quantification, a manual threshold was
applied equally across all conditions to remove background, and the size
of Med1-GFP puncta was quantified in 3D using the 3D object counter
plugin (Fiji/ImageJ).

Condensate lifetime
HaloTag was endogenously knocked into 5’-end of Med19 via homologydirected repair (HDR) in mouse embryonic stem cells (R1 mESCs). Three
single-guide RNAs (sgRNAs) targeting +/- 100 bps from the start codons
of Med19 gene were designed using the web-based CRISPR Design tool
(Andrews et al., 2018) and integrated into a Streptococcus pyogenes Cas9
vector (Addgene #62988) for standard CRISPR/Cas9 editing. Single
positive colonies were sorted by fluorescence-activated cell sorting
(FACS) and validated under the microscope.
Cells were cultured in serum-free 2i medium on poly-L-ornithine (PLO)
and Laminin-coated flasks for more than two days and then were
transferred onto coated imaging dishes for another day. Before imaging,
cells were stained with (PA)-JF549-HaloTAG dye (a gift from Luke Lavis
Lab, Janelia Research Campus) of 100nM concentration for 2 hours
followed by a 60-minute wash in fresh 2i medium. Lastly, dishes were
filled in with 2ml Leibovitz's L-15 Medium (no phenol red, Thermo
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Fisher) and brought to the microscope for imaging.
Photo-activation localization microscopy (PALM) imaging was
performed using a Nikon Eclipse Ti microscope with a 100x oil
immersion objective (NA 1.40) (Nikon, Tokyo, Japan). A 405nm beam of
100mW power (attenuated with 25% AOTF) and a 561nm beam of
500mW power were columnated and superposed to perform
simultaneous activation and excitation. The combined beam was
expanded and re-collimated with an achromatic beam expander (AC254040-A and AC508-300-A, THORLABS) to improve the uniformity of
illumination across the whole region of interest (ROI 2562 pixels). Images
were acquired with an Andor iXon Ultra 897 EMCCD camera (gain 1000,
exposure time 50ms) interfaced through Micro Manager 1.4. 2400 frames
were acquired for each imaging cycle. The cells were maintained at 37°C
in a temperature-controlled platform (InVivo Scientific, St. Louis, MO)
on the microscope stage during image acquisition. Med19-Halo cluster
lifetimes were calculated as previously described using the qSR software
(dark time tolerance = 20 frames, min cluster size=50) (Andrews et al.,
2018), and a cumulative distribution was generated using Prism software
(GraphPad).

Reporter assay to determine the effect of local RNA synthesis on
transcription
Vectors used in the reporter assay are modified from pTETRIS-cargo
vector, gift from J. M. Calabrese (Kirk et al., 2018). 6X STOP codon
sequence was cloned into NotI digested pTETRIS-cargo vector using
Gibson cloning strategy by following the manufacturer's instructions
(NEB). This vector is called pTETRIS-cargo-STOP. Using Gibson cloning
strategy (NEB), various RNA sequences were cloned downstream of the
6X STOP sequence to prevent translation of these RNAs. Stable cell lines
for individual RNAs were generated by transfecting Med1-GFP mESCs
with the following vectors: 0.5 µg pTETRIS-cargo-STOP containing
individual RNAs, 0.5 µg rTTA-cargo, gift from J. M. Calabrese (Kirk et al.,
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2018), and 1 µg piggyBAC transposase (Systems Biosciences). Cells were
selected on puromycin (2 µg/ml) and G418 (200 µg/ml) for 1 week for
successful integrations. For luciferase assays, 1x105 cells of each genotype
were plated in triplicate on 0.2%-gelatin-coated 24-well plates and
allowed to settle overnight. Cells were treated with doxycycline (Sigma)
and harvested after 24 h to measure either luciferase activity or to purify
RNA. Luciferase activity was measured using the Luciferase Assay System
(Promega) according to manufacturer instructions. Luciferase signal was
normalized to total protein content, measured by BCA protein assay kit
(Invitrogen, #23227), and then normalized to a control not treated with
doxycycline. To measure RNA expression, RNA was purified using the
Qiagen RNeasy Mini kit (Qiagen) according to manufacturer
instructions, cDNA was generated by Superscript III (Invitrogen)
according to manufacturer instructions, and 10 ng of cDNA was used in a
qRT-PCR SYBR-green reaction (Life Technologies) with primers specific
to a common sequence shared across the vectors (qPCR_Tetris, Table S1).
Ct values were normalized to a housekeeping gene (qPCR_mActb, Table
S1) and a control condition with no doxycycline treatment.
For imaging experiments in Figure 7D, the reporter construct was
modified using Gibson cloning to include a 6X-MS2 hairpin (Jain and
Vale, 2017) at the 3’ end of the RNA sequence. Cell lines with this
construct were generated as detailed above in a mESC background with
endogenously-tagged Med1-GFP (Sabari et al., 2018). 1x106 reporter cells
were plated on 20 mm glass-bottom dishes (Mattek) coated with poly-Lornithine (Sigma) and Laminin (ThermoFisher), then transfected with a
vector that expresses an MCP-SNAP fusion (CMV-2xMCP-SNAP) using
Lipofectamine 3000 (ThermoFisher) according to the manufacturer
instructions. After overnight transfection, cells were treated with 10
ng/mL doxycycline for 4 hours, then incubated with 100 nM SNAP ligand
JF-549 (Gift from Janelia Farm) for 30 minutes, then washed with fresh
media. Cells were subsequently incubated with Hoechst-33342 (Life
Technologies) for detection of nuclei in live cells and images were
acquired on an RPI Spinning Disk Confocal. Images were Gaussian
filtered (sigma=2), and for the SNAP channel, images were median
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filtered (21 pixels) and then subtracted from the original image to remove
background. Line plots were analyzed in the original, unprocessed
images, and they were generated from the diagonal of the boxes shown in
Figure 7D for a single z-slice.

SUPPLEMENTARY FIGURE TITLES AND LEGENDS
Figure S1 - Transcription machinery and RNA at active genes in
murine embryonic stem cells (Related to Figure 1)
A. B. C. Enrichment of transcription machinery and RNA at
Trim28 (A), Pou5f1 (B) and Nanog (C) super-enhancers in
mESCs. Gene tracks of ChIP-seq and nascent RNA-seq data at
the indicated super-enhancers are shown. The enhancer- and
promoter-derived RNAs that are used in this study are annotated
in the gene tracks.
D. Nascent (left) or steady-state (right) levels of indicated RNAs at
super and typical enhancers.
E. Quantification of the number of enhancer RNA and pre-mRNA
molecules in cells. Calculations are based on two biological
replicates (STAR Methods).

Figure S2 - RNA-mediated stimulation and dissolution of pre-formed
MED1-IDR droplets (Related to Figure 3)
A. Experimental design to test the effect of RNA on pre-formed
MED1-IDR droplets.
B. Representative images of MED1-IDR droplets. Indicated
concentrations of RNA were added after formation of droplets
with 1 µM of MED1-IDR.
C. Quantification of partition ratios of MED1-IDR-GFP (left) and
cy5-labeled RNA (right) within the droplets in (B).
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Figure S3. Control experiments for the effect of RNA on droplet
formation (Related to Figure 3)
A. B. Purified GFP (A) or OCT4-GFP (B) was incubated with an
enhancer RNA from the Pou5f1 locus. Whereas this RNA could
stimulate MED1-IDR-GFP condensate formation, it was unable
to form droplets with GFP alone or OCT4-GFP. Images were
adjusted to show signal and lack of droplet formation.

Figure S4. Modulation of charge balance contributes to stimulation
and dissolution of MED1-IDR condensates by RNA (Related to Figure
3)
A. Experimental design for testing diverse sense and antisense
RNAs of different lengths on formation of MED1-IDR-GFP
droplets.
B. Quantification of the partition ratios of MED1-IDR-GFP within
the droplets when incubated with RNAs of different lengths and
sequences.
C. Quantification of the partition ratios of MED1-IDR-GFP within
the droplets when incubated with antisense versions of the RNAs
in (B).
D. Representative images of MED1-IDR droplets (left), which are
formed with or without RNA and are subjected to increasing
concentration of monovalent salt (NaCl). Quantification of
partition ratios of MED1-IDR-GFP within the droplets are
indicated (right).

Figure S5 - Computational model for non-equilibrium RNA feedback
on transcriptional condensates (Related to Figure 5)
A. Regions where mixtures of protein and RNA phase separate
spontaneously (red, left panel) are calculated from the Landau
free-energy (Figure 4C) by analyzing the Jacobian (spinodal
analyses, STAR Methods). As expected from the re-entry
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transition, increasing RNA concentration (abscissa) at fixed
protein levels can start from a region promoting phase
separation, and beyond a threshold, drive re-entry into dilute
phase. The right panel shows the initial direction of the
instability (STAR Methods), which indicates the RNA is
enriched in protein condensates (value>0, green shade), while at
higher concentrations, RNA de-densifies the condensed phase
(value<0).
B. Similar analyses as in (A) are performed on a free-energy derived
from Flory-Huggins model (STAR Methods).
C. Variation of condensate radius (left panel, normalized to value of
R at 𝑘𝑘𝑝𝑝 =0.02) and condensate lifetime (right panel) with effective
rates of RNA synthesis (𝑘𝑘𝑝𝑝 , abscissa) for simulations performed

in 3D employing the Landau free-energy (Figure 4C, STAR
Methods). Low values of 𝑘𝑘𝑝𝑝 promote condensate stability

whereas higher rates drive dissolution. The dashed line in the
right-panel represents the conditions under which condensates
are stable in the simulations and condensate lifetime is presented
in units of simulation time (STAR Methods).

D. Similar analyses as in (C) are performed on a free-energy derived
from Flory-Huggins model on a 2D grid (STAR Methods).
Values of the condensate radius are normalized to value of R at
𝑘𝑘𝑝𝑝 = 0.08..

E. Partition ratio, computed as maximum RNA concentration in
condensate divided by dilute phase concentrations, are presented
for simulations employing the Landau free-energy in 2 & 3-D as
well as those employing the Flory-Huggins model in 2-D (left to
right). When condensates are dissolved, the expected value of
this ratio is 1 (as depicted by dashed gray lines). These
calculations correspond to simulation data from Figures 5D-E,
S5C, and S5D respectively (left to right).
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Figure S1 | Transcription machinery and RNA at active genes
in murine embryonic stem cells (Related to Figure 1)
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Figure S2 - RNA-mediated stimulation and dissolution
of pre-formed MED1-IDR droplets (Related to Figure 3)
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Figure S3 | Control experiments for the effect of RNA on droplet
formation (Related to Figure 3)
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Figure S4 | Modulation of charge balance contributes to
stimulation and dissolution of MED1-IDR condensates by RNA (Related to Figure 3)
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Figure S5 | Computational model for non-equilibrium RNA
feedback on transcriptional condensates (Related to Figure 5)
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Chapter 4: Appendix
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Supplementary Information Text
Mathematical definition of the cooperation of gene products. We use 𝐸(𝑟) to denote the free
energy of interaction between a task and a gene product. We use 1, … , 𝑘 to denote the gene
products, and 𝑟* , … , 𝑟+ to denote the distance between these gene products and a given task. This
task is performed specifically by the cooperation of these gene products if +,-* 𝐸(𝑟, ) ≥ 𝐸(𝜀* ) and
if for each gene product 𝑖 there exists a gene product 𝑗 such that 𝑟, − 𝑟3 < 𝜀5 . The definition of 𝜀*
and 𝜀5 can be found in Fig. 1A.
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Fig. S1. Steady state is reached before introducing new tasks. Key variables (the number of genes and the
number of tasks done with/without weak cooperation of gene products) of the reference system are measured
at 5000 steps and at 10000 steps before each new task is introduced, and the results are almost exactly the
same, which indicates that the steady state is reached before new task is introduced. The reference system is
the one we discussed in the main text, where 𝜀6 = 5𝜀* = 5𝜀5 , 𝜆* = 𝜆6 = 1, 𝜆5 = 0.1, the new task is located
at distance 1.8𝜀6 away from one of the previous tasks, and three characteristics are used to describe the
interaction characteristics between tasks and gene products.
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Fig. S2. Simulation results of the system where 𝜆* and 𝜆6 is changed to 10. The other parameters of this
system are kept the same as those of the “reference system”. The reference system is the one we discussed in
the main text, where 𝜀6 = 5𝜀* = 5𝜀5 , 𝜆* = 𝜆6 = 1, 𝜆5 = 0.1, the new task is located at distance 1.8𝜀6 away
from one of the previous tasks, and three characteristics are used to describe the interaction characteristics
between tasks and gene products.
(A) Variation of the number of genes and the number of tasks specifically done with/without weak
cooperation of gene products as the number of tasks required for an organism to function properly increases.
(B) The response time for the organisms to evolve to function properly after a new task is introduced is shown
as a function of the number of tasks (or complexity). Results are shown for both the system where 𝜆* and 𝜆6
is changed to 10 and its corresponding “nocoop system” wherein cooperative interactions between gene
products are not allowed.
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Fig. S3. Simulation results of the system where 𝜆* is changed to 0. The other parameters of this system are
kept the same as those of the reference system.
(A) Variation of the number of genes and the number of tasks specifically done with/without weak
cooperation of gene products as the number of tasks required for an organism to function properly increases.
(B) The response time for the organisms to evolve to function properly after a new task is introduced is shown
as a function of the number of tasks (or complexity). Results are shown for both the system where 𝜆* is
changed to 0 and its corresponding “nocoop system” wherein cooperative interactions between gene products
are not allowed. The response time of this “𝜆* = 0” system is much larger than the response time of the
reference system. For example, the response time for this “𝜆* = 0” system to complete the 20th task is 86000,
while the response time for the reference system to complete the 20th task is 4900.
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Fig. S4: Simulation results of the system where correlation between tasks are increased (the new task is
located at distance 1.5𝜀6 away from one of the previous tasks.). The other parameters of this system are the
same as those of the reference system.
(A) Variation of the number of genes and the number of tasks specifically done with/without weak
cooperation of gene products as the number of tasks required for an organism to function properly increases.
(B) The response time for the organisms to evolve to function properly after a new task is introduced is shown
as a function of the number of tasks (or complexity). Results are shown for both the system which has
increased correlation between tasks and its corresponding “nocoop system” wherein cooperative interactions
between gene products are not allowed.
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Fig. S5 Simulation results of the system where correlation between tasks are decreased (the new task is
located at distance 2.5𝜀6 away from one of the previous tasks.). The other parameters are the same as those of
the reference system.
(A) Variation of the number of genes and the number of tasks specifically done with/without weak
cooperation of gene products as the number of tasks required for an organism to function properly increases.
(B) The response time for the organisms to evolve to function properly after a new task is introduced is shown
as a function of the number of tasks (or complexity). Results are shown for both the system which has
decreased correlation between tasks and its corresponding “nocoop system” wherein cooperative interactions
between gene products are not allowed.
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>

Fig. S6. Simulation results of the system where 𝜀* is changed to that of the reference system. The other
?
parameters of this system are the same as those of the reference system.
(A) Variation of the number of genes and the number of tasks specifically done with/without weak
cooperation of gene products as the number of tasks required for an organism to function properly increases.
(B) The response time for the organisms to evolve to function properly after a new task is introduced is shown
as a function of the number of tasks (or complexity). Results are shown for both the system where 𝜀* is
>
changed to that of the reference system and its corresponding “nocoop system” wherein cooperative
?
interactions between gene products are not allowed.
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Fig. S7: Simulation results of the system where 𝜀5 is changed to twice that of the reference system. The other
parameters of this system are the same as those of the reference system.
(A) Variation of the number of genes and the number of tasks specifically done with/without weak
cooperation of gene products as the number of tasks required for an organism to function properly increases.
(B) The response time for the organisms to evolve to function properly after a new task is introduced is shown
as a function of the number of tasks (or complexity). Results are shown for both the system where 𝜀5 is
changed to twice that of the reference system and its corresponding “nocoop system” wherein cooperative
interactions between gene products are not allowed.
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Fig. S8. The survival probability of mutated organisms is increased when 𝜀5 is increased. The survival
probability of mutated organisms is the probability that the mutated organisms will be present in the next time
step of evolution. The change of survival probability when 𝜀5 becomes twice that of the reference system as a
function of the number of tasks that the organisms need to perform is shown as the purple bars. The change of
survival probability when 𝜀5 becomes four times that of the reference system as a function of the number of
tasks that the organisms need to perform is shown as the green bars. Further simulation results show that the
survival probability of the mutated organism becomes larger than that of the corresponding “nocoop system”
when 𝜀5 is more than twice larger than that of the reference system (i.e., when 𝜀5 is more than twice larger
than the stepsize of the gene mutation).
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Fig. S9. The qualitative results discussed in the main text are robust to changing the number of characteristics
required to describe the interaction from the value of three used to illustrate the results in the main text. Here,
four characteristics are used to represent the characteristic space. 𝜀* is changed to 0.3𝜀6 to make sure the ratio
between the volume of the strong interaction regime (a 4D sphere of radius 𝜀* ) and the volume of the weak
interaction regime (a 4D sphere of radius 𝜀6 ) is the same as that of the reference system (the reference system
is described by three characteristics). New tasks are introduced at a randomly chosen location that is 1.8𝜀6
away from any task from an earlier era, as was done for the reference system. The higher dimensionality of
the characteristic space makes the new tasks less related to past ones compared to when three characteristics
describe characteristics space. Therefore, weak cooperative interactions (WCI) evolve at a higher number of
tasks. For example, when the number of tasks equals 40, 33% of tasks are done via WCI as shown in this
figure, while this proportion is 56% for the reference system.
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Fig. S10. Four characteristics are used to describe the characteristics space. New tasks are introduced at a
closer distance (1.4𝜀6 ) from a task from an earlier period (compared to when three characteristics suffice).
The other parameters are the same as those used in Fig. S9. WCI evolve at a similar number of tasks
compared to the reference system which is described by three characteristics.
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Fig. S11. The qualitative results discussed in the main text are robust to changing the number of
characteristics required to describe the interaction from the value of three used to illustrate the results in the
main text. Here, two characteristics are used to represent the characteristic space. 𝜀* is changed to 0.09𝜀6 to
make sure the ratio between the volume of the strong interaction regime (a 2D sphere of radius 𝜀* ) and the
volume of the weak interaction regime (a 2D sphere of radius 𝜀6 ) is the same as that of the reference system
(the reference system is described by three characteristics). New tasks are introduced at a randomly chosen
location that is 1.8𝜀6 away from any task from an earlier era, as was done for the reference system. The lower
dimensionality of the characteristic space makes the new tasks more related to past ones compared to when
three characteristics describe characteristics space. Therefore, WCI emerge at a smaller number of tasks. For
example, when the number of tasks equals 40, 80% of tasks are done via WCI as shown in this figure, while
this proportion is 56% for the reference system.
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