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In this Supplementary Information we describe the different mathematical models used in
the study, their analysis and the fitting procedure.

1 Two-state model

The two-state model of gene expression (first introduced by [Peccoud and Ycart| [1995] ) de-
scribes the promoter as stochastically switching between an off state (inactive) and an on state
(active) where transcription can occur. The promoter transitions between those states with rate




kon and k,r¢. Synthesis and degradation of RNAs is regarded as a Poisson process (i.e. we
describe RNA initiation, elongation, nuclear export of RNA as a single kinetic step) and occur
at rates ;1 and 0, respectively. In this model, the mean and variance of the number of mRNAs
are given by the following formulas

Eon 1
RNA) = — < % 1
< ) kon + Eofs 0 0

konkoff //J2
(kon + koff)2 6(kon + koff + 5)

(Peccoud and Ycart| [1995]). Although there exists an analytical expression of the steady-state
distribution of the number of mRNAs, its computation is difficult because it requires the cal-
culation of the confluent hypergeometric function for which there is no general fast numerical
method for its computation. Here, we calculate the steady-state probability distribution of the
two-state model by using the finite state projection algorithm for the stationary solution of the
chemical master equation(Gupta et al.|[2017]). This method consists of truncating the infinite
state space of the system into a finite subset of states in order to reduce the infinite-dimensional
system of ODEs into a finite system. For the two-state model, this truncation consists in fixing
a maximal number of RNAs per cell which we set to 120% of the maximal number observed
in the FISH experiment. The code for these calculations was written in Matlab (version 2019b)
and are available on Github (https://github.com/gregroth/Zuin_Roth_2021).

Var(RNA) = (RNA) + (2)

2 Variable two-state models

Based on the observation that the mean number of mRNAs per cell increases nonlinearly with
the contact probability between the promoter and its enhancer (Fig. 2B in the main text), we
asked if this nonlinearity could be reproduced by a variable two-state model in which one of its
rate depends nonlinearly on the contact probability. We define 3 variable two-state models: the
variable k,,, two-state model for which the on rate depends on contact probability, the variable
koz ¢ two-state model for which the off rate depends on contact probability, and the variable p
two-state model for which the initiation rate depends on contact probability. For each of these
models, the dependency of the variable parameter on contact probability is described by a Hill
function. For example, in the variable k,,, two-state model, we model the on rate as

h
Pe
kon(pe) = k2. + pa (KO, — ko) - 3)

[

where £? and k! correspond to the lowest and the highest values, respectively, of the on rate,
and the Hill exponent / and the parameter c control the “type” of nonlinear dependency. When
h is smaller than 1, the variable parameter is a sublinear function of contact probability. When
h is larger than 1 and c is smaller than 1, the variable parameter is a sigmoidal-like (i.e. it has
an inflexion point at an intermediate value of contact probability).

2.1 Model selection

Although the 3 variable two-state models are able to reproduce the nonlinear transcriptional re-
sponse observed in Fig. 2B, only the variable k,,, two-state model can reproduce the cell-to-cell
variability measured in the 6 smRNA FISH experiments. For each smRNA FISH distribution
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we calculated, A, the difference between the squared coefficient of variation and the inverse
of the mean which provides a measure of how the smRNA FISH distribution deviates from a
Poisson distribution (A = 0 for a Poisson distribution). We observed that A steeply decreases
when the contact probability increases (see Figure [I]in this document). We now show that the
1 two-state model and the k¢ ¢ two-state model can not reproduce this observed steep decrease
in A. From equations and , we deduce the deviation A in a two-state model,

k‘off 1)
A= ) 4
kon (kon + koff + 5) ( )

First, it is clear that the variable y two-state model can not account for the smRNA FISH data
because A does not depends on . Second, we note from equation H that A < k— and we
also note that the A calculated for the clone corresponding to contact probability 0 is equal to
9 (Figure || I in this document). Taken together this means that the rate £,, in a variable k,/
two-state model should be smaller than 1 which contradicts the fact that we observe unimodal
distributions for clone associated with high contact probabilities (Fig. 2D). Indeed, it has been
shown that a two-state model with an on rate smaller than the degradation rate shows either

bimodal distribution or long distribution tails Munsky et al.|[2012].

3 Variable £,, two-state model fitting

The variable k,,, two-state model described above was fitted simultaneously to the mean eGFP
levels measured in individual cell lines and to the distributions of RNA numbers measured by
smRNA FISH in 6 cell lines where the full-length Sox2 control region (SCR) was located at
different distances from the promoter. For each cell line C* (i.e.k = 1,...,6), we note De, the
measured contact probability between the enhancer and the promoter. This section describes in
detail how this was done.

In the sequel, all the rates are expressed in unit of 1 over the mean life time of a mRNA
molecule (i.e. we set 0 = 1).

3.1 RNA FISH data

For each cell line C* (i.e.k = 1,...,6), we calculated the histogram, h* of the RNA molecule
counts obtained from the smRNA FISH experiment. The bin size b, and the number of bins n}
were chosen using the function histogram in Matlab.

For each set of parameters 8 = (kO k. koss, i, ¢, h) we calculated the steady-state prob-
ability distributions of the two-state model with parameters (Ko, (pe, ), Koff, i), Where ko, (pe,.)
is given by equation (3). Next, we discretised the steady-state distributions in a histogram
n*(n, @) which is comparable with the histogram h* obtained from the FISH data. We assume
that the count in bin i for cell line & follows a binomial distribution of mean 1* N,, and variance
n¥(1 — n¥) Ny, where Ny is the total number of counts. We approximate the binomial distribu-
tion by a normal distribution. Hence, the likelihood of observing the histogram h* given the

parameters (1, 0) is

ng (hk—nk(0))?

H \/QWNkTh (1—- ; )

e 2nF(—nF)Ny (5)



and the log likelihood is

k
L
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3.2 Mean eGFP levels

The data consist of the inferred mean number of RNA molecule per cell in each of the NV indi-
vidual eGFP+ cell lines (obtained via the calibration with sSRNA FISH (Suppl. Fig. 1H)) and
the associated genomic distance from the promoter to the SCR. The data were then averaged
in bins of length 20 kb, yielding a vector g whose elements are the binned mean number of
RNA per cell and a vector d of genomic distances. The genomic distances were transformed in
contact probabilities using the Capture Hi-C data (6.4-kb resolution; see Figure 2A), yielding
a vector 7r of contact probabilities associated to the vector g.

For each set of parameters @ = (k2. kL., kory, 11, ¢, h), and each cell line i, we calculate
the mean number of RNA per cell, +;(n, 8), predicted by the two-state model with parameter
(Kon(Dey, ), Koggs pt), where ko, (pe,) is given by equation . This mean was calculated using
equation (I)). Assuming that the deviations from the model are normally distributed with mean
0 and variance o2, the log likelihood function is given by

N (o — ~ ()2
LLmean(0) = = o= 5O, % log(270) ©)

: 202
=1

where NNV is the number of cell lines.

3.3 Model fitting for the full-length SCR data set

We fit the variable k,, two-state model simultaneously to both the binned mean eGFP lev-
els measured in individual cell lines and the RNA FISH distributions. The best fit parameter
maximises the total log likelihood function

6
LLiot = LLpean(0) + > LLy(6). (8)
k=1

We set a lower bound of 0 for all the parameters and an upper bound of 1000 for the parameters
kO, kL. Korf, 11, an upper bound of 1 for the parameter ¢ and an upper bound of 10 for the
parameter h. We ensured that the best fit parameters found were not at the boundaries. For all
the maximisations we use a global search approach. Specifically, we use the Matlab function
MultiStart in the Global Optimization toolbox. All codes were written in Matlab (version

2019b) and are available at https://github.com/gregroth/Zuin_Roth_2021.

3.4 Profile likelihood analysis and confidence interval

We calculated the profile likelihood of all the parameters and derived their confidence intervals
(see e.g. [Pawitan| [2001])). Let us denote @ = (k9,, kL., kors, i1, ¢, h) such that 6; corresponds
to the jth parameter (e.g. 03 corresponds to k,s). The profile likelihood function of parameter
jis

PL;(z) = max LLiy(6), )

0‘9]:£E
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i.e. for each value x of parameter j the log-likelihood is maximised over the other parameters.
The 95% confidence interval of parameter j is

CI, = {#|LLin(6") — PL;(x) < 3.8415} (10)

where 8" = argmaxy LL;,;(0) and 3.8415 is the .95-quantile of the chi squared distribution
with one degree of freedom. The profile likelihood functions were estimated using the Matlab
function MultiStart in the Global Optimization toolbox. The plots of the profile likelihood
functions are shown in Fig. S3 B.

4 Mechanistic model of enhancer-promoter communication

4.1 Model description

The mechanistic model of enhancer-promoter communication described in the main text is fully
stochastic and describes the time evolution of four variables: the enhancer state, the promoter
state, the promoter regime state, and the number of RNA molecules per cell. The enhancer
states represent the relative position of the enhancer and the promoter (e; := close: the en-
hancer is in physical proximity of the promoter, i.e. their distance is smaller than an arbitrary
threshold; e, := far: the enhancer is not in physical proximity of the promoter). The promoter
states describe the transcriptional activity of the promoter (s; = off: the promoter cannot ini-
tiate transcription; so := on: the promoter is prone to initiate transcription). In addition there
are n + 1 “promoter regime” states, which we divide in two sets: {r1,...,7,} describe the
basal two-state promoter regime and the state 7, ; describes the enhanced two-state promoter
regime. Transitions through the “promoter regime” states represent the regulatory processes
that transmit regulatory information from the enhancer to the promoter. The promoter remains
in the basal regime until all the n regulatory processes have been completed, and only at that
point it can transition into the enhanced regime (see Figure |2|in this document). The basal and
enhanced regimes differ only in their on rate. Finally, the number of RNA molecules per cell
can be any integer m > 0.

We assume that the enhancer switches between its close and far states independently of
the promoter and the promoter regime state. Transitions among the promoter regime states are
reversible, however a forward transition is only possible when the enhancer is in the close state.
Transition between the on and off state of the promoter are reversible. The on rate depends on
the promoter regime while the off rate is the same for both regimes. Transcription can only
be initiated from the promoter state sy (i.e on state, either in the basal or enhanced regime).
Synthesis and degradation of RNAs is regarded as a Poisson process (i.e. we describe RNA
initiation, elongation, nuclear export of RNA as a single kinetic step) and are both independent
on the promoter regime. Note that ’n + 1 promoter regime states’” actually means that there are
n intermediate regulatory steps required to enter the enhanced regime. The kinetic reactions



are as follows.

kfar
e1 = (D)
kclose
kfo'rwa'rd
€1+ g = e+, for k=1,....n
kback
ey + Tk k<— es + rpr1, for k=1,...,n
back
kbasal
S1+ Tk = Syt for k=1,....n
Koy
kgnh
51+ Tnt1 = 82 4 Tnt1
ko
m+sy+ry, — m+l+sg+rg for E=1,...,n+1
w
m ? m—1

The chemical master equation is given by

dp

E(eivsjarkum) = (m+1)5p(€ia3j7rk7m+1) +:u(i7j,k)p(e’i78j7rkam_ 1) (11)
+ ) kg wigm P S5, T, ) (12)

(i,,k)
_(m5 + H(i,,k) —+ Z k(i,j,kﬁjﬁ))p<ei’ S5, Tk, m) (13)

(i..k)
where 1(; ;1) 1s the transcription rate given the enhancer state, promoter state and the promoter

regime state, and k; ; .7 -5 is the transition rate for the enhancer and promoter to go from the

states e;, 55, 1'; to the states e;, s;, 75 All rates are expressed in terms of the model parameters
and are defined in Table

This model can be rephrased in the general framework of multi-state promoter models
(Sanchez and Kondev, [2008])) if we interpret the triplet (e, s, ) as a “hyper” promoter state.
There are 4(n + 1) hyper promoter states which can be described either by a triplet (i, j, k)
where ¢; defines the enhancer state, s; defines the promoter state and 7, defines the promoter
regime state, or it can be described by an integer ¢ € {1,2,...,4(n+1)}. The two descriptors
are connected by the so-called linear indexing bijection

(i,5,k) = o= fi,5,k) = (@ =120+ 1)+ (G -Dn+1)+k (14)
Using this new notation, the chemical master equation can be rewritten as

Pom) = (m+1)oplo,m+1) + pop(o,m — 1)

dt
+ D kwpp(o,m)
9
—(m(5 + My + Z k(gp;ﬁ))p@O? m)
9

Following Sanchez and Kondev|[2008]|], we define the probability vector
p(m) = [p(L,m),...,p(4(n +1),m)]
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and rewrite the chemical master equation in matrix form

p

7 (m)=(K—-T —-mA)p(m)+ (m+ 1)Ap(m+ 1)+ Tp(m — 1) (15)

where the matrix K has elements K,y = k(p-1(9),7-1(,)) if ¢ # Y and K, = — Z#@ K, y; the
matrix T is diagonal with diagonal elements T, = 117-1(,,); and the matrix A is also diagonal
with diagonal elements A, = J. The matrix K is the transition rate matrix of the Markov
chain describing the stochastic dynamics of the enhancer-promoter interaction, the intermediate
regulatory steps, and the promoter on/off switch. The steady-state probability distribution of
the Markov chain K is the solution (subject to normalisation) of the equation

Kv =0. (16)

4.2 Mean and variance of the number of RNA

The mean and the variance of the number of RNAs per cell is given by the following formulas
(Sanchez and Kondev|[2008]])

(0)
(RNA) = “"; 17)
(0) (1) (072
Var(RNA) = #70— ATV AT (18)
5 5 5
where we have defined the vector & = (fif-1(1y, - . ., fj~1(a(nr1y)) and m&@ = 3= mip(m) the

jth moment of the number of RNAs per cell. The vectors m (") is the steady-state probability
distribution of the Markov chain K (i.e. m9 is a solution of equation ).
The vectors m! is the solution of the equation

(K- A)mY + Tm® = 0. (19)

(see equation 4 in Sanchez and Kondev| [2008]]).

4.3 Mean and variance of the number of RNAs as a function of the con-
tact probability

In the enhancer-promoter model, the contact probability is the steady-state probability that the
enhancer is in the close state. It can be directly calculated from the close rate and the far rate,

kclose
= —— 20
b kclose + kfar ( )
From equation , we can express ks in terms of kg, and p.,
kar (&
kc‘lose = farD . (21)
1— Pe

We substitute equation (21)) for k., in equation (15)) and obtain the mean and the variance of
the number of RNA molecules as a function of the rate parameters Kz, Kpack, Kforwards k’;ﬁf“l, kf)ﬁh,
Eof ¢, 11, the number of intermediate regulatory steps n, and the contact probability p..



5 Qualitative study of the transcriptional response to changes
in contact probabilities

The fit of the k,, two-state model (see Section [3)) shows that the mean and the cell-to-cell
variability in number of mRNAs per cell can be explained by a two-state model in which the on
rate depends on the contact probability between the enhancer and the promoter in a sigmoidal
manner. However, the model of enhancer-promoter communication described in Section @ can
not in general be approximated by a two-state model. In this Section, we investigate for which
parameters our mechanistic enhancer-promoter model reduces to an apparent two-state model
in which the on rate, k7P, depends “’sigmoidally”” on contact probability.

on ?

5.1 Reduction of the enhancer-promoter model to an apparent two-state
model

We apply the theory of aggregation of states in Markov chain with weak interaction |Gaitsgori
and Pervozvanskii [1975]]. When enhancer-promoter interactions and intermediate regulatory
steps kinetics are both faster than the promoter’s intrinsic transcriptional dynamics, the Markov
chain described by the chemical equation can be separated in a fast Markov chain describ-
ing the transitions between the enhancer states and the promoter regime states, and an apparent
(or slow) Markov chain describing the transitions between the promoter states (i.e. on and off
states) and the number of mRNAs. The rates of the apparent chain are the weighted average of
the rates across all the combinations of enhancer states (close, far) and promoter regime states
(1,...,n+1). The weights are given by the steady state distribution of the fast chain evaluated
at each combinations of states. Since the on rate only depends on promoter regime states (i.e.
kbasal when the promoter is in the states 1,...,n, and k<" when the promoter is in the state
n + 1), the on rate of the apparent chain is

kot = penhkgzh + (1 - Penh)kfiisal (22)
ko™ 4 penn (Kgn" — ko). (23)

where p.,., is the probability, at steady-state of the fast Markov chain, that the promoter is in the
enhanced regime (i.e. in the state n + 1). Since the off and the initiation rates do not depend on
the enhancer state and neither on the promoter regime state, they are unchanged for the apparent
chain (i.e. ijﬁfc = kopp and pP = p.) Theorem 1 in Gaitsgori and Pervozvanskii [1975]
shows that when the difference of time scales is large enough (1.e. Kcipse; Kfars Kbacks Kforwara are
sufficiently larger than k2ol kenh k.. 1), the marginal distribution of the promoter states in
the steady-state of the full model is well approximated by the steady-state distribution of the
apparent chain.

In conclusion, when enhancer-promoter interactions and intermediate regulatory steps ki-
netics are both faster than the promoter’s intrinsic transcriptional dynamics, the full model of
enhancer-promoter communication reduces to an apparent two-state model in which the on
rate is given by equation (22). We now ask for which parameters this apparent on rate depends

sigmoidally on contact probability.

5.2 Sigmoidallity of the apparent on rate

We first focus on the low sensitivity of the apparent on rate at high contact probability. We
search parameters values for which the apparent on rate ”plateaus” at high contact probability.

8



In order to select those parameters, we first note that in the apparent two-state model, con-
tact probability affects £3P? by modulating the probability that the promoter is in the enhanced
regime (see equation (23)). Thus the desire parameters are the ones for which the enhanced
regime probability p.,, is poorly sensitive to change in contact probability at high contact prob-
abilities. The enhanced regime probability, p.,.x, is calculated from the steady state probability
distribution v of the Markov chain K (see equation (16))) by summing its elements that corre-
spond to the enhanced regime (i.e. (i,j,n + 1) fori = 1,2 and j = 1, 2) which corresponds
to

Penh = eenhva (24)

where e is the vector of length 4(n + 1) whose elements ejc’zh p = larelif £ =n+1and
0 elsewhere.

The sensitivity of p.,,(p.) at high contact probability can be assessed by calculating its first
and second derivatives at contact probability 1. The sensitivity is the lowest when both the first
and second derivatives are the lowest. At contact probability 1, the first and second derivatives
of the enhanced regime probability are given by

agzh (1) = (n+ (n— 1)uu+ S un1)2 (25)

" *Penn zp1(u) + po(u)
Op? (1) = 214+ u+---+un)3 (26)
where z = k: —and u = M, p1 is a polynomial in variable u of degree 3n — 1, and p- is a

polynomial in variable « of degree 3n. Equations (25)) and (26) were calculated for different
value of n using the symbolic toolbox in Matlab (version 2019b). We deduce from equations
@ and (20)) that sensitivity is minimised when u and = are large, which means when the ratio
ﬁ and the ratio :b - are large. Thus, the rate parameters should be such that memory is
long, i.e. the promoter remains in the enhanced regime much longer than the average duration

of an interaction ( kl""k >> 1), and the intermediate regulatory steps are fast ( g;‘k’ >>1).

The condition % >> 1 implies that the timescales of the enhancer-promoter interactions
and the regulatory steps kinetics are decoupled. Hence, we can apply the theory of aggregation
of states in Markov chain with weak interaction Gaitsgori and Pervozvanskii [1975] to the
Markov chain describing the transition between enhancer states and promoter regime states.
We denote this chain by K. In this way, we can deduce an approximation of the enhanced
reglme probablhty Denr, Which 1s valid in the limit o ’k >> 1. We separate the K chain
in a “super” fast Markov chain, K, describing the transitions between the enhancer states
(i.e. Close and Far), and a slower Markov chain, K, describing the transitions between the
promoter regime states (i.e. 1,...,n + 1). The forward and backward rates of the slower
chain K, are the weighted average of the forward and backward rates across all the enhancer
states. The weights are the corresponding values of the steady state distribution of the super
fast chain K. Since only the forward rate depends on the enhancer state (i.e. k¢orard When
the enhancer is close, and 0 when the enhancer is far), the forward rate of the slower chain is

k;jrward pckforward (27)



and the backward rate of the slower chain is k.., yielding the transition matrix

T+ T+
- () w
Ky = (28)
V- (i +r-)
7- —7-
where 7. = pcktorward and y— = Kpqcr. By solving the equation w! K fs = 0, we obtain the

steady-state distribution of the slower chain K f's,

. k-1
wp — (L =y /v) (4 /7-) Cfork=1.....n+1 29)

1 — (y4/y- )t
Theorem 1 in|Gaitsgori and Pervozvanskii [1975]] shows that when the difference of time scales
is large enough (i.e. kg, kyar are sufficiently larger than Kpucr, Kforwara), the marginal distribu-
tion of the promoter regime states in the steady-state of the chain K ; is well approximated by
the steady-state distribution of the slower chain K. In this limit case, the enhancer probability
Denh 18 thus given by w,, 41, 1.e.

_ (1 — pcﬁ)(pcﬁ)n
Penn = 1 — (pcﬂ)n-',-l (30)

where 5 = kforward/Kback- This function is sigmoidal-like only if n > 1 and if 5 < 1.

In conclusion, the two-state behaviour observed in the smFISH data and sigmoidal-lilke
shape of the mean transcriptional response to change in contact probability can be recapitulated
with our enhancer-promoter model when the timescales of enhancer-promoter interactions are
faster than those of the intermediate regulatory steps, and both are faster than the promoter’s
intrinsic bursting dynamics (i.e. Kciose, Kfar >> Kpack, Eforwara >> kl;%s“l, k:f;’;‘h, kosg, 1), there are
more than 1 regulatory step (i.e. n > 1), and forward reaction are favoured over backward
reactions. In this scenario, the marginal steady-state-distribution of the promoter states and
mRNA number of the full enhancer-promoter model is well approximated by the steady-state

distribution of an apparent two-state model with off rate k,, initiation rate y, and on rate

(1 — pcﬁ)(pcﬁ)n
- (pcﬁ>n+1

app __ 1.basal
kon - kon +

(ke — khasaly (31)

6 Enhancer-promoter model fitting

Analysis of the enhancer-promoter model (see Section[5) concludes that the model could repro-
duce qualitatively the observed data when the timescales of enhancer-promoter interactions are
faster than those of the intermediate regulatory steps, and both are faster than the promoter’s
intrinsic bursting dynamics, there are more than 1 regulatory step (i.e. n > 1), and forward
reaction are favoured over backward reactions. In this scenario we shown that the model is
well approximated by an apparent variable two state model with the on rate described in equa-
tion (31). We thus fit this apparent two-state model to the data. In the sequel, all the rates are
expressed in unit of 1 over the mean life time of a mRNA molecule (i.e. we set 0 = 1).
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6.1 Full SCR data set

We fit the apparent two-state model simultaneously to the mean eGFP levels measured in indi-
vidual cell lines and to the distributions of RNA numbers measured by smRNA FISH in 6 cell
lines where the full-length Sox2 control region (SCR) was located at different distances from
the promoter. The fitted parameters are the number of regulatory steps, n, the ratio between the
forward and backward rates of the regulatory steps, 3, the basal and enhanced on rates, k2%

on
and k7" and the off and initiation rates, k, ¢r and p. We follow the same procedure described

in Section [3| for the variable £, two-state model. Since the number of regulatory steps n is
an integer parameter, we maximise the total log likelihood function L L, for each value of n
separately. For the parameter n, we set a lower bound of 1 and an upper bound of 10. For all
the other parameters (i.e. 3, kb2 kenh k.. 11), we set alower bound of 0 and an upper bound
of 1000 for the parameters kb%*e! k¢h [, .+ 11 and an upper bound of 100 for the parameter [3.
We ensured that the best fit parameters found were not at the boundaries. For all the maximi-
sations we use a global search approach. Specifically, we use the Matlab function MultiStart
in the Global Optimization toolbox. All codes were written in Matlab (version 2019b) and are

available at https://github.com/gregroth/Zuin_Roth_ 2021l

6.2 Truncated SCR data set

In the apparent two-state model, the enhancer can affect transcription through 2 parameters,
namely § which determines the ratio between the forward and the backward rates of the reg-
ulatory steps and/or k<" the on rate in the enhanced regime. To determine which of those
parameters does the enhancer strength affect, we compare 3 versions of the apparent two-state
model in which the parameter 3 (model 1) or kf,zh (model 2), or both (model 3) are free param-
eters and the other ones are fixed to the best fit values 8™ obtained for the full-length SCR data
set (see Section [6.1). We fit each model to the binned mean number of RNA molecule inferred
from the eGFP+ cell lines with the truncated version of the SCR. For each model we calculate

the maximum log likelihood i.e.

b = I;lgai{ LLmean<017 0;(’ s 70%) (32)
1
to = max LLean (05, 65,05, 67,63, ) (33)
3
(s = max LLyean(01,05,0s, 05,0z, 07) (34)
{01,05}

For each model, we calculate the maximum log-likelihood ratio
Aj = —2(4; = 17). 35

where (* = maxgy L Lmecqn (@) is the maximum log likelihood over all the parameters. Under
the null-hypothesis that the data can be explained by the jth model, the ratio A; converges to
a chi squared distribution with 4 degrees of freedom [Wilks [[1938]. Only the model with k™"
as free parameter was able to account for the data (p-value = 0.4967). The models with /3 and

kbasal as free parameters were not able to reproduce the data (p-values < .00001).
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Rate | Expression From To
Hyper state transition rates

k1 jki2,5.k) Kfar close far
foryj=1,2,k=1,....,.n+1
K(2,j,k:1,5) Eciose far close
forj=1,2,k=1,....n+1
E i1 k2,8 kbasal oft/low on/low
fork=1,...,n
Eei1nst,2n+1) ke off/high on/high
fort: =1,2
k(i 2.k, k) koss on/low off/low
fork=1,...,n+!
k1 gkt k41) K forward close/r;, close/ry 1
foryj=1,2,k=1,...,n
K. j k2,5, k+1) 0 far/r, far/ry1
foryj=1,2,k=1,...,n
K ki gik—1) Kback I Thot
forj=1,2,k=2,....,n+1
Initiation rates
i 2 k i on on+1 RNA
fori=1,2,k=1,...,n+1

Table 1: Transition rates used in equations and . All the rates f1(; j k) and k(; ; 1.7 5 ) that are
not described in the table have value equal to 0.
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Figure 1: Difference between the squared coefficient of variation and the inverse of the mean, A,
plotted against contact probabilities between the ectopic Sox2 promoter and the locations of SCR in cell
the lines shown in Fig. 2C-D (A = 0 for a Poisson distribution).
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Figure 2: Scheme of the enhancer-promoter model. For simplicity every rate is indicated only once in
similar reactions. Opacity differences are only intended to increase the clarity of the figure and do not
relate to properties of the states themselves.
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Gating Strategy for Nonlinear control of
transcription through enhancer-promoter
interactions

Content

1. Gate Strategy: Single Cell FACS sort of GFP+ cell lines from PiggyBac-
enhancer Founder lines

2. Gate Strategy: Single Cell FACS sort of GFP+ cell lines from Promoter only
Founder line

3. Gate Strategy: Single Cell FACS sort of GFP+ cell lines from PiggyBac-
enhancer Founder line using the Standard Gate Strategy on eGFP levels
(Extended Data Fig. 11, top panel)

4. Gate Strategy: Single Cell FACS sort of GFP+ cell lines from PiggyBac-
enhancer Founder line using a less stringent Gate Strategy on eGFP level
(Extended Data Fig. 11, bottom panel)

5. Gate Strategy: FACS sort of pools of cells for tagmentation-based mapping of
PiggyBac-enhancer insertions (Extended Data Fig. 1m)
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Gate Strategy: Single Cell FACS sort of GFP+ cell lines from PiggyBac-enhancer Founder lines

x1000 discard big cells with - a0 discard doublets
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=
9 &
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0 10 20 30 4 0 & S
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x1000 discard doublets 10° discriminate between
60 negative (P5) and
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O
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v 30
20 g
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S0
10 g
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el
0
0 20 30 40 50 60
. x1000
SSC Width
102 10*
530/40[488]
Statistics:
530/40][... 610/20[..
Populations Events % Total % Parent Mean Mean
@ Al Events 14,668  100.00% e 5 3
[ 11384  7761%  77.61% 4 3
[ N 10000  68.18%  87.84% 4 3
[ & 10000  6818% 100.00% 4 3
[ 4 003%  004% a1 2
8- 9335  6364%  93.35% 3 3
Gating Strategy:

FSC / SSC.: to discard big cells with high granularity;

FSC-W / FSC: to discard doublets;

SSC-W / SSC: to discard doublets;

530/40[488] / 610/20[561]: to discriminate between negative (P5) and GFP positive cells (P4)
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Gate Strategy: Single Cell FACS sort of GFP+ cell lines from Promoter only Founder line

x1000 . discard bigcells - -+ x1000 discard doublets
Ly Lot P
60 with high granularity .. 60

]
: : A

50 s . F T | 50
o Sk

40 a
ar
8 % 30
v 30 by
20 20
10
10
5 0
0 0 10 20 30 40 50 60
0 10 20 30 40 50 60 FSC[Per ] Width x1000
%1000 1
FSC[Perp] P
X1000 discard doublets 10* discriminate between
&0 negative (P5) and
GFP positive cells (P4)
50
40 10°
(@)
(%]
v 30
er
20 =, P4
<03
10 S
—
o
0
0 20 30 40 50 60
x1000
SSC Width
10! 107 103 10*
» 530/40[488]
Statistics:
530/40]... 610/20]...
Populations Events % Total % Parent Mean Mean
@ Al Events 12,668 100.00% e 4 3
[ 10186  8041%  8041% 4 3
[ 10000  7894%  9817% 4 3
[ 3] 10000  7894% 100.00% 4 3
[ 30 024%  0.30% 18 3
8- 9160 7231%  91.60% 4 3
Gating Strategy:

FSC / SSC: to discard big cells with high granularity;

FSC-W / FSC: to discard doublets;

SSC-W / SSC: to discard doublets;

530/40[488] / 610/20[561]: to discriminate between negative (P5) and GFP positive cells (P4)
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Gate Strategy: Single Cell FACS sort of GFP+ cell lines from PiggyBac-enhancer Founder line using

the Standard Gate Strategy on eGFP levels (Extended Data Fig. 11, top panel)

x1000 x1000

discard big cells with
high granularity

60 60

50 50

40

discard doublets

40 §
9 g
A 5 g 30
20 20
10
10
0
0 0 10 20 30 40 50 60
0 10 20 30 40 50 60 . %1000
¥1000 FSC[Perp] Width
FSC[Perp]
X1000 discard doublets 10" discriminate between
60 negative (P5) and
- GFP positive cells (P4)
50
40 10°
v P3
v 30
=
20 E
o
oN
10 =
—
o
0
0 10 20 30 40 50 60
x1000
SSC Width
10° 10! 107 103 10*
» 530/40[488]
Statistics:
530/40[... 610/20]...
Populations Events % Total % Parent Mean Mean
@ Al Events 695,588  100.00% i 5 4
[ 546944  7863%  78.63% 5 3
[ X 500,000 71.88%  9142% 4 3
[ 3] 500,000 71.88% 100.00% 4 3
[ 295  004%  0.06% 63 3
8- 432608 62.19%  86.52% 4 3

Gating Strategy:

FSC / SSC: to discard big cells with high granularity;
FSC-W / FSC: to discard doublets;
SSC-W / SSC: to discard doublets;

530/40[488] / 610/20[561]: to discriminate between negative (P5) and GFP positive cells (P4)
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Gate Strategy: Single Cell FACS sort of GFP+ cell lines from PiggyBac-enhancer Founder line using
a less stringent Gate Strategy on eGFP level (Extended Data Fig. 11, bottom panel)

2 discard big cells with - o discard doublets
60 high granularity . 60

50 : 50

40

40 §
S g,
A 5 g 30
20 20
10
10
> 0
0 - 0 10 20 30 40 50 60
0 10 20 30 40 50 60 . %1000
¥1000 FSC[Perp] Width
FSC[Perp]
X1000 discard doublets 10° discriminate between
o negative (P5) and
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0 10 20 30 40 50 60
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Statistics:
530/40[... 610/20]...
Populations Events % Total % Parent Mean Mean
@ Al Events 791,303 100.00% i 5 4
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@r 429497  5428%  85.90% 4 3

Gating Strategy:

FSC / SSC: to discard big cells with high granularity;

FSC-W / FSC: to discard doublets;

SSC-W / SSC: to discard doublets;

530/40[488] / 610/20[561]: to discriminate between negative (P5) and intermediate+GFP positive cells (P4)
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Gate Strategy: FACS sort of pools of cells for tagmentation-based mapping of PiggyBac-enhancer
insertions (Extended Data Fig. 1m)

discard big cells - ao discard doublets
. . i 4 Pz
60 . with high granularity 3 60

50

=
40 7]
o
] O 30
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(%] 30 [
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20 10
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0 10 20 30 40 50 60
. x1000
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a0 10°
A P3
v 30
]
)
20 v,
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10 o P4  P5 P6
0 low 2 low 1 - high
0 10 20 30 40 50 60 i i v
x1000
SSC Width
10° 10! ) 10? 10° 10
530/40[488]
Statistics:
530/40[.. 610/20]...
Populations Events % Total % Parent Mean Mean
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[ E 96,873  62.06% 100.00% 4 3
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[ 8 13 001%  001% 65 3

Gating Strategy:

FSC / SSC.: to discard big cells with high granularity;

FSC-W / FSC: to discard doublets;

SSC-W / SSC: to discard doublets;

530/40[488] / 610/20[561]: to discriminate between negative (P4 - low 2), intermediate (P5 - low 1) and
GFP positive cells (P6 - high) 3
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