
1. Introduction 
2. Rigorous Integration of Models and Data 
3. Examples and Applications 

i. Predicting Hog1-activated gene regulation (yeast)  
ii. Predicting ERK-activated gene regulation (human).
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Chain of events: 
• Serum (zinc stress) activates 

phosphorylation of ERK (p38). 
• ERK/p38 translocate to nucleus 

& phosphorlyate Elk1. 
• Elk1 and serum response factor 

(SRF) bind to serum response 
element (SRE). 

• The activated promoter now 
transcribes c-Fos mRNA. 

• c-Fos affects differentiation, 
proliferation, survival, …
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Dynamics of MAPK Signal Induction
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Erk phosphorylation and cFos activation following stimulus.

Figure 1. Quantification of c-Fos Transcriptional Response after Different Stimuli
(A) smFISH in U2OS 30 min after serum induction. Signal in proximity of the transcription sites (TSs) appears only saturated due to scaling to show individual

mature mRNA. Scale bars, 10 mm in all figures. Surface plot (not to scale) for area indicated with red dashed line. Detected mature mRNAs shown as green spots

over DAPI image.

(B) Average mature mRNA levels at different time points after serum induction (left) and zinc concentration (right) by smFISH (red line) and qRT-PCR (blue line).

Error bars are 95% CI obtained by bootstrap for smFISH and SD for qRT-PCR (three independent experiments).

(C) Selected histograms of smFISH measurement from (B). Cells containing less than 20 mRNAs are show in orange and other cells in green.

(D) Number of active TS after serum (left) or zinc induction (right). Cells containing no active TS are not shown. Inset shows average number of active TS per cell.

(E) Immunofluorescence (IF) against p-ERK or p-p38 (red) for indicated induction condition and nuclei visualized with DAPI (blue). Note that only one cell has

elevated p-p38 levels in the 50 mM picture.

(F) Average p-ERK levels (red) and average number of active TS per cell (blue line) after serum induction.

(G) Proportion of cells with elevated p-p38 signal (red line) and average number of active TS per cell (blue line).

See also Figure S1 and Movie S1.
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Signaling Affects Number of Mature mRNA.
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Signaling does not affect Nascent mRNA numbers!
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Quantitative fits to signal-activated transcription dynamics

• Burst saturation model captures c-Fos dynamics at all scales.

transcription activator-like effector (TALE) approach (Perez-
Pinera et al., 2013) (Figure 4A). We fused these constructs with
activator domains of different strengths (VP16 or VP64) to
generate synthetic TFs.

First, we investigated the mature mRNA levels by exposing
cells to these synthetic TFs. As a control, we transfected cells
with a TALEwithout an activator domain and found no activation.

When transfecting with one TALE-VP16, we observed an in-
crease in the averagematuremRNAnumber from4 to 28 (Figures
S4A and S4B). The mature mRNA levels increased even further
after transfectingwithoneTALEwith the stronger VP64activation
domain (52 mature mRNAs), or all four different TALE-VP16 (70
mature mRNAs) (Figure S4B). We also analyzed the nascent
mRNA distribution at active TSs. For one TALE-VP16, we

Figure 3. Mathematical Modeling of Transcriptional Response of c-Fos after Serum Induction
(A) Cartoons illustrating concept of burst saturation limit. For short bursts below the saturation limit (upper plot), mRNA attached to all the loaded polymerases can
be observed. For burst in the saturation limit (lower plot), only the mRNA produced by the currently loaded polymerases can be detected.
(B) Impact of burst duration on nascent mRNA distribution. Curves share same initiation rate (five mRNA/minute) and burst frequency (0.1 burst/minute) but differ
in burst duration as indicated in figure legend. Values in parenthesis indicate average number of mRNAs produced per burst, i.e., the burst amplitude.
(C) Histogram of pooled nascent mRNA numbers from all induction condition (serum and zinc) except identified outliers in Figure S3C. Fit with Poisson distribution
(pink solid line; log-likelihood of fit = !536) and truncated geometric distribution (dashed blue line; log-likelihood of fit = !705).
(D) Two-state model of transcription. Gene can switch between inactive (OFF) and active (ON) state. Transitions are described by rate constants kon and koff.
Transcripts are produced duringON states as a Poisson process with fixed rate, kinit (vertical green bars in lower plot). EachmRNA undergoes a production period
modeled as an irreversible process with fixed completion time, tprod and mature mRNA degrades as a first-order reaction with the constant gD.
(E–G) Fit with two-state model (Parameters from fit L2-8 in Table S1). (E) Fit of nascent mRNA data (green histogram) with two-state model (red line). Insets show
cumulative histograms. (F) Probability for one TS to be active (black squares) together with prediction of two-state (red) and three-state model (blue). (G) Fit of
mature mRNA data (green histogram) with two-state model (red line).
(H) Three-state model of transcription. A second ON state with a higher initiation frequency can be reached from the first ON state.
(I) Fits of nascent mRNA data (green histogram) with three-state model (red lines). Each line represents an individual fit with parameters defined in Table S2. Insets
show cumulative histograms.

See also Figure S3.
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Transcripts are produced duringON states as a Poisson process with fixed rate, kinit (vertical green bars in lower plot). EachmRNA undergoes a production period

modeled as an irreversible process with fixed completion time, tprod and mature mRNA degrades as a first-order reaction with the constant gD.
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Transcription Factor Modification of Burst Dynamics

• Transcription Factor (TF) properties 
alter burst dynamics. 
• We probe these changes using the 

transcription activator-like effector (TALE) 
approach (Perez-Pinera et al, 2013)

detected on average three nascent mRNAs per active TS. The
obtained distribution resembled a geometric distribution indica-
tive of a short burst duration compared to the retention time (Fig-
ures 4B and 3B). The TALE-VP64 construct yielded increased
nascent mRNA levels (average of four) but still resembled a geo-
metric distribution. This change is in agreement with a model
where the stronger activator domain leads to higher initiation
rate but does not affect the burst duration (Figures 4B and 3B).
When transfecting all four different TALE-VP16, the nascent
mRNA number per active TS increased further (average of five).
Furthermore, the shape of the distribution also changed to
resemble a Poisson distribution (Figure 4B). This is in agreement
with an increase of the burst duration beyond burst saturation
(Figure 3B). Finally, we tested if the observed changes could be
reproduced with the two-state model. By changing only one
parameter in themodel,wecould generate theobserveddistribu-
tions and the respective transitions: changing the initiation rate
reproduced the difference from one TALE-VP16 to one TALE-
VP64, while changing the burst duration yielded the change
observed when activating with one TALE-VP16 compared to
four TALE-VP16 (Figure 4B and Table S3).
Taken together, these data suggest two additional potential

key determinants for transcriptional bursts. The initiation rate
could be controlled by the strength of the activator domain,
whereas the burst duration could be controlled by the lifetime
of the TF on the promoter (Figure 5).

DISCUSSION

Frequency Modulation as a Simple but Versatile
Mechanism for c-Fos Transcription
Wedeterminedhowc-FosmRNA levels are regulatedafter serum
or zinc induction by smFISH. We found that transcription
following MAPK induction occurs in discontinuous bursts where
predominately the burst frequency, but not the measured ampli-
tude, ismodulated by the TF concentration. To gain amore quan-
titative understanding of the bursting mechanism, we analyzed
the serum induction data with a stochastic gene expression
model. This model revealed that c-Fos mRNA production occurs
in relatively isolated bursts of several minutes, which is in agree-

Figure 4. Activation of c-Fos with Synthetic
Transcription Factors
(A) c-Fos promoter with different synthetic TFs

(TALE) binding sites indicated by letters A–D. SRE,

serum response element. Different activator

domain (AD, in red) were fused to the TALE: VP16

or VP64.

(B) Histogram of nascent c-Fos mRNA levels after

transfection with one TALE-VP16, one TALE-

VP64, or four TALE-VP16. Red lines are model

curves (Table S3). Curves for VP64 and 4xVP16

are obtained by changing only one parameter

indicated in red in cartoon compared to VP16.

See also Figure S4.

ment with a study also suggesting large
bursts for c-Fos (Shah and Tyagi, 2013)
and another study estimating comparable

bursting timescales (Suter et al., 2011b). The model further
showed that the measured burst amplitude by smFISH is sub-
stantially smaller than the total number of mRNAs produced dur-
ing oneburst. Last, we could determine that during bursts several
transcripts are initiated per minute and are produced in approxi-
mately 1 min. The latter suggests that elongation and maturation
are both fast processes for c-Fos.
Taken together, this suggests a rather simple but effective and

versatile system to activate c-Fos under different conditions.
Cells control principally the burst frequency—and hence the total
mRNA levels—by adjusting the nuclear concentration of TFs.
High TF concentrations mean an increased likelihood for activa-
tion and highmRNA levels; low TF concentrations give the oppo-
site response. Although this rather simple mechanism explained
most of the tested c-Fos activation conditions, additional burst
amplitude regulation also occurs at peak induction.

Role of TFs in Modulating c-Fos Bursts
We found that at peak induction—20min after serum induction—
the addition of a secondON state with an increased initiation rate
could explain the data better than the simple two-state model.
Similar needs for multistate activation processes have been
reported in the literature (Dar et al., 2012; Neuert et al., 2013).
Initiation frequency modulation could be attributed to several
molecular events ranging from preinitiation complex (PIC) forma-
tion and stability to promoter escape, and it will be important
to investigate this regulation in future studies.
We found that c-Fos burst characteristics can be altered

more profoundly by targeting its promoter with synthetic TFs.
Using activation domains of different strengths led to different
polymerase initiation frequencies. Targeting the promoter with
multiple TFs led to longer bursts suggesting a relationship be-
tween the TF-promoter binding time and the burst duration. This
is compatible with previous observations of synergetic effect of
multiple TFs acting on the same promoter (Carey et al., 1990;
Perez-Pinera et al., 2013). We therefore propose a possible link
between PIC stability and simultaneous binding of multiple TFs.
Taken together, our study establishes that TFs play a major

role in affecting c-Fos bursting (Figure 5). TF concentrations
can be changed rapidly to change the burst frequency. The
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tween the TF-promoter binding time and the burst duration. This
is compatible with previous observations of synergetic effect of
multiple TFs acting on the same promoter (Carey et al., 1990;
Perez-Pinera et al., 2013). We therefore propose a possible link
between PIC stability and simultaneous binding of multiple TFs.
Taken together, our study establishes that TFs play a major
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can be changed rapidly to change the burst frequency. The
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metric distribution. This change is in agreement with a model
where the stronger activator domain leads to higher initiation
rate but does not affect the burst duration (Figures 4B and 3B).
When transfecting all four different TALE-VP16, the nascent
mRNA number per active TS increased further (average of five).
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in relatively isolated bursts of several minutes, which is in agree-

Figure 4. Activation of c-Fos with Synthetic
Transcription Factors
(A) c-Fos promoter with different synthetic TFs

(TALE) binding sites indicated by letters A–D. SRE,

serum response element. Different activator

domain (AD, in red) were fused to the TALE: VP16

or VP64.

(B) Histogram of nascent c-Fos mRNA levels after

transfection with one TALE-VP16, one TALE-

VP64, or four TALE-VP16. Red lines are model

curves (Table S3). Curves for VP64 and 4xVP16

are obtained by changing only one parameter

indicated in red in cartoon compared to VP16.

See also Figure S4.

ment with a study also suggesting large
bursts for c-Fos (Shah and Tyagi, 2013)
and another study estimating comparable

bursting timescales (Suter et al., 2011b). The model further
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Initiation frequency modulation could be attributed to several
molecular events ranging from preinitiation complex (PIC) forma-
tion and stability to promoter escape, and it will be important
to investigate this regulation in future studies.
We found that c-Fos burst characteristics can be altered

more profoundly by targeting its promoter with synthetic TFs.
Using activation domains of different strengths led to different
polymerase initiation frequencies. Targeting the promoter with
multiple TFs led to longer bursts suggesting a relationship be-
tween the TF-promoter binding time and the burst duration. This
is compatible with previous observations of synergetic effect of
multiple TFs acting on the same promoter (Carey et al., 1990;
Perez-Pinera et al., 2013). We therefore propose a possible link
between PIC stability and simultaneous binding of multiple TFs.
Taken together, our study establishes that TFs play a major

role in affecting c-Fos bursting (Figure 5). TF concentrations
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Single strong TF
Larger isolated bursts

Multiple weak TF’s
Longer saturated bursts 

The same model captures all TF activators with only one parameter change.

1. Introduction 
2. Rigorous Integration of Models and Data 
3. Examples and Applications 

i. Predicting Hog1-activated gene regulation (yeast)  
ii. Predicting ERK-activated gene regulation (human). 
iii. Capturing nascent protein elongation dynamics
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Imaging and Modeling of single-mRNA translation.

Using MS2/MCP pairs (red), we can track single-mRNA 
molecules as they diffuse throughout the cell. 

Short epitope regions in the nascent protein are 
recognized by fluorescent (green) antibody-based probes.
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Imaging and Modeling of single-mRNA translation.
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Time

Simulating Different Temporal Experiments

We built mechanistic, codon-dependent models to capture the 
statistics and dynamics of these translation fluctuations.

Time Time

In
te

ns
ity

Modeling nascent protein elongation and spot intensity

w0 = kb (1− x0 )

wi = kexi 1− xi+1( ), i ∈(1,2,3,…,N −1)
wN = kt xN

Ribosome Binding/Initiation:

Termination:

x1 x2 x3 xN…
wo wi wi wN

∅
Peptide Elongation Model: Single-molecule translation with ribosome 
exclusion.

Codon Dependent Elongation:
w0 = kb (1− x0 )

wi = kexi 1− xi+1( ), i ∈(1,2,3,…,N −1)
wN = kt xN

I t( ) = cixi t( )
i=1

n

∑Spot Intensity:

x(t)=[ 0  0  0  0  0  0  0  0  1  0  0  0  0   0   0   0   0   0   0   1  0  0  0  0  0  0  0  ]

c=[ 0  0  1  2  3  3  3  3   3  3  3  4  5  6   7   7  7  7  7  7  7  7  7  7  7  7  7  7  7  ]

Ribosome Loading - number of ribosomes at each codon:

Probe Design - number of probes upstream from each codon (design:

w0 = kb (1− x0 )

wi = kexi 1− xi+1( ), i ∈(1,2,3,…,N −1)
wN = kt xN

w0 = kb (1− x0 )

wi = kexi 1− xi+1( ), i ∈(1,2,3,…,N −1)
wN = kt xN Aguilera, et al. bioRxiv, 2019



Computing the statistics of intensity fluctuations

First Moment:

Second (Uncentered) Moment: 

Auto- and Cross-Correlations:

Covariance Matrix:

In the limit of low ribosome loading, these moments 
evolve according to a finite, solvable set of Linear ODEs. 

Verification of peptide elongation moments

To verify the moment 
analyses, we simulated spot 
fluctuations with and without 
ribosome exclusion.

Theory matches simulation 
when ribosome loading is 
low (<10% codon 
occupancy).

unrestricted
restricted

(1% loading)
restricted 

(10% loading)
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Simulating Different Temporal Experiments

FCS

G τ( ) = Ε It − µt( ) It+τ − µt+τ( )

FRAP

Photobleaching

ROA

Harringtonine application

ke = (L/τFCS) ke = (L/τFRAP)ke = (L /τROA)

Fluorescence Correlation 
Spectroscopy

Run-Off Assay Fluorescence Recovery 
After Bleaching

Using the model, we can simulate results for different 
dynamical experiments under different settings.

Aguilera et al., bioRxiv (2019): 659987

ROA FRAP
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FCS

G τ( ) = Ε It − µt( ) It+τ − µt+τ( )

FRAP

Photobleaching

ROA

Harringtonine application

ke = (L/τFCS) ke = (L/τFRAP)ke = (L /τROA)FCS

For each experiment type, we simulated thousands of genes with variable lengths 
(Short (<500), average(500-1000) and long(>1000)).  
All were simulated for 300 frames, at 1/3 f.p.s. and for 100 spots per experiment. 
Only the FCS-based technique reliably reproduced the correct elongation rates.

Aguilera et al., bioRxiv (2019): 659987



Different genes yield different Fluctuation Signatures

Experimental

Simulated

Experimental

Simulated

Experimental

Simulated

A

B

C
1544 codons

375 codons

128 codons

Aguilera et al., bioRxiv (2019): 659987
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RNA Sequence to NAscent Protein simulation GUI (rSNAPsim) 

•Download Sequences directly from GenBank 
•Build codon-dependent model with efficient C++ implementation 
•Simulate FCS, FRAP, and Harringtonine perturbations.
•Compare dynamics with alternate codons, tRNA concentrations, etc…
•Compare and save simulations for different constructs or conditions.

Aguilera et al., bioRxiv (2019): 659987



1. Introduction 
2. Rigorous Integration of Models and Data 
3. Examples and Applications 

i. Predicting Hog1-activated gene regulation (yeast)  
ii. Predicting ERK-activated gene regulation (human). 
iii. Capturing nascent protein elongation dynamics 
iv. Finding fluctuation fingerprints in single-mRNA translation 

dynamics 
v. Measuring and Modeling single-RNA HIV-1 Ribosome 

Frameshifting Dynamics

Outline
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Application to Viral Frame-Shifting

HIV and other viruses use frameshift stimulatory 
sequences (FSS) to reduce genome size. 

These FSS cause ribosomes to slip and 
translate two proteins from a single RNA 
sequence.

Two for the price of one!

HIV-1 FSS

5’... CAUGGUUUUUUAGGGAAGAUCUGGCCU .... 3’
GH F

F R E D L A

5’... CAUGGUUUUUUAGGGAAGAUCUGGCCU .... 3’
L G K I W PGH F

Usually…

Sometimes… one NT slip
New 

Protein

Original 
Protein

stop

stop

AUG

AUG

AlexX (0 frame)

XXLb1 (-1 frame)

FSS

FSS*

free

free

free

free

!"#"

!"#"

!$%

!$%

!$%

!$%

!&$'(

!&$'(

!)**	

!)**∗

!-..	!-#	

We added a third color in the -1 frame and extended 
models to allow burst of frame-shifting.

Harringtonine

Lyon, et al, Molecular Cell, 2019
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0s 35s 70s

mRNA

0 ORF

-1 ORF

merge

1: RNA only (red)

mRNA

0 ORF

-1 ORF

merge

2: 0 TS only (yellow)

mRNA

0 ORF

-1 ORF

merge

3: 0 & -1 TS (gray)

92%

8%

Watching Frameshifting in single-molecule resolution

Lyon, et al, Molecular Cell, 2019
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Observations:
• Frameshifting occurs on rare RNA.
• Frameshifting persists for >40 minutes.
• Frameshifting lengthens ribosomal 

clearance times (traffic jams).

Green: 0 Frame (AlexX) 
Blue:   -1 Frame (XXLb1)   
Red:     mRNA

Live-Cell Measurement of Frame-Shifting

Lyon, et al, Molecular Cell, 2019



A single bursting frame-shift model captures:  
(a) survival time of -1 bursts 
(b) the loading of ribosomes per mRNA in each 

frame 
(c) fraction of mRNA with 0, -1, or both proteins. 
(d) Total production ratio of 0 and -1 frame proteins. 
(e) Run-off dynamics after drug perturbation 
(f) Run-off dynamics for extended construct.

Modeling of Live-Cell Frame-Shifting

the frameshift state survival times, we fit the rate of koff to be
!0.0013 s"1 (Figure 5B), corresponding to an average frameshift
persistence time of 1/koff !12.8 min.

Using this constrained value for koff, we then fit to find the re-
maining parameters kon, kini, kel, kFSS, and kFSS* (Table 1), with
which the bursty frameshifting model could simultaneously
reproduce all of our observations (Figures 5C–5G), in contrast

to the constitutive model (Figures S5A–S5L). From these param-
eters, we calculate 1/kon !170 min, meaning that RNA encoding
the HIV-1 FSS switch to a frameshifting state rarely, on the time-
scale of a few hours (Table 1, 1/kon). Once an RNA is in the frame-
shifting state, it remains there for tens of minutes on average
(Table 1, 1/koff), occasionally lasting up to an hour ormore. To ac-
count for the different run-off delays seen at frameshifting and

Figure 5. A Model for Bursty Frameshifting
(A) A schematic of the model: kini is the translation initiation rate, kel is the translation elongation rate, kon is the rate at which RNA switch to the frameshifting state,

koff is the rate at which RNA switch to the non-frameshifting state, kFSS is the pause rate at the FSS in the non-frameshifting state, k*FSS is the pause rate at the FSS

in the frameshifting state, and kt is the termination rate (assumed equal to kel).

(B) The survival probability of frameshifting sites through time (black dots) is fit with a single exponential decay (gray line).

(C–G) Simultaneous fit of all data. (C) A bar graph comparing the measured (black) and best-fit model predicted (gray) percentage of non-frameshifting (0F),

frameshifting ("1F), and both frames (BF) translation sites. Error bars represent SEM among cells. (D) A bar graph comparing the measured (black) and best-fit

model predicted (gray) ratio between the total frameshifted and non-frameshifted signal intensity (FS:non-FS signal ratio). (E) A bar graph comparing the

measured (black) and best-fit model predicted (gray) intensity in units of mature protein (u.m.p.) within non-frameshifting (0F), frameshifting ("1F), and both

frames (BF) translation sites. Error bars represent SEM among RNA. (F) Best-fit model (solid lines) of the data from Figure 4 A. Error bars represent SEM among

RNA. (G) Best-fit model prediction of the data from Figure 4 B. Error bars represent SEM among RNA.

(H) The predicted ribosomal occupancy along the MF tag is shown. The positions of the FSS (red), FLAG (green), and SunTag (blue) epitopes are shown in color.

(I) The predicted ribosomal occupancy along the HA MF tag is shown. The positions of the FSS (red), HA (orange), FLAG (green), and SunTag (blue) epitopes are

shown in color.

See also Figure S5 and Videos S4 , S5, and S6 .
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!0.0013 s"1 (Figure 5B), corresponding to an average frameshift
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Using this constrained value for koff, we then fit to find the re-
maining parameters kon, kini, kel, kFSS, and kFSS* (Table 1), with
which the bursty frameshifting model could simultaneously
reproduce all of our observations (Figures 5C–5G), in contrast

to the constitutive model (Figures S5A–S5L). From these param-
eters, we calculate 1/kon !170 min, meaning that RNA encoding
the HIV-1 FSS switch to a frameshifting state rarely, on the time-
scale of a few hours (Table 1, 1/kon). Once an RNA is in the frame-
shifting state, it remains there for tens of minutes on average
(Table 1, 1/koff), occasionally lasting up to an hour ormore. To ac-
count for the different run-off delays seen at frameshifting and

Figure 5. A Model for Bursty Frameshifting
(A) A schematic of the model: kini is the translation initiation rate, kel is the translation elongation rate, kon is the rate at which RNA switch to the frameshifting state,

koff is the rate at which RNA switch to the non-frameshifting state, kFSS is the pause rate at the FSS in the non-frameshifting state, k*FSS is the pause rate at the FSS

in the frameshifting state, and kt is the termination rate (assumed equal to kel).

(B) The survival probability of frameshifting sites through time (black dots) is fit with a single exponential decay (gray line).

(C–G) Simultaneous fit of all data. (C) A bar graph comparing the measured (black) and best-fit model predicted (gray) percentage of non-frameshifting (0F),

frameshifting ("1F), and both frames (BF) translation sites. Error bars represent SEM among cells. (D) A bar graph comparing the measured (black) and best-fit

model predicted (gray) ratio between the total frameshifted and non-frameshifted signal intensity (FS:non-FS signal ratio). (E) A bar graph comparing the

measured (black) and best-fit model predicted (gray) intensity in units of mature protein (u.m.p.) within non-frameshifting (0F), frameshifting ("1F), and both

frames (BF) translation sites. Error bars represent SEM among RNA. (F) Best-fit model (solid lines) of the data from Figure 4 A. Error bars represent SEM among

RNA. (G) Best-fit model prediction of the data from Figure 4 B. Error bars represent SEM among RNA.

(H) The predicted ribosomal occupancy along the MF tag is shown. The positions of the FSS (red), FLAG (green), and SunTag (blue) epitopes are shown in color.

(I) The predicted ribosomal occupancy along the HA MF tag is shown. The positions of the FSS (red), HA (orange), FLAG (green), and SunTag (blue) epitopes are

shown in color.

See also Figure S5 and Videos S4 , S5, and S6 .
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the frameshift state survival times, we fit the rate of koff to be
!0.0013 s"1 (Figure 5B), corresponding to an average frameshift
persistence time of 1/koff !12.8 min.

Using this constrained value for koff, we then fit to find the re-
maining parameters kon, kini, kel, kFSS, and kFSS* (Table 1), with
which the bursty frameshifting model could simultaneously
reproduce all of our observations (Figures 5C–5G), in contrast
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eters, we calculate 1/kon !170 min, meaning that RNA encoding
the HIV-1 FSS switch to a frameshifting state rarely, on the time-
scale of a few hours (Table 1, 1/kon). Once an RNA is in the frame-
shifting state, it remains there for tens of minutes on average
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Figure 5. A Model for Bursty Frameshifting
(A) A schematic of the model: kini is the translation initiation rate, kel is the translation elongation rate, kon is the rate at which RNA switch to the frameshifting state,

koff is the rate at which RNA switch to the non-frameshifting state, kFSS is the pause rate at the FSS in the non-frameshifting state, k*FSS is the pause rate at the FSS

in the frameshifting state, and kt is the termination rate (assumed equal to kel).

(B) The survival probability of frameshifting sites through time (black dots) is fit with a single exponential decay (gray line).

(C–G) Simultaneous fit of all data. (C) A bar graph comparing the measured (black) and best-fit model predicted (gray) percentage of non-frameshifting (0F),

frameshifting ("1F), and both frames (BF) translation sites. Error bars represent SEM among cells. (D) A bar graph comparing the measured (black) and best-fit

model predicted (gray) ratio between the total frameshifted and non-frameshifted signal intensity (FS:non-FS signal ratio). (E) A bar graph comparing the

measured (black) and best-fit model predicted (gray) intensity in units of mature protein (u.m.p.) within non-frameshifting (0F), frameshifting ("1F), and both

frames (BF) translation sites. Error bars represent SEM among RNA. (F) Best-fit model (solid lines) of the data from Figure 4 A. Error bars represent SEM among

RNA. (G) Best-fit model prediction of the data from Figure 4 B. Error bars represent SEM among RNA.

(H) The predicted ribosomal occupancy along the MF tag is shown. The positions of the FSS (red), FLAG (green), and SunTag (blue) epitopes are shown in color.

(I) The predicted ribosomal occupancy along the HA MF tag is shown. The positions of the FSS (red), HA (orange), FLAG (green), and SunTag (blue) epitopes are
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the HIV-1 FSS switch to a frameshifting state rarely, on the time-
scale of a few hours (Table 1, 1/kon). Once an RNA is in the frame-
shifting state, it remains there for tens of minutes on average
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(A) A schematic of the model: kini is the translation initiation rate, kel is the translation elongation rate, kon is the rate at which RNA switch to the frameshifting state,

koff is the rate at which RNA switch to the non-frameshifting state, kFSS is the pause rate at the FSS in the non-frameshifting state, k*FSS is the pause rate at the FSS

in the frameshifting state, and kt is the termination rate (assumed equal to kel).

(B) The survival probability of frameshifting sites through time (black dots) is fit with a single exponential decay (gray line).

(C–G) Simultaneous fit of all data. (C) A bar graph comparing the measured (black) and best-fit model predicted (gray) percentage of non-frameshifting (0F),

frameshifting ("1F), and both frames (BF) translation sites. Error bars represent SEM among cells. (D) A bar graph comparing the measured (black) and best-fit
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measured (black) and best-fit model predicted (gray) intensity in units of mature protein (u.m.p.) within non-frameshifting (0F), frameshifting ("1F), and both

frames (BF) translation sites. Error bars represent SEM among RNA. (F) Best-fit model (solid lines) of the data from Figure 4 A. Error bars represent SEM among

RNA. (G) Best-fit model prediction of the data from Figure 4 B. Error bars represent SEM among RNA.

(H) The predicted ribosomal occupancy along the MF tag is shown. The positions of the FSS (red), FLAG (green), and SunTag (blue) epitopes are shown in color.

(I) The predicted ribosomal occupancy along the HA MF tag is shown. The positions of the FSS (red), HA (orange), FLAG (green), and SunTag (blue) epitopes are

shown in color.
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maining parameters kon, kini, kel, kFSS, and kFSS* (Table 1), with
which the bursty frameshifting model could simultaneously
reproduce all of our observations (Figures 5C–5G), in contrast

to the constitutive model (Figures S5A–S5L). From these param-
eters, we calculate 1/kon !170 min, meaning that RNA encoding
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shifting state, it remains there for tens of minutes on average
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count for the different run-off delays seen at frameshifting and

Figure 5. A Model for Bursty Frameshifting
(A) A schematic of the model: kini is the translation initiation rate, kel is the translation elongation rate, kon is the rate at which RNA switch to the frameshifting state,
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in the frameshifting state, and kt is the termination rate (assumed equal to kel).
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(C–G) Simultaneous fit of all data. (C) A bar graph comparing the measured (black) and best-fit model predicted (gray) percentage of non-frameshifting (0F),
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(H) The predicted ribosomal occupancy along the MF tag is shown. The positions of the FSS (red), FLAG (green), and SunTag (blue) epitopes are shown in color.

(I) The predicted ribosomal occupancy along the HA MF tag is shown. The positions of the FSS (red), HA (orange), FLAG (green), and SunTag (blue) epitopes are
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