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Information in fluctuation
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System X System Y System Z
Different systems (species, inputs, % ST

mechanisms, ...) may express genes at |
equal average levels. H

™
Single-cell measurements may reveal /
hidden response differences. /E)B

Collective responses can exhibit » ass. | | |
distinctive “fluctuation ; ace. 1 | ] l'
fingerprints”. aw\ 1 |
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Munsky et al, Science 2012



Fluctuations may indicate gene regulation mechanisms

Consider the bursting gene

expression model: Expression ‘Noise’ versus parameters
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2. MEASURING and modeling single-cell and single-molecule
responses




Single-Molecule FISH (smFISH)
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48 (20bp) probes/mRNA,

* Endogenous mRNA's can be Tetramethylrhodamine (TMR )

labeled with single molecule
Fluorescence in situ Hybridization 0 A B
(smFISH--Femino, 1998, Raj, 2008). \

—
"

- Many probes (~50) are attached to

endogenous mMRNA. ‘

-+ High signal-to-noise ratio enables
single-molecule detection.

(Neuert, Munsky, et al, 2013)
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Single-Molecule FISH (smFISH)
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» Endogenous mRNA's can be
labeled with single molecule
Fluorescence in situ Hybridization
(smFISH--Femino, 1998, Raj, 2008).

- Many probes (~50) are attached to
endogenous mRNA.

- High signal-to-noise ratio enables
single-molecule detection.

- Spatial localization enable inter- and
intra-nuclear detection.

(Neuert, Munsky, et al, 2013)



Single-Molecule FISH (smFISH)

Colorado State University

+ Endogenous mRNA's can be
labeled with single molecule
Fluorescence in situ Hybridization
(smFISH--Femino, 1998, Raj, 2008).

- Many probes (~50) are attached to
endogenous mRNA.

 High signal-to-noise ratio enables
single-molecule detection.

(&)
o

- Spatial localization enable inter- and
intra-nuclear detection.

O Probability

Bo

+ Fast time resolution (1-2 min).

Probability
}

Statistics are repeatable and therefore predictable! g 50
—  mMRNA copy number —
Y — 2 Experimental replicates

(Neuert, Munsky, et al, 2013)



Single-Molecule FISH (smFISH)
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ST mRNAin Ysr35 sRNA in Yersinia Trafé mRNA in THP1 cells c-Fos mRNA (green) and
Saccharomyces Pseudotuberculosis (339nt) -D. Shepherd (CU Denver) p-p38 kinase (red) in
cerevisiae (budding -D. Shepherd (CU Denver) U20S cells

yeast)

-A. Senecal (CNRS)
-G. Neuert (VU)

smFISH has been applied to many different
RNA in many different organisms
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2. Measuring and MODELING single-cell and single-molecule
responses




A Markov description of single-cell gene regulation
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At any time, the state of the system is defined by its integer
population vector: X € 7N\

Reactions are transitions from one state to another.

These reactions are random. others could have occurred:

9, 15] 1o. 15 Vil (11,15 VI (12 15 VI

(9,14] DN (10, 14] VI (11, 14] P (12 14] DI




A Markov description of single-cell gene regulation
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Or others...




A Markov description of single-cell gene regulation
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Or others...

' We wish to compute the probability distribution for
# [ i ¢ l l
— each state at all times.




The finite state projection approach

The Full System The Projected System (FSP)

«%
S

Full Master Equation FSP Master Equation
PJ » A Ay P ;(t) Plls'\.,' - A 0 I Pf”jtf) |
PJ: - A_]r,] A_]' P,/r(t‘) 3 - —lv,‘A‘; 0 { =(£) |
Dimension = #(.J) + #(.J') = Infinite Dimension = #(J) +1=7 I

P;(t) > P;°"(t) and
P,(t) PP (¢)
P, | 0

_L = Software and tutorial available at: |
http://www.engr.colostate.edu/~munsky/Software.html |

The FSP Theorem
(Munsky, JCP ‘06)
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Inferring parameters from single-cell measurements.

Colorado State University

Although single-cell reactions may be Stochastic, their statistics
follow a Deterministic set of ODE’s (i.e., the CME).

0.09 .
, > |Omn{l4min|] 6min || 10 min| {20 min | |30 min | A0 min
—— 2 Experimental = (
— replicates -
2
Oo 80

mRBNA copy number
We can fit and potentially predict these statistics.




Inferring parameters from single-cell measurements.

Colorado State University

Although single-cell reactions may be Stochastic, their statistics
follow a Deterministic set of ODE’s (i.e., the CME).

0.09 , |
> |Omin [}4 min 10 min [0 min |BO min [FO min
—— 2 Experimental =
— replicates 8
0
ST - . N
odel fi a 5 |

mRNA copy number
We can fit and potentially predict these statistics.

Fitting metrics:
Low cell counts --> maximum likelihood.” -y
log L({n;}|A) = Z log pn. (A) = Z m; log p;(A)
g=] 7=0
High cell counts --> Kullback Leibler Divergence.”
,, 1 :
Dxr(QIIP) = ) _q;(logg; —logp;) = = _a;108(p;) + C = —< 3 _m;log(p;) +

*Minimization is equivalent for constant sample sizes per condition and time point.
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3. Case Studies:
I. Predicting kinase-activated gene regulation dynamics in
Saccharomyces cerevisiae (budding yeast)

. Quantitative modeling for c-Fos mRNA burst dynamics in
U20S cells.




Signal-activated gene regulation

(Osmotic shock response in yeast) Colorado State University

M

« 0.2M NaCl is added at t=0.

-

Hog1 (red) activates in 1-2 min.

* ... and remains active for ~12 min.

-

StIT mRBNA appear at 4 min.

* ... and are gone by 25 min.

0-20 minutes after 0.2M NaCl shock
(Neuert, Munsky, et al, 2013)




Signal-activated gene regulation

(Osmotic shock response in yeast) Colorado State University

» 0.2M NaCl is added at t=0.
Hog1 (red) activates in 1-2 min.

... and remains active for ~12 min.

StiT mRNA appear at 4 min.

* ... and are gone by 25 min.

- Sti1-GFP appear at ~30 min.

0-60 minutes after 0.2M NaCl shock
(Neuert, Munsky, et al, 2013)



ossible model structures:

The Hog1 kinase (

Is it the first of a cascade
of activation events?

) activates STL1, but how?

Colorado State University

Does it repress a

—

deactivation event?

e

: ?
Are there multiple effects” —

e

How many states are
needed?

ﬁl*

r—w!r—l:l'l—l:!r—r'l:!r—rrﬂir:!—l;—l




Evaluating model structures of varying complexity

We fit different 2-, 3-, 4- and 5- state model structures to wild-type data at
0.4M osmotic shock.

More states (and parameters) yield better fits,...
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Evaluating model structures of varying complexity
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We fit different 2-, 3-, 4- and 5- state model structures to wild-type data at
0.4M osmotic shock.

More states (and parameters) yield better fits,...
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Evaluating model structures of varying complexity
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Overly-simple models Inaccurate prediction
e s.
cannot match the data. P

Overly-complex models are —) |mprecise predictions.
poorly constrained.

T
Cross-validation

................

5' too simple:

...............

5, \ : analysis provides an
>0 b \L\n i complex |} excellent a priori
C e 0w - L) » - .
S Wi estimate of predictive
L= -
g S power.
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Fits and predictions for STL1 regulation

ceeenee= Probability-=-------

0.09

0.09

Fit at 0.4M NaCl shock

0 min 4 min 6 min 10 min 20 min ‘ 30 min 40 min
0 80 ' . '
Prediction at 0.2M NaCl shock
0 min 4 min 6 min 10 min 20 min I 30 min 40 min

a ¥
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Results from fitting different statistics.
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Fit Means | Fit Mean & Variance Distributions
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Plot Means

Plot Distributions| Plot Variance
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3. Case Studies:
I. Predicting kinase-activated gene regulation dynamics in
Saccharomyces cerevisiae (budding yeast)

ii. Quantitative modeling for c-Fos mRNA burst dynamics in
U20S cells.




A glance at the activation of c-Fos

Serum, stress

Colorado State University

Cytoplasm

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, ...




Dynamics of MAPK Signal Induction

Erk and p38 phosphorylation following stimulus

0 minutes 10 minutes
serum induction OuM ZnSO4  75uM ZnSO4 4h 125uM ZnSO4

Serum induction Zinc induction |

52007 L

p-ERK level (a.u.)

"0 20 40 60 80 100 120 0 25 50 75 100 125 150 |
Time (min) [ZnSO4] (uM)

= —— e

Ratio of p-p38 positive cell
B




Signaling Affects Transcription Site Activation

Serum induction

0 20 40 60 80 100
Time (min)

Serum activation
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The number of ATS’s varies randomly from cell to cell.
The average number of ATS’s tracks MAPK induction dynamics.

Zinc induction
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Quantitative fits to signal-activated transcription dynamics

» Burst saturation model accurately captures c-Fos dynamics.

Kinase Signal

Serum induction
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Summary and Conclusions
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Stochastic, temporal, and spatial fluctuations affect single-cell dynamics
These complicate modeling and disrupt transcription control.

But statistics of these fluctuations follow deterministic rules:
Cells exhibit distinct, measurable “fluctuation fingerprints’.
Can reveal subtle gene regulation mechanisms & parameters.
Can be predicted with high accuracy and precision.

Uncertainty Quantification reveals when models are too simple, too complex,
or just right (i.e., the Goldilocks Model).

We have identified predictive quantitative models of transcription regulation
for many natural and synthetic genes in several organisms.

Prediction is the first step toward design, optimization and control.
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