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Goal:

To understand and accurately predict the molecular,
cellular, and cell-population behavior in terms of the
interactions of the components and vice versa

Outline:
+ Relevance of quantitative biophysical models
* Molecular level:
lac operon
DNA looping, macromolecular assembly, and gene regulation
phage-A
RXR
« Cellular level:
TGF-beta pathway
«+ Cell-population level:
T-cell apoptosis
Accurate diagnosis of acute myeloid leukemia

Outline:
* Relevance of quantitative biophysical models
* Molecular level:
lac operon
DNA looping, macromolecular assembly, and gene regulation
phage-A
RXR

A physicist getting into biology: read the
Alberts, let’s model the /ac operon
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. How come that O2 and O3 increase the
Molecular Biology of repression level by a factor 60?
THE CELL, 3th ed Increase in the repressor local
(1994) concentration around O1?
But O2 and O3 are 10 and 300 times
weaker than O1!

Intuitive idea:

II THE CELL

Vilar & Leibler, J. Mol. Biol. 2003
Figure from Alberts et al., Molecular Biology of THE CELL, 5th ed (2008)

DNA looping

- Bacteria: lac, ara, gal... (~200 bp)

- Viruses: A-phage (~2,000 bp)

- Eukaryotes: transcription (~5,000 bp)
p53, NF-kB, RXR
mating type switching (~100,000 bp)
(telomere)T-loops (~10,000bp)
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Revet et al., 1999 1994
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Modeling of DNA looping and transcrigtion regulation
(2 sites, 1 loop) T, (1=5)

State-oriented Domain-oriented
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Vilar & Leibler, J. Mol. Biol. 2003 Saiz & Vilar, Mol. Syst. Biol. 2006

Exps. (symbols) by Oehler et al., 1990
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There are no free parameters! Saiz &Vilar, Nuc. Acids Res. 2008

In vivo properties of DNA

Free energy of looping
(% 0.15 kcal/mol)
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Operator distance in bp
Saiz, Rubi, and Vilar, PNAS 2005; Saiz &Vilar, COSB 2006 & PLoS One 2007

Combinatorial complexity in phage-A
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Saiz & Vilar, Mol. Syst. Biol. 2006

Implementation in C++

double H(long *s) { Free energy
return (
0.

K 1.47 12)*(s[o1ri] il i i
-12.7*s[o1ri}-10.7+s[02ri}-10.2"s{03ri]-3*s[o1ri]*s{02ri]-3*(1-s[o1r]) sfo2ri)'s{o3ri]
-13.8s[o1li]-12.1°s{021i]-12.4*s[03li-2.5"s[o11*s[o21i]-2.5*(1-s[o11])'s[o2i)*s[o31]

+{eloop-21.5"s[o1ri*s[o2ri}*s[o11]s[o21i}-3*s{o3ri]*s[o3l])'slloop]

0. 14 (s )
-12.0*sforc}-10.8*s[o2rc]-13.4*s{o3rc}-1.0°s{o1rc] s{o2rc]*(1-s[o3rc])-0.6*sfo2rc]*slodrc]*(1-slo1rc])-0.9*s{otrc] sfo2rc] s{o3rc]
-12.0's[o11c]-10.8*s[02lc]-13.4*s{031c}-1.0"s{olc]*s[o2ic] (1-s[o3Ic])-0.6*s[o2Ic] s{o3ic]*(1-slo1Ic])-0.9's{o1Ic] s[o2lc] slo3ic]

+infinito* (slo1ri]*sforc]+sfo2ri)'slo2rc}+slodrl*s[o3rcl+s{otli*s[otic}+s[o2ii)*slo2ic]+sfo3i]*slo3lc])
Yo.;

¥

Gouble logkon(iong i, Iong *5) { double singlerate(long i, long *s) {
i ;

switch(i) switch(sil) {
case ofri: case 02ri: case o3ri: case ol case 02 case o3l ienetn on ra

retur mylog(0.1*1ci2f(s)/nsbfactorCI2); mth mysxploghon(is)

case o1re: case 02rc: case o3rc: case oflc: case o2lc: case odlc:
return mylog(0.1*cro2f(s)insbfactorcro);

off rate: 1 — 0

using detailed
balance

case loop:
retun log(1);

slil=1;
return myexp(H(s)-Hchan+logkon(is));

DNA looping in the nuclear receptor RXR

Modulated ONA binding Transcription
self-assembly control
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Vilar & Saiz, Nuc. Acids Res. 2011
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DNA looping in the nuclear receptor RXR
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Control/intervention points:

Modulated self-assembly is a key control point of the transcriptional
responses. It is present in transcription factors like p53, NF-kB, STATSs,
Oct, RXR ...

Does cancer progression take
advantage of it?

Acute promyelocytic leukemia
resulting from translocation
1(15;17)(q24;q21) leads to the
formation of PML-RAR/RXR
tetramers

Zhu et al, Cancer Cell 2005

Receptor trafficking is a key control point of of the TGF-B pathway
(NEXT)

Outline:

« Cellular level:
TGF-beta pathway

Signal transduction and receptor trafficking: TGF-§ pathway
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Same biology + fancier math
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Accurate modeling and prediction
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Experimental data from: Inman et al., Mol. Cell, 2002

Vilar & Saiz, Biophys. J. 2011
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Macromolecular assembly at membranes
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Macromolecular assembly
on DNA and membranes
share the same physical
principles

Outline:

« Cell-population level:
T-cell apoptosis
Accurate diagnosis of acute myeloid leukemia

Coupling of metabolism with apoptosis in T-cells

Why do some cells die and others don’ t?
ATP L Apoptosis T

ATP T Apoptosis |

Survival | Death

Threshold model:
ATP < ATP*: cell dies
ATP > ATP*: cell survives

Threshold
distribution

Implications: the death rate
is strongly dependent on
CHANGES in ATP

Experiments (symbols) vs. model results (black lines)
Exps. by Rathmell et al., 2000
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Vilar, BMC Syst. Biol. 2010

Best Performer method at the DREAM6/FlowCAP2
Molecular Classification of Acute Myeloid
Leukemia Challenge

The goal of this challenge is to diagnose Acute Myeloid Leukemia from
patient samples using flow cytometry data

The samples consist of 43 AML positive patients and 316 healthy donors.
Samples from peripheral blood or bone marrow aspirate were collected over
a one year period

Information for about half of the donors on whether they are healthy or AML
positive is provided as training set

The challenge is to determine the state of health of the other half, based only
on the provided flow cytometry data

Vilar, Phys. Rev. X 2014




DREAMG6/FlowCAP2 AML diagnosis challenge
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FL1 FL2 FL3 FL4 FL5
Tube 1 I9G1-FITC __|IgG1-PE ICD45-ECD __ |lgG1-PC5 __|IgG1-PC7
Tube 2 Kappa-FIT __|Lambda-PE __|CD45-ECD __ |CD19-PC5 _ |CD20-PC7
Tube 3 CD7-FITC___|cD4-PE ICD45-ECD __|cD8-PC5 cD2-PC7
Tube 4 CD15-FITC _|CD13-PE ICD45-ECD __|CD16-PC5 __|CD56-PC7.
Tube 5 CD14-FITC__ |CD11c-PE___ |CD45-ECD __|CD64-PC5 __|CD33-PC7
Tube 6 HLA-DR-FITC [CD117-PE___|CD45-ECD __|CD34-PC5 __|CD38-PC7.
[Tube 7 CD5-FITC___|CD19-PE ICD45-ECD __|CD3-PC5 IcD10-PC7
[Tube 8 Non Specific _|Non Specific _[Non Specific _|Non Specific _[Non Specific

Key points to distinguish between AML and Normal cases:
1) How to look at the distributions

2) What to look at

Gibbs entropy formula:

Entropies with respect to AML and Normal states:

Entropy difference:
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Take-home messages:

Piecing back together all the genetic, biochemical, molecular, and
structural information into a physiologically relevant description of the
cell, needs "constructive" methods.

Computational biophysics has emerged as a promising tool for
transforming molecular detail into a more integrated form of
understanding complex behavior.

Having a global view of the processes involved and their effects through
all relevant levels of biological organization is crucial to identify and
characterize the key control elements of the system.




