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What is Life?

» Complex self-organization
» “order from disorder”

» Robust information conservation and replication
» ... the coolest thing on the planet

Relies on non-equilibrium: . Heat Q and T=5000K

Order needs | \ | Q and T=300K

entropy export:
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What is Life?

» Complex self-organization
» “order from disorder”

» Robust information conservation and replication
» ... the coolest thing on the planet

Only abstract framework? What’s about real (molecular) life?

— Disproportionating enzyms (DPE) use entropy for glycogen metabolism!
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What is Life?

» Complex self-organization
» “order from disorder”

» Robust information conservation and replication
» ... the coolest thing on the planet

Only abstract framework? What’s about real (molecular) life?

— Disproportionating enzyms (DPE) use entropy for glycogen metabolism!

Life: smart way to use energy
for information processing

(Kartal, MSB 2011) (Rao, J Chem Phys 2015)



How Does (Multicellular) Life Work?

"Nothing in Biology Makes Sense

Except in the Light of Evolution”

(Theodosius Dobzhansky 1973)

Evolution := mutation x selection
- heterogeneity x dynamics
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"Nothing in Biology Makes Sense
Except in the Light of Cellular

Heterogeneity Dynamics "

Life := noise x regulation
— energy x information processing Space



mitochondrion @ .

Relay proteins and ]o [ Activation of
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second messengers cellular response

—> using energy for gene-environment ad‘aptation away from equilibrium



The bright and dark side of Ca?*

Life and death signal Complexity
involved in: ‘“.'."j_ """""""" }
- Fertilization . :
- Transcription
- Differentiation What is triggering
- Cell Cycle what?
- Motility | =] Pl Who comes first?
- Mltt-oschond”al = gl How to dissect
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Complex development of Parkinson’s Disease

Parkin, PINK, DJ-1,
o-syn., LRRK2, ... - death of dopaminergic tremor, rigidity, ...

m in substancia nigra

- link to mitochondrial
dysfunction

Toxins accumulation, drug
consume, food, exercise, ...

synchronous

neuronal activity
thalamus




Complex development of Parkinson’s Disease

Genotype Physiological Clinical
Parkin, PINK, DJ-1, Phenotype Phenotype
o-syn., LRRK2, ... - death of dopaminergic tremor, rigidity, ...

m in substancia nigra

- link to mitochondrial
dysfunction

COMPLEX DISEASE

Environment/Lifestyle iy [[))eﬁtcrit &
Toxins accumulation, drug AL
consume, food, exercise, ...

- Ca?tas a mediator

- Surmeier hypothesis
. . B
on selective vulnerability -\L_J;J -

- Brain energy metabolism as
mechanism in neurodegeneration
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Statistical spiking
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Probabilistic model

ISI consists of 2 parts ...

Tstoch described by:

@ time-dependent Poisson process
with rate A(t) = A (1 — e™¢f)
@ A = nucleation rate
ISI
o & = recovery rate

@ probability of a spike at time t:

Pe(t) =X (1-e")exp [_ fot A (1 - e—gt’) dt/} /Tdet Tstoch

Features of statistical moments 600
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@ linear dependence of standard 0
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Information content of the enwronment
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Encoding of information within cells

[Thurley 2014]
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Implications for life (of cells)?
Stochasticity of CICR (skupin 2008)
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|. Dissecting crosstalk for metabolic decoding

Mitochondrion >
v ® |
.‘ﬁ'/:s;f ' 4] v Q/
o4 CaSiAn: Calcium Signalling
Extracellular Flux Analysis Ca ATP Analysis Software
AAA ! ATP

Modelling and Simulation

by interdisciplinary approaches



Starting from computational model
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7 variables, 3 conservation laws, 16 flux expressions and 58 parameters.



Deterministic model based on previous work
Ca?* Signaling Model
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Impact of mitochondrial substrate on Ca?*

agonist

GPCIQ ., . .
yut substrate FBP Exemplified model predictions
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Decreasing mitochondrial substrates leads to decreasing cytosolic

ATP and increasing frequency of Ca?* signals.



“Reality” in C8-D1A astrocytic cell line
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Effect of mitochondrial substrate limitations

To observe effect “energy buffers” (like glycogen) have to be depleted

(i) “Starving” cells with

(iii) Equilibrating,
stimulation and imaging
1

(ii) Changing medium and

2mM glucose for 72h do measurement
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Decreasing mitochondrial carbon inputs decrease cellular ATP

levels, increase Ca?*frequency and glutamine uptake



Effect of Ca%* frequency on energy metabolism
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How does Ca** spiking affect enzyme activity and substrate uptake?




Impact of Ca2+ Periods on the Energy Metabolism

1 mM glucose, no glutamine
Glucose uptake rate over Glucose uptake rate over

period of Ca?* signals
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Glucose & glutamine uptake rates increase with decreasing Ca%* periods




ca’* periods (s)

Ca®’ periods (s)

Metabolic Decoding of Ca%* Spikes
G
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% of maximum activity

Integration of Ca?* triggering activity

Enzyme Activit Metabolic fluxes
Y 4 Modeled Mitochondria Activity
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Indicates further importance of stochastic dynamics




. Cell fate dynamics

Established platforms
Waddington’s vision

Kamil Suresh

Fluidigm’s C1 Customized
Drop-Seq approach microfluidics approaches
Cell  Microparticle 5.RNA hybridization Expression matrix
. - sequencing ‘\l}m}ml“u
4.Cell lysis = I
—_—> o |
(in seconds) N
mRNA —
>
T
|

Genes (11k)



2. Cellular dynamics in PD @ &

IPSC derived ,
multipotent Neurons  Oligodendrocyte
NESC ..(. Differentiation protocol for )
, /‘,.\ 9000 dopaminergic neurons \
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Effect of LRRK2 G2019S mutation?
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PD @ single cell RNAseq resolution 2

Day 0 Day 10 Day 14

GC GC GC

~ 16,000 genes

~ 3000 cells a



Cellular heterogeneity and gene characterization

Indicate faster dopaminergic (mDA) neuron development
Day 10 IDay 14 IDay 42
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Density

Component 2

Branching analysis for development
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What’s about calcium and LRRK2?

’ Maintenance media ‘

’ Differentiation media (+PMA) ‘

’ Ascorbic Acid + PMA + CHIR ‘

’ Ascorbic Acid + BDNF + GDNF + TGFB3 + dbcAMP + PMA ‘

|

Differentiation media (-PMA) ‘

’ Ascorbic Acid + BDNF + GDNF+ TGFB3 + dbcAMP ‘
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3. Epithelial to mesenchymal transition

esse ntial in: Type 1: Development

Type 2: Wound Healing
Epiblast layer
. . Primative e i
epithelial streak s
>t ls =S W e oo Lo
ISsue cells S W EMT  SEne. S
Mesenchymal layer Basement membrane

mesenchymal

Type 3: Cancer Invasion
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tumor cells
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- mobile multipotent cells
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Downstream analysis @ single cell resolution

Control Stimulated

~ 6000 cells a

1h stimulation + 1h incubation

1m|n per|od

“Transition genes”

~ 14,000 genes
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Component 2

Branching analysis with dynamic clustering

Applying dynamic clustering (Monocle 2)

CTRL Stimulated

Component 2
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Core network insights

Most 200 correlated genes
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Number of DE genes

Moment based

cell state decoding
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Stochastic spiking supports EMT

«  CADM3WV epithelial marker
« CDH1WV epithelial marker
« CDH3WV epithelial marker
* EPCAMMN epithelial marker

« DSPW epithelial marker
« COL17A1V epithelial marker
« BCAMW epithelial marker

 CD63MN mesenchymal marker
« FEN1W mesenchymal marker

«  FSTW epithelial marker

*  FXYD3A epithelial marker, insufficient for EMT(involved in E cell polarity)
. ITGB4W epithelial marker

« JUPW epithelial marker

« LAMB3W epithelial marker

e LAMC2V mesenchymal(EMT potential) in lung adenocarcinoma
*  TMSBAXA facilitate cell motility(EMT)

... and increases cellular heterogeneity — to be followed up



metabolic decodin
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—> using energy for gene-environment aqa‘ptation away from equibrium



Integrative multiscale approaches

Experiment

Energy {—» Information Theory

EM (with UCSD)

AT 2ol b S £V e

single cell RNAseq

Genes (11k)

in vivo imaging

agent based

reaction diffusion

bioinformatics

post mortem




Bioinformatics: Fi Na I CO mme rCi d IS

Systems Biology
CaSiAn: a Calcium Signaling Analyzer tool
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