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Introduction

Heat stroke is a life-threatening illness, caused by prolonged exposure
to heat, causing more deaths than storms, earthquakes and floods
together

long term behavior is yet to be understood, no preventive/treatment
strategies

studying the cytokine response in the hypothalamus to tackle the
problem

I part of brain which regulates the temperature

systems biology approach to build a mathematical model for the
cytokine interactions

I testing heat shock proteins (HSPs) as the only mediator for cytokines
I cytokines might explain unanticipated temperature behavior

two approaches investigated for data analysis
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Experimental Setup

a radio-telemetry transmitter device was implanted in the mice to
record the core body temperature (Tc)

mice were put in a heat chamber with 39.5◦C until they reach
Tc,max=42.7◦C without food/water

for recovery they were kept at 25◦C ambient temperature with
food/water

mice were sacrificed at Tc,max , Hypothermia depth and 24h to
measure gene expression data with real-time PCR

[LR Leon, 2005]
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Two approaches of data analysis

Average vs. Individual
data analysis

average temperature profiles over
temperature (blue dots)
average over gene expression fold
changes at Tc,max , HD, 24h

µ(tj ) =
1

N

N∑
i=1

ỹi (tj ) σµ(tj ) =
σỹi√
N

σỹi =

√√√√ 1

N − 1

N∑
i=1

(ỹi (tj )− µ(tj ))2

3 data points per gene, 15 total

individual temperature curve for
every mouse

one data point per cytokine at time
of sacrifice

error model [Raue et al. 2013]
σ(tj) = σabs + σrel · ỹ(tj)

19 mice, 85 data points total
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Framework of Model
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Building the Mathematical Model

Dynamics modeled with ODEs: ẋ = f(x(θ, t),θ, u(t))

HSP dynamics triggered by denaturation of proteins [Peper et al.
1998]:

dHSP

dt
= kHSPe

α(T−37)Θ(T−37) − dHSPHSP.

Production of cytokines:

Rate of secretion = θcyt ·M

Hill kinetics for interaction of cytokines:

Activation from xj :
xj/θKd ,act

1 + xj/θKd ,act
Inhibition from xk :

1

1 + xk/θKd ,in

Activation enhances and inhibition inhibits production of cytokines

Rate of production = θcyt ·M · (1 + Activation) · Inhibition

Degradation of cytokines:

Rate of degradation = dcyt · xcyt
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ODE equations
Assumptions:

MR constant inactivated macrophage pool (MR = 1)
dcytokine calculated that system stays in equilibrium without

temperature input

dHSP

dt
= kHSP e

α(T−37)θ(T−37) − dHSPHSP

dM

dt
= MR ∗

(
HSP/xMHSP

1 + HSP/xMHSP

+
IL1/xMIL1

1 + IL1/xMIL1

+
TNF/xMTNF

1 + TNF/xMTNF

)
∗

1

1 + IL10/cMIL10

− dMM

dIL6

dt
= kIL6M ∗ M ∗

(
1 +

TNF/xIL6TNF

1 + TNF/xIL6TNF

+
IL1/xIL6IL1

1 + IL1/xIL6IL1

)
∗

1

1 + IL10/cIL6IL10

− dIL6IL6

dTNF

dt
= kTNFM ∗ M ∗

1

1 + IL10/cTNFIL10

− dTNFTNF

dIL10

dt
= kIL10M ∗ M ∗

(
1 +

TNF/xIL10TNF

1 + TNF/xIL10TNF

)
− dIL10IL10

dIL1

dt
= kIL1M ∗ M ∗

1

1 + IL10/cIL1IL10

− dIL1IL1

dcox2

dt
= kcox2M ∗ M ∗

(
1 +

IL6/xcox2IL6

1 + IL6/xcox2IL6

)
∗

1

1 + IL10/ccox2IL10

− dcox2cox2

7 ODEs and 19 free parameters
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Input Temperature

cubic splines were fit to temperature data and used in ODEs

a delay δ = 100min was included for the temperature profile due to
the transcription process of HSP [Rodriguez-Fernandez et al. 2013]

Tc(t)→ Tc(t − δ) =

{
36◦C, t < δ,

Tc(t − δ), t ≥ δ.
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Methods
Parameter estimation:

L(ỹ|θ) =
∏
i,j,z

1√
2πσiz(tj)

exp

[
− (ỹiz(tj)− yiz(tj ,θ))2

2σ2
iz(tj)

]

θ̂ = arg min
θ
−2 log L(ỹ|θ) or θ̂ = arg min

θ
χ2(ỹ|θ)

Optimization:

Minimization with MATLAB function LSQNONLIN (deterministic)

Multistart method with Latin hypercube sampling to ensure global
minimum

Identifiability analysis:

Exploiting the profile likelihood [Raue et al. 2009]

PL(θi ) = min
θj 6=θi
−2LL(ỹ|θ) or PL(θi ) = min

θj 6=θi
χ2(ỹ|θ)

Hagen Klett (UCSB/U of Freiburg) Master Thesis March 19th, 2014 10



Methods
Parameter estimation:
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Identifiability Analysis Exploiting the Profile Likelihood

[Raue et al. 2010]

Threshold: ∆α = icdf (χ2
1, α): α quantile of χ2 inverse cumulative

distribution function with 1 degree of freedom

Confidence Interval: CIα(θi ) =
{
θi |χ2

PL(θi ) ≤ χ2(θ)∗ + ∆α

}
Hagen Klett (UCSB/U of Freiburg) Master Thesis March 19th, 2014 11
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Fit to WT averaged data

χ2
average = 1.2
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Profile likelihoods WT averaged data

3 identifiable, 16 non identifiable parameters
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Profile likelihoods WT individual data

6 identifiable, 13 non identifiable parameters

Hagen Klett (UCSB/U of Freiburg) Master Thesis March 19th, 2014 14



1 Introduction

2 Experimental Data

3 Mathematical Model

4 Methods

5 Results

6 Optimal Experimental Design

7 Conclusion
Hagen Klett (UCSB/U of Freiburg) Master Thesis March 19th, 2014 15



Optimal Experimental Design
Local: Calculate Fisher Information Matrix:

FIMnm(θ̂, ω) =
∑
i ,j

1

σij

∂2xi (tj |θ̂, ω)

∂θn∂θm

ω ∈ Ω possible experimental design.
FIM−1 = covariance matrix → maximizing the fisher information
corresponds to minimizing the variance

ω̂ = argmax
ω∈Ω

Φ(FIM(θ̂, ω))

design criteria Φ:

D-optimal: det(FIM(θ̂, ω)) minimizing the generalized variance (volume
of confidence ellipsoids) of the estimates

A-optimal:
∑
λi (θ̂, ω) minimizing the average variance of the estimates

E-optimal: λmin(θ̂, ω) minimizing the largest error of the estimates
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Bayesian: Integrate over parameter space

ω̂ = arg max
ω∈Ω

∫
Θ

φ(FIM(ω,θ))P(θ)dθ

What to use for P(θ)?

take q = 1, ..,N parameter sets along the profile likelihood PL(θm)
and weigh them accordingly

consider only parameter sets below threshold → only subspace with
good data to model agreement is taken into account

P(θ̂q(θm)) =
L(ỹ|θ̂q(θm))∑

q,m
L(ỹ|θ̂q(θm))

ω̂ = arg max
ω∈Ω

N∑
q=1

∑
m∈nID

φ(FIM(ω, θ̂q(θm))P(θ̂q(θm))
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Trajectories: Simulate trajectories for parameter sets along profile
likelihoods [Raue et al. 2009]

[Steiert et al. 2012]

Cost function:

S(xi ) =
∑

m∈nID

∑
j=1

N∑
q=1

abs
[
xi (tj , θ̂q(θm))− xi (tj , θ̂)

]
xi (tj , θ̂q(θm)) + xi (tj , θ̂)

.

Hagen Klett (UCSB/U of Freiburg) Master Thesis March 19th, 2014 17



OED choices for heat stroke experiment
IL6 knock out (KO) and TNF Receptor KO heat stroke experiments
were stored in a tissue bank

KO mice lack functional genes of cytokines or cytokine receptors in all
tissue of the body
find most informative measurements to resolve non-identifiability
among HSP, TNF, IL-1, IL-6, IL-10, cox-2
limited to 3 observables due to tissue size of the hypothalamus
mice were sacrificed at Tc,max=42.4◦C, return to baseline (RTB) and
HD

[LR Leon, 2005]
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Mathematical realization

IL6 KO model TNFR KO model

kIL6M=0

dIL6=0

TNFR KO mice can produce
TNF

all interactions outgoing from
TNF are removed

Hagen Klett (UCSB/U of Freiburg) Master Thesis March 19th, 2014 19



OED Results average data analysis

IL6 KO TNFR KO

xi HSP IL-6 TNF-α IL-10 IL-1β cox-2
S(xi ) IL6 KO 0.246 0 6.903 20.481 3.667 3.863
S(xi ) TNFR KO 0.495 8.692 16.779 43.136 10.676 9.482
Best KO TNFR TNFR TNFR TNFR TNFR TNFR

Hagen Klett (UCSB/U of Freiburg) Master Thesis March 19th, 2014 20



OED Results individual data analysis

IL6 KO TNFR KO

xi HSP IL-6 TNF-α IL-10 IL-1β cox-2
S(xi ) IL6 KO 0.584 0 4.704 4.572 2.586 3.138
S(xi ) TNFR KO 1.167 2.888 10.548 8.981 5.214 7.104
Best KO TNFR TNFR TNFR TNFR TNFR TNFR

Hagen Klett (UCSB/U of Freiburg) Master Thesis March 19th, 2014 21



OED Results local

data analysis average individual

D-criteria TNFR KO TNFR KO

A-criteria TNFR KO TNFR KO

E-criteria TNFR KO TNFR KO

OED Results Bayesian

data analysis average individual

D-criteria TNFR KO TNFR KO

A-criteria TNFR KO TNFR KO

E-criteria TNFR KO TNFR KO

Hagen Klett (UCSB/U of Freiburg) Master Thesis March 19th, 2014 22



Incorporating TNFR KO data

TNF, IL-1 and IL-10 was measured in 15 TNFR KO mice (5 Tc,max , 4
RTB, 6 HD)

9 new data points for average approach

45 new data points for individual approach

WT data TNFR KO data

Hagen Klett (UCSB/U of Freiburg) Master Thesis March 19th, 2014 23



Profile likelihoods WT+TNFR KO averaged data

8 identifiable, 11 non identifiable parameters

Hagen Klett (UCSB/U of Freiburg) Master Thesis March 19th, 2014 24



Profile likelihoods WT+TNFR KO individual data

7 identifiable, 12 practical non identifiable parameters
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Model Reduction
find negligible parameters

cMIL10 � IL10⇒ 1

1 + IL10/cMIL10
≈ 1⇒ negligible

no macrophage inhibition by IL10
no IL1 inhibition by IL10

fix kIL1M = 10
dIL1

dt
= kIL1M ∗M − dIL1IL1⇒ dIL1 = kIL1M

χ2 did not change
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no macrophage inhibition by IL10
no IL1 inhibition by IL10
fix kIL1M = 10

dIL1

dt
= kIL1M ∗M − dIL1IL1⇒ dIL1 = kIL1M

χ2 did not change

Hagen Klett (UCSB/U of Freiburg) Master Thesis March 19th, 2014 26



Profile likelihoods of reduced model WT+TNFR KO data

9 identifiable, 7 non identifiable parameters
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Suggested future experiments

IL-6 gene expression in IL10R KO mice:

trajectories of: kIL6M and cIL6IL10

cox-2 gene expression in IL10R KO mice:

trajectories of xcox2IL6.

IL-6 gene expression in IL10R KO mice:

trajectories of xIL10TNF and xIL6IL1.

TNF-α gene expression in IL1R KO

mice: trajectories of cTNFIL10.
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Average vs. Individual approach: Parameters

different confidence intervals for kHSP , xMHSP , xMIL1, xMTNF

other parameters share mutual confidence region
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Average vs. Individual approach: Dynamics

faster dynamics by the individual approach
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Conclusion

Mathematical model for cytokine expression in the hypothalamus
ensuing heat stroke

I HSP works as an only trigger for the cytokine elevation

Local, Bayesian and Trajectory OED methods were analyzed and
applied

TNFR KO is chosen to be the best experiment to identify the
parameters

Incorporating TNFR KO data in the model calibration yields
improvement of parameter identifiabilies, possibilities of model
reduction

new experiments/new heat stress protocol were suggested to identify
remaining parameters

two approaches of data analysis led to different dynamics
I however, most parameters share mutual confidence region
I more experiments needed to make significant statement
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Thank you!

Hagen Klett (UCSB/U of Freiburg) Master Thesis March 19th, 2014 32


	Introduction
	Experimental Data
	Mathematical Model
	Methods
	Results
	Optimal Experimental Design
	Conclusion

