
 How can we deal with outliers?
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How to handle extreme outlier?



Probability distributions with 
“heavier” tails

Performance using these distributions?
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� |ȳ�y|

b

⌘
scale b > 0

Cauchy p(ȳ|y, �) = 1
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Fig. 3. The JAK-STAT signalling pathway. (A) Illustration of the pathway. Arrows represent biochemical reactions and the observables of the model used are indicated by boxes.
(B) Experimental data and fitted trajectories for the best parameter found with multi-start local optimization for 100 starts. (C) Convergence of the standard and the hierarchical approach.
(D) Comparison of runtimes for the standard and hierarchical approach.

We assume normally distributed measurement noise with different
proportionality factors and different distribution parameters for all
observables and all replicates. We run multi-start local optimization from
100 different starting-points using interior-point optimization for both
methods.

Fig. 3B depicts the measurements taken of pEpoR, pSTAT and tSTAT
and for both the standard and the hierarchical approach the simulation
of the model for the best parameter found. As the simulations are not
distinguishable the quality of the fits is identical.

Another important aspect when comparing the two methods is the
convergence, i. e. how many starting-points converged to parameters that
yield the supposed global optimum J⇤. The graphs of the optimizer runs
ordered in ascending order by the lowest objective function value found
(Fig. 3C) show that both methods converge to the same basins of attraction.
But the hierarchical approach yields J⇤ about 7 times more often than the
standard approach. This is an advantage considering the reproducibility of
the results.

A third aspect to take in mind when comparing the methods is the
computation time. On average, single starts run with the hierarchical
method (mean cpu time in seconds: 7.51) converge faster than starts run
with the standard method (mean cpu time in seconds: 65.15) (Fig. 3D).
Since the biggest interest is to find parameters yieldingJ⇤ we also compare
how fast these parameters were found by dividing the overall computation
time by the number of starts whose objective function values converged to
J⇤. Here the difference is even clearer. Fig. 3E shows that the hierarchical
approach is about 2.2 times faster in finding parameters that yield J⇤ than
the standard approach.

3.2 Application to the Raf/MEK/ERK signalling pathway

To evaluate the performance of the hierarchical approach also in another
setting we apply it to the Raf/MEK/ERK signalling pathway.

The Raf/MEK/ERK signalling pathway is part of a communication
channel between a receptor on the cell surface and the nucleus of
the cell which amongst others plays a role in cell growth and also
cell differentiation. The pathway describes the signalling cascade in
the cytoplasm where activated Raf phosphorylates and activated MEK
which itself then phosphorylates and activates ERK. ERK then induces
downstream signalling.

We adapt the model introduced by Fiedler et al. (2016). This also takes
into account that ERK downregulates Raf activity and that Sorafenib and
UO126 inhibit the activity of Raf and MEK respectively (Fig. 4 A). Fiedler
et al. collected Western blot data for two observables with four replicates
at seven timepoints.

Since Maier et al. (2017) showed that for outlier-corrupted data the
assumption of Laplace-distributed measurement noise leads to more robust
results and removal of outliers in the data is still a challenging task, it is a
crucial matter to evaluate the hierarchical method as well for this condition.
In this application we assume Laplace distributed measurement noise and
consider the noise model for which every replicate of each observable
possesses its own proportionality factor and variance. This implies that it is
possible to reduce the number of parameters from 12 dynamic parameters,
8 scaling factors and 8 distribution parameters in the standard approach to
12 dynamic parameters in the hierarchical approach. For both approaches
we run multi-start local optimization from 500 different starting points
using interior-point optimization techniques.
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We assume normally distributed measurement noise with different
proportionality factors and different distribution parameters for all
observables and all replicates. We run multi-start local optimization from
100 different starting-points using interior-point optimization for both
methods.

Fig. 3B depicts the measurements taken of pEpoR, pSTAT and tSTAT
and for both the standard and the hierarchical approach the simulation
of the model for the best parameter found. As the simulations are not
distinguishable the quality of the fits is identical.

Another important aspect when comparing the two methods is the
convergence, i. e. how many starting-points converged to parameters that
yield the supposed global optimum J⇤. The graphs of the optimizer runs
ordered in ascending order by the lowest objective function value found
(Fig. 3C) show that both methods converge to the same basins of attraction.
But the hierarchical approach yields J⇤ about 7 times more often than the
standard approach. This is an advantage considering the reproducibility of
the results.

A third aspect to take in mind when comparing the methods is the
computation time. On average, single starts run with the hierarchical
method (mean cpu time in seconds: 7.51) converge faster than starts run
with the standard method (mean cpu time in seconds: 65.15) (Fig. 3D).
Since the biggest interest is to find parameters yieldingJ⇤ we also compare
how fast these parameters were found by dividing the overall computation
time by the number of starts whose objective function values converged to
J⇤. Here the difference is even clearer. Fig. 3E shows that the hierarchical
approach is about 2.2 times faster in finding parameters that yield J⇤ than
the standard approach.

3.2 Application to the Raf/MEK/ERK signalling pathway

To evaluate the performance of the hierarchical approach also in another
setting we apply it to the Raf/MEK/ERK signalling pathway.

The Raf/MEK/ERK signalling pathway is part of a communication
channel between a receptor on the cell surface and the nucleus of
the cell which amongst others plays a role in cell growth and also
cell differentiation. The pathway describes the signalling cascade in
the cytoplasm where activated Raf phosphorylates and activated MEK
which itself then phosphorylates and activates ERK. ERK then induces
downstream signalling.

We adapt the model introduced by Fiedler et al. (2016). This also takes
into account that ERK downregulates Raf activity and that Sorafenib and
UO126 inhibit the activity of Raf and MEK respectively (Fig. 4 A). Fiedler
et al. collected Western blot data for two observables with four replicates
at seven timepoints.

Since Maier et al. (2017) showed that for outlier-corrupted data the
assumption of Laplace-distributed measurement noise leads to more robust
results and removal of outliers in the data is still a challenging task, it is a
crucial matter to evaluate the hierarchical method as well for this condition.
In this application we assume Laplace distributed measurement noise and
consider the noise model for which every replicate of each observable
possesses its own proportionality factor and variance. This implies that it is
possible to reduce the number of parameters from 12 dynamic parameters,
8 scaling factors and 8 distribution parameters in the standard approach to
12 dynamic parameters in the hierarchical approach. For both approaches
we run multi-start local optimization from 500 different starting points
using interior-point optimization techniques.
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 How well are the parameters determined?



The “vehicle problem” car freaks face

Task: Given only a few information, find the right vehicle.

Dataset 1 

0 - 100 km/h: 2.7 sec

Dataset 2 

4.2 l / 100 km

Vehicle 1 
Lamborghini 

Aventador lp700-4

Vehicle 2 
the tractor of my uncle

Vehicle 3 
mini cooper

Dataset 3 

4 wheels

Problem: Data are often not sufficient to 
determine the unknowns uniquely. 
⇒ identifiability problems and uncertainties



Resolving a crime

Task: Find the murderer.

Data: 
• dead body 
• fingerprints 
• foodprints 
• DNA 
• ...

Prior 
information: 
• regular  
   suspects 
• ... 

Estimator 
(clever detectives)

Uncertainty / 
Identifiability analysis 

(judge)

Problem of general 
importance  
(8 million viewers)!



Confidence interval and confidence region



Practical identifiability

Practical identifiability 
A model property       is called practically identifiable if its confidence 
interval             is bounded; otherwise it is called practically non-identifiable.

g(θ)

CIα,g(θ)

In practices also there definitions are used: 

• A parameter    is practically identifiable if          is in the interior of    . 
• A parameter    is practically identifiable if          does not contain zero.

θi CIα,θi
θi CIα,θi

Θ

Remark 1: The practical identifiability depends on the confidence level   .α

Remark 2: practical identifiability       structural identifiability!
⇒



 How well are the parameters determined? 
- Profile likelihood calculation
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Efficient optimisation-based uncertainty analysis approach.
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Model-based data integration: Uncertainty analysis
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optimisation

are derived from the likelihood 
ratio (test)

PL✓i(c) = max
✓j ,j 6=i
✓i=c

p(D|✓)

PLθi(c)

p(D|θml)

Efficient optimisation-based uncertainty analysis approach.All model properties have to be analysed separately.



Methods for profile calculation

optimisation-based 
profile calculation

integration-based 
profile calculation



 How well are the parameters determined? 
- Sampling approaches
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Sampling-based uncertainty analysis approach.
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Sampling-based uncertainty analysis approach.Holistic approach but computationally demanding.

Sampling methods



Single-chain sampling methods

• Metropolis-Hastings 
• adaptive Metropolis 
• Riemann manifold Monte Carlo

• delayed rejection Metropolis 
• Hamiltonian Monte Carlo

Algorithm 
start at random θ(0) 
repeat  
       generate sample, θ’ ~ q(θ|µ(k),Σ(k)) 

       accept it with probability r =  

       if rand < r 
               set θ(k+1) = θ’ 
       else 
               set θ(k+1) = θ(k) 
       end 
until number of desired samples reached

p(θ’|D) 
p(θ(k) |D)

q(θ(k)|µ(k+1),Σ(k+1)) 
q(θ’|µ(k),Σ(k))



Multi-chain sampling methods

• parallel hierarchical sampling  
• parallel tempering

Parallel hierarchical sampling 
Idea: Multiple chains with different proposals for better mixing 

Mother chain:      θ(0,0), θ(0,1), θ(0,2), θ(0,3), θ(0,4), θ(0,5) ... 

Auxiliary chains:  θ(1,0), θ(1,1), θ(1,2), θ(1,3), θ(1,4), θ(1,5) ... 

                            θ(2,0), θ(2,1), θ(2,2), θ(2,3), θ(2,4), θ(2,5) ... 

                            θ(3,0), θ(3,1), θ(3,2), θ(3,3), θ(3,4), θ(3,5) ... 

                            ... 

Note: For the “in-chain-sampling” any single-chain sample can be used.



Multi-chain sampling methods

Parallel tempering 
Idea: Sample simpler (tempered) distributions 

pt(θ|D) = c p(θ|D)t p(θ) 
and use them to bridge different parts of the posterior. 

t = 1:      θ(0,0), θ(0,1), θ(0,2), θ(0,3), θ(0,4), θ(0,5) ... 

t = 0.5:   θ(1,0), θ(1,1), θ(1,2), θ(1,3), θ(1,4), θ(1,5) ... 

t = 0.25: θ(2,0), θ(2,1), θ(2,2), θ(2,3), θ(2,4), θ(2,5) ... 

t = 0.1:   θ(3,0), θ(3,1), θ(3,2), θ(3,3), θ(3,4), θ(3,5) ... 

              ... 

Note: For the “in-chain-sampling” any single-chain sample can be used.

• parallel hierarchical sampling  
• parallel tempering



Multi-chain sampling methods

Parallel tempering 
Idea: Sample simpler (tempered) distributions 

pt(θ|D) = c p(θ|D)t p(θ) 
and use them to bridge different parts of the posterior. 

t = 1:      θ(0,0), θ(0,1), θ(0,2), θ(0,3), θ(0,4), θ(0,5) ... 

t = 0.5:   θ(1,0), θ(1,1), θ(1,2), θ(1,3), θ(1,4), θ(1,5) ... 

t = 0.25: θ(2,0), θ(2,1), θ(2,2), θ(2,3), θ(2,4), θ(2,5) ... 

t = 0.1:   θ(3,0), θ(3,1), θ(3,2), θ(3,3), θ(3,4), θ(3,5) ... 

              ... 

Note: For the “in-chain-sampling” any single-chain sample can be used.

• parallel hierarchical sampling  
• parallel tempering

Multi-chain approaches can easily exploit parallel architectures.



Benchmarking of methods

Ballnus et al. Comprehensive benchmarking of Markov chain Monte Carlo methods for dynamical systems. BMC Systems 
Biology, 11(63), 2017.



Benchmarking of methods

Ballnus et al. Comprehensive benchmarking of Markov chain Monte Carlo methods for dynamical systems. BMC Systems 
Biology, 11(63), 2017.

Check the constancy and reproducibility of the results!
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 What tools are available?



Software tools
COmplex PAthway SImulator (COPASI) 
• Simple handling of model, experimental data and experimental conditions 
• Parameter optimisation 

Data2Dynamics (D2D) 
• Simple handling of model, experimental data and experimental conditions 
• Highly automised 
• Multi-experiment fitting for ODEs 
• Parameter optimisation and uncertainty analysis 

Advanced MATLAB Interface for CVODE and IDAS (AMICI) 
• 1st and 2nd order forward sensitivity analysis 
• 1st order adjoints sensitivity analysis 
• Support for state and output events 

Parameter EStimation TOolbox (PESTO & pyPESTO) 
• Parameter optimisation 
• Uncertainty analysis 
• Flexible interface 

MEtaheuristics for systems biology and bIoinformatics Global Opt. (MEIGO) 
• Flexible toolbox for global optimisation 
• Support of integer variables 
• Deterministic methods
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Data2Dynamics (D2D) 
• Simple handling of model, experimental data and experimental conditions 
• Highly automised 
• Multi-experiment fitting for ODEs 
• Parameter optimisation and uncertainty analysis 

Advanced MATLAB Interface for CVODE and IDAS (AMICI) 
• 1st and 2nd order forward sensitivity analysis 
• 1st order adjoints sensitivity analysis 
• Support for state and output events 

Parameter EStimation TOolbox (PESTO & pyPESTO) 
• Parameter optimisation 
• Uncertainty analysis 
• Flexible interface 

MEtaheuristics for systems biology and bIoinformatics Global Opt. (MEIGO) 
• Flexible toolbox for global optimisation 
• Support of integer variables 
• Deterministic methods

If you miss a feature, contact the developers. 
They are often motivated and helpful.
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 A large-scale model of cancer signalling



Drug response prediction

patient

+
drug response

Selection of the right drug for the right patient?



Prior knowledge

CCLE

Experimental data
data 

integration

Predictive 
mechanistic model

ẋ = Sv(x, ✓)

y = h(x, ✓)

Modelling of biochemical reaction networks

Structure of the model?
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Genetic profile

Mutation patterns: 

KRAS KRAS*

Protein-protein interaction network

Mechanistic description: 

KRAS:GDP        KRAS:GTP 
  RAF + KRAS:GTP        pRAF + KRAS:GTP 

KRAS*:GDP        KRAS*:GTP 
  RAF + KRAS*:GTP        pRAF + KRAS*:GTP 

Gene expression profile
Mechanistic description of protein synthesis: 

⦰        KRAS   ⦰        KRAS* 

Mathematical model



extra
cellul

ar

cytos
ol

nu
cle
us

ER
B
B
2

ER
B
B
3

ER
BB

4

EG
FR

Ligands

RAS AKT

MYC AP1 FOXO

PLCG JNK

DNA

mRNA

pr
ot

ei
n 

sy
nt

he
si

s

cell proliferationphenotype

drug

Genetic profile

Mutation patterns: 

KRAS KRAS*

Protein-protein interaction network

Gene expression profile
Mechanistic description of protein synthesis: 

⦰        KRAS   ⦰        KRAS* 

Mathematical model

ẋ = S v(x, �, g, e, d)

y = h(x, �)
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Dataset size 

Cell lines: 120 
Drugs: 7 
Drug concentrations: 8 

⇒ ~5500 conditions 
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Do we really need such a “big” model?



Signaling pathways frequently altered in cancer

Sanchez-Vega et al., Oncogenic signaling pathways in The Cancer Genome Atlas, Cell, 173:321–337, 2018



Polypharmacology of anti-cancer drugs
with Daniel Weindl

Parameter estimation for models and datasets of this size?
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Parameterisation of large-scale pathway model
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Scalable framework for data-driven modelling.



High-performance computing
with Daniel Weindl 

Leonard Schmiester 
and many othersCanPathPro: high performance computing

SuperMUC (c) LRZ

Worker

Simulation

Master

QueueCost functionOptimizer

! 10 local optimizations
in 9h @ 3584 cores

(instead of 21 months)



Prediction accuracy
with Fabian Fröhlich 

and many others

d) e)

0 0.2 0.4 0.6 0.8 1
false positive rate

0

0.2

0.4

0.6

0.8

1

tru
e 

po
sit

ive
 ra

te

50

60

70

80

90

100

ex
pe

cte
d 

cla
ss

ific
at

ion
 a

cc
ur

ac
y [

%
] test set

50

60

70

80

90

100

ex
pe

cte
d 

cla
ss

ific
at

ion
 a

cc
ur

ac
y [

%
] independent test set

a) c)

tissues
kidney

soft tissue
ovary

stomach

31
 ce

ll-l
ine

s
in

de
pe

nd
en

t
 te

st
 se

t

24
 ce

ll-l
ine

s
te

st
 se

t

96
 ce

ll-l
ine

s
tra

in
in

g 
se

t

5-fold 
cross-validation

tissues
breast

large intestine
lung

pancreas
skin

tra
ini

ng
 se

t

te
st 

se
t

ind
ep

. t
es

t s
et

0

0.2

0.4

0.6

0.8

1

Pe
ar

so
n 

co
rre

lat
ion

 co
ef

fic
ien

t

b)

Area Under Curve
=

classification
accuracy

Area Under Curve
=

classification
accuracy

logistic regression

La
ss

o 
(

)

m
ec

ha
nis

tic
La

ss
o 

(  
   

 0
)

La
ss

o 
(  

   
 1

)
La

ss
o 

(  
   

 2
)

La
ss

o 
(  

   
 3

)

glm
gr

ap
h

Ra
nd

om
 fo

re
st

d
≤

∞

d
≤

d
≤

d
≤

d
≤

logistic regression

La
ss

o 
(

)

m
ec

ha
nis

tic
La

ss
o 

(  
   

 0
)

La
ss

o 
(  

   
 1

)
La

ss
o 

(  
   

 2
)

La
ss

o 
(  

   
 3

)

glm
gr

ap
h

Ra
nd

om
 fo

re
st

d
≤

∞

d
≤

d
≤

d
≤

d
≤

**************
***************

Performance on test set
d) e) CCLE independent test seta) b) c)
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Performance on independent test set
d) e) CCLE independent test seta) b) c)
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Mechanistic model reaches similar performance as well 
established statistical models.



Prediction of combination therapies
with Fabian Fröhlich 

and many others

Mechanistic approach outperforms statistical methods.
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Questions or comments?



Thanks for your attention!


