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Summary 
Analysis of high throughput data and the unbiased interpretation of the data 
require novel ways of performing research. In this thesis we show novel 
methods for better quantification of multiplex array analysis of peptide 
phosphorylation. This quantification is necessary since, unlike the 
housekeeping gene expression used for the normalization and 
quantification of gene expression micro-arrays, housekeeping kinases that 
can be used for normalization and quantification are not present. In Chapter 
2 therefore, we describe a novel method for normalization and 
quantification of data generated on a PepChip. Using this method we 
correct for signal gradients, artifacts, intensity distribution, intensity 
saturation and overshine from neighboring spots. Application of the 
resulting RSE (repetitive signal enhancement) protocol yielded better 
characterization of cellular physiology of drug treatment of cells from 
patients with myelodysplastic syndrome. Using this, we were able to better 
understand the signaling mechanisms dictating cell fate.  
An interesting observation when working with the PepChips was that the 
use of kinase substrates based on sequences derived from natural protein 
sequences, e.g. full-length proteins, protein fragments or short peptide 
sequences, often result in non-specific and insensitive kinase assays. 
Moreover, since there is a literature bias for the described kinase 
substrates, some kinases were underrepresented or overrepresented on 
the PepChip making kinome profiling based on natural kinase substrates 
quite impossible. We therefore show in Chapter 3 that it is possible to 
rationally design kinase peptide substrates that are both sensitive and 
selective for the desired kinase.  We tested the sensitivity and selectivity of 
several designer peptides both in solution for measurement by mass 
spectrometry, as well as after immobilization of the peptides on a PepChip. 
The implication of this work is that we can now automatically design better 
kinome profiling PepChips by designing multiple selective and sensitive 
substrate peptides for a large part of the kinases in the kinome, resulting in 
unbiased kinome profiling for understanding cellular signal transduction 
networks.  
Intricate and complex signal transduction networks determine cell fate and 
malfunctioning networks underlie many diseases, including cancer, 
diabetes and osteoarthritis. Incomplete understanding of the network in 
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terms of topology and dynamics hinders the development of successful 
therapies. We therefore collaborated with a computer science group to 
develop a user-friendly executable biology tool with a clear graphical user 
interface. In chapter 4 we show the development of ANIMO (analysis of 
Networks with Interactive Modeling). Using ANIMO we are able to formalize 
static signal transduction network diagrams with the use of timed automata. 
In this chapter we explain how we formalize biochemical reactions, such as 
phosphorylation, and show that we can model a signaling network 
downstream of two growth factors, epidermal growth factor and nerve 
growth factor, in a neuronal cell line. Using ANIMO we were able to 
accurately capture the dynamic behavior as presented by the wet-lab 
biochemical data.   
In Chapter 5 we show that ANIMO enables novel insight into large cellular 
signal transduction networks by generating model-derived hypotheses. 
When converting the data from the original fuzzy logic model, we found that 
the network topology as presented in the literature was not able to correctly 
capture the network dynamics. We found that introducing a new level of 
cross-talk between two signaling pathways in the network explained the 
dynamics of the network. In addition, we showed by modeling the 
Drosophila melanogaster circadian clock that ANIMO models are able to 
replicate the biological oscillations with great precision.  
In our pursuit to generate a user-friendly dynamic modeling tool, we 
realized that in order to capture network dynamics, we needed wet-lab data 
showing those dynamics so that could be used as input to the models to be 
generated. Chapter 6 shows how to convert biological wet-lab data into 
useful input for a dynamic model of the cellular signaling network at play. 
We described that ideally an experiment contains enough time-points 
accurately capturing the lowest and highest intensity as well as the peak-
width of the measured activity. This means that at least 5 well-chosen time-
points or concentration points are ideal. In addition, we applied this to a 
small network showing interaction of two pathways in human chondrocytes.   
In Chapter 7 we have applied all our knowledge to the development of a 
large cellular signaling network of seven signaling pathways in 
chondrocytes, the executable chondrocyte, ECHO. Using ECHO we were 
able to capture dynamics of osteoarthritis development and identified 
possible candidates for drug treatment.  



	   vii	  
Samenvatting 
 
De analyse van ‘high throughput’ data en de objectieve interpretatie van 
deze data vereisen nieuwe onderzoeksmethoden. In dit proefschrift laten 
we nieuwe methodes zien om eiwitfosforylering te kwantificeren. Deze 
kwantificering is nodig omdat, in tegenstelling tot de expressie van 
huishoudgenen die gebruikt wordt voor de kwantificering van genexpressie 
arrays, ‘huishoudkinases’ niet bestaan. We kunnen daardoor ook geen 
eiwitfosforylering gebruiken voor het normaliseren en kwantificeren van de 
data.  In hoofdstuk 2 beschrijven we een nieuwe methode voor de 
normalisering en kwantificering van data die gegenereerd zijn op een 
PepChip. Data van de PepChip wordt volgens deze methode gecorrigeerd 
voor gradiënten in de signalen, artefacten, oneven distributie van 
intensiteiten, verzadiging van het signaal, en de invloeden van signaal van 
omliggende spots. Het toepassen van de ontwikkelde methode, die we 
RSE (repetitive signal enhancement) noemen, resulteerde in betere 
karakterisering van de cellulaire fysiologie van cellen van patiënten met 
myodysplastisch syndroom die behandeld zijn met een specifiek medicijn. 
Door gebruik te maken van RSE waren we beter in staat te begrijpen hoe 
dit medicijn werkt. 
Een interessante observatie die we maakten tijdens het werken met 
PepChips was dat het gebruik van kinase substraten die gebaseerd zijn op 
natuurlijk voorkomende substraten, zoals hele eiwitten of fragmenten 
hiervan, vaak resulteert in niet-specifieke en ongevoelige assays. Daarbij 
komt dat door de ongelijke literatuurverdeling voor de beschikbare 
substraten, substraten voor sommige kinases onder gerepresenteerd zijn 
op de PepChip terwijl voor andere kinasen veel substraten aanwezig zijn. 
Dit maakt objectieve analyse van kinoomactiviteit door gebruik te maken 
van natuurlijke substraten onmogelijk. In hoofdstuk 3 beschrijven wij een 
methode die rationeel substraten ontwerpt die zowel specifiek als gevoelig 
zijn voor het gewenste kinase. We hebben de selectiviteit en gevoeligheid 
van een aantal ontworpen peptiden gemeten in oplossing voor meting in 
een massaspectrometer en na immobilisatie op een PepChip. De implicatie 
van dit werk is dat we nu automatisch betere substraten kunnen ontwerpen 
voor een efficiëntere en gevoeligere PepChip voor kinoomanalyses, 
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waardoor we op een gelijke (unbiased) manier inzicht kunnen krijgen in de 
signaalcascades behorende bij de kinoomactiviteit.  
Cellulaire netwerken zijn complex en bestaan uit integratie van meerdere 
signaaltransductie routes. Fouten in het netwerk kan resulteren in een 
verscheidenheid van ziektes, waaronder kanker, diabetes en artrose. 
Vergroting van het inzicht in hoe netwerken fungeren is daarom van groot 
belang voor de ontwikkeling van nieuwe therapieën. Deze netwerken zijn te 
groot en te complex om zonder hulp van computermodellen te kunnen 
begrijpen. We hebben daarom samenwerking gezocht met een informatica 
vakgroep om gebruikersvriendelijke software te ontwikkelen met een 
duidelijke grafische weergave van de cellulaire netwerken. In hoofdstuk 4 
beschrijven we de ontwikkeling van deze software dat we ANIMO, Analysis 
of Networks with Interactive Modeling, hebben genoemd. In hoofdstuk 5 
laten we zien dat we nieuwe inzichten kunnen krijgen door gebruik te 
maken van ANIMO.  
In hoofdstuk 6 beschrijven we aan de hand van voorbeelden hoe de 
uitkomsten van biologische laboratoriumproeven omgezet kunnen worden 
in een ANIMO model. We beschrijven de randvoorwaarden voor de data 
om een statisch netwerk om te kunnen zetten in een dynamisch ANIMO 
model.  
In het laatste hoofdstuk passen we alle kennis toe voor de ontwikkeling van 
een groot netwerk van 7 signaaltransductieroutes in chondrocyten. We 
hebben dit netwerk ECHO genoemd, voor Executable CHOndrocyte. In 
ECHO kunnen we de dynamiek van kraakbeen- en artroseontwikkeling 
weergeven en mogelijke kandidaten voor therapie identificeren.  
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General introduction and thesis outline 
Biological cells are regulated by complex molecular mechanisms to 
respond appropriately to environmental signals. Signal transduction 
networks relay and integrate signals from membrane-bound receptors 
to the nucleus in order to regulate cellular processes such as gene 
transcription, metabolism, proliferation, differentiation and apoptosis 
(programmed cell death). Not only the network topology, but also the 
dynamics of the interactions between the components in the networks 
determine the behavior of the network. Malfunctioning of these 
networks underlies a wide variety of diseases, such as cancer, 
diabetes and osteoarthritis. Moreover, understanding these networks is 
of paramount importance for controlling the behavior of cells via drug 
therapy. For these reasons the study of signal transduction networks 
is a key topic in biological and medical research.  
Kinases, the regulators of cellular physiology, operate in strongly 
interconnected signaling networks 1-4. Kinases function by phosphorylating 
serine, threonine or tyrosine residues on downstream substrates, thereby 
inducing conformational changes and/or charge alterations, resulting in 
modulation of protein activities5. The set of kinases is called the kinome, 
and assaying complex mixtures of kinases, such as cell lysates is called 
kinome profiling 6.  
An intricate network of regulatory processes regulates cell fate. Such 
networks are too complex to analyze and understand using the human 
brain alone. Computational modeling is a powerful method to unravel 
complex systems, but available methods were not accessible enough to the 
biological community. To tackle this lack of a suitable tool, we initiated the 
development of ANIMO, in close collaboration with dr. Stefano Schivo, prof. 
dr. Jaco van de Pol and dr. Rom Langerak of Formal Methods and Tools at 
the University of Twente. ANIMO is a powerful tool to formalize knowledge 
on molecular interactions 7-9. This formalization entails giving a precise 
mathematical (formal) description of molecular states and of interactions 
between molecules. Such a model can be simulated, thereby in silico 
mimicking the processes that take place in the cell. In sharp contrast to 
classical graphical representations of molecular interaction networks, 
formal models allow in silico experiments and functional analysis of 
dynamic behavior of the network. 



General introduction and aims 

 3 

A lack of understanding of cellular control is a stumbling block for 
successful development of therapies. In this thesis I aim to address this 
issue in two ways:  
 

1. By optimizing methods for whole kinome profiling (chapters 2 
and 3)  

2. By developing a tool for executable biology of large kinome 
networks (chapters 4, 5, 6, and 7) 

 
 
Chapter 2 describes the development of analysis tools that reliably quantify 
phosphorylation of peptide arrays and that allow normalization of the 
signals obtained. When applying this protocol to patient material that 
receives treatment targeting the signaling network, we show that our 
method yields superior insight into cellular physiology as compared to 
classical analysis tools for kinome profiling. 
 
 
In Chapter 3 we propose a novel, rational method for designing peptide 
kinase substrates that improves the sensitivity and specificity of protein 
kinase assays. Substrates that are currently used for protein kinase activity 
assays are derived from natural protein sequences: full-length proteins, 
protein fragments or short peptide sequences. Unfortunately, there is only 
limited selection pressure on the optimization of these natural kinase 
substrates, often resulting in non-specific and insensitive kinase assays. In 
this chapter we show that our rationally designed peptides display higher 
phosphorylation efficiencies and target specificity by both mass 
spectrometry and after immobilization of the substrate on a microarray chip.  
 
 
Chapter 4 describes the development of a novel tool for executable 
biology: ANIMO (Analysis of Networks with Interactive Modeling). ANIMO is 
a tool that enables the construction and exploration of executable models of 
biological networks, helping to derive hypotheses and to plan wet-lab 
experiments. We show how timed automata (TA) can be used to capture 
the dynamics of the cellular signaling network. After a brief introduction on 
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the basic aspects of biological signaling networks and TA, we show how 
our modeling approach works using an example application of a relatively 
simple signaling network. 
 
 
In Chapter 5 we further develop ANIMO by building larger signaling 
networks in two case studies: the Drosophila melanogaster circadian clock 
and signal transduction events downstream of TNFα and EGF in HT-29 
human colon carcinoma cells. The models were originally developed with 
two other types of modeling algorithms: ordinary differential equations 
(ODEs) and fuzzy logic, respectively. We show that ANIMO models 
replicate with good precision the results of both the ODE and fuzzy logic 
models. Moreover, ANIMO models require less parameters than ODEs and 
are more precise than fuzzy logic.  
 
 
Chapter 6 clarifies the basic aspects of molecular modeling for biologists. 
We show how to convert data into useful input, as well as the number of 
time points and molecular parameters that should be considered for 
molecular regulatory models with both explanatory and predictive potential. 
In addition, we show how an interactive model of crosstalk between signal 
transduction pathways in primary human articular chondrocytes allows 
insight into processes that regulate gene expression. 
 
 
Chapter 7 describes the generation of an executable chondrocyte, ECHO, 
that was developed to gain insight into the complex network of regulatory 
processes in growth plate versus articular cartilage, and identified possible 
candidates for drug treatment of osteoarthritis (OA). This is a novel and 
potentially groundbreaking approach since in the Netherlands alone, there 
are over 1.5 million patients with osteoarthritis (OA) in one or more joints. 
OA is a degenerative disease of the articular joint cartilage. OA is a painful, 
disabling disease and currently cannot be cured.  
Using ANIMO, we generated a model of the network of regulatory 
processes in articular chondrocytes, based on a previously constructed 
large-scale literature based logical model of the growth plate network 10. 
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Using experimental data from our group, we have modified this model to 
contain information specific to human articular cartilage in order to obtain 
an executable chondrocyte model, named ECHO. We show what are the 
most important regulatory signals for cartilage maintenance and how loss of 
these factors results in development of osteoarthritis. In addition, we used 
the model to predict possible targets for combinatorial drug treatment.   
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Abstract 
Massive parallel analysis using array technology has become the mainstay 
for the analysis of genomes and transcriptomes. Analogously, the 
predominance of phosphorylation as a regulator of cellular metabolism has 
fostered the development of peptide arrays of kinase consensus substrates 
that allow the charting of cellular phosphorylation events (often called 
kinome profiling). However, whereas the bioinformatical framework for 
expression array analysis is well-developed, no advanced analysis tools 
are yet available for kinome profiling. Especially intra-array and interarray 
normalization of peptide array phosphorylation remain problematic, due to 
the absence of “housekeeping” kinases and the obvious fallacy of the 
assumption that different experimental conditions should exhibit equal 
amounts of kinase activity. Here we describe the development of analysis 
tools that reliably quantify phosphorylation of peptide arrays and that allow 
normalization of the signals obtained. Furthermore, we show that 
employing such protocols yields superior insight into cellular physiology as 
compared to classical analysis tools for kinome profiling.   
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Introduction 
Kinases, the regulators of cellular physiology, operate in strongly 
interconnected signaling networks 1-4. While different techniques have been 
used to study kinase activity and protein phosphorylation 5-7, the types of 
phosphorylation analyzed per experiment remain very limited and 
measurement of single kinases is insufficient to understand the complex 
regulatory processes at play. Parallel analysis of all kinases, the kinome, 
reveals more profound insight, and reduces the bias towards investigating 
known effects and interactions within the cellular signaling networks. Over 
the past years, peptide arrays have emerged as a powerful technique for 
such analysis8. Slide-based platforms include bovine peptide sequences 
9,10, 1196 peptides derived from the phosphobase repository 11 of peptide 
kinase substrates 12-14, and 1024 HPRD (Human Protein Reference 
Database)-based substrates 15-18. However, quantification of the signals 
obtained and the subsequent normalization of signals to correct for 
potential differences between the amount of input between experimental 
conditions remains challenging. 
The analysis of radioactive peptide microarrays shows similarities to the 
well-established techniques used for quantification of DNA microarrays 19, 
but a number of characteristics specific to peptide microarrays prompt for 
an adapted strategy for quantification and normalization. These include 
specific side-effects, such as fuzzy spot boundaries and presence of 
artifacts, the lower number of probes on a peptide array, and the fact that 
kinase-catalyzed phosphorylation reactions are less specific, with some 
peptides annotated to more than one upstream kinase (summarized in 
Figure 1). Thus, a dedicated analysis pipeline is urgently needed for 
quantification, quality control and normalization to provide the best starting 
point for interpreting complex activity-based profiling for kinase signaling 
networks.  
Normalization is necessary to remove systematic technical variation 
between array intensities, and allows comparison between different 
samples or days. Median-centering or quantile normalization, used in 
procedures for gene expression arrays 20-22, are based on the assumption 
that different conditions yield identical intensity distributions 21. 
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Figure 1. The problems hampering full exploitation of activity based profiling using 
peptide array analysis and the possible solutions to these problems pursued in 
present study. A) Flowchart of peptide array-based kinome profiling process, starting with 
peptide spotting, sample preparation, incubation, washing, scan. B) description of the issues 
created in each phase which need to be addressed in the analysis phase. C) Solutions 
incorporated in the analysis pipeline to deal with these current issues in peptide array-based 
kinome profiling to allow meaningful comparison of different experiments. 
 
This assumption does not always hold in peptide microarrays. The number 
of features on peptide microarrays is 10-100 times lower, greatly reducing 
the buffering capacity of the spots that are not affected by differences in 
experimental conditions. Also, depending on array content, a large fraction 
(5-20%) of the substrates might be differentially phosphorylated, with a bias 
towards increased phosphorylation in disease or upon stimulation. 
Furthermore, typically 50-80% of the substrates are not phosphorylated in 
either one or both experimental conditions. No housekeeping kinase with 
constant activity and high specificity is known, precluding the use of such a 
control for normalization. Indeed this is also not to be expected, as a 
regulator which is kept at constant activity has no purpose. The 
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consequences of a change in intensity distribution for commonly used 
normalization procedures are illustrated in Suppl. Fig. 1a-d. 
Here we describe a two-step procedure in which we 1) present a novel 
method for intra-array normalization to correct for uneven signal 
distributions within a single array; and 2) present a novel interarray 
normalization method, based on selecting a subset of the data for 
normalization purposes. We explore the usefulness of this procedure with 
both an in silico experiment and a biological experiment with bone marrow 
specimens from patients with myelodysplastic syndrome (MDS).  
 
Results 
Prerequisites for array normalization: image processing, quality control and 
detection limits 

Active kinases (from a cell lysate) and radioactive 33P-γ-ATP, when 
applied to a peptide microarray, will phosphorylate specific peptides. 
Substrates that have been phosphorylated with a 33P-labeled phosphate 
group emit β-radiation onto a phosphorscreen, leading to a Gaussian 
excitation pattern (Suppl. Fig 2a-b). Spots in radioactive microarrays have 
inherent fuzzy boundaries between spot pixels and background pixels. An 
image enhancement step was introduced to simultaneously decrease 
noise, sharpen spot boundaries and increase contrast (Suppl. Fig 2c-d). 
The enhanced images enable automated gridding and extraction of quality 
control (QC) parameters for individual spots. Please note that biological 
analysis of signal intensities uses data extracted from the raw image rather 
than these enhanced images. 
Mild protein extraction methods necessary to preserve enzymatic activity 
unavoidably entails the formation of particulate structures that aspecifically 
bind radioactivity, provoking artifacts. Some of these artifacts are easily 
recognizable to the human eye, though can confound results if not removed 
automatically by image analysis software (Suppl. Fig. 3). A successful 
approach for analysis of expression arrays is data quality-based flagging 
and subsequent exclusion of suspicious data 23.  

Using the enhanced image we calculated QC parameters for each 
spot, based on distributions and patterns of pixel intensities. QC flags are 
assigned to each spot, allowing the user to discard unreliable spots. When 
the intensity does not exceed the background, a spot is reliably not 
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phosphorylated and will be called a off-spot. When a high variation in 
background pixel intensities is present, off-spots give a wider range of net 
intensities due to random fluctuations in pixel intensities. When the 
measured intensity is high, but no round object is detected at the expected 
positions, we assumed that the source of signal is likely an artifact and the 
spot value should be left out for normalization and further analysis. 
 Noise is inherently present in microarray data and diminishes the 
quality of analysis results 24.  When the total number of substrates per array 
is small, these off-spots can have a high impact on normalization 
procedures. In gene expression arrays, typically ~30% of spots show no 
signal, and are often excluded from further analysis. Peptide array 
experiments commonly display 50 - 70% off-spots (in our experience), and 
these are often not affected in the same way as phosphorylated spots by 
systematic inter-array variation. Hence we chose to employ normalization 
procedures that selectively use phosphorylated substrates to achieve more 
effective intra-array and interarray normalization. 

 
Intra-array normalization 
The enzymatic nature of the peptide microarray assays in combination with 
the peculiarities of Michaelis-Menten biochemistry can cause small 
differences in kinase concentrations to produce significant intensity 
gradients over the arrays24. Concentration differences could be caused by 
uneven loading of the sample or by spatial gradients in the amount of 
peptide present on the array. These intensity gradients compromise data 
quality, which is not restored by standard normalization techniques. A 
standard 2D lowess correction (locally weighted scatterplot smoothing) is 
not feasible, because the correction is hampered by the low number of 
substrates and the large fraction of off-spots.  
By using the three triplicate sets of substrates on the same array we 
developed a method for intra-array normalization that reduces the 
detrimental effect of intensity gradients (Fig 2). This gradient correction is 
performed using only spots that meet the QC criteria, excluding spot 
artifacts and off-spots. The remaining spots are used for a local median 
centering step, comparing the N (default: N = 20) nearest spots on the 
array (see methods).  
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Figure 2: Presence of an intensity gradient on a radioactive peptide microarray. A) 
Slide layout, each set comprises 32 x 32 peptides. B) False color image of an example 
array, showing low signal intensity in the bottom set. C) Quantification of the relative spot 
intensities between the 3 sets. A green spot shows that a spot is more intense than the 
average intensity of the corresponding spots in the other two sets, a red spot is less intense. 
D) For each spot position, the median of intensity deviations shown in b) is taken over the 20 
most closely located unflagged spots. Areas of increased (green) or decreased (red) 
intensity are clearly visible. E) Scatterplots of the spot intensities between the 3 sets before 
gradient normalization. The intensities of the upper 8 rows in each set are plotted in red, 
rows 9-16 are plotted in green, rows 17-24 are plotted in blue and rows 25-32 are plotted in 
yellow. The right two panels compare set 1 and set 2 to set 3 respectively and show a 
markedly reduced intensity in the lower half of set 3, blue and (more noticeably) yellow dots. 
Correlations are 0.90, 0.67 and 0.68 for the three panels. F) Scatterplots of the spot 
intensities between the 3 sets after normalization for the intensity gradients visible in c,d). 
Correlation between the 3 sets is markedly improved by this normalization to 0.91, 0.81 and 
0.87, respectively. 
 
Interarray normalization  
After intra-array correction of gradients, data are subjected to interarray 
normalization. We propose a novel normalization technique denoted 
repetitive signal enhancement (RSE), comprised of the following steps: 

1. Local median-centering of the data using only spots that meet the 
QC-criteria in both conditions. For each spot location again the N 
(default: N = 20) nearest spots are used for this median-centering, 
now across the conditions from the different arrays.  
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2. Identification of spots potentially affected by the experimental 
condition. These spots are excluded during further normalization 
steps. We use quasi-stringent t-testing (using the replicates on the 
array) of QC-criteria fulfilling spots, excluding spots whose p-value 
indicates a statistically significant intensity difference.  

3. Local median-centering of the data using only spots that meet the 
QC-criteria and that were not designated for exclusion in step 2. 

Steps 2 and 3 are carried out iteratively until the set of spots stabilizes. 
Note that in every cycle, step 3 is based on the spots that meet the QC-
criteria and the spots identified in the last iteration of step 2. This means 
that spots that are excluded early in the process might be used again later 
on and vice versa. Using RSE the set of spots used for normalization 
becomes progressively enriched for spots not affected by the treatment, 
leading to an unbiased normalization of a data set (Suppl. Fig. 1e). This 
step is then repeated in an iterative fashion with exclusion of spots that are 
significantly affected (t-test, p < 0.10) between the conditions. This set of 
unaffected spots used for normalization converges within 20 steps and 
typically consists of 70-90% of the complete set of spots. 
 
In silico validation of RSE 
To compare the different normalization methods, we simulated a virtual 
biological experiment . Microarray results (each slide consisting of 3 sets of 
1024 spots in a 32 x 32 layout (cf. Fig. 2)) were simulated for eight virtual 
patients. For each patient, a slide with a control condition and a slide with a 
treatment condition, e.g. a growth factor, was generated (experimental set-
up and normalizations: Supplementary Figure 4), with treatment activating 
two downstream pathways, consisting of 18 kinases with 197 downstream 
spots (parameters experiment: Supplementary Table 1). The experiment 
was performed with variations in i) effect size, ii) gradient strength, iii) 
percentage of induced spots, as a fraction of the total of 1024 spots, and iv) 
number of off-spots (see methods). As the induction of spots was artificially 
controlled, the outcome of each t-test could be unequivocally classified as: 
true positive, false positive, true negative or false negative. The results of 
this classification were used to construct Receiver Operating 
Characteristics curve, or ROC curves (figure 3). An ROC curve gives a 
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graphical representation of the performance of the classification across all 
decision thresholds. The ROC curve can be summarized into a single 
statistic, the area under the ROC curve (AUC). Figure 3a shows ROC 
curves for the 8 virtual patients for different magnitudes of the treatment 
effect, demonstrating that more true positives are predicted with less false 
positives when treatment has a larger effect on spot intensities. In the 
absence of intraslide gradients and array effects (Fig 3b), with only 
intraslide gradients (Fig 3c), and with both intraslide gradients and array 
effects (Fig 3d), AUCs decrease. These data show the detrimental effects 
of intraslide gradients and array effects on classification, signifying the need 
of normalization to correct for these effects. Next, we compared the 
performance of different normalization procedures, i.e. interarray median 
centering over all spots without QC flagging, quantile normalization20 and 
RSE. With increasing effect size of experimental treatment, the AUC of all 
normalization methods increases. RSE corrects gradients and filters out the 
induced spots and elicits the best performance (Fig 4a). Upon increasing 
the intraslide gradient strength, the necessity of gradient correction 
becomes more and more clear.  

When uncorrected raw data are used as an input for subsequent 
interslide normalization, classification performance is substantially lower 
than after intra-array normalization in which the intraslide gradient 
correction was performed, but without RSE (Fig 4b). When the percentage 
of induced spots increases, these spots have an increasing influence on 
the overall distribution of spot intensities, leading to a decreasing 
performance of median-centering and quantile normalization. Contrarily, 
RSE effectively filters out most of the effect of induced spots on 
normalization and shows a steady performance over a range of induced 
spots (Fig 4c). Intraslide gradient correction and RSE normalization are 
both median-centerings that are performed locally. Large numbers of off-
spots lead to an increase of the area that is used to find the N nearest 
spots used for normalization, which intuitively could affect the success of 
local normalization methods. The normalization methods we propose 
perform robustly over a large range of spots present on the array, i.e. even 
a large fraction of off-spots does not have a negative influence on 
classification performance (Fig. 4d).  
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Figure 3: ROC curves for classification of single substrates in an in silico dataset as 
positives or negatives with a t-test (p < 0.05). 197 out of 1024 spots were induced for the 
following cases: A) ROC curves for different ratios (induction effect)/(spot error) without 
intraslide gradients or array effects, each curve is a single patient. B) ROC curves for 8 
patients show the variation due to the random spot error, (induction effect)/(spot error) = 2, 
without intraslide gradients or array effects. C) The presence of intraslide gradients (Suppl. 
Mat. 1) has a detrimental effect on spot classification as can be seen by the decreasing 
AUC. D) When both intraslide gradients and array effects are present, the classification 
power decreases even further. AUC curves with AUC < 0.5, i.e. curves under the line y = x, 
are seen when the net array effect between two slides approximately cancels the effect of 
substrate induction. In those cases a t-test preferentially classifies unaffected spots as 
(false) positives and affected spots as (false) negatives, leading to a classification that is 
worse than a random guess. C) and D) illustrate the need for both intraslide and interarray 
normalization. 
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Figure 4: Performance of different normalization techniques across a range of 
experimental conditions, measured by the AUC of ROC curves. A) AUC increases with 
increasing effect size of experimental treatment. B) Upon increasing intraslide gradient 
strength, intraslide gradient correction as a first step gives an increasing contribution to 
classification performance. C) Median-centering and quantile normalization show a 
decreasing performance upon increasing the fraction of induced spots. This is the 
percentage of all 1024 substrates. D) Median-centering, quantile normalization and RSE 
normalization all show a stable performance over a range of active spots. All data points in 
A-D are the average of 8 patients control vs treatment). Error bars represent the SEM. 
Parameter settings for each of these in silico experiments are given in Suppl. Table 1. 

 
Using pathway analyses to correct for small deformations in data 
We hypothesize that signaling pathway analyses are more sensitive to 
differential kinase activity between conditions than single spot analyses, 
because small inductions in phosphorylation over multiple downstream 
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substrates can become statistically significant when analyzed in 
combination. This sensitivity is likely to extend to small deformations in the 
data caused by median-centering and quantile normalization. To test this 
hypothesis, we performed a pathway analysis with the setup and the range 
of experimental conditions as presented in Figure 4a-d, but now include 
biological effect size variation and technical effect size variation to make 
the study more realistic (methods). 

 
Figure 5: Performance of different normalization techniques across a range of 
experimental conditions, measured by the AUC of ROC curves of a pathway analysis. 
A) AUC increases with increasing effect size of experimental treatment for raw data or RSE 
normalization, but drops after an initial increase for median-centering and quantile 
normalization. B) When a larger fraction of spots that is assigned to a pathway is induced, 
the AUC increases, with RSE increasingly outperforming median-centering and quantile 
normalization. This is the percentage of spots that is annotated to an induced pathway, i.e. 
100% means that 197 spots out of 1024 spots are induced. AUC values are the average 
performance of 10 experiments with eight virtual patients each (control vs treatment). Error 
bars represent the SEM. Parameter settings for each of these in silico experiments are given 
in Suppl. Table 1. 
 
Upon increasing the effect size of the stimulation, intensity distributions 
between conditions become progressively different. This increases the 
number of unaffected pathways wrongly classified as being significantly 
repressed after median-centering or quantile normalization, leading to 
reduced AUC values, and RSE is less affected by this because of the 
iterative selection of a stable set of spots to be used for analysis  (Fig. 5a). 
The statistical power of a pathway analysis increases when a larger fraction 
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of the spots annotated to a pathway react to the treatment. RSE 
normalization shows a clear trend towards near-perfect classification upon 
an increase in the fraction of induced spots (Fig. 5b). For median-centering 
and quantile normalization this increase is largely offset by the 
normalization bias that is introduced. 
 
RSE allows outstanding characterization of cellular physiology of 
myelodysplastic syndrome (MDS) 
To illustrate the superior effect of RSE over existing normalization 
procedures we performed a biological experiment in which kinome profiles 
were generated from patients affected with myelodysplastic syndrome 
(MDS). This hematopoietic disorder is characterized by an impaired 
differentiation of myeloid cells, erythrocytes and/or megakaryocytes 25. 
Different types of MDS vary in severity and are characterized by the 
percentage of blood progenitor cells (CD34+ blasts) in the bone marrow 26, 
with high-risk MDS patients often progressing to acute myeloid leukemia 27. 
We isolated CD34+ cells from bone marrow of 4 individual high-risk MDS 
patients, and stimulated them in vitro with stromal cell derived factor 1 
(SDF1), a bone marrow chemokine, using untreated cells as a control. Four 
times two (i.e. eight) peptide arrays were used to assess the 
responsiveness to this growth factor.  
Quality of the kinome arrays was high, with a mean correlation of the 
within-array triplicates of 0.85±0.05. Nevertheless, gradient correction 
significantly enhanced the overall correlation (0.87±0.03, p=0.0028, paired 
t-test), especially in experiments with a relatively large technical gradient, 
i.e., slides from patient 4), (Supplementary Table2). The maximum gradient 
effect of the individual slides is shown in Supplementary Table 3, and 
ranges between 0.4 and 1.5. At these values, significant improvement can 
be achieved using gradient correction and RSE (Fig 4b).  
The percentage of active (phosphorylated) spots present in both 
unstimulated and SDF1 stimulated conditions ranged from 31 to 70% 
between the four patients. The number of spots induced by SDF1 
outnumbered the spots suppressed by treatment, with a net percentage of 
induced spots between 5.6 and 11,2%. In silico experimentation indicated 
that results of different normalization procedures start diverging from a 2% 
induction of spots (Fig 4c), suggesting that this experiment may indeed 



Chapter 2 

 20 

benefit from RSE normalization. This was further supported by the effect 
size of stimulation of samples – 2log effect size ranged from 1.5±0.7 to 
2.3±1.1, a range in which gradient correction followed by RSE showed 
significant improvement over other normalization procedures in our in silico 
experiment (Fig 4a). Thus, the biological experiment described here 
conforms to several criteria that suggest a potential benefit from RSE 
normalization following intraslide gradient correction.  
We performed a pathway analysis in which spots pertaining to one of 
several well-defined signaling pathways were compared by t-testing 
between control and SDF1-treated conditions. After exclusion of artifacts 
and intraslide gradient correction, the 2log-transformed values were 
normalized using either quantile normalization or RSE, followed by pathway 
analysis. Upon quantile normalization of the data we observed a significant 
general upregulation of kinase activity associated with the PI3K-PKB-
mTOR pathway, the mitogenic pathway, mitosis/DNA damage and 
immune-associated responses and stemness signaling (table 2). Activation 
of these pathways fit well with the molecular background of high-risk MDS 
27. SDF1 has previously been shown to be a potent activator of PI3K and 
MAPK signaling 28, and indeed targets of these pathways are significantly 
more phosphorylated upon SDF1 treatment of MDS CD34+ cells.  
Quantile normalization of data also resulted in the detection of small but 
significant decreases in phosphorylation of substrates that are a target for 
receptor tyrosine kinase signaling, AKT and S6K signaling, as well as Lyn, 
ATM, and WNT signaling. In addition, an overall decreased phosphorylation 
of substrates of kinases involved in G-protein signaling and cytoskeletal 
rearrangement was observed. These data are not supported by the current 
biomedical literature, and do not appear to be biologically relevant. For 
instance, one of the best-described functions of SDF1 is the induction of 
migratory responses in hematopoietic progenitor and other cells 29,30. In 
addition, this chemotactic agent is a ligand for the G-protein coupled 
CXCR-4 receptor, engagement of which is known to stimulate the 
production of inositol3-phoshate (IP3) and diacylglycerol, resulting in PKA 
and PKC activation 31,32. It is therefore highly unlikely that ligation of SDF1 
to its receptor would induce negative regulation of these pathways, and 
suggests that quantile normalization, as predicted by the in silico 
experiment (Suppl. Fig 1d) results in the unjust detection of negative 
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associations. 
We next subjected intraslide gradient corrected data to RSE normalization 
prior to pathway analysis. RSE normalization greatly reduced the number of 
negative associations as compared to quantile normalization in these data 
sets. Using RSE, we no longer observed an inactivation of AKT and S6K 
kinase activity, PKA and PKC substrates were no longer less 
phosphorylated upon stimulation, and no negative modulation of 
cytoskeletal signaling was observed. In fact, we now detected significant 
phosphorylation of migratory signaling (i.e. Rac-PAK target 
phosphorylation) upon SDF1 stimulation of cells, and observed a significant 
increase in Notch-associated signaling. While Rac signaling upon SDF1 
stimulation of CD34+ cells has been shown before28, Notch signaling upon 
SDF1 stimulation is a novel connection. Thus, our data show that RSE can 
uncover novel potential signaling pathways, which of course requires 
further validation.  
 
Discussion  
Normalization is essential to correct for differences in protein and enzyme 
input. The latter is especially challenging when different amounts of 
extracellular matrix are present in different experimental conditions, or 
when differences in sample handling can cause changes in the amount of 
denatured enzyme. In addition, approaches such as personalized medicine 
require samples to be analyzed on different days, resulting in different 
specific activity and purity of radioactive ATP batches and changes in exact 
handling, reaction time and small differences in reaction temperature 33. 
Hence, establishing robust normalization protocols is considered as a 
challenge of utmost importance with respect to development of enzyme 
activity-assessing arrays 34. Here, we show that in cases where biological 
differences in kinase activities lead to different intensity distributions, 
existing methods such as median centering or quantile normalization 
introduce a bias in the data, causing the artificial apparent down-regulation 
of phosphorylation of many substrates as a consequence of the induction of 
a limited set of other substrates. We therefore explored the usefulness of 
iterative selection of phosphorylated substrates that are not likely to show 
significant change between different experimental conditions. Using an in 
silico dataset, our method (termed RSE) was shown to perform robustly 
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over a range of experimental conditions. The gain in performance over 
other methods increases with increasing difference in intensity distributions, 
for example when more spots are induced, or when the treatment leads to 
a bigger increase in intensity. Any microarray experiment with a difference 
between the total amount of induction and the total amount of repression 
might benefit from a normalization that leaves out the affected spots. The 
normalization then uses the unaffected spots for estimation and correction 
for systematic technical variation between arrays. Using only unaffected 
spots loosens the underlying assumption for normalization from “biological 
differences do not lead to different intensity distributions” to “a large fraction 
of substrates/features on the array is unaffected by the biological 
treatment”. The latter assumption will hardly ever be violated for a gene 
expression microarray experiment and thus provides a more solid basis for 
normalization. The validity of this supposition was demonstrated by the 
biological experiment in this paper. Quantile normalization was unable to 
reproduce these literature-validated events, and unaffected pathways 
deceptively seemed to be repressed when other pathways were induced. In 
contrast, pathway analysis using RSE-normalized data showed good 
correlation with biomedical literature, and identified potential new pathways 
that may play a role in MDS pathology and may provide novel avenues of 
investigation. In this experiment, RSE normalization allowed for a more 
sensitive retrieval of biological information. We showed that the higher the 
induction of effect, the more negative statistical associations are observed 
after median-centering or quantile normalization, as the whole array is 
falsely over-normalized. However, when two experimental conditions are 
similar, and only modest effect sizes are observed, the risk of over-
normalization may be less pronounced, and either RSE or other 
normalization procedures may be applicable. 
Taken together, our study shows that a novel approach to quantification of 
radioactive peptide microarrays in combination with normalization using 
data-based selection of unchanged phosphorylations results in markedly 
superior analysis as compared to current protocols. Widespread 
implementation of the protocol described here or protocols encompassing 
similar strategies would constitute an important step forward in realizing the 
full potential offered by peptide array-based kinome profiling and will 
contribute to inter-experiment data portability.  
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Methods 
PepChip analysis of biological samples 
PepChip peptide arrays (Pepscan, Lelystad, The Netherlands) consisted of 
1024 different undecapeptides (11-mers), providing kinase substrate 
consensus sequences across the entire mammalian kinome. On each 
separate carrier, the array was spotted three times, to allow assessment of 
possible variability in substrate phosphorylation. The final physical 
dimensions of the array were 25 x 75 mm, each peptide spot having a 
diameter of approximately 250 µm, and peptide spots being 560 µm apart. 
The specificity of the assay was previously shown with 33P-α-ATP 35.  
Mononuclear cells were separated by density centrifugation on 
Lymphoprep (FreseniusKabi, Oslo, Norway) and CD34+ cells were isolated 
from frozen bone marrow from 4 MDS patients, using positive selection by 
EasySep magnetic sorting according to the manufacturers’ instructions. 
Cells were allowed to recover in Hematopoietic Progenitor Growth Medium 
(HPGM, Lonza, Allendale, NJ) for 30 minutes, and either stimulated with 
100 ng/ml SDF1 for 1 minute of left untreated. Cells were resuspended in 
mPER containing HALT protease and phosphatase inhibitors (Thermo 
Fisher, Rockford, Il). After clearing of the lysates by centrifugation, 20 µl 
activation mix was added (50% glycerol, 70 mM MgCl2, 70 mM MnCl2, 400 
µg/ml BSA, 400 µg/ml PEG800, 2µl 33P-ATP [PerkinElmer]) and samples 
were incubated at 37°C on Pepchip arrays for 2 hours in a humidified 
incubator. Slides were washed in PBS+1%Tween, in 2M NaCl+1%Tween 
and again in PBS+1%Tween at 50°C under continuous agitation. Slides 
were rinsed with dH2O and airdried, after which the phosphorimager 
screen was exposed to the arrays for 72h. Images were analyzed as 
described below. 
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Image analysis 
The image analysis procedure below was implemented in Matlab 7.11.0 
(Mathworks, Natick, Massachusetts, U.S.A). Matlab code is partly specific 
to the PepChip array layout and is available upon request. 
Before further analysis, pixel intensities were transformed according to 
equation 1 to reverse the effect of the square root transformation that was 
carried out by the phosphorimager (Molecular Dynamics) 

 𝐼"#$ = 	  
'()*+,-.)/01
2

34
       

 (1) 
With:  Itransformed : The transformed intensity, used as pixel intensity in the 
output gel/tif file 
  Iraw : The measured intensity before square root 
transformation 
  TF : transformation factor, 42752  
A sequence of image processing operations was performed to reduce noise 
and increase contrast (Suppl. Fig 2). After smoothening of the image with 
a median filter, a Laplacian of Gaussian filter (also known as Mexican Hat 
or Ricker wavelet) was applied to enhance round objects with the right size 
and a Gaussian signal distribution (Suppl. Fig 2bc). This operation 
sharpens spot boundaries. Morphological opening was used to remove 
small artifacts (< 100 µm) and finally the image was smoothened again.  
The image is thresholded at the 87th percentile and is automatically rotated 
within a 3 degrees range to align the image vertically, a maximum of 3 
degree rotation was sufficient in our experiments. This procedure assumes 
that the image is already roughly in a straight position, and relies on finding 
the orientation in which the spots are optimally aligned in vertical columns. 
The user is then asked to mouse-click on the boundaries of the array area 
that contains the spots. Based on this user-indicated spot area, locations of 
individual blocks of substrates are located. Each of these 8x8 blocks was 
spotted by a single pin of a multi-pin spotting tool.  
Subsections of the array image that contain a single block of substrates are 
used to position a predefined ideal 8x8 grid on that block. This subsection 
is thresholded at the 96th percentile for bright spots and at the 85th 
percentile for weak spots. Round features of the expected size are detected 
and used for grid positioning. Artifacts are removed before gridding. The 
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grid position and dimensions are optimized, such that it results in  the 
highest overlap with the remaining objects. Bright spots are weighted 3 
times stronger than weak spots. This optimization procedure is needed 
since both the spotting procedure and scanning of the phosphorscreen can 
introduce deviations in the size and position of these subgrids. 
 
Image analysis definitions, used for the section below: 
Foreground signal: Biologically relevant signal due to specific interaction 
between the sample and array features 
Background signal: Noise, due to aspecific interaction between the 
sample and the array 
Net intensity: Signal intensity after background subtraction 
Detection limit: The lowest foreground intensity that can still be measured 
reliably 
 
Quantification of spot and background intensity 
Individual spot positions were based on the grid position information and 
refined within a 100 µm (2 pixels) range. For each spot a circle shaped 
pixel selection (Ø = 250 µm, 21 pixels) is used to determine the mean spot 
intensity. Local background intensity is measured in a square range of 550 
µm around the spot center. Pixels within a circular range of 275 µm from 
the spot center were excluded from the background to avoid confusion with 
spot pixels. Large artifacts and pixels originating from overly large spots 
were also excluded from the background measurement. Median 
background intensity was subtracted from the mean spot intensity to obtain 
the net spot intensity, which was subsequently log2 transformed. 
 
Quality-based flagging 
Each spot was assigned a number of quality flags as a measure of spot 
reliability. To assign these flags, pixel areas surrounding each spot were 
analyzed for the distribution of pixel intensities. All flags are either 0 
(reliable spot according to that flag) or 1 (unreliable spot according to that 
flag). 
• Artifact: A large artifact (stripe, mark, blemish) shadows the spot and 

prevents reliable measurement 
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• Overshine: determines whether the presence of directly neighbouring 
bright spots is the cause of a spot intensity that is higher than the 
background. To be flagged for overshine, pixel intensity from a 
neighbouring spot must be uniformly decreasing into the spot area and 
the pixel intensity must be higher than the background intensity + 3 * 
standard deviation. 

• Kolmogorov Smirnov (KS): determines whether the distribution of spot 
pixels is sufficiently different from the distribution of local background 
pixels (p < 0.01).  

• No Contrast: pixel intensities in the enhanced image were all < 0, or the 
net spot intensity was < 0. 

• Saturated: more than 3 of the 21 spot pixels are saturated, i.e. have a 
reverse transformed pixel intensity > 95.000 

• Shape: The square area of 500 µm x 500 µm (12 x 12 pixels) around 
the spot center is thresholded at the 80th percentile. When a reliable 
spot is present, pixels that are larger than the threshold belong to the 
spot. When the aspect ratio (largest diameter / smallest diameter) of the 
spot is > 1.6 (or > 2.0 for weak spots), the spot is flagged for being 
insufficiently round to be a reliable spot. 

• Position: After the same thresholding procedure, the intensity-weighted 
centroid of the object made up by the 20%  brightest pixels is 
determined. When this centroid is located more than a user-defined 
distance (default 100 µm) away from the grid, the spot is flagged for 
being unreliable due to a faulty position 

• Overall: If any of the above flags marks the spot as being unreliable, it 
is flagged as “overall unreliable”. 

 
Intra-array normalization 
The Pepchip peptide microarrays used in this study contain three replicate 
sets of 32 x 32 spotted substrates (Figure 1a). Each spot on the array 
therefore has two replicate counterparts. Each log2 transformed net spot 
intensity is compared with these two replicates to find a deviation for each 
spot on the slide. These deviations are only calculated between reliable 
(i.e. unflagged) spots and are depicted in Figure 1c. In the absence of 
systematic effects, this would yield a random distribution of negative and 
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positive deviations, the magnitude of which would be largely determined by 
the random spot error. However, when areas are found where spots are 
systematically stronger or weaker than their replicates, a systematic effect 
is likely at play. To correct for this systematic effect, a local gradient is 
calculated for every individual spot, by taking the median deviation of the 
20 most closely located unflagged spots, excluding the deviation of the spot 
itself. To this end, a circular region is defined that is centered around the 
spot. The radius of this circle is increased in a stepwise fashion until the 
minimum of 20 neighboring spots is reached. The median deviation is 
calculated against both corresponding areas and then used to calculate a 
correction for each individual spot:  

𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑖𝑜𝑛 = 	   ="#>?@ABCD="#>?@ABE
F

      
 (2) 
With:  

-‐ Correction: final correction value (log2 scale) 
-‐ Gradient1: median deviation against first set of replicates 
-‐ Gradient2: median deviation against second set of replicates 
-‐ 3: factor that ensures appropriate correction when each spot is 

corrected in by this method. 

 
Interarray normalization 
Intra-array normalized intensity values are used as input for inter-array 
normalization. Slides were inter-array normalized per pair (with or without 
SDF1 from each patient) using RSE normalization. Spots that are flagged 
when either of the conditions are excluded from the normalization 
procedure. RSE takes an approach similar to intra-array normalization. 
Instead of three sets that are compared to each other, the interarray 
normalization compares the average of the triplicate spot intensities on one 
slide to the average of the triplicate spot intensities on the other slides, as 
described previously.  
 
In Silico validation of RSE 
All intensity values are expressed as a log2 transformed dimensionless 
value. Each spot intensity was the sum of a i) random basic intensity, 
normally distributed (µ = 10, σ = 1.5); ii) random value for inter-patient 
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biological variation, normally distributed (µ = 0, σ = 0.5); iii) treatment effect 
for induced spots; iv) local intraslide gradient effect, one of 15 possible 96 x 
32 gradient arrays was randomly added to each slide; v) uniformly 
distributed random array effect from the range [-2, 0]; and vi) random spot 
error, normally distributed (µ = 0, σ = 0.4). 
For each patient, a t-test was performed for each substrate to examine 
statistical significance between the triplicate values of the two conditions. 
 
Pathway analysis 
Pathway analysis was performed with the same setup and same range of 
experimental conditions presented in figure 4 a-d. For each patient, a single 
slide with a control condition, and a single slide with a treatment condition, 
such as treatment with a growth factor, were generated (experimental set-
up and normalizations are shown in Supplementary Figure 4). The 
treatment was assumed to activate two downstream pathways, these 
pathways consisted of a total of 18 kinases, with a total of 197 downstream 
spots. To make the study more realistic two additional sources of variation 
between spots were introduced to simulate biological and technical noise of 
the spots: 
1. Biological effect size variation, normally distributed (µ = 0, σ = 0.4), 
accounting for the fact that different patients can react differently to a 
growth factor.  
2. Technical effect size variation, uniformly distributed between [-0.2, 
0.2] (between  [-0.33*E, 0.33*E] when the effect size was varied, Figure 
5a). This accounts for the fact that spotted peptides can react with different 
kinetics to activation of the same kinase. 

RSE-normalized values were subsequently used for pathway analysis, in 
which spots pertaining to one of several well-defined signaling pathways 
were compared by paired t-testing for the individual conditions. This allows 
for a more robust analysis of pathway activation as compared to individual 
spot analysis.  
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Supplemental material 

 
Supplementary Figure 1: Standard normalization techniques lead to data deformation 
in case of a large difference between experimental conditions. A) Randomly generated 
result for a hypothetical microarray experiment, with 9 spots per array. For simplicity, 
measurement error is assumed to be zero. Spot 5 is strongly induced by this treatment 
condition, whereas the other spots are unaffected. B) The same result, condition 2 is 
affected by a technical variation, causing spot intensities to be systematically lowered. C) 
The same data as in b, after normalization using median-centering. D) The same data as in 
b, after quantile normalization. Both c and d show the introduction of a bias in the 
normalized results, where many of the unaffected spots have a lower intensity after 
normalization. This example serves to illustrate similar normalization effects that we 
observed on more realistically sized arrays containing several hundreds to thousands of 
spots. E) RSE normalized data, showing no bias. 
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Supplementary Figure 2: Image enhancement leads to better defined spots and 
increased contrast. A) False color image of a radioactive peptide microarray (raw image). 
B) Mesh plot of a subsection of the array displayed in a), showing the gaussian distribution 
of pixel intensities for multiple spots. C) Mesh plot of the laplacian-of-gaussian filter 
(“Mexican Hat”) that is used to enhance the raw image and to increase contrast. D) The 
corresponding array after image enhancement. 
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Supplementary Figure 3: Different types of artifacts are automatically detected to 
improve data quality by selectively discarding unreliable spots. A) A weak stripe is 
visible. Flags are indicated by red circles. B) The two flagged spots (red circles) at the top 
have the highest intensity located too far from the expected spot center (middle of the 
circle), the bottom two flagged spots show a not-round object that is not centered at a spot 
position. C) A larger blemish prevents reliable measurement of a number of spots. 
 
 
 

 
Supplementary Figure 4. Schematic representation of kinome analysis in which two 
experimental conditions are compared. This situation is applicable to both the in silico 
and the biological experiment presented in this study. Unstimulated and stimulated samples 
(i.e. SDF1 in the biological experiment) are applied to a kinome array, First, intraslide 
gradient correction is performed, thus improving the correlation between the triplicate 
substrates on a slide. Inter-slide normalization is performed on the mean of the substrate 
triplicates.   
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Supplementary Table S1 parameters for in silico PepChip experiments 
 
The following parameters were used to create an in silico Pepchip experiment: 

 

Slide layout: 
Each slide contains 1024 peptide substrates (32x32) in three triplicate sets (Fig 2a) 

 

Experimental design: 
Results were simulated for 8 patients, with 1 control slide and 1 treatment slide for each 
patient (16 slides in total) 
2 pathways were assumed to be activated by the treatment, with a total of 18 kinases 
and 197 downstream substrates 
Slides were randomly affected by an intraslide gradient, which was added to the spot 
intensities (Suppl. Mat. 1). The gradient ranged linearly from the maximum effect (-2 on 
a 2log scale) to 0. 
Slides were affected by a uniformly distributed array effect, range [-2, 0], 2log scale 

A normally distributed random error (µ = 0, σ = 0.4, 2log scale) was added to each 
substrate intensity 
Upon treatment, intensities of downstream activated substrates were increased with the 
treatment effect (0.8, 2log scale) 
 

Variations on this design for figure 4: 

Fig 4a: Treatment effect size was varied from 0.2-2 in steps of 0.2 (on a 2log scale) 

Fig 4b: Maximum gradient effect was varied from 0 - 3.6 in steps of 0.4 (on a 2log 
scale) 
Fig 4c: A varying fraction (10% to 100%) of the downstream 197 substrates was 
induced, resulting in roughly 2-20% of 1024 spots on the array being induced 
Fig 4d: A varying fraction of spots was selected to be completely not responsive, i.e. 
off-spots. Of the 1024 spots, 0-900 spots were set as off-spots (both induced 
substrates and not induced substrates were selected as off-spots), leaving 10-100% of 
all 1024 spots active. 
 

Further variations on this design for figure 5: 
For the pathway analysis, three further variations were introduced: 

1: Biological variation between patients, normally distributed (µ = 0, σ = 0.5, 2log scale) 

2: Variation of the effect of the treatment on induced spots, uniformly distributed [-
0.33*Effect_Size, 0.33*Effect_Size], 2log scale) (not all downstream spots react equally 
strong on the treatment) 
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3: Biological variation of the effect of the treatment on induced spots, normally 
distributed (µ = 0, σ = 0.3, 2log scale) (Patients can react differently to the same 
treatment) 
 

For figure 5a: mean Effect_Size was varied between 0.15 and 1.5 in steps of 0.15 (2log 
scale) 
For figure 5b, mean Effect_Size was set at 0.6 and a varying percentage (10-100%) of 
197 downstream spots was induced 
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Supplementary Table S2. Characteristics of arrays of biological experiment 
 

 
Patient 

  1 2 3 4 

2log Effect size (mean +/- stdev) 
2.0 +/- 

0.9 
2.0 +/- 

1.0 
2.3 +/- 

1.1 
1.5 +/- 

0.7 

stdev of 2log (Spot Error) - SDF1 0.58 0.64 0.55 0.43 

stdev of 2log (Spot Error) + SDF1 0.51 0.50 0.54 0.45 
# active spots (overlap between -SDF1 en + SDF1, 
unflagged spots on both slides) 323.00 505.00 559.00 713.00 

% of active spots (# active spots/1024*100) 31.54 49.32 54.59 69.63 

# induced spots (p < 0.05)  42.00 69.00 77.00 135.00 

# repressed spots (p < 0.05)  24.00 22.00 15.00 55.00 

Netto % induced spots (= (Ind - Repr)/Tot*100%) 5.57 9.31 11.09 11.22 

Max Gradient effect - SDF1 0.40 0.90 0.70 1.50 

Max Gradient effect + SDF1 0.80 0.90 0.90 0.90 
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Supplementary Table 3. Intraslide spot correlations before gradient correction, after 
gradient correction, and the difference (the green-scale indicates the beneficial effect 
of gradient correction).  

Correlations before gradient correction 
     

Patient 1 1 2 2 3 3 4 4 

Treatment  -SDF1  +SDF1  -SDF1  +SDF1  -SDF1  +SDF1  -SDF1  +SDF1 

Corr1_2 0.81 0.88 0.84 0.91 0.90 0.89 0.89 0.88 

Corr1_3 0.79 0.81 0.79 0.84 0.88 0.86 0.71 0.83 

Corr2_3 0.84 0.87 0.83 0.87 0.90 0.87 0.74 0.85 

         
Correlations after gradient correction 

      
Patient 1 1 2 2 3 3 4 4 

Treatment  -SDF1  +SDF1  -SDF1  +SDF1  -SDF1  +SDF1  -SDF1  +SDF1 

Corr1_2 0.82 0.88 0.85 0.91 0.91 0.90 0.90 0.89 

Corr1_3 0.81 0.83 0.79 0.87 0.89 0.87 0.85 0.88 

Corr2_3 0.84 0.87 0.83 0.89 0.91 0.89 0.87 0.88 

         
Difference (after - before) 

       
Patient 1 1 2 2 3 3 4 4 

Treatment  -SDF1  +SDF1  -SDF1  +SDF1  -SDF1  +SDF1  -SDF1  +SDF1 

Corr1_2 0.00 0.00 0.01 0.00 0.01 0.00 0.01 0.01 

Corr1_3 0.01 0.02 0.00 0.03 0.01 0.02 0.14 0.05 

Corr2_3 0.00 0.00 0.01 0.01 0.01 0.02 0.12 0.04 
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Abstract 
Here we propose a novel, rational method for designing peptide substrates 
to improve the sensitivity and specificity of protein kinase assays. Since the 
introduction of protein kinase activity assays, phosphorylation substrates 
have been derived from natural protein sequences: full-length proteins, 
protein fragments or short peptide sequences. Unfortunately, there is only 
limited selection pressure on the optimization of these natural kinase 
substrates, often resulting in non-specific and insensitive kinase assays. 
This specifically hampers activity-based kinome profiling, in which multiple 
kinase activities are measured in complex mixtures, such as cell- and 
tissue lysates. A theoretical analysis of all known substrates for the related 
kinases CDK1 and MAPK1 was performed, applying the Predikin 
framework. Sensitivity matrices for both proteins were extracted from the 
Predikin website. We subtracted these Predikin weight matrices to get a 
contrasted weight matrix by subtracting the MAPK1 sensitivity matrix from 
the CDK1 sensitivity matrix.  As a proof of principle for an improved 
substrate selection, two sets of six peptides were designed to detect and 
discriminate activity of CDK1 and MAPK1, which was confirmed in mass 
spectrometry-based kinase assays. One of these sets was optimized for 
higher sensitivity and outperformed a selection of known, natural substrates 
for both kinases, being able to distinguish similar kinases significantly better 
with improved sensitivity. Together, our results suggest that our novel 
rational peptide design method offers a powerful approach to 
simultaneously improve sensitivity and specificity of kinase assays. 
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Introduction 
Protein kinases are key regulators of cellular processes, including 
proliferation, differentiation and apoptosis1-3 . They play a role in a plethora 
of diseases, such as cancer and inflammatory diseases and constitute a 
rich class of targets for novel therapeutic inhibitors4. Kinases function by 
phosphorylating serine, threonine or tyrosine residues on downstream 
substrates, thereby inducing conformational changes and/or charge 
alterations, resulting in modulation of protein activities5. Kinase activations 
are among the very first processes to take place in cells in response to a 
variety of external stimuli, such as hormones, growth factors and 
mechanical stress. These fast reaction times – in the order of seconds to 
minutes – make kinase activities interesting early and predictive readouts of 
cellular processes.  
Kinase activity can be assessed in various ways. An indirect method to 
evaluate kinase activity is the measurement of the phosphorylation status 
of downstream substrates by, for example, western blotting or mass 
spectrometry 6. A more direct alternative is to measure the rate at which a 
substrate is phosphorylated by purified kinases or by kinases in a cell 
lysate. In such experiments, substrates are incubated in homogenous 
reactions or on kinase substrate microarrays7,8 with a buffered solution 
containing active kinases and ATP, supplemented with divalent ions such 
as Mn2+ or Mg2+ for full kinase activation7. Reaction products can be 
analyzed using methods like mass spectrometry 9, isotopic detection 10, or 
fluorescence polarization 11.  
Selection of the most suitable substrates for a kinase activity assay is 
challenging. Full-length protein substrates with intact secondary and tertiary 
structure provide the best representation of physiological kinase-substrate 
interactions. However, most proteins have multiple phosphorylation sites 
and can be targeted by different kinases. Furthermore, full-length proteins 
cannot be easily synthesized. A frequently employed alternative is to use 
short – 9 to 15 amino acids – peptides as kinase substrates7,8. This 
approach finds its rationale in the fact that the physical interaction between 
substrates and the catalytic pocket of kinases has been found to be limited 
to 7 amino acids12. These heptapeptides contain the phosphorylation site (a 
serine, threonine or tyrosine residue), flanked by 3 upstream amino acids 
and 3 downstream amino acids. Specificity between kinase domains and 
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their phosphorylation sites is determined by the physicochemical fit of the 
substrates in the catalytic pockets.  
Most peptide-based kinase assays rely on the phosphorylation of known 
physiological substrates. Databases such as Phospho.ELM13 and 
PhosphoSite14 contain information on thousands of experimentally verified 
phosphorylation events, many of which are matched to the upstream 
kinase. Kinases can have large numbers of downstream substrates that 
typically contain different heptapeptide sequences as phosphorylation sites. 
These substrates have evolved to be suitable targets for one or more 
upstream kinases. “Suitable” means effectively leading to appropriate 
phosphorylation levels under the right circumstances. To this end, some 
substrates might be very sensitive to phosphorylation, others might be 
more resistant to become only phosphorylated when exposed to higher 
kinase activities. Alternatively, some substrates might rely primarily on 
being brought in close vicinity to the active site of the kinase by a docking 
or scaffolding interaction12. In such cases the evolutionary pressure to 
maintain a perfect match between substrate and kinase can be small and 
the peptide can assume a relatively wide range of sequences, while still 
remaining functional.  
The reasons above have led us to speculate that not all naturally occurring 
kinase substrate sequences are equally suitable for use in kinase activity 
assays. We therefore set out to develop a strategy to design peptide 
substrates rationally, resulting in improved peptide-based kinase assays, 
ideally combining high sensitivity and specificity. The latter is especially 
important for assaying complex mixtures of kinases, such as cell lysates in 
so-called kinome profiling experiments7. In the light of the above, we did not 
restrict our design method to naturally occurring substrate sequences, as it 
is unlikely that these peptides have evolved to be optimal substrates for 
kinase assays. Instead, rational design of peptides should allow more 
freedom to optimize peptides for both sensitivity and specificity of the 
resulting assays. 
We looked for a tool to quantify the match between a kinase and its 
substrate. A variety of such tools exist, such as NetworKIN 15, KinasePhos 
16, GPS 17, DISPHOS 18, pkaPS 19, PredPhospho 20, Scansite 21, PPSP 22 
and NetPhos 23, and Predikin 24,25. In this study, we used Predikin 24,25 to 
determine the combination of substrate sensitivity and specificity to 
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rationally design peptides for a kinase activity assay. We tested our 
approach on determining substrates for the kinases CDK1 and MAPK1. 
Peptide phosphorylation was evaluated using a mass spectrometry setup. 
 
Results and discussion 
Discriminating peptides were designed for MAPK1 and CDK1 by combining 
sensitivity and specificity matrices 
Predikin is based on the assumption that each amino acid in a substrate 
interacts with specific amino acids in the catalytic cleft of its respective 
kinase. The majority of kinases adopt a conserved three-dimensional 
conformation and the amino acids lining the catalytic cleft are located at 
conserved positions. These amino acids in the kinase are termed substrate 
determining residues (SDRs). Making use of a database of known kinase-
substrate pairs, Predikin constructs frequency matrices of substrate amino 
acids for most kinases. These matrices list the number of times an amino 
acid is found on each heptapeptide position in substrates that are known to 
interact with kinases with similar SDRs for that position. Therefore, matrices 
can be constructed even in the absence of known phosphorylations for a 
specific kinase, when substrates are known for kinases that have similar 
SDRs. This feature gives Predikin a relatively wide predictive spectrum 
when compared to other tools. By comparing a frequency matrix with 
background frequencies of amino acids, weight matrices are constructed. 
Amino acids that appear with high frequency in substrates that match 
certain SDRs are assigned a positive weight. Weight values for each 
substrate position are added and the result is linearly converted to a 
Predikin score on a 0-100 scale. As such, each amino acid in the 
heptapeptide individually contributes to the score for the goodness of fit 
between the substrate and the catalytic cleft of the kinase. However, 
substrate sensitivity is not the only aim in a kinase activity assay. Ideally, a 
substrate would also be specific to one kinase or a small family of kinases.  
Mitogen activated protein kinase 1 (MAPK1) and Cyclin dependent kinase 1 
(CDK1) were selected from the CMGC group of kinases, a group of 
evolutionary related proline-directed kinases 26. These kinases are 
expected to be dissimilar enough to be distinguishable in a kinase activity 
assay, while being similar enough to display overlapping phosphorylation 
patterns. Sensitivity matrices for both proteins were extracted from the 
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Predikin website and are given in Figure 1ab. We subtracted Predikin 
weight matrices to get a contrasted weight matrix. We propose that values 
in this matrix indicate how much each amino acid on each position is 
preferred by one kinase when compared to the other. High positive values 
would indicate being a suitable amino acid for the first kinase, while being 
detrimental to interaction with the second. As such, this contrasted weight 
matrix could be used as a specificity matrix. This matrix was calculated by 
subtracting the MAPK1 sensitivity matrix from the CDK1 sensitivity matrix 
(Figure 1c). 
Six theoretically highly discriminating peptides were designed to distinguish 
between activity of CDK1 and MAPK1 kinases (table 1A). Three of these 
peptides were designed to favour CDK1, three others to favour MAPK1. In 
this process, first a longlist of peptides was constructed by making all 
combinations of amino acids made up of the top-3 discriminating amino 
acids per position. E.g., peptides favouring CDK1 had either asparagine 
(N), glutamine (Q) or tryptophan (W) on position -3 (first row in Fig 1c). In 
this process, serine, threonine and tyrosine were left out (except for 
position 0) to avoid peptides with multiple phosphorylation sites. Cysteine 
was left out to avoid unwanted disulphide bridges between peptides that 
could disrupt peptide phosphorylation. When both kinases have the same 
SDRs for a position, the specificity matrix is 0 for that position for all amino 
acids (row 2 and 4 in Fig 1c). In that case, the best matching amino acid 
from the sensitivity matrices was taken. E.g., proline was selected for 
position -2 for all designed peptides.  
Predikin sensitivity scores were calculated for CDK1 for the resulting 
longlist of peptides (supplemental on-line information 1). The Predikin 
method was then used to calculate specificity scores in a similar way. A 
shortlist of peptides was made by discarding all peptides that scored < 80% 
of the maximum value for the product of sensitivity score and specificity 
score. From this shortlist, the top-scoring peptide for (sensitivity x 
specificity) was selected as the first peptide of the triplicate peptides that 
were designed for each kinase. 
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Figure 1.  Weight and specificity matrices for CDK1 and MAPK1. a) Predikin 
weight/sensitivity matrix for CDK1. b) Predikin weight/sensitivity matrix for MAPK1. c) 
Specificity matrix for CDK1 vs MAPK1. Position indicates place of amino acid in the 
heptapeptide. Values vary between worst matching amino acid (-4.6, red) to best matching 
amino acid (+4.1, blue).  
 
To avoid ending up with three very similar peptides, the remaining peptides 
were selected by maximizing the biological difference while staying within 
the boundaries for selectivity and specificity. This was done by calculating a 
quantitative similarity score based on the Blosum62 substitution matrix 27. 
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Identical or similar amino acids give a positive contribution to peptide 
similarity, whereas different amino acids give a negative contribution. 
Hence, the lowest score indicates the biggest difference. The second and 
third peptide favouring CDK1 were selected from the shortlist by minimizing 
the sum of Blosum62 similarity scores between the three peptides. This 
process was repeated to design 3 peptides to favour MAPK1, using the 
inverse version of the specificity matrix in Figure 1c. The sequences of the 
resulting peptides are presented in table 1. 
These 6 selected peptides have very good specificity scores between 
CDK1 and MAPK1 (figure 1AB, Table 1A).  Although both CDK1 and 
MAPK1 are proline directed kinases, proline was never included on position 
+1, since it was not among the top-scoring amino acids for specificity for 
that position. It can be seen from Figure 1ab that proline gives a very large 
and positive contribution to peptide sensitivity. We therefore included a 
second set of 6 peptides identical to the first set, but with the amino acid on 
position +1 changed to proline (table 1B). Interestingly, 11 of the 12 
designed peptides do not occur in homo sapiens. This finding illustrates 
that peptide design can draw from a new range of potential kinase 
substrates. The peptide that does occur in homo sapiens, PPLSPGA, is not 
known to be a substrate for MAPK1, the kinase towards which it’s design 
was aimed. Finally, we selected 12 control peptides for the experiment from 
the HPRD database 28, 6 known CDK1 substrates and 6 known MAPK1 
substrates Table 1C. 
Substrates were selected without serine/threonine/tyrosine or cysteine on 
heptapeptide positions 1/2/3 and 5/6/7, to avoid multiple phosphorylation 
sites and disulphide bridging. Specificity and sensitivity scores were 
calculated for all 41 known substrates of CDK1 and for all 39 known 
substrates of MAPK1 that met these requirements (Supplement data). For 
each kinase, we selected the three substrates that scored best for the 
combination of specificity and sensitivity, and the three peptides that scored 
worst. It is evident from the results in this study that many known substrates 
of CDK1 and MAPK1 have not evolved to be the most sensitive or specific 
targets for these kinases. 
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Table 1: Overview of peptides used in this study with corresponding prediction of 
%phosphorylated as determined by the Predikin score and the actual 
%phosphorylated as determined by mass spectrometry.  

 
To improve upon substrate sequences available in naturally occurring 
proteins, we aimed to design de novo peptide peptides with a useful 
balance of sensitivity and specificity. To this end, we proposed the 
construction of a specificity matrix from two Predikin sensitivity matrices. 
This specificity matrix was at the basis of designing peptides that were 
optimized for discriminating between CDK1 and MAPK1 activity. By 
balancing specificity with sensitivity, 12 designed peptides were selected. 6 
of these peptides were expected to be more specific, but less sensitive, 
whereas for the other 6 some specificity was sacrificed for sensitivity, by 
including the less discriminating proline on position +1. The latter set 
contained three peptides targeted at CDK1, and three peptides targeted at 
MAPK1.  
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Figure 2: Example of mass spectrometry results. Peptide (GGGG)PPLSPGA(GGGG) 
was incubated with ATP and MAPK1. Unphosphorylated peptide is found at m/z = 1432, 
phosphorylated peptide shows at m/z = 1512. Peak area analysis reveals the relative 
abundance, indicating 50 ± 4 % of the peptide is phosphorylated (average of three replicate 
measurements). 
 
Designed peptides are sensitive and specific 
Peptides were incubated in solution with each of the kinases separately. 
Phosphorylation causes an 80 Da shift in the mass of the peptide fragment, 
allowing quantification of the fraction of phosphorylated peptide using mass 
spectrometry. The mass spectrometry result for one of the peptides is 
shown in Figure 2 as an example. All peptides used in this study, together 
with Predikin scores for CDK1 and MAPK1 and the resulting fraction of 
phosphorylated peptide with each kinase are given in Table 1.Designed 
peptides with a proline at position +1 are phosphorylated at high levels by 
their corresponding kinase (except for peptide DPNSPVF), strongly 
supporting the hypothesis that designed peptides are both specific as well 
as sensitive towards specified kinases. Substrates based on sequences 
from natural protein substrates display a marked variation of 
phosphorylation levels. Substrates with high scores for sensitivity and 
specificity (Predikin score >80) perform well, especially for CDK1. CDK1 
control peptides with low scores for specificity are not phosphorylated. 
MAPK1 substrates with the lowest scores for specificity had notably higher 
sensitivity scores for CDK1 than for MAPK1 and, accordingly, are only 
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phosphorylated by CDK1. Designed peptides without proline at position +1 
showed no phosphorylation, which is expected based on the nature of 
proline-directed kinases. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3: Fraction of phosphorylated peptide plot against Predikin score. The dashed 
line indicates a cutoff value of 82, below which no phosphorylation is expected in the kinase 
assay we used. 
 
A narrow range of Predikin score serves as a predictive threshold for 
peptide phosphorylation 
Phosphorylated substrate fractions were plotted against the corresponding 
Predikin score for all peptides (Figure 3). In this figure, a remarkably sharp 
threshold score of 81-83 marks the division between unphosphorylated 
peptides (lower scores) and phosphorylated peptides (higher scores). 
Amongst substrates with Predikin scores >80 there is a 0.6 correlation 
between Predikin score and phosphorylated fraction for CDK1 and a 0.8 
correlation for MAPK1, further substantiating the predictive power of 
Predikin scores for phosphorylation rates of substrates. Three exceptions to 
this rule were observed, most notably peptide DPNSPVF, which is not 
phosphorylated by MAPK1, despite a Predikin score of 87.  
As a negative control, Predikin scores were also calculated for AGC group 
kinases cAMP-dependent protein kinase catalytic subunit alpha (PKA Cα), 
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protein kinase C alpha (PKCα), and RAC-alpha serine/threonine-protein 
kinase (AKT1). All scores were <81 and none of the peptides showed 
phosphorylation with any of these kinases (Suppl. Table 2). 
Although the Predikin webservice 29 is limited to returning a score for each 
kinase-substrate pair, it is a small step to harness the Predikin weight 
matrices to construct the best fitting substrate for a kinase. The 
heptapeptide that combines the highest weighted amino acid for every 
position gets score 100 and could be assumed to be the most sensitive 
peptide to measure activity of the respective kinase in a biochemical assay. 
The weight matrix could thus be seen as a sensitivity matrix for substrate 
selection.  
Strikingly, the Predikin scores used to predict substrate sensitivity displayed 
a very narrow threshold range, below which (<81) substrates were never 
phosphorylated. Higher Predikin scores on the other hand (>83) reliably 
predicted most of the substrate phosphorylations by both kinases. Predikin 
is a system to predict substrate specificity of protein kinases, including 
prediction of the most likely phosphorylation site for a given protein kinase 
or prediction of the most likely protein kinase for a given phosphorylation 
site. Analysis of the Predikin scores of all known natural substrate 
sequences of CDK1 and MAPK1 revealed that many of these substrates 
are not expected to be particularly sensitive to kinase activity, nor can they 
distinguish between kinases. The experimental results presented in this 
study fully support these findings. Apparently, existing natural substrates 
exhibit a wide range of sensitivities to kinases. This marked variation may 
arise on the one hand from the need to regulate substrate phosphorylation 
levels in a variety of ways. For example, some substrates may have to be 
very sensitive to upstream kinase activity, whereas others should only be 
phosphorylated by very high kinase activities. On the other hand, additional 
regulatory mechanisms are at play in the cellular context to regulate 
appropriate phosphorylation levels. Docking or scaffolding interactions and 
colocalization could increase the effective substrate concentration and 
speed up phosphorylation of less sensitive substrates (reviewed in30). 
Furthermore, lack of substrate specificity can have the purpose of allowing 
integration and balancing of multiple upstream kinase activities in a single 
pathway. Having learnt the threshold range for predicted phosphorylation, 
further substrate optimization is straightforward. Peptides with even higher 
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predicted sensitivity can be designed that are also expected to be highly 
specific as long as predicted sensitivity for the other kinase remains < 81. 
Interestingly, our approach allows a simultaneous improvement of both 
sensitivity and specificity, in contrast to the conventional view of a tradeoff 
between these parameters in assay design. Evolution has led to a range of 
kinase substrate sequences for CDK1 and MAPK1. Some amino acids in 
these sequences make a detrimental contribution to both sensitivity and 
specificity and rational replacement of these amino acids leads to 
substrates that are both more sensitive and more specific in a kinase 
activity assay.  
 
Natural sequence substrates for CDK1 and MAPK1 display a wide range of 
Predikin scores and are predicted to be largely unsuitable for use in a 
kinase activity assays 
To further assess the expected suitability of substrates derived from natural 
protein sequences, Predikin sensitivity scores were analysed for known 
substrates for both kinases. The distributions of scores are given as 
boxplots in Figure 4. Based on the results in Table 1 and Figure 3, a 
sensitive and discriminatory substrate for a kinase assay should combine a 
score >83 for kinase 1 with a score <81 for kinase 2. This is the case for 12 
out of 41 natural CDK1 substrates (29%) and 2 out of 39 natural MAPK1 
substrates (5%). Hence, natural MAPK1 substrates seem particularly 
unsuitable for use in kinase assays. Sixty-four per cent of all MAPK1 
substrates have Predikin scores <81 for MAPK1 and 44% have Predikin 
scores >83 for CDK1. I.e. many known MAPK1 substrates are predicted to 
have a higher tendency to be phosphorylated by CDK1 than by MAPK1. 
Our results support this prediction showing that 3 selected natural MAPK1 
substrates were phosphorylated by CDK1 but not by MAPK1. Furthermore, 
we observed low phosphorylation levels (<=5%)of the top-3 known MAPK1 
substrates by MAPK1. 
It is tempting to speculate about the limits of discriminatory power of 
designed peptides. Closely related kinases MAPK1 and MAPK3 have 
identical Predikin weight matrices, but MAPK8 shows notable contrast with 
MAPK1/MAPK3 at positions +2 and +3 (results not shown). It is likely that 
activities within small groups of relatively similar kinases cannot be 
separated, but that these groups could well be distinguished. For this, a 
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group of peptides need to be designed that are sensitive to one kinase 
group, and that together rule out other kinase groups. Multiple peptides will 
be needed to distinguish between related small groups, but excluding more 
distantly related kinases is less challenging. For example, none of the 
peptides in this study showed cross-reactivity with PKA Cα, PKCα or AKT1 
that belong to a different main kinase group (ACG group), supplemental 
table 2. 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4: Boxplots of Predikin scores of substrates that are known to be downstream 
of CDK1 and MAPK1. The dashed line indicates a cutoff value of 82, below which no 
phosphorylation is expected in the kinase assay we used.  
 
Peptide array results corroborate the correlation between Predikin score 
and phosphorylation on a large substrate set 
Peptide substrates microarrays offer an attractive approach for multiplexed 
kinase assays, allowing testing of small samples on large numbers of 
potential substrates. We performed array phosphorylation experiments with 
CDK1 and MAPK1, to investigate the predictive value of Predikin scores on 
microrarrays. The results of this experiment are shown in Figure 5. The 
results confirm a positive correlation between Predikin score and spot 
intensity, suggesting that Predikin scores retain their predictive value upon 
immobilization of the peptide substrates.  
This study also shows that the predictive power of Predikin extends to 
peptides immobilized on microarrays, suggesting that Predikin could be of 
use in the design of peptide array content. Array-based assays allow the 
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multiplexed discrimination of many kinase activities in a single experiment, 
for which peptide sensitivity and specificity are of utmost importance. 
Arrays of printed peptides allow custom designs that could be tailored to 
expression patterns of kinases in specific tissues or cell types. Such 
custom designs that target a subset of kinases would reduce the number of 
kinases to be discriminated by means of primary substrate sequence 
design, further contributing to the discriminatory power of the assay. 
As for all other substrate-predicting tools, the number of known 
phosphorylations is the main limiting factor for Predikin performance. 
Especially kinases with rare SDRs, showing little overlap with other 
kinases, have sparse matrices with resultantly limited predictive power. In 
the future, dedicated experiments could target these knowledge gaps and 
boost Predikin’s predictive power  

Figure 5: Peptide array experiment to test the predictive value of Predikin scores on 
phosphorylation intensity. Scatterplot of all Ser/Thr substrates with peptide charge +1/+2. 
Incubation with CDK1 (a) and MAPK1 (b) resulted in positive correlations r between 
substrate spot intensities and their Predikin scores. Incubation with MAPK1 resulted in 
substantially higher spot intensities on the arrays as compared to CDK1, resulting in a 
stronger correlation. Grey dots have a Predikin score < 60 and correspondingly low 
phosphorylation intensities. These substrates have low spot intensities which suffer from a 
much larger increase in variation in the 2log-transformed domain than spots with higher 
Predikin scores. Accordingly, these low-score-low-intensity spots have been left out for 
calculating the correlation score and for fitting the least squares trendline. Indicated with a 
red circle is the only overlapping peptide between the array experiment (KTPKDSPGIPP) 
and the mass spectrometry experiment (PKDSPGI). This peptide was not phosphorylated by 
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either MAPK1 or CDK1 in the mass spectrometry experiment and shows low intensities for 
both kinases on the array. 
 
 
Conclusion 
We show for the first time the rational design of peptides for use as 
substrates for measuring kinase activity. We show the sensitivity and 
specificity of designed peptides in solution using mass spectrometry and of 
peptides immobilized on peptide arrays. Together, the results in this study 
indicate that a careful selection of peptides for use in kinase activity assays 
is both needed and feasible. Rationally designed peptides offer immense 
flexibility and can be expected to outperform known, natural substrates in 
terms of both sensitivity and specificity. Therefore, this study shows that 
substrate prediction and design with Predikin is a powerful approach for 
improvement and rational design of substrate sets for kinome profiling.  
 
Methods 
Peptide design 
Predikin weight matrices were extracted for CDK1 and MAPK1 from the 
Predikin webservice using only experimentally confirmed phosphorylations 
from the Uniprot database. Specificity matrices were calculated by 
subtracting one matrix from the other. A triplet of peptides was designed for 
each of the kinases, favoring one kinase while being a bad substrate for the 
other. The following describes the design of one of these triplets. The 
process was then repeated for the other kinase with the inverse specificity 
matrix. To compile a longlist of discriminating peptides, the top-3 
discriminating amino acids for each position were combined. The best 
scoring amino acid (serine, threonine, or tyrosine) was selected for the 
phosphosite (position 0). Cysteine was excluded to avoid the formation of 
disulfide bridges between peptides, and serine, threonine and tyrosine were 
excluded from other positions to prevent the creation of multiple 
phosphorylation sites. Predikin scores for all peptides in this longlist were 
calculated as a measure of sensitivity. Specificity scores were calculated 
from the specificity matrices using the Predikin scoring method. For each 
peptide in the longlist, the product of sensitivity and specificity were 
calculated. Peptides scoring less than 0.8 times the maximum value for this 
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product were discarded. The top scoring peptide for the product of 
specificity and sensitivity was selected as the first of three peptides. 
Similarity scores between all peptides were calculated using the Blosum62 
substitution matrix. With the first peptide already selected, the other two 
peptides were selected from the shortlist so as to minimize the sum of 
similarity scores between the three peptides. This step prevented the 
design of three peptides with very similar properties.  
A second set of two triplets was designed based on the first set, by 
replacing the amino acid on position +1 for proline. This replacement was 
expected to slightly reduce specificity, but to significantly enhance 
sensitivity.  
 
Predikin scoring of substrates 
Known substrates of CDK1 and MAPK1 were extracted from the Human 
Protein Reference Database [25]. Heptapeptides centered around the 
phosphosite were submitted to the Predikin webservice together with amino 
acid sequences for CDK1, MAPK1, PKA Cα, PKCα and AKT1. Scores were 
used as returned by the Predikin server. The same process was carried out 
for designed peptides. 
 
Peptide phosphorylation and mass spectrometry 
The peptide kinase substrates were ordered from Pepscan B.V. (Lelystad, 
the Netherlands) at a minimum of 95% purity. All heptapeptide sequences 
are listed in Table 1. Heptapeptides were flanked by 4 glycines and N-
terminally biotinylated, separated by an aminohexanoic (Ahx) linker. Hence, 
peptides had the following structure: Biotin-Ahx-GGGG-heptapeptide-
GGGG-OH. Phosphorylation reactions were carried out (in triplicate) by 
combining 5 µL kinase buffer (Cell Signalling (Danvers, MA, USA), 0,5 µL 
peptide (1 mg/mL), 0,5 µL Bovine Serum Albumin (50 mg/mL) (Ambion, 
Foster City, CA, USA), 0.5 µL 0.1 M ATP (Cell Signalling (Danvers, MA, 
USA), 43 µL LC-grade water (Biosolve, Valkenswaard, the Netherlands and  
0.5 µL kinase (0.2 g/L). All kinases (MAPK1, CDK1 as well as negative 
controls PKA Cα, PKCα and AKT1) were obtained from Kinase Logistics 
(Aarslev, Denmark). This mixture was incubated at 37°C for three hours at 
400 rpm and subsequently the kinase was inactivated by a 10-minute 
incubation period at 80°C and 1400 rpm. After cooling to room temperature 
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the samples were desalted using C18 Ziptips (Millipore, Billarica, MA, 
USA), and subsequently spotted in triplicate in a 1:1 ratio with 10 mg/mL 
solution of 2,5-dihydroxybenzoic acid (DHB, Bruker Daltonics, Bremen, 
Germany) and left to dry and crystallize on a MALDI target plate (600/384 
AnchorChip™ with transponder plate, Bruker Daltonics, Bremen, 
Germany). Mass spectrometry measurements were performed on an 
Ultraflex III MALDI-TOF mass spectrometer (Bruker Daltonics, Bremen, 
Germany). All peptides were phosphorylated by each kinase 3 times, and 
all reaction mixtures were measured in triplicate, hence for each peptide 9 
measurements (3 biological replicates with 3 technical mass spectrometry 
replicates each) were obtained. The mass range for detection was set to 
600-4000 Da, and for each measurement on the target plate 500 laser 
shots were taken at a laser power between 40 and 50%. The ratio of 
phosphorylation was determined for each measurement by determining the 
ratio of the molecular weight of the peptide and the molecular weight of the 
phosphorylated peptide (original molecular weight + 80 Da). Subsequently 
the average phosphophorylation rate (and standard deviation) of all 
peptides was calculated for both kinases (CDK1 and MAPK1) as well as for 
the negative controls (PKA Cα, PKCα and AKT1). 
 
Peptide array analysis 
The Peptide array analysis was essentially performed as described by the 
supplier (Pepscan), with some adaptations for purified kinases. In short, the 
reaction buffer (80 µl) consists of 60 mM Hepes buffered at pH 7.5, 3 mM 
MgCl2, 3 mM MnCl2, 1.3 mM CaCl2, 1.2 mM DTT, 50 µg/ml PEG8000 and 
50 µg/ml BSA. A total amount of 0.1 µg enzyme was used for each array. 
To initiate the kinase reaction a mixture (20 µl) consisting of 20 µCi 33P-γ-
ATP (fresh)(Perkin-Elmer), 50 µM of unlabelled ATP and 20x diluted HALT 
protease (EDTA-free) and phosphatase cocktails (Thermo Fisher). The 
complete mixture was spun down to eliminate debris and loaded onto the 
array. The arrays were kept in a humidified stove and 37°C. After 
incubation the arrays were washed consecutively in 2M NaCl + 0.1% 
Tween-20, 1% SDS in PBS and in demineralised water. The arrays were 
air-dried and a scan of the array was obtained using a phospho-imager 
screen  and a Cyclone Plus Phosphor Imager (Perkin Elmer). 
The obtained images were normalized by intra-array and interarray 
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normalization using repetitive signal enhancement, RSE, as developed in-
house 31. In this 2-step procedure we used 1) intra-array normalization to 
correct for uneven signal disctribution within a single array, and 2) 
interarray normalization that is based on selecting a subset of the data for 
normalization purposes using a repetitive selecting of spots using stringent 
quality control criteria and excluding spots that show statistically significant 
intensity differences.  
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Supporting Information 
Supplement excel file 1. (Digital version upon request) 
Content: 
Design of peptides: set-up for substrate design leading to choice of designer substrates.  
Data for table 1. Shows the predikin scores and the %phosphorylation of the designed 
peptides as determined by mass spectrometry.  
Figure 1: shows the weight matrix for CDK1 and MAPK1 as shown in figure 1.  
Kinase scores A over B: Peptides optimised A (CDK1) over B (MAPK1) 
Kinase scores B over A. 
Frequency matrices A and B: occurance of amino acid in substrate determining residues of 
all natural substrates found in the Predikin database.  
Design vs array: peptides on kinase array that could act as substrate for MAPK1 and / or 
CDK1. 
 
Supplemental table 2. Predikin scores and actual phosphorylation conversion of the CDK1 
and MAPK1 designed peptides against kinases PKA Cα, PKCα and AKT1.  
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Abstract 

Living cells are constantly subjected to a plethora of environmental stimuli 
that require integration into an appropriate cellular response. This integration 
takes place through signal transduction events that form tightly 
interconnected networks. The understanding of these networks requires to 
capture their dynamics through computational support and models. ANIMO 
(Analysis of Networks with Interactive MOdelling) is a tool that enables 
construction and exploration of executable models of biological networks, 
helping to derive hypotheses and to plan wet-lab experiments. The tool is 
based on the formalism of Timed Automata, which can be analysed via the 
UPPAAL model checker. Thanks to Timed Automata, we can provide a 
formal semantics for the domain-specific language used to represent 
signalling networks. This enforces precision and uniformity in the definition 
of signalling pathways, contributing to the integration of isolated signalling 
events into complex network models. We propose an approach to 
discretization of reaction kinetics that allows us to efficiently use UPPAAL as 
the computational engine to explore the dynamic behaviour of the network 
of interest. A user-friendly interface hides the use of Timed Automata from 
the user, while keeping the expressive power intact. Abstraction to single-
parameter kinetics speeds up construction of models that remain faithful 
enough to provide meaningful insight. The resulting dynamic behaviour of 
the network components is displayed graphically, allowing for an intuitive 
and interactive modelling experience.  
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1  Introduction 

Systems biology aims at understanding biological systems from a holistic 
rather than a reductionist perspective. As the complexity of dynamic 
molecular interaction networks exceeds the capacity of the human mind, 
computational support is needed to describe and understand such networks. 
Large volumes of data are particularly useful when used as reference for 
functional models that formalize the interactions between the components of 
a network. Such models can assist in exploration and transfer of knowledge. 
Functional disease models can be combined with patient-specific expression 
profiles to stratify patients into groups and maximize treatment efficacy. 

Executable biology is a relatively new area in systems biology and takes 
the approach of in silico mimicking biological processes of interacting 
network components. This paradigm offers a close match with biological 
intuition [1]. ODEs (ordinary differential equations) are often used to model 
the dynamics of biochemical processes, and the availability of supporting 
tools [2, 3, 4] makes their power accessible to end users. Process calculi are 
also classified as executable approaches, and tools based on such 
formalisms have been successfully used in modelling complex biological 
events [5, 6]. However, most of the existing modelling tools require 
theoretical foundations or training in mathematics, and this may hamper the 
widespread creation of in silico models within the biological community. For 
this reason, we developed a modelling tool centred around user-friendliness, 
ANIMO [7], the technical foundations of which are described in detail in this 
paper. The formalism of Timed Automata [8] provides an excellent starting 
point for construction of executable models of biological networks and 
enables the use of the dedicated model checking tool UPPAAL [9]. The use 
of Timed Automata to model molecular interactions has been explored 
before [10, 11, 12], and is further elaborated by us and for the first time 
applied in a mature modelling tool. ANIMO is implemented as a plug-in to the 
network visualization tool Cytoscape [13], which contributes to the user 
friendliness and widens ANIMO’s applicability within the biological 
community. The modelling process is entirely performed via the user 
interface, and user input is automatically translated into an underlying Timed 
Automata model. 
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This paper extends on the BIBE conference paper presented in 2012 [14]. 
In the present work, we describe in detail how Timed Automata guards and 
invariants are calculated from kinetic reaction equations and how unwanted 
side effects of rounding to integer time units are dealt with. Furthermore, we 
show how the use of UPPAAL’s statistical model checker [15] improves 
simulation performance. Finally, a newly implemented feature is presented 
that assists in understanding the effect of modifications to the model, by 
using a heat-map that shows the dynamic per-node differences between two 
versions of the model. To exemplify this new functionality, we provide an 
illustrative case study that shows the added value for performing in silico 
experiments. 

After a brief introduction on the basic aspects of biological signalling 
networks and Timed Automata in Section 2, we will explain in Section 3 how 
our modelling approach works, showing an example application in Section 4. 
After discussing related work in Section 5, Section 6 concludes the paper 
and gives some perspectives for future developments. 

2  Preliminaries 

2.1  Signalling pathways in biology 

Intra-cellular signalling pathways represent the cellular events occurring 
when receptors are activated by specific ligands. A typical interaction 
occurring in a signalling pathway involves an upstream protein inducing a 
post-translational modification (e.g. phosphorylation) to a downstream 
substrate. Changing the state of a protein often results in a change in its 
activity. A cascade of activating reactions relays incoming signals to their 
downstream targets. Graphical representations of a signalling pathway 
typically depict proteins as nodes and reactions as edges, with  and ⊣ 
representing activation and inhibition, respectively. 

Many nodes are shared by different signalling pathways and this crosstalk 
ties pathways into strongly interconnected networks that also contain 
feedback loops. However, the function of these networks does not only 
derive from their topology, but also from their dynamic behaviour, which 
cannot be deduced from traditional static representations. This is an 
incentive towards a method for enriching these representations with a formal 
description of the associated dynamics. Computational models of such 
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complex, dynamic networks would enable in silico experiments, generation 
of hypotheses and rational design of wet-lab experiments. 

 

2.2  Timed Automata 

Timed Automata (Timed Automata) [8] are finite-state automata to which 
real-valued clocks and communication channels have been added. In 
particular, clocks are used to define conditions enabling transitions between 
locations of an automaton, or to limit the permanence in locations. These 
conditions are called guards and invariants, respectively. Performing a 
transition may require two automata to interact via synchronization, where 
each participant performs one of two complementary actions (termed input 
and output) on a shared communication channel. Such channels can also be 
defined as broadcast, allowing multi-part communication with one sender 
and many receivers. In order to obtain answers to interesting questions about 
the behaviour of a model, model checking [16] can be applied to a Timed 
Automata model, using a software tool such as UPPAAL [9]. 

As an example of TA, a basic model of a generic signalling network is 
given in Figure 1. The model represents the active fraction (further called 
activity level, or simply activity when not ambiguous) of a population of 
molecules as an integer variable (reactant, Fig. 1), the value of which is 
increased (Fig. 1a) or decreased by reactions. In the example, the value of 
reactant is limited to the interval [0,MAX], and reaching a bound may cause 
disabling of a reaction (location NotReacting in Fig. 1b). More precise models 
of signalling networks also take into account the activity of upstream 
components when determining the availability of an activating reaction. This 
will be explained in the next section. 
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Figure 1: Timed Automata templates to model a signalling pathway as represented by 
UPPAAL’s user interface. Each automaton starts evolving from the location marked with two 
concentric circles. (A) This automaton updates the reactant variable whenever a reaction 
occurs, changing its activity level (reactant := reactant+1 increases the activity). (B) Activating 
reaction, which occurs when its internal clock c is inside the interval [LB, UB] (guard c>=LB 
and invariant c<=UB), making the target reactant’s activity level increase. The current value 
of reactant (>=MAX−1 or <MAX−1) determines whether the automaton takes the upper 
transition or the transition at the lower left. The former ends in location NotReacting and 
disables the reaction because the reactant has reached its maximum activity. The latter ends 
in location Reacting and the reaction remains active. An inhibiting reaction can be defined in 
a similar way, with the effect of decreasing the reactant’s activity. Shared broadcast channels 
goUp and goDown are used for communication between reaction and reactant automata. 

3  Modelling signalling pathways 

3.1  Abstraction and discretization 

In order to provide experimental biologists with an intuitive way to formalize 
prior knowledge and experimental results, a key aspect is to choose a 
suitable abstraction level. 

The first abstraction made in ANIMO is the representation of proteins in 
the network in terms of their activity. Distinct biological processes can lead 
to activation or inhibition of proteins. In ANIMO, these processes are all 
abstracted to reactions that change the activity of downstream reactants.  

Second, we abstract from detailed elementary reactions. This is 
particularly useful in biology, where the construction of very detailed models 

A B 
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is often hampered by a lack of knowledge about the exact details of the 
molecular mechanisms involved. Detailed representations of biological 
systems require detailed knowledge of reaction mechanisms as well as 
accompanying kinetic parameters for each individual step in the overall 
reaction. By choosing a higher abstraction level, elementary reaction steps 
can be aggregated into a single step in the model, reducing the number of 
parameters in the model. As such, this abstraction not only reduces the time 
to construct a model, it also facilitates the modelling of larger networks for 
which not all details of elementary reactions are known. Of course, a higher 
abstraction level also comes at the price of losing some descriptiveness, but 
we will demonstrate in Section 4 that abstracted models can capture 
experimental data in a meaningful way. 

A third level of abstraction is the discretization of activities into integer 
variables with a user-defined granularity, ranging from Boolean (2 levels) to 
almost continuous (100 levels). This discretization gives the user the 
flexibility to adjust the model abstraction to the level of prior knowledge, to 
the quality and nature of experimental data and to the biological questions at 
hand. A starting user working on smaller models will benefit from choosing a 
high granularity, whereas more experienced users will be able to exploit the 
trade-off between level of detail and performance when dealing with large 
models. 

 

3.2  Reaction kinetics 

Reaction rates depend on the current activity levels of the involved reactants. 
For instance, a higher activity of upstream enzyme and/or a higher 
abundance of downstream substrate increase the reaction rate.  

Different degrees of complexity are taken into account when defining 
reaction kinetics. Given a reaction in which A (enzyme) activates B 
(substrate), we define R as the time needed to increase the activity level of 
B by 1. R is computed using a kinetic function f that depends on the current 
activity levels of both A and B: R=f(a,b) 
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The reaction rate r is computed from a single kinetic constant k and the 
activity levels of the reactants (a,b). Three kinetic scenarios are implemented 
: 
Scenario 1: r(a)=k×a : the reaction rate depends on the activity level of the 
upstream enzyme only.  
Scenario 2: r(a,b)=k×a×b : the reaction rate depends on the activity levels 
of both the upstream enzyme and the downstream substrate. b represents 
the inactive fraction of substrate if the reaction is an activation, whereas it 
refers to the active fraction when the effect is inhibitory. 
Scenario 3: r(c,d)=k×c×d : the reaction rate depends on the activity of two 
upstream components chosen by the user. This scenario performs a function 
analogous to an AND-gate in Boolean models. 

levelsScale is a scale factor that allows to keep reaction kinetics 
independent from the granularity of its reactants. The value of levelsScale 
depends on the kinetic scenario used to compute r. With nA the granularity 
of reactant A (and similarly for other reactants), levelsScale is defined as: 
 Scenario 1: 𝑙𝑒𝑣𝑒𝑙𝑠𝑆𝑐𝑎𝑙𝑒 = )*

)+
. 

 Scenario 2: 𝑙𝑒𝑣𝑒𝑙𝑠𝑆𝑐𝑎𝑙𝑒 = 	   )+	  ×	  )*
)*

= 𝑛𝐴 

 Scenario 3: 𝑙𝑒𝑣𝑒𝑙𝑠𝑆𝑐𝑎𝑙𝑒 = 	   )0	  ×)1
)*

, with nB the granularity of the reactant 
influenced by the reaction. 
The numerators are used to normalize all input activity values to the [0,1] 
interval, which keeps the reaction kinetics independent from the input 
reactants’ granularity. The denominator works similarly on the downstream 
reactant. The importance of this can be intuitively understood with a simple 
example. Consider an activating reaction , with A completely active and B 
completely inactive. If B has 10 granularity levels and no other reactions 
influence A or B, the reaction will take T seconds to completely activate B 
from 0 to 10 levels. When the granularity of B would be increased to 30 
levels, the reaction should still take T seconds to completely activate B, 
bringing it from 0 to 30 levels. This implies that each reaction step that 
increases the activity of B by one level takes one third of the time it took in 
the situation with 10 activity levels for B. This scaling is accounted for by 
using nB as denominator in levelsScale. 

timeScale is based on the ratio between real-life seconds and Timed 
Automaton time units. This enables performing simulation runs using real-
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life units of time. Moreover, as an UPPAAL model must express all time 
bounds as integers, timeScale is automatically optimized to prevent rounding 
problems when R would be rounded to 0 for values <0.5. Increasing the value 
for timeScale ensures that the smallest value for R becomes larger than 0. It 
is important to note that timeScale cannot simply be assigned an arbitrarily 
high value, because the resulting time constraints could overflow the 
maximum constant allowed in UPPAAL (currently, ). ANIMO automatically 
chooses the optimum timeScale value by making a preliminary computation 
of all borderline values, i.e. the minimum and maximum time constraint for 
each reaction. The starting value for timeScale is computed as  

 𝑡𝑖𝑚𝑒𝑆𝑐𝑎𝑙𝑒 = 	   5
6789):6;7<=>7?

 

where secondsPerStep is the user-chosen ratio between real-life seconds 
and Timed Automaton time units, with 1 as its default value. The resulting 
value is then optimized (raised or lowered) to ensure that all time bounds are 
inside the allowed interval (0,230 − 2]. 

Finally, to take into account a natural variability that occurs in biological 
reactions in which reactants are present in low copy numbers, an uncertainty 
parameter can be set for each reaction. This uncertainty is translated to time 
intervals for model transitions (cf. LB and UB time bounds). With an 
uncertainty value of 5%, the upper and lower bounds of R are computed as:  

𝑅(𝑎, 𝑏)lower bound = 𝑓 𝑎, 𝑏 ×0.95 

𝑅(𝑎, 𝑏)upper bound = 𝑓 𝑎, 𝑏 ×1.05 
for all values of a and b.  

As we represent activity levels a, b via integer variables, there is a finite 
number of combinations for the values of a and b. A two-dimensional table 
is pre-computed, containing all possible values for R. As an example of this 
computation, Table 1 shows the lower and upper bounds table for a reaction, 
using scenario 2.  
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Table 1: Lower and upper bounds for a reaction  with kinetic scenario 2, k=0.004 
(corresponding to the medium preset) and 10 seconds per UPPAAL time step. 
Granularity of A is 5 (i.e. 5 activation steps from 0 to maximum activity), granularity of B is 3. 
In both cases, 0 means completely inactive. With these settings, levelsScale=5.0 and 
timeScale=0.1. Uncertainty is set at 5%. Cyan numbers are lower bounds, Red numbers are 
upper bounds. 

 A 0 1 2 3 4 5 
B  

0 ∞ [40, 44] [20, 22] [13, 15] [10, 11] [8, 9] 
1 ∞ [59, 66] [30, 33] [20, 22] [15, 16] [12, 13] 
2 ∞ [119, 131] [59, 66] [40, 44] [30, 33] [24, 26] 
3 ∞ ∞ ∞ ∞ ∞ ∞ 

 

The choice of the scenario and the value for the corresponding parameter 
k are the only inputs requested when defining the kinetics of a reaction. To 
further simplify the modelling process, we implemented the possibility to use 
qualitative values for k, by providing a pre-defined set of reaction rates, 
labelled very slow, slow, medium, fast, very fast. These options encourage 
construction of a model in which relative reaction rates define the network 
dynamics. In subsequent steps, the preliminary model can be fit to 
experimental data by more precisely setting the values for k. 

 

3.3  Timed Automata model 

An ANIMO network model contains an instance of the Reaction Timed 
Automaton template (Fig. 2) for each reaction present in the model. An 
integer variable is defined for each of the n reactants of the network to 
represent the reactant’s current activity level. This variable is initialized as 
specified by the user. Finally, a series of channels called , with i∈{1,2,…,n}, 
is defined to allow reaction processes to communicate when the activity level 
of the i-th reactant has been updated. 
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Figure 2: The Timed Automaton template for the reactions in the model. The two 
matrices timeL and timeU define the lower and upper time bounds for each possible 
combination of the activity levels of the reactants on which the reaction rate depends. 
Channels r1_reacting, r2_reacting and output_reacting are used for communicating 
modifications to the value of the reactants involved. Each of these three channels is a 
reference to a global shared channel reacting, where i is the index of the corresponding 
reactant. The output reactant is assumed here to have 15 levels of granularity, and the guards 
ensure that 0≤output+delta≤15. 

The Timed Automata template in Figure 2 depends on two input 
reactants, to which reactant1 and reactant2 are references, and influences 
one reactant (output). This template is used for kinetic scenarios 2 and 3, 
whereas a slightly simpler template is used for scenario 1 that relies on a 
single input. The basic concept underlying the Reaction Timed Automaton is 
to perform a continuous cycle, where at each iteration the activity level of the 
target reactant (variable output) is updated upon completion of the reaction. 
The variable delta represents the increment caused in output when the 
reaction occurs: thus, delta contains +1 if the reaction is an activation and −1 
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for inhibitory reactions. The locations in the Reaction Timed Automaton 
template in Figure 2 have been labelled s1, s2, s3, s4, where s1 is the 
starting location. 

s1 is used to reset the internal clock c and start counting (transition to 
location s3) or to enter a “dormant” location if the reaction cannot occur 
(transition to location s2). This is the case when the lower bound of the 
reaction duration is declared as INFINITY (i.e. the reaction rate is 0, see the 
definition of f(a,b) in Sect. 3.2). For instance, if the reaction activates its target 
and the kinetics are based on scenario 2, the reaction cannot occur if either 
no inactive substrate or no active enzyme are available (cf. Tab. 1). The U 
symbol inside locations s1 and s4 marks them as urgent: while there is at 
least one automaton in an urgent location, time cannot progress. In this way, 
all necessary updates are made before the reactions can continue. 

The waiting location is identified by the label s3: the automaton can exit 
from this location when the activity level of an input reactant has been 
changed by another reaction (transitions from s3 to s4, receiving a 
communication on channel r1_reacting or r2_reacting), or when the current 
value of the internal clock c is inside the interval [R[r2][r1]lower bound, 
R[r2][r1]upper bound], i.e. when the reaction can occur. The bounds for R under 
the current conditions are found in the tables timeL[ ][ ] (corresponding to ) 
and timeU[ ][ ] (), which are indexed by the current activity levels of the two 
input reactants r1 and r2. 

If the reaction cannot occur (e.g. because all substrate is already active), 
the automaton stays in location s2 until an update takes place, which can 
possibly change the current situation (transitions from s2 to s4). 

Finally, location s4 is used to check that the clock settings are consistent 
with the current time bounds. 

For an example run, consider two reactions 𝑅1 = 𝐴	   → 	  𝐵	  	  and 𝑅2	   = 𝐶 ⊣
𝐵, both based on scenario 2, with starting activity levels A=10/10, B=0/10, 
C=10/10. The two automata for 𝑅1 and 𝑅2 will start from location s1 and 
move immediately to s3 and s2 respectively. As both reactions depend on 
the activity level of B (see the definition of scenario 2 in Sect. 3.2) and B is 
completely inactive,  can proceed at full speed, while  cannot occur. After 
some time (depending on the parameter k of ), transition 𝑠3	   → 𝑠4 will be 
taken by the automaton for , increasing the activity level of the output reactant 
B by 1 (output = output + delta in the template). At the same time, a 
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synchronization on channel reactingB (corresponding to output_reacting for 
𝑅1  and to r2_reacting for 𝑅2) will allow the automaton for 𝑅2  to reach 
location s4. reactingB also corresponds to r2_reacting in the automaton for 
𝑅1, but that automaton is already performing output_reacting!, and no more 
than one transition can be taken at a time. As 𝑅1 can still occur with A=10/10 
and B=1/10, the proper 𝑠4	   → 𝑠3 transition is taken next. For the same 
reason, a transition 𝑠4	   → 𝑠3 is taken in the automaton for 𝑅2 , making both 
reactions active. From this point, the evolution of the system will proceed 
depending on the kinetic parameters defined for the reactions, and the 
activity of B will vary depending on which of the two reactions will occur 
faster, i.e. more frequently. 

 

3.4  Analysis with ANIMO 

We use the statistical model checking engine [15] of the UPPAAL model 
checker to obtain a simulation run of the model. In order to obtain the 
required data, ANIMO generates a query of the form “simulate 1 [<= 
36000]{r0 , r1 , ..., rn}”, which can be read as “perform one simulation run until 
36000 time units and produce a trace where the values of variables r0 , r1 , 
..., rn (the reactant activities) are shown”. This approach is considerably faster 
(especially in large models) than the one we presented previously [14], 
because only strictly needed data is produced by UPPAAL, greatly reducing 
the time needed for parsing the result. Note that the number of simulations 
is normally fixed to one, so no real statistical model checking is done when 
asking for one simulation. In order to see the result of multiple simulation 
runs of the same model, the user needs to select the option Compute X runs 
on the ANIMO interface, choosing how many simulations have to be 
performed. Parsed traces can be graphically explored in the ANIMO user 
interface, where they are displayed as time-series graphs of the selected 
reactants. In case of multiple simulation runs, the user can choose whether 
to obtain a plot of the averages (with standard deviation bars) or an overlay 
plot of all the computed series. Experimental time series data can be added 
to the graph, enabling a direct comparison with model predictions. By moving 
a slider at the bottom of the time series graph, the original input model is 
interactively enhanced by colour codings, showing the activity levels of all 
reactants for each time instant. 
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4  Case study 

As an example application of our approach, we present a model that 
describes signalling events downstream of two growth factors that regulate 
cell development and function in PC12 cells: epidermal growth factor (EGF) 
and nerve growth factor (NGF). PC-12 cells are a model cell line to study 
neuronal differentiation. We modelled part of the signalling network and 
compared the behaviour of our model with experimental data from Santos et 
al. [17]. 

It has been observed that the activation of extracellular regulated kinase 
(ERK) shows significantly different dynamics upon treatment with EGF as 
compared to treatment with NGF. A transient, peak-shaped activation is 
observed when PC-12 cells are treated with EGF, whereas treatment with 
NGF results in sustained activation of ERK, even after removal of the input 
signals via growth factor-neutralizing antibodies. These activation profiles 
are tied to different cellular outcomes, with transient activation leading to 
proliferation and sustained activation leading to differentiation. These 
findings led the authors of [17] to hypothesize the existence of a positive 
feedback from ERK to an upstream node in the network and existence of a 
new network component that blocks this feedback. It was found that NGF 
prevents this blocking, leading to sustained activation [17]. We have 
formalized and implemented these topological reasonings in an ANIMO 
model, shown in Figure 3. The parameters used in this network are given in 
Table 2. The corresponding experimental conditions are the addition of either 
EGF or NGF in sufficient quantity to fully activate their respective receptors. 
After 10 minutes a growth factor-neutralizing antibody is added, shutting off 
the input signal to the network. The evolution of the network is observed for 
60 minutes from the initial treatment. 

Nodes labelled as EGF, NGF, PKC (protein kinase C), RKIP (Raf kinase 
inhibitory protein), RAF (Raf), MEK (MAPK ERK kinase), and ERK in the 
ANIMO model correspond to the proteins in the network topology that was 
presented by Santos et al. [17]. Nodes introduction of Ab and neutralizing 
antibody are used to represent the introduction of growth factor-neutralizing 
antibody after 10 minutes from the start of the initial treatment. The reaction 
that activates node neutralizing antibody takes 10 minutes to complete. 
Finally, nodes labelled (1), (2) and (3) are phosphatases that inactivate their 
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targets. These inactivations cause cellular signalling networks to be reset to 
their resting state after a signal has been processed. The feedback activation 
from ERK to RAF is shown as an edge from ERK to RAF in Fig. 3. In the 
absence of PKC activity, RKIP is active and inhibits RAF. When PKC is 
activated by NGF, RKIP is phosphorylated and inhibited by PKC, causing 
sustained activation of RAF by ERK. 

Figure 3: The model represented in the ANIMO user interface. The Network central panel 
represents the model as the classical nodes-edges network familiar in biology. To this 
representation, node colours and shapes are added to represent current activity levels and 
protein categories, as defined in the Legend panel on the left. On the right, the Results Panel 
shows a graph of the activities of selected nodes during the user-chosen interval of 60 
minutes. A vertical red bar, which can be moved with the underlying slider, indicates the point 
in the simulation trace on which the colouring of the nodes in the Network panel is based. The 
graph allows the user to visually compare simulation results with experimental data. The Erk 
(EGF) data series is based on experimental data from Santos et al. [17].  
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Table 2: Parameter settings for the model in Figure 3. The Scen. column contains the 
number of the kinetic scenario for each reaction (see Sect. 3.2).  In order to reflect 
experimental treatment conditions, the settings for initial NGF and EGF activity are to be 
considered mutually exclusive: if one is at maximum activity, the other is set at 0. 

 Reactants Reactions 
  Name Levels Init act. Reaction Scen. k 
 intr. Ab 1 1 intr. Ab  neutr. Ab 1 0.003 
 neutr. Ab 1 0 neutr. Ab  NGF 2 0.00375 
 NGF 15  neutr. Ab ⊣ EGF 2 0.0625 
 EGF 15  NGF  PKC 2 7e-4 
 PKC 40 0 NGF ⊣ RAF 2 0.005 
 RKIP 20 20 EGF  RAF 2 0.0125 
 RAF 60 0 PKC ⊣ RKIP 2 0.004 
 (1) 1 1 RKIP ⊣ RAF 2 0.02 
 MEK 60 0 (1) ⊣ RAF 2 0.0035 
 (2) 1 1 ERK  RAF 2 3.75e-4 
 ERK 100 0 RAF  MEK 2 0.054 
 (3) 1 1 (2) ⊣ MEK 2 0.0049 
   ERK ⊣ MEK 2 0.0192 
   MEK  ERK 2 0.075 
   (3) ⊣ ERK 2 0.0075 

  

The dynamic behaviour of ERK in the model and from the experimental 
data is shown in Figure 4. The model reflects the general behaviour of ERK: 
transient activation results from treatment with EGF, whereas NGF treatment 
causes sustained activation. In this model, we deliberately left out a number 
of proteins, e.g. the receptors for EGF and NGF, since no experimental data 
were available for these nodes. In order to further refine the model, these 
intermediate nodes could be added to the model. In this way, the model could 
fit the data more closely, going beyond the scope of this example. 
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Figure 4: Comparison of the model and experimental data. (A) Treatment with 100 ng/ml 
EGF results in transient ERK activation. (B) Treatment with 50 ng/ml NGF results in sustained 
ERK activation. The ERK series are computed from the model, while Erk (EGF) data and Erk 
(NGF) data are based on experimental data from Santos et al. [17]. 

Due to a new addition to ANIMO, it is possible to highlight the differences 
in the network dynamics between two versions of the model. To this end, 
simulation results for one version of the model are subtracted from the results 
of a second version. These differences are then visualized in the network 
topology, by using a suitable colour scheme. This allows a visual evaluation 
of the influences of a change in the model on the resulting dynamic 
behaviour. Figure 5 shows an example, with the differences in activities 
between 1) treatment with NGF and 2) treatment with EGF. It can be seen 
that a higher activity of PKC downstream of NGF leads to inhibition of RKIP, 
causing sustained ERK activity. This visualization can be used to rapidly 
assess the effect of model changes, such as extra nodes, different 
initializations, altered values for reaction parameters or a new wiring of the 
network. This feature is particularly useful when working with large models 
with extensive feedback loops, when the complete impact of changes to the 
model becomes much harder to grasp. 

  

A B 
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Figure 5: Difference between the simulations obtained using 50 ng/ml NGF and 100 
ng/ml EGF as input at 22 minutes (vertical red bar in right panel). In this mode, node 
colours are based on the difference of activity between the two configurations of the model: a 
red-coloured node is more active due to NGF treatment, while cyan indicates less activity and 
white means no difference. Note that NGF and EGF are both white, since at 22 minutes, NGF 
and EGF are inactivated in both conditions by the neutralizing antibody. A slider underneath 
the graph can be used to interactively view the differences at different time points.  

5  Related work 

Formal approaches to modelling biological systems can be divided into two 
large groups. The first includes approaches based on ordinary differential 
equations (ODEs), whereas the second encompasses methods based on 
concurrent systems. In ODEs, the model can be directly derived from the 
actual chemical reaction laws that govern the evolution of a system. 
However, this characteristic makes rewriting of the model necessary upon 
modification of the network. Concurrent methods on the other hand, describe 
a system by specifying its components in isolation, and then defining the 
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interaction rules. This compositionality promotes modularity of models and 
reuse of previously developed network motifs. 

Tools that allow to construct models based on ODEs include for example 
COPASI [2], E-Cell [4] and GNA [3]. These tools add to the potential of ODEs 
by coupling them with additional modelling approaches, such as stochastic 
models used in COPASI and E-Cell, and by allowing for qualitative 
modelling, as does GNA. Stochastic modelling becomes particularly useful 
when some molecular species have very small concentrations, which 
nullifies the assumption of a well-mixed solution used in models based on 
ODEs. Other tools, such as Systems Biology Workbench [18], allow to 
couple high-performance analysis engines (such as roadRunner) to user-
friendly interfaces (e.g. JDesigner). Finally, tools such as CellDesigner [19] 
provide an appealing graphical representation as an interface to powerful 
computational engines. 

In the category of concurrent methods, Cell Illustrator [20] is 
characterized by visually representing a network in a way that is strongly 
related to the underlying Petri net model. This gives a clear link between the 
network representation and the model. ANIMO aims at bringing the model 
representation as close as possible to text book figures of biological 
networks, by collapsing different protein states into a single node. Together 
with the abstraction of biochemical reactions to cause-and-effect 
relationships, this makes mathematical modelling more accessible to users 
without previous experience in this field. The use of Timed Automata to 
model biological signalling events has been described before by Maler and 
Batt [12]. ANIMO takes a less general approach, tailored for the construction 
of more abstract models. 

6  Conclusions and future work 

We contribute to the modelling of biological pathways by introducing a 
formalization of the domain-specific language traditionally used for pathway 
representations into a model based on Timed Automata (Timed Automata). 
The ANIMO user interface makes the power of Timed Automata available to 
users that lack a thorough background in mathematics or computer science. 
This will likely contribute to to the dissemination of computational modelling 
in the realm of molecular cell biology and regenerative medicine. In this 
respect, we are applying ANIMO in a research project aimed at studying 
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chondrocyte signalling in relation to osteoarthritis [21, 22]. The objective is to 
enhance cartilage tissue engineering strategies by investigating the effect of 
extracellular signalling molecules and cell-matrix interactions in order to 
mimic these signals in the development of biomaterials that provide direct 
support, while stimulating chondrocytes to repair the damaged cartilage 
tissue. 

The use of Timed Automata as the underlying formalism of ANIMO lies 
the foundation to the use of more advanced analysis techniques to query 
constructed models. In particular, applying model checking techniques would 
allow us to perform in silico experiments, answering questions such as “What 
is the combination of inputs that leads to activity(A)≥20/50 and 
activity(B)<10/80 in 120 minutes?”. Moreover, taking advantage of statistical 
model checking capabilities recently introduced to UPPAAL [15], we plan to 
extend the current modelling paradigm adding the possibility to define 
stochastic behaviour. This could for instance be done by assigning 
exponential distributions to a set of reactions, to support probabilistic queries 
such as “What is the probability that activity(A)≥40/50 in 30 minutes?”. Other 
interesting developments are aimed at further speeding up the modelling 
phase, in order to let the user start interrogating a model as soon as possible. 
We plan to include a support for parameter sensitivity analysis and 
automated parameter fitting to a given experimental data set. After having 
defined a measure of distance between the model and the experimental 
data, we plan to minimize that distance via user-defined parameter sweeps. 
We are also developing techniques based on automata learning [23] for 
deriving the topology of a biological network, based on a series of constraints 
and experimental data series. 

In the future, ANIMO and related tools may lead to a new paradigm for 
interactive representation of biological networks. Networks in digital 
textbooks and articles could be displayed as animations amenable to 
modifications by readers. Repositories of formal descriptions of signalling 
modules could be used to put together executable signalling networks. In 
general, the process of formalizing biological knowledge will lead to a more 
thorough understanding of biological networks and will accelerate 
hypothesis-driven research. 
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Abstract 
Computational modelling is a vital part of the empirical cycle, formalizing 
existing knowledge and experimental data in a systematic way. Existing 
methods and tools are not accessible enough to the biological community, 
hampering widespread application in biological research. 
Here we present an intuitive modeling approach, together with a supporting 
user-friendly software tool, ANIMO (Analysis of Networks with Interactive 
MOdeling). ANIMO models of the circadian clock in Drosophila 
Melanogaster and signal transduction events downstream of TNF𝛼 and 
EGF in HT-29 human colon carcinoma cells are described as showcases. 
ANIMO is implemented as a plug-in to the network visualization tool 
Cytoscape and can be downloaded from 
http://fmt.cs.utwente.nl/tools/animo. Additional supporting information and a 
step-by-step installation guide can be found in Supplementary Section. 
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Introduction 
In living cells, most processes are regulated by networks of interacting 
molecules. Aberrations in these networks underlie a wide range of 
pathologies, which is a major driving force to understand the functioning 
these networks. An understanding of the associated network dynamics is 
crucial for understanding their biological functioning and a thorough insight 
is only possibly by studying the ensemble of molecules involved, instead of 
individual molecules. The presence of both crosstalk between pathways 
and feedback loops further contributes to the complexity of these networks. 
The human brain is ill-suited to grasp the non-linear dynamics of these 
complex networks and the entailing emergent properties, which is why 
computational support has a growing role in molecular biology. 
The systems biology approach to understanding biological systems starts 
off from a scientific question and then follows an empirical cycle - or rather 
a positive spiral - of knowledge/theory → model → hypotheses → 
experiments → observations → update and/or refinement of 
knowledge/theory, until an answer to the original question is found (figure 
1). 
The model plays a pivotal role in this cycle: 
1. to organize data and store knowledge, 
2. to structure reasoning and discussion 
3. to perform in silico experiments and derive hypotheses. 
The model is always a simplified representation of biological reality and is 
never the aim in itself. Rather it is a powerful means in the process of 
gaining an understanding of the biological system under study. Given its 
role in the empirical cycle, the process of modelling is especially effective 
when applied by the experts with respect to a certain biological system. 
Biologists usually have a good sense of cause-and-effect relationships 
between molecules in the biological system they are studying. As they also 
have extensive knowledge on the network topology and the dynamics of 
the system, they would be the primary candidates to construct models of 
their research topic. 
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Figure 1. The empirical-spiral. 

 
As models are a formalization of knowledge/theories, an underlying 
formalism is needed to express this knowledge. Different formal methods 
have been used successfully to construct representations of biological 
systems. Among these methods are ordinary differential equations 
(ODEs, (de Jong, 2002)), process calculi (Dematté et al. 2008; Ciocchetta 
and Hillston, 2009), interacting state machines (Fisher et al. 2005; Efroni et 
al., 2003), Petri nets (Reisig 2011; Bonzanni et al., 2009), Boolean 
logic (Mendoza et al. 1999; Shmulevich and Zhang, 2002) and Timed 
Automata (Siebert and Bockmayr 2008; Bartocci et al., 2009; Batt et al., 
2007). Most of these methods have been implemented into software tools 
to aid the process of modelling. However, mastery of these tools requires 
training and experience in mathematical modelling. In this respect, a lack of 
tradition in quantitative reasoning and formal methods within the biological 
community at large is still a stumbling block for widespread application of 
modelling of biological systems. Here, we present an intuitive method for 
the construction of formal in silico models of the dynamics of molecular 
networks, supported by a novel, user friendly modelling tool, ANIMO 
(Analysis of Networks with Interactive MOdeling, (Schivo et al., 2012)). 
In the Methods section, we will explain how choosing a suitable abstraction 
level can make the construction of models more intuitive. We will then show 
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how ANIMO is designed to support the modelling process following this 
approach. Construction of a small model based on experimental data will 
exemplify the method that we propose. In the Results section, we first show 
an ANIMO model of the genes and proteins that constitute the circadian 
clock network in Drosophila Melanogaster. The remainder of that section is 
dedicated to illustrate how a single modelling iteration in the empirical cycle 
is used to compile prior knowledge and experimental data into a model and 
derive meaningful biological hypotheses from this model. These 
hypotheses find ample support in literature. 
 
Methods 
Modeling abstractions 
Estimating the kinetic parameters for specific reactions is a difficult and 
labor-intensive task, and similarly difficult is the collection of high quality 
experimental data to describe in detail signaling pathways. This lack of 
understanding limits the applicability of parameter-intensive models, which 
require precise estimation of many biological quantities. Nevertheless, the 
most useful biological models contain an important quantitative part, which 
in turn pushes for some level of parameter precision. Therefore, when 
choosing an abstraction level we do not only need to keep a balance 
between model comprehensiveness and synthesis, but also to consider the 
current availability of knowledge and data. In order to provide an intuitive 
modeling experience while retaining enough descriptiveness for a 
meaningful representation of the biological system, we base our models of 
signaling networks on a series of abstractions. Our objective is to avoid 
relying too heavily on (often unavailable) quantitative measurements, while 
retaining enough descriptive power to be an asset in the study of biological 
networks. 
In our models, each network component is visually represented by a single 
node, in a way similar to traditional signaling network representations. Each 
of these nodes is characterized by its activity level, which is a discrete 
representation of the percentage of active molecules of that species. In 
signaling networks, a molecule is usually considered active when it has 
undergone a modification (e.g. phosphorylation) that allows it to perform a 
reaction. If a kinase is active, it can phosphorylate another molecule, 
activating it in turn, thus letting an hypothetical signal travel on its next step 
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along the network. Activity levels are discretized into integer variables with 
a user-defined granularity, ranging from Boolean (2 levels) to near-
continuous (100 levels). This discretization gives the user the flexibility to 
adjust the model to the level of prior knowledge, to the quality and nature of 
experimental data and to the biological questions at hand. Moreover, if a 
model becomes particularly large, the availability of different discretization 
choices gives the user the possibility to trade-off level of detail for 
computational performance. As the activity level is the defining parameter 
of each node of our networks, and the changes in such activities define the 
dynamic behavior of the network, we call our models activity-based. 
Reactions are abstracted by interactions intended as cause-and-effect 
relations. Thus, similarly to what happens in traditional pathway 
representations, arrows in our models represent either activation (→) or 
inhibition (⊣) relations. Such symbols do not represent biochemical 
reactions, but more abstract activating/inhibiting interactions. The effect of 
such interactions is (respectively) to raise or lower the activity level of the 
downstream node by one discrete step for each occurrence of the 
interaction. In our abstraction, elementary reactions are aggregated into 
single interaction steps, reducing the number of kinetic parameters 
involved, while preserving cause-and-effect relationships. For example, 
consider a reaction in which enzyme 𝐸 activates substrate kinase 𝑆, 
transferring a phosphate group from a molecule of ATP to a molecule of 𝑆. 
In biochemical terms, the reaction can be represented as: 
 

 
 
The same reaction is abstracted in our model by the corresponding 
interaction 

E → S. 
Each occurrence of the interaction 𝐸 → 𝑆 will increase the activity level of 𝑆 
by one discrete step. The rate 𝑅 of occurrence of an interaction is defined 
by the user, who can choose an abstract kinetic formula from the three 
available: 
1. 𝑅 = 𝑘×[𝐸]: the rate of occurrence depends only on the activity level of 

the upstream node 
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2. 𝑅 = 𝑘×[𝐸]×[𝑆]: the rate depends on the activity levels of both 
participants 

3. 𝑅 = 𝑘×[𝐸/]×[𝐸0]: the rate depends on the activity levels of two user-
selected reactants. This formula can be used to represent the so-
called AND gate kinetics, i.e. the case when the activity of a 
downstream node depends on the simultaneous presence of two 
upstream nodes. 

The value of the constant 𝑘 can be either given as numeric, or chosen 
among a pre-defined set of qualitative estimation, choosing from “very 
slow”, “slow”, “normal”, “fast” and “very fast”. 
We will show that the abstraction proposed here preserves ample 
descriptiveness to capture experimental data in meaningful models. 
 
 
Modeling interactions with Timed Automata 
The formal model we propose here is based on Timed Automata (Alur and 
Dill (1994)), which is a formalism developed for modeling dynamic 
concurrent systems where timing plays a central role. Being compositional 
in nature, have been shown to be a suitable solution for modeling biological 
processes (see a brief overview in Suppl. Sect. ). Our model is based on 
the abstraction presented in the section abstractions] and uses the 
temporal features to represent interaction rates: a faster interaction will take 
less time than a slower interaction to perform one activation/inhibition step. 
A simplified model of the activation of extracellular regulated kinase (ERK) 
by MAPK ERK kinase (MEK) illustrates the basic properties of (Fig. 2). In 
this example, MEK activity is not regulated and ERK has only two activity 
levels, completely inactive or completely active. In the visual representation 
of our abstraction, each molecular species (e.g. ERK) is depicted as a 
single node, colored according to its initial activity (Fig. 2A): MEK is already 
completely active and ERK is completely inactive. Each of the two species 
is represented by one: the automaton in Fig. 2B represents ERK, and the 
one in Fig. 2C represents MEK. As can be seen a Timed Automaton 
consists of locations (circles) and transitions between these locations 
(arrows). Each automaton can have one or more local clocks associated to 
it that allow to control both the residence in its locations and the transitions 
between locations. In the example, the automaton representing MEK has 
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one clock named t associated to it, which is used to define the timing 
conditions for the transition. Communication channels enable 
synchronization of transitions in different automata. The synchronization 
between two automata on channel 𝑐 requires one automaton to send a 
message: 𝑐! while the other automaton performs the corresponding action: 
𝑐? to receive the message. The channel named activate_ERK is used in the 
example to represent the activating interaction: when a synchronization on 
activate_ERK occurs, the current location of the representing ERK will 
change from inactive_ERK to active_ERK, thus representing the activation 
of ERK performed by MEK. This is the only evolution possible in the 
example model: once ERK has been activated, no inactivation occurs, as 
there is no transition going back to inactive_ERK. 
 

 
 
Fig. 2: Parallel between an abstract activation interaction and its TA model. (A) 
Classical depiction of a well-studied intracellular signal transduction interaction: protein 
MAPK-ERK kinase (MEK, active) activates downstream protein extracellular regulated 
kinase (ERK, initially inactive). (B) A TA model of ERK, consisting of two locations (circles), 
inactive ERK (the starting location) and active ERK, and one transition (arrow) between the 
locations. This transition will take place when it is possible to synchronize with the 
corresponding action activate ERK! in the MEK automaton. (C) A TA model of active MEK, 
consisting of one location and one transition. t < 20 is termed an invariant on the location, 
allowing residence in this location as long as local clock time t is smaller than 20 units. t > 18 
is termed a guard on the transition, allowing the transition to take place when local clock t is 
greater than 18 units. Together, the invariant and guard in this example ensure that the 
transition must take place in the (continuous) time interval 18 < t < 20. When the transition 
takes place, the action activate_ERK! is performed (thus allowing the ERK automaton to 
reach the active ERK location) and the local clock coupled to this automaton is reset, t := 0. 
The synchronization on channel activate ERK represents the occurrence of the activating 
interaction between MEK and ERK. 
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ANIMO 
The modeling approach described is implemented in the software tool 
ANIMO (Analysis of Networks with Interactive MOdeling, Schivo et al. 
(2012)), a plug-in to the network visualization tool Cytoscape (Killcoyne et 
al. 2009). The visual interface of ANIMO is designed to allow the user to 
intuitively construct activity-based models, making the expansion and 
rewiring of a network a fast and user-friendly process. An ANIMO model 
can be analyzed through simulation, with the results automatically plotted 
as a graph. The dynamic behavior of a model can then be interactively 
explored by acting on a slider to highlight time points in a simulation. The 
selected simulation point defines the appearance of the network: each node 
will be colored depending on its activity level at the selected simulation 
instant. Moreover, experimental data can be matched against the 
predictions of a model, superposing time-based activity series to a graph 
produced from the model. 
Each network built with ANIMO is automatically translated to a model, 
which is then analyzed with the model checking tool UPPAAL (Larsen et al. 
1997), translating back the results in the proper user-friendly format. No 
training or prior knowledge on the use of or UPPAAL is needed in order to 
benefit from ANIMO. Nevertheless, the translation process can be followed 
in a transparent manner if desired by the user. 
The technical foundations of ANIMO have been described by us 
elsewhere (Schivo et al. 2012). A brief summary of this work is presented in 
Supplementary Section.  
 
Using ANIMO to build a model based on data 
To illustrate the process of model building in ANIMO, we consider now an 
example based on a literature compendium of signal transduction events in 
HT-29 human colon carcinoma cells Gaudet et al. (2005). This data set 
comprises triplicate measurements of 11 different protein activities or post-
translational modification states at 13 time points after treatment with 
different combinations of tumor necrosis factor-𝛼 (TNF𝛼), epidermal growth 
factor (EGF) and insulin. The data set contains relative protein levels and 
activities, and no absolute quantities, which is the typical situation in 
biochemistry. To start, we normalized measurements for each protein to the 
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maximum value in the complete experiment, resulting in a non-
dimensionalized data set that is suitable for use with ANIMO. 
In Figure 3, we show the stepwise construction of a model of a small part of 
the network that is able to account for measured variations in activity of 
inhibitor of nuclear factor kappa-B kinase (IKK), c-Jun N-terminal kinase-1 
(JNK1), mitogen-activated protein kinase-activated protein kinase 2 (MK2), 
Caspase 8 (Casp8) and Caspase 3 (Casp3) upon stimulation with 100 
ng/ml TNF𝛼. In this example we aimed for inclusion of a minimum number 
of nodes in the network, while preserving biological relationships. Multi-step 
cascades were aggregated into a single step when possible. Parameters 
for all reactions were set manually, resulting in a close match between the 
model and the patterns observed in the dataset. 
 

 
Fig. 3: Construction of an ANIMO model of signal transduction events in human colon 
carcinoma cells upon stimulation with 100 ng/ml TNFα. Graphs below show the dynamic 
behavior of the corresponding models above, comparing it to the measured activity values 
by Gaudet et al. (2005) (error bars represent the standard deviation). On the vertical axis, 
“100” represents the maximum protein activity in the complete experiment. A red vertical line 
in each graph highlights an arbitrary time point in the time course: nodes in the 
corresponding model are colored according to their activity at that time point. (A, D) Basic 
model showing direct activation of JNK1 and MK2 by TNFα. No peak dynamics are 
observed because no inactivating processes are present. (B, E) The model after addition of 
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inactivating phosphatases and a negative feedback loop that down-regulates TNFR (TNF 
receptor). Note that adding TNFR internalization or phosphatases alone would not be 
enough to reproduce activity peaks. (C, F) The model after addition of IKK, IL1-secretion 
(abstracting the autocrine IL-1 signaling described by Janes et al., 2006, Casp8 and Casp3, 
showing the late response to TNFα signaling. As the data set did not contain values for 
cleaved caspase-3, but only for its non-cleaved precursor pro-caspase-3, we computed the 
Casp3 data series as 100% [pro-Casp3]. 
 
 
Results 
 
Expressiveness of ANIMO models 
While allowing for a low degree of freedom in setting the parameters of 
models, ANIMO is still precise enough to describe the behavior of complex 
networks. The results obtained with ANIMO are comparable to the ones 
obtainable with other modeling approaches, but the modeling process in 
ANIMO requires considerably less expertise about the formal foundations. 
As an example, Figure 4 represents an ANIMO model of the drosophila 
circadian clock based on the work by Fathallah-Shaykh et al. (2009), where 
ordinary differential equations (ODEs) were used. The cyclic behavior of 
the circadian clock (see Fig. 5) is based on the alternative formation and 
destruction of the CYC/CLK (cycle/clock) protein complex. This is in turn 
regulated by a series of proteins which are produced as a consequence of 
CYC/CLK formation. The CWO (clockwork orange) protein is central to the 
network working, as it degrades the mRNA for most of the involved 
proteins, thus acting as an inhibitor counterbalancing the action of 
CYC/CLK. The positive influence of the light-regulated cryptochrome CRY 
on the degradation of TIM is a consequence of the passage between light 
and dark, allowing the circadian clock to synchronize to a time zone (see 
Suppl. Sect.). 
We see in Figure 5 that the modeling power of ANIMO is sufficient to 
reproduce the cyclic behavior of the model. Moreover, the ANIMO user 
interface allows for intuitive in silico knock-out experiments, by manually 
disabling a node in the model. Such experiments have been done 
before Fathallah-Shaykh et al. (2009) and give similar results in our model. 
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Fig. 4: ANIMO model of the drosophila circadian clock. Negative auto-loops on the 
nodes of the circadian clock network are also present in the model, following the example of 
the model by Fathallah-Shaykh et al. (2009), but are not represented here only for cosmetic 
purposes. Naming conventions follow the same rule as in the original model, with lower-case 
names representing mRNA, and upper-case names indicating proteins. 
 
 

 
Fig. 5: Oscillation in concentration of mRNA (A) and proteins (B) over a period of 48 
hours. Oscillations are shown here on an absolute scale, while the graphsin (Fathallah-
Shaykh et al., 2009) are based on relative scales, where each series was normalized 
considering local minimum and maximum values. 
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Case study: using ANIMO to generate hypotheses 
We used a small part of a large dataset to explain the process of 
constructing a model based on experimental data. Here, we construct a 
larger model of the signaling network downstream of TNF𝛼 and EGF, and 
formalize crosstalk between the pathways. We first modeled the two 
pathways in isolation (Figs. S9, S10) using information on protein 
interactions from the KEGG (Kanehisa and Goto 2000) and 
phosphosite (Hornbeck et al. 2004) databases. These models were fitted to 
the data from the works by (Gaudet et al. 2005; Janes et al., 2006). We 
then merged the two pathways into a single model and added autocrine 
crosstalk between the pathways that has been reported previously Janes et 
al. (2006). Briefly, stimulation with TNF𝛼 leads to a rapid release of TGFα 
(TGFa in the model), which activates the EGF receptor (EGFR). This 
activation causes secretion of IL-1α (IL-1a) at later time points. The effect 
of IL-1α is down-regulated by the secretion of IL-1 receptor antagonist (IL-
1ra) downstream of TNFα. The resulting model (Fig. S11) was compared to 
the experimental data for treatments with 100 ng/ml TNF alone and 100 
ng/ml EGF alone (data not shown) Gaudet et al. (2005). 
At this point, the behavior of the model deviated from the data for some of 
the nodes. This is an interesting situation, as it requires modifications to the 
model, that can be interpreted as new hypotheses. Below we give two 
examples and show how adaptation of the model can be used to generate 
novel testable hypotheses. 
Experimentally, treatment with only TGF𝛼 does not lead to secretion of IL-
1𝛼, for which TNF𝛼 is also required (Janes et al. 2006). However, in the 
first version of the model TGFα treatment was sufficient for IL-1α 
expression (Fig. 7A). Given the time delay until secretion of IL-1𝛼, it can be 
expected that de novo synthesis of IL-1α is required and that both TNFα 
and TGFα are needed to activate transcription of the IL-1α gene. JNK1 and 
ERK signal downstream of TNFα and TGFα, respectively, and are known 
to affect the activity of many transcription factors. We altered the model to 
make activation of IL-1α expression dependent on both JNK1 activity and 
ERK activity (Fig. 6A, arrows linking JNK1 and ERK to IL-1a gene). 
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Fig. 6: Signaling network downstream of TNFα and EGF in human colon carcinoma 
cells. (A) The merged model for the TNFα-EGF pathway in which the two hypotheses are 
highlighted. Node colors represent initial activity levels. (B) The TNFα-EGF model with the 
modified hypotheses. Node colors represent the activity levels 15 minutes after stimulation 
of 100 ng/ml TNFα + 100 ng/ml EGF. 
 
After this modification to the model, IL-1𝛼 was no longer secreted upon 
stimulation with TGFα alone, which greatly improved the fit between the 
measured IL-1α levels and the model (see Fig. 7B). This hypothesis of IL-
1α as a target of combined JNK1 activity and ERK activity is supported in 
literature. Transcription factors c-Jun and c-Fos together form a 
heterodimer known as AP-1 and are activated by JNK1 and ERK, 
respectively (Davis 2000; Bannister et al., 1994). AP-1 has been reported 
to bind to the promoter of IL-1α, supporting its role in the regulation of IL-1α 
expression (Bailly et al. 1996). Based on these findings in literature we 
included c-Jun and c-Fos in our model as transcriptional activators of IL-1α 
(Fig.6B). 
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Fig. 7: Comparison of simulation data obtained from the ANIMO model with 
experimental data. (A) Modeled production of IL-1α after stimulation with 100 ng/ml TGFα 
(24 hours). (B) After the addition of the first hypothesis (activation of IL-1α production 
depending both on JNK1 and ERK): production of IL-1α after stimulation with 100 ng/ml 
TNFα (series IL-1a (TNFa)) compared with stimulation with 100 ng/ml TGFα (series IL-1a 
(TGFa)) (24 hours). After the addition of the second hypothesis (activation of MEKK1 
downstream of EGFR): (C) stimulation with 5 ng/ml TNFα (2 hours), (D) stimulation with 5 
ng/ml TNFα + 10 µg/ml C225 (2 hours). 
 
As a second example we considered the behavior of JNK1 and MK2. In the 
model, both proteins were located downstream of TNF𝛼 but not TGF𝛼 or 
EGF. Hence, the model did not show an effect of C225, a pharmacological 
inhibitor of ligand-EGFR binding, on activation of JNK1 or MK2 after 
stimulation with TNF𝛼. However, experimental data show that C225 
strongly reduces activation of JNK1 and MK2 upon stimulation with 
TNF𝛼 Janes et al. (2006). This fact is indicative of a role for EGFR in 
activation of JNK1 and MK2. Since both JNK1 and MK2 are located 
downstream of MAPK/ERK kinase kinase 1 (MEKK1), we hypothesized that 
activation of MEKK1 is dependent on both TNF𝛼-signaling and TGF𝛼-
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signaling. In the model we added a new hypothetical node Hyp 2 
(hypothesis 2) to link EGFR to MEKK1 (Fig 6A). This addition led to an 
improved fit of the model to the data upon treatment with TNF𝛼 + C225, 
while preserving the fit for the other conditions (Figs. 7C, D). Activation of 
both MK2 and JNK1 was then strongly suppressed by C225 (Fig. 7D). 
Stimulation with EGF alone did not lead to activation of JNK1 and MK2. 
These data support the validity of the modification to the model. Further 
support for a link between EGFR and MEKK1 was found in literature. 
Specifically, Ras GTPase-activating protein (Ras) has been reported as a 
direct activator of MEKK1 (Russell et al. 1995). EGFR is a well-known and 
potent activator of Ras, which is why it was already in our 
network (Kanehisa and Goto 2000). Other studies also report activation of 
JNK1 and phosphorylation of c-Jun downstream of Ras, which is consistent 
with an interaction between Ras and MEKK1 (Bannister et al. 1994; 
Dérijard et al., 1994). Based on these findings, we adapted our model by 
removing the Hyp 2 node and creating a direct interaction between Ras and 
MEKK1 (Fig. 6B). Together, our model suggests that EGFR activity is 
required but not sufficient for activation of JNK1 and MK2 in HT-29 cells. 
There are other nodes for which the experimental data deviates from the 
model in one or more of the experimental conditions. A comparison 
between model and experimental data can be found in Figures S12, S13, 
S14. A complete deciphering of the signaling events in this biological 
system is outside the scope of this paper. Instead, we illustrated how 
interactive modeling of the dynamic behavior of a signal transduction 
network can be used to extend previous pathway topologies and can lead 
to the generation of novel hypotheses. 
 
Discussion 
In research projects, the ultimate aim is to solve a problem or get the 
answer to a scientific question. An in-depth understanding of the biological 
system is often an important step towards this goal. In this process, the role 
of modeling is not to produce a model, but to assist in gaining more insight 
in the system. We developed a new modeling approach and show how 
ANIMO allows effective use of this approach in the intuitive construction of 
formal models. 
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Table 1. Comparison between ANIMO and some existing approaches to modeling 
biological systems. A “Yes” under a column indicates that the modeling tool (mostly) fulfills 
the parameter, “No” indicates very limited or no fulfillment. 

 
Different formalisms are in use in the field of computational modeling of 
biological systems, each with their specific characteristics. Many of these 
formalisms have been implemented into software tools to support modelling 
efforts. In order to compare ANIMO with existing tools, we have selected a 
number of mathematical formalisms, each connected to a supporting tool. 
With an emphasis on the modeling process rather than the final model, we 
compared these tools on the basis of the following parameters: 
 
1. Knowledge required: a knowledge of the underlying formalism is 

required in order to use the tool 
2. Visual modeling: the tool allows the user to model using a visual 

interface, and is not exclusively founded on formula-, text- or table-
based input forms 

3. Qualitative parameters: parameters for reactions can be input as 
approximated estimations, and not exclusively as numbers 
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4. Tight coupling with topology: models are tightly and clearly coupled 
to the networks they represent, showing the visual representation of 
the model in a shape similar or comparable to the representation 
currently used by biologists for signaling pathways 

5. User-chosen granularity: if discretization is applied during the 
modeling process, the user can change the granularity with which 
such discretization is made, possibly for each component of the model 
separately 

 
Table 1 shows the comparison between ANIMO and the selected tools. In 
figures 4,5 we described the construction of an ANIMO model with a 
behavior similar to an ODE model that had been published 
previously (Fathallah-Shaykh et al. 2009). The biggest difference between 
the construction of these models is that the latter is constructed by writing a 
system of mathematical equations, together with an algorithm for 
simulation. Drawing a number of network nodes for the molecules involved 
and linking these nodes with directed cause-and-effect relationships is a 
more intuitive way of model construction. A single parameter then defines 
the strength of each interaction. Further contributing to an interactive 
modeling process is the compositionality of the model. Each node in the 
network can be disabled at any time by the user, or extra nodes can be 
added, without having to change any of the existing interactions. 
In figure 6,7 we showed the construction of an executable model of 
signaling events downstream of TNF𝛼 and EGF in human colon carcinoma 
cells. The same data set has been used for previous modeling studies, 
based on partial least-squares regression and fuzzy logic (Janes et al. 
2005; Aldridge et al., 2009). The partial least-squares regression model 
describes an abstract data-driven model that uses statistical correlations to 
relate signal transduction events to various cellular decisions. This type of 
modeling is very useful in uncovering new and unexpected relations. It is 
also successful in making predictions, but gives little direct insight in 
dynamic behavior. Fuzzy logic analysis led to a model that gave a better fit 
to the dynamic network behavior than discrete logic (Boolean) models. 
Inspection of the inputs to the logical gates that were used to model protein 
behavior led to the prediction of novel interactions between proteins, 
showing the usefulness of this approach. For most of the proteins, such as 
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JNK1, time was used as an input parameter. For example, the logical gates 
“if TNFα is high AND time is low, then JNK1 is high” and “if TNFα is high 
AND time is high, then JNK1 is low” were used to describe the dynamic 
behavior of JNK1. Although this leads to a useful and representative 
description of the dynamic behavior of JNK1, it gives no insight in the 
dynamics of activation and inactivation. Furthermore, in many cases peaks 
in protein activity were not reproduced by the fuzzy logic model. 
In contrast with the two approaches described above, ANIMO is aimed at 
the construction of more mechanistic models, mimicking biochemical 
interactions in silico. This way of modeling gives a different type of insight. 
In the process of model construction, we extended a prior-knowledge 
network with time-dependent extracellular crosstalk that has been reported 
previously (Janes et al. 2006). We then introduced two additional layers of 
crosstalk, at the signal transduction and transcriptional level, to improve the 
fit of the model to the data. These modifications can be interpreted as novel 
testable hypotheses, and are supported in literature. Together, our model 
sheds more light on the intricate entanglement between the TNFα and EGF 
pathways at multiple cellular levels and could provide a starting point for 
further investigation. 
In the future, ANIMO and related tools may lead to a new paradigm for 
interactive representation of biological networks. Networks in digital 
textbooks and articles could be displayed as animations amenable to 
modifications by readers. Repositories of formal descriptions of signaling 
modules could be used to put together executable signaling networks. A 
more user-friendly way of interacting with dynamic network models will lead 
to a more thorough understanding of biological networks and will accelerate 
hypothesis-driven research. 
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Additonal Materials  
 
ANIMO user’s manual 
We will now present a step-by-step sequence to obtain an example model 
with ANIMO, which will allow us to illustrate the main features of the tool. 
 
1.1  Modeling a small network 
1. Run Cytoscape.  
2. If Cytoscape is already running and there are open documents, 
please make sure that the current work is saved before proceeding.  
3. From the File menu, select New → Session. Answer positively to 
the question “Current session (all networks/attributes) will be lost. Do you 
want to continue?”.  
4. From the File menu, select New → Network → Empty Network.  
5. In the Control Panel find the Editor tab. If you cannot find it, click the 
black arrows on the top right of the panel to search through the available 
tabs. Click the name of the tab to activate it.  
6.  Add 5 nodes to the empty network by Ctrl-clicking on empty areas 
of the Network window. 
Note: Ctrl-clicks are obtained as follows. While holding the Ctrl key down, 
click with the left mouse button, then release the Ctrl key. The Ctrl key is 
usually located in the lower left or lower right corner of the keyboard. Apple 
keyboards may use cmd instead of Ctrl.  
7. The Edit reactant dialog window is opened when a new node is 
added, or when you right click an existing node and then select the 
[ANIMO] Edit reactant… item from the menu. Use that window to set the 
properties of the nodes as indicated in Table S1, taking the setting in 
Figure SS1 for node A as reference. When the properties of a node have 
been inserted, confirm the choice with the Save button.    
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Table S1 The settings for the nodes (signaling network components) in the example.  
 
 
2*Name 

Total 
act. 

Initial 
act. 

2*Molecule 
type 

2*Enabled? 2*Plotted? 

 levels level    
 
A 

15 15 Cytokine Yes No 

B 15 0 Receptor Yes No 
C 15 0 Phosphatase Yes No 
D 100 0 Kinase Yes Yes 
E 1 1 Phosphatase Yes No 
 
   

 
Figure S1: The Edit reactant window: modifying the properties of node A. 
 
8.  In order to add edges to the network, make sure that the Editor tab is still active in 
the Control Panel, and add the following edges by Ctrl-clicking the source and then clicking 
the target: A → B, B → C, C → B, B → D, E → D.  
9. The Edit reaction dialog window is opened when you add a new edge, or when you 
right click an existing edge and then select the [ANIMO] Edit reaction… item from the menu. 
Use that window to set the parameters of the edges as indicated in Table 1. The settings for 
the edge A → B should reflect the ones shown in the Edit reaction window in Figure S2. 
Note: In order to insert a qualitative parameter like the ones required by the example 
network, click once the slider in the parameter box to activate it, and then move the slider to 
match the requested value.   
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  Table S2. The settings for the edges (reactions) in the example.  

 
Reaction 

Scenario Parameter value Influence 

  
A → B 

1 Fast Activation 

 
B → C 

1 Medium Activation 

 
C → B 

1 V. Fast Inhibition 

 
B → D 

1 Medium Activation 

 
E → D 

2 0.00015 Inhibition 

   
   

 
 
Figure S2: The Edit reaction window: modifying the properties of edge A → B. 
 
10. In the Control Panel activate the ANIMO tab by clicking its title.  
11. Click the Choose seconds/step button. A new dialog window will appear: you can 
safely choose a time resolution of 12 seconds per step and click OK.  
12. Click the Analyze network button.  
13. After a few seconds the Results Panel should appear on the right, showing a plot of 
the activity level of reactant D over a time course of 240 minutes. Figure S3 shows the 
resulting network and graph plot.  
   



Chapter 5 

 110 

  
Figure S3: The completed example, where also the feature that allows to view the 
activity levels of reactants at chosen simulation times is demonstrated: the vertical red 
bar in the graph on the right can be moved through the slider under the graph, and indicates 
the point in the time series on which the coloring of the nodes in the Network window is 
based. The legends for colors and shapes can be found in the Legend panel. 
 
1.1.1  Managing simulation data and activity levels plots 
Each time a simulation result is obtained, a new tab is added to the Results 
Panel (see the right part of Fig. SS3) in which we identify three buttons, a 
plot of the activity levels of the selected reactants and a time slider. 
Clicking on the button Change title allows to select a new title for the tab: 
this can be useful e.g. when comparing different simulations made on 
similar configurations of the same network. Button Save simulation data… 
allows to save the simulation data of the current tab on a .sim file, which 
can then be loaded and inspected in the future. The Load simulation data… 
button in the Control Panel above the Simulation box can be used for this 
purpose. Please note that the best results are obtained only when loading a 
.sim file when the Network window contains the same network on which the 
simulation data are based. If no network is currently opened, a network will 
not be opened by loading a .sim file. The Close button is used to close the 
currently displayed results tab. 
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Right clicking inside the graph area will bring up a menu that allows to 
perform some basic operations with the graph and its data:  
• Add data from CSV: superpose the graph with other data series 
found in a .csv (comma separated values) file. This file type can be 
obtained for example by exporting data from the default Excel format. If you 
want the data in the .csv file to be rescaled so that its maximum Y value 
coincides with the maximum in the plot, the data file needs to contain a 
column named (exactly) Number_of_levels, on the first row of which the 
maximum of the scale for the .csv data needs to be put. For example, if the 
data in the .csv file are on a 0-100 scale, the value for Number_of_levels 
will be 100.  
• Save as PNG: save the graph as it is shown in a .png image file. 
This file format can be opened by most image editors.  
• Export visible as CSV: export to a .csv file all the series that are 
currently visible (i.e., not hidden) in the graph.  
• Clear Data: clear the contents of the graph, removing all series. This 
can be useful for plotting a .csv file without superposing it to the current 
graph, or for loading a file in which all hidden data where removed 
(exporting the visible graph to a .csv with the previous command).  
• Graph interval: change the lower and upper bounds for X and Y 
axes.  
• Zoom rectangle: zoom the graph around a user-chosen rectangular 
area. After selecting this command the shape of the mouse cursor changes 
into a cross. The area of the plot to be zoomed can then be selected by 
dragging a rectangular selection around it (see the definition of rectangular 
selection on page 112).  
• Zoom extents: bring the zoom level back to default, canceling the 
effects of any Zoom rectangle command.  
Whenever the result of one or more simulations is shown as a graph, it is 
possible to use the slider under the graph to move through the entire 
simulation, showing the activity levels of all reactants represented with 
different node coloring in the Network window on the left. For an example, 
see Figure S3: the vertical red line in the graph represents the time instant 
on which the colors of the nodes in the Network window are based, and can 
be moved with the slider over which the mouse cursor is drawn. 
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1.2  Additional tips 
 
1.2.1  Editing a network in Cytoscape 
Nodes and arcs can be placed in the network as shown previously: with the 
Editor tab selected in the Control Panel, Ctrl-click (click while holding the 
Ctrl or  cmd key) in an empty place to add a node; Ctrl-click the source 
node and click the target node to add an arc. It is also possible to drag and 
drop the node/arc icons from the Control Panel into the Network window. 
Note: to perform drag and drop move the mouse cursor over the icon in the 
Control Panel, click with the left mouse button and, without releasing the 
button, drag the mouse cursor on the Network window where you want to 
place the symbol; then release the left mouse button. 
In order to delete a node/edge, select it by clicking or grouping them in a 
larger rectangular selection, and then press the Delete key on the keyboard 
or select the Edit → Delete Selected Nodes and Edges menu command. 
Note: in order to obtain a rectangular selection, left click in the Network 
window where the upper-left corner of the rectangle should be and, without 
releasing the left mouse button, drag the mouse cursor to where the lower-
right corner of the rectangular selection should be; then release the left 
mouse button. All the entities which were even partially touched by the 
rectangle are now selected. 
Navigation inside the Network window can be performed by clicking and 
dragging the center mouse button, while zooming can be done by either 
rotating the mouse wheel or clicking and holding the right mouse button 
while moving the mouse in a vertical direction. 
Finally, note that the colors used to represent node activity can be changed 
using the VizMapper interface provided by Cytoscape, changing the setting 
for Node color, shown in Figure SS4. To change the node colors, activate 
the VizMapper™ tab in the Control Panel, and find the entry named Node 
Color in the Visual Mapping Browser box. Click the arrow-shaped icon 
directly to the left of Node Color: the current setting for the node colors 
should appear: click the colored bar to open the window shown in 
Figure SS4. The activityRatio on which the node coloring is based is the 
ratio between the current activity level of a node and its number of activity 
levels. The colored arrows pointing downward on the upper border of the 
colored rectangle can be dragged along the length of the [0,1] interval, thus 
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changing the point at which a particular color appears. New arrows can be 
added with the Add button, while clicking an arrow and pressing the Delete 
button will remove one. To change the color of a point in the interval, 
double click the corresponding arrow, and a new window will open, allowing 
you to choose a new color: clicking OK will accept the new color. The 
modifications made in the Gradient Editor for Node Color window should be 
automatically reflected in the model: when the gradient is as wanted, simply 
close the window. If the node colors seem not to have been updated, 
please move the slider under an existing graph in the Results Panel. 
   

  
Figure S4: Changing the colors used to represent node activity in an ANIMO model. 
 
1.2.2  ANIMO features 
Nodes and edges (and groups of nodes/edges highlighted via a rectangular 
selection) can be disabled by choosing [ANIMO] Enable/disable from the 
right-click menu: they will be represented with less saturated colors and can 
be re-enabled by performing the same action. Moreover, a node can be 
enabled/disabled directly in its properties window, where it is also possible 
to add/remove the node from the list of series appearing in the graph 
resulting from a simulation of the network by selecting Plotted or Hidden 
(see also Figure SS1): nodes that will be plotted are circled in blue. Every 
enabled node will be taken into account when computing the evolution of 
the system, but only nodes marked as Plotted will appear in a graph. 
Each plot in an ANIMO Results tab contains by default a legend, which can 
be used to modify which series are displayed and how they are displayed. 
Clicking with the central mouse button on a series name will hide it from the 
graph, while the same center-click the colored line beside the series name 
will change the color of that series, cycling through a predefined set of 
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available colors. The entire legend can be hidden by clicking with the 
central mouse button anywhere on the graph (not inside the legend), or it 
can be dragged around by clicking and holding the left mouse button, 
releasing it when the preferred position is reached. Rotating the mouse 
wheel will allow the thickness of all the graph lines, and the size of the text, 
to grow or decrease: this feature can be useful when the window containing 
the graph is very large. 
As the model is non-deterministic, i.e. its evolution will not be exactly the 
same for every single simulation run, it is possible to ask ANIMO to perform 
a number of simulation runs in a batch, plotting the averages of the activity 
levels over the runs together with a standard deviation value, or showing a 
so-called overlay plot where all runs are plotted over each other. The 
controls that allow to ask for multiple simulation runs can be found in the 
Control Panel, inside the Simulation box. 
Standard deviation may be represented in the graph: it is normally shown 
as vertical bars, but its aspect can be cycled through five possibilities 
(vertical bars, shading, both bars and shading, bars and symbols, none) by 
right-clicking the corresponding line in the legend. Symbols associated to a 
representation of standard deviation can be changed by Shift-right-clicking 
(holding down the Shift key, right click) on the corresponding line in the 
legend. Standard deviation values can be obtained when asking for multiple 
simulations in the network analysis, but they can also be present in a .csv 
file, e.g. when the file contains averages of experimental data. In a .csv file, 
the column containing the standard deviation values for column A should 
be named A_StdDev for the program to recognize it and properly display 
the data series with the associated error values. 
 
1.2.3  Parameter settings 
The application of some basic strategies when setting the parameters for a 
network allows the less experienced users to considerably shorten the 
modeling time. First of all, it is important to proceed in a top-to-bottom 
order, trying to match a component to the corresponding data before 
inserting the components downstream thereof. Second, when choosing the 
kinetic parameter for a reaction, we advise to first use the qualitative 
settings (very slow, slow, medium, fast, very fast): this allows to define the 
relative speeds of the reactions as soon as possible, leaving the more 
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precise parameter setting procedure as a follow-up step. Finally, as can be 
seen from the parameter settings of Section  
1.1, in order to obtain a peak behavior it is particularly important that a 
negative feedback is, and that the inactivating reaction in the loop is faster 
than the ones activating the target node. 
A final note on the seconds/step button. This button allows to define the 
time granularity of the simulations, but it is not strictly necessary to choose 
a very precise value. If the current value for seconds/step is too high (or too 
low) to allow the network to be properly simulated, ANIMO will 
automatically choose (respectively) the highest (lowest) value that still 
allows to avoid rounding problems. It will be possible to notice such a 
change in the value of time scale when the number on the seconds/step 
button changes. 
 
1.2.4  Updating ANIMO 
To check whether a new version of ANIMO has been published, run 
Cytoscape and ask for an update of all plug-ins via the menu command 
Plugins → Update Plugins. After some seconds during which Cytoscape 
will contact all the providers of the installed plug-ins, the system should 
report the list of updatable plug-ins. 
Note: a window with the message Attempting to connect to XYZ… may 
appear and disappear multiple times: it is the normal behavior. 
If an updated version of ANIMO is available, it will appear under the 
category Updatable Plugins → Analysis → ANIMO v1.28. If no plug-in can 
be updated, a message stating No updates available for currently installed 
plug-ins. will be shown. 
 
2  Additional notes 
2.1  Simulating the day-night cycle 
The model presented in Figure 4 contains a node labelled Day/Night. That 
node abstracts our representation of the cyclic alternance of day and night, 
which causes the variations in cryptochrome (cry): these oscillations allow 
the network to synchronize to a time zone. Note that the network oscillates 
also when the node cry is not included in the model. 
The alternance between day and night is represented in our model with a 
repressilator-like subnetwork, as can be seen in Figure S5. In the model by 
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Fathallah-Shaykh (Fathallah-Shaykh et al. 2009) a specific function was 
introduced in the equations to approximate the experimental data 
from (Kadener et al. 2007). 
   

  
 
Figure S5: The repressilator-like subnetwork used to represent the alternance 
between day and night that cause the oscillations in cry concentrations in the 
network modelled in Figure 5.  
 
2.2  Note on the parameters in the TNFα-EGF model 
The parameters in the model in Figure 6B have been set by fitting the 
model to the experimental data for conditions with 100 ng/ml TNFα. In the 
model we have set the starting level of TNFα at 100 out of 100 for these 
conditions. This level is a dimensionless quantity that indicates the 
maximum activity level in the data set. We found that setting the initial level 
of TNFα at level 8 out of 100 gave slightly better results for the condition 
with 5 ng/ml TNFα than level 5 out of 100. We believe that this has to do 
with the fact that 100 ng/ml is a highly supra-physiological concentration of 
TNFα, that will rapidly cause activation of all receptors present. Fitting the 
model to this experimental condition may have resulted in slight deviations 
in the parameter values. Nevertheless, the modeling results illustrate that 
building a model with basic kinetic rate laws can give useful predictions 
over a range of concentrations. Figures 7C and 7D show the modeling 
results with TNF set at 8 out of 100. 
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3  How ANIMO uses Timed Automata to model pathway dynamics 
 
3.1  Timed Automata model 
The Timed Automata (TA) model underlying an ANIMO network is 
generated whenever an analysis is requested by the user. Starting from the 
network represented in the Cytoscape-based user interface, ANIMO 
automatically generates a Timed Automata model to be used with 
UPPAAL. The analysis result is then parsed and properly represented to 
the user, for example as a graph of reactant activity levels. 
The behavior of all reactions in an ANIMO model is based on the same 
Timed Automaton template: Figure SS7 shows UPPAAL’s graphical 
representation of such template. An instance of the reaction template is 
generated for each of the reactions present in the ANIMO model, and is 
equipped with a local clock c to measure the time until the next reaction 
step. Moreover, a global clock is defined for the whole model, to keep track 
of the current experiment time in a simulation. To represent the activity 
level of the molecular species included in the ANIMO model, each reactant 
R is associated to an integer variable R. The automaton in Figure SS7 uses 
MEK to refer to the activity level of MEK, from which the reaction speed 
depends. The initial activity level of each node is chosen by the user when 
modifying the node in the ANIMO model: these settings define the starting 
state for the Timed Automata model. Each reactant R is also associated to 
a channel named R_reacting, which is used to communicate between 
automata when the activity level of a reactant is changed. 
The abstract behavior of a reaction in the Timed Automata model was 
described in Figure SS6: after choosing the correct time bounds, the 
automaton waits for the reaction to complete, then updates the values of 
the output variable and is ready to restart. If an intervening event has 
changed the value of a reactant from which the reaction time bounds 
depend, the bounds are updated at run-time. Referring to the Timed 
Automaton template in Figure SS7, we will now give a less abstract 
description of the behavior of the formal model. 
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Figure S6: Schematic overview of the steps taken during a simulation run by a Timed 
Automaton modeling a reaction R that increases ERKactivity and depends only on 

MEKactivity. In this example, MEK has 10 activity levels. After resetting the internal clock t, 

the automaton sets the time constraints for the reaction. MEKactivity is used as the index 

inside the time tables RlowerBound and RupperBound. Once the bounds have been 

identified, R can occur when t reaches a value inside the continuous time interval [ , ]. When 
it occurs, R increases the value of ERKactivity by 1. All reactions that depend on ERKactivity 

are notified of the change, and the associated time bounds are updated accordingly. After 
resetting the clock t, the reaction process can restart. If MEKactivity was changed by 

another reaction before the occurrence of R, the automaton needs to update the correct time 
bounds based on the new activity level of MEK. 
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Figure S7: Timed Automaton representing a reaction where the activity level of ERK is 
changed with a speed depending on the activity level of MEK. The template shown here 
has been simplified only to improve readability, while keeping the same behavior as the one 
actually generated by ANIMO. 
 
We will call input variables the variables representing the activity levels the 
reactants from which the automaton instance depends, while the output 
variable is the variable updated at each occurrence of the reaction. In the 
example of Figure SS7, MEK is the only input variable, and ERK is the 
output variable. 
The initial location, from which the evolution of the automaton begins, is 
marked with an additional circle and labeled start. Here the decision on 
whether the reaction can actually occur is made: if the current values for 
the input variables determine a reaction rate of 0, the time needed for the 
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reaction to complete is marked as INFINITE, thus preventing the reaction to 
occur. If the reaction cannot occur, the automaton switches to the location 
labeled not_reacting, otherwise it switches to the location labeled reacting. 
The C present in a location (see locations start and resetting) marks that 
location as committed: when there are any automata in a committed 
location, the evolution of the whole system is stalled (i.e., time is not 
allowed to pass) until all committed locations have been abandoned. This 
ensures that no reaction occurs before all applicability conditions have 
been checked for all reactions in the system, performing the necessary 
configuration adjustments. 
When in the not_reacting location, the automaton is waiting for one of its 
input variables to change, possibly changing the time settings for the 
current reaction. As any change to reactant R is communicated through the 
channel R_reacting, the automaton waits for changes in input variables by 
waiting for a communication on their corresponding channels. Whenever 
such a communication is received, the automaton switches to the resetting 
location. 
If the automaton is in the reacting location, it may update its output variable 
when the internal reaction clock c is inside the allowed interval 
[timeL,timeU]: this means that the reaction can occur at any moment inside 
the interval. The condition that allows the reaction to occur is described in 
the model by the invariant for the reacting location, which requires that c 
must never exceed the upper bound timeU, and by the guard for updating 
the output variable, where c is required to be greater than or equal to the 
lower bound timeL. If the reaction occurs, the output reactant is updated, 
signaling that the update has been performed via the respective channel, 
and the automaton moves to the resetting location. The same location is 
also reached if another reaction happens that modifies the value of any 
input variable, because the conditions for the applicability of the reaction at 
hand need to be verified again. 
When in the resetting location, the Timed Automaton performs a number of 
checks to identify the current situation, which can be one of three possible 
states:  
1.  the reaction can still occur and the clock is inside the allowed 
bounds (in Figure SS7, this condition corresponds to guard timeL[MEK] != 
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INFINITE && (timeU[MEK] == INFINITE || (timeU[MEK] != INFINITE && c 
<= timeU[MEK]))),  
2.  the reaction can occur, but the changed conditions require an 
update to the clock in order to respect the invariant of location reacting 
(guard timeL[MEK] != INFINITE && timeU[MEK] != INFINITE && c > 
timeU[MEK]),  
3.  the reaction cannot occur (guard timeL[MEK] == INFINITE).  
In case 3.1, the automaton returns to location reacting without performing 
any change. If the clock is larger than the upper time bound (case 2), it is 
updated accordingly before moving to reacting. Finally, if the conditions of 
applicability of the reaction do not hold anymore (case 3), the automaton 
moves to location not_reacting, where it waits for a change in the current 
conditions. 
 
3.2  Simplified kinetic rate laws 
Each reaction in our model is based on its two tables timeL and timeU. 
These represent respectively the lower and upper bound for the time taken 
by the reaction to change its output variable by 1. The time tables are 
indexed by the current value of the input variables for that reaction, and are 
pre-computed based on all possible values of those inputs. Thus, if a 
reaction has two input variables with 5 and 13 possible activity levels 
respectively, the two time tables timeL and timeU will contain 5×13=65 
elements each. 
In order to compute the reaction times, ANIMO provides three different 
simplified kinetic rate laws that rely on a single parameter to facilitate model 
construction. Since many reactions in signal transduction are enzyme-
substrate reactions, we abbreviate concentrations of upstream proteins with 
E, and of downstream proteins with S. The three simplified kinetic 
scenarios are defined as follows. 
1. Scenario 1: r=k×[E] 

Reaction rate r depends only on the activity level of the upstream 
reactant (i.e., the one from which the interaction arrow starts). Thus, 
if the upstream reactant E is completely inactive, the reaction rate is 
zero. Increasing the activity level of E will make the reaction rate 
increase, thus decreasing the reaction time. In this scenario E is the 
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only input variable of the reaction, so the time tables timeL and 
timeU are unidimensional. 
This is the simplest scenario: in the case of a constantly active 
upstream reactant, the downstream reactant will be activated with 
constant rate.  

2. Scenario 2: r=k×[E]×[S] 
r depends on the activity level of two reactants, where E represents 
the upstream reactant and S is linked to the downstream reactant 
(the one where the interaction arrow arrives). If the reaction 
activates the downstream reactant, S represents the concentration 
of inactive downstream reactant, thus the reaction rate increases 
with decreasing activity of S. If the reaction inhibits the downstream 
reactant, S represents the active fraction of the downstream 
reactant and the reaction rate increases with increasing activity level 
of S. The dependence from the upstream component E is the same 
as for Scenario 1. 
This scenario can be used to describe activations or inhibitions that 
flatten off near complete activity or inactivity of S, respectively.  

3. Scenario 3: r=k×[E1]×[E2] 

r depends on two user-chosen reactants, and influences the activity 
of the reactant downstream of the reaction. The dependence from 
the active or inactive fraction of E1 and E2 is set by the user. This 

scenario can be seen as the kinetic equivalent of the logical AND-
gate: when either E1 or E2 is completely inactive, the reaction rate 

is zero. 
As an example of application of Scenario 3, see the relation 
between c-Jun, c-Fos and AP-1 in the model of 6B: Both c-Jun and 
c-Fos need to be active in order to activate AP-1. This information is 
inserted in the kinetics associated to the edge c-Jun → AP-1, setting 
E1=c-Jun and E2=c-Fos. The edge c-Fos → AP-1 has a kinetic 

constant k=0 and is used as a reminder that also c-Fos takes part to 
the reaction.  
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3.3  Translation of kinetic rate laws to time constants 
The time (in seconds) needed for a particular reaction step to complete is 
computed by the formula  

  
If r=0, then the time is defined to be infinite (cf. the INFINITE in 
Figure SS7), meaning that the reaction cannot take place. The scale factor 
granularityScale is used to ensure that the values used to compute the 
reaction rate r are independent from the granularity (number of activity 
levels) of each reactant. Factor timeScale (measured in TA time units/s) is 
applied in order to translate seconds into Timed Automata time units. 
Hence, the time constants present in the time tables are given in TA time 
units/ activity level. Intuitively, each entry in the time tables can be thought 
of as the answer to the question “How many Timed Automata time units are 
needed to increase/decrease the output variable of this reaction with the 
current value of the input variables?”. 
Finally, we generalize time constants to time intervals, introducing a 5% 
variability: the exact duration t of a reaction computed via the kinetic 
formula becomes the interval [0.95×t,1.05×t]. The two extremes of the 
interval are saved each in its own table, thus obtaining a lower bound and 
an upper bound table, both indexed by the current activity levels of the 
input variables of the reaction at hand. The two time bounds correspond to 
the ones identified by the constants 18 and 20 in Figure 2C. The tables 
where those bounds are stored are called RlowerBound and RupperBound 

in Figure SS6 and timeL, timeU in Figure SS7. 
 
3.4  Different choices for the number of levels of a node 
Figure S8 shows the differences between different choices for the number 
of levels of a node. This allows to adapt a model to the quality of 
experimental data. 
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Figure S8: Comparing different reactant granularity settings. A. 2 levels, B. 10 levels, C. 
50 levels, D. 100 levels. The JNK1 series is computed from the model presented in 
Figure 6B, considering 100 ng/ml TNFα as treatment condition over a period of 60 minutes. 
 
3.5  Previous work using Timed Automata in biology 
Timed Automata have been previously suggested for application in a 
biological context. Siebert and Bockmeyer (2008) present a way to extend 
a classical modeling paradigm that was introduced previously (Thomas, 
1973) allowing to add time information to gene network models. Bartocci et 
al. (2009) describe a model of oscillators that accounts for time dynamics 
and test synchronization properties of biological oscillators. A discretization 
of ODEs to Timed Automata is proposed by Batt et al (2007), applying the 
formal translation to an example gene regulatory network. Two different 
approaches to transforming a Petri net (Reisig, 2011) into Timed Automata 
are presented by Nakano and Yamaguchi (2011), where also the important 
issue of state space explosion is addressed. Finally, Man et al (2011) 
propose an ad hoc Timed Automata model of a radiation treatment system, 
which is then validated through UPPAAL. 
Each of these approaches has been successfully validated and 
demonstrates the power of Timed Automata, both on the theoretical level 
and in real biological applications. However, none of the listed approaches 
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has led to a tool implementation of the proposed method, the application of 
which was often limited to simple or specific examples. The challenges of a 
broader applicability of Timed Automata were not previously considered, 
nor was the usability of the approach evaluated from the point of view of a 
biologist. 
Inspired by the body of previous work described above, we have further 
developed and generalized the use of Timed Automata  to model biological 
networks. The details on the formalism used in ANIMO were presented in 
(Schivo et al 2012). In Supplementary Section 3 we explain the Timed 
Automata model on which ANIMO is based, for the user interested in the 
underlying formal principles of the model. Being the first to apply Timed 
Automata in a user-friendly tool, we state that our approach is a novel 
application of Timed Automata in the mathematical modeling of biological 
networks. 
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4  Supplementary figures 
 

  
  
Figure S9: The model for the TNFα pathway in isolation. Node colors represent the 
activity level of the corresponding modeled reactants at time t=10 minutes after a stimulation 
of 100 ng/ml TNFα. 
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Figure S10: The model for the EGF pathway in isolation. Node colors represent the 
activity level of the corresponding modeled reactants at time t=5 minutes after a stimulation 
of 100 ng/ml EGF. 
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Figure 11: The model for the merged TNFα and EGF pathways before adding the 
hypotheses in Figure 6A. Node colors represent the activity level of the corresponding 
modeled reactants at time t=15 minutes after a stimulation of 100 ng/ml TNFα + 100 ng/ml 
EGF. 
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Figure 12: Comparison between the ANIMO model in Figure 6B and experimental 
data. Treatment condition: 100 ng/ml TNFα. If not specified, the time span is 24 hours 



Chapter 5 

 130 

   

Figure S13: Comparison between the ANIMO model in Figure 6B and experimental 
data. Treatment condition: 100 ng/ml EGF. If not specified, the time span is 24 hours. 
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Figure S14: Comparison between the ANIMO model in Figure 6B and experimental 
data. Treatment condition: 100 ng/ml TNFα + 100 ng/ml EGF. If not specified, the time span 
is 24 hours. 
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Abstract 
Computational modeling of biological networks permits comprehensive 
analysis of cells and tissues to define molecular phenotypes and novel 
hypotheses. Although a large number of software tools have been 
developed, the versatility of these tools is limited by mathematical 
complexities that prevent their broad adoption and effective use by 
molecular biologists. This study clarifies the basic aspects of molecular 
modeling, how to convert data into useful input, as well as the number of 
time points and molecular parameters that should be considered for 
molecular regulatory models with both explanatory and predictive potential. 
We illustrate the necessary experimental preconditions for converting data 
into a computational model of network dynamics. This model requires 
neither a thorough background in mathematics nor precise data on 
intracellular concentrations, binding affinities or reaction kinetics. Finally, 
we show how an interactive model of crosstalk between signal transduction 
pathways in primary human articular chondrocytes allows insight into 
processes that regulate gene expression. 
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Introduction 
In the past years it has become increasingly clear that a thorough 
understanding of cells, tissues and disease pathologies is a prerequisite for 
the development of effective therapies and drugs 1,2. This insight is causing 
a gradual shift towards systems biology, that aims to unravel the molecular 
mechanisms of biological systems as a whole, rather than focusing on the 
individual components. Systems biology follows an empirical cycle in which 
computational modeling plays an important role (Fig. 1). To support 
biologists in the construction of computational models, computer scientists 
have contributed a large number of software tools, gathered for instance in 
the SBML database, listing over 250 software packages 3.  Still, modeling is 
applied only sparsely in biological research. In this paper we will provide 
experimental biologists with guidelines for model construction.  

 
Figure 1. Workflow describing the empirical cycle in systems biology. Starting from a 
research question, experiments and data provide input for a model, which in turn can be 
used for in silico experiments and the generation of new hypotheses. 
 
The research question provides boundary conditions for the level of detail 
that is required in the model. The most precise models are detailed 
descriptions of reaction mechanisms, including the complete sequence of 
elementary reactions. These models are usually based on mass action 
kinetics and reaction steps are mathematically described using ordinary 
differential equations. Time and concentrations are continuous in the 
model, and the behavior of the network can be solved analytically for small 
models or can be evaluated numerically. Copasi is an example of a 
supporting tool that enables construction and analysis of ODE models 4. 
Although ODE models provide useful insights in biology 5, they are 
parameter-intensive and require data on intracellular concentrations, 
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binding affinities and reaction kinetics. Therefore, ODE models are often 
restricted to single pathways or small subnetworks. Being centered on 
mathematical equations, ODE models are not intuitively accessible without 
a mathematical background and/or previous modeling experience. On the 
other side of the spectrum are logic-based models, such as Boolean 
models, which can be evaluated in a stepwise manner. These models 
abstract from the details of reaction mechanisms, concentrations and time. 
“When A is active, B becomes active” is an example of an interaction in 
such models. The simplicity of the interactions makes these models 
suitable for construction of very large networks that can qualitatively 
capture biological phenomena surprisingly well 6. Boolean networks can for 
example be constructed using GINsim 7.  
Between these two extremes is a large range of models that abstract from 
biological reality with respect to reaction mechanisms, time or 
concentrations. For research questions concerning networks of signaling 
pathways that lead to gene expression patterns, a well-chosen abstraction 
level shall enable the construction of models that preserve the relevance of 
timing information and support multi-level concentrations in the study of 
biological systems. In this paper we focus on such timed multi-level models 
with abstracted reaction kinetics. Example tools for such models include 
ANIMO 8,9 and Cell Illustrator 10. We use ANIMO (Box 1) as the modeling 
tool in this paper, as it was developed for use by biologists who have no 
prior modeling experience. Furthermore, the visualization stays as close as 
possible to biological traditions and it provides a good match with the level 
of detail found in most experimental data.  
The next section of this paper briefly addresses aspects of the experimental 
design that need to be considered when the aim is to generate data to 
construct a model. Then, we will give detailed descriptions of the steps from 
experimental data to an in silico model. This section is followed by the 
construction of a small model based on our own research, illustrating how a 
model can be used to generate new hypotheses.  
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Box 1: ANIMO: Analysis of Networks with Interactive Modeling 
Cytoscape 11 has been designed for visualization of (static) molecular interaction networks.  
ANIMO, a plugin to Cytoscape, was recently developed to turn Cytoscape networks into 
dynamic functional models 8,9. These dynamics are introduced by enriching interactions in 
the network with cause-and-effect relationships, such as “A activates B”. Each interaction 
requires a single parameter that determines the speed or strength of the interaction. ANIMO 
works with non-dimensional data that are scaled to a hypothetical maximum, for instance the 
maximum experimental intensity. Every node in the network represents the whole population 
of a molecular species and is characterized by its current activity level. Upstream molecules 
exert their downstream effects as long as their current activity level is greater than zero, 
whereas the activity of downstream molecules is influenced through incoming interactions. 
User-input is automatically translated into an underlying formal model based on Timed 
Automata 8. ANIMO is suited for construction of timed models with 2-100 activity levels and 
timing can be abstracted to time steps instead of real-time. As such, it covers a modelling 
area between Boolean models and ODE based models.  

 
Experimental preconditions  
Many biological events can be interpreted as changes in activity. For 
example, changes in concentration, phosphorylation or localization of a 
protein, or changes in gene expression are causal factors with respect to 
downstream effects. As such, the state or concentration of the molecules 
involved can be described in terms of an activity. The more active the 
molecule is, the stronger it will affect downstream processes. We propose a 
number of guidelines for experimental design: (1) In the process of 
choosing the most suitable molecules to measure, include molecules that 
either have downstream effects in the model or can be used as an output of 
the model. Successive iterations of the empirical cycle can be performed to 
expand an existing model (Fig. 1). (2) Inclusion of overlapping treatment 
conditions can be used to normalize experimental data between different 
days or assay batches. (3) For each of the measurements, a positive 
control that gives an indication of the potential maximum intensity in the 
biological system needs to be included. In this way, activity of data can be 
scaled between 0-100% to construct a nondimensional model, omitting the 
need for precise intracellular concentrations. (4) A negative control (t=0) 
gives insight in background activity levels.  
Single time-point measurements give poor insight in the dynamic behavior 
of the system. To decide how many time points should be measured and 
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what the optimum time range is, the following factors need considering. 
Ideally, measurements are obtained at time points starting from t = 0 until 
the system reaches a steady state. For most primary effects in signal 
transduction networks, this means measuring more time-points in the first 
2-30 minutes after stimulation. When peak dynamics are expected, 3 time 
points are the absolute minimum to describe each peak, one before the 
peak, one as close as possible to the actual peak and one after the peak. 
Five time-points and more allow finding, and describing a peak in more 
detail, especially in the presence of experimental noise. If no peak 
dynamics are expected, at least 4 time points should be measured. Try to 
avoid having the highest measurement value as the first or last value in 
your time series, as it will lead to uncertainty about the actual behavior of 
the system. 
Effects of an experimental treatment can be categorized as primary (or 
direct) effects or higher order (or indirect) effects. The latter are effects in 
which feedback is involved. For signal transduction, it is often sufficient to 
have time points up to 240/480 minutes for primary effects. Primary effects 
on gene expression typically take 4-12 hrs. When you are interested in 
higher order effects, the time range of these effects has to be taken into 
account. For signal transduction this can mean measurements up to 24/48 
hrs; for gene expression involving higher order effects, e.g. in the case of 
cell differentiation, effects can take up to several weeks. The corresponding 
effort to understand the whole chain of events leading to a specific endpoint 
rapidly increases when longer time-courses and higher order effects are to 
be captured in a model.  
 
Modeling 101 
Constructing a model in ANIMO starts with drawing a network topology. 
This topology consists of nodes, corresponding to molecules, and arrows, 
corresponding to interactions (activations or inhibitions). The topology is 
then supplemented with the following additional information: i) starting 
activities (t=0) for all nodes, ii) a choice of a kinetic scenario for the 
interactions and iii) a single parameter for each interaction that determines 
the rate of those interactions. Together with the topology, these three 
settings can be manually adjusted until the system behaves as observed 
experimentally, or as hypothesized. This process is guided by simulation 
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graphs that provide feedback on the behavior of the model. The influence 
of changing various settings on model behavior is explained in detail in 
Figure 2. Fig. 2a shows the two basic kinetic scenarios for interactions. 
Scenario 1 is the simplest: the interaction rate only depends on the activity 
of the upstream node. When the upstream node has a constant activity, the 
interaction rate is linear (Fig. 2b). Note that the maximum activity level in 
the model is 100 arbitrary units, when this level is reached, no further 
activation takes place. Scenario 2 is closer to the biochemical reality: the 
interaction rate decreases when the amount of inactive substrate 
decreases upon activation (Fig. 2b). Scenario 1 is usually a good starting 
point.   
 
Modeling signal transduction in primary human chondrocytes 
We recently reported that Wnt signaling is a negative regulator of IL-1β 
induced expression of matrix metalloproteases (MMPs) in human 
osteoarthritic chondrocytes 12,13. Being interested in the molecular 
mechanisms of this crosstalk, we set out to study upstream signal 
transduction events. In this example, we focus on three distinct end-point 
kinases of the MAPK signaling pathway: p38, JNK and ERK. These kinases 
are downstream of IL-1β stimulation and are known to regulate a large 
range of transcription factors. Using antibody arrays, we measured 
phosphorylation of p38, JNK and ERK as a measure of their activation, 
following stimulation with IL-1β alone, Wnt3a alone or IL-1β + Wnt3a. We 
measured the following time points to gain insight in the activation 
dynamics: 0, 5, 15, 30, 60, 120, 240, and 480 minutes. Phosphorylation 
levels on the antibody arrays were quantified, background subtracted, 
normalized and rescaled to a 0-100 scale for use in the model. Raw data 
and the results and methods of each subsequent step in the data analysis 
process are provided as an Excel spreadsheet (Suppl. Data 2). Scaled 
data are shown in Figure 3B. 
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Figure 2. The dynamic behavior of ANIMO models is determined by four user-selected 
settings in the model. Each graph represents the time evolution of the network on its left. 
The vertical red lines in the graphs represent the time point on which the coloration of the 
nodes in the corresponding network is based.  Figures 2c-h show how changes in 
interaction parameters, starting conditions and topology affect the behavior of the 
downstream nodes. These changes are used to fit the model to the data at hand. Figure 2ij 
shows a motif with a feedback loop and the effect of varying the scenario and interaction 
parameter k on the resulting behavior. This motif is useful to model processes such as 
receptor internalization, blocking signal transduction processes when extracellular signals 
are continuously present. Feedback loops are very common in the cell. As they cause a 
reversion to the steady state, they are often responsible for peak dynamics in the data. The 
ratio between activation and inactivation rates determines peak height (corresponding to the 
overshoot in the system towards reaching the steady state), and the rate parameters 
describe the width of the peaks. Doubling the three rate parameters makes the peak half as 
wide, whereas slower rates give wider peaks. In the next section we will further discuss 
some of the choices that a modeler faces. 
 
 



Chapter 6 

 142 

 
Figure 3. A) Model that describes activation of p38, JNK and ERK downstream of IL-
1β and Wnt3a. This model includes nodes for IL1R(eceptor), IL-1βR I(nternalization), 
Frizzled (FZD) and FZD I(nternalization) and the phosphatases that inactivate p38, JNK1 
and ERK B) Scaled data was saved in a csv spreadsheet and imported in ANIMO. 
Phosphorylation profiles of ERK, JNK and p38 after treatment with IL-1β, Wnt3a and IL-1β + 
Wnt3a C) Simulation graphs for p38, JNK1 and ERK in response to IL-1β, Wnt3a and IL-1β 
+ Wnt3a. The vertical red line in the rightmost graph represents the time point on which the 
coloration of the nodes in (A) is based. D) Extended to includes hypothetical inhibition of 
both IL-1β signaling and Wnt-signaling (indicated by 1 and 2). We added an extra node for 
IL-1β signaling and its inhibitor, as well as a node for Wnt signaling with its inhibitor E) 
simulation graphs for the model that includes inhibition of IL1β signaling downstream of Wnt 
(inhibition 1). F) Simulation graphs for the model that includes inhibition of both IL1β 
signaling and WNT signaling (inhibition 1+2). The vertical red line in the rightmost graph 
represents the time point on which the coloration of the nodes in (D) is based. 
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In this example, the primary aim is to construct a model that captures the 
dynamic behavior of p38, JNK and ERK, with a topology that reflects the 
biological system. A secondary aim is to illustrate how adaptations of this 
model can be used as a way to generate new hypotheses, when the model 
deviates from the data in any of the experimental conditions.  
Based on the data, we constructed a model in which p38 and JNK are 
activated downstream of IL-1β, and in which ERK is activated downstream 
of both IL-1β and Wnt3a. In this model, linear signaling cascades are 
collapsed into single interactions, as intermediate nodes upstream of p38, 
JNK and ERK were not measured. As an exception, a receptor for IL-1β 
and a receptor for Wnt were added to the model, to provide an intermediate 
node for a negative feedback loop that can account for the observed 
activation peaks. Furthermore, capturing peak dynamics in the model 
requires inhibitory nodes for p38, JNK and ERK, corresponding to the 
phosphatases that inactivate these kinases by dephosphorylation.  
 
Table 1. Parameters for network model as shown in figure 3A. 
 Reactants   Interactions  
Name Levels Initial 

activity 
Interaction Scenario k 

IL1-BR 100 0 IL-1B à IL-1BR 2 0.0200 
IL1-BR I 100 0 IL-1BR àIL-1BR 

I 
1 0.0020 

IL-1B 100 0 OR 100 IL-1BR I --| IL-
1BR 

1 0.0240 

Wnt 100 0 OR 100 Wntà FZD 2 0.0200 
FZD I 100 0 FZD àFZD I 1 0.0030 
FZD 100 0 FZD I --| FZD 1 0.0240 
ERK 100 0 IL-1BR à ERK 2 0.0100 
p38 100 0 IL-1BR à p38 2 0.0150 
JNK1 100 0 IL-1BR à JNK1 2 0.0090 
Phosphatases 100 100 Wnt à ERK 2 0.0025 
   --| ERK 2 0.0003 
   --| p38 2 0.0005 
   --| JNK1 2 0.0003 
 
Parameters for the model were set manually, working from the known input 
stimuli IL-1β and Wnt towards the output nodes p38, JNK and ERK. Since 
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we had no data for the receptors, we assumed a peak time close to the 
peak time of p38, JNK and ERK in the data, but falling back to base level a 
bit faster. A very broad peak for the receptor would have made it impossible 
to obtain narrow peaks for downstream nodes. When we achieved suitable 
dynamics for the receptors, activation parameters and inhibition parameters 
for p38, JNK and ERK were set. We performed these steps to match the 
model first to IL-1β stimulation alone and then to Wnt3a stimulation alone. 
Parameter values for the base model are given in Table 1. In most cases 
scenario 1 and 2 lead to similar results, but there are cases where we 
made a deliberate choice for either of the two. Notably, we chose scenario 
1 for the inhibitions “IL-1ΒR I --| IL-1ΒR” and “FZD I --| FZD” to make sure 
that receptor activities revert to zero more rapidly after activation. Scenario 
2 would have caused a very long tail to the activation peaks, i.e. slow final 
part of the inactivation process, since the rate of inhibition decreases with 
the decreasing availability of active receptor.  
The resulting model is shown in Figure 3A, with the corresponding 
simulation graphs in Figure 3c. Interestingly, the model behavior for the 
condition Wnt3a + IL-1β deviates from the data at this point, which is 
indicative of signaling crosstalk between IL-1β and Wnt3a. In an attempt to 
come up with a hypothetical mechanism for this crosstalk, we tried several 
modifications to the model. We added intermediate nodes “IL-1β signaling” 
and “Wnt signaling”, capturing multiple unspecified signaling events in 
single nodes. These nodes serve as targets for crosstalk that modulates 
the strength of signal transduction. We first tried adding an inhibitory 
interaction directed to “IL-1β signaling” to the model (edge 1 in Fig 3D). 
This addition successfully reduced the signal intensity for p38 and JNK, but 
left ERK activity substantially higher than found experimentally (modeling 
output shown in Figure 3E). We then added an inhibition of “Wnt signaling” 
to the model (edge 2 in Figure 3D). The resulting model with inhibition of 
both IL-1β signaling and Wnt signaling nodes leads to a much better fit of 
the model to measured activities of p38, JNK and ERK (Fig 3F). The 
parameters for this model are given in Suppl. Table 1. As a preliminary test 
of the validity of this hypothesis, we performed qPCR experiments for IL1B 
and AXIN2, target genes of IL-1β signaling and Wnt signaling respectively. 
The results of this experiment are shown in Figure 4. For both genes, co-
stimulation reduced the expression levels when compared to stimulation 
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with a single stimulus, corroborating our hypothesis and providing 
additional ground for crosstalk at the signal transduction level. 

 
Figure 4. Q-PCR data. Expression of IL1B and AXIN2 after stimulation with Il-1β, 
Wnt3a or Il-1β + Wnt3a. Note the logarithmic scale needed to display the large differences 
in expression of IL1B between treatments.  
 
Future experiments will provide more insight in the proteins that are directly 
involved in the crosstalk between IL-1β signaling and Wnt signaling in 
human chondrocytes. The KEGG pathway database 14 is a valuable 
resource in the selection of candidate proteins for these experiments. As 
the networks in this database are not cell-type specific, activity of these 
proteins cannot be directly inferred from KEGG or literature on other cell 
types. Ultimately, insight in the signaling processes that mitigate the 
detrimental effects of IL-1β could provide a starting point for future control 
of degenerative processes in cartilage. 
 
Discussion 
In the last two decades, neither tissue engineering nor pharmaceutical 
research has fulfilled the high expectations of readily developing novel 
therapies for a range of diseases 15. The complexity of the molecular 
mechanisms that underlie these diseases is now widely seen as a cause of 
this delay 2. Consequently, systems biology is becoming more and more a 
necessity instead of an optional research approach. One of the factors 
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slowing down the integration of systems biology in biological research is 
lack of training and experience of biologists with respect to computational 
modeling. This paper contributes to bridging the gap between the existence 
of modeling methods and their actual application, by providing insight in 
experimental design and in the conversion of experimental data to model 
parameters. We have emphasized the underlying guidelines by means of a 
small but realistic example and constructed a model of MAPK activation by 
IL-1β and Wnt3a in human articular chondrocytes.  
Isolated linear signaling pathways are relatively straightforward to 
understand. A stimulus initiates the process and the signal gradually 
trickles down the pathway as downstream proteins are activated. However, 
cells receive many stimuli simultaneously and signaling pathways modulate 
each other in an interconnected signaling network. Experiments stimulating 
isolated pathways separately, followed by co-stimulation, offer a powerful 
means to study such interactions between pathways 16. A computational 
model gives an advantage over static visual representations in this 
approach, as the former enables a formal comparison between 
experimental data and model behavior. Deviations between the two are 
likely due to crosstalk and modifications to the model can be used to 
generate hypotheses for the behavior that was observed experimentally. 
With a new round of experiments the mechanisms of crosstalk can be 
further unraveled, gradually increasing the insight in a biological system. In 
this process, a model serves the additional purpose of storing knowledge 
and facilitating transfer and integration of knowledge between research 
groups. 
  
Models are simplified representations of reality, and different levels of 
abstraction of reaction mechanisms, concentrations and time give rise to a 
wide range of model types 17. The choice for a certain abstraction level 
depends on the research questions at hand and is always a tradeoff 
between precision and feasibility. Biological processes rarely are simple on-
off switches, and timing of, for instance, gene expression and signal 
transduction varies widely. As such, preserving a multilevel description of 
concentrations and a connection of the model to real-time offers more 
flexibility than stepwise evaluations of switch-like processes 18. Dissecting 
reaction mechanisms in elementary steps is a daunting task in terms of 
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time and resources. Here, we have shown a crude abstraction from 
reaction mechanisms to single-parameter cause-and-effect relationships, 
greatly reducing the complexity of the model. Again, the extent to which 
such abstractions can be justified will depend on the research question. 
Insights gained from Boolean models and ODE models alike show that 
when well chosen, each abstraction level has its own merits 5,6. 
Future generations of biologists are likely to be trained more and more as 
engineers, further advancing the field of systems biology. In the meantime, 
this “computational modeling 101” could take away some of the threshold-
fear of experimental biologists. 
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Methods 
Cell Culture 
Primary articular chondrocytes were isolated from macroscopically healthy 
looking osteoarthritic knees obtained from patients, who gave informed 
consent, prior to undergoing total knee replacement surgery, as described 
previously 12. C20A4 cells, a human chondrocyte immortalized cell line, 
were kindly provided by Dr. Mary Goldring, Hospital for Special Surgery, 
New York, NY 19. Cells were grown in Dulbecco’s Modified Eagle Medium 
(DMEM, Gibco, Invitrogen) supplemented with 10% v/v heat inactivated 
fetal bovine serum, ascorbic acid (0.2 mM), proline (0.04 mM), non-
essential amino acids (10 mM), penicillin (100 U/ml) and streptomycin (100 
µg/ml) (Gibco, Invitrogen). Primary chondrocytes from two donors in 
passage 1 were thawed and seeded at 2500 cells /cm2 in a T300 flask and 
expanded until 90-95% confluency (14 days), medium was replaced after 
seven days. C20A4 cells were expanded until they reached 90-95% 
confluency (7 days). After expansion, donor cells were pooled and cells 
were plated into 6-well tissue culture plates at ~7,000 cells/cm2. Cells were 
allowed to reach 95% confluency before proceeding to stimulation.  
 
Recombinant Proteins and Reagents 
Recombinant human Wnt-3a and IL-1β were purchased from R&D 
Systems. The Proteome Profiler 96 (PP96), a human phospho-kinase array 
1, was purchased from R&D Systems. 
 
Cell Stimulation 
Once C20A4 and donor cells reached 95% confluency, the cells were 
washed in PBS and put in serum free medium referred as starvation 
medium [DMEM plus penicillin (100 U/ml) and streptomycin (100 µg/ml)] for 
one and a half-doubling time (36 hours). After starvation, cells were ready 
for stimulation.  Experiments were performed in both donor cells and 
C20A4 in the following manner: 
Cells were stimulated using IL-1β (10 ng/ml), Wnt-3a (75 ng/ml) alone or in 
combination.  
Time-course experiments were performed for all treatments, with triplicate 
time-points. For protein measurements cells were unstimulated time 0 
(controls), or stimulated for 5, 15, 30, 60, 120, 240 and 480 minutes.  
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Protein Measurements 
Six-well plates were placed on ice and washed once with ice cold PBS 
followed by ice cold Lysis Buffer 6 from the Protein Profiler 96 (PP96) kit. 
The cells were incubated for 10 min on ice, and then scraped-off using a 
cell scraper. The resulting cell lysates were aliquotted, flash frozen in liquid 
nitrogen and stored at -80°C until further analysis. Total protein 
concentration of the cell lysates were measured using a BCA assay kit 
(Thermo Scientific).  
 
Proteome Profiler 96 (PP96) 
Protein aliquots (4 µg or 8 µg) were assayed using PP96 according to the 
manufacturer instructions. To achieve maximum sensitivity, the lysates 
were incubated at 4°C overnight according to instructions 20.  Densitometry 
analysis was done using a Kodak 4000MM; specific imaging settings were 
used: Field of view (FOV) 120 mm, focal plane: 5, f stop open, with no 
excitation or emission filters. The software was set to no-binning with 
luminescence settings including a 3 minutes time exposure. Images were 
saved as a 16 bit TIFF with no scaling. 
 
RNA Isolation and qPCR 
Experiments were performed in both donor and C20A4 cells. For 
quantitative real time polymerase chain reaction (Q-RT-PCR) experiments, 
cells were unstimulated time 0 (controls), or stimulated for 4, 8, 12 and 24 
hours with each time point performed in triplicate. IL-1β and Wnt-3a were 
used at or above their respective maximum dose response.  
After stimulation the six-well plates were placed on ice and washed once 
with ice cold PBS followed by ice cold TRIzol (Invitrogen). The cells were 
incubated for ten minutes on ice, and then scraped off using a cell scraper. 
RNA was extracted from the TRIzol samples using the chloroform method 
according to manufacturer’s manual. Total RNA was further purified using a 
NucleoSpin RNA II Kit (Macherey-Nagel). Total RNA samples were stored 
at -80°C until further use. 
Total RNA samples concentration and purity were measured on a 
Nanodrop 2000 (ND-1000 Spectrophotometer, Isogen LifeScience). 90 ng 
of RNA was reverse transcribed into cDNA using iScript cDNA synthesis 
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(Bio-Rad) and the relative amount of gene transcripts determined by real-
time PCR.  
A MyiQ Real-Time PCR Detection system (Biorad) was used using 6 ng of 
cDNA and Sensimix SYBR (Bioline). Amplification cycles were performed 
as follows: 10 min at 95°C followed by 45 cycles of 95°C for 15s, 60°C for 
15s, and 72°C for 15s, these cycles were followed by a melting curve. The 
2-ΔΔCt method was used to calculate the relative fold-increase 21 from the 
analyzed data produced by the iQtm5 optical system software (Biorad). 
qPCRs were performed and the measured expression level of each gene 
was normalized to that of Beta-2 microglobulin (B2M); while the 0 time point 
(always untreated) was used as the control and normalization value.  qPCR 
was run for the following genes: Axin2, IL-1B, and the housekeeping gene 
B2M. Primers are in Table 2 and were purchased from Sigma Aldrich.  
 
Image Analysis 
The PP96 were analyzed using the Q-View software (Quansys 
Biosciences). The densitometric intensity of circles was corrected by 
subtracting the negative control. PP96 images were uploaded onto the Q-
View software, which was configured to read the PP96 human phospho-
kinase array 1 by inputting the product code: RCHKM100429RD. The rest 
of the imaging was performed according to the software’s instructions. Data 
were exported raw to excel for final analysis. 
 
Statistical Analysis 
Data in this study are expressed as the mean ± SD of triplicates. A p value 
of <0.05, which was determined by Student’s t test, was accepted as 
statistically significant. 
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Table S1: List of Primers used in qPCR 
Gene Sequence 

B2M For: 5' GACTTGTCTTTCAGCAAGGA 3' 
Rev: 5' ACAAAGTCACATGGTTCACA 3' 

AXIN2 For: 5' AGTGTGAGGTCCACGGAAAC 3' 
Rev: 5' CTGGTGCAAAGACATAGCCA 3' 

IL-1B For: 5'  TCCCCAGCCCTTTTGTTGA 3' 
Rev: 5' TTAGAACCAAATGTGGCCGTG 3' 

 
Table S2: A. Parameters for single inhibition network of IL1β by WNT. 
Reactants Interactions 
Name Levels Initial 

activity 
Interaction Scenario k 

IL1-BR 100 0 IL-1B à IL-1BR 2 0.0200 
IL1-BR I 100 0 IL-1BR àIL-1BR I 1 0.0020 
IL-1B 100 0 OR 100 IL-1BR I --| IL-1BR 1 0.0240 
IL-1B signaling 100 0 IL -1BR à IL-1B 

signaling 
1 0.0360 

Inh IL-1B sig 100 0 Inh IL-1B sig --| IL-1B 
signaling 

2 0.0180 

Wnt 100 0 OR 100 IL-1B signalingà ERK 2 0.0060 
FZD I 100 0 IL-1B signalingà p38 2 0.0100 
FZD 100 0 IL-1B signalingàJNK1 2 0.0090 
Wntsignaling 100 0 Wntà FZD 2 0.0200 
InhWntsig 100 0 FZD àFZD I 1 0.0030 
ERK 100 0 FZD I --| FZD 1 0.0240 
p38 100 0 FZDàWnt signaling 1 0.0360 
JNK1 100 0 InhWnt sig --| Wnt 

signaling 
2 0.0150 

Phosphatases 100 100 Wntsignalingà ERK 2 0.0022 
   --| ERK 2 0.0003 
   --| p38 2 0.0005 
   --| JNK1 2 0.0003 
   FZD --| IL-1B signaling 2 0.5000 
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B. Parameters for cross inhibiton network of IL1β and WNT. 
Reactants Interactions 
Name Levels Initial 

activity 
Interaction Scenario k 

IL1-BR 100 0 IL-1B à IL-1BR 2 0.0200 
IL1-BR I 100 0 IL-1BR àIL-1BR I 1 0.0020 
IL-1B 100 0 OR 100 IL-1BR I --| IL-1BR 1 0.0240 
IL-1B 
signaling 

100 0 IL -1BR à IL-1B 
signaling 

1 0.0360 

Inh IL-1B sig 100 0 Inh IL-1B sig --| IL-1B 
signaling 

2 0.0180 

Wnt 100 0 OR 100 IL-1B signalingà ERK 2 0.0060 
FZD I 100 0 IL-1B signalingà p38 2 0.0100 
FZD 100 0 IL-1B signalingàJNK1 2 0.0090 
Wntsignaling 100 0 Wntà FZD 2 0.0200 
InhWntsig 100 0 FZD àFZD I 1 0.0030 
ERK 100 0 FZD I --| FZD 1 0.0240 
p38 100 0 FZDàWnt signaling 1 0.0360 
JNK1 100 0 InhWnt sig --| Wnt 

signaling 
2 0.0150 

Phosphatases 100 100 Wntsignalingà ERK 2 0.0022 
   --| ERK 2 0.0003 
   --| p38 2 0.0005 
   --| JNK1 2 0.0003 
   FZD --| IL-1B signaling 2 0.5000 
   IL-1BR --| Wnt signaling 2 0.9000 
 
 
Supplemental Material 
Models and data sets are available at: 
http://fmt.cs.utwente.nl/tools/animo/content/models/Gene2014/ 
 



	  

Chapter 7   
 
 
 
 
 
 

ECHO, an executable chondrocyte model to 
describe the chondrocyte phenotype in health 
and disease* 
 
 
 
 
 
 
Jetse Scholma1, Stefano Schivo1,2, Johan Kerkhofs3, Leilei Zhong1, Jaco 
van de Pol2, Rom Langerak2, Liesbet Geris3, Marcel Karperien1, Janine N. 
Post1 

 
 
 
 
 
 
1Department of Developmental BioEngineering, MIRA institute for biomedical technology 
and technical medicine, University of Twente, 7522NB Enschede, The Netherlands. 
2Department of Formal Methods and Tools, CTIT institute , University of Twente, P.O.Box 
217, NL-7500 AE Enschede, The Netherlands. 
3Biomechanics Research Unit, University of Liège, Belgium 
 
 
*Submitted manuscript 
 



 

	  156 

Abstract  
An intricate network of regulatory processes determines the chondrocyte 
cell fate during development and maintains tissue homeostasis. In the 
event of a disease such as osteoarthritis, the regulatory network is critically 
compromised. To cure the disease, we need to restore the regulatory 
processes to their original state. However, because of the inherent 
complexity of regulatory networks, they cannot be efficiently analyzed and 
understood without computational assistance. To obtain insight into the 
function of such complex networks we developed a dynamic computational 
model of chondrocytes, the Executable CHOndrocyte or ECHO, using the 
software ANIMO (Analysis of Networks with Interactive Modeling).  
We generated ECHO to obtain insight into cross talk of 7 signal 
transduction pathways important for chondrocyte development and 
cartilage maintenance: IGF, PTHrP, BMP, FGF, TGFbeta, WNT, IHH. 
RUNX2+ is the readout for hypertrophy and OA, and SOX9+ the readout of 
healthy articular chondrocytes.  
Using ECHO we analyzed the most influential pathways, and performed in 
silico experiments to obtain insight into the molecular mechanisms of 
cartilage development and disease. Both the growth plate (GP) and 
articular cartilage (AC) models showed a dose-dependent response to 
(combinations of) external stimuli. qPCR validated this dose-dependency in 
MSCs and chondrocytes. ECHO was used to mimic biological scenarios 
during chondrocyte development.  We obtained insight into healthy 
chondrocyte development and OA development. Perturbation of single or 
double extracellular ligands cause a switch in cell fate, with BMP, WNT and 
IHH playing important roles. In addition, ECHO was used to identify 
potential therapeutic targets for OA treatment.  
 
Introduction 
Osteoarthritis (OA) is a degenerative disease of the articulating joints that 
affects 10-20 % of the population over 60 years of age 1,2, and which 
cannot be cured. It is characterized by typical changes in synovium, 
subchondral bone and the articular cartilage. The progressive degeneration 
of the articular cartilage is considered one of its hallmarks. The cellular 
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processes that regulate the onset and progression of these changes in 
articular cartilage are largely unknown, nor is it known whether and how 
these osteoarthritic changes can be reversed. Multiple signaling pathways 
are involved in OA progression. How these pathways are integrated by the 
articular chondrocyte are largely unknown. In this paper we describe the 
development of computational models of growth plate and the articular 
chondrocytes in which 7 signaling pathways involved in the 
pathophysiology of osteoarthritis are integrated. In silico experiments give 
insight in the role of each of the pathways components and suggest 
perturbations that can cause a derangement of the healthy state, or enable 
a reversal of this process. 
Cartilage is mainly composed of one single cell type, the chondrocyte, 
which secretes and shapes the cartilaginous matrix necessary for its load-
bearing properties. Chondrocytes are differentiated from mesenchymal 
stem cells in a sequence of events following mesenchymal condensation 
(figure 1). The direct control of chondrogenic differentiation and hypertrophy 
is tightly regulated by the activity of two main transcription factors.  RUNX2 
is a transcription factor important for the regulation of hypertrophic 
differentiation and bone formation. SOX9 is the master transcription factor 
for chondrogenic development and inhibitor of hypertrophic differentiation 
3,4. The exact activity of these factors seems key in determining whether 
permanent articular cartilage, or transient hypertrophic cartilage is formed. 
However, the complexity of the signaling network determining the activity of 
SOX9 or RUNX2 prevents a thorough understanding of the mechanisms 
underlying the formation of transient or permanent cartilage (Hence the 
term black box, figure 1b). This lack of understanding hampers the 
development of successful therapies for OA. 
The development and maintenance of cartilage tissue homeostasis is 
regulated by a number of signaling pathways, including FGF, IHH, PtHrP, 
TGFβ, IGF, BMP and WNT signaling 5-13. The amplitude of the signaling 
can be fine-tuned via antagonists in the extracellular space (reviewed in 
6,14). In a subset of OA patients hypertrophic differentiation and subsequent 
endochondral bone formation is observed 13,15,16. This is a normal process 
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in the epiphyseal growth plate where chondrocytes originating from 
mesenchymal stem cells (MSCs) subsequently undergo proliferation, 
hypertrophic differentiation and apoptosis before being replaced by bone 
(Fig. 1). Thus, the cartilaginous tissue is only an intermediate state toward 
bone formation and the residing cells only possess a transient chondrocyte 
phenotype. In contrast, articular cartilage is a permanent and highly 
resilient tissue that is normally protected against hypertrophic differentiation 
17-19. In addition, articular cartilage conditioned medium is able to inhibit 
hypertrophic differentiation in growth plate cartilage and chondrogenically 
differentiated MSCs 17-19.  
Thus, an intricate network of multiple interconnecting regulatory processes 
regulates the chondrocyte cell fate. This network is too complex to analyze 
and understand using the human brain alone. Computational modeling is a 
powerful method to unravel complex systems, but available methods are 
not accessible enough to the biological community. To tackle this lack of a 
suitable tool, we developed ANIMO, Analysis of Networks with interactive 
Modeling.  ANIMO is a powerful tool to formalize knowledge on molecular 
interactions 20,21. This formalization entails giving a precise mathematical 
(formal) description of molecular states and of interactions between 
molecules. The model can be simulated, thereby in silico mimicking the 
processes that take place in the cell. In sharp contrast to classical graphical 
representations of molecular interaction networks, formal models are 
dynamic and allow in silico experiments for functional analysis of network 
behavior. In ANIMO models we describe a protein activity network. The 
protein activity is determined by the product of its expression level and its 
posttranslational modification (PTM) level 20,22. In signaling networks, most 
PTMs are phosphorylation. In the model, PTM effects are 10 times faster 
than expression effects to account for the higher biological rate of PTMs 
when compared to the protein expression rate. This allows us to describe 
network activity based on actual protein activity as measured in 
biochemical assays.  
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Figure 1:  Formation of growth plate and articular cartilage from mesenchymal stem 
cells. A. Mesenchymal stem cells undergo chondrogenic differentiation after inducing SOX9 
activity. In transient growth plate cartilage SOX9 activity is subsequently suppressed and 
followed by RUNX2 activity resulting in hypertrophic differentiation. In permanent articular 
cartilage SOX9 remains active. This is, at least, in part due to the expression of DKK1, 
FRZB and GREM1, which are highly expressed in healthy articular chondrocytes but not in 
growth plate cartilage. The processes leading to the loss of these factors and subsequent 
hypertrophic cartilage formation in joints of OA patients are as yet unknown. B. The exact 
mechanism by which the most important signaling molecules in cartilage development 
regulate RUNX2 and SOX9 activity is a black box.  
 
 
Results 
Modeling growth plate cartilage using ANIMO. 
To investigate the intricate signaling network in cartilage we set out to build 
a computational model according to the rules we described previously22. 
We used a pre-existing Boolean model of the growth plate23,24. Kerkhofs 
built a model of the growth plate network containing seven signaling 
pathways known to be important in cartilage development and 
maintenance: WNT, BMP, TGFbeta, IHH, IGF, PTHrP, and the FGF 
pathways. The network of the growth plate is described in 46 nodes, with 
163 interactions. In contrast to Boolean networks, ANIMO is an activity 
network in which activity is the sum of expression and posttranscriptional 
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and post-translational modification. In our ANIMO activity network, which 
we called ECHO (Executable CHOndrocyte),  we therefore have defined 52 
proteins (nodes) with a total of 214 interactions representing the 
downstream signaling molecules that eventually signal to activate either 
SOX9 or RUNX2 (Fig. 2). For each node activities range with integer values 
between 0-100 and interactions are described as positive or negative 
influences. Single-parameter simplified kinetics describe the rate at which 
each interaction influences its target nodes’ activity. For 15 of these 
proteins, expression and posttranslational activation are regulated 
separately. We then defined a network resulting in a stable SOX9-active 
state as a healthy chondrocyte or stable chondrocyte phenotype, whereas 
network activities leading to a RUNX2 active state were associated to 
chondrocyte hypertrophy and eventually cell death. The adaptation of the 
growth plate gene expression based network from Kerkhofs et al 24 to a 
protein activity based network in ANIMO was called model 1. The model 
enabled us to obtain insight into the activities of the proteins in the network 
leading to development of stable cartilage (SOX9+) or transient 
hypertrophic cartilage as found in the growth plate and in OA (RUNX2+), 
see supplemental Figure 1. 
Growth plate cartilage and articular cartilage share a common lineage in 
development (reviewed in 25,26), yet the exact signals regulating the 
differentiation toward either an articular or a growth plate chondrocyte are 
as yet unknown (Fig. 1). Recent studies have been directed towards 
identifying specific markers for transient and permanent cartilage 5,15,27,28. 
We identified DKK1, FRZB (WNT antagonists) and GREM1 (BMP 
antagonist) as the natural brakes on hypertrophic differentiation and 
regulation of the maintenance of the articular phenotype5. 
 
A model of growth plate cartilage is adapted towards articular cartilage 
based on global gene expression microarrays of growth plate and articular 
cartilage. 
 
We therefore made a new model incorporating DKK1, FRZB and GREM1 
into our model (Fig. 2A). We named this model 2.  
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Differential gene expression analysis between growth plate (GP) and 
articular cartilage (AC) further indicated subtle but significant differences in 
the expression of 4 genes whose corresponding proteins were already 
represented in our model: ERK2, p38γ, GSK3β and Smad3 (5, Fig. 2B). We 
reasoned that the strength of effects directly downstream of these factors is 
likely to correlate with their expression level and subsequently the protein 
activity. We therefore multiplied downstream interaction parameters with 
the relative expression levels to take differences between tissues into 
account. These adaptations resulted in models 3 and 4 (Figure 2D).  
 
 
Addition of DKK1/GREM1/FRZB and modification of interaction parameters 
downstream of ERK/p38/GSK/Smad3 both cause a shift toward the SOX9+ 
cell fate 
To get a detailed insight in the effect of both the addition of 
DKK1/GREM1/FRZB and the modification of output parameters for 
ERK/p38/GSK3/Smad3 on the generation of a SOX9+ or a RUNX2+ state, 
all experiments were carried out for the unmodified GP model (model 1) as 
well as for models that have either (model 2, 3) or both of the adaptations 
(model 4, Figure 2D).  
As a first assessment of the properties of models 1-4, we performed Monte 
Carlo simulations in which all nodes are initially assigned a random, 
uniformly distributed activity level from the interval [0, 100]. Each initialized 
model is then simulated until a stable state is reached. Analysis of the 
results of 1,000,000 simulations for each model shows that three distinct 
stable states are possible for ECHO models 1-4 (Tab. 1). Over 90% of all 
initializations end up in the so-called Null state, with all nodes at activity 0.  
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Figure 2: Building executable models for growth plate and articular cartilage. A. DKK1 
and FRZB are antagonists of the WNT signaling pathway and bind to LRP5/6 and WNT 
respectively. GREM1 binds to BMP, thereby inhibiting BMP signaling. Expression of DKK1, 
FRZB and GREM1 is repressed by β-catenin, whereas expression of DKK1 and FRZB is 
stimulated by SMAD complex. DKK1, FRZB and GREM1 are highly expressed in articular 
chondrocytes, but the upstream transcription factors are as yet unknown. In ECHO, we 
placed expression of DKK1, FRZB and GREM1 under direct transcriptional control of SOX9 
instead. B. Gene expression microarray analysis of growth plate vs. articular cartilage 
revealed subtle but significant differences in expression levels of ERK2, GSK3β, p38γ and 
SMAD3. These differences have been taken into account by adapting the strength of their 
downstream effects accordingly. C. Schematic overview of ECHO, comprising 52 proteins 
and 214 interactions. Node types are explained in figure to the right. D. to assess the effects 
on model behavior of the adaptations shown in (A) and (B) separately as well as combined, 
4 versions of the model were created and in silico experiments were repeated for each 
version. 
 
This can be explained by the fact that protein activities are programmed to 
die off in the absence of upstream activating factors. Hence only 
initializations that have activity patterns of key parts of the network higher 
than a certain level will escape from falling back to the Null state.  
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Table 1: Distribution of ECHO cell fates from 1,000,000 random initializations for each 
model. Errors give the boundaries of 99% confidence intervals. 

Model SOX9+ (%) RUNX2+ (%) Null (%) SOX9+/RUNX2+ 
1 (GP) 1.49 ± 0.03 6.95 ± 0.07 91.56 ± 0.07 0.21 ± 0.01 

2 0.54 ± 0.02 0.19 ± 0.01 99.27 ± 0.02 2.8 ± 0.3 
3 1.78 ± 0.03 0.81 ± 0.02 97.41 ± 0.04 2.2 ± 0.1 

4 (AC) 0.61 ± 0.02 0.012 ± 0.003 99.37 ± 0.02 50 ± 13 

 
More interesting from a biological perspective are the other two stable 
states: SOX9+ and RUNX2+. In model 1 (the original GP model), the 
RUNX2+ cell fate is about 5 times more likely to occur than the SOX9+ cell 
fate. Addition of DKK1/GREM1/FRZB (model 2) causes a big increase in 
the Null state, which was expected, since the added factors together 
repress WNT signaling and BMP signaling. This repression decreases the 
fraction of initializations capable of escaping the Null state. The RUNX2+ 
state is much more affected by DKK1/GREM1/FRZB than the SOX9+ state 
and the latter becomes dominant. Adaptation of parameter settings for 
ERK/p38/GSK3 (model 3), better representing activity levels in articular 
chondrocytes, caused a similar decrease in the RUNX2+ fate. For the 
SOX9+ fate, this effect is counterbalanced by the increased influence of 
SMAD3, again leading to a dominant fraction of SOX9+ fate. The two 
adaptations together (model 4) virtually annul the RUNX2+ fate. In this 
respect, its behavior resembles that of articular cartilage, which is under 
stable control of SOX9. In the remainder of the paper, we will consider 
model 1 to be a growth plate cartilage model (GP), while model 4 is an 
articular cartilage model (AC).  
Changes in activities of receptors ligands and their antagonists influence 
the outcome of the network  
Not all nodes in the network influence the outcome of the stable states 
equally. In order to determine the influence of nodes on the outcome of the 
network, we further analyzed the data from the 1-million simulations 
experiment used for Table 1. When a node has little effect on cell fate, the 
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median value of its activity will be 50. The larger the deviation from the 
median value of 50 is, the larger the influence of the node on the cell fate. 
Figure 3 shows the 15 nodes that have the most prominent effect on cell 
fate.  
 

 
 
Figure 3: Top 15 most meaningful nodes in ECHO. A. The values in the "SOX9+" and 
"RUNX2+" columns give the median initial activity for the simulations that resulted in SOX9+ 
and RUNX2+ cell fates, respectively. The simulation results were divided into categories 
corresponding to the resulting cell fate (SOX9+ and RUNX2+), and the median initial 
activities of all nodes were computed. The median initial activity of a node with no influence 
on a cell fate is expected to be 50, which would correspond to the node's value being 
randomly chosen on the interval [0,100]. Conversely, if a node activity needs to be 
above/below a certain threshold in order to obtain the wanted fate, the corresponding 
median value should deviate from 50. The higher a node's absolute deviation from 50 is, the 
more a cell fate depends on that node being active/inactive. The values for the "Influence" 
column were computed as the average absolute deviation from 50 of each node in the 4 
models (data for models 2 and 3 shown in supplemental table 1.). B, C. Analysis of the roles 
of the top nodes reveals two groups of nodes that have the largest influence on cell fate. B. 
All extracellular signaling molecules in ECHO (central row) are major factors in the 
determination of cell fate. IHH exerts its effect by activating Gli2, which in turn plays a role in 
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the regulation of WNT, BMP, PTHrP and TGFβ. DKK, FRZB and GREM are antagonists of 
WNT signaling and BMP signaling respectively and together favor the SOX9+ state. C. 
SOX9, RUNX2, DLX5 and MSX2 are at the core of the bistable behavior of ECHO. SOX9 
and RUNX2 stimulate their own activity and inhibit each other. DLX5 and MSX2 also inhibit 
each other and have opposite effects on RUNX2. SMAD3 is the main effector of TGFβ and 
acts as a strong pro-SOX9 node in this subnetwork. 
 
The top nodes from Figure 3A were grouped according to their place and 
function in the network and the resulting subnetworks are shown in Figure 3 
B, C. The first group of nodes comprises the extracellular growth factors 
that activate cellular signaling pathways, together with antagonists GREM1 
and FRZB (Fig. 3B). This is expected, since the presence and activity of 
these nodes initiate responses downstream of these signaling pathways, 
resulting in changes in cell fate. DKK1 is also shown, but plays a lesser role 
in the model, primarily because of redundancy of its effect with respect to 
FRZB, in our model. Based on the results in Figure 3A, FGF and WNT can 
be classified as pro-RUNX2, whereas PTHrP, TGFβ and IGF1 have a pro-
SOX9 effect. BMP and IHH have a more complex, mixed downstream 
effect and activate both RUNX2 and SOX9. In addition, we can see that a 
few single nodes play an important role in determining cell fate: SMAD7, 
MSX2, PPR, DLX5, and RUNX2 and SOX9.  
The second subnetwork of nodes is a small network of transcription factors 
that gives insight in the origin of ECHO’s bi-stable behavior (Fig. 3C). In this 
network, SMAD3 is shown as the key signal transduction molecule that 
promotes SOX9 activity, and the powerful role of MSX2 is stressed by 
showing its role as an inhibitor of WNT expression. It can be concluded that 
these proteins are key to regulating the cartilage phenotype. 
 
Constitutive activation and knock-out of individual nodes in the network 
provides information on the role of proteins in determining cell fate 
 
To understand the role of each node in determining cell fate, we individually 
perturbed the activity of the nodes by fixing their activity to either 0 (in silico 
knock-out, K.O.) or at 100 (constitutive activation). The other nodes were 
randomly initialized over the course of 10,000 simulations and cell fate 
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distributions were compared with the unperturbed situation (Tab. 1) to 
assess the influence of each perturbation (Figure 4). One can expect that 
the effects of perturbations follow three intuitive “rules”: i) If a node is more 
active in the SOX9+ fate than in the RUNX2+ fate, then activation of this 
node will favor SOX9+ cell fate and knockout will favor RUNX2+ cell fate, 
and vice versa. ii) If a knockout or activation favors a specific cell fate, it is 
detrimental to the other fate. iii) If the knockout of a node favors a specific 
cell fate, activation of the same node is detrimental to this fate.  
WNT is more active in the RUNX2+ fate (activity 100) than in the SOX9+ 
fate (activity 29 in the GP model, and 0 in the AC model) and is an example 
that follows all of the rules above. A node that has activity 0 in a cell fate 
can still affect the probability of reaching that fate when it is knocked out. 
An example is PP2A, which has activity 0 in RUNX2+. Knockout of PP2A 
increases the RUNX2+ state from 7% to 44%. This happens because 
PP2A inhibits ERK, which in turn activates RUNX2; thus knocking out 
PP2A (indirectly) activates RUNX2. 
However, the effects of some perturbations are similar for both cell fates: 
for example, a constitutively active R-SMAD in the AC model makes both 
SOX9+ and RUNX2+ percentages rise significantly. In other cases, both 
activation and K.O. of the same node have similar effect on a cell fate: for 
example, keeping BMP inactive in the GP model annuls the chance to 
reach a SOX9+ state, and the same effect is observed if BMP is kept at 
100% activity. Interestingly, this does not occur in the AC model. These 
complex effects are also known in the wet-lab, where BMP2 has a dose-
dependent effect on stem cell differentiation, and can stimulate both 
cartilage and bone formation29. 
Some nodes are more active in a SOX9+ state than in a RUNX2+ state, so 
we would expect their constitutive activation to increase the chance to 
reach a SOX9+ cell fate, and vice versa for RUNX2+. However, that does 
not always hold: for example, TGF-beta is more active in a RUNX2+ state, 
but its constitutive activation significantly increases the chance of reaching 
a SOX9+ fate and prevents reaching RUNX2+.  
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Figure 4: Effects of node perturbations on cell fate. Each node in ECHO was set as 
either constitutively active (activity fixed at 100, ●) or knocked-out (activity fixed at 0, ○), 
while all other nodes were randomly initialized over the course of 10,000 simulations. The 
resulting percentages of cell fates were computed and compared with the percentages in 
Table 1. The colors of the cells in this table show the magnitude of deviation from the non-
perturbed values and give an indication of the importance of a node for a cell fate.  
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Although the role of these proteins in relaying information to the nucleus is 
known, knockout or constitutive activity for most of these proteins in 
determining cell fate has not yet been described. However, KO animal 
experiments30-33, validate the network topology and parameter settings for 
ECHO (please refer to the Discussion). This indicates that using a 
computational model offers advantages to biologists that now depend on 
many mouse models to elucidate the molecular mechanisms governing 
cartilage and bone development. 
 
The effects of extracellular ligands on cell fate are dose-dependent and 
different in the growth plate and articular cartilage models. 
ECHO summarizes the effects of multiple pathways, allowing us to study 
their cross-talk. However, the activation of each pathway depends also on 
the dosage of the related extracellular ligand. To investigate in which 
measure the dosage of ligands influences the cell fate, we performed a 
series of in silico dosage experiments. For example, Figures 3A and 4 
show that elevated activity of BMP stimulated the SOX9+ cell fate in the GP 
model, but BMP activity fixed at 100 completely abolished the SOX9+ fate. 
To better understand the effects of BMP its activity was fixed at different 
levels in the range 0 – 100, in steps of 10 levels. Other nodes were 
randomly initialized and the resulting cell fate distribution was analyzed. 
This experiment was carried out for all extracellular ligands (Supplemental 
Figure 1). There is an optimum dosage of BMP to reach the SOX9+ fate, 
with a peak at BMP = 50. At higher BMP levels there is an increasing 
tendency toward RUNX2+. The AC model shows an increasing BMP 
fraction leading to the SOX9+ fate. It has to be noted that GREM1 has no 
effect in these experiments, since BMP activity, which is downstream of 
GREM1, is artificially fixed.  
Higher activity of TGFβ and of IHH elicits a strong power to induce the 
SOX9+ fate, most notably in the AC model. Only at high IGF1 activity we 
observed a stable SOX9+ state, while lower activity results in a Null state. 
Interestingly, most labs use ITS-Premix (insulin-transferrin-selenious acid-
Premix) as a supplement in the chondrogenic differentiation medium. The 
insulin content is 100-fold above physiologic concentrations and, as 
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compared to IGF1, has a two order of magnitude lower affinity for the 
IGF1R. This possibly results in non-specific activation of the IGF1 signaling 
pathway 34. It has been shown that IGF1 activation is additive to TGFβ in 
chondrogenically differentiating MSCs 34. The authors showed that IGF1 
modulated chondrogenesis of MSCs by stimulating proliferation, inducing 
expression of chondrogenic markers and regulating apoptosis. This 
stimulatory role of IGF1 in cartilage is reflected in our model. 
 
2D dosage experiments give insight in the effect of competing extracellular 
ligands 
In order to study the effects of cross-talk between the pathways included in 
ECHO, we selected pairs of extracellular ligands with opposite effects and 
performed a series of in silico 2D dosage experiments. The initial activity 
level of pairs of extra-cellular ligands was set independently at a fixed level 
between 0 and 100 with increments of 10 (0, 10, 20, ... 100), while all other 
nodes were randomly initialized. After 10,000 simulations, the percentage 
of cell fate was recorded. The resulting cell fate distributions for a selection 
of this experiment are shown in Figure 5.  
It is interesting to note that, particularly in the GP model, intermediate levels 
of BMP give the best chances of obtaining a SOX9+ cell fate. When the 
level of BMP is too low, the high chance of Null fate can sometimes be 
counterbalanced by high levels of TGF-beta, IHH or IGF1, especially in the 
AC model (figure 5a). Vice versa, when the initial BMP activity is higher, the 
chance to encounter RUNX2+ cell fate rises. In all cases, the difference 
between GP and AC models is significant, with a much higher SOX9+ 
likelihood in the AC model. The comparison between WNT and BMP again 
highlights the importance of intermediate BMP levels to reach SOX9 
positivity. 
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Figure 5: Dose-dependent effects of combinations of extra-cellular ligands. The initial 
activity level of pairs of extra-cellular ligands was set independently at a fixed level between 
0 and 100 with increments of 10 (0, 10, 20, ... 100), while all other nodes were randomly 
initialized. After 10,000 simulations, the percentage of cell fate was recorded. A. BMP 
activity combined with TGFb, IHH, or IGF1. B. WNT activity combined with TGFb, FGF or 
BMP. 
 
Clear opposite effects are shown by WNT and TGFβ: only when one is low 
and the other high can the model reach a non-Null fate, with WNT pushing 
towards RUNX2+ and TGF-beta pushing towards SOX9+. In general, we 
note that only relatively high levels of WNT can lead the model towards a 
RUNX2+ cell fate in the presence of pro-SOX9 ligands.  
We also note that different pro-SOX9 ligands can counteract the effect of 
high levels of BMP to different extents (Figure 5A). IGF-1 is less powerful 
than IHH, which in turn is less powerful than TGFβ in preventing the 
RUNX2+ fate resulting from high levels of BMP in GP model. In line with 
the previous results, the AC model shows an increased domination of the 
SOX9+ cell fate.  
 
Changing cell states through perturbations of extracellular ligands 
To assess cell fate stability we tested how easy a transition from one cell 
fate to the other cell fate is achieved. Such experiments aid in 
understanding tissue development, and the onset and reversal of disease 
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processes, such as osteoarthritis. This insight could help to control the 
switch between cellular states in vivo. 
For this experiment, the starting situation is either the RUNX2+ or the 
SOX9+ stable state. Each combination of two extracellular ligands is 
perturbed from their steady state values by changing their activity levels to 
fixed levels over the complete range [0,100]. The model behavior is then 
evaluated until a stable state is reached and the resulting state is recorded 
(Fig. 6). The figure shows the nonlinear range of activity levels that results 
in each cell fate. Perturbations of one or two ligands can make a RUNX2+ 
state switch to a SOX9+ state in the GP and the AC models. Note that in 
the AC model it is possible to have a switch from RUNX2+ to SOX9+ using 
only high levels of TGFβ: this can be seen in the first row of the table, 
where the effect of TGFβ dosage is plotted in vertical stripes (Fig. 6A). 
Some combinations lead to a SOX9+ state only with extreme values: for 
example, the combination BMP and TGFβ leads to a SOX9+ state only with 
0 BMP and 100 TGFβ, indicated in row 4 of the table as BMP(-) and 
TGFb(+).  
Perturbations of one or two ligands can make a SOX9+ state switch to a 
RUNX2+ state in both GP and AC models (Fig. 6B). Note that BMP and 
WNT can be used alone (first two rows) to cause a switch from SOX9+ to 
RUNX2+ if their activity is set at high enough levels in the GP model, while 
this does not hold in the AC model.  Also, starting from the stable SOX9+ 
state in row 4, increasing BMP activity (x-axis) with decreasing PTHrP 
activity (y-axis) causes a switch to the RUNX2+ state, indicated by BMP(+) 
and PTHrP(-) (figure 6B). Also in this case we note that intermediate values 
of BMP favour the SOX9+ state. 



 

	  172 

 



 

	   173 

Figure 6: Switching cell state through perturbations of extra-cellular ligands. The initial 
activity level of pairs of extra-cellular ligands was set independently at a fixed levels between 
0 and 100 with increments of 1 (0, 1, 2, ... 100), while all other nodes were initialized as in a 
RUNX2+ state (A), or a SOX9+ state (B). After one simulation, the resulting stable state was 
recorded. The X-axis of all graphs corresponds to the first perturbed node, and the Y-axis to 
the second. A. Perturbations of one or two ligands that can make a RUNX2+ state switch to 
a SOX9+ state in GP and AC. B. Perturbations of one or two ligands that can make a 
SOX9+ state switch to a RUNX2+ state in GP and AC.  

 
Interestingly, the number of ways to cause a switch from Sox9 à Runx2 
decreases from GP model to the AC model, whereas the reverse switch 
becomes more accessible. This is in line with our expectations that the AC 
model describes the fate of a stable articular chondrocyte. The largest 
difference between the GP model and the AC model is the presence of 
DKK1, GREM1 and FRZB in the AC model. These antagonists are not 
expressed in the RUNX2+ state and therefore have little effect on the 
switch to the SOX9+ state. On the other hand, the SOX9+ state is strongly 
protected by DKK1, GREM1 and FRZB and the switch to RUNX2+ requires 
more extreme perturbations in the AC model when compared to the GP 
model. 
The range of activity levels that cause a switch to SOX9+ is broader in the 
AC model than in The GP model. Apparently the subtle changes in 
parameters downstream of ERK, p38, GSK3 and Smad3 have a 
destabilizing effect on the RUNX2+ state (Fig. 6B). Similarly, the SOX9+ 
state is stabilized by the same parameter changes and it becomes harder 
to make the switch to RUNX2+ in the AC model (Fig. 6B). 
 
Perturbation of pairs of nodes in the network could reveal leads for 
osteoarthritis therapy 
As in the biological reality of OA, in the AC model a switch from the SOX9+ 
to the RUNX2+ state is still possible, which allows interrogation of the 
model for conditions that cause a switch to RUNX2+. Such conditions in the 
model could recapitulate changes taking place in OA patients. Even more 
interesting from a therapeutic perspective are interventions that could 
reverse such a switch. We performed all-or-nothing perturbations of all 
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combinations of two nodes in the network to find such conditions. The 
summary of the results of this experiment are given in Figure 7. The 
complete analysis is shown in supplemental figures 2 and 3 .  
The nodes representing TGF-beta, PKA, PPR and Gli2 cause a switch if 
kept active: they are highlighted in figure 7. However, there are exceptions: 
for example, ERK1/2 knock-out annuls the effect of overactive PTHrP 
Receptor (indicated with PPR in model). It is also interesting to note that 
the combination of two perturbations, which give a switch under other 
circumstances leads to a Null state: for example, see the activation of 
Smad3 and PP2A. It can even be the case that the combination of factors 
that have shown a pro-SOX9 behavior such as IGF1 and IHH is not enough 
to make the model leave the RUNX2+ state. 
Besides the obvious solution of artificial SOX9 activation, four other single-
node perturbations are each sufficient to cause a transition of the RUNX2+ 
state to the SOX9+ state in the AC model: Gli2, PKA, PPR and TGFβ. 
These nodes have a number of direct interactions with each other in the 
model, which explains their similar roles: Gli2 à PTHrP receptor à PKA 
and Gli2 à TGFβ. TGFβ activates Smad3 and both nodes were already 
shown to be potent pro-SOX9 nodes (Fig. 6 and Fig. 3, respectively).   
Inversely, there are nodes whose activities are linked with a switch from a 
SOX9+ stable state to a RUNX2+ state. These nodes could indicate a 
mechanism by which healthy articular cartilage undergoes hypertrophy to 
become transient cartilage as occurs in a subset of OA patients. It can be 
seen that activation of the WNT signaling pathway and FGF signaling 
pathway results in a switch from SOX9+ to RUNX2+ in the AC model 
(figure 7B). This is not unexpected, as both WNT and FGF signaling have 
been related to induction of hypertrophy in cartilage (reviewed in13).  
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Figure 7: Combination of perturbations that cause a RUNX2+ state to switch to a 
SOX9+ state in model 4. Each pair of nodes in the network was perturbed in all 
combinations of knock-out (○) and constitutive activation (●), while all other nodes were 
initialized as in the Runx2+ state. After one simulation, the resulting stable state was 
recorded. A. Switch from SOX9+ to RUNX2+, B. Switch from RUNX2+ to SOX9+. 
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Case study: in silico chondrogenesis from mesenchymal stem cells 
In our models we performed simulations beginning either from random 
initializations for all nodes (an uniformly distributed activity level from the 
interval [0, 100] was chosen for each node), or from a stable SOX9+ or 
RUNX2+ state. This allowed us to obtain insight into the stimuli that could 
induce a SOX9+ or RUNX2+ state, or ligands that could trigger a switch 
between these states. However, as a case study for the development of 
either hypertrophic (RUNX2+) or stable articular (SOX9+) cells from 
Mesenchymal Stem Cells (MSCs), we set the initial activity levels based on 
microarray data we previously obtained from chondrogenically 
differentiating human MSCs 5. We then followed the two-step differentiation 
strategy that was recently published by another group 35.  In this protocol 
Narcisi et al expand the hMSCs by addition of FGF2 and WNT, followed by 
a differentiation step with addition of TGFβ and inhibition of WNT.  
First step: Initially all extracellular ligands are set to 0, with the exception of 
WNT and FGF, which are set to 20 out of 100 each. The model was run 
until β-catenin became lower than 50 out of 100.  At this point the 
simulation was stopped and used as a starting point for the next step: 
FRZB was turned on to inhibit WNT signaling, and an external ‘source of 
TGFβ’ was added to activate TGFβ. The influences of both nodes have the 
normal power of 1.0, but the ‘source of TGFβ’ stays present 5-fold longer 
than FRZB by adjusting the self-inhibition of that node by a factor of 5. 
Using these steps the simulations resulted in a stable SOX9+ state 
(Supplemental Figure 4). To investigate whether the 2-step procedure can 
be changed to a one-step procedure we tested addition of all combinations 
of FGF, WNT and TGFβ. We found that only when WNT is extremely low, 
the combination of these factors results in SOX9+ cells from MSC in our 
model (Supplemental Figure 5). This corresponds nicely to the 
experimental conditions used by Narcisi et al 35.  
In order to determine the boundaries of β-catenin activity in the first step of 
the 2-step simulation, we ran the simulations again for conditions in which 
β-catenin reached an activity of 50, 55, 60, …, 90 out of 100, respectively. 
Using those 9 conditions as a starting point, we proceeded with the second 
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step of the simulation (+FRZB, +TGFβ). We observed that the activity of β-
catenin had to be at most 50 to allow for differentiation to a SOX9+ state, 
while activities between 55 and 65 led to the Null-state, and activities of at 
least 70 led to RUNX2+. We noted the activity levels of important nodes in 
the network at the time that β-catenin was at 50, 60, 70 and 80% of activity, 
see Table 2.  
 
Table 2: Activity values of nodes in the network when initial activities in ECHO were 
based on microarray data we previously obtained from chondrogenically 
differentiating human MSCs. Simulations in ECHO were run until β-catenin activity was 
50, 60, 70, 80, or 90, and activity levels of all other nodes in the network were noted at these 
points.  
Node Activity 
B-catenin 50 60 70 80 90 
BMP 39 51 62 75 91 
Dlx5 14 16 20 25 39 
FGF 71 81 89 98 100 
Gli2 36 47 56 65 66 
Ihh 58 74 87 100 100 
MEF2C 19 27 36 45 59 
p38 33 47 59 73 94 
PI3K 40 49 57 65 67 
R-smad 0 0 6 16 30 
Ras 66 80 92 100 100 
Runx2 97 100 100 100 100 
Sox9 0 0 0 0 0 
TGFb 16 24 32 41 52 
Wnt 52 60 69 83 100 

 
Interestingly, at the maximum activity of β-catenin that still allows 
progression to a SOX9 state (50), the activity of BMP is relatively low, as 
was seen in earlier experiments where it was observed that low and high 
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levels of BMP resulted in a RUNX2+ state and that at intermediate levels, 
around 50, a SOX9+ state was reached. These results indicate that ECHO 
can be used to validate experimental data as well as predict the activity of 
all nodes in the network when one pathway is manipulated. Moreover, 
these results help biologists to understand the mechanisms of the cellular 
signaling network and the effect of network perturbation on articular 
cartilage homeostasis. 
 
Discussion 
Modeling in biology 
Signaling networks are traditionally represented as static 2D networks in 
publications. However, in the past years it has become obvious that the 
information in these networks lies in their dynamic behavior, both temporal 
and spatial. Therefore, static networks do not allow quick modifications to 
test hypotheses or to include novel findings. A more widespread use of 
interactive exploration of biological networks and their dynamics could 
cause a paradigm shift in both research and teaching of biological 
networks. To address this issue, we developed ANIMO (Analysis of 
Networks through Interactive Modeling) as a major step towards such a 
change 20-22. ANIMO is a computational modeling tool that enables 
executable modeling of network dynamics in order to mimic biological 
phenomena in silico. Other such tools include, but are not limited to, 
Boolean networks 36,37, Petri Nets 38,39, and interacting state machines  40,41.  
To make executable modeling more accessible to biologists without an 
extensive mathematical background, we developed ANIMO as a plug-in to 
Cytoscape 42. ANIMO is based on Timed Automata. This mathematical 
formalism has been developed for the analysis and design of timed 
systems with processes running in parallel 43. Since a mathematical state of 
the model corresponds to a biological state of the chondrocyte system, 
using these models opens up a range of new possibilities, such as guided 
hypothesis generation for rational experimental design. 
The executable chondrocyte ECHO is based on a large-scale 
computational model of growth plate cartilage 24.  Converting into ANIMO 
this model that was originally written as an ODE model in Matlab 
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(Mathworks®), enabled us to visualize ECHO as a graphical representation 
of the network.  
We analyzed the role of the top nodes in the network. This revealed two 
groups that have the largest influence. The first group comprises all the 
extracellular ligands in the network. Specifically, IHH activates Gli2 that in 
turn regulates the activity of WNT, BMP, PTHrP and TGFβ, all of which 
have been described 44-46.  DKK, FRZB and GREM are antagonists of WNT 
signaling and BMP signaling respectively and together favor the SOX9+ 
state. The second group consists of SOX9, RUNX2, DLX5 and MSX2, 
which are at the core of the bistable behavior of ECHO. SOX9 and RUNX2 
stimulate their own activity and inhibit each other. DLX5 and MSX2 also 
inhibit each other and have opposite effects on RUNX2. SMAD3 is the main 
effector of TGFβ and acts as a strong pro-SOX9 node in this subnetwork.  
DLX5, distal-less homeobox 5, is a transcription factor that is not bone or 
cartilage specific, but is expressed in the early stages of bone formation 
and mediates RUNX2 expression 47. DLX is a positive regulator of 
chondrocyte maturation (read: in GP chondrocytes) during endochondral 
ossification 48. MSX2 is a transcription factor important for bone formation, 
and controls IHH expression to stimulate chondrocyte maturation 49. Both 
MSX2 and DLX5 are regulated by BMP signaling (reviewed in 50,51). As 
such, it is clear why these factors play such an important role in regulating 
the bi-stable character of our models. 
Using ECHO, we were able to simulate knock-out (K.O.) and 
overexpression of all individual nodes in the network. These very important 
experiments provide information about the potential roles of, for example, 
microRNAs (miRNAs) for targeting specific factors in the network. This 
provides information on the role of miRNA in the network, rather than 
looking at the effects of the miRNA on only part of this network. 
In general, this experiment followed all expected results. For example: 
active WNT signaling resulted in an increase in RUNX2+ states in both 
models, whereas knock-out resulted in a decrease in RUNX2+ stable 
states and a slight increase in SOX9+. However, the effects of some 
perturbations did not follow this pattern. For example, a constitutively active 
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R-SMAD in the AC model makes both SOX9+ and RUNX2+ percentages 
rise significantly. 
These and other interesting cases led us to perform finer experiments on 
the dosage of extracellular ligands. BMP showed that intermediate doses 
gave the best chance to reach a SOX9+ state, while extremes (i.e., K.O. or 
complete activation) decreased that chance significantly. It is also 
interesting to note that higher doses of BMP in the AC model keep a 
relatively large SOX9+ basin, while in the GP model the same conditions 
make the RUNX2+ state dominate. This observation can be explained by 
the presence of GREM1, a BMP antagonist, in the AC model.  
 
Using literature to validate topology and dynamics of ECHO  
In any computational model one wonders how much the model represents 
biological situations with respect to the time dependency of reactions and 
the topology of the model. Of course the chinese proverb “Life is like an 
echo. What you send out usually comes back to you.”  could be quoted 
here, since the model predictions should reflect the data that were put in. 
However, for building ECHO we did not use any model training and based 
the topology of the cross-talk interactions of the various pathways on 
different studies. It is therefore still useful and necessary to validate 
whether the results of the in silico experiments in ECHO reflect the current 
state of the literature. We therefore investigated whether K.O. animal 
experiments that were not used for the model building, validate the network 
topology and parameter settings for ECHO. We aimed to validate the data 
of Figure 4. For example, it has been shown that impaired chondrocyte 
terminal differentiation was observed in ERK1 and ERK2 KO mice 30. Quite 
a few papers discuss the double role of BMP in articular cartilage as well as 
in chondrocyte hypertrophy and OA. For example, the lack of Bmpr1a leads 
to significant chondrodysplasia and almost eliminated the chondrocyte 
phenotype with decreased SOX9, collagen II, proteoglycan in conditional 
BMPR1a KO mice 31-33. Sox9, ACAN, collagen type II (col2a1) mRNA levels 
were reduced in BMP2/4 double KO embryos or BMP2 conditional KO 
mice, while RUNX2 protein expression was reduced in the proliferating and 
pre-hypertrophic areas in BMP2/4 double KO embryos 52. In addition, the 
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same authors found that BMP2 induces RUNX2 expression at both 
transcriptional and post-transcriptional levels through inhibition of CDK4, 
thereby preventing RUNX2 degradation 52. The expression of collagen type 
X, MMP13, ADAMTS4 and ADAMTS5 was up-regulated in TGFβr2 K.O. 
mice, indicating that the cell differentiation process was accelerated and 
matrix degradation was activated. They concluded that TGFβ signalling is 
required for normal growth plate and endplate cartilage function. Growth 
inhibition and lower expression of Runx2, RANKL and MMP13 was found in 
TGFα KO mice 53. We showed that PTHrP and IHH overexpression 
increased the occurrence of stable SOX9 states. Indeed, it was shown that 
expression of SOX9 and RUNX2 as well as PTHrP was low and growth 
was inhibited in the temporomandibular joint in IHH KO mice, indicating that 
IHH is indispensable for proliferation and expression of transcriptional 
regulators such as RUNX2 and SOX9. However, these defects were 
partially restored in double IHH/Gli3 mutants, suggesting that IHH function 
is modulated and restricted by Gli3 and Gli3(R) 54,55. PTHrP K.O. mice 
showed increased endochondral bone formation 56. Moreover, in limb 
explants treated with PTHrP collagen type x expression was inhibited and 
chondrocyte proliferation was enhanced, this effect was potentiated in GLI2 
K.O. limbs, while it was blocked in GLI3 K.O. limbs. This effect was only 
partially inhibited by blocking hedgehog ligand. PTHrP negatively regulated 
Gli mediated transcription in cell cultures, and regulated the level of 
the repressor form of Gli3 in a PKA dependent manner. These results show 
that PTHrP regulates growth plate chondrocyte proliferation and 
differentiation in part through the activity of Gli3, suggesting a crucial role 
for Gli3 in growth plate chondrocyte development57.   
There are reports describing FGF stimulates SOX9 transcription, but the 
mechanisms are as yet unknown. We therefore could not include this in our 
model. However, recent work by Shi et al describes that FGF2 increased 
SOX9 expression and protein production and SOX9 knockdown, using 
siRNA, decreased the FGF induced cell proliferation and decreased basal 
col2a1 expression levels 58. This indicates a possible role for FGF in 
regulating SOX9 dependent cell proliferation and matrix production. 
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ECHO and opportunities for therapy 
From a therapeutic standpoint, it is interesting to know if and how it is 
possible to switch cell states through perturbation of the network by 
extracellular ligands. We therefore simulated addition or inhibition of ligands 
when starting from either a RUNX2+ or a SOX9+ state, and tested to see 
whether single or combined ligands could induce a change. From this we 
could see that the GP model shows a very robust RUNX2+ stable state, 
where only high concentrations of TGFβ with inhibition of FGF, or BMP, or 
WNT, or addition of IGF resulted in a switch from RUNX2+ to SOX9+. The 
AC model was more stable for the SOX9+ state and only high 
concentrations BMP and WNT were able to induce a switch to RUNX2+, 
whereas the GP model switched from SOX9+ to RUNX2+ with the single 
addition of WNT or BMP.  Although these factors have been described to 
have a role in cartilage development and in OA, the combined effects of 
these factors have not yet been conclusively shown. It is therefore likely 
that when designing therapies for treatment of cartilage defects multiple 
factors will have to be targeted in order to get the desired response. 
Computational modeling is very well suited to investigate combinatorial 
treatments for disease. Questions remaining are what doses of the various 
factors will have to be used? What is the timing of the effective treatment? 
And in what cell source can we best validate the in silico predictions? 
In our case study we challenge ECHO to simulate chondrogenesis from 
mesenchymal stem cells using timed addition of FGF2, WNT and WNT 
inhibitors during MSC expansion and chondrogenic differentiation, 
respectively. Our group had previously shown that addition of WNT 
antagonists to cell pellets of human mesenchymal stem cells prevented the 
cellular hypertrophy as observed in growth plate cartilage, and that these 
factors are lost in OA 5,59. In addition, it has been shown that addition of 
FGF2 improved MSC expansion up to 70 doublings with maintained 
differentiation potential up to passage 50 60. Based on these manuscripts, 
we assume that in vivo the role of the WNT inhibitor that was used in the 
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experiments by Narcisi et al 35, was taken by DKK1 and FRZB during 
healthy articular cartilage formation.  
 
 
Conclusion 
In this work, we describe the generation of ECHO as an executable model 
to explore network dynamics, derive hypotheses, design experiments and 
predict the outcomes of these experiments. We furthermore showed how 
ECHO was used to mimic biological scenarios, like those in OA and in MSC 
chondrogenesis. Our manuscript shows that building activity signaling 
networks of a cell provides important information the role of the integration 
of signals on cell fate decisions. Moreover, in silico experiments allow 
researchers to test many hypotheses before validating these in the wet-lab, 
thereby reducing time and costs for experiments.   
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Materials and Methods 
Model definition 
We previously described how ANIMO models work [13]. The base version 
of ECHO (GP model) was ported to ANIMO from an extended version of 
the model presented in [17]. This semiquantitative model uses additive 
functions to represent Boolean-like logic, with node activities in the 
continuous [0,1] interval. This model is translated into ANIMO's kinetics by 
applying the following set of rules: 
• All nodes in ECHO have 100 discrete levels of activity. The activity 
level of a node can be interpreted as concentration on the arbitrary scale 
from 0 to 100, or as the percentage of active (e.g., phosphorylated) 
molecules over the whole population, depending on whether a node 
represents a gene or a protein; 
• Two classes of reactions can be identified: slow (e.g. gene 
expression) and fast (e.g. post-translational modifications). If a reaction can 
be directly identified as belonging to one of these general categories, the 
corresponding interaction parameter k in ANIMO will be 0.1 and 1.0 for 
slow and fast reactions respectively; 
• In the original model, the activity of a node that is not activated is 
assumed to automatically revert to 0. This assumption is made explicit in 
ANIMO by adding a self-inhibition loop to each node in the network, with k 
equal to 0.1 or 1.0 depending on the type of reactions influencing the node 
(i.e., “slow” or “fast”). Due to this self-inhibition, each node will gradually 
reach 0 activity in the absence of upstream activations. 
• Kinetics that use OR (additive) semantics are translated into 
independent edges in ANIMO, with interaction parameters balanced to 
match the original model. For example, node “Ras” is activated from 4 
different sources independently (Wnt, BMP, FGFR1, FGFR3), all with k = 
0.444. The self-inhibition of Ras has strength k = 1.0, so having any one of 
those four nodes at  activity 100 with all others at 0 will lead to Ras activity 
44 out of 100; 
• Kinetics that use AND semantics are translated with ANIMO's AND 
kinetic scenario, which allows two nodes to influence the activity of a single 
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target. An AND interaction is only active when both upstream nodes are 
active. 
• Reactions involving more complex logic rules were modelled case-
by-case, using dummy nodes when necessary to faithfully reproduce the 
behavior of the original model.  
• Some proteins in ECHO need to be both expressed and post-
translationally activated in order to perform their task. In those cases, a 
three-node pattern is adopted that allows to represent the two processes of 
protein production and post-translational activation. As an example, 
consider the dynamics SOX9 in ECHO: expression and activation of SOX9 
are controlled separately through the nodes “SOX9 prot” and “SOX9 PTM” 
respectively. All influences on SOX9 expression affect “SOX9 prot” with 
“slow” kinetics, while all post-translational modifications are modelled as 
influences on “SOX9 PTM” with “fast” kinetics. Finally, SOX9 activity is 
determined by the “SOX9 prot AND SOX9 PTM activate SOX9” interaction. 
In this way, SOX9 must be both expressed and post-translationally 
activated in order to be activated and exert downstream effects. 
Models 1-4 are provided as Cytoscape files in Supplementary Material X. 
These files also contain steady state values for all nodes in both RUNX2+ 
and SOX9+ stable states.  
 
In silico experiments 
In silico experiments described in this paper are based on simulations 
performed on ECHO. As each of those simulations is independent from the 
others, these experiments belong to the so-called group of embarrassingly 
parallel problems [19]. In this setting, the absence of inter-process 
communications allows for an arbitrary division of the jobs among 
computational units (i.e. CPU cores), gaining a performance boost linear 
with the number of computational units. This means that all available 
computational units could be exploited optimally: for example, if 512 cores 
are available, 512 simulations could be run in parallel at the same time. In 
practice, this significantly increases the feasibility of large in silico 
experiments: using 512 cores to perform the experiment on which Table 1 
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and Figure 3A are based took about 17 hours; the same experiment would 
have taken about one year if all its simulations would have been executed 
sequentially on a single core. 
The typical experiment performed on ECHO consisted in making minor 
changes to the configuration of the network, for example setting the initial 
activity of some nodes to fixed values in a given range, then simulating the 
evolution of the resulting system on a period sufficiently long to have the 
network stabilize at a final state. The activity levels of all nodes in the final 
state were then collected in tables and analyzed in accordance to the aim 
of the experiment. In some cases, the final state could not be directly 
recognized as one of the three known stable states (SOX9+, RUNX2+, 
Null): that happens because keeping one or more nodes fixed at a certain 
value may block the evolution of the network in case those nodes need to 
change before proceeding towards a stable state. In order to resolve those 
undetermined cases, an additional analysis was performed on the results of 
the stalled simulations: the nodes artificially held fixed to the given value 
were let evolve normally (i.e. the artificial block was removed) and an 
additional simulation was computed starting from the final state of the 
undetermined simulation. This always led to one of the three known final 
states SOX9+, RUNX2+, Null, allowing us to classify the outcome of the 
given modification. 
 
Computational cluster 
The in silico experiments on ECHO were executed as computational jobs 
on a cluster composed of 32 Hadoop/HPC 16-core compute nodes and 
managed with SLURM (Simple Linux Utility for Resource Management) 
[20]. Scripts used for parallelization of simulations are provided upon 
request.  
 
 
 
  



 

	   193 

Supplementary Figures and Tables 

 
Supplemental Figure 1. Dosage-dependent effects of extra-cellular ligands. 
The initial activity level of each extra-cellular ligand was set at a fixed level between 0 and 
100 with increments of 10 (0, 10, 20, ... 100), while all other nodes were randomly initialized. 
After 10,000 simulations, the percentage of cell fate was recorded. 
It is interesting to note that some ligands have an effect that is dosage-dependent: for 
example, the highest chance of obtaining a SOX9+ fate is achieved when the initial dosage 
of BMP is at intermediate levels. In most other cases, the percentage of cell fates linearly 
depend on the dosage of the ligands: for example, higher initial activities of PTHrP always 
lead to more SOX9+, while lower activity of TGF-beta give more RUNX2+.  
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Supplemental Figure 2. Combination of perturbations that cause a Runx2+ state to 
switch to a Sox9+ state in the AC model. Each pair of nodes in the network was 
perturbed in all combinations of knock-out ([empty circle here]) and constitutive activation 
([full circle here]), while all other nodes were initialized as in the Runx2+ state. After one 
simulation, the resulting stable state was recorded. The upper right triangle gives an idea of 
the scope of the experiment (higher resolution image upon request), while the lower left 
triangle shows the most interesting cases. 
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Supplemental Figure 3. Combination of perturbations that cause a SOX9+ state to 
switch to a RUNX2+ state in the AC model. Each pair of nodes in the network was 
perturbed in all combinations of knock-out ([empty circle here]) and constitutive activation 
([full circle here]), while all other nodes were initialized as in the Runx2+ state. After one 
simulation, the resulting stable state was recorded. The upper right triangle gives an idea of 
the scope of the experiment (higher resolution image upon request), while the lower left 
triangle shows the most interesting cases. 
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Supplemental Figure 4. In silico experiment representing MSC differentiation into 
articular chondrocytes. A 2-step procedure as described by Narcisi et al 35has shown that 
MSC treated with WNT and FGF, followed by WNT inhibition combined with TGFβ results in 
the development of articular chondrocytes. The simulation of this 2-step procedure in ECHO 
results in a SOX9+ state.   
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Supplemental Figure 5. In ECHO simultaneous addition of WNT, FGF and TGFβ only 
results in a SOX9+ state when WNT is at low activity. 3D plot of ECHO end states with 
simultaneous addition of WNT, FGF and TGFβ and starting from ECHO in which initial 
activity levels of the nodes were determined by gene expression microarray data that were 
previously described 5. 
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Supplemental Table 1: Top 15 ECHO nodes that had the largest influence on the 
outcome of random initializations of ECHO. Nodes were randomly initialized with an 
integer value of 0-100, and the resulting cell fate was recorded. Values are the median 
initialization value of all initializations that resulted in that specific cell fate. The influence of a 
node on each cell fate in each model is defined as the absolute deviation from 50, as no 
effect of a node would result in a median initialization value of 50. The column Influence 
gives the mean absolute influence on SOX9+ and RUNX2+ cell fate in the four models 
combined. 
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Dankwoord 
 
Het tot een goed einde brengen van een promotieproject geldt als een 
proeve van bekwaamheid voor jonge wetenschappers, met een proefschrift 
als het fysieke eindproduct. Op de kaft prijkt welgeteld één naam. Soms is 
een proefschrift wellicht de verdienste van alleen de hoofdauteur, maar in 
mijn geval zijn er velen die op of langs de lange weg naar het einde hebben 
geholpen om doorzettingsvermogen, optimisme en moraal op peil te 
houden en die als inspiratiebron, rustpunt of spiegel hebben bijgedragen 
aan het eindresultaat. Hen wil ik hier graag bedanken. 
Mijn afstuderen in de vakgroep moleculaire celbiologie (MCB) van Wiebe 
Kruijer was mijn eerste echte kennismaking met het weerbarstige proces 
van kennis in wording. Wiebe, je enthousiasme en optimisme hierbij heeft 
me altijd gestimuleerd en is de basis geweest van mijn beslissing om een 
Casimir beurs aan te vragen om mijn afstudeerwerk voort te zetten. Onder 
Wiebe ben ik dagelijks begeleid door Janine Post. Deze begeleiding van 
mijn persoonlijke en wetenschappelijke ontwikkeling werd zelfs nog sterker 
door en na de lastige periode waarin de MCB-groep werd opgeheven. Al 
tijdens mijn afstuderen bij Wiebe maakte ik via hem kennis met Jos Joore. 
Vanuit Pepscan ondersteunde hij het plan voor mijn promotieproject als 
samenwerking tussen de UT en Pepscan. Met een schat aan ervaring in 
diverse functies heeft Jos zichzelf al eens “een marskramer in de 
biotechnologie” genoemd. Ik heb altijd grote bewondering gehad voor en 
inspiratie gehaald uit de manier waarop Jos onvermoeibaar wetenschap en 
ondernemerschap heeft gecombineerd. Het is in de wetenschap op veel 
momenten spannend om eigen ideeën aan anderen voor te leggen, omdat 
de angst leeft dat anderen ermee aan de haal gaan. Jos’ credo hierin, “als 
je niet kunt delen, kun je ook niet vermenigvuldigen”, inspireert mij tot 
op de dag van vandaag – ook buiten de wetenschap – en kan als een 
voorbeeld gezien worden voor velen. Jos en Janine, jullie zijn voor mij de 
hoekstenen van mijn promotieproject geweest en ik ben jullie daarvoor 
ontzettend dankbaar. Janine, fijn dat je mijn copromotor bent! Jos, bedankt 
dat je mijn paranimf wil zijn, ook al was een rol als commissielid vele malen 
logischer geweest! 
In een door Wiebe geïnitieerde samenwerking raakte ik in contact met Paul 
van der Vet van de vakgroep Human Media Interaction en Rom Langerak 
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en Jaco van de Pol van de vakgroep Formal Methods and Tools. 
Gezamenlijk ontstond het plan voor een softwaretool om biologische 
datasets te structuren, visualiseren en formaliseren. Deze tool, ANIMO, is 
bedoeld om biologen te helpen een beter begrip te krijgen van de 
complexiteit van cellulaire processen en gericht hun experimenten te 
plannen. Het maken van computermodellen zoals dat in ANIMO kan speelt 
een toenemende rol in het zich snel ontwikkelende vakgebied Systems 
Biology. Paul, Rom en Jaco, bedankt voor jullie wetenschapslessen, de 
mooie samenwerking en jullie geduld met de weerbarstige complexiteit van 
de biologie. 
Ik had het voorrecht door Rom betrokken te worden bij de 
sollicitatieprocedure voor een nieuwe postdoc voor dit project. Mijn 
kennismaking met Stefano Schivo was tijdens zijn sollicitatiegesprek. Met 
zijn stevige achtergrond in de informatica vroeg ik hem wat hem aantrok in 
ons project. Na zijn antwoord hierop, “De complexiteit van de natuur is 
een puzzel en ik vind het leuk om die op te lossen”, was ik meteen om. 
Rom had met andere vragen al gezien dat Stefano uit het juiste hout 
gesneden is, en daarmee was Stefano’s baan een feit. Stefano, 
samenwerken met jou hoort voor mij bij de hoogtepunten van mijn 
promotie. Je bent sociaal, slim, gedreven, razendsnel en de ANIMO-uren 
met jou zijn voor mij ontzettend motiverend geweest in een periode dat de 
andere lijnen van mijn onderzoek stroever en eenzamer waren. Ik ben 
vereerd dat je mijn paranimf wil zijn. Zonder jou had dit proefschrift er niet 
gelegen. 
Via de vakgroep Tissue Regeneration van Clemens van Blitterswijk 
belandde ik in de vakgroep Developmental Bioengineering van Marcel 
Karperien. Marcel en Clemens, ik wil jullie allebei bedanken voor jullie hulp 
om mijn werk voort te zetten na het opheffen van de MCB-groep. Clemens, 
ik heb altijd genoten van de gesprekken over onze gedeelde passies 
hardlopen, fietsen en wetenschap. 
Mijn promotie begon met mijn eigen onderzoeksvoorstel en mede daardoor 
ben ik inhoudelijk in alle vakgroepen waarin ik heb gewerkt een vreemde 
eend in de bijt geweest. Desalniettemin heb ik veel plezier beleefd aan de 
samenwerking en overleggen met mijn collega’s. Allereerst in de MCB 
groep met Mark, Marije en Audrey, we hebben het een tijd heel goed gehad 
samen, jammer dat daaraan een voortijdig einde kwam! Later in de 
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vakgroepen TR en DBE, met onder anderen Parthiban, Mijke, Janneke, en 
roomies Sieger, Leilei, Rong, Liliana, Ana, Jeroen, Nathalie. Bedankt voor 
alle gezelligheid en gekkigheid! Buiten mijn vakgroepgenoten heb ik veel 
hulp gehad van Martin Vermeer en Hanneke Bluemink, die mijn 
achterstand met Matlab hielpen weg te poetsen. 
Belangrijke rollen in de organisatie van een wetenschappelijke vakgroep 
zijn weggelegd voor analisten en secretaresses. Aan beide ben ik de 
nodige dank verschuldigd. Audrey, Anouk en Jacqueline, bedankt voor 
jullie hulp in het lab en het mede mogelijk maken van vele experimenten. 
Karin, Audrey en Ingrid, jullie zijn als secretaresses van de vakgroepen 
MCB, TR en DBE het kloppende organisatorische hart van de groep en 
dragen met jullie warmte en medeleven in hoge mate bij aan een prettige 
werkomgeving. Ingrid wil ik daarnaast nog speciaal bedanken voor alle 
ondersteuning bij de praktische zaken rond de afronding van mijn promotie. 
Bijzondere ervaringen in mijn promotie waren mijn samenwerkingen buiten 
de universiteit Twente. Via Jos en het Pepchipwerk heb ik intensief 
samengewerkt met Maikel Peppelenbosch en Gwenny Fuhler van het 
Erasmus MC en met Sander Diks van het UMC Groningen. Maikel, je 
vermogen om altijd weer naar nieuwe invalshoeken te zoeken is 
onnavolgbaar en blijvend inspirerend! Sander, bedankt voor je hulp met de 
Pepchipexperimenten waarin ik me altijd gevrijwaard heb geweten van 
blootstelling aan radioactiviteit. Gwenny, de overleggen tijdens onze 
samenwerking, altijd met lunch en altijd met interesse voor meer dan alleen 
wetenschap zijn voor mij altijd iets geweest om naar uit te kijken, en nu 
achteraf iets om te missen, dankjewel voor de mooie tijd! Om (een stukje 
van) mijn achterstand in de bioinformatica in te lopen heb ik een tijdlang 
gewerkt in de vakgroep Pattern Recognition and Bioinformatics (TU Delft) 
van Marcel Reinders, met Marc Hulsman als mijn directe leermeester en 
inspirator. Marcel en Marc, bedankt voor jullie openheid en voor de 
plezierige tijd. En ook Wynand bedankt voor je gastvrijheid en de prettige 
logeerplek waar ik me altijd welkom heb gevoeld! 
Aan de Universiteit Luik heb ik een leuke en vruchtbare samenwerking 
gehad met Liesbeth Geris en Johan Kerkhofs. Zij werkten aan 
computermodellen van groeischijfkraakbeen, waarmee hun onderzoek 
dicht tegen het onze aanlag. Lies en Johan, bedankt voor de leuke 
samenwerking en zeker ook voor het laten zien van een paar mooie 
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plekken in Leuven! 
Marcel Stoop en Theo Luider hebben me geholpen met een aantal 
experimenten om fosforylering van ontworpen peptiden te testen met 
massaspectrometrie. Bedankt daarvoor en voor de prettige samenwerking! 
Een welkome variatie in de dynamiek van het onderzoek heb ik altijd 
gevonden om samen te werken met stagiaires en afstudeerders. Zonder 
uitzondering waren dit leuke processen met in een aantal gevallen 
resultaten die hun weg in dit proefschrift gevonden hebben. In 
chronologische volgorde: Tim, Marsha, Wim, Tyron, Brend, Ricardo, Martijn 
en Patrick, bedankt voor jullie inzet! Het was een eer en een genoegen om 
jullie een tijd te hebben mogen begeleiden tijdens jullie projecten. 
De Campus van de Universiteit Twente is gelegen op een landgoed met de 
uitstraling van een groot park. Samen met het achtergelegen bosgebied 
een prachtig gebied om te wandelen en zeker ook om hard te lopen. 
Samen met vaste hardloopmaatjes Hugo, Paul en Ferry heb ik daar 
ruimschoots gebruik van gemaakt. Goed voor het doorbreken van de uren 
achter de computer, het opdoen van nieuwe energie en voor vele uren van 
ideeën uitwisselen en wederzijdse inspiratie. Mannen, bedankt voor deze 
tijd. En Clemens, bedankt voor het laten aanleggen van een kleedruimte 
met douche in het MIRA instituut! 
Ik heb mijn promotietijd doorgebracht verdeeld over Enschede en 
Berghem, waar ik thuis werkte. In Enschede heb ik me al die jaren ook een 
beetje thuis gevoeld door mijn “huisbazen” Jan en later Anne. Bedankt voor 
de mooie tijd bij jullie en voor alle gezelligheid en afleiding na het werk. 
Twee leuke triathlonverenigingen, Aloha in Enschede en Trioss in Oss 
zorgden voor verder vertier. De positieve inspanning en ontspanning heeft 
me zeker geholpen om fit en scherp mijn promotietijd door te komen. Van 
Aloha wil ik vooral Jan-Roelf, Marco, Wico en Sebastiaan bedanken voor 
alle uren naast en achter elkaar in het zwembad. Jeroen, Monique, 
Anneloe en andere Triossers, heel erg bedankt voor de mooie tijd samen. 
Aanvankelijk was het plan om de extra vrije dag in mijn 4-daagse werkweek 
vooral sportend te besteden, maar al vroeg in mijn promotie kwam het 
organiseren van de UT-Triathlon op mijn pad. Een mooie tijd, met leuke 
organisatieteams. Marcel, Rolf, Lieke, Simon, Martijn, Marco, Jan, Jan-
Roelf en vele anderen, bedankt voor de mooie tijd samen. Vanuit deze 
organisatie-ervaring en geïnspireerd door vergelijkbare competities heb ik 
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in de jaren erna de Eredivisie Triathlon opgezet en georganiseerd met 
Martijn, Cornelis en Marcel. Mannen bedankt voor het samen realiseren 
van deze mooie competitie. We mogen er trots op zijn. Deze organisatie-
ervaringen hebben me tijdens mijn promotie geholpen optimistisch te 
blijven en erop te blijven vertrouwen dat het met veel inzet – en een beetje 
wind mee – mogelijk is om mooie dingen in de wereld te creëren. 
Ik ben geen geboren optimist, beter ben ik in het schrijven in eufemismen. 
Mijn analytisch vermogen, vaak een sterkte, mondde meermaals uit in 
piekeren. Vrienden hebben me geholpen het hoofd sereen te houden met 
een uitgebalanceerde mix van schouderklopjes, kritische vragen, knuffels, 
goede gesprekken, leuke uitjes, bijzondere nachten, gezamenlijke 
vakanties, sportieve uitdagingen, samen bereide maaltijden, adviezen en 
Sinterklaascadeaus. In willekeurige volgorde en op het gevaar af mensen 
te vergeten: Nick en Çarcia, Tijs en Sarah, Pieter en Annemiek, Marijn en 
Tamara, Marjolein en Maurice, Joost en Anita, Pieter en Frederieke, Loes, 
Rob en Heleen, Mark, Christina en Erwin, Floris en Rozemarijn, Martijn en 
Mijke, Wico en Renske, Anouk en Bram. Bedankt voor het delen van de 
mooie, maar ook de moeilijke dingen in het leven. 
Bovenal wil ik mijn familie bedanken voor hun liefdevolle geduld en 
aandacht in mijn promotietijd. Pap, mam en Hans, bedankt voor jullie 
onvoorwaardelijke liefde en voor al deze jaren waarin jullie goed 
aanvoelden wanneer het welkom was om te vragen naar de voortgang van 
mijn promotie. Geert en Rosie, Marte en Tim, bedankt voor jullie liefde, 
steun en gezelligheid de afgelopen jaren. Janneke, bedankt voor je 
voortdurende pleegmoederschap en je blijvende gastvrijheid. Fred en Tiny, 
bedankt voor de hand van jullie dochter, de liefdevolle opname in de familie 
en de regelmatige motiverende woorden tijdens mijn promotie.  
Boven bovenal gaan mijn hart en dank uit naar Letizia, mijn grote liefde en 
lotgenoot, partner in team Boeddha en met haar optimisme en vrolijkheid 
nog steeds de jive in mijn leven. Bedankt dat je me ook op mijn 
promotiepad hebt vergezeld. Vaak was dat taai, maar het heeft ons veel 
over elkaar geleerd en uiteindelijk nog dichter bij elkaar gebracht. Mare en 
Lieuwe, jullie zijn nu nog te jong om het je te beseffen, maar jullie hebben 
me met jullie alles relativerende aanwezigheid geholpen dit proefschrift met 
innerlijke rust en tevredenheid af te ronden. Bedankt! 
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