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Supplementary Material 
Regulatory map construction 
E2F1 and p73 interaction partners, i.e. primarily targets of E2F1 and p73 transcriptional 
regulation, were extracted from the Human Protein Reference Database (HPRD, release 9.0), 
the database STRING (release 9.0) and the Transcriptional Regulatory Element Database 
(TRED) [1][2][3]. From HPRD we extracted direct interaction partners and those in 
complexes, while in STRING we filtered for interactions with high confidence scores (≥0.9). 
From TRED we extracted transcriptional targets with known E2F1 or p73 binding sites in 
their promoter region. Target genes of miR-205 were extracted from several resources. For 
experimentally validated targets of miR-205 we used the databases TarBase 6.0 (release date 
11/2011), miRTarBase (release date 10/2011), miRecords (release date 11/2010) and 
miR2Disease (release date 03/2011) [4][5][6][7]. All four databases host literature derived 
and manually curated information. In total, we found 20 experimentally validated targets of 
miR-205. Recently, a new web resource (starBase) was launched that collects data from 
CLIP-Seq experiments with RISC components (e.g. Ago protein). The essential idea in these 
experiments is to detect RISCs bound to miRNA target sites in mRNA sequences. In starBase 
four miRNA target prediction algorithms are used to identify miRNA-target pairs and to map 
specific binding site loci [8][9]. We considered miR-205 targets inferred through this method 
as semi-validated targets (n=92). In order to enrich the list of targets with other genes 
putatively regulated by miR-205 we used the data from the miRWalk database, a resource 
which collects predictions from eight renowned miRNA-target prediction algorithms [10]. We 
considered only those putative miR-205 target genes that are predicted by at least seven 
algorithms and consider them as high confidence targets (n=147). We have previously 
reviewed these and other miRNA resources in [11].  
TFs controlling the expression of miR-205 were derived from the database of experimentally 
proven miRNA-TFs called TransmiR (release 1.0)[12]. Additionally, we generated a list of 
putative TFs with binding sites in the 10 kb upstream region of the miR-205 gene and the 



 
 

miR-205 host gene (MIR205HG). This information was extracted from the database 
MIR@NT@N (version 1.2.1) and from the table of TFs with conserved binding sites 
(tfbsConsFactor) in the UCSC genome browser (hg18) [13], [15]. The 10 kb upstream region 
was also used in Shalgi et al. [14] and considered as ‘putative regulatory region of miRNAs’. 
We considered for further analysis only those miR-205 TFs that have been experimentally 
validated or that were found in both prediction databases (n=8). 
Finally, protein-protein interactions between miR-205, E2F1 and p73 targets were identified 
by using the HPRD database [1]. Based on the molecular interaction data that was extracted 
from biological databases, we constructed a E2F1-p73/DNp73-miR-205regulatory network. 
We were particularly interested in the role of E2F1, p73 and miR-205 in pro- and anti-
apoptotic processes as well as their role in response to drug treatment. Thus, we further 
filtered the derived molecular interactions using the corresponding GO terms (GO:0043065, 
GO:0043066 and GO:0042493). Figure S1 shows the E2F1/p73/miR-205 regulatory network 
constructed in Cytoscape  (www.cytoscape.org).  
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Network analysis 
 
Network properties. Topological properties of the E2F1-p73 -miR205 network were 
calculated using the Cytoscape plugin Network Analyzer35 and are listed in Table S1. 
 
Robustness. To determine the robustness of the network, we fitted a power law function of 
the form · to the in- and out- degree distribution of the network nodes. In this 
equation x is the node degree and y denotes the number of nodes with this degree. This 



 
 

procedure to assess the robustness of a biochemical network has first been proposed by 
Barabási and Oltvai33. In the E2F1-p73 -miR205 network, both, the in- and out degree 
distribution approximate a power law function. For the in-degree distribution a = 40.630 and 
b = 1.548 (correlation= 0.982, R2=0.853), while for the out-degree distribution a = 6.756 and 
b = 0.618 (correlation= 0.878, R2= 0.831). We can conclude that this network is scale-free 
according to the definition of Albert et al.34 and Barabási and Oltvai33, and thus it is robust 
against random perturbations.  
 
Network motifs. We have previously demonstrated that non-linear dynamics can arise in a 
biochemical reaction network through specific network motifs like feedback and feed-forward 
loops (FBLs and FFLs; see 25, 26). In the E2F1-p73/DNp73-miR-205 network we identified a 
total of 318 FFLs including 39 incoherent FFLs of length 4 or less (Figure S2). We deposited 
a high-resolution version of this figure on our website under the URL: www.sbi.uni-
rostock.de/uploads/tx_templavoila/motifs.png 
 
 
 
Kinetic model derivation 
The kinetic model is composed of twelve ordinary differential equations accounting for the 

evolution in time of: E2F1 mRNA (in the model represented with the variable mE2F1) and 

protein (E2F1), both isoforms of p73 (respectively, p73 and DNp73), miR-205 (miR205), 

E2F1 regulated pro-apoptotic genes (represented by Harakiri, Hrk), p73 regulated pro-

apoptotic genes (Bax), miR-205 repressed anti-apoptotic genes (BCL2), E2F1 regulated and 

active EGFR (EGFR*),  cytostatic drug inhibited EGFR (EGFRI), and ERBB3 (ERBB3). In 

addition, we considered another differential equation that accounts for the population size of 

tumor cells with the genetic background defined by our model (TC). The kinetic model is 

organized in four interconnected modules: the core regulatory module, two transcriptional 

target modules and one for tumor cell population (see Fig 1 in the main document). In the 

following, we describe in detail the structure of each module.  

Core regulatory module. It is composed of ordinary differential equations for mRNA and 

protein levels of E2F1 (mE2F1 and E2F1), both isoforms of p73 (respectively, p73 and 

DNp73) and miR-205 (miR-205). The equations account for the temporal evolution of these 

species under drug-administration: 

 ·  · · 1 · 205 · 2 1  [1] · 2 1 · 2 1      [2] · 2 1 · 73      [3] · 2 1 · 73      [4] 



 
 

· 1 · 73 · 1  · 205  [5] 

 

In case of E2F1 mRNA, [1], the model contains mass-action kinetic rates accounting for its 

basal and genotoxic-stress mediated synthesis (characterized respectively by the parameters k2 

and FS, and k1; GxD is an input variable accounting for genotoxic drug), as well as for its 

basal degradation (k3). In addition, the model includes a term accounting for the miR-205 

mediated E2F1 repression (k4, see 1). We notice that in our qualitative kinetic model, mE2F1 

represents the fraction of transcriptionally active messenger RNA in a similar manner that our 

previous publications 26.  

In case of E2F1 protein expression, [2], the model describes its mRNA-mediated synthesis 

(k5) and basal degradation (k3). In case of p73 and DNp73, [3] and [4], the model includes 

the E2F1-mediated synthesis (k7 and k9, respectively, see 2) and basal degradation (k8 and k10) 

for both isoforms.  

In case of miR-205, [5], the model describes the regulation of its synthesis and degradation 

(k11, k12). In this equation, we assumed that p73 acts as activator of miR-205 synthesis, while 

DNp73 plays an inhibitory role5,6,20. According to the observations reported for several tumor 

types, we assumed that when both isoforms are overexpressed the inhibitory effect of DNp73 

dominates and cancels out p73 activation of miR-2057. Besides, we included the repression of 

miR-205 by the oncogenic signal from the TGFβ-1 pathway (TGFB1). This is to exemplify 

the set of regulators of miR-205 expression, which are external to the E2F1/p73/miR-205 

network21,22,23. To represent these features, we used reduced power-law terms3,4. 

Apoptosis related targets module. This module is composed of ordinary differential 

equations for the p73-regulated pro-apoptotic gene Bax (Bax), the E2F1 regulated pro-

apoptotic gene Harakiri (Hrk), and the miR-205 regulated anti-apoptotic gene BCL-2 (BCL2): 

 · · · 1  ·  [6] 

· · ·    [7] 

· 1 · 2   [8] 

 

In order to model Bax protein expression, [6], we introduced a rate equation that accounts 

for Bax synthesis and degradation (k14 and k15). For Bax synthesis and based on experimental 

results24, we assumed that DNA damage signals trigger acetylation and activation of p73 

which is required to promote Bax expression. Drug induced DNA damage signals are here 

encoded in the binary variable DS (genotoxic drug treatment: DS=1; no treatment DS=0). P73 

mediated synthesis of Bax is represented by a Hill equation (k16, g). This is to ensure that 



 
 

relevant levels of pro-apoptotic genes (here Bax) occur only in presence of sufficient p73 

levels. We have used this strategy previously to model the transcriptional regulation of other 

DNA-damage dependent genes25. To account for the inhibitory effect of DNp73 on the 

expression of Bax, we adopted the same modeling strategy as for miR-205. 

In case of Harakiri (Hrk) [7], the model contains rates equations accounting for its synthesis 

and degradation (k17 and k18). Based on experimental results11, we assumed that DNA damage 

signals are required for the acetylation and activation of E2F1, which triggers the Hrk 

expression. Therefore we made the synthesis dependent on a binary variable DS which 

accounts for genotoxic drug treatment (DS=1) or no treatment (DS=0). Like in the case of 

p73-regulated pro-apoptotic genes, a Hill equation describes the E2F1-regulated synthesis of 

Hrk.  

In case of BCL-2 (BCL2), [8], the model contains rates equations accounting for the synthesis 

and degradation (k19 and k21). We have previously shown that BCL-2 expression is post-

transcriptionally regulated by miR-20520. This is represented in our model by a reduced 

power-law term3,4 (k20).  

Proliferation related targets module. This module is composed of ordinary differential 

equations for the de novo inactive EGFR (EGFR), growth factor-activated EGFR (EGFR*), 

cytostatic drug inhibited EGFR (EGFRi), and miR-205 repressed ERBB3 (ERBB3). The 

following three equations describe the EGFR dynamics:  

 · · · · · ·   

· · ·     

· · · 1 ·   

 

We defined a variable accounting for the total amount of EGFR, EGFRTotal:  

 

Thus, we can estimate the amount of de novo inactive EGFR as:  

 

According to our previous results27, we assume that the total amount of EGFR (EGFRT) is 

regulated by E2F1. We modeled this with dependency with a Hill equation and therefore we 

can change the previous equation to:  

· 2 12 1  

When we apply this to the previous equations, the model reduces to: 

 



 
 

· · · ·    [9] 

· · · · 1 ·  [10] 

· 1 · 3      [11] 

 

In case of EGFR*, [9], the model contains equations accounting for its growth factor (GF) 

mediated activation and its degradation (k28 and k29, respectively).We notice that GF here is a 

binary input variable (stimulation with growth factor: GF=1; no stimulation: GF=0). In case 

of EGFRi, [10], the model contains an equation that accounts its cytostatic drug (CyD) 

mediated inhibition and its degradation (k30 and k31, respectively). Given that interactions 

between EGFR and ERBB3 promote tumor resistance to certain cytostatic drugs28, we 

included a reduced power-law term accounting for the effect of ERBB3 as inhibitor of 

cytostatic drugs regulating EGFR activity (ERTH). For ERBB3, [11], the model contains 

equations accounting for its synthesis and degradation (k32 and k34, respectively). According to 

previous experimental results29, 30, we assumed that ERBB3 expression is post-

transcriptionally regulated by miR-205 and therefore used a reduced power-law term3,4 to 

account for the miR-205-mediated inhibition of ERBB3 (k33).   

Tumor cell population. It is composed of a unique ordinary differential equation accounting 

for the size of a population of tumor cells (TC). Similar to previous publications36, this 

phenomenological kinetic equation connects the components of the network to the dynamics 

of the tumor cells population: 

 · · · · · 1 ·   [12] 

 

In this equation, [12], active EGFR connects the proliferation of the tumor cell population to 

proliferative signals27 (k24), while the representatives for pro- and anti-apoptotic proteins (Hrk, 

Bax, and BCL2, respectively) regulate the cell death rate after genotoxic stress (k22, k23). 

We notice that in some of the simulations we considered tumors to be composed of three 

subpopulations of tumor cells with different genetic signatures. Towards this end, we 

constructed three instances of the model, which differ in their genetic signature as explained 

in the main text. 

 

Model calibration. Values of the model parameters characterizing the reaction rates were 

assigned following a hybrid strategy31, 32, which is composed of: i) extracting parameter 

values from published information (e.g. protein, mRNA and miRNA half-lives); ii) estimating 

a subset of parameter values by tuning them to fit published quantitative and qualitative data; 



 
 

iii) fixing some parameter values to normalize variables to the basal, non-stressed levels of 

mRNA and protein. Finally, we assigned values within the region of feasible values to few 

parameters in a way our model reproduces the phenotype shown by chemosensitive tumor 

cells, according to published knowledge20. The parameters and their assigned values are listed 

in Table S2. The plots in figure S3 compare our model predictions with the available (own 

and published) data after estimating some of the model parameters.  

 
 
Model simulations  
 

Detection of genetic signatures that confer chemoresistance to anti-cancer drugs. To 

search for genetic signatures providing tumor cells with a chemoresistant phenotype, we 

selected a subset of model parameters, which are representative for sources of variability in 

the expression of the critical model variables (FS, k6, k7, k9, k19, TGFB1, k32, accounting for 

variability in expression of mE2F1, E2F1, p73, DNp73, miR-205 and ERBB3, respectively). 

Next, the values of the selected model parameters were randomly perturbed by using Latin 

hypercube sampling in the logarithmic scale. The sampling space was defined between ten-

fold below and above the nominal parameter values for pre-defined chemosensitive cells as 

shown in Table S2. We generated 105 in-silico cell lines, each one with a distinctive set of 

parameter values accounting for an individual genetic background. For each in-silico cell line, 

we performed simulations in three scenarios: 1) experiment 1, a simulation accounting for 

non-stressed growth conditions (GxD=0, DS=0, CyD=0, GF=1), for which we stored 

variable values at times t=0 and t=120hr; 2) experiment 2, accounting for apoptosis under 

genotoxic drug administration (GxD=1.2371, DS=1, CyD=0, GF=0), for which we stored 

variable values at t=48hr; and 3) experiment 3, accounting for proliferation under cytostatic 

drug administration (GxD=0, DS=0, CyD=10, GF=1), for which we stored variable values at 

t=120hr. Values for GxD and CyD were chosen as those showing clear genotoxic and 

cytostatic effects in the pre-defined in-silico chemosensitive cell line, while timing of the 

simulations is representative of common experimental procedures to assess the effect of 

genotoxic or cytostatic drugs in cell lines20. According to the simulation results, the in silico 

cell lines were classified into the following groups:  

a) tumor cells, those in silico cell lines for which the cell population is bigger than 150% of 

the initial value at time 120hr in non-stressed growth conditions (experiment 1).  

b) genotoxic drug resistant cells, those in silico tumor cells for which more than 75% of the 

initial cell population survives 48hr after genotoxic drug administration (experiment 2). 

c) cytostatic drug resistant cells, those in silico tumor cells for which the cell population is 

bigger than 150% of the initial population 120hr after cytostastic drug administration 

(experiment 3). 

d) double resistant cells, those in silico tumor cells resistant to both genotoxic and cytostatic 

drugs according to criteria b) and c) respectively.  



 
 

 

Simulations with modulation in the expression of critical network components. To 

investigate the effect of modulation in the expression of couples of critical network 

components, the values of the corresponding model parameters accounting for their induction 

were iteratively modified in the interval [10-1, 102] with respect to their values in table S2. 

Thereafter the behavior of the network was simulated, and protein and miR-205 levels as well 

as the tumor cell population size were calculated in two different conditions: a) 48hr after 

genotoxic drug administration (GxD=1.2371, DS=1, CyD=0, GF=0); and b) 120hr after 

cytostatic drug administration (GxD=0, DS=0, CyD=10, GF=1).  

 

Simulations of genotoxic drug treatment in genetically heterogeneous tumors. To study 

the effect of genotoxic drugs in genetically heterogeneous tumors, we simulated a long-term 

treatment with genotoxic drugs on tumors composed of three subpopulations of tumor cells 

with different expression levels of E2F1 as discussed in the main text. In the simulations we 

considered a treatment composed of periodic cycles of genotoxic drug, which is administrated 

twice per week and lasts for 20 weeks. For the weekly treatment: 24hr<t<7hr2: 

GxD(t)=1.2371, DS(t)=1 ; 120hr<t<168hr: GxD(t)=1.2371, DS(t)=1; for the rest time of this 

week: GxD(t)=0, DS(t)=0). In all the cases: CyD(t)=0, GF(t)=1.  
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