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Abstract

Chemotherapy is commonly used in cancer treatments, however only 25% of cancers are responsive and a significant
proportion develops resistance. The p53 tumour suppressor is crucial for cancer development and therapy, but has been
less amenable to therapeutic applications due to the complexity of its action, reflected in 66,000 papers describing its
function. Here we provide a systematic approach to integrate this information by constructing a large-scale logical model of
the p53 interactome using extensive database and literature integration. The model contains 206 nodes representing genes
or proteins, DNA damage input, apoptosis and cellular senescence outputs, connected by 738 logical interactions.
Predictions from in silico knock-outs and steady state model analysis were validated using literature searches and in vitro
based experiments. We identify an upregulation of Chk1, ATM and ATR pathways in p53 negative cells and 61 other
predictions obtained by knockout tests mimicking mutations. The comparison of model simulations with microarray data
demonstrated a significant rate of successful predictions ranging between 52% and 71% depending on the cancer type.
Growth factors and receptors FGF2, IGF1R, PDGFRB and TGFA were identified as factors contributing selectively to the
control of U20S osteosarcoma and HCT116 colon cancer cell growth. In summary, we provide the proof of principle that this
versatile and predictive model has vast potential for use in cancer treatment by identifying pathways in individual patients
that contribute to tumour growth, defining a sub population of “high” responders and identification of shifts in pathways
leading to chemotherapy resistance.
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There are more than 66,000 papers about p33 in the scientific
literature, and yet we are still far from understanding the details of
its function. This observation calls for a more systematic approach
to integrate this vast amount of information into consistent
representations that will enable better understanding of the
systems-wide mechanisms regulating p53 function.

Network and systems biology approaches are offering promising
new tools to study complex mechanisms involved in the
development of diseases [4]. In silico models can integrate large
sets of molecular interactions into consistent representations,
amenable to systematic testing and predictive simulations. Models
of wvarious scales and computational complexity are being
developed, from qualitative network representations to quantita-
tive kinetic and stochastic models [5-7]. In the case of p53, the
huge amount and complexity of molecular interactions involved
makes a large-scale kinetic model out of reach. Nevertheless, a vast
amount of biological knowledge is available on p53 that is not in
the form of quantitative kinetic data, but in the form of qualitative
information. For example, numerous reports indicated that ATM
(ataxia telangiectasia mutated) affects p53 in response to DNA
damage [8]. Although 1350 publications describe the link between
ATM and p53 in PubMed, 57 papers indicate that ATM

Introduction

The p53 protein has been one of the most studied proteins since
its discovery in 1979. It plays a central role in the regulation of cell
survival and cancer development; p53 mutations are found in
more than 50% of human tumours and alterations or lack of p53
function has been linked to most types of cancer cells. The p53
protein acts as a transcription factor, which regulates the
expression of a large number of downstream genes by complex
mechanisms [1]. It has anti-proliferative effects such as cell cycle
arrest, apoptosis, and cell senescence in response to various stress
signals. Moreover, p53 is a critical node of the cellular circuitry
involved in the physiological response to growth factors or
abnormal oncogenic stimuli. Post-translational modifications,
protein-protein interactions and protein stabilization are found
to be crucial levels of control of p53 activity.

However, despite its fundamental role p33 has been less
amenable to therapeutic applications than other target genes or
proteins that are successfully utilized in cancer treatments [2]. The
understanding of p53 pathway mechanisms has both academic
and commercial interest for the design of new cancer therapies
and the selection of safer cancer drug candidates [3]. A major

reason why it has been so difficult to exploit our knowledge of p53
for therapeutic applications is indeed the complexity of its action.
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phosphorylates p53 and only 11 papers include the information
that ATM phosphorylates and activates p53. Similarly, examples
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Figure 1. Flow chart of PKT206 logical model construction and analysis. Java interface programs were created to extract p53 interactions
from the STRING database. We then manually curated the data and used Gene Ontology annotations to connect the network to DNA damage input
and apoptosis output. CellNetAnalyzer was used for analysis and simulations, and the results were validated using literature surveys and experimental

approaches including western blotting and microarray analysis.
doi:10.1371/journal.pone.0072303.g001

of downstream p53 target genes such as Bax (BCL2-associated X
protein) that control the apoptosis process or CDKNIA (cyclin-
dependent kinase inhibitor 1A (p21, Cipl)) that control cell cycle
arrest are well studied [9,10]. However, the detailed kinetics of
only a subset of these interactions is known [11].

For this reason, we hypothesized that our understanding of p53
function can be enhanced by the systematic integration of such
qualitative knowledge into a large-scale, consistent logical model.
Unlike kinetic models, logical models do not use kinetic equations
representing the detailed dynamic mechanism of each individual
interaction, but unlike qualitative networks, they do incorporate
information about the effects of interactions. This information is
generally represented in the form of Boolean logic: each node
(gene/protein) in the logical model can have two determined
states, 0 or 1, representing an inactive or active form respectively;
each interaction can have two determined effects, activation or
inhibition of the target node. The advantages of logical models are
that simulations are fast even for large models, they allow an
extensive exploration of the space of node states with the
identification of steady states or cycling attractors, and they
provide an approximation of the actual nonlinear dynamics of the
whole system. For example, Schlatter’s group constructed a
Boolean network based on literature searches and described the
behaviour of both intrinsic and extrinsic apoptosis pathways in
response to diverse stimuli. Their model revealed the importance
of crosstalk and feedback loops in controlling apoptotic pathways
[12]. Rodriguez et al. constructed a large Boolean network for the
FA/BRCA (Fanconi Anemia/Breast Cancer) pathway and simu-
lated the repair of DNA ICLs (interstrand cross-links). This model
revealed the relationship between the activated DNA repair
pathway and defects in the FA/BRCA pathway [13].

In this article, we present a logical model of the p53 system that
integrates 203 genes/proteins, DNA damage input, apoptosis and
cellular senescence outputs, connected by 738 logical interactions
compiled from existing databases and the scientific literature. The
model, hereafter named PKT206 (PKT standing for p53 model
constructed by Kun Tian, and the number indicating the
population of protein or gene nodes included in the model) can
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be used to predict effects of DNA damage pathways onto cellular
fate. We present a functional analysis of this model and investigate
the effects of knockouts using the CellNetAnalyzer software [14].
Several predictions produced by the model were validated from
external literature and new experimental data, adding new
contributions to our knowledge of the p53 system. The model’s
performance was tested using microarray analysis and we show
that the ratio of good predictions substantially exceeds that of
random predictions, ranging between 52% and 71%. It is found
that the PK'T206 model is a promising predictive tool that can
increase our understanding of the complex mechanisms of p53
pathways and provides a novel approach to personalized cancer
therapy.

Results

Model construction

In order to organize knowledge of the p53 interactome into a
coherent framework, a logical model of the p53 system was
constructed (Figure 1, Table S1 in File S1). In this model, nodes
represent genes or associated proteins that interact with p53, and
edges represent the interactions between them. Two types of
interacting processes are considered: activating or inhibiting. In an
activating interaction, the result is an induction of activity of target
node(s), and in an inhibitory interaction, the result is a repression
of activity of target node(s) [14]. For example, the induction of p53
stimulates the expression of MDM2 (Mdm?2, p53 E3 ubiquitin
protein ligase homolog (mouse)) [15], which is represented by an
activating interaction from pd3 to MDM2. At the same time,
MDM?2 activation leads to the down-regulation of p53, which is
represented by an inhibiting interaction from MDM2 to p53 [16].

Although there are numerous databases recording genetic and
protein-protein interactions, few record the effect the interaction
has on the target node. A notable exception is the STRING
(Search Tool for the Retrieval of Interacting Genes/Proteins)
database [17], which distinguishes between different modes of
action, including activation, inhibition and binding. Interaction
records of the human p53 interactome were first retrieved
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Figure 2. The PKT206 model. The PKT206 model represented by Cytoscape includes 203 gene/protein nodes, an input node (DNA damage), two
output nodes (apoptosis and cellular senescence) and 738 edges. Activation and inhibition connections are represented by blue and red arrows,
respectively. The input node was marked by green; the nodes upstream of p53 were marked by yellow; p53 and MDM2 were marked by red, the
nodes downstream of p53 were marked by light blue and the output nodes were marked by orange.

doi:10.1371/journal.pone.0072303.g002

automatically from the STRING database (see Material and
Methods). The interactions were filtered by retaining only high
confidence scores as defined by STRING (more than 0.7).
However, because of the limitations of current text mining
methods in identifying modes of action, even the group of high-
confidence interactions was found to contain some errors. To
avoid incorrect data being included into the model, all interaction
records were thus manually curated by surveying the associated
literature and searching for additional evidence. Examples of the
types of errors found and details of interactions that were corrected
following the manual curation process are provided in Table 2 and
Figures S1-S4 in File S1.

A recurrent question in the construction of i silico models is to
define the boundaries of the system. In order to obtain a complete
coverage of the p53 interactome, yet keep the size of the system
within acceptable limits for simulation, we included all high-
confidence interactions with genes/proteins interacting directly
with p53, and added all interactions between these genes/proteins
that do not involve p53 directly. This process ensured that
regulatory feedback loops were included in the model. In a few
cases, different proteins were combined into a single node
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reflecting the fact that earlier literature did not distinguish between
them: this was the case for HRAS (v-Ha-ras, Harvey rat sarcoma
viral oncogene homolog), KRAS (v-Ki-ras2, Kirsten rat sarcoma
viral oncogene homolog), NRAS (neuroblastoma RAS viral (v-ras)
oncogene homolog) and RASD1 (RAS, dexamethasone-induced
1), represented as a single node RAS; CCNAI1 (cyclin Al) and
CCNA2 (cyclin A2) represented as CCNA; CSNK2AI (casein
kinase 2, alpha 1 polypeptide) and CSNK2A2 (casein kinase 2,
alpha prime polypeptide) represented as CSNK2.

Cells respond to numerous stress stimuli including ionizing and
UV (ultraviolet) radiation, oncogene activation, heat shock,
hypoxia, etc [18]. The DNA damage response mediated by p53
is well studied and most clinically relevant as the majority of
cancer treatment strategies involve DNA damage pathways.
Therefore, DNA damage was added as an input signal by
connecting the network to a single input node representing DNA
damage. Similarly, apoptosis and cellular senescence were selected
as the best studied and most clinically relevant outputs among
numerous other possibilities including cell cycle arrest, DNA
repair and angiogenesis. Thus, the network was connected to two
output nodes representing apoptosis and senescence. Links from
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DNA damage and towards apoptosis and senescence were curated
using Gene Ontology terms (Tables S3-S5 i File S1) as well as
additional manual curation. The resulting model, named
PKT206, comprised 203 gene/protein nodes, an input node
(DNA damage), two output nodes (apoptosis and senescence) and
738 interactions. Complete lists of genes/proteins and interactions
with references to literature based evidence are provided in
Tables S1 and S3-S5 in File SI.

Structure of the p53 logical model

The p53 node is connected to 202 genes or proteins in the
network and participates in 225 interactions (Figure 2). Five layers
can be distinguished in the network according to the relationship
of nodes to p53: the input signal, DNA damage; upstream nodes of
p53; pd3 itself and MDM?2; downstream nodes of p53; and the
outputs, apoptosis and senescence. It was found that 67 nodes
functioned as upstream nodes of p53. For example, ATM
functions as a DNA damage inducible node upstream of p53
[19]; it activates p5>3 directly as well as through CHEK2
(checkpoint kinase 2) up-regulation [20-22]. 146 nodes functioned
as pb3 target genes, including well studied pro apoptotic genes
such as BAX [9] and CDKNT1A that controls cell cycle arrest [23].
11 genes functioned both as upstream and downstream nodes of
p53 and were involved in two step feedback loops.

We calculated the connectivity degree of the 206 nodes in the
network (Figure 3). The connectivity degree of a gene indicates the
number of interactions for this gene. The most connected gene
was p53, which participated in 225 interactions in the PKT206
model. There were 30 genes with connectivity degree between 10
and 100 and the remaining genes were involved in less than 10
interactions.

The network contains 30 two-step feedback loops in total, with
14 involving p53. Some of them play a significant role in p53
regulation; for example, the feedback loops involving p53, MDM?2
and MDM4 (Mdm#4 p53 binding protein homolog (mouse)), which
include five interactions: p53 activates MDM2; MDM2 inhibits
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p53; MDM?2 inhibits MDM4; MDM4 activates MDM2 and
MDM4 inhibits MDM2 [24]. Feedback loops play a crucial role in
p33 regulation and are thought to increase the robustness of the
system In response to perturbations [25].

P53 has been implicated in numerous cellular responses to stress
including IR (ionizing radiation), UV, oncogene activation, and
hypoxia. For this model to be able to predict cellular fate in
response to stress, we linked 20 nodes to the input signal DNA
damage (Table S3 in File S1). Most of the links from DNA
damage are activations and only 3 are inhibitions (DNA damage
inhibits PT'TG1 (pituitary tumour-transforming 1), MYC (v-myc,
myelocytomatosis viral oncogene homolog (avian)) and AURKA
(aurora kinase A). Similarly, p53 controls numerous cellular
responses to stress such as cell cycle arrest, DNA damage repair,
senescence and apoptosis. We found 95 links between downstream
gene nodes and apoptosis and 77 nodes interact with the apoptosis
node. Among them, 18 nodes both promoted and prevented
apoptosis, 38 nodes only induced apoptosis and 21 nodes only had
anti-apoptotic function. We found 52 genes connected to
senescence by 61 links, among which 28 promote and 33 prevent
senescence.

Analysis of dependencies in the p53 model

Logical dependencies between genes/proteins are represented
by the dependency matrix [14], which represents the effects
between all pairs of nodes in the model. Six types of effects are
defined by CellNetAnalyzer based on the existence (or not) of
positive and negative paths between two nodes: no effect,
ambivalent factor, weak inhibitor, weak activator, strong inhibitor,
and strong activator (see Methods for details). There are 42,436
(206 x206) elements in the dependency matrix, of which 23,468
correspond to interactions having no effect; 16,540 are ambivalent
factors; 1100 are weak inhibitors; 1240 are weak activators; 33 are
strong inhibitors and 55 are strong activators (Table S6 in File S1).
The majority of dependency matrix elements are no effect or
ambivalent factors. The large number of ambivalent factors is due
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Figure 3. Connectivity degree distribution of 206 nodes. The degree distribution of 206 nodes in the model was obtained by the
NetworkAnalyzer plugin for Cytoscape; both axes in the figure are in logarithmic scale.

doi:10.1371/journal.pone.0072303.g003
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to the complexity of regulatory effects between nodes, which are
affected by both positive and negative feedback loops and
pathways. For example, there are both positive and negative
paths from ATM to CHEK2: the positive path is a direct
activation of CHEK2 by ATM, while the negative path is an
indirect inhibition, as ATM activates p53, p53 inhibits MYC,
MYC activates E2F1 (E2F transcription factor 1), and E2F1
activates CHEK2. As a result, the interaction between these two
nodes is determined by opposing activating and inhibiting effects,
resulting in it being classified as ambivalent (Figure S5 in File S1).

In silico simulation of mutation effects

In order to evaluate the capacity of the PKT206 model to
predict perturbation effects, we performed i silico knock-out tests,
in which a particular node was removed from the network thus
mimicking in vivo mutation effects. As 85% of genes or proteins in
the PKT206 model were poorly connected, p53 and those 30
genes with more than 10 interactions were selected to perform in
sthico knock-out tests. For instance, we simulated a p53 knock-out
by removing the p53 node from the network and analyzed the
effects of this perturbation. By comparing the dependency matrix
after the p53 node was removed with the wild-type case, changes
in matrix elements revealed how relationships between nodes were
affected by the deletion. 11,785 out of the 42,025 (205x205)
elements in the matrix changed as a result of p53 removal
(Figure 4A). Major changes are listed in Table S7 in File S1. The
most significant changes were from ambivalent factors to
activators or inhibitors, reflecting the fact that p53 plays a major
role in modulating the system’s effects. 11 out of 31 in siico knock-
out tests had major changes in the new dependency matrix when a
certain node was removed (Table S6 in File S1). 63 potential
predictions of major changes in dependency cells were obtained
from those 11 i silico knock-out tests (Table 1). There were no
major effect changes found in the other 20 in sifico knock-out tests.

We confirmed 4 out of these 63 predictions through literature
searches, focusing on major changes caused by the p53 deletion
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which were expected to have stronger experimental effects. For
example, the effect of DNA damage onto FAS (Fas (I'NF receptor
superfamily, member 6)) changed from an ambivalent factor in the
p53 wild-type model to a strong activator when p53 was removed.
The effect of DNA damage onto FAS was classified as ambivalent
in the wild-type cells because there are potential negative paths
from DNA damage to FAS through MYC and PTTGI, in
addition to a direct positive path from DNA damage to FAS.
When p53 is deleted, only the positive path subsists. Manna et al.
have determined that in p53 minus cells, Fas protein levels are
elevated under DNA damage compared to p53 wild-type cells,
which is in agreement with our prediction [26]. Similarly to FAS,
the effect of LATS2 (LATS, large tumour suppressor, homolog 2
(Drosophila)) onto apoptosis was changed from an ambivalent
factor in the p53 wild-type model to a strong activator when p53
was removed. It was found that in both p53 wild-type (A549) and
p53 minus cells (H1299), LATS2 was able to induce apoptosis and
that apoptosis is slightly increased in H1299 as measured by PARP
and caspase 9 cleavage [27]. We observed that the effect of DNA
damage onto CHEKI1 (checkpoint kinase 1) changed from an
ambivalent factor in the p53 wild-type to a strong activator when
p33 was removed. CHEK1 protein levels were found to be higher
in p53 —/— cells than in p53 +/+ HCT116 colorectal cancer cells
treated by daunorubicin [28], which also matches our predictions
(Table 1). It was reported that KLF4 (Kruppel-like factor 4(gut))
caused more reduction of CCNBI1 (cyclin Bl) expression in p53
—/— HCT116 than in p53 +/+ HCT116 cells [29] and it
matched our model prediction. However, one prediction out of
those 63 predictions was found opposite to the literature evidence.
The prediction pointed out that IFNAI (interferon, alpha 1)
enhanced TLR3 (toll-like receptor 3) in p53 mutant cells
compared to p33 wild type cells. But this was opposite to the
fact reported by Taura et al. that IFNA1 exposed to the DNA
damaging drug 5-fluoro-uracil(5-FU) reduced the expression of
TLR3 in p53 —/— HCT116 cell compared to p53 +/+ HCT116
cells [30].
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Figure 4. Validation of the PKT206 model. (A) Distribution of changes in the dependency matrix of the p53 in silico knock-out compared to the
wild-type. The gray cycle represents no effect elements, the orange circle represents ambivalent factors, the light green circle represents weak
activators, the pink circle represent weak inhibitors, the dark red circle represents strong inhibitors, and the dark green circle represents strong
activators; the direction of the arrow represents the direction of changes in the knock-out. (B) Chk1 (CHEK1) activation is increased in p53 negative
background. U20S cells that have functional p53 and SAOS2 cells that lack functional p53 were treated with 10 uM etoposide for 16 hours. Cell
extracts were analyzed by SDS PAGE and western blot analysis using antibodies against total Chk1, ATR and ATM. ATM and ATR phosphorylated Chk1

at Ser 345.
doi:10.1371/journal.pone.0072303.g004
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Table 1. Validations of model predictions in the in silico knock-out tests.
Reported effects

Gene deleted Activated node from literature References Predictions Verified status

p53 DNA damage Expression level of Fas enhanced [26] DNA damage promoted Verified by literature

upregulation of FAS

p53 LATS2 Cell death enhanced [27] LATS2 induced apoptosis Verified by literature

p53 DNA damage Expression level of [28] DNA damage promoted Verified by literature
CHEK1 enhanced upregulation of CHEK1

P53 KLF4 CCNB1 reduced [29] KLF4 reduced expression Verified by literature

of CCNB1

P53 ATM ATM enhanced CHEK1 Verified in this publication

P53 ATR ATR enhanced CHEK1 Verified in this publication

P53 MAPK14 Stimulation of BAX [59] BAX enhanced Consistent with prediction

VEGFA SERPINB5 Apoptosis enhanced in [60] Apoptosis enhanced Consistent with prediction
the presence of MMP3 and MMP9
inhibition

MDM2 ATM DYRK2 induced in the presence [61] DYRK2 enhanced Consistent with prediction
and absence of DNA damage

MDM2 ATR DYRK2 induced in the presence and [61] DYRK2 enhanced Consistent with prediction
absence of DNA damage

CDK2 CDKN1A Apoptosis decreased but not [62,63] Apoptosis reduced Consistent with prediction
confirmed directly

CDK2 CDKN1A CDK2 regulates senescence [55] Cellular senescence increased Consistent with prediction
suppression by MYC

P53 SGK Cellular senescence decreased PNP

P53 MAPK14 Cellular senescence decreased PNP

P53 LATS2 Cellular senescence decreased PNP

VEGFA FOXM1 Cellular senescence decreased PNP

P53 IFNA1 CDK4 reduced PNP

P53 IFNA1 FGF2 reduced PNP

P53 PPM1D CHEK1 reduced PNP

P53 SFN CCNB1 reduced PNP

P53 DNA damage CDK4 reduced PNP

P53 DNA damage FGF2 reduced PNP

P53 FGF2 CDK4 enhanced PNP

P53 FOXM1 CCNB1 enhanced PNP

P53 FAS Apoptosis enhanced PNP

P53 PTTG1 CDK4 enhanced PNP

P53 PTTG1 FGF2 enhanced PNP

P53 IFNA1 FAS enhanced PNP

P53 DYRK2 P53AIP1 enhanced PNP

P53 DYRK2 Apoptosis enhanced PNP

P53 MAPK14 MMP2 enhanced PNP

P53 MAPK14 SGK enhanced PNP

MycC TCF7L2 Apoptosis reduced PNP

VEGFA TLR3 CXCR4 reduced PNP

VEGFA TLR3 TNFRSF10B reduced PNP

VEGFA CXCR4 TNFRSF10B enhanced PNP

VEGFA CXCR4 Apoptosis enhanced PNP

VEGFA FOXM1 MMP2 enhanced PNP

VEGFA FOXM1 BAX enhanced PNP

VEGFA FOXM1 CCNB1 enhanced PNP

VEGFA FOXM1 Apoptosis enhanced PNP

CCND1 PDGFRB Apoptosis reduced PNP
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In addition to literature based validation, we obtained  vitro
based experimental evidence to support novel predictions of the
model. The model predicted that in the absence of functional p53,
the effects of ATM and ATR (ataxia telangiectasia and Rad3
related) onto CHEK1 would both change from ambivalent factors
to strong activators. A western blot analysis of U20S human
osteosarcoma cells that have wild-type p53, and of SAOS2 cells
that have mutant non-functional p53, demonstrated that CHEK1
is activated to a higher extent in the p53 mutant background than
in the p53 wild-type background (Figure 4B) validating this
prediction. Furthermore, higher levels and potential activation of

A B

DNAdamage DNAdamage

| |
/mw /mn
ATTA?\ARF ATR ARF

CHEKH——™PPM1D p21

CHEKH—®PPM1D

Figure 5. Positive and negative pathways from ATM/ATR to
CHEK1. (A) Positive and negative pathways from ATM/ATR to CHEK1 in
p53 wild type cells as known from literature survey; (B) Positive and
negative pathways from ATM/ATR to CHEK1 in p53 minus cells. ARF is
cyclin-dependent kinase inhibitor 2A. PPM1D is protein phosphatase
1D. pRB is retinoblastoma 1.

doi:10.1371/journal.pone.0072303.g005
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Table 1. Cont.
Reported effects
Gene deleted Activated node from literature References Predictions Verified status
TGFB1 DKK1 Apoptosis reduced PNP
TGFB1 DNA damage MAPK8 enhanced PNP
E2F1 AATF CDK5 enhanced PNP
E2F1 CHEK2 AATF enhanced PNP
E2F1 CHEK2 CDK5 enhanced PNP
E2F1 CSNK2 MYCN enhanced PNP
E2F1 ATM AATF enhanced PNP
E2F1 ATM CHEK2 enhanced PNP
E2F1 ATM CDK5 enhanced PNP
E2F1 ATR AATF enhanced PNP
E2F1 ATR CDK5 enhanced PNP
E2F1 DNA damage AATF enhanced PNP
E2F1 DNA damage CHEK2 enhanced PNP
E2F1 DNA damage CDK5 enhanced PNP
EGFR BCL3 Apoptosis reduced PNP
HIF1A GAPDH SIAH1 enhanced PNP
HIF1A GAPDH Apoptosis enhanced PNP
HIF1A SIAH1 Apoptosis enhanced PNP
CXCR4 TLR3 Apoptosis enhanced PNP
P53 IFNA1 TLR3 reduced [30] TLR3 enhanced Opposite to prediction
This table lists 63 predictions in the selected gene deletion background. Some predictions were verified by existing literature survey or experimental approaches.
Potential novel predictions (PNP) indicate that we were unable to identify literature based evidence relevant to the prediction.
doi:10.1371/journal.pone.0072303.t001

ATM and ATR kinases was observed in p53 minus cells than in
p53 positive cells. According to the model, there are both positive
and negative paths between ATM, ATR, CHEK]1, and p53 in the
wild type cells, and therefore in p53 mutant cells this balance is
disturbed (Figure 5). This confirms the predictive capability of our
modelling approach and has consequences for treatment of p53
negative tumours.

Logical steady state analysis

The p53 protein is known to maintain genomic stability and the
absence of p53 leads to cellular proliferation in response to DNA
damage [31]. The absence of genetic stability triggers the
accumulation of mutations in normal cells and causes cancer
[32]. In order to investigate how such loss of stability could be
captured by our model, we carried out a comparative logical
steady state analysis in the p53 wild-type model and i silico p53
knock-out.

In a logical steady state (LSS), the state of each node remains the
same over time [33]. Each node can have three different states:
mactivated (“07), activated (“1”) or undetermined (“NaN”). We
investigated four scenarios for logical steady state analysis: (1)
DNA damage is activated in p53 wild-type background; (2) DNA
damage is not activated in p53 wild-type background; (3) DNA
damage is activated in p53 knock-out background; (4) DNA
damage is not activated in p53 knock-out background (Figure 6,
Table 2 and Table S8 in File S1). The comparison of logical
steady states in different scenarios revealed that a large number of
node states did not change with the change of input signal. This
result is explained by the large number of ambivalent effects
between nodes and feedback loops in the network, which make the
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Figure 6. Logical steady state analysis of in silico p53 knock-out test. The nodes with state

OK

were represented in green, the nodes with

state “NaN" (un determined) were represented in orange, and the nodes with state “0" were represented in red. (A) P53 wild type when DNA damage
was "ON"; (B) P53 wild type when DNA damage was “OFF”; (C) P53 mutant when DNA damage was "ON”; (D) P53 mutant when DNA damage was

"OFF".
doi:10.1371/journal.pone.0072303.g006

model robust to input signal perturbations. The proportion of
determined states was 181 out of 206 nodes (87.9%) in scenario (1),
182 out of 206 nodes (88.3%) in scenario (2), 94 out of 205 nodes
(45.9%) in scenario (3) and 95 out of 205 nodes (46.3%) in scenario
(4) (Table 2). These numbers show that almost half of the nodes

Table 2. List of scenarios for the logical steady state analysis.

Percentage of

determined
Scenario name Input signal Model type nodes
Scenario 1 DNA damage ON P53 wild-type 87.9%
Scenario 2 DNA damage OFF P53 wild-type 88.3%
Scenario 3 DNA damage ON P53 knock-out 45.9%
Scenario 4 DNA damage OFF P53 knock-out 46.3%

Four scenarios of logical steady state analysis with different input signals are
defined with their input signal, model type and percentage of nodes having a
determined state.

doi:10.1371/journal.pone.0072303.t002
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whose state 1s determined in the wild-type, become undetermined
in the i silico p53 knock-out.

Comparing the state of 202 genes which interact with p53 in
p53 wild type cells in the presence of DNA damage and those in
P53 mutant cells in the presence of DNA damage, we found that
only 29 genes were up-regulated, 113 genes did not change and 60
genes were down regulated (Table 3). The change of FENI (flap
structure-specific endonuclease 1) state was moreover experimen-
tally verified by Christmann et al, through finding that FEN1 was
repressed in p53 null cells under DNA damage [34]. TLR3 was
found to be down-regulated in p53 mutant cells under DNA
damage [35].

Comparing the state of these 202 genes in p53 wild type cells in
the absence of DNA damage and those in p53 mutant cells in the
absence of DNA damage (Table 3), we found that 30 genes were
up-regulated, 112 genes remained the same and 60 genes were
down-regulated in p53 wild type cells in the absence of DNA
damage. The change of 6 nodes were verified by O’Prey et al.
[36]. 4 nodes were demonstrated as correct predictions: the
expression levels of FAS (TNF receptor superfamily, member 6),
TNFRSFI10B (tumour necrosis factor receptor superfamily,
member 10b), PERP (PERP, TP53 apoptosis effector) and
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Table 3. Distribution of gene state alterations caused by p53 removal and DNA damage from in silico logical steady state analysis.

up-regulated genes

Number of
down-regulated genes

Number of
unchanged genes

Source Target Number of
scenario scenario

P53 wild type with P53 mutant with 29(14%)
DNA damage DNA damage

P53 wild type without P53 mutant with 30(15%)
DNA damage DNA damage

P53 wild type with P53 wild type without 5(2%)

DNA damage DNA damage

P53 mutant with P53 mutant without 7(3%)

DNA damage DNA damage

113(56%) 60(30%)
112(55%) 60(30%)
185(92%) 12(6%)
181(90%) 14(7%)

doi:10.1371/journal.pone.0072303.t003

p53AIP1 (tumour protein p53 regulated apoptosis inducing
protein 1), were down-regulated from p53 wild type cells without
DNA damage to p53 mutant cells without DNA damage, whereas
the other 2 nodes MDM2 and CDKNIA were predicted as
unchanged by model simulation. However, O’Prey et al. observed
their down-regulation from p53 wild type cells without DNA
damage to pd3 mutant cells without DNA damage [36].
According to the criteria defined in the methods section, four
predictions were correct and the other two were small error
predictions.

Comparing the state of these 202 nodes in p53 wild type cells in
the presence of DNA damage and those nodes in p53 wild type
cells in the absence of DNA damage (Table 3), we found that only
5 genes were up-regulated, 185 genes were not changed and 12
genes were down-regulated in p53 wild type cell induced by DNA
damage.

Comparing the state of these 202 nodes in p53 mutant cells in
the presence of DNA damage and those nodes in p53 mutant cells
in the absence of DNA damage (Table 3), we found that 7 genes
were up-regulated, 181 genes remained the same and 14 genes
were down-regulated in p53 mutant cells induced by DNA
damage. Together these above results reflect the fact that p53
helps to stabilize the system.

The changes in the state of anti-apoptotic and anti-senescence
genes are shown in Table S9 in File S1 and those of pro-apoptotic
and pro-senescence genes are listed in Table S10 in File S1. This
distribution illustrates the reason why the apoptosis output was
also activated in p53 mutant cells. The majority of those 56 pro-
apoptotic genes and 39 anti-apoptotic genes were not changed in
the same type of cells treated by DNA damage. The absence of
p53 caused obvious changes of both pro-apoptotic and anti-
apoptotic genes once the cells were treated with DNA damage.
The number of pro-apoptotic and anti-apoptotic genes which were
up-regulated or down-regulated increased with the depletion of
p53. Among those 56 pro-apoptotic genes, FAS and p53AIP1
were up-regulated in p53 mutant cells when treated by DNA
damage. FGF?2 (fibroblast growth factor 2(basic)) had both pro-
apoptotic and anti-apoptotic function in the PK'T206 model and it
was down-regulated in p53 wild type cells or p53 mutant cells in
the presence of DNA damage. Notably, IGFIR (insulin-like
growth factor 1 receptor) and PDGFRB (platelet-derived growth
factor receptor, beta polypeptide) were upregulated in p53 minus
scenarios, which together with FGF2 changes highlighted growth
factor mediated signalling pathways as important factor contrib-
uting to survival of these tumours. Approaches that will decrease
expression of antiapoptotic genes and increase expression of
proapoptotic genes would improve cancer therapy and therefore
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The distribution of 202 p53-interacting genes with different changes between four scenarios was calculated using logical steady state analysis.

these genes represent potential therapeutic targets. Two anti-
senescence genes were upregulated in the absence of p53, in the
presence or absence of DNA damage (CDK4 and FGF2). If DNA
damage was applied to either wild type or p53 minus cells, seven
anti-senescence genes were increased (Table S9 in File S1). Only
three pro-senescence genes increased when DNA damage was
applied to wild type or p53 minus cells, and 12 pro-senescence
genes decreased in the same conditions (Table S10 in File SI).

Genome-wide experimental validation

In order to evaluate the predictive capability of our logical
model on a genome-wide level, predictions of logical steady state
analysis in the @ silico p53 knock-out were compared with gene
expression profiles from microarray analysis. The simulation
results of our model were compared with microarray data from 4
different cell types. For this purpose U20S human osteosarcoma
cells that are p53 wild-type and SAOS2 cells that lack functional
p33 were treated with the clinically used drug etoposide that
causes DNA damage and activates p53. Moreover, we utilized
microarray experimental data sets obtained from HCT116 cell
lines that have wild type and mutant p53 not treated by DNA
damage from GSE10795 [37].

In order to compare both sets of values and evaluate the
performance of our model, we used the approach presented by
Christensen et al [38]. The predicted change of gene state between
p53 wild-type and i silico knockout was quantified by a variable
E,,q which could take one of three values: —1, 0 or 1 (see
Materials and Methods for details). The experimentally observed
change of gene state was represented by a variable £, which
could take the same three values. For both £,,,; and F,,,, a value of
—1 meant significantly decreased expression, 0 meant no
significant change, and 1 meant significantly increased expression.

Using the results of logical steady state analysis, we calculated
the value £,,,, of those 3 types of different cell lines. We extracted
relevant genes in the microarray data whose gene names matched
those in our logical model. A threshold 6 was considered to
determine whether a gene was significantly up-regulated, down-
regulated or unchanged. In a similar way, we calculated the value
E,,, of each gene and listed the number of genes with different
changes in Table S11 in File S1.

We then defined the difference between model predictions and
experimental results as | E,,,; — E,y|. This difference can take
three possible values: 0, 1 or 2. Here, a value of 0 meant that the
simulation prediction matched the experimental result; 1 meant
that there was a small error between the prediction and the
experimental result; 2 meant that there was a large error between
the prediction and the experimental result. The distribution of
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values was calculated and listed in Table 4. Comparing the
changes of gene states between different scenarios with experi-
mental microarray data, 5 scenarios were analyzed. The correct
prediction rate ranged from 52% to 71% depending on the cell
type, with highly significant p-values compared to random
predictions. The percentage of small error predictions ranged
from 28% to 42%, and large error predictions were obtained for
less than 6% of the genes depending on the cell type. Remarkably,
growth factors and receptors FGF2 and IGFIR were identified as
common, and PDGFR and TGFA as specific factors contributing
to U208 human osteosarcoma and HCT116 colon cancer cells
growth, respectively (Table S11 in File S1). For example, IGFIR
is an anti-apoptotic gene upregulated in SAOS2 cells when
compared to U20S cells, whereas FGF?2 that can be both pro and
antiapoptotic gene is upregulated in SAOS2 cells. In HCT116
cells, with the mutant p53 similarly to SAOS2, there is
upregulation of antiapoptotic IGFIR, but PDGFRB and TGFA
(transforming growth factor, alpha) are also upregulated, and
FGF2 does not change in these cells (Table S11 in File S1),
indicating that both general (IGFIR) and cell type specific
(PDGFRB and TGFA) pathways were uncovered by the model.
Two anti-senescence genes (DDIT4 and DKK1) were upregulated
and three (RRM2B, FGF2, FHL2) were down-regulated in
SAOS2 cells in the presence of DNA damage, whereas in the
absence of DNA damage S100A6 and DKK1 were upregulated
and only FGF2 was downregulated. Interestingly, DDIT4 was
downregulated in U20S cells exposed to DNA damage, but
upregulated in SAOS2 exposed to DNA damage. There were
more changes among pro-senescence genes, where CDKNIA
(p21) featured as a major regulator of cell senescence, amongst
growth factors and DNA repair genes (Table S11 in File S1).

Discussion

P93 acts as a tumour suppressor and plays a crucial role in
protecting cells against cancer and genetic instability caused by

PLOS ONE | www.plosone.org

Table 4. Model evaluation by logical steady state and microarray analysis.
Total Number Number of

Experiment source Experiment Model LSSA number Number of true p-value of true of small error large error
scenario target scenario simulation of genes  predictions predictions predictions predictions
U20S cells under SAOS2 cells under P53 wt with DNA 200 109(54.5%) 26x10°'° 80(40%) 11(5.5%)
DNA damage DNA damage damage ON vs p53 null

with DNA damage ON
U20S cells without ~ SAOS2 cells without P53 wt with DNA 200 111(55.5%) 41x107" 77(38.5%) 12(6%)
DNA damage DNA damage damage OFF vs p53

null with DNA

damage OFF
U20S cells without ~ U20S cells under P53 wt with DNA 200 142(71%) <<10™ " 56(28%) 2(1%)
DNA damage DNA damage damage ON vs p53

wtwith DNA

damage OFF
SAOS2 cells without  SAOS2 cells under P53 null with DNA 200 131(65.5%) <<107" 65(32.5%) 4(2%)
DNA damage DNA damage damage ON vs p53

null with DNA

damage OFF
HCT116 cells p53+/+ HCT116 cells P53 null with DNA 169 88(52.1%) 1.8x1077 72(42.6%) 9(5.3%)
without DNA p53—/—without damage OFF vs
damage DNA damage p53 wt with

DNA damage OFF
The changes of gene expression in experimental microarray data were compared with model simulation results. The number of true predictions, small errors, large
errors and their percentage were calculated and listed.
doi:10.1371/journal.pone.0072303.t004

DNA damage [32]. The loss of p53 function is common in many
cancer cells, highlighting its importance for medicine. Since there
are thousands of reported gene interactions with p33, we
automatically extracted all genes interacting with p53 from the
STRING database. This led to a model with more than 2000
nodes that included several layers of direct and indirect p53
interactants. This model was simplified by eliminating indirect
interactants, and further manual curation resulted in the
generation of the present PK'T206 model. The distinction between
direct and indirect interactions is important for this type of model.
Databases such as STRING contain both direct (physical) and
indirect (functional) interactions, which is why manual curation
was essential. It is worth noting that the meaning of “direct” in this
context can be broader than a direct physical contact between
proteins; for example a transcription factor binding to a promoter
and inducing the transcription of another gene can be treated as a
direct activation, since the processes of transcription/translation
are not explicitly represented in the logical model. Finally, the
effect of environmental signals such as DNA damage and the
outputs, apoptosis and senescence, were added.

The use of Boolean networks in cancer research has been
reported in a few other studies. For example, Ghaffari et al.
designed a Boolean model of gastrointestinal cancer comprising 17
genes [39]. Chaves et al. constructed a Boolean network with 20
nodes to investigate the dynamics role of the NF-xB (nuclear factor
kappa-light-chain-enhancer of activated B cells) pathway in
controlling apoptosis [40]. Calzolari et al. designed a Boolean
network with 47 genes that regulate apoptosis and investigated the
relationship between genes and selective control of cell populations
[41]. Zhang et al. constructed a Boolean network for T cell large
granular lymphocyte (T-LGL) survival [42], which consisted of 58
nodes and 123 edges and provided an insight into the long-term
survival of cytotoxic T lymphocyte (CTL) in T-LGL leukaemia.
Mai et al. constructed a Boolean network including 40 nodes
involved in apoptotic pathways and demonstrated that apoptosis is
an irreversible process [43]. Ge and Qian constructed Boolean
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networks to investigate the dynamics of negative feedback loops of
p53 pathways. They focused on the p53-MDM2 feedback loop
and the cyclin G-MDM2 feedback loop [44]. They compared the
stochastic Boolean dynamics using a Markov chain model with the
synchronized deterministic Boolean dynamics and showed that the
deterministic model was able to predict the dominant process in
the system. Oscillations and stationary states in these feedback
loops were found to be robust to noise. This report focused on two
small-scale feedback loops, but these models were not integrated
with other p53-interacting proteins or incoming biological signals.

The majority of above described models only cover parts of
apoptotic pathways and p53 feedback loops, whereas our model
has more extensive coverage of p53 pathways and includes the
most complete p53 interactome to date. In addition, we provide
evidence of its potential use in individualized cancer therapy
through assessment of apoptotic potential of chemotherapy in
osteosarcoma and colon cancer. Other authors reported pathways
that interact with p53 at the cellular level. A p53-like protein in
Drosophila melanogaster (Dmp53) was utilized by Lunardi et al. to
identify potential interactors which may link to p53 family
members in human [45]. ¢cDNAs were screened from the
Drosophila Gene Collection (DGC), among which 91 that were
not previously reported were found to interact with Dmp53 by a
genome-scale i vitro expression cloning approach. 41 mammalian
orthologs were tested, 37 were found to interact with p53 family
members and 24 interacted with p53 directly. However, further
validation of these targets only confirmed five relevant interac-
tions. The GTPBP4 protein was found to regulate p53 negatively
and the accumulation of GTPBP4 correlated with reduced breast
cancer patients survival. Results of this study revealed new
interactions with p53 family members and important differences
between Dmpb53 and human p53 interactors.

The interactome of p53 and its family member p63 in cisplatin
chemoresistant cells was investigated by Huang et al. by protein
array chip analysis [46]. They found that p53 and one isoform of
p63, ANp63a, were involved in various protein-protein interac-
tions in tumour cells upon cisplatin exposure: p53 was found to
bind 383 proteins and p63 was involved in interactions with 301
proteins. Candidate interactors which bound to p53 and p63 were
also assessed by iITRAQ in squamous cell carcinoma (SCC) cells:
444 proteins were found to bind to p53 and 310 to ANp63a.
Those proteins were classified into p53 specific, ANp63aspecific,
and p53/ANp630 common groups and clustered by Gene
Ontology annotations. Phosphorylated and non-phosphorylated
ANp63a were found to interact with different target proteins and
have differential functions in RNA splicing and cell death upon
cisplatin exposure. Numerous proteins involved in cell cycle arrest,
apoptosis and autophagy were identified in the p53 and p63
interactome in tumour cells exposed to cisplatin treatment.
Comparing specific p33 interactors with our PKT206 model, 21
proteins were found in our model, whereas 25 proteins were found
in the group of common p53/p63 interacting proteins. Those
proteins may be considered for incorporation into our PKT206
model in the future; nevertheless, evidence of binding is not
sufficient in itself to justify inclusion into a logical model, since
evidence is needed that the interaction results in a measurable
effect on the activity of the target protein.

Knock-out simulations allowed us to mimic p53 mutants
potentially found in cancer and generate predictions of the effects
of DNA damage on cellular fate. The percentage of change for
genes that control apoptosis and senescence is shown in Tables S9
and S10 in File S1. These distributions illustrate the probability of
cell death and senescence as important mechanisms to be
considered for cancer treatment. For instance, in cells with mutant
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p53 not treated with chemotherapy inducing DNA damage, 29
out of 58 pro-apoptotic genes were down-regulated, 22 pro-
apoptotic genes do not change and only 5 pro-apoptotic genes
were up-regulated. In addition, 38 out of 39 anti-apoptotic genes
remained the same and only FGF2 was down-regulated. This
finding illustrated that in tumour cells with p53 mutant, the
probability of apoptosis was decreased and cells survived. When
cells with the mutant p53 were treated by DNA damage, 2 pro-
apoptotic genes, FAS and p53AIP1 became up-regulated, and lead
to an increase in apoptosis probability to promote tumour cell
death.

Interactions for mutant p53-specific interacting proteins were
also explored by Coffill et al. with the use of stable isotope labelling
by amino acids in cell culture, mass spectrometry and immuno-
precipitation techniques [47]. The authors identified 15 proteins
that were bound to mutant p53 specifically but not to p53 wild
type. A specific interaction between p53R273H and NRDI
(nardilysin) was reported and validated to play an important role
in cellular invasion. Results showed that there are specific protein
interactions with mutated p53 in tumour cells that do not occur
with wild-type p53. This finding indicates that changes in the p53
interactome resulting from mutations should be incorporated into
future models to achieve better clinical predictions.

Analysis of the expression changes of genes that control
apoptosis using steady state comparisons between different
scenarios, i silico and in two different types of cancer cell types,
produced several important predictions that may have direct
therapeutic implications. First, FGF2 that can both inhibit and
activate apoptosis is the only factor altered in DNA damage
treated cells that do not have p53 status altered, indicating its
important role in p53 mediated apoptosis and highlighting its
therapeutic potential. Furthermore, this type of analysis identified
seven anti-apoptotic genes that are upregulated in the p53 mutant
scenario and potentially contribute to the proliferative and
resistant phenotype of p53 minus tumours (Table S9 in File S1).
Therefore these genes should be targeted with inhibitors to
successfully treat cancer carrying p53 mutations. On the other
hand, a large number of pro-apoptotic genes are downregulated in
p53 mutant cells according to the model, identifying them as
potential therapeutic targets for activation (Table S10 in File S1).
Further analysis of the subset of genes relevant to the model that
we found changed in microarray data identified that the loss of
p53 upregulates the IGFR1 gene in both osteosarcoma and colon
cancer cell lines. Remarkably, our data identify growth factors as
major level of control of antiapoptotic activities in p53 negative
cells irrespectively of DNA damage. IGFIR is upregulated i silico
and in both SAOS2 and HCT116 p53 minus cells. In addition,
PDGFRB, IGFRIR and TGFA are all upregulated in HCT116
p33—/— cell lines when compared to the HCT116 p53+/+ plus
cell lines. Our analysis highlighted one factor (IGFIR) that is
found upregulated in p53 negative cells in the model and at least
two different cancer cell lines, and in addition indicated that
different cell lines may have additional growth factor combinations
and dependencies, as colon cancer cells not exposed to DNA
damage had upregulated PDGFR whereas SAOS2 cell did not,
when compared to their p53 positive counterparts. This, together
with the mentioned role of FGF2 highlights the crucial role of
growth factors and their receptors as therapeutic targets in p53
negative cancer.

The DDIT4 and DKKI1 anti-senescence genes were upregu-
lated in SAOS2 cells in the presence of DNA damage when
compared to p53 positive U20S cells (Table S11 in File S1),
marking them as potential drug development targets for chemo-
therapy of p53 negative tumours. Interestingly, DDIT4 was
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downregulated in U20S cells exposed to DNA damage, but
upregulated in SAOS2 cells exposed to DNA damage, suggesting a
crucial role of pb3 in regulation of this gene and senescence
control. Comparison of colon cancer cells to osteosarcoma cells
showed differential regulation of anti-senescence genes (Table S11
in File S1), indicating a certain degree of cell specificity of
senescence control. CDKNIA (p21), which is a major regulator of
cell senescence among pro-senescence genes and was altered in
most cases in addition to growth factors and DNA repair genes,
was downregulated in both p53 negative colon cancer and
osteosarcoma cells, suggesting that this regulator may be involved
in control of senescence in multiple cell types. Several other pro-
senescence proteins are altered including CDKN2A and
CDKNI1B, emphasising the control of cell cycle progression as a
major mechanism of senescence control. In addition, IL6 was also
detected as a gene with altered expression, providing a link
between senescence and inflammation.

The extent of the knock-out effect depends on the connectivity
and position of the protein in the network. For example, ATM is
upstream of p53 with a connectivity of ten, and it does not involve
feedback loops. Therefore, the knock-out of ATM resulted in few
changes in the dependency matrix. However, predictions of p53
knock-out tests identified genes which have a significant effect on
the whole p53 network. Some of them have been used as cancer
drug targets, for example, ERBB2 (v-erb-b2, erythroblastic
leukemia viral oncogene homolog 2, neuro/glioblastoma derived
oncogene homolog (avian)), and EGFR (epidermal growth factor
receptor) are targets in breast cancer treatment [48]; other affected
nodes may be potential drug target for cancer treatment.

Logical steady state analysis in the p53 knock-out indicated that
negative feedback loops are crucial for the robustness of the p53
system to external perturbations. It is worth noting that there are a
large number of possible steady states under a given input
condition: these multiple states are represented by ‘“‘undeter-
mined” values in the logical steady state analysis, which means
that these nodes can take different values in different steady states.
The results of logical steady state analysis indicated that state
changes between different DNA damage input conditions and
different p53 status could be predicted with significantly better
precision than random. The correct prediction percentage ranged
between 52% and 71% depending on the cancer type which
substantially exceeds the expected probability of 33.3% (Table 4).
Given the qualitative nature of our model, these are very
promising values. Some negative errors are unavoidable due to
the fact that a Boolean network is an approximation of the real
system. It does not take into account continuous changes in gene
expression levels and time delays caused by feedback loops.
Nevertheless the advantage of the Boolean network approach is its
completeness, since it would be unrealistic to model the exact
dynamics of so many proteins using differential equations. The
limitations of microarray technology may affect the results as well;
for example, discrepancies between model predictions and
microarray data may be caused by the fact that only one probe
is available for CKM (creatine kinase, muscle) when the
microarray platform indicated in material and methods was used,
thus suggesting the need for a more reliable estimate of the
expression of this gene. Finally, our model uses an interaction
graph where only two genes are involved in each interaction, but
some interactions may require the action of more than two genes.
In future, these factors should be considered to refine and develop
enhanced versions of the PKT206 model that are based on
hypergraphs and are specific for p53 post translational modifica-
tion isoforms, different cell or cancer types, and other types of
input and output signals.
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A technique to extend Boolean network analysis was presented
by Choi et al., who constructed a Boolean model of the p53
network comprising 16 nodes and 50 links. 160 negative and 218
positive feedback loops were included in this model [49]. The
attractor landscape of this network was analyzed in the presence or
absence of DNA damage, whereby five interactions were found to
play a critical role determining the cellular response. This model
was also analyzed using a probabilistic Boolean method and
applied to the MCF7 breast cancer cell line to identify potential
drug targets that enhance p53-mediated apoptosis. These results
indicate that the applications of logical models can be further
enhanced through the use of landscape analysis and the
incorporation of state transition probabilities. However such
approaches may be limited by sharp increases in computational
time when applied to large interactome networks.

Several important predictions were obtained from our model,
which will help us to get deeper insight into the mechanisms of p53
pathways. Our findings highlighted the possibility of using
CHEKI1 modulators as a novel cancer therapy. Since there are
defects in p53 pathways of most tumour cells, the CHEKI1 kinase
plays an important role to mediate cell cycle arrest in those tumour
cells that lost p53 function. It was found that tumour cells are
deficient in G1 checkpoint, and arrest in S and G2 check points to
repair DNA damage. The S and G2 checkpoint is mediated by
CDC25A (cell division cycle 25 homolog A (S. pombe)), which is a
target of CHEKI; siRNA (small interfering RNA) targeting
CHEKI1 was able to prevent the degradation of CDC25A and
led to abrogation of the checkpoint [50]. Our model suggested that
upon DNA damage, ATM, ATR and CHEKI were all up-
regulated in the absence of p53, and that CHEKI inhibits
CDC25A. Those predictions from our model can better explain
why CHEKI is regarded as a potential chemotherapeutics target
for cancer treatments [51]. Furthermore, these predictions indicate
that any potential treatment should take into account whether the
tumour 18 p53 positive or negative.

An alternative form of validation for this model could consist in
collecting random statements from the literature about indirect
effects of some genes on others, then determine what fraction of
these effects are predicted by the model. However, due to the large
number of genes, the number of possible pairings is substantial and
the probability that an effect between two random genes would
have been experimentally observed is low. We searched for
literature evidence about 100 random pairs of genes but could
only find one exploitable example, indicating that “Induction of
DUSP5 is dependent on activation of MAPKI1” [52]. Our
prediction for this pair is that MAPK1 is an ambivalent factor
for DUSP5, which is compatible with the reported effect, but not
conclusive. To carry out this sort of assessment in a systematic way
and detect a statistically viable number of effects in the literature, a
different approach would be required using automated text
mining. Text mining tools are currently able to detect gene and
protein names in scientific articles with good precision, however
the automated detection of effects remains an unsolved problem.

The construction and validation of the PK'T206 model provides
a proof of principle that better understanding of the p53 system
can be achieved through a systematic compilation of biological
knowledge into large-scale logical models. Predictions from knock-
out tests and logical steady state analysis can facilitate the future
design of new drug targets and strategies for cancer treatments.
This versatile and powerful technology could be adapted for
different drug dosage by extending the range of protein activation
values. Different models could be created for different p53
isoforms using antibodies specific for p53 isoforms in ChIP-seq
(Chromatin Immunoprecipitation sequencing) analysis and super-
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imposing data onto existing model. Furthermore, the model could
be improved by testing more predictions i vitro and expanding it
to include more interactions. For example, recent findings have
suggested that p53 interacts with microRNAs at multiple levels
[53]. The p53 protein is also involved in controlling processing
and maturation of several miR families through Drosha and p68
modulation. On the other side, numerous miRs have been shown
to modulate p53 function both positively and negatively, directly
and indirectly. This approach can be used in the future to study
other proteins and, in conjunction with individual genomic
profiling, could be applied to predict how individual patients’
pathways compare to standard ones and how they are affected
during treatment, providing a step towards personalized medicine.

Materials and Methods

Extraction of data from STRING

We selected STRING as the main source of data for model
construction. STRING 1is a protein-protein interaction database
which encompasses protein interactions from four sources:
genomic context, high throughput experiments, conserved co-
expression and previous knowledge by natural language processing
[54]. STRING established a confidence score scheme to measure
the quality of interaction predictions. The confidence score is a
value between 0 and 1; a confidence score of more than 0.7 is
regarded as a high confidence level. Using these criteria, we
extracted all high confidence human protein interactions using a
custom designed Java interface. All interaction records were
subsequently manually curated by surveying associated literature
references and searching for additional evidence wherever
necessary. There were 677 interactions included in the PKT206
model: (1) all direct interactions with p53, (2) all interactions
between genes/proteins that interact with p33. These interaction
records were listed in a text file, which was further processed into a
node transcript and a reaction transcript readable by CellNetA-
nalyzer. The node transcript includes gene names and the reaction
transcript includes interaction types (activation or inhibition) and
the names of the two genes participating in the interaction.

Analysis by CellNetAnalyzer

CellNetAnalyzer is a powerful analysis tool for signal flow
models. It uses logical interaction hypergraphs to represent
connections and define actions between nodes which can be of
two types, activation and inhibition [14]. When several arcs are
connected to a node, a Boolean function known as “sum of
products” is used to define their combined effects: when several
arcs end up in the same node i their actions are combined by a
logical OR function, and when a hyperarc connects several input
nodes to i their actions are combined by an AND function. We
used two techniques provided by CellNetAnalyzer (v. 9.8) to
analyze our model. The first technique is the calculation of the
dependency matrix, which represents the effects between all pairs
of nodes in the model. CellNetAnalyzer calculates positive and
negative paths between two nodes i and j and identifies six types of
effects in the dependency matrix: no effect, ambivalent factor,
weak inhibitor, weak activator, strong inhibitor, and strong
activator as defined below:

1. If there is neither a positive or negative path from node 7 to
node j, node i has no effect on node j;

2. If there is both a positive and negative path from node i to node
J, node 7 is an ambivalent factor of node j;
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3. If there are only negative paths from node i to node j and
negative feedback loops are present in these negative paths,
node i is a weak inhibitor of node j;

4. If there are only positive paths from node i to node j and
negative feedback loops are present in these positive paths,
node i is a weak activator of node j;

5.If there are only negative paths from node i to node j and
negative feedback loops are absent in these negative paths,
node 7 is an strong inhibitor of node j;

6. If there are only positive paths from node i to node j and
negative feedback loops are absent in these positive paths, node
i is a strong activator of node j.

The second approach used was logical steady state (LSS)
analysis. An LSS is a distribution of values over the whole network
where the state of each node is fully consistent with the state of
incoming interactions applied to the node. Therefore, once a
Boolean network has moved into an LSS, it stops to switch and
retains this state. In general, there are multiple LSSs in networks
that contain feedback loops, and a full enumeration of LSSs can
become intractable. Given a set of initial values, in particular for
input nodes, CellNetAnalyzer identifies all nodes whose value is
uniquely defined across all possible steady states; these nodes are
labelled as inactivated (“0”) or activated (“1”). The remaining
nodes, whose value is not fully determined by the input conditions
and may differ across different LSSs, are labelled as undetermined

(“NaN”) [33].

Cell culture

The p53 wild-type human osteosarcoma cell line U20S and the
p53 null cell line SAOS2 were cultured in Dulbecco’s Modified
Eagle’s Medium (Sigma Aldrich, UK) supplemented with 10% v/v
heat inactivated fetal calf serum (Gibco, UK) and 1% of penicillin
and streptomycin 10,000 U/ml (Lonza, USA) at 37°C in a
humidified atmosphere containing 5% CO,. Cells were treated
with 10 uM etoposide for 16 hours.

Immunoblotting and antibodies

Cells were harvested in TNN buffer (50 mM Tris-HCI pH 7.4,
240 mM NaCl, 5 mM EDTA and 0.5% NP-40) and equal
amounts of protein were loaded and resolved by SDS-PAGE and
Western blotting [55]. After incubating with primary and
secondary antibodies, the blots were developed with ECL substrate
according to manufacturer’s instructions (Pierce, Thermo Scien-
tific, USA). The following antibodies were used for western
blotting: B-Actin (Abcam, UK), Chkl (DCS-300, sc56290, Santa
Cruz Biotechnology, Santa Cruz, CA, USA), Phospho Chkl (Ser
345, sc17922, Santa Cruz Biotechnology, Santa Cruz, CA, USA),
ATM (ATM 11g12, Monoclonal antibody, sc53173, Santa Cruz
Biotechnology, Santa Cruz, CA, USA ), ATR( 2790 S, NEW
ENGLAND BioLabs).

Microarray preparation and processing

Total RNA was extracted from U20S and SAOS2 cells treated
with vehicle or 10 uM etoposide for 16 hours and RNA extracted
using RNeasy plus mini columns (Qiagen, UK) according to the
manufacturer’s recommendations [56]. For each hybridization,
100 ng of total RNA was used in the Affymetrix GeneChip Two-
Cycle Target Labeling kit and in the Ambion MEGAscript T7 kit
before hybridizing to the GeneChip human genome U133 Plus 2.0
array (Affymetrix) according to manufacturer’s instructions. The
heat maps of microarray data were created using the Genesis
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software, which allows hierarchal clustering and other functional
analysis [57]. Our microarray datasets are provided in File S2.

Model evaluation from microarray data

We compared our predictions obtained by @ silico deletion of
p33 to in wvitro generated microarray data from p53 positive and
P33 negative cell lines treated by the DNA damaging compound
etoposide. Logical steady state analysis produces a steady state in
cach scenario, and changes of gene states can be compared
between model predictions and experimental data [38]. For a
node i, the predicted state of i in the p53 wild-type was defined as
S(i),,;, which could take values of 0, 1 or NaN. In the p53 mutant,
the state of node i was defined as S(i),,,, which could take the
same values. The value of Epoqwas defined to represent the
predicted change of gene state from p53 wild-type to mutant in all
9 types of possible situations as indicated below:

Enod = 0, if S(l‘)wt =1 andS(i)mu = 13

Enod =0, if S(l’)wt =0 andS(i)mu = 0;

Enoqa =0, if S(i),,,=NaN andS(i),,, = NaN;

Enoa=1, if S(),,=0 andS(i),,, =1;

Enoa=1, if S(),,=0 andS(i),,, = NaN;

Enoa=1, if S(i),,,=NaN andS(i),,, =1;

Enoa=—1, if S(i),,,=1 andS(i),,, =0;

Enoa=—1, if 8(),,=1 andS(i),,, = NaN;

—1, if 8@),, = NaN andS(i),,, =0.

Another parameter Eey, was defined to represent the change
trend of expression levels from experimental validation. Those
validations were from experimental results of literature survey or
microarray analysis result. For experimental results from literature
survey:

If the expression level of gene i was considered as up-regulated,
Eexp =1 5

If the expression level of gene i was considered as down-
regulated, Eexp= —1;

If the expression level of gene 7 was considered as unchanged,
Eexp=0.

For the microarray data, the gene fold change FC(i) was
determined by the following equation:

wt

Emod =

M1(i)

FeO= M2(i)

Where M1(i)is the median of expression values in the target
scenario and M?2(i)is the median of expression values in the source
scenario.

In order to normalize the distributions of expression profiles for
different types of cells, the log;yvalue of all fold changes FC(i)
were calculated and two thresholds (Omaxand Opin) were chosen to
determine whether each gene was considered up-regulated, down-
regulated or unchanged [58]. The thresholds were determined
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using the mean value (X) and the standard deviation (g) of the
distribution of log;o(FC(i)) as follows:

Omax =X +0;

Omin=X_0'

Next, we determined whether the gene was considered up-
regulated, down-regulated or unchanged as follows:

If log;o (FC(1)) > Omax, gene i was considered as up-regulated,
Eexp =1;

If log;y (FC(1)) <Omin, gene i was considered as down-
regulated, Eexp= —1;

If  Opin < log;o (FC(1)) <Opax, gene i was considered as
unchanged, Eex, =0.

The difference between Enoq and Eexp was evaluated by the
expression |Epod — Eexp|. This difference can take three possible
values: 0, 1 or 2. Here, a value of 0 meant that the simulation
prediction matched the experimental result; | meant that there
was a small error between the simulation prediction and the
experimental result; 2 meant that there was a large error between
the simulation prediction and the experimental result, the model
predicting an opposite direction of change than experimental
results.

Supporting Information

File S1 Combined supporting information file contain-
ing Figures S1-S85 and Tables S1-S11.
DOCX)

File S2 Gene expression data. The median values of gene
expression levels in microarray experimental data are listed: the
data for U20S and SAOS2 cells are on Sheet 1 and the data for
HCT116 cells on Sheet 2. Fold changes for different comparisons
and their log)( are given.

(XLSX)

Acknowledgments

We thank the Core Facility of the Faculty of Life Sciences in the University
of Manchester for help with the microarray experiments.

Author Contributions

Conceived and designed the experiments: MKD JMS. Performed the
experiments: KT RR MD. Analyzed the data: KT MKD JMS. Wrote the
paper: KT MKD JMS.

7. Plotz R, Naumann M (2012) Dynamics of p53 and NF-kB regulation in response
to DNA damage and identification of target proteins suitable for therapeutic
intervention. BMC Syst Biol 6: 125.

8. Roos W, Kaina B (2013) DNA damage-induced cell death: from specific DNA
lesions to the DNA damage response and apoptosis. Cancer Lett 332: 237-248.

9. Chiu S, Xue L, Usuda J, Azizuddin K, Oleinick N (2003) Bax is essential for
mitochondrion-mediated apoptosis but not for cell death caused by photody-
namic therapy. Br J Cancer 89: 1590-1597.

10. Chipuk J, Kuwana T, Bouchier-Hayes L, Droin N, Newmeyer D, et al. (2004)
Direct activation of Bax by p53 mediates mitochondrial membrane permeabi-
lization and apoptosis. Science 303: 1010-1014.

11. Potratz ], Mlody B, Berdel W, Serve H, Miiller-Tidow C (2005) In vivo analyses
of UV-irradiation-induced p53 promoter binding using a novel quantitative real-

time PCR assay. Int ] Oncol 26: 493-498.

September 2013 | Volume 8 | Issue 9 | 72303



22.

23.

27.

28.

30.

31.

32.

36.

37.

38.

Schlatter R, Schmich K, Avalos VI, Scheurich P, Sauter T, et al. (2009) ON/
OFF and beyond — a boolean model of apoptosis. PLoS Comput Biol 5:
€1000595.

. Rodriguez A, Sosa D, Torres L, Molina B, Frias S, et al. (2012) A Boolean

network model of the FA/BRCA pathway. Bioinformatics 28: 858-866.

. Klamt S, Saez-Rodriguez J, Gilles E (2007) Structural and functional analysis of

cellular networks with CellNetAnalyzer. BMC Syst Biol 1: 2.

Shangary S, Ding K, Qiu S, Nikolovska-Coleska Z, Bauer J, et al. (2008)
Reaction of p53 by a specific MDM2 antagonist(MI-43) leads to p21-mediated
cell cycle arrest and selective cell death in colon cancer. Mol Cancer Ther 7:
1533-1542.

. Moll U, Petrenko O (2003) The MDMZ2-p53 interaction. Mol Cancer Res 1:

1001-1008.

. Jensen L, Kuhn M, Stark M, Chaffron S, Creevey C, et al. (2009) STRING 8 —

— a global view on proteins and their functional interactions in 630 organisms.

Nucleic Acides Res 37: D412-D416.

. Rodier F, Campisi J, Bhaumik D (2007) Two faces of p53: aging and tumor

suppression. Nucleic Acids Res 35: 7475-7484.

. Kurz E, Lees-Miller S (2004) DNA damage-induced activation of ATM and

ATM-dependent signaling pathways. DNA Repair(Amst) 3: 889-900.

. Chehab N, Malikzay A, Appel M, Halazonetis T' (2000) Chk2/hCds1 functions

as a DNA damage checkpoint in G(1) by stabilizing p53. Genes Dev 14: 278
288.

. Kim S, Lim D, Canman C, Kastan M (1999) Substrate specificities and

identification of putative substrates of ATM kinase family members. ] Biol Chem
274: 37538-37543.

Oliva-Trastoy M, Berthonaud V, Chevalier A, Ducrot C, Marsolier-Kergoat M,
etal. (2007) The Wipl phosphatase (PPM1D) antagonizes activation of the Chk2
tumour suppressor kinase. Oncogene 26: 1449-1458.

Perucca P, Cazzalini O, Madine M, Savio M, Laskey R, et al. (2009) Loss of p21
CDKNIA impairs entry to quiescence and activates a DNA damage response in
normal fibroblasts induced to quiescence. Cell Cycle 8: 105-114.

. Blagosklonny M (2001) Do VHL and HIF-1 mirror p53 and Mdm-2?

Degradation-transactivation loops of oncoproteins and tumor suppressors.
Oncogene 20: 395-398.

. Zhang X, Liu F, Wang W (2011) Two-phase dynamics of p53 in the DNA

damage response. Proc Natl Acad Sci U S A 108: 8990-8995.

. Manna S, Gangadharan C, Edupalli D, Raviprakash N, Navneetha T, et al.

(2011) Ras puts the brake on doxorubicin-mediated cell death in p53-expressing
cells. J Biol Chem 286: 7339-7347.

Ke H, Pei J, Ni Z, Xia H, Qi H, et al. (2004) Putative tumor suppressor Lats2
induces apoptosis through downregulation of Bcl-2 and Bel-x(L). Exp Cell Res
298: 329-338.

Gottifredi V, Karni-Schmidt O, Shieh S, Prives C (2001) p53 down-regulates
CHKI through p21 and the retinoblastoma protein. Mol Cell Biol 21: 1066
1076.

. Yoon H, Yang V (2004) Requirement of Kriippel-like factor 4 in preventing

entry into mitosis following DNA damage. J Biol Chem 279: 5035-5041.
Taura M, Fukuda R, Suico M, Eguma A, Koga T, et al. (2010) TLR3 induction
by anticancer drugs potentiates poly I:C-induced tumor cell apoptosis. Cancer
Sci 101: 1610-1617.

Bean L, Stark G (2002) Regulation of the accumulation and function of p53 by
phosphorylation of two residues within the domain that binds to Mdm?2. J Biol
Chem 277: 1864-1871.

Brown J, Attardi L (2005) The role of apoptosis in cancer development and
treatment response. Nat Rev Cancer 5: 231-237.

. Klamt S, Saez-Rodriguez J, Lindquist J, Simeoni L, Gilles E (2006) A

methodology for the structural and functional analysis of signalling and
regulatory networks. BMC Bioinformatics 7: 56.

. Christmann M, Tomicic M, Origer J, Kaina B (2005) Fenl is induced p53

depently and involved in the recovery from UV-ligh-induced replication
inhibition. Oncogene 24: 8304-8313.

. Taura M, Eguma A, Suico M, Shuto T, Koga T, et al. (2008) p53 regulates Toll-

Like receptor 3 expression and function in human epithelial cell lines. Mol Cell
Biol 28: 6557-6567.

O’Prey J, Crighton D, Martin A, Vousden K, Fearnhead H, et al. (2010) p53-
mediated induction of Noxa and p53AIPIrequires NFkB. Cell Cycle 9: 947
952.

Lesne A, Benecke A (2008) Feature context-dependency and complexity-
reduction in probability landscapes for integrative genomics. Theor Biol Med
Model 5: 21.

Christensen T, Oliveira A, Nielsen J (2009) Reconstruction and logical modeling
of glucose repression signaling pathways in Saccharomyces cerevisiae. BMC Syst
Biol 3: 7.

PLOS ONE | www.plosone.org

15

40.

41.

42.

43.

44.

46.

47.

48.

49.

50.

51.

52.

53.

54.

o
=

56.

57.

58.

59.

60.

61.

62.

DNA Damage Pathways to Cancer

Ghaffari N, Ivanov I, Qian X, Dougherty E (2011) A CoD-based stationary
control policy for intervening in large gene regulatory networks. BMC
Bioinformatics 12 S10.

Chaves M, Essing T, Allgower I (2009) Regulation of Apoptosis via the NFkB
Pathway: Modeling and Analysis. In: Ganguly N, Deutsch A, Mukherjee A,
editors. Dynamics On and Of Complex Networks: Applications to Biology, Computer Science,
and the Social Sciences. New York: Springer-Verlag New York, LLC. pp. 19-33.
Calzolari D, Paternostro G, Harrington PJ, Piermarocchi C, Duxbury P (2007)
Selective control of the apoptosis signaling network in heterogencous cell
populations. PLoS One 2: e547.

Zhang R, Shah M, Yang J, Nyland S, Liu X, et al. (2008) Network model of
survival signaling in large granular lymphocyte leukemia. Proc Natl Acad
Sci U S A 105: 16308-16313.

Mai Z, Liu H (2009) Boolean network-based analysis of the apoptosis network:
irreversible apoptosis and stable surviving. J Theor Biol 259: 760-769.

Ge H, Qian M (2009) Boolean network approach to negative feedback loops of
the p53 pathways: synchronized dynamics and stochastic limit cycles. J Comput
Biol 16: 119-132.

. Lunardi A, Di Minin G, Provero P, Dal Ferro M, Carotti M, et al. (2010) A

genome-scale protein interaction profile of Drosophila p53 uncovers additional
nodes of the human p53 network. Proc Natl Acad Sci U S A 107: 6322-6327.
Huang Y, Jeong J, Okamura ], Sook-Kim M, Zhu H, et al. (2012) Global tumor
protein p53/p63 interactome: making a case for cisplatin chemoresistance. Cell
Cycle 11: 2367-2379.

Coffill C, Muller P, Oh H, Neo S, Hogue K, et al. (2012) Mutant p53
interactome identifies nardilysin as a p53R273H-specific binding partner that
promotes invasion. EMBO Rep 13: 638-644.

Cameron D, Stein S (2008) Drug Insight: intracellular inhibitors of HER2—
clinical development of lapatinib in breast cancer. Nat Clin Pract Oncol 5: 512~
520.

Choi M, Shi J, Jung S, Chen X, Cho K (2012) Attractor landscape analysis
reveals feedback loops in the p53 network that control the cellular response to
DNA damage. Sci Signal 5: ra83.

Chen Z, Xiao Z, Gu W, Xue J, Bui M, et al. (2006) Selective Chk1 inhibitors
differentially sensitize p53-deficient cancer cells to cancer therapeutics.
Int J Cancer 119: 2784-2794.

Chen C, Kennedy R, Sidi S, Look A, D’Andrea A (2009) CHK1 inhibition as a
strategy for targeting Fanconi Anemia (FA) DNA repair pathway deficient
tumors. Mol Cancer 8: 24.

Kucharska A, Rushworth L, Staples C, Morrice N, Keyse S (2009) Regulation of
the inducible nuclear dual-specificity phosphatase DUSP5 by ERK MAPK. Cell
Signal 21: 1794-1805.

Hermeking H (2012) MicroRNAs in the p53 network: micromanagement of
tumour suppression. Nat Rev Cancer 12: 613-626.

Szklarczyk D, Franceschini A, Kuhn M, Simonovic M, Roth A, et al. (2011) The
STRING database in 2011: functional interaction networks for proteins, globally
integrated and scored. Nucleic Acids Res 39: D561-D568.

. Demonacos C, Krstic-Demonacos M, Smith L, Xu D, O’connor D, et al. (2004)

A new effector pathway links ATM kinase with the DNA damage response. Nat
“ell Biol 6: 968-976.

Chen D, Saha V, Liu J, Schwartz J, Krstic-Demonacos M (2013) Erg and AP-1

as determinants of glucocorticoid response in acute lymphoblastic leukemia.

Oncogene 32: 3039-3048.

Sturn A, Quackenbush J, Trajanoski Z (2002) Genesis: cluster analysis of

microarray data. Bioinformatics 18: 207-208.

Schwartz J, Gaugain C, Nacher J, de Daruvar A, Kanehisa M (2007) Observing

metabolic functions at the genome scale. Genome Biol 8: R123.

Gomez-Lazaro M, Galindo M, Concannon C, Segura M, Fernandez-Gomez F,

et al. (2008) 6-Hydroxydopamine activates the mitochondrial apoptosis pathway

through p38 MAPK-mediated, p53-independent activation of BAX and PUMA.

J Neurochem 104: 1599-1612.

Rossiter H, Scadeng M, Tang K, Wagner P, Breen E (2008) Doxycycline

treatment prevents alveolar destruction in VEGF-deficient mouse lung. J Cell

Biochem 104: 525-535.

Taira N, Yamamoto H, Yamaguchi T, Miki Y, Yoshida K (2010) ATM

augments nuclear stabilization of DYRK2 by inhibiting MDM2 in the apoptotic

response to DNA damage. J Biol Chem 285: 4909-4919.

Delavaine L, La Thangue N (1999) Control of E2F activity by p21Wafl/Cipl.

Oncogene 18: 5381-5392.

Satyanarayana A, Hilton M, Kaldis P (2008) p21 Inhibits Cdk1 in the absence of

Cdk2 to maintain the G1/S phase DNA damage checkpoint. Mol Biol Cell 19:

65-77.

September 2013 | Volume 8 | Issue 9 | 72303



