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Cancers have been typically characterized by genetic mutations. Patterns of
such mutations have traditionally been analysed by posteriori statistical association approaches. One may ponder the possibility of a priori determination of
any mutation regularity. Here by exploring biological processes implied in a
mechanistic theory recently developed (the endogenous molecular–cellular
network theory), we found that the features of genetic mutations in cancers
may be predicted without any prior knowledge of mutation propensities.
With hepatocellular carcinoma (HCC) as an example, we found that the
normal hepatocyte and cancerous hepatocyte can be represented by robust
stable states of one single endogenous network. These stable states, specified
by distinct patterns of expressions or activities of proteins in the network,
provide means to directly identify a set of most probable genetic mutations
and their effects in HCC. As the key proteins and main interactions in the
network are conserved through cell types in an organism, similar mutational
features may also be found in other cancers. This analysis yielded straightforward and testable predictions on accumulated and preferred mutation
spectra in normal tissue. The validation of predicted cancer state mutation
patterns demonstrates the usefulness and potential of a causal dynamical
framework to understand and predict genetic mutations in cancer.

1. Background
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Cancer is often characterized by abundant genetic mutations and, in fact, is
assumed to be disease owing to these mutations [1 –5]. Work from several
cancer genomics studies, such as The Cancer Genome Atlas (TCGA), has provided the complete DNA sequence of large numbers of cancers [6– 8].
Detailed analyses of such big data revealed that the mutation frequency of
each gene is usually different. In some cases, there is even no mutation for
the known oncogenes or tumour-suppressing genes [9]. Nevertheless, key features of genetic mutations, including within the top mutated genes in a large
number of cancer samples, have been documented [10]. Recent studies have
shown that these key features were influenced by factors such as chromatin
organization [11], selection pressures [12], carcinogens [13] and environmental
conditions [14]. However, these factors are inadequate to completely explain
the key features of genetic mutations in cancer [15,16]. An understanding of
the underlying cause of these key features should provide us with a deeper
understanding of cancer genesis [17]. Here, using hepatocellular carcinoma
(HCC) as an example, we examined factors that could influence the key features
of genetic mutation from a theoretical point of view, and the predictions were
compared against experiments.
The ‘endogenous molecular –cellular network’ theory states that functions
of complex biological processes can be understood via an analysis of the
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2.1. Normal and cancerous hepatocytes are robust
stable states of the core endogenous network
A set of essential modules, including the cell cycle, apoptosis,
metabolism, hepatocyte-specific function, cell adhesion,
immune response and angiogenesis, were selected to capture
the essential features of hepatocytes [32]. According to the
current understanding of these modules at a molecular
level, each module was simplified and specified by a set of
proteins that play key roles in each module (table 1) [24,32].
Interactions between the proteins, activation/upregulation
or inhibition/downregulation, were summarized from welldocumented gene regulation and signalling transduction.
These proteins and their causal interactions formed the core
endogenous molecular–cellular network of the hepatocyte,
which integrated our current understanding of hepatocyte
behaviour at a molecular level (figure 1 and electronic
supplementary material, table S1). The core endogenous
network of hepatocytes included 37 proteins and 114 interactions. It should be emphasized that these proteins were

essential modules
and pathways

key proteins

cell cycle

Rb, E2F, cyclin D-CDK4/6, cyclin E-CDK2

apoptosis

Casp3, Bad, Casp8, Casp9/Cytc, IAP,
Bcl-2/xL, Bax, Fas

metabolism

HIF, Akt, PTEN

hepatocyte-speciﬁc
function

HNF4a, C/EBPa, Foxa2

cell adhesion
immune response

snail, slug, E-cadherin, integrin
NF-kB (KC), IL-1, IL-6, TNFa

angiogenesis

VEGF

pathways

EGF, Ras, Erk, Myc, TGF-b, NF-kB, P53,
b-catenin, GSK-3b, P21

selected based on their normal biological functions
without any prior knowledge of their mutation propensity
in cancer.
A quantitative description of such networks provides a way
to reveal emergent properties that are difficult to understand
by intuitive reasoning alone [33]. Therefore, the network
was described quantitatively using a set of coarse-grained
ordinary differential equations (electronic supplementary
material, Methods). Because of the lack of information on
kinetic parameters, the dynamical equations are doubly normalized to reduce such dependence [34]: the maximum
strength of each interaction is normalized to 1, and the maximum expression level or activity of each gene or protein is
normalized to 1. While this normalization procedure makes
the model lose some detailed descriptive power, it gains
some advantages. For example, the relative expression level
of each gene becomes a useful and predictive indicator, to
be explored below. Algorithms were designed to calculate
stable states of the differential equations (electronic supplementary material, Methods). By using different equation
forms and different parameter values in the equations (electronic supplementary material, table S2), four robust stable
states which were specified by distinct activation/expression
levels of the proteins in the network were obtained (electronic
supplementary material, table S3 –S12). Again, it should be
stressed that those states are new predictions, because their
descriptions are not in the biological data used to construct
the network.
Theoretically, these robust stable states may represent
obvious or non-obvious biological functions. When comparing with clinical observation and experimental data, we
found that two robust stable states from the model reproduced the main known features of the normal hepatocyte
and cancerous hepatocyte at the modular and molecular
level (electronic supplementary material, tables S13 and S14,
more detailed information in our previous work [31]). As the
core endogenous network was constructed using knowledge obtained independently and the stable states of the
complex nonlinear dynamical systems were not obvious
before analysis, it is striking that a single network can
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2. Results

Table 1. Key proteins of essential modules and pathways. The 37 agents,
proteins here, distributed among eight modules and pathways.
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network dynamics [18,19]. Such molecular –cellular networks
have been shaped by evolution and its core structure, and
main properties are conserved through both species and biological processes [20–22]. Specifically, the salient properties
include that (i) biological systems are built by a set of essential modules and cross-talks between these modules [23];
(ii) each module can be further specified by a set of key
molecular agents, namely proteins [24] and (iii) key proteins
and causal biochemical interactions between them via welldocumented gene regulation and signalling transduction
form a network [24]. Given the dominancy of feedback
among these proteins, the network is closed and autonomous
[25]. Finally, a quantitative description of the endogenous
network consists of a set of coupled differential equations
that can generate many local stable states with obvious or
non-obvious biological functions [18,19,26 –30].
In this work, based on the core endogenous molecular–
cellular network for hepatocytes [18,19,31], we found that
the normal hepatocyte and cancerous hepatocyte can be represented by two robust stable states of the core network.
Relationship between genetic mutations and biological function can be analysed in this context. Here, we focused on the
stable states of the network, as these are the most robust
part of the network. Particular genetic mutations that were
associated with the cancerous hepatocyte stable state and
confer selective advantages to establish and maintain cancerous hepatocyte stable states were then predicted to have
higher mutation frequency in HCC. Subsequent inspection of
experimental data demonstrated agreement with this prediction: the results reproduced key features of the top mutated
genes in HCC. As most of the proteins and interactions in
the core network are conserved in many other cell types, we
predicted and validated that the key features of the genetic
mutations in HCC will be found in other cancers. Moreover,
this analysis yielded straightforward and testable predictions,
including that there are accumulated and preferred mutation
spectra in normal tissue. Overall, this work illustrates the usefulness of network-level analyses as a means to predict and
understand genetic mutations in cancers.
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Figure 1. The core endogenous molecular –cellular network of hepatocytes. Cell cycle, apoptosis, metabolism, hepatocyte-specific function, cell adhesion, immune
response and angiogenesis modules were selected to capture the essential features of hepatocytes. Each module was simplified and specified by a set of key
proteins. Interactions between the proteins, activation or inhibition, were summarized from well-documented and conserved gene regulatory network and signaling
transduction pathways. The core endogenous network of hepatocytes included 37 key proteins and 114 interactions. (Online version in colour.)

reproduce key features of both normal and cancerous
hepatocytes, among other predictions.

2.2. Prediction of top mutated genes in cancers
It has been known that dynamical equations can be used to
predict the effect of mutations. For example, a detailed analysis of mutations against experiments has been performed for
the core regulatory network of phage lambda genetic switch
[35]. Here, we examined the molecular-level details of these
two stable states not at this dynamical level, but at the relative
expression level, which is less sensitive to kinetic parameters.
We first characterized the activity of each protein in a given
stable state as activated or inactivated by setting a threshold:
if the activity of a protein is greater than this threshold, we
identified the protein as active, and if lower, the protein
was identified as inactive. Activated proteins in each stable
state were then highlighted to reveal subnetworks that are
expected to play key roles in the establishment and maintenance of the stable state. Because the activity of each protein
was normalized to range from 0 (minimal activation) to 1
(full activation), the threshold can be selected within a
reasonable range (from 0.4 to 0.6). We found that these
thresholds will not affect the main conclusions. Figure 2
showed the subnetworks of the normal hepatocyte and
cancerous hepatocyte when we set the threshold to 0.4
(electronic supplementary material, table S3).
These subnetworks then provided means to directly
identify a few key features of the genetic mutation patterns
in HCC. Biologically, genetic mutations can have varying

effects on the function of protein. Mutations that confer
enhanced activity were defined as gain-of-function mutations, whereas those that reduce or abolish protein function
were defined as loss-of-function mutations. It was known
that some random mutations in cancers were selected for
and accumulated in response to phenotypic consequences
[36–38]. We reasoned that proteins which were inactive in the
normal hepatocyte stable state and activate in the cancerous
hepatocyte stable state could have a higher probability of
undergoing gain-of-function mutations in cancers, as gain-offunction of this gene can adapt to the cancerous hepatocyte
stable state and confer selective advantages to establish and
maintain the cancerous hepatocyte stable state. For example,
as shown in electronic supplementary material, table S3, the
normalized activity of cyclin D-CDK4 in the normal hepatocyte stable state and cancerous hepatocyte stable state
was 0.0000 and 0.8399, respectively. Accordingly, cyclin
D-CDK4 was inactive in the normal hepatocyte stable state
and active in the cancerous hepatocyte stable state, and so
cyclin D-CDK4 was identified to have a higher probability of
undergoing a gain-of-function mutation in HCC. Similarly,
proteins that were active in the normal hepatocyte stable
state and inactivate in the cancerous hepatocyte stable state
were expected to have a higher probability of undergoing
loss-of-function mutations in HCC. For example, Rb was
active in the normal hepatocyte stable state and inactive in
the cancerous hepatocyte stable state, and so Rb was identified
to have a higher probability of undergoing a loss-of-function
mutation in HCC. In this way, we identified probable genetic
mutations in HCC (table 2). It should be noted that there were
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Figure 2. Subnetworks of normal hepatocyte and cancerous hepatocyte stable states. Activated proteins and interactions are highlighted in bold in the normal
hepatocyte stable state (a) and the cancerous hepatocyte stable state (b) to form different subnetworks. (Online version in colour.)

also six proteins whose activity did not significantly differ
between the normal hepatocyte stable states and cancerous
hepatocyte stable states (table 2). For example, Bax was inactive in both the normal hepatocyte stable state and cancerous
hepatocyte stable state. Using this approach, we could not
decide the probable mutation of these genes.

2.3. Model prediction reproduces key features of cancer
genetic mutation data
We next compared these predicted mutated genes with
well-documented genetic mutation data from the Catalogue
of Somatic Mutations in Cancer (COSMIC) [39]. Given the
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model result

cyclin D-CDK4/6

gain-of-function

cyclin E-CDK2
Rb

gain-of-function
loss-of-function

E2F
C/EBPa

gain-of-function
loss-of-function

Foxa2
HNF4a

loss-of-function
loss-of-function

Fas

gain-of-function

Bcl-2/xL
IAP

gain-of-function
gain-of-function

Bax
Bad

—
—

Casp 9/Cytc

—

Casp 8
Casp 3

—
—

E-cadherin
snail

loss-of-function
gain-of-function

slug
integrin

gain-of-function
gain-of-function

Akt

gain-of-function

PTEN
HIF

loss-of-function
gain-of-function

TNFa
IKK- NF-kB

gain-of-function
gain-of-function

IKK-NF-kB(KC)

gain-of-function

IL-1
IL-6/stat

gain-of-function
gain-of-function

EGF
VEGF

gain-of-function
gain-of-function

Ras

gain-of-function

ERK
GSK3b

gain-of-function
loss-of-function

b-catenin
Myc

gain-of-function
gain-of-function

P53
TGF-b

gain-of-function
gain-of-function

P21

—

heterogeneity of mutations in different HCC patients, and even
different regions or cells of the same HCC patient, a set of 20 top
mutated genes in a large number of HCC samples was chosen to
reflect key features of genetic mutation data. Four genes (TP53
(P53), CTNNB1 (b-catenin), RB1, PTEN) can be linked to proteins in the core network directly, whereas seven genes
(AXIN1, CDKN2A, PIK3CA, HNF1A, ATM, CREBBP and
IL6ST) can be linked to proteins in the core network indirectly,

2.4. Further testable predictions
Our analysis also affords two additional intriguing and testable
predictions. First, our model suggests that there are mutations
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gene name

as they have well-defined relationships with proteins in the core
network according to the Kyoto Encyclopaedia of Genes and
Genomes (KEGG; relationships are summarized in electronic
supplementary material, table S16). These 11 proteins that can
be linked to proteins in the core network directly or indirectly
were classified into category 1 in table 3; the remaining nine proteins which have not been considered in the present network
were classified into category 2 in table 3. Overall, we found
that 11 of the top 20 mutated genes in HCC were included in
our theoretical analysis that was based on a 37 node network
constructed with a totally different set of experimental data.
As most of the proteins and interactions in the core network of hepatocytes are conserved in other cell types, the
results obtained in the present analysis of HCC are expected
to be applicable to other cancers. As such, we also investigated the top 20 mutated genes in biliary tract cancer, bone
cancer, breast cancer, central nervous cancer, eye cancer,
prostate cancer, skin cancer, small intestine cancer, soft
tissue cancer, stomach cancer [10]. Genes that can be linked
to proteins in the core network directly or indirectly were
classified into category 1 in table 3 (relationships are summarized in electronic supplementary material, table S17). Proteins
that were not considered in the present network were classified into category 2 in table 3. Strikingly, we found that 10,
13, 9, 10, 13, 12, 11, 13, 13 and 13 of the top 20 mutated
genes in these different cancers can be explained by the present core network of the hepatocyte, respectively. Thus, the
inherent core network structure, including the relative activity
of the constituent proteins, appears to capture common features also relevant to the development of cancer in other cell
types. It should be emphasized that these proteins were
selected without any prior knowledge of their mutation
propensity in cancer.
Moreover, the present model generated the types of aberration, gain-of-function or loss-of-function, of these probable
mutational genes (table 2). We noted that experiments have
identified the type of aberration of some mutations in HCC
[40] and of these, six proteins were in the core network and
five agreed with model predictions (table 4). A similar summary
of the type of aberration of some mutations in other cancer types
[41] reveals that eight proteins were in the core network and
seven agreed with model predictions (table 4). This overall agreement further supports the significant potential of this analysis to
predict genetic mutations in cancer. However, it should be mentioned that there is one disagreement between the model and the
literature. It was well known that p53 has a loss-of-function
mutation in many cancers, whereas p53 was predicted to have
a gain-of-function mutation in our model (table 2). This disagreement may be owing to one of two sources. First, given the
heterogeneous nature of cancer mutations and the current
incomplete network, experimental results of certain genes
which do not appear to fit this model are expected. Second,
the aforementioned results were obtained with a threshold as
0.4. We found that p53 was one of three genes whose results
are sensitive to threshold values (electronic supplementary
material, table S15). Thus, the behaviour of p53 may be more
complex than presently believed, as some recent studies have
suggested [42].

rsif.royalsocietypublishing.org

Table 2. Prediction of top mutated genes in cancerous hepatocytes from the
model. There are 24 proteins that were predicted to have gain-of-function
mutations and seven proteins that have loss-of-function mutations. The present
approach could not decide the mutation type of the reminding six genes (—).

TERT, PTCH1, CYLD, ARID2, ROS1, MLL3, NF, RAC1, GNAQ
GNAS, MEN1, FBXW7, PTPN11, STK11, SMARCB1, ERBB2,

SMARCB1, NF2, MED12, NF, TERT, MEN1, GNAS

ARID1A, MSH6, FBXW7, RNF43, NSD1, ERBB2, GNAS,

BRAF, TP53, CDKN2A, FGFR3, NRAS, HRAS, PTEN, PIK3CA, KIT, CTNNB1, MAP2K1
KRAS, TP53, APC, SMAD4, CTNNB1, PIK3CA, BRAF, EGFR, KDR, NRAS, ATM, CDKN2A, PDGFRA

KIT, CTNNB1, VHL, PDGFRA, TP53, CDKN2A, APC, KRAS, HRAS, NRAS, PTEN, PIK3CA, BRAF

TP53, CDH1, APC, PIK3CA, CTNNB1, KRAS, TRRAP, CDKN2A, AXIN1, PTEN, EGFR, PDGFRA, KDR

skin
intestine

soft tissue

stomach

13/20

GNAD, BAP1, SF3B1, TERT, BCOR, FBXW7, DICER1
MLL3, FOXA1, KMT2D, MLL, MED12, AKAP9, MLLT3, KDM6A
GNA11, RB1, BRAF, TP53, PTEN, KIT, NRAS, CDKN2A KRAS, EGFR, PDGFRA, MET, CTNNB1
TP53, PTEN, KRAS, EGFR, CTNNb1, HRAS, ATM, APC, RB1, TRRAP, PIK3CA, BRAF
eye
prostate

13/20

MLL3, GATA3, ARID1A, MED12, KMT2D, RUNX1, AKAP9, MAP2K4, UBR5, MYH9, BRCA1
IDH1, TERT, SMARCB1, H3F3A, ATRX, CIC, CHEK2, PTCH1, KMT2D, SMARCA4
PIK3CA, TP53, CDH1, PTEN, AKT1, RB1, ATM, NF1, APC
TP53, PTEN, CDKN2A, CTNNB1, EGFR, BRAF, PIK3CA, NF1, RB1, PIK3R1
breast
central nervous

11/20
13/20

9/20
10/20

GNAS, IDH1, PTCH1, IDH2, SMARCB1, CDC73, SMO
TP53 ,CDKN2A, RB1, CTNNB1, BRAF, AKT1, APC, KIT, NRAS, FGFR2, KRAS, HRAS, EGFR
bone

13/20
12/20

13/20

TERT, ARID1A, ARID2, KMT2C, NFE2L2, KMT2D, PTPRB, TSC2, SMARCA4
MLL3, BAP1, IDH1, AR1D1A, PBRM1, TERT, FBXW7, RNF43, IDH2, GNAS
TP53, CTNNB1, AXIN1, CDKN2A, PIK3CA, HNF1A, ATM, CREBBP, RB1, IL6ST, PTEN
TP53, KRAS, CDKN2A, SMAD4, AXIN1, CTNNB1, PIK3CA, BRAF, CDH1, PTEN
HCC
biliary tract

11/20
10/20
category 2
category 1

HCC

cancers

PTEN
IL-6/stat3

Cyclin D-CDK4/6
Rb

VEGF
Ras

C/EBPa
E-cadherin

b-catenin

PTEN

P53

EGF
Ras
P53

that can confer selective advantages to establish and maintain
the normal hepatocyte phenotype: a preferred mutation spectrum in the normal hepatocyte (electronic supplementary
material, table S18). There is some evidence showing that cells
and tissues can maintain their normal phenotype in the face of
myriad mutated genes [43]. It should be biologically interesting
to determine whether there would be such a mutation spectrum
in normal liver. Second, while we have used this model to predict
mutations in cancer successfully as shown by above analysis, it
showed that the normal hepatocyte and cancerous hepatocyte
are endogenous stable states of one single endogenous network.
This indicated that there are cancers, especially at the early stage,
which can take place without major genetic alterations such as
the well-documented oncogenes and tumour suppressor
genes. Indeed, there is evidence supporting the existence of
mutation-free cancer from different standpoints [9,44]. If firmly
established, the cancer genesis and procession is mechanistically
completely different from that of the cancer mutation theory.

3. Discussion
In the present core endogenous network of hepatocytes, three
transcription factors were used to capture the key features of
hepatocytes and 34 genes/proteins were used to capture essential modules and pathways in cells, such as the cell cycle,
apoptosis, metabolism, cell adhesion, immune response and
angiogenesis (table 1). These 37 genes/proteins and the interactions between them are usually conserved in different
human cell types [24]. Normal hepatocytes and cancerous hepatocytes were found to be represented by two robust stable
states of the core network. We wish to point out that this network has been greatly simplified. For example, there are
many more functional modules than the modules used in the
model, other molecular–cellular agents such as microRNA
and metabolites were not considered, and oscillatory activities
such as cell cycle processes were simplified by a binary switch.
It is expected that a more extensive network will reproduce
more of these detailed features through the inclusion of more
modules and proteins.
The probable genetic mutations in HCC were predicted from
an analysis of the two stable states, showing good agreement
with key features of the genetic mutations data of HCC. We
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cancer type

Table 4. Main gain-of-function or loss-of-function mutations in HCC and other
cancer types. There are six and eight well-documented gain-of-function or lossof-function mutations in HCC [40] and other cancer types [41], respectively.
Gain-of-function mutations are marked in bold and loss-of-function mutations
underlined. P53 does not agree with model prediction and is given in italics.

rsif.royalsocietypublishing.org

Table 3. Classiﬁcation of the top 20 mutated genes in different cancers. The ﬁrst column denotes different cancer types. Genes in category 1 can be linked to proteins in the core network directly or indirectly. Genes in category 2 are
not considered in the present network. The last column denotes the coverage rate.
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but because they express different sets of genes and with
different expression levels.

4. Methods
4.1. Construction of core endogenous network
of hepatocytes

4.2. Quantitative description and analysis of the core
endogenous network of hepatocytes
The core endogenous network of hepatocytes (figure 1) was
quantified by a set of coarse-grained ordinary differential
equations in a standard way (detailed description and full
equation in electronic supplementary material, Methods). In
this modelling framework, we focused on the properties that
are determined by the logical and topological architecture of
the network, rather than the precise form of the equation and
parameter values. Therefore, the microscopic details underlying
the forms of equation and parameter values are not required to
be overly precise. We used two independent algorithms to calculate the stable states of the nonlinear dynamical system (detailed
description in electronic supplementary material, Methods), and
obtained consistent results from the independent algorithms.

Data accessibility. The top 20 genetic mutations in different cancers
(table 3) were obtained from COSMIC (http://cancer.sanger.ac.uk/
cosmic/). In table 4, well-documented genetic mutations in HCC are
obtained from a recent review of HCC [40], and the mutations
summarized from other cancer are obtained from a recent review
[41]. The relationship between the top 20 mutated proteins and proteins
in the core network are obtained from KEGG (http://www.kegg.jp/).
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11. Schuster-Böckler B, Lehner B. 2012 Chromatin
organization is a major influence on regional
mutation rates in human cancer cells. Nature 488,
504–507. (doi:10.1038/nature11273)
12. Pollard KS et al. 2006 Forces shaping the fastest
evolving regions in the human genome. PLoS Genet.
2, e168. (doi:10.1371/journal.pgen.0020168)
13. Westcott PMK et al. 2014 The mutational landscapes of
genetic and chemical models of Kras-driven lung cancer.
Nature 517, 489–492. (doi:10.1038/nature13898)
14. Yun J et al. 2009 Glucose deprivation contributes to the
development of KRAS pathway mutations in tumor cells.
Science 325, 1555–1559. (doi:10.1126/science.1174229)
15. Shendure J, Akey JM. 2015 The origins, determinants,
and consequences of human mutations. Science 349,
1478–1483. (doi:10.1126/science.aaa9119)
16. Martincorena I, Campbell PJ. 2015 Somatic
mutation in cancer and normal cells. Science 349,
1483–1489. (doi:10.1126/science.aab4082)
17. Stratton MR. 2011 Exploring the genomes of cancer
cells: progress and promise. Science 331, 1553 –
1558. (doi:10.1126/science.1204040)
18. Ao P, Galas D, Hood L, Zhu X. 2008 Cancer as
robust intrinsic state of endogenous molecular–
cellular network shaped by evolution. Med. Hypotheses
70, 678–684. (doi:10.1016/j.mehy.2007.03.043)
19. Wang GW, Zhu X, Hood L, Ao P. 2013 From phage
lambda to human cancer: endogenous molecular –
cellular network hypothesis. Quant. Biol. 1, 32– 49.
(doi:10.1007/s40484-013-0007-1)
20. Waddington CH. 1957 The strategy of the genes: a
discussion of some aspects of theoretical biology.
London, UK: George Allen & Unwin, Ltd.
21. Wright S. 1982 The shifting balance theory and
macroevolution. Annu. Rev. Genet. 16, 1–20.
(doi:10.1146/annurev.ge.16.120182.000245)

