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Background: Identifying patient-specific flow of signal transduction perturbed by multiple single-nucleotide
alterations is critical for improving patient outcomes in cancer cases. However, accurate estimation of mutational
effects at the pathway level for such patients remains an open problem. While probabilistic pathway topology
methods are gaining interest among the scientific community, the overwhelming majority do not account for network
perturbation effects from multiple single-nucleotide alterations.
Methods: Here we present an improvement of the mutational forks formalism to infer the patient-specific flow of
signal transduction based on multiple single-nucleotide alterations, including non-synonymous and synonymous
mutations. The lung adenocarcinoma and skin cutaneous melanoma datasets from TCGA Pan-Cancer Atlas have
been employed to show the utility of the proposed method.
Results: We have comprehensively characterized six mutational forks. The number of mutated nodes ranged from
one to four depending on the topological characteristics of a fork. Transitional confidences (TCs) have been computed
for every possible combination of single-nucleotide alterations in the fork. The performed analysis demonstrated the
capacity of the mutational forks formalism to follow a biologically explainable logic in the identification of high-
likelihood signaling routes in lung adenocarcinoma and skin cutaneous melanoma patients. The findings have been
largely supported by the evidence from the biomedical literature.
Conclusion: We conclude that the formalism has a great chance to enable an assessment of patient-specific flow by
leveraging information frommultiple single-nucleotide alterations to adjust the transitional likelihoods that are solely
based on the canonical view of a disease.

Keywords: mutational forks; signaling pathways; cancer; single-nucleotide alterations

Author summary: Oncogenic mutations act as molecular switches in signaling networks, disrupting the normal
functioning of the cells. The precise mechanism that mediates the effects of oncogenic mutations upon various signaling
pathways remains elusive. In this paper, we present an improvement of the mutational forks formalism, where literature
findings about pathway interactions have been used as a prior to predict the flow of signal transduction impacted by multiple
mutations. Our analysis demonstrated the capacity of our method to follow a biologically explainable logic in the
identification of crucial signaling routes for patients with lung cancer and skin cancer.
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INTRODUCTION

Signaling pathways play a crucial role in the transforma-
tion of external signals into gene regulation mechanisms.
In this process, external information is transferred through
a series of biochemical reactions, which can be referred to
as “signal flow”. Dysregulation of signal flow by a certain
mutation may trigger the development of pathological
processes, including cancer [1]. It is especially evident in
individual patient cases, where the inferred flow can
illustrate the deviation from a canonical form of the
disease and therefore explain drug resistance or pave the
way to new therapeutic regimens.
Various computational methods have been developed

for pathway analysis in recent years [2,3]. However, only
a small number of papers have focused on the develop-
ment of models that do not primarily rely on kinetic
parameters. To overcome the difficulty in accurately
estimating kinetic parameters, pathway topology methods
employ various characteristics of a pathway network,
such as node degree, betweenness, clustering coefficient,
and shortest path length to predict functionally important
nodes in the network. For example, Zhao & Liu analyzed
topological parameters of complex disease genes and
revealed the importance of their location in a biomole-
cular network [4]. Erten et al. developed an algorithm
called Vavien for harnessing the topological similarity of
proteins in a network of interactions to prioritize
candidate disease-associated genes [5]. Ning et al.
attempted to examine the placement of essential proteins
and the network topology by determining the correlation
of protein essentiality and reverse nearest neighbor
topology (RNN) [6]. However, such methods are limited
only to a small network of proteins and do not infer the
gene-to-gene direction of signal propagation in biological
systems.
To address these limitations, Lee & Cho developed a

novel algorithm that can estimate signal flow using only
topological information to predict the direction of activity
change in various signaling networks [7]. They extended
their work to the signal flow control (SFC) method, which
is capable of identifying control targets without the
information of kinetic parameter values [8]. The limita-
tion of these probabilistic topological methods is that the
flow of signal transduction is equally distributed among
connected nodes. Therefore, the weights of the edges are
roughly approximated from topology and heavily depend
on the number of connecting nodes. In addition, only
binary interactions have been encoded to the model, such
as activation and inactivation.
A separate group of methods deals with inference of

perturbation patterns in signaling systems. For example,
Santolini & Barabasi proposed a series of network

topology-based models named “DYNamics-Agnostic
Network MOdels (DYNAMO)”, which can retrieve the
relative magnitude of biological perturbation patterns
when lacking knowledge of the kinetic parameters [9].
The DYNAMO series models achieve an average of 65%
accuracy in predicting perturbation patterns of both
distance-based and biochemical models, which shows
promising results. Li & Gao enhanced the distance model
in DYNAMO and leveraged graph convolutional net-
works (GCN) to improve perturbation pattern prediction
[10]. However, the limitation of pathway perturbation
methods, such as DYNAMO and GCN, is that they do not
focus on inferring the gene-to-gene direction of signal
propagation, instead pinpointing localities where pathway
perturbation occurred.
In this work, we present an improvement of the

mutational forks formalism which is capable of handling a
combination of single-nucleotide alterations for inferring
patient-specific flow. By definition, a mutational fork is a
subgraph where signal transduction can flow through
alternative paths. We have assigned prior probabilities to
the flow of signal transduction through particular entities
based on literature findings, rather than approximating it
solely from topology. In addition, we employed ontolo-
gically-enriched pathway data that preserve the diversity
of gene interaction terms, such as phosphorylation-
activation, ubiquitination, binding, and degradation. We
have also conducted two case studies to show that the
proposed algorithm follows a specific, biologically
explainable logic, and can thus be employed as hypoth-
esis generation tool in precision medicine settings.

RESULTS

Summarization of extracted mutational forks

After setting the EGFR gene as a start gene and the
CCND1 gene as an end gene, we identified 178 unique
linear paths between these gene entities. The length of the
linear paths varied between eight and eleven gene entities.
By combining frequently occurring linear paths, we have
extracted eleven mutational forks from the RDF know-
ledge network using a custom script. Out of these eleven,
six mutational forks were selected as having distinct
frequencies for each transition (Fig. 1). Gene entities
corresponding to protein families are highlighted in bold.

Case study 1: lung adenocarcinoma

Table 1 presents an example of TC calculations for the
KRAS mutational fork in lung adenocarcinoma patients.
Detailed TC calculations for the rest of the mutational
forks have been provided in the Supplementary Materials.
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KRAS mutational fork

Interestingly, the mutational status of the BRAF gene
increases the possibility of transitioning by the KRAS-
PIK3CA path (see Block 1 in Table 1). While BRAF and
PIK3CA mutations occur simultaneously, the possibility
of transitioning by the KRAS-PIK3CA path is higher than
in the other two cases (see Block 2 in Table 1). When
junction gene KRAS is not mutated, a transition by the
KRAS-PIK3CA path is more likely. However, when
junction gene KRAS is mutated, the differences between
various TC values are more pronounced.
Using functional classification of network-attacking

mutations (NAMs) [11], the KRAS mutational fork
represents an example of dysregulation of network
dynamics, specifically the “node inactivation” scenario.
Inactivating mutations on the essential residues of BRAF
kinase lead to the interruption of information flow through
this node. Thus, the phosphorylation of subsequent BRAF
substrate—MAP2K1 protein is disabled, which in turn
allows PIK3CA protein kinase through generation of
secondary messenger PIP3 to recruit AKT1 and PDPK1
proteins to the cellular membrane, thus activating the
PI3K-AKT axis [12,13].

AKT1 mutational fork

Notably, mutation in the MAP2K4 gene alone increases
the chance of transitioning by the AKT1-MAP2K4 route
(see Block 1 in Supplementary Table S1). While
MAP2K4 and RAF1 mutations occur conjointly, the
possibility of transitioning by the AKT1-MAP2K4 path is
higher than in other cases (see Block 2 in Supplementary
Table S1). Similarly, conjoint mutations in the AKT1,
RAF1 and MAP2K4 genes increase the chance of
transitioning by the AKT1-MAP2K4 route, comparing
to other combinations of mutations (see Block 3 in
Supplementary Table S1). Overall, the mutational status
of junction gene AKT1 does not profoundly impact
transition by the AKT1-MAP2K4 route.
Following functional classification of NAMs, the

AKT1 mutational fork represents an example of dysre-
gulation of network dynamics, specifically the “node
activation” scenario. It has been shown that AKT1
regulates the storage of glucose in the form of glycogen
by phosphorylating GSK3B at the “Ser-9” residue,
resulting in inhibition of its kinase activity [14]. In
addition, AKT1 phosphorylates RAF1 at the “Ser-259”
residue and negatively regulates its activity as well [15].

Figure 1. Extracted mutational forks for lung adenocarcinoma patients. The high likelihood route highlighted in orchid, along

with corresponding shoulder gene. Protein families are highlighted in bold (see subsequent Table). MAPK1 refers to either MAPK1 or
MAPK3; MAPK2 refers to either MAPK8 or MAPK9 or MAPK10.
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However, mutations in the MAP2K4 gene allow avoiding
of negative regulation from AKT1 phosphorylation, thus
enabling direct activation of downstream targets, such as
MAPK8, MAPK9 and MAPK10 [16].

MAP2K4 mutational fork

Interestingly, mutations in junction gene MAP2K4 can
alone increase chances of transitioning by the MAP2K4-
MAPK8 path (see Block 1 in Supplementary Table S2).
Conjoint mutations in MAP2K4 and CRK genes increase
the possibility of transitioning by the MAP2K4-MAPK8
path (see Block 2 in Supplementary Table S2). Further-
more, conjoint mutations in the MAP2K4, MAPK8 and
CRK genes increase chances of transitioning by the
MAP2K4-MAPK8 path as well (see Block 3 in
Supplementary Table S2). Overall, the mutational status
of junction gene MAP2K4 can profoundly impact
transition by the MAP2K4-MAPK8 path.
Based on the functional classification of NAMs, the

MAP2K4 mutational fork represents an example of
network rewiring, specifically the “downstream rewiring”
scenario. Evidently, MAP2K4 mutations shift the signal-
ing network structure to the MAP2K4-MAPK8 route by
“rewiring” downstream interactions with MAPK8IP3,
MAPK8 and CRK proteins. Such network behavior can
be explained by drifts in the peptide specificity upon
mutation of the determinants of specificity (DoS) in
the MAP2K4 kinase. Therefore, activated MAPK8
phosphorylates a number of transcription factors,
primarily components of AP-1 such as JUN, JDP2 and
ATF2, and thus regulates AP-1 transcriptional activity
[17].

MAPK8IP1 mutational fork

Notably, a mutation in the junction gene MAPK8IP1
alone increases chances of transitioning by the MAP-
K8IP1-MAP3K11 path (see Block 1 in Supplementary
Table S3). While MAPK8IP1 and MAP2K7 mutations
occur conjointly, a transition by the MAPK8IP1-
MAP3K11 path is more probable (see Block 2 in
Supplementary Table S3). A similar TC value has been
obtained when the MAPK8IP1 and MAP3K11 genes
were mutated simultaneously (TC = 0.403 in both cases).
Furthermore, conjoint mutations in the MAPK8IP1,
MAP3K11 and MAP2K7 genes increase a chance of
transitioning by the MAPK8IP1-MAP3K11 path as well
(see Block 3 in Supplementary Table S3). Overall, the
mutational status of junction gene MAPK8IP1 pro-
foundly impact the transition of the MAPK8IP1-
MAP3K11 path. Unfortunately, since MAPK8IP1 is not
a phosphoprotein, we were unable to derive functional
implications of its single-nucleotide mutations for
corresponding junction genes.

MAP3K11 mutational fork

Interestingly, mutation in the shoulder gene MAP2K7
alone increases the chance of transitioning by the
MAP3K11-MAPK8IP3 path (see Block 1 in Supplemen-
tary Table S4). A similar TC value has been obtained,
while the junction gene MAP3K11 mutated alone (TC =
0.5080). Moreover, when both genes are mutated (see
Block 2 in Supplementary Table S4), the chance of
transitioning by the MAP3K11-MAPK8IP3 path is higher
than the remaining cases. Overall, the mutational status of

Table 1 TC for KRAS mutational fork in lung adenocarcinoma patients
Transition Description TC

Block 1 KRAS-BRAF TC(TJA(JAB) | M(J) = 1, M(A) = 0, M(B) = 0) 0.0416

TC(TJA(JAB) | M(J) = 0, M(A) = 1, M(B) = 0) 0.0448

TC(TJA(JAB) | M(J) = 0, M(A) = 0, M(B) = 1) 0.0442

KRAS-PIK3CA TC(TJB(JAB) | M(J) = 1, M(A) = 0, M(B) = 0) 0.8807

TC(TJB(JAB) | M(J) = 0, M(A) = 1, M(B) = 0) 0.9539

TC(TJB(JAB) | M(J) = 0, M(A) = 0, M(B) = 1) 0.942

Block 2 KRAS-BRAF TC(TJA(JAB) | M(J) = 1, M(A) = 1, M(B) = 0) 0.0389

TC(TJA(JAB) | M(J) = 1, M(A) = 0, M(B) = 1) 0.0383

TC(TJA(JAB) | M(J) = 0, M(A) = 1, M(B) = 1) 0.0435

KRAS-PIK3CA TC(TJB(JAB) | M(J) = 1, M(A) = 1, M(B) = 0) 0.8294

TC(TJB(JAB) | M(J) = 1, M(A) = 0, M(B) = 1) 0.8217

TC(TJB(JAB) | M(J) = 0, M(A) = 1, M(B) = 1) 0.9260

Block 3 KRAS-BRAF TC(TJA(JAB) | M(J) = 1, M(A) = 1, M(B) = 1) 0.0231

KRAS-PIK3CA TC(TJB(JAB) | M(J) = 1, M(A) = 1, M(B) = 1) 0.4913
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the junction gene MAP3K11 profoundly impacts the
transition by the MAP3K11-MAPK8IP3 path.
Using the functional classification of NAMs, the

MAP3K11 mutational fork represents an example of
dysregulation of network dynamics, specifically the
“node inactivation” scenario. Inactivating mutations on
the essential residues of the MAP2K7 kinase lead to an
interruption of information flow through this node. Thus,
the direct activation of the MAP2K7 downstream
substrates, such as MAPK8, MAPK9 and MAPK10, is
disabled, which in turn allows the MAPK8IP3 scaffold
protein to selectively mediate JNK signaling by aggregat-
ing specific components of the MAPK cascade to form a
functional JNK signaling module [17].

MAPK8 mutational fork

Notably, mutation in the junction gene MAPK8 alone
increases chances of transitioning by the MAPK8-
MAPK8IP1 path (see Block 1 in Supplementary Table
S5). Furthermore, while junction gene MAPK8 conjointly
mutated with shoulder gene MAPK8IP1, the possibility
of the MAPK8-MAPK8IP1 path is the highest (see Block
2 in Supplementary Table S5). Overall, the mutational
status of junction gene MAPK8 impacts the transition by
the MAPK8-MAPK8IP1 route.
From the functional classification of NAMs, the

MAPK8 mutational fork represents an example of
network rewiring, specifically the “downstream rewiring”
scenario. Evidently, MAPK8 mutations shift the signaling
network structure to the MAPK8-MAPK8IP1 route by
“rewiring” downstream interactions with MAPK8IP1 and
MAPK8IP3 proteins. It has been shown that cytoplasmic
MAPK8IP1 causes inhibition of JNK-regulated activity
by retaining JNK in the cytoplasm and inhibiting JNK
phosphorylation of c-Jun [18].

Case study 2: skin cutaneous melanoma

KRAS mutational fork

Interestingly, the mutational status of the junction gene
KRAS increases the possibility of transitioning by the
KRAS-PIK3CA path (see Block 1 in Supplementary
Table S6). While KRAS and PIK3CA mutations occur
simultaneously, the possibility of transitioning by the
KRAS-PIK3CA path is higher than in the other two cases
(see Block 2 in Supplementary Table S6). These results
differ from the KRAS mutational fork in lung adeno-
carcinoma, where mutations in the shoulder gene BRAF
plays more profound role in transitioning by the KRAS-
PIK3CA axis.

AKT1 mutational fork

Notably, mutation in the shoulder gene MAP2K4 alone
increases the chance of transitioning by the AKT1-
MAP2K4 route (see Block 1 in Supplementary Table S7).
While MAP2K4 and GSK3B mutations occur conjointly,
the possibility of transitioning by the AKT1-MAP2K4
path is higher than in other cases (see Block 2 in
Supplementary Table S7). Similarly, conjoint mutations
in the AKT1, GSK3B and MAP2K4 genes increase the
chance of transitioning by the AKT1-MAP2K4 route,
comparing to other combinations of mutations (see Block
3 in Supplementary Table S7). Unlike the AKT1
mutational fork in lung adenocarcinoma, where combina-
tion of MAP2K4 and RAF1 mutations increase the
possibility of transitioning by the AKT1-MAP2K4 route,
mutations in the GSK3B gene are more likely to define
the flow of signal towards AKT1-MAP2K4 axis.

MAP2K4 mutational fork

Interestingly, mutations in the junction gene MAP2K4
can alone increase chances of transitioning by the
MAP2K4-MAPK8 path (see Block 1 in Supplementary
Table S8). Conjoint mutations in MAP2K4 and CRK
genes, as well as in another pair of genes – MAPK8 and
CRK – increase the possibility of transitioning by the
MAP2K4-MAPK8 path (see Block 2 in Supplementary
Table S8). Furthermore, conjoint mutations in MAP2K4,
MAPK8 and CRK genes increase chances of transitioning
by the MAP2K4-MAPK8 path as well (see Block 3 in
Supplementary Table S8). Overall, the mutational status
of junction gene MAP2K4 can profoundly impact
transition by the MAP2K4-MAPK8 path. In comparison
to the MAP2K4 mutational fork in lung adenocarcinoma,
CRK gene is widely implicated into transitioning by the
MAP2K4-MAPK8 axis.

MAPK8IP1 mutational fork

Notably, a mutation in the shoulder gene MAP2K7 alone
increases chances of transitioning by the MAPK8IP1-
MAP3K11 path (see Block 1 in Supplementary Table S9).
While MAPK8IP1 and MAP2K7 mutations occur con-
jointly, a transition by the MAPK8IP1-MAP3K11 path is
more probable (see Block 2 in Supplementary Table S9).
Furthermore, conjoint mutations in the MAPK8IP1,
MAP2K7 and MAP4K1 genes increase a chance of
transitioning by the MAPK8IP1-MAP3K11 path as well
(see Block 3 in Supplementary Table S9). These results
differ from the MAPK8IP1 mutational fork in lung
adenocarcinoma, where the junction gene MAPK8IP1
plays more profound role in transitioning by the
MAPK8IP1-MAP3K11 axis.

340 © Higher Education Press and Springer-Verlag GmbH Germany, part of Springer Nature 2020

Olha Kholod et al.



MAP3K11 mutational fork

Interestingly, mutation in the shoulder gene MAP2K7
alone increases the chance of transitioning by the
MAP3K11-MAP2K7 path (see Block 1 in Supplementary
Table S10). Moreover, when MAP3K11 and MAPK8IP3
genes are mutated concomitantly (see Block 2 in
Supplementary Table S10), the chance of transitioning
by the MAP3K11-MAP2K7 path is higher than the
remaining cases. Unlike the MAP3K11 mutational fork in
lung adenocarcinoma, where signal flow through the
MAP3K11-MAPK8IP3 route, the predominant transition
for the MAP3K11 mutational fork using melanoma
dataset is the MAP3K11-MAP2K7 axis.

MAPK8 mutational fork

Notably, mutation in the junction gene MAPK8 alone
increases chances of transitioning by the MAPK8-
MAPK8IP1 path (see Block 1 in Supplementary Table
S11). Furthermore, while junction gene MAPK8 con-
jointly mutated with shoulder gene MAPK8IP1, the
possibility of the MAPK8-MAPK8IP1 path is the highest
(see Block 2 in Supplementary Table S11). Overall, the
mutational status of junction gene MAPK8 impacts the
transition by the MAPK8-MAPK8IP1 route. These
findings are consistent with the MAPK8 mutational fork
in lung adenocarcinoma.

DISCUSSION

In this paper, we have presented the mutational forks
formalism for inferring patient-specific flow of signal
transduction based on multiple single-nucleotide altera-
tions. The fundamental idea behind the mutational forks
formalism is an application of a Bayesian “flip” principle
to infer the most probable transitions of signaling flow
given the mutational profile of the case. In this setup, the
marginal prior probability of a transition is computed
based on its frequency as the transition appears in
literature-derived knowledge bases such as KEGG. This
quantity, i.e., the initial belief of the transition, reflects a
chance of the transition from a canonical view of the
disease, without accounting for any patient-specific data.
The normalized conditional probability of a mutation
given the transition is then computed and represents the
support the mutation provides to the transition. In this
scheme, the Bayesian “flip” enables the assessment of a
chance of the transition based on mutations in a specific
patient cohort. In other words, the initial probability of the
transition is adjusted by the mutational profile of the
cohort. The resulting quantity, i.e., the posterior prob-
ability of the transition given mutations, may not strictly
follow the mathematics of the probabilistic systems.

Therefore, we call it the transitional confidence (TC) and
compute it for a set of network junctions, which we call
mutational forks (MF), in context of this study.
The proposed method provides a more comprehensive

view of pathway deregulation in cancer compared to
existing pathway tools [8–11]. For example, our approach
uses literature findings about pathway interactions as a
prior to predict the flow of signal transduction, rather than
approximating it from the topology of the interactome. In
addition, the method expends semantics of gene-to-gene
interaction terms to 27 interactions, including binds_as-
sociates, phosphorylates_activates, phosphorylates_inhi-
bits, etc. Finally, our method helps to pinpoint mutated
genes that are directly involved in transitioning by a
specific pathway route. For example, mutations in BRAF
gene increases the possibility of signal flow through the
KRAS-PIK3CA axis in lung adenocarcinoma, while
mutations in KRAS gene have more profound impact in
transitioning by the same route in melanoma cohort.
The power of the pathway-based approach is that it may

provide clues about the possible mechanisms underlying
the differences in observed cancer patients’ survival.
Mutational forks may be useful for suggesting therapeutic
targets or to select the most appropriate patients for
clinical trials. For example, the KRAS G12Cmutation is a
well-known marker of particular forms of lung cancer that
are treatable by the drug AMG 510 (Amgen) [19].
However, some patients with the KRAS G12C mutation
have tumors that are resistant to treatment. By considering
combinations of mutational events incorporated in the
inference of transitional confidence, our approach can
identify a cohort of patients with the KRAS G12C
mutation that is functionally inactive at the pathway level
due to a cumulative silencing effect from other mutations.
Thus, the treatment-resistant nature of these patients can
be explained by their pathway mutational status and when
this pattern is observed, different therapy can be chosen.
This approach provides us with the opportunity to avoid
toxicity and wasting patient time with predictably
ineffective therapy, thus directing clinicians to potentially
more efficacious treatment upfront, which is the primary
goal of precision health and patient-centered medicine.
We chose lung adenocarcinoma and skin cutaneous

melanoma as case studies for several reasons. Both
malignancies have high mutational burden [20,21] and it
is still unclear which path will be activated given a
combination of such mutational events if, for example, a
cancer patient has both BRAF and PIK3CA mutations.
By knowing the exact signaling path affected by the
cumulative impact of multiple mutations, clinicians
would be able to tackle treatment resistance more
effectively. Although our experiments had been con-
ducted on genomics profiles derived from lung adeno-
carcinoma and melanoma patients, our method can be
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relevant to another types of cancer as well.
There are some limitations to our method. Due to the

algorithmic design, our approach employs a limited
number of curated signaling pathways relevant to cancer
theranostics. Furthermore, our method accounts for the
functional impact of single-nucleotide mutations, taking
into account the sporadic nature of investigated malig-
nancies. Due to the small scope of our study, we were
unable to utilize additional database resources, such as
SynMICdb [22], however, we will employ this database
in our future work. Since our intention was to show a
holistic picture of pathway deregulation for cancer
patients given multiple mutational events, we did not
differentiate among various phenotypical populations of
cancer patients. Finally, the clonal evolution of solid
tumors is beyond the scope of this article.
From a data standpoint, Leek et al. argued that

differences in sample collection and processing across
multiple centers could lead to batch effects, or variation in
the data due to technical factors that mask relevant
biological variation. For example, while considering
TCGA data, indel calls were more sensitive to technical
artifacts than single-nucleotide variant (SNV) calls [23].
Therefore, to avoid false positive associations we
considered only single-nucleotide mutations in this paper.
In the future, we plan to incorporate more signaling

pathways and to test the pipeline on a larger cohort of
patients. It is possible to extend the analysis to mutational
forks that consist of a larger number of genes, given a
sufficient amount of computing resources. To reduce the
search space for potential gene candidates in a particular
mutational fork, we will employ heuristic approaches,
including greedy and semi-greedy search, throughout the
interactome. For example, the EGFR gene has more than
a hundred potential gene-interaction partners, and by
applying heuristic searches the analysis could be
narrowed down to the most relevant nodes, which in
turn would help to address the combinatorial complexity
of TC calculations.
We also plan to redefine the activation status of the gene

(e.g., two standard deviations from the mean value of the
expression) to account for highly differentially expressed
genes. Moreover, we plan to incorporate other types of
genomic data (e.g., deletions, insertions) and use TREC
collections and MEDLINE for non-canonical literature
findings. Finally, we will conduct studies outside of the
scope of cancer research to test the generalizability of the
proposed method.

MATERIALS AND METHODS

Introduction and definitions

This section provides a brief overview of definitions in the

mutational fork formalism (Fig. 2). Here, we use bold font
for all pathway entities and italic font for functions and
probability distributions. For more details, please refer to
our previous publication [24].

JAB –mutational fork, a place where signal transduc-
tion can flow through alternative paths
J – junction gene, where signal transduction flow
splits
A, B – shoulder genes, the first genes in alternative
paths
JA, JB – legs of the mutational fork JAB
TJA(JAB) – transition of signal transduction flow to
leg
JA of the mutational fork JAB
TJB(JAB) – transition of signal transduction flow to
leg JB of the mutational fork JAB
P(TJA(JAB)) – probability of TJA(JAB)
P(TJB(JAB)) – probability of TJB(JAB)
M(X) – mutation of gene X
C(M(X)) – mutation condition of gene X
A(X) – status of gene X
C(A(X)) – activation condition of gene X
P(M(A) | TJA(JAB)) – probability of M(A) given
TJA(JAB)
P(M(A) | TJB(JAB)) – probability of M(A) given
TJB(JAB)
P(M(B) | TJB(JAB)) – probability of M(B) given
TJB(JAB)
P(M(B) | TJA(JAB)) – probability of M(B) given
TJA(JAB)
P(TJA(JAB) | M(A)= 1) – probability of TJA(JAB)
given M(A) = 1
P(TJA(JAB) | M(B)= 1) – probability of TJA(JAB)
given M(B) = 1

Figure 2. An example of a dual mutational fork.
J stands for junction gene, A and B denote shoulder

genes, TJA signifies transition of signal flow from the
node J to the node A, TJB represents transition of signal
transduction flow from the node J to the node B, black

arrows depict the direction of signal flow in the fork.
Dashed-line circles represent incoming and outcoming
nodes in the fork, grey arrows denote the direction of
signal flow from incoming and outcoming nodes in the

fork.
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P(TJB(JAB) | M(B)= 1) – probability of TJB(JAB)
given M(B) = 1
P(TJB(JAB) | M(A)= 1) – probability of TJB(JAB)
given M(A) = 1

We define mutation and activation statuses of a
particular gene X, given a corresponding mutational
event as shown in Eqs. (1) and (2). The gene is considered
to be mutated/activated if the corresponding conditions

C(M(X)) and C(A(X)) are met. In this work, the
activation condition is set when the expression
value ofX exceeds the average gene expression values for
X among all patients after a mutational event occurred.
The mutation condition C(M(X)) is enabled when a
single-nucleotide polymorphism (SNP) in gene X
occurred.

MðXÞ= 1, if CðMðXÞÞ is met

0, otherwise
, value 1 means gene X is mutated;

�
(1)

AðXÞ= 1, if CðAðXÞÞ is met

0, otherwise
, value 1 means gene X is active:

�
(2)

Mutational forks formalism for combinatorial
perturbations

Here, we introduce the notion of transitional confidence
(TC) to characterize transitions from the junction gene to
any of the shoulder genes, based on simultaneous
mutations in several genes in a fork. Consider an example
of combinatorial perturbation, where the shoulder genes
A and B are mutated, while the junction gene J is not
mutated:

TC
�
TJAðJABÞjMðJÞ=0,MðAÞ=1,MðBÞ=1

�
¼

PðMðJÞ=0,MðAÞ=1,MðBÞ=1jTJAðJABÞÞ � PðTJAðJABÞÞ
PðMðJÞ=0,MðAÞ=1,MðBÞ=1Þ

(3)

P(M(J) = 0,M(A) = 1,M(B) = 1) | TJA(JAB)) – number
of patient cases, where shoulder genes A and B are
mutated and activated, while junction gene J is not
mutated, divided by all cases in the cohort.
P(M(J) = 0, M(A) = 1, M(B) = 1) – number of patient

cases, where shoulder genes A and B are mutated, and
junction gene J is not mutated regardless of the activation
status of gene A and B, divided by all cases in the cohort.
P(TJA(JAB)) – frequency of topological linear motif

from junction gene J to shoulder gene A.
Following the logic in Eq. (3), we can infer a

perturbation pattern for any combination of mutations in
the mutational fork. Please note that unlike previously
described pathway analysis tools [8–12], our approach
uses literature findings about pathway interactions as a
prior to predict the flow of signal transduction. The TC
concept is fundamental in this paper, because it not only
enables the identification of gene-to-gene perturbation
patterns, but also is essential for determining patient-
specific flow through a particular mutational fork. Since

the previous version of the method addressed only single
mutational events in the inference of transitional con-
fidences [25], we improved the current version by
accounting for all possible combinations of mutations in
forks and, therefore, captured a larger scope of pathway
deregulation events for lung adenocarcinoma patients.

Data acquisition and preprocessing

Pathway data

The pathway data have been acquired from the Kyoto
Encyclopedia of Genes and Genomes (KEGG) database
[26]. These pathway maps have been processed using a
two-step curation approach.
The first step of curation consists of removing

inconsistencies and errors (e.g., missing or erroneous
gene-to-gene interactions) that were present in original
KGML files. During this process, all gene entities and
their interactions were verified using cited literature to
ensure accurate data provenance.
The second step of curation consists of data formaliza-

tion and data transformation procedures. The data
formalization procedure affects gene-to-gene interactions
and their directionality. To formalize gene-to-gene
interactions, we have replaced simplistic interaction
types in KEGG pathway maps by a set of more specific
biological relationships (e.g., binds_associates, phos-
phorylates_activates, phosphorylates_inhibits). Overall,
we have modeled 27 gene-to-gene interactions as in our
previous work [27]. These interaction terms have been
encoded as predicates in RDF triples. To formalize the
directionality of interactions, signal transduction is
considered to flow from the effectors to regulated gene
entities, which correspondingly determine the Start and
the End gene entities in a path. The data transformation
procedure translates curated KGML files into traversable
RDF subject-predicate-object triples.
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Finally, we have integrated five different pathway
maps, including the MAPK signaling pathway
(hsa04010), calcium signaling pathway (hsa04020),
JAK-STAT signaling pathway (hsa04630), NSCLC
signaling pathway (hsa05223), and PI3K-AKT signaling
pathway (hsa04151) into the RDF knowledge network as
per our previous work [28]. To address computational
complexity, we have introduced the notion of Protein
Family to represent proteomic isoforms and enable
traversal through singular protein family instances
(Table 2). A protein family can take an “un-collapsed”
form when a detailed analysis of a specific isoform is
needed. All gene entities were linked to terms in standard
gene and protein databases and ontologies such as GO
[29] and Uniprot [30] through the Human Protein
Reference Database (HPRD) [31].

Genomics data

The lung adenocarcinoma patients’ profiles have been
extracted from TCGA Pan-Cancer Atlas (TCGA-LUAD)
at the cBioPortal platform [25]. Whole-exome sequencing
(WES) has been performed on tumor and germ-line DNA
with a mean coverage 97.6� and 95.8�, respectively. The
mean somatic mutation rate across the lung adenocarci-
noma cohort was 8.87 mutations per megabase (Mb) of
DNA. The single-nucleotide mutation rate was 6.86 per
Mb. Seventy-five percent of somatic mutations identified
by WES were present in the RNA transcriptome when the
locus in question was expressed (minimum 5�) [32]. The
data consists of 566 patients, each represented by 114
attributes.
The skin cutaneous melanoma patients’ profiles have

been extracted from TCGA Pan-Cancer Atlas (TCGA-
SKCM) at the cBioPortal platform [25]. The melanoma
cohort is focused on metastatic cases (11.6% regional skin
cutaneous or subcutaneous metastatic tissue, 56.4%
regional metastatic lymph node, 25.1% distant or

unspecified metastatic tissue) because melanoma is most
often discovered after it has metastasized [33]. WES was
performed on paired tumor and germline normal genomic
DNA, including primary and metastatic melanomas with
a mean exon coverage of 87�, adequate for detecting a
single-nucleotide variant at an allelic fraction of 0.3 with a
power of 80% [34]. The data consists of 448 patients,
each represented by 114 attributes.
The following attributes were inputted to the muta-

tional fork:
• number of cases, where gene X (or Yor Z) is mutated.

This attribute requires information about specific altera-
tion (e.g., Pro369Gln);
• number of cases, where gene X (or Yor Z) is mutated

and activated. This attribute requires information about
specific alteration (e.g., Pro369Gln) and the correspond-
ing FPKM value;
• number of cases, where gene X (or Y or Z) is not

mutated;
• topological frequency for transition from X to Y (or X

to Z). This attribute requires information derived from
gene-to-gene interaction pairs, for example, how frequent
a specific gene pair appears in the set of extracted linear
paths.
Whole exome sequencing is not required, and a

combination of several candidate gene sequencings is
acceptable. We have considered both non-synonymous
and synonymous mutations for the downstream analysis,
because they have significant impact on translation or co-
translational protein folding and play an important role in
many diseases including cancer [35]. In addition, we have
averaged the expression values across cancer patients for
each gene in order to measure the activation effect from
the mutational event.

Mutational forks extraction from RDF knowledge
network

To reflect the direction of signal propagation, surface
receptors have been encoded as start genes, while nuclear
transcriptional factors have been encoded as end genes
[36]. For this study, we chose the EGFR gene as a start
gene, which corresponds to the cellular receptor and the
CCND1 gene as the end gene, which corresponds to the
nuclear target. The objective behind selection of these
genes was that activation of the epidermal growth factor
receptor (EGFR)-tyrosine kinases is a key reason for lung
adenocarcinoma progression [37]. On the other hand,
deregulation of CCND1 has been implicated in the
pathogenesis of lung adenocarcinoma and is associated
with poor prognosis [38]. However, other genes relevant
to lung adenocarcinoma pathogenesis can be selected as
well, including multiple-input, multiple-output options.
The k-shortest path graph algorithm has been applied to

Table 2 Example of protein families
Protein family Members

RAS HRAS, KRAS, NRAS

RAF ARAF, BRAF, RAF1

PI3K PI3KCA, PI3KCB, PI3KCD, PI3KR1,

PI3KR2, PI3KR3

MAP2K MAP2K1, MAP2K2

MAPK1 MAPK1, MAPK3

AKT AKT1, AKT2, AKT3

MAPK2 MAPK8, MAPK9, MAPK10

CRK CRK, CRKL

MAPK8IP MAPK8IP1, MAPK8IP2
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extract a set of linear paths from start to end genes.
Finally, a custom script has identified frequently-occur-
ring linear paths and combined them into mutational forks
in a form of dual and triple forks.

Identification of patient-specific signaling routes

We have performed three blocks of TC calculations for
dual forks and four blocks of TC calculations for triple
forks:
• Block 1: one mutational event occurred, either in the

junction gene or one of the shoulder genes;
• Block 2: two mutational events occurred simulta-

neously, either in the junction gene and one of the
shoulder genes or in two shoulder genes;
• Block 3: three mutational events occurred conjointly,

either in the junction gene and two of the shoulder genes
(in the case of dual and triple forks) or in three shoulder
genes (in the case of triple forks only). A special case of
this scenario has occurred when all genes are mutated in
the triple fork.
We then calculated the TC for each block using Eq. (3).

SUPPLEMENTARY MATERIALS

The supplementary materials can be found online with this article at https://

doi.org/10.1007/s40484-020-0227-0.
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