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ARTICLE OPEN

Network pharmacology modeling identi� es synergistic Aurora
B and ZAK interaction in triple-negative breast cancer
Jing Tang 1,2,3, Prson Gautam 1, Abhishekh Gupta1,4, Liye He1, Sanna Timonen1, Yevhen Akimov1, Wenyu Wang1,
Agnieszka Szwajda1, Alok Jaiswal1, Denes Turei5, Bhagwan Yadav1,6, Matti Kankainen1,7, Jani Saarela1, Julio Saez-Rodriguez5,8,
Krister Wennerberg1,9 and Tero Aittokallio 1,3

Cancer cells with heterogeneous mutation landscapes and extensive functional redundancy easily develop resistance to
monotherapies by emerging activation of compensating or bypassing pathways. To achieve more effective and sustained clinical
responses, synergistic interactions of multiple druggable targets that inhibit redundant cancer survival pathways are often required.
Here, we report a systematic polypharmacology strategy to predict, test, and understand the selective drug combinations for MDA-
MB-231 triple-negative breast cancer cells. We started by applying our network pharmacology model to predict synergistic drug
combinations. Next, by utilizing kinome-wide drug-target pro� les and gene expression data, we pinpointed a synergistic target
interaction between Aurora B and ZAK kinase inhibition that led to enhanced growth inhibition and cytotoxicity, as validated by
combinatorial siRNA, CRISPR/Cas9, and drug combination experiments. The mechanism of such a context-speci� c target interaction
was elucidated using a dynamic simulation of MDA-MB-231 signaling network, suggesting a cross-talk between p53 and p38
pathways. Our results demonstrate the potential of polypharmacological modeling to systematically interrogate target interactions
that may lead to clinically actionable and personalized treatment options.

npj Systems Biology and Applications           (2019) 5:20 ; https://doi.org/10.1038/s41540-019-0098-z

INTRODUCTION
Aberrant activation of protein targets such as kinases plays a
fundamental role in cancer progression. Hundreds of chemical
compounds that inhibit dysregulated targets have been under
investigation in clinical trials.1 However, many such targeted
compounds have resulted in a limited ef� cacy as the cancer cells
are capable of exploiting complex genetic and epigenetic bypass
mechanisms to escape the mono-targeted treatments. A
polypharmacology-based paradigm has therefore been proposed
for designing multi-targeted therapy to achieve more effective
and sustained clinical responses.2–4 However, there remains a
practical challenge of how to systematically identify synergistic
target interactions that are amenable for combinatorial therapies.
It has recently been shown that systems-level compound-target
interaction networks that capture both on and off-target effects
can reveal functional links between cancer vulnerabilities and
target gene dependencies, hence supporting the concept of
network pharmacology approach to systematically identify novel
target interactions that may inhibit synergistically dysregulated
cancer survival pathways.5–7

Triple-negative breast cancers (TNBC) constitute a heteroge-
neous group of breast cancers, de� ned histologically by the lack of
expression of the estrogen receptor (ER), progesterone receptor
(PR), and the human epidermal growth factor receptor 2 (HER2).

TNBC patients tend to respond initially to a conventional
chemotherapy, however, the risk of relapse is high, especially if
the pathological complete response (pCR) cannot be achieved.8

Therefore, the prognosis for TNBC patients remains poor
compared to other main subtypes of breast cancer. TNBC patients
and cell line models often show heterogeneous responses to
targeted drugs.9,10 The limited ef� cacy of single-targeted drugs is
most likely due to multiple survival pathways being activated in
TNBC. Further, many prognostic markers (e.g.,EGFR) are not
necessarily among drivers of the cancer initiation and progres-
sion.11 Thus, there is an urgent need to develop personalized
approaches that can suggest more selective, multi-targeted
therapies for treating TNBC patients.

Cancer cell lines are being widely used as models for
comprehensive drug testing and preclinical investigations. Among
the TNBC cell models, MDA-MB-231 has been shown to resemble
the transcriptional pro� les of the claudin-low tumor TNBC
subtype, where the stem cell-like features are enriched.12 Further,
MDA-MB-231 harbors aTP53missense mutation, which occurs in
over 50% of human cancers, and is one of the key drivers that
contribute to early tumorigenesis and tumor progression in
TNBC.13 The complex cross-talks between p53 loss of function
and other oncogenic pathways partly explain why therapeutic
strategies to reactivate mutated p53 have shown only little

Received: 27 March 2018 Accepted: 6 June 2019

1Institute for Molecular Medicine Finland (FIMM), University of Helsinki, Helsinki, Finland;2Research Program in Systems Oncology, Faculty of Medicine, University of Helsinki,
Helsinki, Finland;3Department of Mathematics and Statistics, University of Turku, Turku, Finland;4Center for Quantitative Medicine, University of Connecticut School of Medicine,
Farmington, CT, USA;5European Molecular Biology Laboratory, European Bioinformatics Institute (EMBL-EBI), Hinxton, UK;6Hematology Research Unit Helsinki, Department of
Medicine and Clinical Chemistry, University of Helsinki and Helsinki University Central Hospital, Helsinki, Finland;7Medical and Clinical Genetics, University of Helsinki and Helsinki
University Hospital, Helsinki, Finland;8Institute for Computational Biomedicine, Faculty of Medicine, Heidelberg University, Heidelberg, Germany and9Biotech Research &
Innovation Centre (BRIC), University of Copenhagen, Copenhagen, Denmark
Correspondence: Jing Tang (jing.tang@helsinki.� ) or Tero Aittokallio (tero.aittokallio@helsinki.� )
These authors contributed equally: Prson Gautam, Abhishekh Gupta

www.nature.com/npjsba

Published in partnership with the Systems Biology Institute

http://orcid.org/0000-0001-7480-7710
http://orcid.org/0000-0001-7480-7710
http://orcid.org/0000-0001-7480-7710
http://orcid.org/0000-0001-7480-7710
http://orcid.org/0000-0001-7480-7710
http://orcid.org/0000-0002-1154-8501
http://orcid.org/0000-0002-1154-8501
http://orcid.org/0000-0002-1154-8501
http://orcid.org/0000-0002-1154-8501
http://orcid.org/0000-0002-1154-8501
http://orcid.org/0000-0002-0886-9769
http://orcid.org/0000-0002-0886-9769
http://orcid.org/0000-0002-0886-9769
http://orcid.org/0000-0002-0886-9769
http://orcid.org/0000-0002-0886-9769
https://doi.org/10.1038/s41540-019-0098-z
mailto:jing.tang@helsinki.fi
mailto:tero.aittokallio@helsinki.fi
www.nature.com/npjsba


ef� cacy in vivo.14 MDA-MB-231 also harborsKRASand BRAF
mutations. Therefore, better understanding of the cross-talks
among multiple dysregulated pathways in MDA-MB-231 could
lead to general principles toward designing of tailored combina-
torial treatments for high-grade TNBCs, where increased RAS/RAF/
MEK pathway activity is common.15,16

We have developed a network pharmacology model called
TIMMA (Target Inhibition interaction using Minimization and
Maximization Averaging) that utilizes set theory to predict
synergistic drug combinations based on monotherapy drug
sensitivity data and drug-target interaction data for a given
cancer cell type.17 The prediction accuracy of TIMMA has been
previously validated using multiple cell lines of different cancer
types. For instance, we have tested the TIMMA predictions on
MCF-7 breast cancer and BxPC-3 pancreatic cell lines, where the
model was able to predict essential and synthetic lethal target
pairs as validated by double siRNA knockdown experiments.17 In a
follow-up study, the TIMMA predictions were also experimentally
validated in drug combination experiments for a dedifferentiated
liposarcoma (DDLS) cell line.18 More recently the TIMMA approach
was extended to patient-derived cancer samples.19 However, since
the TIMMA model predicts drug combinations in a data-driven
manner, it lacks a systematic exploration of the mechanisms of
action for the predicted drug combinations. Without ef� cient
computational and experimental techniques to validate the
underlying target interactions, it remains challenging to identify
predictive biomarkers for the drug combination responses for
personalized medicine applications.

In the present study, we developed and tested a systematic
strategy that combines extensive computational and experimental
techniques to explore and therefore better understand why
speci� c drug combinations were predicted to be synergistic by
TIMMA in MDA-MB-231 cells. The predicted drug and target
combinations were experimentally validated using systematic
drug combination and pairwise siRNA knockdown assays,
respectively. Interestingly, we found complex interactions among
three multi-target kinase inhibitors including midostaurin, niloti-
nib, and motesanib: while midostaurin and nilotinib synergistically
inhibited cell growth, the midostaurin–motesanib combination led
to antagonistic effect, resulting in a synthetic rescue of the cancer
cells. Through a systematic investigation of the kinome-wide drug-
target pro� les, we identi� ed a synergistic interaction between
Aurora B, a key regulator of mitosis, and ZAK, a key regulator of
p38 MAPK pathway. We con� rmed the Aurora B and ZAK
inhibition synergy using combinatorial siRNA, CRISPR/Cas9, and
compound screens. Using a dynamic simulation of the MDA-MB-
231-speci� c cancer signaling network, we further identi� ed the
context-dependent cross-talks between p53 and p38 pathways
upon the inhibition of Aurora B and ZAK. Using patient data, we
showed that ZAK expression is negatively correlated with the
survival of breast cancer patients. In the TNBC patient subset, we
further discovered a speci� c pattern of AURKBand ZAKupregula-
tion with frequent TP53mutation, suggesting a clinical potential of
combined Aurora B and ZAK inhibition for certain groups of TNBC
patients. Taken together, our results demonstrated the potential
of a systematic computational–experimental strategy to identify
novel target interactions that may lead to clinically actionable and
personalized combinatorial therapies in cancer.

RESULTS
The network pharmacology model predictions are in agreement
with drug and siRNA combination experiments
To prioritize speci� c drug combinations for a particular cancer cell
sample, we made use of our network pharmacology model
TIMMA17 (Fig.1a). TIMMA utilized set theory to predict synergistic
drug combinations based on monotherapy drug sensitivity

pro� les and drug-target interaction data for a given cancer cell
sample. The algorithm starts by identifying a set of essential drug
targets that are most predictive of single-drug sensitivity. A drug
combination is then treated as a combination of these essential
targets, the effects of which can be estimated based on the set
relationships between the drug combination target pro� les and
the single-drug target pro� les. As a case study, here we applied
the TIMMA model to single-drug sensitivity pro� les of 41 kinase
inhibitors in MDA-MB-231 cell line, combined with the kinome-
wide drug-target interaction pro� les for the 41 compounds
covering 385 kinase targets (Supplementary Data 1; Methods).
Based on these input data, TIMMA constructed a network
pharmacology model comprising of 8 drug-target inhibition
nodes among 19 drugs and 20 targets that were most predictive
of the drug combination sensitivity in MDA-MB-231 (Fig.1b). The
sensitivity of a drug combination can be inferred from the
topology of the network, by checking whether the drug
combination inhibits nodes that lead to a breakdown of the
network into disconnected subunits. To systematically validate the
model predictions on MDA-MB-231, we carried out a drug
combination screen involving 50 drug pairs, where several pairs
were repeated using different concentration ranges, totaling in 70
combination matrices (Supplementary Data 2). The results showed
that the predicted low and high synergy drug combinations were
in line with the experimental synergy scores determined by the
Bliss model (p = 0.0008, Wilcoxon rank sum test; Fig.1c, left panel;
Supplementary Data 2; Supplementary Fig. 1).

We further explored whether the selected targets in the
network can explain the observed drug combination synergy.
We found that the low and high synergy drug combinations also
showed signi� cant differences in the siRNA combination experi-
ments (n = 69, p < 0.0001, Wilcoxon rank sum test; Fig.1c, right
panel; Supplementary Data 3), suggesting that the model-selected
drug targets were able to explain the observed drug synergies. As
a speci� c example, the MDA-MB-231 drug combination network
positioned dasatinib and its kinase targets (EPHA5, TXK, BMX, CSK,
EPHB1, and EPHB4) as a central hub, which was supported by the
enrichment of dasatinib in the top-synergistic drug combinations
(p < 0.0001, Wilcoxon rank sum test; Fig.1d, left panel; Supple-
mentary Data 2), as well as by the enrichment of dasatinib targets
in the top-effective siRNA combinations (n = 110, p = 0.017,
Wilcoxon rank sum test, Fig.1d, right panel; Supplementary Data
4). On the other hand, sorafenib uniquely appeared in both of the
parallel branches. The removal of dasatinib and sorafenib thus
broke the network into three disconnected components, suggest-
ing that such a combination may achieve a maximal sensitivity. In
line with such a prediction from the network topology, we
experimentally con� rmed that the dasatinib–sorafenib combina-
tion had the strongest synergy among all the tested drug
combinations (Bliss synergy score: 8.2, Supplementary Fig. 2,
Supplementary Data 2). On the other hand, BI 2536 was
positioned at the root of the network, indicating a strong ef� cacy
for any combination that includes BI 2536 (Supplementary Fig. 3).
The model linked BI 2536 sensitivity with the target PLK1, which is
known to be critical for the growth of MDA-MB-231 and many
other cancer cell lines.20 In summary, these results demonstrated
that the data-driven drug combination network model can
accurately prioritize potent combinations as well as suggest their
underlying target interactions for further experimentation.

Identifying Aurora B–ZAK and Aurora B–CSF1R interactions
underlying the predicted drug combinations
To focus on potentially more selective combinations (compared to
promiscuous dasatinib and sorafenib), we next investigated
speci� cally those drug combinations that inhibit the kinases
Aurora B and ZAK, which appeared in the two parallel branches of
the network (Fig.1b). As predicted, we found that midostaurin and

J. Tang et al.

2

npj Systems Biology and Applications (2019)    20 Published in partnership with the Systems Biology Institute

12
34

56
7

89
0(

):
,;



nilotinib synergistically decreased cell viability (Bliss synergy score:
4.48, Fig.2a, left panel). We also found the same level of synergism
in the combination of AZD1152-HQPA, a selective Aurora B
inhibitor, with two ZAK inhibitors nilotinib (Bliss synergy score:
4.40) and motesanib (Bliss synergy score: 3.41), respectively. These
results con� rmed the Aurora B–ZAK inhibition synergy in MDA-
MB-231 cells. In contrast, the midostaurin–motesanib combina-
tion, despite of inhibiting also Aurora B and ZAK, showed a strong
antagonistic effect (Fig.2a, right panel). Such an opposite
interaction pattern that involved a common drug (midostaurin)
combined with different inhibitors (nilotinib versus motesanib)
suggests a polypharmacological complexity due to promiscuous
and reversed target interactions. We therefore hypothesized that
there may exist antagonistic target interactions that are under-
lying the midostaurin–motesanib combination (Fig.2b, top panel).

To probe the target interaction space behind these drug
combinations, we extracted the drug-target interaction pro� les
from a kinome-wide binding af� nity assay,21 and de� ned a kinase
as a target for a given drug if the dissociation constant (Kd) is
lower than 10-fold of the minimal (Kd) across all the kinases for the
particular drug. The drug-speci� c thresholds were used due to the
very different inherent (on-target and off-target) activities
between kinase inhibitors.7 Furthermore, we focused on the

expressed targets by removing non-expressed targets, i.e., log2
gene expression values lower than 6, according to the transcrip-
tomic pro� les of MDA-MB-231 from Cancer Cell Line Encyclope-
dia22 (Fig.2b; Supplementary Data 5). This� ltering process led to
the identi� cation of 45 target pairs involving 18 genes that can be
classi� ed into three groups, depending on whether they are
shared by the midostaurin–motesanib and midostaurin–nilotinib
combinations (Fig.2b, middle panel). We then carried out a siRNA
combination screen testing systematically all the 45 target pairs.
The results again con� rmed a strong synergy between Aurora B
and ZAK (Fig.2c, left panel; Supplementary Data 6–7). On the
other hand, we found that a majority of the antagonistic target
interactions involved CSF1R, including the Aurora B–CSF1R pair
(Fig.2c, right panel). Although the Aurora B–CSF1R interaction was
not the most antagonistic pair, the interplay among Aurora B, ZAK,
and CSF1R in the midostaurin–motesanib combination suggested
intriguing dual roles of Aurora B towards ZAK and CSF1R that lead
to unexpected opposite interactions.

To further con� rm the synergistic interaction between Aurora B
and ZAK in MDA-MB-231 cells, we performed a non-pooled siRNA
knock-down combination screen, using four independent siRNAs
from two providers (Qiagen and Ambion) (Supplementary Data 8).
Although there were differences between the individual siRNA
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Fig. 1 Network pharmacology modeling for MDA-MB-231 cancer cells.a Schematic outline of the computational–experimental approach to
predicting and validating effective drug combinations and their underlying target interactions. The TIMMA algorithm takes as input single-
drug sensitivity pro� les and drug-target interaction pro� les (here, among 41 kinase inhibitors and 385 kinase targets), and utilizes min–max
averaging rules to search a target subset that is most predictive of the observed single-drug sensitivities in the given cells (see Methods). A
drug combination is then treated as a combination of the selected targets, the combined effect of which can be quantitatively predicted
based on the set relationships between the target pro� les of the drugs. The outcome of the TIMMA model consists of a list of predicted drug
synergy scores and a drug combination network for further experimental validation.b The drug combination network predicted for MDA-MB-
231 cancer cells. The network consists of drugs (rectangular nodes) and their kinase targets (oval nodes). An effective drug combination can
be inferred by checking whether the removal of them breaks the network into disjoint components (e.g., BI2536–dasatinib combination and
dasatinib–midostaurin combination). The EPHA5 and MAK target nodes contain multiple kinases that are unique to dasatinib and alvocidib,
respectively, but indistinguishable by their target pro� les. c The predicted drug combinations and their target interactions were con� rmed
using pairwise drug combination screen (left) and double knock-down siRNA screen (right) using cell viability assay (CellTiter-Glo). Drug
combinations with predicted synergy score higher than the average (0.3485) were classi� ed as high synergy group.d The double knock-
downs that involved a predicted target of dasatinib showed a stronger cell viability inhibition compared to the other target pairs (right), which
may explain the stronger synergies observed in the dasatinib-involving drug combinations compared to non-dasatinib combinations (left).
Statistical signi� cance was evaluated using Wilcoxon rank sum test (two-sided)
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ef� cacies, the majority of double knock-downs showed signi� cant
synergy in both cell viability (CellTiter-Glo) and cell toxicity
(CellTox Green) assays (Fig.3a; Supplementary Fig. 4). Further, the
knock-down ef� ciency of the Qiagen siRNAs forAURKBand ZAK
was con� rmed both at the transcript and protein levels (Fig.3b,
Supplementary Data 9). To con� rm whether such synergies are
also observed with loss-of-function gene knock-outs, we per-
formed combinatorial CRISPR/Cas9 cell viability and toxicity
screens, and found a similar level of synergistic effects in three
out of the four individual AURKBand ZAKdouble sgRNAs (Fig.3c;
Supplementary Fig. 5). Due to the lack of highly selective ZAK
inhibitors, we further evaluatedZAKsiRNAs in combination with
three selective Aurora B kinase inhibitors (AZD1152-HQPA, TAK-
901, and GSK-1070916). Although the siRNA-speci� c differences
were again present, signi� cantly higher inhibition measured by
CellTiter-Glo and cytotoxicity effects by CellTox Green were
observed in all the combination experiments, compared to the
use of inhibitors alone (Fig.3d).

To con� rm that the predicted synergistic interaction between
Aurora B and ZAK is cell context-speci� c, we applied the TIMMA
prediction model also to MDA-MB-361, an ER-positive, HER2-
positive, and PR-negative breast cancer cell line, as well as to
another triple negative cell line, MDA-MB-436 (Supplementary
Data 10–11). In line with the model predictions, the AURKB
inhibitors combined withZAKsiRNAs showed synergy in MDA-MB-
436 (predicted synergy score= 0.28), while the interaction
became antagonistic in MDA-MB-361 (predicted synergy score
= 0.17) (Supplementary Fig. 6), suggesting a context-speci� city of
the identi� ed target interactions.

Understanding Aurora B–ZAK and Aurora B–CSF1R interactions by
dynamic simulation of signaling pathways
To investigate the potential mechanisms of how ZAK and CSF1R
partners mediate their dual roles with Aurora B in the synergistic
and antagonistic interactions, we compiled a signaling network
consisting of proteins that have previously been reported to
interact with either Aurora B, ZAK, or CSF1R, for which the
directions and signs of the network connections were retrieved
from OmniPath,23 a comprehensive collection of human signaling
pathways curated from the literature (Supplementary Data 12;
Methods). To make the signaling network speci� c to MDA-MB-231,
genome-wide gene expression pro� les from a recent RNA-seq
study24 were utilized to further pinpoint 20 proteins that were
differentially expressed in MDA-MB-231 cell compared to other
cancer cell lines (Supplementary Fig. 7, Supplementary Data 13).
The constructed signaling network positioned wildtype p53 as the
central hub, which interacts with Aurora B directly, while the links
with ZAK and CSF1R were established via the p38 MAPK pathway
and TGF-� pathway, respectively (Fig.4a). While these links cannot
be claimed to be causal, we speculated that the observed
synergistic and antagonistic interactions may be related to the
cross-talk between p53 and p38 pathways. To model the signaling
network, we further determined the degradation and production
rates for each gene based on their Reads Per Kilobase of transcript,
per Million mapped reads (RPKM) values.24 To accurately capture
the effect of inherent stochasticity in gene expression, we
simulated the model using SGNS2 (Stochastic Genetic Network
Simulator).25,26 We chose SGNS2 because of its computational
ef� ciency and ability to model partitioning at division.27 In our
model, cell growth was assumed to be TP53 dependent. More
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