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Experimentally-driven mathematical
model to understand the effects of matrix
deprivation in breast cancer metastasis
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Normal epithelial cells receive proper signals for growth and survival fromattachment to the underlying
extracellular matrix (ECM). They perceive detachment from the ECM as a stress and die — a
phenomenon termed as ‘anoikis’. However, metastatic cancer cells acquire anoikis-resistance and
circulate through the blood and lymphatics to seed metastasis. Under normal (adherent) growth
conditions, the serine-threonine protein kinase Akt stimulates protein synthesis and cell growth,
maintaining an anabolic state in the cancer cell. In contrast, previously we showed that the stress due
to matrix deprivation is sensed by yet another serine-threonine kinase, AMP-activated protein kinase
(AMPK), that inhibits anabolic pathways while promoting catabolic processes. We illustrated a switch
from Akthigh/AMPKlow in adherent condition to AMPKhigh/Aktlow in matrix-detached condition, with
consequent metabolic switching from an anabolic to a catabolic state, which aids cancer cell stress-
survival. In this study, we utilized these experimental data and developed a deterministic ordinary
differential equation (ODE)-basedmechanisticmathematical model tomimic attachment-detachment
signaling network. To do so, we used the framework of insulin-glucagon signaling with consequent
metabolic shifts to capture the pathophysiology of matrix-deprived state in breast cancer cells. Using
the developedmetastatic breast cancer signaling (MBCS)model, we identified perturbation of several
signaling proteins such as IRS, PI3K, PKC, GLUT1, IP3, DAG, PKA, cAMP, and PDE3 upon matrix
deprivation. Further, in silico molecular perturbations revealed that several feedback/crosstalks like
DAG to PKC, PKC to IRS, S6K1 to IRS, cAMP to PKA, and AMPK to Akt are essential for themetabolic
switching in matrix-deprived cancer cells. AMPK knockdown simulations identified a crucial role for
AMPK in maintaining these adaptive changes. Thus, this mathematical framework provides insights
on attachment-detachment signaling with metabolic adaptations that promote cancer metastasis.

Cancer can be perceived as a state of human cells whereby they have
transitioned from normalcy to neoplastic growth and malignancy aided by
the accumulation of genetic and epigenetic changes1. GLOBOCAN 2020
cancer statistics reveal that female breast cancer contributes to the majority
(11.7%) of all cancer incidences when compared across both sexes2. Among
females, breast cancer not only makes up for themajority of incidences, but
also contributes to themajority of cancer-associated deathsworldwide2. It is
estimated that around 90% of cancer-associated mortalities are due to
metastasis3 – the process bywhich cancer cells detach from the primary site,
intravasate into the vasculature, survive in the circulation, extravasate at a

secondary site and develop into a secondary tumor (illustration in Fig. 1).
Understanding the underlying molecular mechanisms of this multi-step
invasion-metastasis cascade can help curb the spread of cancer, and thus,
cancer-associated mortality.

Epithelial cells are attached to the underlying extracellular matrix
(ECM) through cell surface proteins called integrins4. This attachment is
necessary for receiving adequate signals for growth and survival.When cells
are adhered to the ECM, under normal growth conditions, the PI3K/Akt/
mTOR signaling pathway promotes nutrient uptake, protein synthesis,
and cell proliferation, thus maintaining an anabolic state in the cancer cell5.
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The cells perceive detachment from the underlying ECM as a stress, which
leads to cell death. This cell death due to matrix deprivation is known as
anoikis6. In contrast to normal cells, cancer cells acquire the ability to
overcome anoikis, which enables their exit from the primary site and
journey through the circulation to seedmetastasis. Following the disruption
of cell-ECM interaction, cancer cells encounter multiple stresses including
alteredmechanical forces, cytoskeletal rearrangement, and shear stress7.We
recently showed that one protein that sensesmatrix detachment stress is the
metabolic regulator AMP-activated protein kinase (AMPK)8–10. AMPK is
activated by two main upstream kinases - Liver Kinase B1 (LKB1) which
appears to be constitutively active11, and Calcium/Calmodulin-dependent
protein kinase kinase beta (CaMKKβ) which is activated by increase in
intracellular calcium concentration11. Upon activation, AMPK promotes
catabolic pathways like fatty acid oxidation and glycolysis, while simulta-
neously inhibiting anabolic pathways such as protein synthesis, fatty acid
synthesis and glycogen synthesis12. Thus, survival under matrix deprivation
involves an interplay among alterations in mechanotransduction, biophy-
sical forces, signaling molecules, and metabolic alterations. To better
understand the complexity of the underlying signal transduction networks
that govern the adaptation of cancer cells to matrix deprivation, in this
study, we have taken a mathematical modeling approach which serves as a
powerful tool to investigate molecular responses systematically.

One of the earliest mathematical models of tumor invasion and
metastasis described tumor in macro-scale structure (cell population level)
andmicro-scale structure (individual cell level) and used partial differential
equations describing the synthesis and/or activation of matrix-degrading
enzymes by the tumour cells to model invasion, migration and
angiogenesis13. A recent report on modeling metastasis captured the inter-
connected process of invasion and metastatic spread of individual cancer
cells in a spatially explicit manner14. Mathematical models on breast cancer
tumor progression with respect to immune infiltration15 and cell cycle
events16 have also been attempted. Experimentally-driven mathematical
models have elucidated targeted therapy for HER2+ breast cancer17,
Warburg phenotype in breast cancer18, andmetabolic plasticity by coupling
gene regulation with metabolic pathways19. Few of these models have
explained intracellular signaling network and elucidated treatment
responses of cancer cells to several drugs usingmodel simulations.However,
all the above studies were restricted to matrix-attached or adherent cell
culture systems. One recent work from our laboratory integrated
computational-experimental approach and developed a mechanism-based
mathematical model that captures the set of experimentally reported
interactions among the kinases AMPK/Akt, and their respective phospha-
tases PP2C/PHLPP2, and showed the existence of bistability over a specific
range of parameter sets20. To the best of our knowledge, there exists no
mathematical model that captures the attachment-detachment signaling
network and attributes to the metabolic states of matrix-attached and
matrix-deprived breast cancer cells.

Development of metastatic breast cancer signaling
(MBCS) mathematical model to simulate matrix depri-
vation in breast cancer cells
In this study, we developed an experimentally-driven, deterministic, ODE-
based, mechanistic mathematical model that captures the pathophysiology
of matrix-deprived breast cancer cells, and is referred to as the metastatic
breast cancer signaling (MBCS) model. To do so, we combined the
experimental data on attachment-detachment signaling comprising of
AMPK-Akt crosstalk in matrix-deprived breast cancer cells10, and concepts
of a computational model on integrated insulin-glucagon signaling
network21, as described below.

Prior experimental work from our laboratory identified that
detachment of adherent breast cancer cells by trypsinization or
mechanical scraping leads to AMPK activation (Fig. 2a). We further
demonstrated that the spike in cytosolic calcium (Ccal) levels induced by
matrix detachment contributes towards the rapid and sustained acti-
vation of AMPK via CaMKKβ9. We additionally showed that matrix
deprivation-triggered AMPK activity concomitantly inhibits Akt
activity. The resultant AMPKHigh/AktLow state was essential for the stress-
survival of matrix-detached breast cancer cells10. Coupling the AMPK/
Akt activity states with transcriptomics data analyses, we also reported
that matrix-attached and matrix-deprived conditions were associated
with anabolic and catabolic states, respectively10. Furthermore, we
recently showed the inhibition of mTOR (a key player in protein
synthesis) and consequent impairment of protein synthesis uponmatrix
deprivation22. These experimental data are depicted as a cartoon in
Fig. 2a.

To create a mathematical model that captures the above effects of
matrix deprivation, we adapted a mathematical framework on integrated
insulin-glucagon signaling pathway21 as illustrated in Fig. 2b. Somvanshi et
al. explained the signaling of IRS/PI3K/PKC and IRS/PI3K/Akt/mTOR
pathways activatedby insulin, and cAMP/PKAandPLCpathways activated
by glucagon21. They further described the outcome of these signaling
pathways as anabolic and catabolic state based on the activation state of Akt
andPKA, respectively. Insulin signaling via thePI3K-Akt signalingpathway
increases glucose uptake via GLUT4, promotes glycogenesis and stimulates
fat synthesis, thus contributing to the anabolic state of the cell23,24. On the
contrary, glucagon signaling, via the activation of PKA, promotes glyco-
genolysis and gluconeogenesis while inhibiting glycogenesis and
glycolysis25, thereby contributing to a catabolic statewithin the cell24,25.AHill
function in terms of pAkt (phosphorylated Akt) was used to quantify the
anabolic state and aHill function in terms of aPKA (active PKA)wasused to
quantify the catabolic state21. The saturation constants of these functions
were calibrated and fixed at the physiological range as reported previously21.
The signaling network was triggered by the levels of macronutrients like
glucose, amino acid and fatty acid in coordination with hormones like
insulin and glucagon21.

Fig. 1 | Process ofmetastasis.Metastasis is defined as the process bywhich cancer cell detach from the primary site, enter into the vasculature, survive in circulation, exit from
the vasculature and colonize at a secondary site.
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Fig. 2 | Development ofmetastatic breast cancer signaling (MBCS)mathematical
model to simulate matrix deprivation in breast cancer cells. a Cartoon depicting
AMPK-Akt signaling in matrix-attached vs matrix-detached breast cancer cells:
(adapted and modified from Saha et al., 2018: In matrix-attached condition, active
Akt inhibits AMPK and maintains pAktHigh/pAMPKLow phenotype which corre-
sponds to anabolic state and is conducive for cell growth and proliferation. In
matrix-deprived condition, the spike in cytosolic calcium (Ccal) triggered bymatrix-
detachment activates AMPK via CAMKKβ. Active pAMPK inhibits Akt and
maintains pAMPKHigh/pAktLow phenotype which corresponds to catabolic state that
facilitates stress-survival in matrix-deprived cancer cells. b Cartoon depicting
integrated insulin-glucagon signaling network (adapted and modified from Som-
vanshi et al., 2019). The inputs to the cell consisted of glucose, amino acid and fatty
acids as macronutrients present in the plasma whose levels trigger hormones like
insulin and glucagon, and their signaling, respectively. When insulin signaling is
switched on, themetabolic state is anabolic.When glucagon signaling is switched on,

the metabolic state is catabolic. c Proposed network on attachment-detachment
signaling in breast cancer cells. In the matrix-attached state, growth factors like
insulin activate the IRS/PI3K/Akt axis and consequent increase in pAkt levels
maintains an anabolic state in the cell. The signalingmolecules that are functional in
thematrix-attached state constitute the attachment signaling and include IRS, PI3K,
Akt, mTOR, S6K1, PKC, GLUT1 and PDE3. Upon matrix deprivation, the spike in
cytosolic calcium activates the cAMP/PKA axis and consequent increase in levels of
aPKA maintains a catabolic state in the cell. The signaling molecules that are
functional in the matrix-detached state constitute the detachment signaling and
include Ccal, CAMKKβ, DAG, IP3, cAMP, PKA and AMPK. Green arrows indicate
positive feedback or activation. Red lines ending with a dot indicate negative feed-
back or inhibition. Black solid lines indicate translocation, degradation, and meta-
bolic states. Black dotted lines indicate crosstalks between anabolic and catabolic
pathways.
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We drew parallels between the AMPK-Akt crosstalks and metabolic
states of breast cancer cells (Fig. 2a) with the signaling molecules and
metabolic states regulated by the insulin-glucagon pathway (Fig. 2b) and
propose an integrated attachment-detachment signaling network (Fig. 2c)
for the MBCS model.

The following key modifications were made to the existing insulin-
glucagon mathematical framework21 to capture the effects of matrix
deprivation on breast cancer cells. Firstly, the equation of Akt was modified
to include the negative effect of AMPKonAkt. CaMKKβwas introduced as
an upstream kinase of AMPK. The effect of the spike in cytosolic calcium
was transferred to AMPK via CaMKKβ. GLUT4 was replaced by
GLUT1 since it is the glucose transporter predominantly expressed in breast
cancer cells. AMPK’s negative effect on mTOR was captured by modifying
the equation ofmTOR. Selected parameters were adjusted to get the relative
fold changes of pAMPK, pAkt and p-mTOR in matrix-deprived compared
to matrix-attached condition (see Methods). This model describes breast
cancer cells in matrix-attached vs. matrix-deprived condition as follows: in
the matrix-attached state, growth factors like insulin activate the IRS/PI3K/
Akt axis and consequent increase in pAkt levels maintains an anabolic state
in the cell. The signaling molecules that are functional in the matrix-
attached state constitute the attachment signaling and include IRS, PI3K,
Akt, mTOR, S6K1, PKC, GLUT1 and PDE3. Upon matrix deprivation, the
spike in cytosolic calcium activates the cAMP/PKA axis and consequent
increase in levels of aPKA maintains a catabolic state in the cell. The sig-
naling molecules that are functional in the matrix-detached state constitute
the detachment signaling and include Ccal, CAMKKβ, DAG, IP3, cAMP,
PKA and AMPK. Interactions within a signaling pathway are referred to as
feedbacks, such as, IRS to PI3K, PI3K toAkt, Akt to IRS, PI3K to PKC, PKC
to IRS, S6K1 to IRS, Akt to mTOR, mTOR to S6K1, Ccal to DAG, Ccal to
cAMP, Ccal to IP3, Ccal to CAMKKβ, cAMP to PKA, and PKA to AMPK.
When activation of one pathway produces an effect on another pathway,
this phenomenon is known as crosstalk26. In Fig. 2c, there are three crucial
crosstalks between the attachment signaling/anabolic pathway and
detachment signaling/catabolic pathway namely: DAG to PKC, Akt to
PDE3 and AMPK to Akt. Further, since AMPK and Akt reciprocally and
negatively regulate each other, the interaction between AMPK and Akt also
constitutes a double-negative feedback loop10.

Since matrix detachment leads to a spike in cytosolic calcium (Ccal)
thereby activating AMPK, we denoted the spike in Ccal as a surrogate for
matrix deprivation.Thus, in ourmodelweused alteration inCcal level as the
input, and metabolic state (anabolic and catabolic states) as the output. We
calibrated the MBCS model using experimental data on pAMPK, pAkt,
p-mTOR upon matrix detachment. Influential parameters were estimated
by fitting the model to these experimental data. We validated the model
using data from independent experiments on protein levels, metabolic
states, and AMPK down-modulation (as discussed in the Results section).
All experimental data used in the model calibration and validation were
in vitro experiments done usingmetastatic breast cancerMDA-MB-231 cell
line that were subjected tomatrix detachment for 8 to 24 h.All the data used
for model calibration and model validation are summarized in Supple-
mentary Information section as Supplementary Table 1. Details on the
mathematical model building is given in the Methods section. Details on
equations capturing molecular interactions, kinetic parameters and initial
concentrations, as documented in the literature21 are provided in the Sup-
plementary Information section. We propose that this model captures the
attachment-detachment signaling network of breast cancer cells and is
sufficient to explain important experimental observations on the molecular
interplay and metabolic states in matrix-deprived condition.

Results
The calibrated and validated mathematical model captures the
intracellular signaling network of matrix-deprived breast
cancer cell
Formodel calibration, we identified intracellular signalingmolecules which
were perturbed upon matrix deprivation. Details on experimental data

extraction are mentioned in the Methods section. Using MDA MB 231
invasive breast cancer cells, previous work from our laboratory showed that
matrix deprivation triggers a spike in cytosolic calciumwhich causes a rapid
and sustained activation of AMPKby its upstream kinase CaMKKβ9, which
in turn decreases the activity of Akt10 and mTOR22 (Fig. 2a). Therefore,
matrix detachment-triggered spike in intracellular calcium was used as
input to initiate the development ofMBCSmathematicalmodel. Themodel
was simulated for 10min in adherent state followingwhichdetachmentwas
initiated (indicated by black arrow in Fig. 3), and the model behaviour was
comparedwith the experimental data. Themodel (solid black lines in Fig. 3)
quantitatively captured the foldchange of cytosolic calcium upon detach-
ment (Fig. 3a), and that of phosphorylated and thus active forms of AMPK
(pAMPK; Fig. 3b), Akt (p-Akt; Fig. 3c), and mTOR (p-mTOR; Fig. 3d),
demonstrating a good agreement with the experimental results (red stars in
Fig. 3). Thus, the developed MBCS mathematical model faithfully recapi-
tulated the dynamics of matrix detachment-induced calcium spike leading
to AMPK activation and consequent inactivation of Akt and mTOR.

We further validated theMBCSmodel by asking if the outcomes of the
model conform toother knownexperimental observations. Priorwork from
the lab, and other data from the literature, showed that matrix-detachment
results in decreased phosphorylation of S6K122, no change in PKC activity
(Supplementary Fig. 1) while increase in the activity of PKA27. Indeed the
model outcomes on the temporal dynamics and fold changes of pS6K1
(phospho-S6K1; Fig. 3e), pPKC (phospho-PKC; Fig. 3f), and aPKA (active-
PKA; Fig. 3g) were in line with the experimental data.

Additionally, prior transcriptomics-based experimental data from our
laboratory showed that genes involved in anabolic processes like fatty acid
synthesis, pentose phosphate pathway, mTOR pathway, protein synthesis,
cell growth and proliferation were enriched in matrix-attached cells. Con-
versely, genes involved in catabolic processes including fatty acid oxidation,
glycolysis, autophagy, oxidative stress and hypoxia were elevated inmatrix-
deprived cells10. These data showed the existence of metabolic switching
from anabolic to catabolic state when breast cancer cells were shifted from
matrix-attached condition to matrix-detached condition10 (Fig. 2a). We
queried if similar metabolic shifts aremimicked by theMBCSmodel. In the
attachment-detachment signaling network developed in our study (Fig. 2c),
the metabolic state comprises of anabolic and catabolic states attributed to
the phosphorylation status ofAkt (pAkt) and the activation of PKA (aPKA),
respectively. The graph in Fig. 3h shows that the outcome of themodel also
captures the switch in metabolic state from anabolic to catabolic upon
matrix deprivation; the metabolic switch is indicated by the cross-over of
blue (anabolic state) and red (catabolic state) lines. Taken together, these
data show that the developedmathematical framework is able to capture the
molecular dynamics of attachment-detachment signaling and accom-
panying metabolic alterations.

Model predicts the effects of matrix deprivation on several
intracellular signaling molecules of the network
Wenext implemented themodel to explore the effects ofmatrix deprivation
on several intracellular signaling molecules depicted in the attachment-
detachment network (Fig. 2c). The model predicted a decrease in the levels
of pIRS (phospho IRS; Fig. 4a), aPI3K (active PI3K; Fig. 4b), sGLUT1
(surface GLUT1; Fig. 4c) and aPDE3 (active PDE3; Fig. 4g) upon matrix
deprivation. Additionally, the model predicted an increase in IP3 (Fig. 4d),
DAG (Fig. 4e), and cAMP (Fig. 4f).

To get a system-level understanding of the attachment-detachment
signaling network (Fig. 2c), the MBCS model was used to quantify the
strengths of the various interactions capturing the molecular interplay. The
resultant network diagram, with the quantification of relative operational
strengths of the feedbacks and crosstalks among signaling molecules
pathways, is referred to as the fluxmap (Fig. 5). The operational strengths of
the feedbacks and crosstalks (written as numbers along the arrows) were
calculated as the absolute values of the corresponding Hill functions, as
shown previously21, that depict the magnitude of the activation and inhi-
bition. The numbers in blue pertain to the matrix-attached condition while
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Fig. 3 | Effect of matrix deprivation on temporal dynamics of intracellular sig-
nalingmolecules.Themodel calibration set consists of (a) spike in cytosolic calcium
triggered on matrix deprivation, consequent activation of (b) AMPK, and inacti-
vation of (c) Akt and (d) mTOR. Experimental data is depicted by red stars in the
calibration set. The validation set consists of (e) pS6K1, (f) pPKC, (g) aPKA, and (h)
metabolic state. Model data is shown by black line. The black arrow indicates the

time point whenmatrix deprivation is induced by the spike in cytosolic calcium. The
x-axis depicts time in minutes or hours (the range of x-axis is variable, it is based on
the time required to attain steady state), where the first 10 min is thematrix-attached
state and remaining is the matrix-deprived state. The y-axis in all graphs except (h)
depicts the fold change of protein levels, normalized to protein levels in the matrix-
attached condition.
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the numbers in red pertain to the matrix-detached state. As the feedbacks
and crosstalks are written in terms of Hill functions, the numbers vary
between the range of 0 and 1. A value closer to 0 represents mild/low
strength of activation or inhibition, while a value closer to 1 represents a
strong/high strength of activation or inhibition. A value closer to 0.5 depicts
neutral effect.

In adherent cells, binding of growth factor like insulin to its cognate
receptor leads to the recruitment and phosphorylation of insulin receptor
substrate (IRS). IRS recruits and activates PI3K which further activates Akt
and PKC. Upon activation, the PI3K/Akt axis regulates several arms of the
signaling network as shown in Fig. 5 (numbers in blue), such as: (1) Upon
activation, pAkt activatesmTOR/S6K1armaswell as auto-activates the IRS/
PI3K axis, while S6K1 inhibits IRS. (2) Akt and PKC promote the trans-
location ofGLUT1 from the cytosol to the cell surface. (3) pAkt also inhibits
AMPK; the remaining low levels of pAMPK shows reduced inhibition on
mTOR and S6K1. (4) pAkt also activates PDE3 which promotes the
degradation of cAMP; low levels of cAMP fail to activate PKA.

Furthermore, the status of the crosstalks in the matrix-attached state
reveals an interesting trend. The crosstalk from catabolic to anabolic
pathway (i.e., DAG to PKC) is completely switched off, which indicates low
levels of PKCandhence low inhibitionof IRS.Thismanifests intohigh levels
of pAkt. Conversely, the crosstalk from anabolic to catabolic pathway (i.e.,

Akt to PDE3) is fully operational, which indicates high levels of PDE3 and
hence high degradation of cAMP. This manifests into low levels of aPKA.
Additionally, the crosstalk from Akt to AMPK is fully functional while the
crosstalk from AMPK to Akt is non-functional. Therefore, in the matrix-
attached state, the anabolic signaling is fully functional with high Akt acti-
vation, higher GLUT1 on the membrane for glucose transport, while low
AMPK levels and low PKA indicate catabolic signaling is switched off.
Taken together, the flux map (Fig. 5; numbers in blue values) captures the
signaling status of matrix-attached cells.

Matrix-detachment triggers calcium spike and promotes AMPK
activation via CaMKKβ9. Classical GPCR signaling activates PLC which
then is broken down into IP3 which also results in intracellular release of
Calcium from the ER store28. The MBCS model predicts that the elevated
levels Ccal regulates several arms of the signaling network in matrix-
detached cells as shown in Fig. 5 (numbers in red): (1) Spike in cytosolic
calcium(Ccal) activatesAMPKviaCaMKKβ. (2)Ccal spike activates cAMP
which in turn activates PKA. (3) Spike inCcal activates DAGand IP3;DAG
activates PKC which in turn inhibits IRS and subsequent PI3K/Akt sig-
naling pathway. (4) Activated AMPK inhibits the Akt signaling pathway;
low levels of pAkt is neither able to activate themTOR/S6K1 axis, nor auto-
activate IRS/PI3K axis. (5) Further, reduced levels of pAkt results in
decreased translocation of GLUT1 to the membrane. (6) Additionally,

Fig. 4 | Effect of matrix deprivation on temporal dynamics of intracellular sig-
naling molecules. The testable prediction set consists of (a) pIRS, (b) aPI3K, (c)
sGLUT1, (d) IP3, (e) DAG, (f) cAMP and (g) aPDE3. Model data is shown by black
line. The black arrow indicates the time point whenmatrix deprivation is induced by
the spike in cytosolic calcium. The x-axis depicts time inminutes (the range of x-axis

is variable, it is based on the time required to attain steady state), where the first
10 min is the matrix-attached state and remaining is the matrix-deprived state. The
y-axis depicts the fold change of signaling molecules normalized to matrix-attached
condition.

https://doi.org/10.1038/s41540-024-00443-4 Article

npj Systems Biology and Applications |          (2024) 10:132 6

www.nature.com/npjsba


reduced levels of pAkt prevents the inhibition on AMPK and activation of
PDE3. Low levels of aPDE3 is unable to degrade cAMP, hence there is a rise
in levels of cAMP.High levels of cAMPactivatesPKA.Though thefluxmap
showsPKA’s inhibition onAMPK, still pAMPK levels remainhigh, perhaps
due to strong activation via upstream kinase CaMKKβ triggered by matrix
detachment.

Furthermore, the status of the crosstalks in the matrix-deprived state
reveals an opposite trend as compared to matrix-attached condition. The
crosstalk from catabolic to anabolic pathway (i.e., DAG to PKC) is fully
functional, which indicates high levels of PKC and subsequently, high
inhibition of IRS. This manifests into low levels of pAkt. Conversely, the
crosstalk from anabolic to catabolic pathway (i.e., Akt to PDE3) is switched
off, which indicates low levels of aPDE3 and subsequently, accumulation of
cAMP. This manifests into high levels of aPKA. Additionally, the crosstalk
fromAkt to AMPK is non-functional and the crosstalk fromAMPK to Akt
is fully functional. Therefore, in the matrix-deprived state, the anabolic
signaling is reduced wherein pAkt levels are lowered with higher levels of
pAMPK, resulting in high aPKA indicating a catabolic state. Also, the
lowered anabolic state reduces GLUT1 at themembrane indicating lowered
glucose uptake. Thus, the above flux map captures the signaling/metabolic
status of matrix-detached cells.

Mathematical network analysis identifies critical feedback and
crosstalks for metabolic switching upon matrix deprivation
Theprevious sectiondepicted the dynamics of signalingmolecules and their
interactions that gave rise to a coordinated signal transduction in matrix-
attached andmatrix-deprived breast cancer cells (Fig. 4 and Fig. 5). The flux
analyses also unveil the functional strengths of various feedbacks and
crosstalks (Fig. 5). One crucial event that occurs during the transition from
matrix-attached to matrix-detached condition is the metabolic switching.
This is indicated in Fig. 3h by a drop in the anabolic state (blue line) and a
rise in catabolic state (red line) upon induction of matrix deprivation

(indicated by the black arrow). The cross-over of the blue and red lines
indicates metabolic switching from anabolic to catabolic state. We now
queried the significance of the various feedbacks and crosstalks that may
contribute to this metabolic switching upon matrix-deprivation. To do so,
we delinked one feedback or crosstalk at a time (details inMethods section),
and noted its effect on the metabolic switching as the system transitions
from the matrix-attached to the matrix-deprived state. The solid lines in
Fig. 6 represent the unperturbed state as shown in Fig. 3h, while the dotted
lines in Fig. 6 show the effect of delinking.

We first queried what happens to the matrix detachment-induced
metabolic switch when the positive feedback fromDAG to PKC is removed
(Fig. 6a). Todo so,wedelinkedDAGtoPKCand simulated themodel in the
matrix-attached state for the first 10min, and thereafter in the matrix-
detached state.We observed that the anabolic state (Fig. 6a; dotted blue line)
shows an upward shift as compared to the unperturbed condition (Fig. 6a;
solid blue line), while the catabolic state (Fig. 6a; dotted red line) does not
exhibit a significant shift as compared to the unperturbed (Fig. 6a; solid red
line). These results indicate that the delinking from DAG to PKC results in
the retention of anabolic state even upon matrix deprivation, while not
affecting the catabolic state. The absence of crossover between the dynamics
of the anabolic and catabolic counterparts (dotted blue and red lines) upon
DAG to PKC delinking indicates that the metabolic switching is curbed
(Fig. 6a). Further, the retentionof the anabolic stateuponmatrixdeprivation
may be attributed to the enhanced levels of pAkt (Fig. 6b; dotted black line)
as compared to its unperturbed counterpart (Fig. 6b; solid black line). The
absence of significant change in the dynamics of the catabolic state upon
matrix deprivation is attributed to the reduced levels of aPKA (Fig. 6c;
dotted black line) as compared to its unperturbed counterpart (Fig. 6c; solid
black line). This reduction in aPKA does not affect the catabolic state.

Taken together, these analyses reveal that the crosstalk from DAG to
PKC is crucial for themetabolic switchinguponmatrix-detachment. Similar
results are obtained when negative feedback from S6K1 to IRS is removed

Fig. 5 | Flux map inmatrix-attached (blue) andmatrix-deprived (red) condition.
Numbers along the feedbacks and crosstalks indicate the magnitude of activation or
inhibition in terms of the corresponding hill function values, which lie between 0 and
1. Thematrix-attached state is marked by high levels of pAkt and low levels of aPKA

which contributes to high anabolic state and low catabolic state, respectively and the
matrix-deprived state is marked by low levels of pAkt and high levels of aPKA levels
which contributes to mild anabolic state and high catabolic state, respectively.
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Fig. 6 | Effects of molecular perturbations on the metabolic state (first column)
and temporal dynamics of pAkt and aPKA (second and third column). a–cDelink
DAG to PKC, d–fDelink S6K1 to IRS, (g–i) Delink PKC to IRS, (j–l) Delink cAMP
to PKA and (m–o) Delink AMPK to Akt. The graphs are plotted for 120 minutes.
The black arrow indicates the time point whenmatrix deprivation is induced via the
spike in cytosolic calcium.The x-axis depicts time inminutes, where,first 10 minutes
is the matrix-attached state and remaining is the matrix-deprived state. The y-axis

depicts the metabolic state as well as fold change of protein levels, normalized to
protein levels in the matrix-attached condition. The solid blue line denotes anabolic
state and solid red line denotes catabolic state of unperturbed condition. The dotted
blue line denotes anabolic state post-delinking and red dotted line denotes catabolic
state post-delinking. The solid black line denotes temporal dynamics of pAkt and
aPKA in unperturbed state and dotted black line denotes temporal dynamics of pAkt
and aPKA post-delinking.
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(Fig. 6d–f). Both (DAG to PKC and S6K1 to IRS) of these delinks ultimately
facilitate the increase in levels of pIRS,which enhances the levels of pAkt and
hence the high anabolic state, without affecting the catabolic state.

When the negative feedback from PKC to IRS was delinked, we
observed that the anabolic state (Fig. 6g; dotted blue line) shows an upward
shift as compared to unperturbed (Fig. 6g; solid blue line). However, we
observed that upon delinking, the catabolic state (Fig. 6g; dotted red line)
exhibits a downward shift as compared to unperturbed (Fig. 6g; solid red
line).This indicates that the delinking from PKC to IRS influences the
retention of both anabolic state and catabolic state uponmatrix deprivation
in the similar range asmatrix attachment. The absence of crossover between
the dynamics of the anabolic and catabolic states uponPKC to IRSdelinking
indicates that the metabolic switching is curbed (Fig. 6g).The retention of
the anabolic state upon matrix deprivation is attributed to the enhanced
levels of pAkt (Fig. 6h; dotted black line) as compared to its unperturbed
counterpart (Fig. 6h; solid black line). The greater reduction of the catabolic
state uponmatrix deprivation is attributed to the low levels of aPKA (Fig. 6i;
dotted black line) as compared to its unperturbed counterpart (Fig. 6i; solid
black line). Therefore, the crosstalk from PKC to IRS is crucial for the
metabolic switching.

The delinking fromPKC to IRS (Fig. 6g–i) also contributes to increased
pIRS which enhances pAkt and facilitates the anabolic state. However, it is
interesting to note that aPKA plunges to a very low level, which contributes
to the lowcatabolic state.Adifference isnoticed in aPKAlevelswhenS6K1 to
IRS is delinked (Fig. 6f) as compared towhenPKCto IRS is delinked (Fig. 6i).
Though pIRS levels remain unchanged (Supplementary Fig. 2a) for these
twodelinkings, a difference is noticed in the levels of aPDE3 (Supplementary
Fig. 2b) and cAMP (Supplementary Fig. 2c). This highlights the auto-
inhibitory loop that exists between cAMP and PKA, i.e., cAMP activates
PKA, however, PKA inhibits cAMP. Additionally, aPDE3 degrades cAMP
which further reduces aPKA. Conversely, aPKA degrades aPDE3. Hence,
IRS emerges as an interesting node which impacts the catabolic state upon
delinking from PKC and S6K1, but its molecular interplay with cAMP,
PDE3 and PKA need further experimental examination.

We next queried what happens when cAMP to PKA is delinked.
Similar trend as above is observed upon delinking the positive feedback
from cAMP to PKA. Though, the decrease in aPKA (Fig. 6l) is straight-
forward, but the increased level of pAkt (Fig. 6k) is non-trivial. It is possible
that decreased levels of aPKA leads to the accumulation of aPDE3, thus
rendering pAkt redundant. This may cause pAkt to be maintained at an
increased level upondelinking as compared tounperturbed. This also opens
new avenues for exploration along PKA-Akt axis. Both PKA and Akt are
powerful indicators ofmetabolic states as indicated in our study, however, it
will be interesting to explore the connection between the two. Literature
evidence shows that PKA inactivates CaMKKβ29. Though we know that
CaMKKβ activates AMPK and AMPK inhibits Akt, the rational for
enhanced levels of pAkt and hence high levels of anabolic state upon
delinking cAMP to PKA needs further experimental examination.

When the negative feedback from AMPK to Akt is delinked, similar
trend in metabolic output is observed as with, delinking of PKC to IRS and
cAMP to PKA.However, the distinguishing feature in this case of delinking
is the maximum levels of pAkt. This is attributed to the removal of the
inhibition by AMPK, which is a strong inhibitory interaction on Akt. The
anabolic state is high due to high levels of pAkt (Fig. 6n) and this indirectly
contributes to the low levels of aPKA (Fig. 6o) via PDE3 and cAMP, thus
conferring the low catabolic state.

Hence, the above five feedback/crosstalks are essential to cause the
metabolic switching which serves as an adaptation to survival of matrix-
deprived breast cancer cells. The remaining delinking experiments (Sup-
plementary Fig. 3) resemble the dynamics of metabolic state as the unper-
turbed condition. These feedbacks are as follows: PKA to PDE3, PDE3 to
cAMP, PKA to AMPK, Akt to IRS, Akt to PDE3, AMPK tomTOR, AMPK
to S6K1 and Akt to AMPK. When these feedbacks/crosstalks are delinked
the metabolic switch from catabolic to anabolic is observed similar to
unperturbed. When Akt to PDE3 is delinked, the metabolic switching is

delayed but attains steady state by 240min. Hence, these feedbacks/cross-
talks may not affect the metabolic switching upon matrix deprivation.

Additionally, since AMPK and Akt reciprocally negate each other, the
interaction between AMPK andAkt constitutes a double-negative feedback
loop10. Towards understanding this through our model, we performed
bistability analysis. However, we did not find the system to be distinctly
bistable (Supplementary Fig. 4)with respect to the input (Ccal). Thismay be
due the fact that the attachment-detachment signaling is governed by sev-
eral other feedbacks and crosstalks in addition to the double-negative
feedback loop between AMPK and Akt. And the cumulative effect of all
crosstalks and feedbacks that forms an integrated network among the sig-
naling molecules diminishes the property of bistability imparted by the
double-negative feedback loop.

The model predicts the effects of down-modulation of AMPK on
several signaling molecules of the network upon matrix
deprivation
Previous work from our laboratory showed that pAMPKHigh/pAktLow phe-
notype, which is a consequence of matrix deprivation, is critical for cell
survival in suspension10, our laboratory also showed that down-modulation
of AMPK led to elevated levels of pAkt and exhibited anabolic state in
suspension10. To study the importance of AMPK on the attachment-
detachment signaling at a systems levels, we examined the effects of down-
modulation ofAMPKon the dynamics of the identified signalingmolecules
of the network such as pIRS, pPI3K, pPKC, sGLUT1, IP3, DAG, aPKA
cAMP,and aPDE3, followedby a system levelfluxmapanalysis. Todo so, in
silico AMPK knockdown (KD) was performed (see Methods). Following
AMPKKD, the model was simulated in the matrix-deprived condition and
the dynamics of pAMPK (Fig. 7a), pAkt (Fig. 7b), p-mTOR (Fig. 7c), pS6K1
(Fig. 7d), anabolic state (Fig. 7e) and catabolic state (Fig. 7f) were depicted
for 1440min (24 h). These model outcomes concurred with experimental
data10, and hence, these validation results indicated that the model was able
to capture the effects of AMPK KD.

Following this model validation, we wanted to understand whether
other signaling molecules are perturbed on AMPK KD. The model pre-
dicted an increase in pIRS (Fig. 7g), aPI3K (Fig. 7h), sGLUT1 (Fig. 7j), and
aPDE3(Fig. 7o), and adecline in the levels ofDAG(Fig. 7l), aPKA (Fig. 7m),
and cAMP (Fig. 7n). Interestingly, themodel also shows that pPKC (Fig. 7i)
and IP3 (Fig. 7k) are not affected by AMPK KD in matrix-deprived state.
This indicated that AMPK plays a role in the regulation of IRS, PI3K,
GLUT1, DAG, PKA, cAMP, and PDE3 while not affecting IP3 and PKC.
These testable predictions (Fig. 7g–o) need to be validated by further
experimental study.

To get a system-level understanding on the effects of AMPK KD, the
MBCSmodelwas used to quantify the strength of the various interactions of
the signaling network as described previously (Fig. 5). The numbers written
along the arrows in Fig. 8 indicate the operational strengths of the feedbacks
and crosstalks, in the matrix-attached (values in blue) andmatrix-detached
(values in red) conditions, upon AMPK KD.

When AMPK is down-modulated, the resultant flux map in the
matrix-deprived state (Fig. 8, numbers in red), is observed to be different
from the flux map in matrix-deprived state when AMPK is unperturbed
(Fig. 5; numbers in red values). The matrix deprivation-triggered spike in
cytosolic calcium activates CaMKKβ and subsequentlyCaMKKβ is ready to
activate AMPK and stimulate downstream signaling events. However,
AMPK down-modulation affects the signaling network of the matrix-
deprived state in the followingway: (1)AMPK’s inhibitory effect onAkt falls
drastically. (2) This leads to increased levels of pAkt, which maximally
inhibits any remaining AMPK. (3) High levels of pAkt contributes to
(a) activation of mTOR/S6K1 axis, (b) auto-phosphorylates and activates
IRS, (c) enhances the translocation of GLUT1 to the surface, as well as
(d) activates PDE3. (4) High levels of aPDE3 contributes to degradation of
cAMP which results in reduced activation of PKA.

Therefore, uponAMPKdown-modulation the decreased PKA activity
contributes to a reduction in the catabolic state while increased Akt activity
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contributes to an enhanced anabolic state, hence preventing the metabolic
switching. Yet another interesting observation is that, upon down-
modulation of AMPK, the flux map in the matrix-deprived state (Fig. 8;
numbers in red values) resembles the flux map in the matrix-attached state
(Fig. 8; numbers in blue values). This indicates that AMPKKDprevents the

change in the signal transduction of matrix-deprived state and retains the
signaling consistent with matrix-attached state. This highlights the sig-
nificance of AMPK in regulating a signaling cascade conducive for cell
survival upon matrix detachment which falls apart upon AMPK KD. Fur-
thermore, the flux map upon AMPK KD (Fig. 8) shares a stark similarity

Fig. 7 | Temporal dynamics of molecular players in matrix-deprived condition.
Effect of AMPK down-modulation on (a) pAMPK, (b) pAkt, (c) p-mTOR, (d)
pS6K1 (e) Anabolic state, (f) Catabolic state, (g) pIRS, (h) aPI3K, (i) pPKC, (j)
sGLUT1, (k) IP3, (l) DAG, (m) aPKA, (n) cAMP and (o) aPDE3. The x-axis shows

time inminutes. The y-axis depicts fold change of signalingmolecules normalized to
unperturbed AMPK condition. The solid black line shows the dynamics for
unperturbed AMPK, and the dashed black line shows the dynamics for down-
modulated AMPK.
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with the flux map of matrix-attached state when AMPK is unperturbed
(Fig. 5; numbers in blue values). The similarity in these flux maps can be
rationalizedby the fact thatAMPKdoes not play a significant role inmatrix-
attached state, and this is consistent with its least activity in adherent
condition.

Hence, the model outcomes (Figs. 7 and 8) further emphasize that
AMPK activation is the key switch upon matrix deprivation, and its down-
modulation prevents the metabolic switching and resembles a signal
transduction of matrix-attached. These data further suggest that targeting
AMPK is likely to prevent cancer cell survival in suspension by preventing
the signaling-metabolic rewiring, and hence mitigate metastasis.

Since themodel was able to capture the effects of down-modulation of
AMPK, which is similar to the matrix-attached state, we were keen to
explore whether themodel can recapitulate the physiology of re-attachment
that occurs at the metastatic site for new tumor growth. Prior experimental
data (Supplementary Fig. 5) from our laboratory showed that the levels of
pAMPK and pAkt upon re-attachment resembled the trend seen inmatrix-
attached state.We performed in silico experiment to study the dynamics of
metabolic state when matrix deprivation is reversed or re-attachment is
induced. This experiment was performed by assigning the steady state
values of suspension as initial conditions at 480min and resetting the fold
change of cytosolic calcium to attached condition. Supplementary Fig. 6a
shows that metabolic state shifts to the highly anabolic range while Sup-
plementary Fig. 6b shows that metabolic state shifts to the low catabolic
range upon induction of re-attachment. Hence, the above experiment
revealed that themodel is able to capture the effects of re-attachment on the
metabolic state of matrix-deprived cancer cells.

Discussion
A critical event in the spread of cancer by metastasis involves detachment
from the primary site and survival in the circulation without ECM-
attachment by activating anoikis-resistance mechanisms. This attachment-
detachment cascade of metastasis is complex and involves co-ordination

among several signaling molecules as well as metabolic reprogramming.
Towards resolving this complexity, mathematical models serve as promis-
ing tools. Albeit there are several mathematical models of breast cancer15–20,
to the best of our knowledge, there exists none that elucidates the
attachment-detachment signaling during cancer metastasis. In this study,
we utilized the matrix detachment-triggered calcium spike and consequent
robust activationofAMPK9 as the startingpoint to begin tomodel signalling
events and metabolic outcomes in response to matrix deprivation. This
experimentally-driven mathematical model captures the pathophysiology
of matrix-deprived state in breast cancer cells by elucidating the perturba-
tion in signaling network and metabolic phenotype that may contribute
towards cellular adaptations to survive the stress due to matrix deprivation.

Upon matrix detachment, cells undergo changes in multiple signaling
pathways including integrin transduction and its downstream pathways
such as:Ras-ERK,PI3K-Akt, YAP-TAZ that contribute towards anchorage-
independent survival7. It is interesting tonote thatwhile cellular detachment
and its effects on integrin and growth factor receptors, and consequent
effects on Akt has been studied7,9,10, the effect of detachment on GPCR
signaling and PKA activation remains unexplored. Our study revealed
various changes in cAMP, DAG, IP3, PKA, which are downstream to
GPCR-PKA signaling axis. Though major part of the proposed signaling
network follows canonical signaling event as reported previously10,21, we
have identified a few non-canonical pathways based on our model. Our
network exhibited the activation of DAG/PKC axis, cAMP/PKA axis, and
IP3 by the spike inCcal. Literature shows the presence of canonical pathway
of calcium signaling wherein DAG and IP3 are upstream to calcium sig-
naling which gets activated via GPCR signaling28. However, literature also
shows the existence of both regulation of cAMP/PKA signaling by calcium
and regulation of calcium signaling by cAMP/PKA pathway in a rather
interesting system of secretory epithelium30. Increase in intracellular con-
centration of calcium has also been shown to trigger the association of PKC
with themembranewhereDAGinteractswithPKC to stimulate the enzyme
activity31. There are also speculations that increased cytosolic calcium levels

Fig. 8 | Flux map for effect of down-modulation of AMPK in matrix-attached
(blue) and suspended (red) condition.Numbers along the feedbacks and crosstalks
indicate the magnitude of activation or inhibition in terms of the corresponding hill

function values, which lie between 0 and 1. In both matrix-attached and suspended,
high levels of pAkt contribute to increased anabolic state and low levels of active PKA
contributes to reduced catabolic state.
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may induce positive feedback that activates PLC to cleave PIP2 into IP3 and
DAG32.Though the above interactionshavenotbeen reported in the context
of breast cancer, the possibility of such interactions strengthens our pro-
posed model. Another interesting observation that emerges from the flux
map analysis is the observed maximum strength of AMPK activation by
CaMKKβ in thematrix-deprived state despite thepresence of aPKA that has
inhibitory effects on AMPK33,34(Fig. 5). However, what masks the effect of
aPKA on AMPK is not clearly understood. Perhaps in the matrix-deprived
state, the inhibition of AMPK by aPKA is not functional, or the activation
of AMPK by CAMKKβ is dominant; these need further experimental
explorations.

While matrix deprivation has been known to affect the activity of
AMPK, Akt, mTOR, S6K1, PKC and PKA, our study unveiled several
additional testable predictions which may serve as hypotheses for experi-
mental/modeling studies to enhance our understanding ofmetastatic breast
cancer. For example, the MBCS model predicted the effects of matrix
deprivation on pIRS, aPI3K, sGLUT1, DAG, IP3, cAMP and aPDE3. Lit-
erature shows evidence for a few of these predictions, but concrete data is
unavailable. For example, glucose uptake is known to be reduced in the
matrix-deprived cancer cells35. Loss of attachment of non-transformed
mammary epithelial cells (MCF-10A) from ECM caused a deficiency in
ATP due to reduced glucose uptake. This phenotype was rescued by
introduction of constitutively active variant of PI3K orAkt36. This indirectly
indicates that aPI3Kmay deplete in suspension state. Along the same lines,
our model also predicts the decrease in aPI3K levels upon matrix depriva-
tion. PI3K/Akt signaling regulates both the expression of glucose trans-
porter GLUT1 mRNA and the translocation of GLUT1 protein to the
plasma membrane, thus acting as a master regulator of glucose uptake37.
Albeit this correlation, the status of GLUT1 on the cell membrane of breast
cancer cells in the matrix-deprived state remains unclear. Our model pre-
dicts a decrease in sGLUT1 in thematrix-deprived state; however, this needs
to be investigated rigorously. PKC is a serine-threonine kinase which is
known as pleotropic regulator of cell proliferation, differentiation and
survival38. Experimental data fromour laboratory showed that therewereno
detectabledifferences in the levels of pPKCbetweenmatrix-deprived state as
compared to attached condition (Supplementary Fig. 1). Supporting the
same, our model also predicted that pPKC levels remain unaltered. PKA,
commonly known as cAMP-dependent protein kinase, is an enzyme
essential for several intracellular signal transduction and maintenance of
cellular homeostasis. PKA is known to tightly regulate metabolism via
G-protein coupled receptors (GPCRs)39. Interestingly, PKA activation
promoted cancer cell resistance to glucose starvation and anoikis27. PKA
activation was stronger in suspension cells when compared to adherent
cells27. Along the same lines, our model also predicts an increase in PKA
activity. Furthermore, the model also predicts a decrease in the levels of
pIRS, aPDE3, and an increase in the levels of IP3, DAG and cAMP. How-
ever, the status of these proteins and secondary messengers in matrix-
deprived condition has not been elucidated yet.

AMPK is known to aid in stress survival of matrix-deprived cancer
cells8,10,40. The MBCS model revealed that down-modulation of AMPK is
associated with increase in levels of pIRS, aPI3K, sGLUT1, pAkt, p-mTOR
and pS6K1 which may be counterproductive under the stress of matrix
deprivation. Additionally, the model also revealed reduction in levels of
aPKA upon AMPK knockdown. PKA is known to exert protective role to
suspension cells27. Thus, in silico down-modulation of AMPK reveals sev-
eral factors that are detrimental to the survival of matrix-deprived breast
cancer cells.

Accumulating evidence supports the existence of dynamic metabolic
rewiring in metastasizing cancer cells41. Anabolic outcomes are expected to
be heightened in the attached state where Akt is active, and catabolic out-
comes are expected to be heightened in the matrix-deprived state where
PKA is active10,27. Though our results exhibit the above phenomena, it is
interesting to note that the MBCS model predicts the presence of mild
anabolic state in thematrix-detached condition in addition tohigh catabolic
state. In support of this, some literature also supports the existence of

simultaneous glycolysis (anabolic) andgluconeogenesis (catabolic) activities
in hepatocytes42. It is not clearly understood whether anabolic state coexist
with catabolic state in the matrix-deprived breast cancer cells, warranting
more studies in this direction. Interestingly, recentwork fromour laboratory
showed that though matrix deprivation and AMPK activation inhibits
global protein translation, yet protein synthesis (an anabolic process) con-
tinues in matrix-detached cells22. Since mTOR is inactivated in suspension,
we speculate that matrix-detached cells utilize alternate (non-cap-depen-
dent) modes of protein translation, and indeed our recent study shows
evidence for the presenceof an altered translatome thatmight aid cancer cell
survival in matrix-deprived condition22. Additionally, molecular perturba-
tions also revealed the significance of several feedbacks and crosstalks to
maintain desired metabolic state via activation Akt and PKA. Thus, the
MBCS model begins to give insights into possible metabolic re-wiring to
aid metastasis.

While themodel recapitulated the experimental observations based on
our prior data9,10, we do acknowledge certain limitations of the study. Firstly,
for a more comprehensive understanding of the complex biological and
mechanical events that entail the loss of matrix detachment, this model
needs to be further elaborated to include components of integrin-FAK and
growth factor signalling, cell mechanics involving YAP-TAZ signalling, and
force development among others. Secondly, for a better understanding of
the metabolic phenotypes, the model needs to include inputs of altered
metabolism and components of bioenergetics. In the present work, we have
only looked at the signaling pathway where the phosphorylation status
of Akt and activation of PKA are correlated to metabolic phenotype of the
cell. In future, this could be modified to incorporate metabolic networks
including glycolysis, oxidative phosphorylation, amino acid and fatty acid
metabolism, and TCA cycle, along with the signaling network. Thirdly, the
experimental data available on matrix deprivation are not conducive for
temporal modeling due to fewer time points. This poses challenge to utilize
standard optimization algorithms for parameter estimation. Future work
will require generation of data at multiple time points to enable accurate
model fitting by automated methods.

Despite the above limitations, the developed MBCS model widely
captures the attachment-detachment signaling of breast cancer cells. This
model can be further benchmarked to other subtype-specific breast cancers
by including the dominant signaling pathways of each subtype. It can be
extrapolated to study the phenomenon of matrix deprivation in other solid
cancers as well. Moreover, this model can be further used to incorporate
different cell fates like apoptosis by including Akt’s interaction with cyto-
chrome C and caspase 3. Each of these may serve as starting point to
hypothesize subsequent experimental/modeling studies and aid in a sys-
tematic approach to understand and curb the metastatic cancer spread.

Methods
Experimental data extraction
In vitro experimental data retrieved from previously published work of our
laboratorywas used formodel calibration andvalidation. The calibration set
consisted of the data on effects of matrix deprivation on spike in cytosolic
calcium9, and levels of pAMPK10, pAkt10 and p-mTOR22. The validation set
consisted of the data on effects of matrix deprivation on levels of pS6K1,
pPKC, and aPKA, effects on metabolic state (anabolic vs catabolic) and
down-modulation of AMPK inMDA-MB-231 cells10,22. The representative
images of the published western blot data were re-quantified using ImageJ
software.

Mathematical Methods
The current model integrated previously validated21 adipocyte-based
mechanistic model on insulin-glucagon signaling network with experi-
mental data on matrix-detached breast cancer cells to generate a mathe-
matical model to study breast cancer metastasis. The ordinary differential
equations (ODEs) were formulated based on kinetic rate laws and mass
balance of signaling proteins. Hill functions were used to capture important
feedback and crosstalks in the network (details in Supplementary
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Information). Dynamic solutions of these ODEs were obtained using
ODE15s solver in MATLAB. The steady-state profiles of the proteins were
obtained and compared across matrix-attached and matrix-deprived
conditions.

Determination of system metrics
Defining individual metabolic state. The output of the model was
described in the form of metabolic state. The metabolic state was inde-
pendently quantified by anabolic state and catabolic state of the cells
which was attributed to the phosphorylation status of Akt and activation
of PKA. Hence, the anabolic state was defined as:

Anabolic state ¼ pAkt
hpAkt þ pAkt

And the catabolic state was defined as:

Catabolic state ¼ aPKA
haPKA þ aPKA

Where, haPKA and hpAkt were the half saturation thresholds for the signaling
components. The extent of catabolic (aPKA) and anabolic (pAkt) states
were characterized by the above equations.

Calculating fluxmaps. To visualize the relative operational strengths of
the feedback and crosstalks under matrix-attached and matrix-deprived
conditions, the absolute values of the corresponding Hill functions were
evaluated and plotted in the flux maps as reported in the Results section.

Delinking experiments
Delinking was performed by setting each of the Hill functions to either 0.05
or 0.95, based onwhether theHill function is located in the phosphorylation
armor the dephosphorylation arm. For example, to delinkDAG toPKC,we
considered that DAG activates PKC and upon delinking, PKC should no
longer be activated by DAG. Mathematically, PKC should not rise post-
delinking. Since the effect of DAG on PKC was included in the phosphor-
ylationarmofPKC, the correspondingHill functionwas set to 0.05 to enable
delinking.Delinkingof other feedbacks/crosstalkswereperformedusing the
same rationale.

In silico AMPK knockdown
In silico AMPK knockdown or down-modulation of AMPK was per-
formed by maintaining pAMPK at a very low level. Briefly, down-
modulation of AMPK was performed by setting the ordinary differential
equation of pAMPK to zero. This ensured that the rate of change of
pAMPKremains zero. Subsequently, the initial value of pAMPKwas set at
0.0001, which ensured the levels of pAMPK remains very low. This was
done to disable the dynamics of pAMPK or induce down-modulation of
AMPK in silico.

Data availability
All the data generated or analyzed during this study are included in this
article and its Supplementary Information.
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