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Stages of cancer progression

Invasive spreadTumor
initiation

Localized disease 
(primary tumor)

Metastasis 
(secondary tumors)
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Identifying risk 
factors

Developing new 
therapies

Remarkable progress made in:

?

Sas-Chen et al. Biochem Soc Trans 2017



More than 80% cancers 
happen in epithelial organs, i.e. 
cells that do NOT move/invade.

Metastasis : the cause of 90% of all cancer deaths
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• Metastasis is a highly inefficient process.
• It requires dynamic/adaptive changes in:
ü Adhering to their neighbors
ü Ability to migrate and invade
ü Evading attacks by immune system
ü Settling down in a new organ and colonizing it
ü Resist multiple therapies/drugs given to patients

What traits cells need to successfully metastasize?

Thus, to restrict metastasis, we first need a dynamic 
and systems-level understanding of the process to 
identify how cells alter these multiple traits together



Cells become metastatic 
competent by being 
exposed to a new 
chemical environment

Phenotypic transition is 
not caused by additional 
mutations

Is genetics the answer? Not always

• Large amount of money spent on cancer genomics, but 
no unique signature has emerged for metastasis

• An example: Melanoma metastasis

Golan et al. Mol Cancer 2015
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Can cancer proceed without mutations? Perhaps!

Non-heritable mechanisms of drug 
resistance observed in bacterial and viral 
populations, and more recently in cancer

Balaban et al. Science 2004
Shaffer et al. Nature 2017
Sharma et al. Cell 2010

Hata et al. Nat Med 2014
Padmanabhan & Dixit, Nat Comm 2015 
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Can a ‘systems’ view help ‘understand’ cancer? 

“One day, we imagine that cancer
biology and treatment……will 
become a science with a 
conceptual structure and logical 
coherence that rivals that of 
chemistry or physics.”

“And, as before, we continue to
foresee cancer research as an 
increasingly logical science, in which 
myriad phenotypic complexities are 
manifestations of a small set of 
underlying organizing principles.”

- Hanahan & Weinberg, Cell 2011

Hanahan & Weinberg, Cell 2011

- Hanahan & Weinberg, Cell 2000

What information does it lack?
• Time/spatial scale(s)
• Strength of regulation
• Direct/indirect 
• Nonlinearity of interaction
• Combinatorial effects

Assumptions are hidden in a “black 
box” and can have unpleasant 
surprises in the clinic (ex: anti-
angiogenesis therapy)



Example of ‘systems’ approach

Engineered systems:
• 1000+ computers/chips
• 100s of feedback loops
• Design manual available
• Largely automated
• “Bottom-up” approach

Biological systems (E. coli):
• 1000s of feedback loops
• No design manual available
• Evolved (not automated)
• How do we understand and 

“fix” such systems?



More than 80% cancers 
happen in epithelial organs, i.e. 
cells that do NOT move/invade.

Metastasis : the cause of 90% of all cancer deaths
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• Not inferring networks by data-mining from 
“omics” data

• Not focusing exclusively on one dataset or even 
on one type of cancer

• We are attempting to build a conceptual 
framework, a quantitative version of the 
framework that biologists build to help think 
through their data

We are…



EMT/MET: The engine of metastasis

Epithelial-to-Mesenchymal 
Transition (EMT)

Mesenchymal-to-Epithelial 
Transition (MET)

Adhere to neighbors
Do NOT migrate or invade

Epithelial (E)

Do NOT adhere to neighbors
Migrate and invade
Mesenchymal (M)

Scheel & Weinberg, Semin Cancer Bio 2012
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Metastasis: a journey taken in groups

Clusters of CTCs:
• Comprise of 5-8 cells
• Associate with worse patient survival
• Resist cell death in circulation
• Are formed before entering the circulation

Aceto et al. Cell 2014
Bottos & Hynes, Nature 2014 

Cheung et al. PNAS 2016 13



How do clusters reconcile with (binary) EMT?

Scheel & Weinberg, Semin Cancer Biol 2012Lee et al. J Cell Biol 2006

Kalluri & Weinberg, J Clin Invest 2009

Thiery JP, Nat Rev Cancer 2002



Systems biology model for EMT/MET

Lu*, Jolly* et al. PNAS 2013

ME

Transcriptional activation
Transcriptional repression
miR-mediated repression

• Each arrow is a quantitative relationship between the input and output levels
• This has been done for many transcription circuits, e.g. in microorganisms
• We needed to develop a new method for translation regulation



Toggle switch: A systems biology model

A0 , B0  = Threshold concentrations 

Production

Degradation

Regulation

• Hallmark of cell-fate decision making during embryonic development

• One of the first synthetic bio circuits designed

Huang, PloS Biology 2013  
Gardner et al. Nature 2000

Bistability
(A, B) = (high, low)
(A, B) = (low, high)

dA
dt

= gA
(B0 )

nB

(B0 )
nB + BnB

− kAA

dB
dt

= gB
(A0 )

nA

(A0 )
nA + AnA

− kBB
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Steps involved:
• Solving ODEs, plotting nullclines
• Stability analysis (Jacobian Matrix)
• Sensitivity analysis
• Bifurcation analysis 
• Phase diagrams

B

A

A⬇B⬆

A⬆B⬇



Theoretical framework for miRNA-based circuits

Lu*, Jolly* et al. PNAS 2013
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Tristability in the underlying EMT network

Lu*, Jolly* et al. PNAS 2013

Hybrid E/M
Adhere AND 

migrate collectively 
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Hybrid E/M can be a stable phenotype

CDH1 + VIM

H1975, T=0

H1975, T=2 months

Jolly et al. Oncotarget 2016
Jolly et al. Mol Oncol 2017

Satyendra Tripathi, 
Sam Hanash (MDACC)
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A)

ZEB1 + CDH1

CDH1 + VIM

H1975 (E/M)H820 (E) H1299 (M)B)

H1975, t = 0 H1975, t = 2 months
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Theoretical 
prediction

Experimental validation

Lu*, Jolly* et al. PNAS 2013

George*, Jolly* et al. Cancer Res 2017
Shengnan Xu, Jason A Somarelli (Duke University)

Grosse-Wilde et al. PLoS ONE 2015

Co-existence of phenotypes seen experimentally

Andriani et al. Mol Oncol 2016



Quantifying the EMT spectrum of states

Huang et al. PLoS Comp Bio  2017 
Huang et al. BMC Sys Bio 2018

Ensemble of kinetic 
models with fixed circuit 
topology but with 
randomly selected 
parameters also enable 
hybrid E/M state(s)

Hybrid E/M state(s) also 
predicted by other computational 
models:

• Xing group (Pittsburgh) 
Tian et al. Biophys J 2013
Zhang et al. Sci Signal 2014

• Albert group (Penn State)  
Steinway et al. Cancer Res 2014 
Steinway et al. NPJ Syst Bio Appl 2014

• Zapperi group (U Milan)
Font-Clos et al. PNAS 2018

• Nie group (UC Irvine)
Hong et al. PLoS Comp Bio 2015
Li et al. Phys Chem Chem Phys 2016
Ta et al. Disc Contin Dyn Syst Ser B

• Huang group (ISB Seattle)
Joo et al. Sci Rep 2018
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Identifying ‘phenotypic stability factors’ (PSFs)

Jolly et al. Oncotarget 2016

Other PSFs:

• OVOL2
(Jia*, Jolly* et al. 
Oncotarget 2015; 
Watanabe et al. Dev 
Cell 2014; 
Hong et al. PLoS
Comp Biol 2015)

• ∆NP63α
(Jolly et al. NPJ Br 
Cancer 2017;
Dang et al. Cancer 
Res 2015)

• NUMB
(Bocci*, Jolly* et al. J 
R Soc Interface 2017)

• NRF2
(Bocci et al.,; 
bioRxiv: 390237)



Mock siGRHL2 siOVOL2

0 hrs

18 hrs

A

MergedCDH1Vim

siOVOL2

siGRHL2

Control

B

Jolly et al. Oncotarget 2016

Knockdown of PSFs can drive a complete EMT 

Satyendra Tripathi, Sam Hanash (MDACC)
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Spontaneous switching among phenotypes

Ruscetti et al. Oncogene 2016

Can we explain these features of the population dynamics of EMT?

Tripathi, Levine & Jolly, bioRxiv: 592691



Is EMT always reversible? 

Jia, Deshmukh, Mani, Jolly & Levine, bioRxiv: 651620

Cells may get ‘locked’ in mesenchymal state, losing phenotypic plasticity

Theoretical prediction Experimental validation

Tripathi, Levine & Jolly, bioRixiv: 592691



How EMT alters tumor-initiation ability (stemness)?

Mani et al. Cell 2008

Celia-Terrassa et al. J Clin Invest 2012

Liu  et al. Stem Cell Reports 2013
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Hybrid E/M cells can form many more tumors
Theoretical prediction

Jolly et al. J R Soc Interface 2014
Jolly*, Jia* et al. Oncotarget 2015

Experimental validation

E       E/M      M

Grosse-Wilde et al.
PLoS ONE 2015

Goldman et al.
Nat Comm 2015
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Hybrid E/M cells can form many more tumors

Bierie et al. PNAS 2017
28

Colacino et al. Stem Cell Reports 2018

Jolly et al. Front Oncol 2015
Jolly et al. Pharmacol Ther 2018

Kroger et al. PNAS 2019



In vivo spontaneous EMT model highlights the 
aggressive behavior of hybrid E/M phenotype(s) 

Thompson & Nagaraj, Nature 2018
Patushenko et al. Nature 2018



Hybrid E/M phenotype may form CTC clusters

Clusters of CTCs:
• Comprise of 5-8 cells
• Associate with worse patient survival
• Resist cell death in circulation
• Are formed before entering the circulation

Aceto et al. Cell 2014
Bottos & Hynes, Nature 2014 

Cheung et al. PNAS 2016 
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Existence of Hybrid 
E/M Phenotype Clusters of CTCs

Cell-Cell Signaling

How are CTC clusters formed?

Cell-cell communication may help coordinate the spatial 
proximity of hybrid E/M cells to form CTC clusters
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Crosstalk between EMT and Notch pathways

Can cell-cell communication via Notch signaling enable forming CTC clusters?

microRNAs inhibit Notch signaling 

Notch signaling activates EMT 
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Notch-Jagged signaling can form CTC clusters

Jolly et al. NPJ Br Cancer 2017

Delta
Jagged

Delta

Jagged
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Patient data for CTC clusters vs. single CTCs

Boareto, Jolly et al. J R Soc Interface 2016

Theoretical prediction Experimental validation



JAG1 knockdown diminishes emboli formation

Bocci….. Jolly, PNAS 2018



Why do hybrid E/M cells matter in the clinic?

Single-cell migration is very rare, if any, in cancer

Co-expression of nuclear ZEB1 and membranous 
E-cad - a ‘partial EMT’  status of ‘tumor buds’

Bronsert et al. J Pathol 2014
Grigore*, Jolly* et al. J Clin Med 2016

Hybrid E/M may be more aggressive than a complete EMT

Yu et al. Science 2013 Jolly et al. Oncotarget 2016

n = 982 
(lung 

cancer)
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United cancer cells stand, divided they fall!

• Cells can help each other develop resistance against cell death
• Clusters can navigate more effectively
• Hybrid E/M cells can more easily initiate new tumors
• Hybrid E/M cells can generate more heterogeneity driving cooperation

Hybrid E/M: the ‘fittest’ for metastasis?

Jolly et al. BBA Rev Cancer 2018



Nieto MA, Thiery JP, Cell 2016

Existing 
framework:

Hybrid E/M state is transient, and the more the 
EMT, the more aggressive the cancer

Proposed
framework:

Hybrid E/M state is stable and 
may be more aggressive than a complete EMT

Tam and Weinberg, Nat Med 2013, Savagner P Curr Opin Dev Biol 2015 

Jolly et al. Front Oncol 2015, Jolly et al. Oncotarget 2016

Conclusion

“Instead, there is growing evidence that a 
cell that has undergone only a partial EMT, 
thereby expressing both retained epithelial 
and acquired mesenchymal traits, is best 
positioned to acquire stem-like properties 
(Grosse-Wilde et al., 2015; Jolly et al., 
2015 a,b, Andriani et al., 2016)” 

Pattabiraman & Weinberg, CSHL Quant Bio 2017
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Ongoing questions/debate

Zheng et al. Nature 2015
Fischer et al. Nature 2015

Krebs et al. Nat Cell Biol 2017

• EMT is a highly non-linear and multi-dimensional process

• Connections between genetics and biophysics of EMT are still being elucidated
Jolly et al. Mol Oncol 2017



Fifty (or more) shades of cellular plasticity

• No. of EMT states >= 6 
Pastushenko et al. Nature 2018
Huang et al. EMBO Mol Med 2014
Schliekelman et al. Cancer Res 2015
Yu et al. Science 2013
Biddle et al. EBioMedicine 2016
Varankar et al., bioRxiv: 307934

• No. of stem-like states >= 3
Liu et al. Stem Cell Reports 2014
Colacino et al. Stem Cell Reports 2018
Ruscetti et al. Oncogene 2015, 2016

• No. of metabolic states > = 3
Yu et al. Cancer Res 2017
Saha et al. Cancer Res 2018

• Total no. of states = 6*3*3*…..?

A box contains 6 white balls, 3 red balls, and 3 blue balls. In how many 
ways can one pick one white ball, one red ball, and one blue ball?
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