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Cellular decision-making
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Cells receive diverse biophysical/chemical signals varying in (x, t).

Cells in a population can respond differently to the same signals.

Cellular decision-making is driven by interconnected complex networks.

Hanahan & Weinberg, Cell 2011



Summary from Part 1
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Outline for today

* Impact of embedding 2-node, 3-node network motifs in larger
networks

* |Investigating larger gene regulatory networks to identify
similarities with 2-node, 3-node network motifs






(Stand-alone) Dynamics of toggle switch, triad
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How does this dynamics change when embedded in large networks?



Embedding TS, TT in an ensemble of large networks
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Harlapur et al. Biomolecules 2022
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Global density impacts the dynamics of embedded TS
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In Degree of A

Local density around a TS influences its dynamics
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Global density impacts the dynamics of embedded TT
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Embedded TT get enriched for ‘double positive’ states
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Impact of self-regulation on embedded TS, TT dynamics
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Summary so far

How do these network motifs operate
when embedded in larger networks?

S L
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High local density (irrespective of sign of incoming
edges) around a TS or TT and self-inhibition on TS,
TT nodes disrupt the stand-alone features of TS, TT.

Note: E.coli transcriptional network has average in-degree < 3.
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Regulatory network for small cell lung cancer (SCLC)
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Regulatory network for small cell lung cancer (SCLC)
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In only 12 out of 357 cases, a
significant change in steady-
state distribution was noted.

=> Very high robustness

Chauhan et al. eLife 2021



Metastasis : the cause of 90% of all cancer deaths

Skin melanoma
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No unique mutational signatures
yet identified for metastasis.

Metastasis is a highly
inefficient process (<0.02%)




Phenotypic plasticity : a hallmark of metastasis
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EMT/MET: The engine of metastasis

R =

Adhere to neighbors Do NOT adhere to neighbors
Do NOT migrate or invade Migrate and invade
Epithelial (E) Mesenchymal (M)
——  e—
Mesenchymal-to-Epithelial Epithelial-to-Mesenchymal
Transition (MET) Transition (EMT)

Secondary tumor ’
Primary tumor

WET

6. Colonization

5. Dormancy

18
Scheel & Weinberg, Semin Cancer Bio 2012



From EMT (2002-2012) to EMP (2013-now)
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Hybrid E/M: the “fittest’ for metastasis?

Smad2/3 :
Epithelial ﬁarly hybrid Hybrid Late hybrid Mesenchymal
tumor cells EMT state EMT state EMT state tumor cells
Proliferation +++++ ++++ +++ ++ +
Invasion + ++ +++ ++++ +++++
Plasticity + ++ +++ ++++ ++
Stemness + +++ +++ +++ +++
Metastasis ~ + \_ +HH++ ++++ ++ +

Why are hybrid E/M cells relatively more plastic?

Pastushenko et al. 2019
(Man vs. Wild TV series — Bear Grylls; Pirates of Carribean)



Why are hybrid E/M cells the ‘fittest’?

Epithelial l Early hybrid Hybrid Late hybrid 1 Mesenchymal
tumor cells EMT state EMT state EMT state I tumor cells
Proliferation +++++ : ++++ +++ ++ I + Kish Hari
Invasion + I ++ +++ ++++ 1 +++++ I;h gre” S ari
Plastiity  + | ++ +++ ++++ : ++ ( , 1ISc)
Stemness + : +++ +++ +++ I +++
Metastasis + ++++ ++++ ++ + . .
SR et e Hari et al. eLife 2022

Is the “high plasticity” behavior of hybrid E/M a feature of underlying regulatory networks?

57N 113E
18N 33E 20N 40E

22N 82E

Nodes: Epithelial, Mesenchymal. Edges: Activation, Inhibition



EMP networks allow for two sets of states

r

+1, Y, Adji;s,(t) > 0

s+ 1) =9-1,%, Adj,s;(t) <0

"

p:-0.97
0.81 :
| Terminal
8 0.7 Phenotypes
c
[}]
@
2 06
<)
o
0.51
0.41
o
0.1 0.2 0.3

Frustration

s;(1), Zj Adjijsj(t) =0

SSF

0.06

0.04

0.02

miR9

22N 82E

miR30c
miR205
VIM
TCF3
KLF8

ZEB2
ZEB1
TWIST2
TWIST1
TGFbeta
SNAI2
SNAI1
GSC

miR34a
miR200c
miR200b
miR200a

miR141
—niR301)

llili

Level
U -1
| K

Mesenchymal

Epithelia

Invasion

Plasticity
Stemness
Metastasis

Epithelial
tumor cells
Proliferation +++++

+

+
+
+

Early hybrid
EMT state

++++
++
++

+++
++++

Smad2/3 Smad2/3
Hybrid Late hybrid Mesenchymal
EMT state EMT state tumor cells
+++ ++ +
+++ ++++ +++++
+++ ++++ ++
+++ +++ +++
++++ ++ +

Hybrid E/M states are more frustrated than E, M. But why?

Hari et al. eLife 2022



EMT networks consist of two “teams” of players

22N 82E
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The presence of “teams” is specific to EMP networks

22N 82E

Mean

o
o
@

Coherence
> 1.00
e
o 004 | 075
=
lq:; ! 0.50
0.02 025
0.00
0.00 I .
0.00 0.25 0.50 0.75 0.25 0.50 0.75
Mean Group Strength Level of Perturbation

Absence of any “teams” supporting
the hybrid E/M phenotypes makes
them the ‘fittest’ for metastasis.

Hari et al. eLife 2022



Are “teams” seen in other examples of plasticity too?

Model prediction
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Pillai & Jolly, iScience 2021

Chauhan*, Ram*, Hari & Jolly, eLife 2021



“Teams” — a meaningful dimension-reduction metric?
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EMT networks or transcriptomic data can be explained mostly by PC1.

Hari et al., bioRxiv 2023: 526930




Low-dimensionality of phenotypic space : other examples

Gonadal 19N 75E (i) SCLC 33N 357E (iii) Pluripotency 52N 123E
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Impact of “teams” on canalization can be generalized
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From “teams’” of nodes in a cell to “teams” of cells in a tissue

a— : Two states of the cell population model:
:@«’ 1. Epithelial cancer cells, M1 macrophages

,—n;v‘_,@;-\ 2. Mesenchymal cancer cells, M2 macrophages
\ |
\,, . ol

S, f‘—* Hj

Trends in
Cancer

Special Issue: Quantitative Cancer Biology

¢? CellPress

Group Behavior and Emergence of Cancer
Drug Resistance

Supriyo Bhattacharya @, Atish Mohanty,? Srisairam Achuthan,® Sourabh Kotnala,? Mohit Kumar Jolly,*
Prakash Kulkarni,? and Ravi Salgia®*

Li*, Jolly* et al. Front Oncol 2019



“Teams” ~ driving principle of cell-fate canalization?
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“ll Transition state
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Englander & Mayne, PNAS 2014; Waddington, 1942



Can “teams” help coordinate many axes of plasticity?

Therapy Resistance

:‘\
)

EMT (Epithelial-
Mesenchymal Transition)
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Plasticity axis 3
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o
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Sahoo et al., manuscript in preparation



Tamoxifen resistance in ER+ breast cancer

Tamoxifen: 1st targeted therapy; given to ER+ breast cancer patients (75% of BC cases)

i =

Adhere to neighbors Do NOT adhere to neighbors
Do NOT migrate or invade Migrate and invade
Epithelial (E) Mesenchymal (M)
Mesenchymal-to-Epithelial Epithelial-to-Mesenchymal
Transition (MET) Transition (EMT)

Secondary tumor :
Primary tumor 1. Invasion

6 sl — 2P
i MY
EMT | @

5. Dormancy

« Does EMT drive tamoxifen resistance or vice versa?
« Can state-switching enable long-term ‘resistance’ without genetic changes?

Scheel & Weinberg, Seminars in Cancer Biology 2012



Association between (E, sensitive) and (M, resistant) states
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Hybrid E/M state can be Tam-Resistant too
Sarthak Sahoo

Sahoo et al. NAR Cancer 2021
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“Teams” enabling coupling between more than 2 axes
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Suggesting combinatorial therapies for ER+ breast cancer
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A population of cancer cells
exposed to a targeted therapy/

iImmunotherapy can: 1V-\|I-IHI.I\gH

| 4 ' ,7  DOES NOT
a) Die e KILLUS
b) Become dormant transiently RS 4 MAKE S US
c) Switch to a more ‘ RONGER.

aggressive behavior | - ‘ FRIEDRICH NIETZSCHE
d) ...

HARRY POTTER

THE BOY WHO LI

Avada Kedavra Cells that adapt & survive:
(Targeted therapy) Hail the “Team” Potter!



Summary (Part 2)

Regulatory networks underlying cancer cell plasticity are multi-stable.
“Teams” control relative stability (or lack thereof) of diverse phenotypes.
“Teams” can coordinate various axes of plasticity (EMT, TamRes et al.)

Such coordination can facilitate therapy-driven adaptive responses,
aggravating clinical outcomes.
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Ongoing work
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How do rates of cell-state transition
depend on prior history & neighborhood?
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HI =0.35

MCS=0 MCS = 1200

How does spatial heterogeneity
impact cancer invasion traits?
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