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The glass transition: A ubiquitous, but highly complex phenomenon!
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The glass transition: A ubiquitous, but highly complex phenomenon!
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unsol ved probl emg
—Philip Anderson, Science 1995 .

Science, July 2005



A big problem for theoretical physics, but great for biology!

Physics

glass (solid)

Lack of a clear structur al order parameter



A big problem for theoretical physics, but great for biology!
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Glass-like dynamics of collective cell migration

Thomas E. Angelini®, Edouard Hannezo®, Xavier Trepat‘, Manuel Marquez®, Jeffrey J. Fredberg®, and David A. Weitz"'

Proc. Natl. Acad. Sci. L@\4717 (2011)
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Collective migration and cell jamming in asthma, cancer and
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Jin-Ah Park'#*, Lior Atia’, Jennifer A. Mitchel', Jeffrey J. Fredberg' and James P. Butler'2

J. Cell Sd29 3375 (2016)
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Glass-like dynamics in the cell and
in cellular collectives
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Nader Taheri Qazvini'3

WIRESs Syst. Biol. Med37 (2014)
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Unjamming and cell shape in the asthmatic
airway epithelium
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PHYSICAL REVIEW X 13, 031003 (2023)

Featured in Physics

State of Cell Unjamming Correlates with Distant Metastasis in Cancer Patients

Pablo Gottheil‘isb,I Jiirgen Lippoldt'lD,1 Steffen Grosserlf!),1 Frédéric Renner,' Mohamad Sajbah,] Dimitrij TschodutE),1
Anne-Kathrin Pol'..“n'cigelﬂ:it,2 Anne-Sophie Wegscheiderﬂb,2 Bernhard U]mﬂ!':,3 Kay Friedrichs,4 Christogh Lindner,5
Christoph Enge,l,'El Markus Lﬁﬂ'ler,6 Benjamin \?\.’olf'iﬁ':o;‘r Michael Hﬁckelf Bahriye Aktas,

Hans Kubitschke®,' Axel Niendorf,” and Josef A. Kiis®""




Can we infer from soltyicturainformationi(e.a static image) whether:

(a) the collective is jammed or unjammed (glassy or liquid)?
(b) a given cell is motile or nonmotile?
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What is a good way to describe the structure?




What is a good way to describe the structure?

Selfpropelled Voronoi (SPV) model Y (dimensionless) shape index: (07V0)
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glass transition at = 3.81

D. Bi, X. Yang, MMdiilityDrMen 1IGlads and dammingMrarisitionshhaBiological issueh y s . Rev. X (2016)



Can we also use concepts from condensed matter physics?

StrUCtUI’i

Radial distribution function g(rBtatic structure factor S(k)
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Relating structure to emergent dynamics using theoretical physics

Revi ew: LMCCoapsseaeg, ThBodg of the Glass Transition: A Primer?”, Front . Phys. (201



Relating structure to emergent dynamics using theoretical physics
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Disclaimer:

“There are more theori es of t
t han there are theori sts who

David A. Weitz, New York Times (July 29, 2008)

Revi ew: LMCCoapsseaeg, ThBodg of the Glass Transition: A Primer?”, Front . Phys. (201



Relating structure to emergent dynamics using theoretical physics

ModeCoupling Theory of the glass transition (MGEE)al., 1984]
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Relating structure to emergent dynamics using theoretical physics

ModeCoupling Theory of the glass transition (MGEE)al., 1984]

- Theonly “first principles t éxacicrgscopid pictgre)as sy dyn
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ModeCoupling Theory of the glass transition (MGEE)al., 1984]
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Relating structure to emergent dynamics using theoretical physics

ModeCoupling Theory of the glass transition (MGEE)al., 1984]
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dynamical observable of interest
[timedependent analogue of S(K)]

Revi ew: LMCCoapsseaeg, ThBodg of the Glass Transition: A Primer?”, Front . Phys. (201



Relating structure to emergent dynamics using theoretical physics

ModeCoupling Theory of the glass transition (MGEE)al., 1984]
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Relating structure to emergent dynamics using theoretical physics

ModeCoupling Theory of the glass transition (MGEE)al., 1984]

- Theonly “first principles t éxacicrgscopid pictgre)as sy dyn
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Relating structure to emergent dynamics using theoretical physics

ModeCoupling Theory of the glass transition (M&Ear., 1984
- Theonly “first principles’ tdéxamicrgscopidpictgre)assy dyn.
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Overall, through several approximations, MCT arrcleseabquation t@redict the dynamics from the structure
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Revi ew: LMCCoapsseaeg, ThBodg of the Glass Transition: A Primer?”, Front . Phys. (201



Il n progr ess couplinggheawywy i ng & ext e

Including higheorder correlations  Testing each MCT approximation Extending MCT to polymers,
active matt el
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Applying moaeoupling theory to living cells
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Applying moaeoupling theory to living cells
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*Numeri cal experi ment s’ : SPV si mul a

more liquidike more solidike Mariikevalk

cell perimeter2 3.9 cell perimeter,Z 3.4

SPV model: D. BI, X. Yang, M.C. Marchetti, M.L. Manning, Phys. Rev. X (2016)
cellGPW@ode: D. Sussm@omputPhysCommun(2017)



Modecoupling theory for SPV simulation model

Using standard MCT (ignoring activity) to predict the cell dymatmhicsrfFétructure [S(K)]:

relaxation time

3.0 35 2.0 25
target perimeter pg

relaxation times from simulation

MSc thesis M. Valk, TU/e



Modecoupling theory for SPV simulation model

Using standard MCT (ignoring activity) to predict the cell dymatmhicsrfFétructure [S(K)]:
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Modecoupling theory for SPV simulation model

Using standard MCT (ignoring activity) to predict the cell dymatmhicsrfFétructure [S(K)]:
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Preliminary results on experimental cell data

In collaboration with Profs. Jim Butler and JefédlyergHarvard) hl 4

Marijkevalk

MDCK cells
Atiaet al, Nat. Phys. (2018)

Unpublished



Preliminary results on experimental cell data

In collaboration with Profs. Jim Butler and JefédlyergHarvard)

MDCK cells
Atiaet al, Nat. Phys. (2018)

Unpublished
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Preliminary results on experimental cell data

In collaboration with Profs. Jim Butler and JefédlyergHarvard)
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Preliminary results on experimental cell data

Standard MCT is motantitativelgccurate,
but qualitativelyt already predicts the correct behavior!
(both for simulation model and experiment)



Thus far, we considered eme®igctivel y n a mi ¢ s . Now |

active/passive binary mixture
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Thus far, we considered eme®igctivel y n a mi ¢ s . Now |

active/passive binary mixture
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@®passive (“epithelial”) minimal modelfor epitheli@mesenchymal transition
@ active(selhot i | e, “mesenchymal ”) incells;associated with metastasis



-

@passive (“epithelial”) Can we infer from the instantaneous local structu
@ active (sefiho t i | e, “mesenchymal "wWhether a particle is active.¢elfmotile) or not?



An ideal task for machine learning

b .:A’jb 23
Giulia Janzen

J a n z e nDeasl or alavd: Distinguishing active from passive particles using supervised ledeningg  ( 2 0 2 3)



An ideal task for machine learning

A ForpassivglassformersviL has been successfully used to predightireic propensof particles,
based on (many, hundreds) local structural desefiptens et al., PRL 2021] " Giulia Janzen

A For ougctiveparticles, we find that a simple Voronoi tessellation (only 11 features) is just as good!

Static snapshot N Voronoi tessellation Feature extraction
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L ® ...0. o0, ..20. O..'. o\ L8 -...:a. s - Number of neighbors

- Center-particle distance

- Area

passive

* e=m

J a n z e nDeasl or alavd: Distinguishing active from passive particles using supervised ledeningg  ( 2 0 2 3)



Accuracy Is best foghly activparticles, anféwactive particles (up to ~15%)

accuracy map feature importance analysis (SHAP)
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Accuracy Is best foghly activparticles, anféwactive particles (up to ~15%)

accuracy map
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Accuracy Is best foghly activparticles, anféwactive particles (up to ~15%)

N. B. accuracy i n the ‘“Dbad

accuracy map by including information on the structtwatuations
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Inferring individual cell motility in a confluent layer from a static image

Quirine Braat Giulia Janzen

Cellular Potts model, binary active/passive mixture

Braat , Janze n, Shapeamters:rinferring the matilgysoeconfluerit cells from staticimagéso f t Mat t er (2025)



Inferring individual cell motility in a confluent layer from a static image

structur al features shape OGtinG okt Gidha Janzen
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Braat , Janze n, Shapeamatters:ninferring thd matilgysoecanfluerit cells from staticijmagéso f t Matt er (2025)



Inferring individual cell motility in a confluent layer from a static image

accuracy maspiiilar tgorevious case)
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Inferring individual cell motility in a confluent layer from a static image

accuracy maspiiilar tgorevious case) feature importance analysis
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Collective jamming/unjamming dynamics Singlecell dynamics

MCT as a novel approaguddict& understand the (Voronoitell shapes a structural indicator of motility
emergent dynamics of cells from solely structural data
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NonrEquilibrium Soft Matter group @ TU Eindhoven
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