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IDPs have different regulators
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IDPs rely on electrostatics, charges are topologically correlated
IDP conformation can also be modulated by non-electrostatics

IDPs may also exhibit charge modulation



IDP sequence is critical
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Sequence matters in IDP function
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Ddx4N phase separates but Ddx4CS does not

Nott et al Mol Cell (2015)
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Linking sequence to conformation and function
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Hamiltonian (coarse grain) based theory



H based polymer theory can be useful
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Theory can compute ensemble average end-to-end distance

(Ree)



H based polymer theory can describe charge correlation

electrostatics
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Theory captures all-atom simulation of toy sequences
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Modeling the Disordered Proteins (IDPs)



Experiment confirms predicted mutational hot spots
PKl-alpha—WT (7 positive and 14 negative chargesib o
rediction
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Experiment confirms predicted mutational hot spots

HYPK-WT (22 positive and 31 negative charges) Predicti
rediction
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Discovery of a marginal IDP and its sequence dependence

PNAS 121, 2316408121 (2024)



Salt as another regulator of conformation



How to model salt dependence !

ﬁ F (Ree) — = ent(Ree) + Qnon—elec(Ree) + Qélec(Ree’ Cs)
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Experiment confirms the predicted trend
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lonic strength coupled to patterning modulates conformation



More patterning metrics arise describing intra-chain sizes




More patterning metrics arise describing intra-chain sizes
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IDPs have sequence specific distance profiles

SCDM maps reveal molecular blue print
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Sequence Charge Decoration Matrix is IDP’s
molecular blueprint
Role in IDP function



Challenges of modeling IDP function

® Sequence alignment does not work

e Structure alignment does not work



Functionally similar IDPs lack sequence similarity

Ste50 SAM RA 346

—
—

Zarin, Tsai, Ba and Moses PNAS 2017



Functionally similar IDPs lack sequence similarity
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Functionally similar IDPs lack sequence similarity
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Challenges of modeling IDP function

e Sequence alignment does not work

e Structure alignment does not work

What about using mathematical metric as IDP blueprint ?



Can we use SCDM to classify IDPS ?

What about using mathematical metric as IDP blueprint ?



SCDM can detect functionally similar STE50
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Huihui Ghosh (Biophysical Journal 2021)



SCDM can detect functionally similar STE50
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SCDM can detect functionally similar STE50

PEX5 SCCharge SC5A RAD26

Functional non-functional

Huihui Ghosh (Biophysical Journal 2021)



SCDM can detect functionally similar PSC-CTR
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How to model sequence dependent
non-electrostatics 7



We can use ML to train non-electrostatics H
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Physics based Machine Learning (PML) trains H
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Simulated H can be mapped to an analytical H
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Physics based ML can predict sequence dependent size

predicted Ree [nm]
S (O] ()] ~

w

Ul
o

r=.991

r=.996

N w Y
o o (@]

predicted Ree [nm]

=
o

3 4 5 6 7 0 10 20 30 40
simulated Ree [nm] simulated Ree [nm]



Physics based ML allows prediction of non-
trained observables
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Physics based ML can predict distance map
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Physics based ML also reproduces experimental data
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Physics based ML can be used to predict simulated relaxation
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Multi-chain H correctly captures phase separation propensity
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Multi-chain H correctly captures phase separation propensity
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PML can predict LLPS propensity for non-charge mutations
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Charges may not be fully ionized

Fa=F



Beyond monopole electrostatics is needed
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charge modulation, sequence and chain
conformation are coupled
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Beyond monopole electrostatics is needed

Combinatorial entropy of ionization

Counterion translational entropy

lon-pair formation equilibrium

Chain free energy
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Theory describes conformation and charge
state
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Seguence patterning regulates
conformation and charge state
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Charge and conformation landscape may exhibit bistability
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Phosphorylation can harness charge and
conformational fluctuation
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Conclusion

e Hamiltonian based analytical theory can be useful to dissect different
regulators of chain conformation

® Sequence based theory can help understand function
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