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Dynamics of Conformational Changes are Crucial

for Protein Function
Dynamic and localized transitions between pairs of conformational states:
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Projection Operator Approach of Protein Dynamics

Evolution of density in phase space satisfies Liouville’s Equation:

dp(T,t)
ot

Mori-Zwanzig projection operator: I' - X

= Lp(T, t) r =(x;p)
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Projecting Kinetics onto Coarse-grained States
Introduces Memory

Hummer-Szabo projection
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We choose |y) to be the state indicator function
\J‘i‘[ xi(x) = 1: conformation x belongs to state i

[P : Slow transitions between states

(@ : Fast transitions within state
Separation of timescales

The projected kinetics satisfy a Generalized Master Equation:

t

%T(t) = T(O)T() + fo K(t)T(t —t')dt’

Memory kernel: K(t) = (Le®tQL) o1

Hummer & Szabo, JPCB. 119, 9029, (2015) Cao et al. J. Chem. Phys.,153: 014105, (2020)



Projecting Kinetics onto Coarse-grained States
Introduces Memory
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We choose |y) to be the state indicator function
\J‘i‘[ xi(x) = 1: conformation x belongs to state i

[P : Slow transitions between states

(@ : Fast transitions within state
Separation of timescales

Discretion of time (lag time: T ) 1s sufficiently long so that: Pe“"Q~ 0

We obtain a Markov _
State Model (MSM): p(t T T) =T p(t)

Wang, Cao, Zhu, Huang WIREs Comput. Mol. Sci., ¢1343, (2017)




MSMs are often non-Markovian due to Limited
Length of MD Simulations
NTL9 folding: RNA Polymerase backtracking:

System size: ~370K atoms
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Quasi-Markov State Model (qMSM) Theory

Key Insights: Due to separation of timescales, the memory kernel (mainly
reflecting intra-state transition) decays faster than the Markovian lag time.

@ _ (b)
1/\ 2 MD Ty L Ty

q Our approach:

c) MSM = (d) qMSM Propagate dynamics
using a Generalized
' ' Master Equation with

memory kernel.
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Cao et al. J. Chem. Phys., 153, 014105, (2020)
T < Ty < Iy




Computing Memory Kernel for Protein Dynamics

T(AD), TQAY) ... T(zy) )

Direct discretization of GME:

Direct

T T (nAD) =T 0)T (nAD) + At Y, K (mA)T ((n — m)
m=1
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A Simple Kinetic Model
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Dynamics of RNAP Gate Opening is Crucial for
DNA Promoter Loading

RNAP
Crab
o claw
Clamp Open Clamp Closed
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Proc. Nat. Acad. Sci. U.S.A., 118(17), €2024324118, (2021)




Our Recipe for Constructing qMSMs to Study
Functional Conformational Changes
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Our Recipe for Constructing qMSMs to Study
Functional Conformational Changes

Initial pathway
generation and
optimization
(TMD, Climber, String
Method, TAPs)
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Coarse-Grained MD Simulations to Generate
Initial Path

A) Closed to Open clamp Open to Closed clamp oo
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Our Recipe for Constructing gMSMs to Study
Functional Conformational Changes
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Automatic Selection of Features that can
Describe Protein Conformational Changes
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Automatic Selection of Features that can
Describe Protein Conformational Changes
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Our Recipe for Constructing qMSMs to Study
Functional Conformational Changes
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Clamp Closing is Rate-Limiting and Occurs at

Milliseconds
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Clamp Closing is Dynamically Correlated with
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Unfolded Swtich-2 Conformations are Spontaneously
Sampled by the Partially Closed Intermediate State
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Unfolded Swtich-2 Conformations Allow the Binding
of Antibiotics Myx

Partially unfolded and detached Swtich-2 con-

formations allow sufficient space for the binding of
antibiotics Myx
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F614A Mutant Causes Hypersensitivity to Myx

/i

v with Myx by providing more space in the
o binding pocket

-\

F614A

WT

4
R ® A
-6 e 8, S_ £ € < < 9Y~s|l< Feo
° ¢ a O W~ T N O~ 4+ O - o N
¢ ° R S 38 82 32 32 b 3 8 B
A 28, Lo X ¥e 0o re 45 O0Q Le Bo
" @ o A v a o y\m x| a -
" A £y 234 3 331 5100 413 899 276 439 1.05| 0.264 [1.27
A : IC
—‘O - A 3 A e%eta 50 123 1.1 +0.61 +2.58 +0.53 +4.6 +0.24 +0.020 +0.29
# @ e 8§ #
P @ / 4 w
w S SR -
b A @ 2 .
Thermus thermophilus RNAP
A5+~
25 12 0

Number of Native contacts

Proc. Nat. Acad. Sci. U.S.A., 118(17), €2024324118, (2021)



Residence Probability

gMSMs Greatly Outperform MSMs
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Overcoming the Challenges
that still Face GME Models




Numerical Instability of Memory Kernels for

Complex Systems
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A Smoothing Scheme Improves Numerical
Stability of Memory Kernels, but Not Enough!
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Integrative-GME (IGME) Method

Taylor expansion of the memory term in GME:
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Integrative-GME (IGME) Models are Stable
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