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Abstract

Understanding the structure-dynamics-function linkage in biomolecular systems at a
mechanistic and quantitative level is a fundamental challenge in contemporary biophysics.
This thesis employs molecular dynamics (MD) simulations, Bayesian inference, and
Markov modeling to address this challenge for two enzymatic systems of high biological
and biomedical relevance: CRISPR/Cas13a and F1-ATPase.

In the first part of this thesis (Chapter 2), I investigated the conformational dynamics of
CRISPR/Cas13a along its catalytic pathway. Cas13a is an RNA-guided endonuclease that
has shown great potential in medical diagnostics and genetic therapy. Despite growing
interest in its applications, a mechanistic understanding of its activation and catalysis
remains elusive. Here, I combined all-atom molecular dynamics (MD) simulations with
DEER/PELDOR spectroscopy data (provided by our collaborators) to characterize the
structure and dynamics of Cas13a from the bacterium Leptotrichia buccalis in the four
known binding states, including the apo state whose structure has not been experi-
mentally resolved. Large-scale inter-domain rearrangements and increased structural
flexibility of the apo state compared to the RNA-bound states were observed in the MD
simulations. These predictions are qualitatively supported by the inter-residue distance
distributions extracted from the DEER/PELDOR spectra, and suggest an RNA-induced
ordering mechanism for Cas13a activation. However, quantitative discrepancies between
the distance distributions predicted by the MD simulations and those extracted from the
DEER/PELDOR spectra are present, to which a few factors might have contributed and
require further investigation.

To accurately interpret the DEER/PELDOR spectra used in the Cas13a study, I imple-
mented in the second part of this thesis (Chapter 3) a Bayesian approach for extracting
distance distributions from those data. DEER/PELDOR spectroscopy measures an os-
cillatory time-domain signal that encodes the distribution of distances between a pair
of spin centers introduced into the biomacromolecule. The state-of-the-art method for
extracting the encoded distance distribution from a given DEER/PELDOR spectrum, based
on Tikhonov regularization (TR), suffers from overfitting and lacks reliable uncertainty
estimation. To mitigate these issues, I implemented and tested a Bayesian approach. In
benchmark tests against synthetic datasets and applications to experimental spectra of
Cas13a, my Bayesian approach demonstrates general applicability, high robustness, and
the capability to fully quantify uncertainties, thus complementing TR to enhance the
reliability of structural interpretations based on DEER/PELDOR spectra.
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‘e third part of this thesis (Chapter 4) addresses the catalytic mechanism of F1-ATPase.

As the catalytic domain of ATP synthase, F1-ATPase is pivotal for mechano-chemical en-

ergy conversion in mitochondria. Despite wide acceptance of the rotary catalysis concept,

a quantitative description of the thermodynamics and kinetics within the catalytic path-

way of F1-ATPase remains elusive. Here we developed a minimal yet thermodynamically

consistent Markov model for F1-ATPase that involves the relevant conformational and

chemical degrees of freedom and reproduces all relevant experimental data. Within the

generic construction of a Markov model considering discrete orientations of the
 -subunit

and several conformations and nucleotide binding states of each individual� -subunit, we

systematically evaluated over 14,000 model variants via exhaustive Bayesian search in the

large parameter space of transition rates, cross-validation, and analysis of physical and

chemical restraints. Unexpectedly, we €nd that a fully functional minimal model requires

four distinct � -subunit conformations. Further, our model reconciles the decade-long

bi-sitevs.tri-site controversy, clarifying that both pathways contribute depending on

ATP concentration. Additionally, our model suggests a Brownian-ratchet-like mechanism

that explains the observation that one ATP hydrolysis event can trigger larger than 120�

rotations, thereby explaining seemingly over 100% chemo-mechanical coupling e•ciency.

‘e projects presented in this thesis provide not only new insights into speci€c biological

systems, but also generally applicable tools and frameworks. Particularly, I have extended

the application of Bayesian inference to the analysis of DEER/PELDOR spectroscopy data,

and to the parametrization of Markov models. Further, the methodology developed in

Chapter 2 combining MD simulations and DEER/PELDOR spectroscopy could be useful

for studying protein conformational dynamics with structural details at atomic resolution.

Finally, the theoretical framework established in Chapter 4 for Markov modeling and

hypothesis testing could enable one to study many other molecular machines whose

enzymatic mechanisms involve close coupling between conformational motions, substrate

binding, and chemical reactions.

Keywords : CRISPR/Cas13a, molecular dynamics simulations, DEER/PELDOR spec-

troscopy, Bayesian inference, F1-ATPase, Markov models
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Chapter 1

Introduction

Proteins are highly dynamic nanomachines that carry out many essential biological

processes, from enzymatic catalysis and signal transduction to molecular recognition and

transport. ‘e structure-function paradigm [1, 2] states that the structure of a protein

de€nes its function, between which, as revealed and established by decades of studies

[3{7], the dynamics is the bridge. Proteins do not exist as static entities; instead, they

undergo continuous transitions among multiple conformational, chemical and binding

states to perform function. ‘ese transitions occur on various spatial and temporal

scales, ranging from fast local ƒuctuations around the equilibrium atomic positions to

slow, large-scale domain rearrangements and conformational changes induced by ligand

binding/dissociation.

A fundamental and challenging question in contemporary biophysics is to understand the

linkage between protein structure, dynamics and function at a mechanistic and quantita-

tive level. Addressing this challenge requires a combination of experimental techniques,

computer simulations, and theoretical modeling [8{11]. In the works presented in this

thesis, we employed molecular dynamics (MD) simulations, Markov models, and Bayesian

inference to study the dynamics-function linkage in two enzymatic proteins of pivotal

biological functions and high research interest, CRISPR/Cas13a (Chapter 2) and F1-ATPase

(Chapter 4).

CRISPR/Cas13a is an endonuclease serving as a major component of the bacterial adaptive

immune system, and showing great potential for applications in medical diagnostics and

genetic therapy [12{20]. However, the molecular mechanism by which Cas13a carries out

speci€c RNA cleavage is yet unclear, and a full and consistent description of this catalytic

pathway including four di‚erent RNA-binding states of Cas13a is yet missing. To achieve

such a description, in Chapter 2, we studied the conformational dynamics of Cas13a

along the catalytic pathway, using MD simulations in combination with DEER/PELDOR



2 Introduction

spectroscopy (in collaboration with Olav Schiemann and colleagues at Clausius-Institute

of Physical and ‘eoretical Chemistry, University of Bonn).

MD simulations are a powerful computational method for studying the dynamics of

biological macromolecular systems, particularly proteins and nucleic acids, at atomistic

resolution [8, 21{24]. Using a physics-based model to describe the interactions between

atoms, MD simulations generate time-trajectories (\movies") of atom motions in proteins

at femtosecond temporal resolution and at atomistic spatial resolution (fundamental

theory detailed in Section 1). Such \movies" may provide insights about the molecular

mechanisms for a variety of important biomolecular processes including conformational

change [25{27], ligand binding [28{30], and protein folding [31{33]. In Chapter 2, we

used MD simulations to probe the structure and dynamics of Cas13a in di‚erent RNA-

binding states, as well as the conformational changes between the states induced by

ligand RNA binding or dissociation; notably, MD simulations are well-suited for these

purposes.

Complementing our MD simulations, DEER/PELDOR spectra were measured for Cas13a

in di‚erent RNA-binding states to determine the distances within Cas13a, thus revealing

the conformational dynamics experimentally. DEER/PELDOR spectroscopy measures the

magnetic dipolar interactions between two spin centers introduced into a macromolecule,

which depends on the distance between the two spin centers. ‘e resultant spectrum

encodes the distribution of the distance for a structural ensemble of the macromolecule,

and this encoded distance distribution can be recovered from the spectrum [34{37].

‘e distance distributions recovered from the measured spectra of Cas13a are highly

valuable data for our study. ‘ey can be directly interpreted to provide information

about the structures and dynamics of Cas13a in di‚erent RNA-binding states. ‘e peaks

in the distance distributions indicate (meta-)stable conformations, and the widths of

these peaks also indicate the structural ƒexibility. In Chapter 2, we have used these

distance distributions as validation data to evaluate the accuracy and reliability of our MD

simulations. Further, we plan to incorporate these distance distributions as constraints in

MD simulations to predict the unknown structure ofapoCas13a. ‘erefore, to accurately

recover these distance distributions from the measured spectra with reliable uncertainty

estimation is essential.

However, to recover the encoded distance distributions from the measured DEER/PELDOR

spectra is a challenging task due to the ill-posed nature of this inversion problem [38{40].

Conventional methods for this task, particularly Tikhonov regularization, which is a

least-square €‹ing method, su‚ers from mis€‹ing, over€‹ing and lack of uncertainty

estimation [38{42]. To mitigate these issues, extending upon the work by Swegeret al.

[43], we developed a Bayesian approach for this task in Chapter 3.
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Bayesian inference relies on the posterior probability distribution%¹� j
 •Mº to infer

parameters� of a given forward modelM , from the experimental data
 . ‘e forward

model describes how the experimental data
 is produced by the underlying parameters

� . ‘e posterior probability %¹� j
 •Mº quanti€es how probable any set of parameters

is in light of the experimental data
 , assuming the forward modelM . By the Bayes

theorem, the posterior%¹� j
 •Mº is proportional to the prior probability%¹� jMº and

the likelihood%¹
 j� •Mº ,

%¹� j
 •Mº / %¹
 j� •Mº %¹� jMº • (1.1)

where the prior%¹� jMº quanti€es the probability of the parameter set� before taking

the experimental data
 into account; the likelihood%¹
 j� •Mº is the conditional proba-

bility of the experimental data
 given the parameters� and the forward modelM . ‘e

measurement noise in the experimental data is accounted for by the likelihood. Notably,

the posterior is a probability distribution de€ned over the entire high-dimensional pa-

rameter space that represents the complete information that can be inferred about the

parameters� from the experimental data
 , including not only the probable values of

the parameters, but also the uncertainties of the parameters, as well as the correlations

between the parameters.

‘erefore, in contrast to Tikhonov regularization that provides only one optimal solution

of the distance distribution, our Bayesian approach for the analysis of DEER/PELDOR

spectra allows a straightforward and quantitative estimation of the uncertainties in the

inferred distance distribution (Chapter 3).

Another major work presented in this thesis is about the paradigmatic rotary molecular

machine F1-ATPase (Chapter 4). F1-ATPase is the catalytic domain of the F1FO-ATP syn-

thase (ATP synthase), an essential enzyme responsible for ATP synthesis in nearly all cells

[44{46]. Given the central importance of ATP synthase in bioenergetics, understanding

the rotary catalysis mechanism of F1-ATPase in quantitative terms of thermodynamics

and kinetics is crucial for elucidating the principles of biological chemo-mechanical

energy conversion. To this aim, we employed Markov models to unify the wealth of

experimental data and insights about the chemo-mechanical coupling of F1-ATPase accu-

mulated in decades of studies into a complete and quantitative description of the catalytic

cycle in terms of thermodynamics and kinetics (Chapter 4).

Markov models provide a versatile framework for directly characterizing the thermody-

namics and kinetics of multi-scale protein dynamics. In Markov models, the dynamics of

the system is described by a discrete set of states (Markov states) and probabilistic transi-

tions between these states; importantly, these transitions are assumed to be memoryless,

which means the future state of the system depends only on its present state and not on
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the time trajectory of the past states the system has gone through (the \history").

In the context of protein dynamics, the Markov states represent the conformational and

chemical degrees of freedom (DOFs) of the protein at a highly coarse-grained level. ‘e

transitions may include conformational changes, ligand binding and release, as well

as chemical reactions. A minimal Markov model is given in Section 2 (see particular

Figure 1.1) as an example to illustrate these states and transitions. ‘e validity of assuming

memoryless transitions between these Markov states comes from the stronger assumption

of local equilibrium. ‘e la‹er assumes that the conformational ƒuctuations within each

Markov state equilibrate on a much shorter timescale compared to the slower transitions

between states (separation of timescales). Notably, the local equilibrium assumption

allows to assign an energy� 8 to each Markov state8, and subsequently the de€nition of a

constant transition rateA8! 9 from state8to state9. ‘ese energies and transition rates

provide a direct characterization of the thermodynamics and kinetics of the system.

Markov models allow incorporation of experimental data and/or MD simulations. A‰er

the states and transitions are de€ned, the energies of the states and the transition rates

can be estimated from experimental data [47] and/or from MD simulations. Alternatively,

they can be treated as parameters and obtained by €‹ing the model to experimental data

[48{50]. In our study of F1-ATPase (Chapter 4), we adopted a Bayesian approach to infer

these parameters from experimental data.

Building upon our previous introduction of Bayesian inference emphasizing its advantage

of uncertainty estimation, here we further note that Bayesian inference is a suitable and

powerful approach to incorporating complex and diverse experimental data into one

uni€ed and comprehensive model. According to the Bayesian interpretation of probability

and the Bayes theorem (Equation 1.1), the posterior evaluates the updated degree of belief

of the model parameters when some new experimental data is in light, from the previous

degree of belief when the new data is yet unknown (i.e., the prior); how much the previous

belief should be modi€ed according to the new data depends on the likelihood. ‘us,

Bayesian inferences allows repeated incorporation of new data to update the current

belief of parameters.

1 Fundamental theory of molecular dynamics simulations

‘e fundamental theory of MD simulations includes three main approximations. First, the

Born-Oppenheimer approximation allows separation of the nuclear and electronic degrees

of freedom. ‘e exact description of a molecule requires solving the time-dependent

Schr•odinger equation including the wave functions of the atomic nuclei and electrons.



1 Fundamental theory of molecular dynamics simulations 5

However, for macromolecules containing thousands to millions of atoms, this becomes too

computationally expensive and therefore infeasible. Born-Oppenheimer approximation

assumes that, when solving this Schr•odinger equation, the wave functions of the atomic

nuclei and the electrons can be treated separately, considering that the nuclei are much

heavier than the electrons. Because of the large relative mass of nuclei compared to

electrons, electrons move much faster than the nuclei and quickly adapt to small motions

of the nuclei. Given a con€guration of the nuclear coordinatesR, the ground state energy

� 4¹Rº of the electrons is determined by the time-independent Sch•odinger equation of

the electrons, and used as the potential energy surface (PES) of the system. As the

consequence of Born-Oppenheimer approximation, the nuclei are considered as moving

on this PES.

Force €eldsHowever, exact calculation of the PES is still too expensive for macromolecular

systems. ‘erefore, in MD simulations, the PES is further approximated by an empirical

force €eld+ ¹Rº, which is an approximate description of the interatomic interactions

including both bonded and non-bonded ones,

+ ¹Rº = +bonded¹Rº ¸ +non� bonded¹Rº” (1.2)

Most force €elds frequently used for MD simulations of biological macromolecules include

similar terms as listed in Tables 1.1 and 1.2.

Force €elds are developed prior to the MD simulations. ‘e force €eld parameters are

obtained byab initio quantum mechanical calculations, and typically, also by €‹ing the

potential function to experimental data,e.g., enthalpy of vaporization and free energies

of solvation. ‘is procedure is referred to as force €eld parametrization. Consequently,

each force €eld is optimized for speci€c types of molecules and conditions to reproduce

speci€c experimental observations, and the performance of a force €eld may vary signi€-

cantly when applied in MD simulations of di‚erent systems under di‚erent conditions.

‘e widely used force €elds in MD simulations of biological macromolecules include

CHARMM [51], AMBER [52], GROMOS [53] and OPLS [54].

Classical description of the nuclear motionsWith the Born-Oppenheimer approximation

and the force €eld approximation, the dynamics of the nuclei moving on the PES is

described by a time-dependent Sch•odinger equation. Yet, due to the large number of

atoms in macromolecules, this is still computationally infeasible. To further reduce

the computational e‚ort, the motion of the nuclei is further approximated by classical

Newtonian dynamics,

< 8
32R8

3C2 = �
m+¹Rº

mR8
• 8= 1•2• ”””• #• (1.3)

where# is the number of atoms in the macromolecule;< 8 andR8 represent the mass and
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coordinates of the8th nucleus. ‘e trajectories of the nuclei coordinates are obtained by

numerical integration of the above Newtonian equations of motion (Equation 1.3). In our

simulations of CRISPR/Cas13a (Chapter 2), we employed the leap-frog algorithm [55] for

this integration for its high computational e•ciency and su•cient accuracy.

Table 1.1 j Terms included in the bonded interactions

Interaction term Mathematical expression Comments

Bond stretching +bonds¹Rº =
bondsÕ

=

1
2
 1

= ¹1= � 1eq
= º2

At room temperature, deviations
of the bond length from equilib-
rium are small.+bonds is there-
fore approximated by second-
order Taylor expansion (har-
monic potential).

Bond angle bending +angles¹Rº =
anglesÕ

=

1
2
 \

= ¹\ = � \ eq
= º2 Analogous to bond stretching.

Dihedral potential
+dihedrals¹Rº =
dihedralsÕ

=

1
2
+ q

=
�
1 ¸ cos¹=q= � qeq

= º
�

‘e dihedral angles describe the
torsion of four atoms covalently
bonded in a sequence. Periodic-
ity of rotation is taken into ac-
count by the cosine function.

Improper dihedrals +improper¹Rº =
improperÕ

=

1
2
 b

= ¹b= � beq
= º2

Introduced to maintain speci€c
stereochemical requirements,
e.g.planarity of aromatic rings.

Table 1.2 j Terms included in the non-bonded interactions

Interaction term Mathematical expression Comments

Lennard-Jones potential
+L-J¹Rº =
pairsÕ

¹8•9º

4+ L-J
8 9

" �
f 8 9

' 8 9

� 12

�
�
f 8 9

' 8 9

� 6
#

‘e summation is over atom
pairs ¹8• 9º and ' 8 9 is the dis-
tance between atoms8 and 9.
‘e ' � 12

8 9 term models the a‹rac-
tive long-range dispersion inter-
actions (van der Waals interac-
tion). ‘e ' � 6

8 9 term approxi-
mates the Pauli repulsion.

Coulomb interaction +Coulomb¹Rº =
pairsÕ

¹8•9º

@8@9

4cY0' 8 9

Electrostatic interactions be-
tween the partial charges@8 and
@9 on atoms8and 9.
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2 Further information about Markov models

A minimal Markov modelFor illustration of a Markov model including states and transi-

tions derived from the chemical and conformational DOFs of a protein, consider a minimal

Markov model for a hypothetical enzyme as shown in Figure 1.1. ‘is enzyme has two

stable conformations open (o) and closed (c) and converts substrate (S) into product (P).

‘e dynamics of this enzyme is described by a Markov model comprising six states of

the enzyme that are the Cartesian product of the two conformational states (o andc) and

three binding states (apo, S-bound and P-bound). ‘e transitions include conformational

transition of the enzyme (green arrows), binding and release of the substrate and product

(blue arrows), as well as the chemical reaction of substrate-product conversion (orange

arrows). Here, we assume that the concentrations of S and P are much higher than the

enzyme concentration, so that the concentrations of S and P are approximately constant.

Under this condition, all the transition rates, particularly the binding rates, are constant.

Figure 1.1 j A simple Markov model for a hypothetical bi-conformational enzyme
‘is enzyme has two stable conformations open (o) and closed (c) and converts substrate (S) into
product (P). ‘e Markov model includes six states of the enzyme that are the Cartesian product
of the two conformational states (o, pink, andc, green) and three binding states (apo, S-bound
and P-bound). ‘e transitions include conformational transition of the enzyme (green arrows),
substrate/product binding/release (blue arrows), and the chemical reaction of substrate-product
conversion (orange arrows).

‘is simple Markov model can be extended to describe more complex systems including

more DOFs,e.g., multi-domain proteins where each domain may adopt several con-

formations, or enzymes including multiple catalytic sites. ‘e Markov states that are

constructed from the Cartesian product of the DOFs may increase from a few to hundreds

or thousands. In Chapter 4, we constructed a Markov model for F1-ATPase including

seven DOFs inspired by experimental observations, which lead to hundreds of Markov

states.

Master equationIn a Markov model, the time evolution of the system is described by a
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continuous time Markov chain (CTMC), where the deterministic dynamics follows the

master equation

3%8¹Cº
3C

=
Õ

9<8

�
A9! 8%9¹Cº � A8! 9%8¹Cº

�
• for 8= 1•2• ”””• #• (1.4)

where# is the number of Markov states;%8¹Cº is the population of state8at timeC; the

summation is over all the states other than8. Notably, the master equation comprises

# coupled linear ordinary di‚erential equations (ODE) involving the populations of the

states,f %8¹Cºg.

Markov models, kinetic models, and chemical reaction network modelsBelow, we brieƒy

discuss two kinds of models closely related to Markov models in the study of protein

dynamics, namely, kinetic models and chemical reaction network (CRN) models. In the

literature, Markov models are sometimes described under these two terminologies rather

than explicitly referred to as Markov models [47{50, 56]. First of all, it should be noted

that kinetic models and CRN models are more general concepts than the Markov models.

Particularly, the kinetic models seem to be an extremely general term; any model that

involves kinetics,i.e., reaction/transition rates, can be referred to as a kinetic model. ‘e

CRN models are more closely related to Markov models and worth further discussion.

‘e CRN models are highly coarse-grained models mainly used for the analysis of

coupled chemical reactions,i.e., \chemical reaction network" [57, 58]. ‘ese chemical

reactions include bio-chemical processes such as enzymatic reactions, ligand binding,

and conformational transitions of bio-macromolecules, therefore the CRN models are

also suitable for the study of protein dynamics and mechanism. A CRN comprises a set

of (bio-)chemical species and a set of reactions between these species. ‘e time evolution

of the concentrations of these species is described by the chemical master equation,i.e.,

a set of coupled rate equations, in analogy to the master equation in a Markov model

(Equation 1.4).

Nevertheless, in contrast to the linear master equation in a Markov model, the master

equation in a CRN model may include non-linear terms due to the presence of second-

or higher-order reaction(s). For example, if the concentrations of substrate and product

are not constant, the hypothetical enzyme previously described by a Markov model

(Figure 1.1) must instead be described by a CRN model including eight species,i.e., the six

states of the enzyme, plus the substrate and the product. Particularly, because the binding

of ligand (blue arrows pointing downwards in Figure 1.1) is a second-order reaction, the

master equation is non-linear. From this perspective, Markov models can be considered

as special cases of CRN models. In the literature, the Markov models are sometimes not

distinguished from more general CRN models [49, 50, 56].
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Despite the di‚erences in the master equations describing the deterministic dynamics, the

stochastic dynamics in both CRN models and Markov models are described by continuous

time Markov chains (CTMC), and both models can therefore be simulated using the

Gillespie algorithm [59, 60]. From this perspective, a CRN model can be considered as

the simpli€ed/reduced representation of a Markov model including an in€nite number of

Markov states, each state speci€ed by the integer numbers of molecules of all chemical

species included in the CRN.
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Chapter 2

Revealing Structural Changes of
CRISPR/Cas13a by Molecular
Dynamics Simulations and
DEER/PELDOR Spectroscopy

1 Introduction

Clustered Regularly Interspaced Short Palindromic Repeats associated systems, shorted

as CRISPR/Cas, are adaptive immune systems of bacteria and archaea [61]. ‘e function

of CRISPR/Cas includes three phases, namely, adaption, expression and interference

(Figure 2.1, adapted from [61]). When a bacterium is infected by a bacteriophage for the

€rst time, the adaption phase initiates. ‘e CRISPR/Cas system detects and captures a

short segment of the foreign genetic material. ‘is segment (spacer) is integrated into the

CRISPR array in the bacterial genome, inserted between short repetitive DNA sequences

(repeats). ‘e adaptor module of the CRISPR/Cas system, which is a complex of several

proteins including Cas1 and Cas2, is involved in the adaption phase. In the expression

phase (also known ascrRNA maturation phase), ‘e CRISPR array is transcribed into

a long RNA precursor (pre-crRNA), which is then processed into shorter RNAs known

as CRISPR RNAs (crRNA), each containing a single spacer sequence ƒanked by parts

of the repeat sequences. In the interference phase upon repeated infection by similar

bacteriophage, the e‚ector module of the CRISPR/Cas system, which can be a single

protein or a complex of several proteins, plays a crucial role. First, thecrRNA binds to

the e‚ector module, guiding the e‚ector module to bind the complementary sequence

in the invading DNA/RNA (target). Once the target is recognized, the e‚ector module

cleaves the invading DNA/RNA, e‚ectively neutralizing the threat.

A remarkable diversity of the CRISPR/Cas systems have been identi€ed [62, 63]. Based on
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the nomenclature of the e‚ector module, the CRISPR/Cas systems are grouped into two

major classes, Class 1 and Class 2, which are further divided into 6 types and 33 sub-types

(Refs. [62, 63] provide comprehensive reviews, see particularly Figures 1{2 in [63] for the

classi€cation). ‘e Class 1 systems, including Type I, Type III and Type IV, use complex

e‚ector modules consisted of several Cas proteins, whereas the Class 2 systems, including

Type II, Type V and Type VI, use e‚ector modules that are single, large, multi-domain

proteins. Of these, Type II is the most well-known and thoroughly characterized, with

the e‚ector endonuclease Cas9, the widely used genome editing enzyme [64].
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Figure 2.1 j ‡e three phases of CRISPR immunity (adapted from Ref. [61])
In the adaption phase, the Cas1-Cas2 complex (main composition of the adaptor module) captures
a short segment of the invader's DNA/RNA and integrates it into the host's CRISPR array.
In the expression phase (crRNA maturation phase), the CRISPR array is transcribed into a long
pre-crRNA, which is then processed by Cas protein or cellular RNAase into maturecrRNAs of
shorter sequences.
In the interference phase, the e‚ector module, guided by thecrRNA, recognizes and cleaves
invading DNA/RNA.

Here, we focus on studying the related but less-investigated CRISPR/Cas13a system (for-

merly known as c2c2), another member of Class 2 systems classi€ed as Type VI. We con-

sider it important to understand the yet unclear molecular mechanism of CRISPR/Cas13a

system because it has already been employed in medical diagnostics and genetic therapy

[12{20], showing great potential for further applications.
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In contrast to most CPRISPR/Cas systems (including Cas9) that target double stranded

DNAs and defend against DNA invasion, Cas13a cleaves single-stranded RNA (ssRNA)

[65{68]. ‘e catalytic pathway of Cas13a [66, 69] is shown in Figure 2.2a. First, Cas13a

binds the precursor of CRISPR RNA (pre-crRNA) and cleaves it into the mature CRISPR

RNA (crRNA) (pre-crRNA maturation). ‘en, the resulting crRNA/Cas13a binary complex

binds the target RNA (tarRNA) that contains sequence complementary to thecrRNA and

degrades it. Additionally, Cas13a is also activated by the binding oftarRNA, inducing col-

lateral degradation of environmental substrate ssRNA in a non-sequence-speci€c manner,

which leads to cell dormancy or cell death [66, 68, 70]. ‘roughout this catalytic pathway,

Cas13a goes through interconversion between four major RNA-binding states: (1) the

apostate [71, 72], (2) thepre-crRNA-bound state as a binary complexpre-crRNA/Cas13a

[73], (3) thecrRNA-bound state as a binary complexcrRNA/Cas13a [71{76], and €nally,

(4) thecrRNA+tarRNA-bound state as a ternary complexcrRNA/Cas13a/tarRNA [76, 77].

Since the original discovery of Cas13a [67], to date, 13 structures of Cas13a originated

from six di‚erent organisms have been deposited in the Protein Data Bank (Table 2.1

and Figure 2.3). Despite remarkable diversity in sequence and structural details, all

these structures reveal a bi-lobed architecture containing a recognition lobe (REC) and a

nuclease lobe (NUC). ‘e domain organization of Cas13a from the di‚erent organisms

is shown in Figure 2.2b. ‘e REC lobe includes the N-terminal domain (NTD) and the

Helical-1 domain. ‘e NUC lobe includes two HEPN domains (HEPN1-I, HEPN1-II,

HEPN-2), the Helical-2 domain, the Linker domain or sometimes the Helical-3 domain

instead, and in rare cases a CTD domain (e.g., in RcCas13a [74]). It has also been revealed

that thepre-crRNA maturation and RNA cleavage occur in two independent catalytic sites

[65, 66, 72, 78]. ‘e Helical-1 domain (inLshCas13a [72, 77]) and the HEPN2 domain (in

LbuCas13a[76]) are likely involved inpre-crRNA maturation [72, 78, 79]. ‘e catalytic site

for sequence-speci€ctarRNA cleavage and collateral ssRNA cleavage is formed by two

HEPN domains on the external surface of Cas13a [72, 76].

‘ese 13 structures listed above cover all four known RNA-binding states of Cas13a.

However, these structures originate from di‚erent organisms with sequence identity of

only 11%-20% (Table 2.1, last column), and with signi€cant diversity in structural details

(Figure 2.3). Moreover, six out of the thirteen known structures lack more than a hundred

amino acids or entire domains (PDB codes 8H4U [71], 8EWG [71], 5WTJ, 5WTK [72],

7DMQ [77], and 6VRC [75]), complicating the rationalization of conformational changes

underlying Cas13a's function. ‘e missing regions are mainly located in the REC lobe.

In particular, for the only two known structures of theapostate (PDB codes 8H4U [71]

and 5WTJ [72]), the NTD domain is almost completely missing.
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Figure 2.2 j ‡e catalytic pathway and domain organization of Cas13a
a ‘e four states of Cas13a along the catalytic pathway.ApoCas13a bindspre-crRNA to form
the binary complexpre-crRNA/Cas13a, wherepre-crRNA is cleaved into the maturecrRNA. ‘e
resultant binary complexcrRNA/Cas13a further bindstarRNA to form the ternary complex
crRNA/Cas13a/tarRNA. For the illustration of these four states, we used the structures ofLbuCas13a
(Cas13a fromLeptotrichia buccalis). ‘e crRNA- andcrRNA+tarRNA-bound structures are deter-
mined by croEM and X-ray crystallography respectively (PDB codes 5XWY and 5XWP) [76]; the
unknown apoandpre-crRNA-bound structures are represented by the predictions from AlphaFold3
[80]. ‘e structures are colored according to the domain organization, consistent withb.
b ‘e domain organization of Cas13a from di‚erent six di‚erent organisms (Table 2.1) [71{76].
All these Cas13a share the bi-lobed architecture containing a REC lobe and a NUC lobe. ‘e REC
lobe contains the NTD and Helical-1 domains; the NUC lobe contains in common the HEPN-I,
Helical-2, HEPN-II, Linker and HEPN2 domains, and in some cases an extra Helical-3 domain
(RcCas13a,LbaCas13a) and/or an extra CTD domain (RcCas13a).
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Figure 2.3 j Determined structures of CRIPSPR/Cas13a
An overview of the thirteen determined structures of CRISPR/Cas13a from six di‚erent organisms
(Table 2.1).
‘e structure illustrations are generated using PyMol. All the structures are aligned according to
the backbone structure and colored according to domain organization consistent with Figure 2.2b.
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Table 2.1 j Resolved structures of Cas13a from six di‚erent organisms
‘e states and PDB codes (in parentheses) of these structures are listed in the third column.
‘e multiple sequence alignment is done by a webserver of Clustal W [81], from which the
sequence identity is calculated (last column).

Protein Source Resolved RNA-binding states Sequence
identity
compared to
LbuCas13a

TccCas13a [71] ‘ermophilic
bacteria
Œermoclostridium
caenicola

apo(8H4U),crRNA-bound
(8EWG)

16%

RcCas13a [74] Photo-auxotrophic
purple bacteria
Rhodobacter
capsulatus

crRNA-bound (7OS0) 11%

LshCas13a [72, 77] Leptotrichia shahii apo(5WTJ),crRNA-bound
(5WTK),crRNA+tarRNA-bound
(7DMQ)

16%

LsCas13a [75] Listeria seeligeri crRNA-bound (6VRC) 20%

LbaCas13a [73] Lachnospiraceae
bacterium

pre-crRNA-bound (5W1H, 5W1I),
crRNA-bound (5WLH)

16%

LbuCas13a [76] Leptotrichia
buccalis

crRNA-bound (5XWY),
crRNA+tarRNA-bound (5XWP)

100%

In all, a complete and consistent description of the catalytic pathway of Cas13a is yet

missing. To achieve such a description requires determination of the structures and free

energies of the four known RNA-binding states for Cas13a from one source, as well as the

free energy pro€le along the transition pathways between these states. To this ultimate

aim, in collaboration with Olav Schiemann and colleagues, we adopt MD simulations in

combination with DEER/PELDOR spectroscopy as our research methodology, and choose

Cas13a from the bacteriumLeptotrichia buccalis(LbuCas13a) as the model system for

thorough investigation.

As explained in Chapter 1, MD simulations allow us to study the conformational dynamics

of LbuCas13a in di‚erent RNA-binding states, as well as the conformational changes

between the states. ‘e DEER/PELDOR (Double Electron-Electron Resonance, or Pulsed

Electron-Electron Double Resonance) spectroscopy allows to determine distributions of

distances withinLbuCas13a in di‚erent states by measuring an oscillatory time-domain

signal (echo intensity) produced by magnetic dipolar interactions [34{37]. ‘e measured

DEER/PELDOR spectroscopy data can be used as validation data to evaluate the accuracy
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and reliability of the MD simulations, or incorporated as constraints in MD simulations

to enhance their accuracy. Notably, this methodology combining MD simulations and

DEER/PELDOR spectroscopy has been successfully applied to study the internal dynamics

of a short RNA duplex [82].

We chooseLbuCas13a as the model system because of its relevance in diagnostic and

medical applications [14, 17, 83], as well as its research feasibility. From the perspective

of our research methodologyLbuCas13a is the most suitable Cas13a protein to study.

As will be explained later, for optimal performance of DEER/PELDOR spectroscopy,

all native cysteines in Cas13a must be substituted by other amino acids.LbuCas13a

contains only three cysteines, allowing the measurement of DEER/PELDOR spectra

with minimal mutations in sequence and therefore minimal potential changes in the

structure, activity and mechanism.LbuCas13a is also the only Cas13a protein for which

two structures in clearly distinct states (thecrRNA-bound andcrRNA+tarRNA-bound

states) have been resolved with high completeness and resolution [76] (see Figure 2.3).

‘ese two high-quality structures are essential for the reliability of MD simulations and

facilitate meaningful interpretation.

‘e rest of this chapter reports the current progress of our ongoing study on the catalytic

pathway ofLbuCas13a. ‘e work we have done so far serves as the €rst step towards

the ultimate aim, laying out foundation for future research. Here, we intended (1) to

evaluate the accuracy and reliability of the Amber99SB-ILDN force €eld employed in the

MD simulations ofLbuCas13a andLbuCas13a-RNA complexes, as well as the molecular

models constructed from the cryoEM and crystal structures ofLbuCas13a [76]; (2) to

assess the early conformational changes ofLbuCas13a from the RNA-bound states upon

RNA removal, thus implying about the structure and dynamics of the unknownapostate.

For these purposes, we carried out equilibrium MD simulations ofLbuCas13a, and used

the measured DEER/PELDOR spectroscopy ofLbuCas13a as validation data to compare

with our MD simulations.

DEER/PELDOR measurements of LbuCas13a

DEER/PELDOR spectroscopy measures an oscillatory time-domain signal (echo intensity)

produced by magnetic dipole-dipole interactions between two spin-labels introduced

into the macromolecule. ‘e measured signal (a DEER/PELDOR spectrum) encodes

information about the distribution of the distance between the two spin-labels within

the macromolecule (intramolecular spin-spin distance distribution).

Experimental procedure to measure the DEER/PELDOR spectraTo obtain the distance dis-
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tributions within LbuCas13a in di‚erent RNA-binding states, Schiemann and colleagues

measured a set of DEER/PELDOR spectra onapo LbuCas13a andLbuCas13a-RNA com-

plexes as summarized in Table 2.2. ‘e experimental procedure includes a few essential

steps to introduce the spin-labels at wanted positions. First, three constructs termed

active, dprecranddtargetwere derived from the wild-typeLbuCas13a and used in the

measurements. In all these three constructs, the three natural cysteines in wild-type

LbuCas13a were substituted by alanine and valine (C293A, C348V, C1141A) to achieve

site selectivity in the next step of spin-labelling (see below). ‘ese three mutations do

not a‚ect the nuclease activity towardspre-crRNA andtarRNA, leading to theLbuCas13a

construct termedactive. Compared to theactiveconstruct, the two cleavage-de€cient

constructsdprecranddtargetcontain additional mutations R1079A and R1048A/H1053A,

respectively. ‘e dprecrconstruct still bindspre-crRNA but preventspre-crRNA cleav-

age [66]. ‘e dtargetconstruct retainspre-crRNA cleavage activity, and bindstarRNA

but preventstarRNA cleavage [66]. ‘ese constructs enable the capture of all the four

RNA-binding states of Cas13a before the respective cleavage steps (Table 2.2, last column).

Table 2.2 j ‡e three constructs derived from wild-type LbuCas13a used in the
DEER/PELDOR measurements

Construct Mutations pre-cr RNA
cleavage
activity

tar RNA
cleavage
activity

Possible states

active C293A, C348V, C1141A 4 4 apo, crRNA-bound

dprecr C293A, C348V, C1141A,
R1079A

8 4 apo, pre-crRNA-bound

dtarget C293A, C348V, C1141A,
R1048A, H1053A

{ 8 apo, crRNA-bound,
crRNA+tarRNA-bound

Next, to perform DEER/PELDOR measurement, a pair of spin centers was introduced into

the LbuCas13a constructs to form doubly-labelled constructs, utilizing the highly speci€c

reaction between cysteine and the spin-label agent 1-oxyl-2,2,5,5-tetramethyl-2,5-dihydro-

1H-pyrrol-3-yl)methylmethanesulfonothioate (MTSL) through formation of a disul€de

bond (Figure 2.4b). Each doubly-labelled construct contains a pair of cysteines introduced

at wanted positions through site-directed mutagenesis [84], which then react with MTSL

added to the sample. In total, from each of theactive, dprecrand dtargetconstructs,

eleven doubly-labelled constructs were derived. Figure 2.4a shows these eleven pairs of

spin-label positions involving eight di‚erent spin-label positions distributed around all

domains. ‘ese eleven pairs of spin-label positions fall into three groups, where both

residues are within the REC lobe (REC pairs, including pairs 63-138, 138-190, 138-222

and 190-222), both residues are within the NUC lobe (NUC pairs, including pairs 462-926,
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660-756, 660-926 and 756-926), or the two residues are within di‚erent lobes (inter-lobe

pairs, including pairs 138-926, 190-756 and 190-926).

Figure 2.4 j Information about the DEER/PELDOR measurements of LbuCas13a
a ‘e eight spin label positions (residues shown by magenta spheres) and the eleven pairs for
which doubly-labelled spectra were measured (each pair connected by a red line).
b ‘e highly speci€c reaction between cysteine and MTSL (the spin-label) utilized for spin-labeling
in LbuCas13a.
c ‘e sequences of pre-crRNA,crRNA andtarRNA used in the DEER/PELDOR measurements.
d ‘e sequences of pre-crRNA,crRNA andtarRNA used in the cryoEM and crystal structures of
LbuCas13a [76]. ‘e pre-crRNA andcrRNA have an almost identical segment compared to those
used in the DEER/PELDOR measurements (highlighted by the gray background in bothc andd).

‘en, each doubly spin-labelled construct was complexed withpre-crRNA,crRNA and/or
tarRNA to obtain di‚erent states ofLbuCas13a (Table 2.2, last column). ‘e sequences of

the pre-crRNA,crRNA andtarRNA used in the measurements are shown in Figure 2.4c. It

should be noted that these sequences are di‚erent from those used in the determined

structures ofLbuCas13a 5XWP and 5XWY (Figure 2.4d).
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Finally, a standard 4-pulse DEER/PELDOR spectrum [35] was measured for each doubly

spin-labelled construct in each state, resulting in 60 DEER/PELDOR spectra (Figure 2.5a).

‘ese measurements were performed on frozen samples of the doubly-labelledLbuCas13a

or LbuCas13a/RNA complexes, detecting the whole conformational ensemble present at

the freezing point of the bu‚er [37].

Recovering the encoded distance distributions from the measured DEER/PELDOR spectra‘ese

measured DEER/PELDOR spectra ofLbuCas13a were used as validation data to evaluate

our MD simulations. For this purpose, the spin-spin distance distributions were recovered

from these spectra for comparison with the C� -C� distance distributions obtained from

our MD simulations later (Section 3).

Schiemann and colleagues used the DeerAnalysis so‰ware [42], which implements

Tikhonov regularization (TR) [85], a conventional and widely-used analysis method for

DEER/PELDOR spectra. ‘e obtained distance distributions are summarized in Figure 2.5b

(pink, beige and brown curves with shadow for theactive, dprecranddtargetconstructs).

However, these obtained distance distributions have several problems. First, some spectra

are under€‹ed, which may result in distortion in these distance distributions and/or loss

of details. Second, many of these distance distributions contain truncated peaks at the

right boundary (\tails"), which are unphysical (explained in Chapter 3). Most importantly,

as a known drawback of TR [40, 42, 43, 86], these distance distributions lack reliable

uncertainty estimation. To mitigate these issues, as detailed in Chapter 3, we developed a

Bayesian approach for the analysis of these DEER/PELDOR spectra that allows be‹er

assessment of the uncertainties in the inferred distance distributions (Figure 3.11).
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Figure 2.5 j DEER/PELDOR measurements of LbuCas13a(data from Schiemannet al.)
a ‘e DEER/PELDOR spectra (a‰er zero-point correction). ‘e pink, beige and brown sca‹er
plots represent the spectra measured on theactive, dprecranddtargetconstructs respectively.
b ‘e spin-spin distance distributions (pink, beige and brown curves with shadow) extracted from
the measured DEER/PELDOR spectra by DeerAnalysis [42] using Tikhonov regularization [85].
‘e curves are colored in consistency with those ina. ‘e vertical red and blue lines represent
the C� -C� distances in the cryoEM and crystal structures respectively.
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