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Abstract

In this thesis the CRISPR-~Cas9 mechanism, a promising mechanism for gene-
editing, is considered. Closed form expressions are derived for the probability
and time to cleave or unbind for the associated Cas9 protein. The mechan-
ism can be modelled mathematically by a birth and death process, therefore
the expressions could be derived using Markov chains and semigroups. The
expressions are compared to simulations and interpreted using the model of hy-
bridization kinetics. Finally the moment generating function of the stopping
time is derived for two special Markov processes, i.e. a random walk and a
Brownian motion with drift. This was done using martingales.
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1 Introduction

Organisms are regularly intruded by phages and viruses. Such intrusion could
have negative effects on the hosting organism. Therefore many of them have
found a way to protect themselves from these intruders. In many prokaryotesﬂ
this protection is organised by the CRISPRH immunity mechanism and its Cas9
(CRISPR-associated) proteins. This system integrates parts of the genome of in-
truding phages in the bacterial DNA, creating a record of infection [6]. Further-
more it creates Cas9 proteins which contain a piece of this record. Such a piece
is called CRISPR RNA (crRNA). These Cas9 proteins search for DNA comple-
mentary with the crRNA. Once found, the protein breaks down or ’cleaves’ this
DNA to disable it [7].

However, the intruding phages have found a way to get around this security
system: by evolution their DNA changes regularly, which makes the record of
the CRISPR-Cas system outdated. Therefore the Cas9 proteins must also cleave
DNA which is nearly complementary to the ctRNA to prevent infections from
evolved phages. One could wonder when the protein decides that such strands
match sufficiently and cleaves. Klein et al. [7] describe a model which explains
the physics behind this decision: the model is able to foretell whether a DNA
sequence is likely to be cleaved, given the crRNA. However, it cannot predict
the expected time it takes to make this decision.

As techniques have developed lately, it has become possible for humans to
produce crRNA ourselves, called guide RNA (gRNA), and embed it in a Cas9
protein such that the protein cleaves a strand of DNA of our choice [3]. This
technique allows us to experiment with gene editing and in fact it is a widely used
technique in the lab already [12]. This makes CRISPR-Cas9 a very promising
tool for medical applications such as prevention of genetic diseases. Once it is
known which sequence of DNA is responsible for such a genetic disease, scientists
can produce complementary gRNA and embed it in a Cas9 protein. After that,
the protein is inserted into a cell or embryo and it cleaves the desired sequence.

One might imagine that the physics behind Cas9’s decision to cleave must
be understood before it can be used for medical applications. While hunting
for a DNA sequence which causes disease, it might cleave another sufficiently
complementary DNA sequence which is responsible for vital functions. Then the
patient is healed from the disease but he is lumbered with a worse malfunction.

This thesis investigates the expected time it takes the CRISPR-Cas system
to cleave or not to cleave, assuming the model described in [7]. It does so by
deriving expressions for general birth and death processes and applying them to
the model. First the model is described in section [2, Then the expressions are
derived using the mathematical theories of Markov chains and semigroups. This
theory is described in section [3|and the derivations are done in section [l After
that, the expressions are interpreted in terms of the model in section [5| Finally,
the moment generating function of the stopping time is derived for two special
Markov processes; a random walk and a Brownian motion, using martingales.
This is done in section [6l

1Prokaryotes are single-celled organisms without a membrane-bound nucleus.
2CRISPR is an abbreviation of Clustered Regularly Interspaced Short Palindromic Re-
peats.



2 Hybridization kinetics: a model for selection
rules

In the lab several phenomena have been observed which seem to cause cleavage
or unbinding of Cas9 proteins. Klein et al. describe a model to explain these
targeting rules by physics in [7]. This section gives an introduction to a slightly
modified version of this model.

In three steps, the Cas9 protein checks whether a part of a DNA sequence
matches with the gRNA it possesses:

1) PAM binding. Initially, the protein is unbound from the DNA. By a
random walk it searches a suitable place to bind, called a PAM (Protospacer
Adjacent Motif). Ounly when it is bound to a PAM, a Cas9 protein is able to
rip the DNA-helix and start the next step. These PAMs are spread throughout
the DNA and they are a sequence of 3-4 nucleotideﬂ (nt) [I.

2) R-loop. After being bound, Cas9 starts what is called an R-loop. In this
R-loop it compares the DNA with the gRNA it possesses. For that purpose it
separates the double helix of the DNA and tries to bind the nucleotides of the
gRNA to it one by one, starting with the nucleotides at the PAM (see fig. .
When a nucleotide of the gRNA and the DNA form a correct Watson-Crick
base pairﬂ the two will bind and energy is rewarded. However if the two do
not match, they do not fit together chemically. Therefore once two nucleotides
are bound, it costs less energy to unbind the two again if they are a mismatch
compared to when they are a match. It can be said that non-matching gRNA
and DNA tend to unbind again.

3) Cleavage. In the end Cas9 cleaves or unbinds depending on the progress of
the R-loop. If the DNA and gRNA sequences are not sufficiently complement-
ary, the R-loop will not be finished since the gRNA and DNA tend to unbind.
Then Cas9 unbinds from the DNA and will try to find a new PAM to bind to.
In contrast, if the protein is able to finish the R-loop, the two sequences are
sufficiently complementary. Then Cas9 is able to cleave the DNA.

3DNA and RNA are built up of a sequence of four different nucleotides, labelled by the
letters A, C, G, T and A, C, G, U respectively.

4The different nucleotides of DNA and RNA can make certain pairs only: C binds to G
only and A binds to T or U only, and vice versa. These combinations are called Watson-Crick
base pairs.

@b b@?‘ —y e
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unbound PAM recognition R-loop formation cleaved

Figure 1: A sketch of the decision making process. First the Cas9 protein to

the PAM. Then it starts an R-loop by binding the nucleotides one by one. If

the DNA and gRNA are sufficiently complementary the DNA strand can be
cleaved, else the protein will unbind. [7]
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Figure 2: An example of an energy landscape [1]. In this example the gRNA
length is 8 nt. There are mismatches at positions 5 and 8.
In general the system drifts towards cleavage, especially when a state
matches. Therefore the barrier to the next state is Ac lower than the
barrier to the previous state. However, the system prefers to unbind a
mismatch. Therefore the free energy of a state with a mismatch is A; higher
than the previous one with a match.

A Cas9 protein has to bind to a PAM before it starts the R-loop. The
degree of (dis-)favour to bind to such a PAM is given by Apam. A positive
value for Apan implies that the Cas9 protein prefers to bind to a PAM;
then barrier towards the R-loop is lower than towards unbinding.
Finally cleavage costs energy. These costs are given by Acy.

In general, the height of the barrier of moving backwards is modelled by
AG™ and of moving forwards by AG™.

All these parameters are in units of kgT'.

2.1 The minimal model

As discussed, non-matching DNA and gRNA unbind more easily than a match-
ing combination. Therefore, since a system prefers a state with the least energy,
it can be said that the energy level lower when a non-matching base pair is
bound than when it is unbound. With this information it is possible to draw an
energy landscape for a given combination of DNA and gRNA. The energy gain
or loss when Cas9 moves from one nucleotide (or state) to another during the
R-loop can be modelled by several parameters as shown in fig. 2}

Let us define these parameters formally. First the zero energy level should
be defined. The system has zero energy when the Cas9 protein is unbound from
the PAM as this is its intial position.

During the R-loop the system hops from state to state using single nucleotide
steps. However when it hops forward, the double helix of the DNA has to be
separated, which costs energy, before the DNA and gRNA are bound, which
might release some energy. On the other hand, when taking a step backward
the gRNA and DNA have to be separated, which costs energy, before the DNA



helix is bound together, which releases energy. Therefore, intially, the system
has to pay energy to move to another state before energy is released. This
implies that there is an energy hill between every two subsequent states. Let us
therefore define AG; and AG]", which are the height of the hill which is passed
when moving to state ¢ — 1 and state i 4+ 1 respectively. They are a measure for
how much free energy the system must have such that it can step to the next
state.

One can imagine that the difference in the height of two barriers surrounding
any state plays an important role: it tells whether the Cas protein is more
probable to move to the next or to the previous state. Therefore, for any state
i, the difference between these heights is given by A(i) = AG; — AG;. The
value for A(i) depends on the position i, however, in a minimal model, there
are four different possible values for A(7).

First of all, the protein has to bind to a PAM before starting an R-loop.
Different types of Cas proteins have a different preference or distaste to be
bound to such a PAM. If it prefers to be bound, unbinding from the PAM costs
more energy than starting an R-loop. This implies a difference in height between
the two energy barriers surrounding the PAM state. This energy difference is
given by the parameter Apay and it gives the degree of preference to bind
to a PAM. A positive value implies a preference for binding, a negative value
implies that it rather unbinds. In this thesis, only positive values of Apan are
considered.

After that the system runs through the R-loop. In general, the system drifts
towards cleavage. Therefore, in general, the barrier to a state forward is lower
than the barrier to a state backwards. This energy difference is given by the
parameter Ac. However when there is an off-target, (a mismatch), the system
prefers to unbind such combination. Therefore, in case of a mismatch, the
barrier to the next state is higher than the barrier to the previous state. The
appearing energy barrier is given by the parameter A;. Due to the drift towards
cleavage, it follows that the barrier due to a mismatch is Ag — Ag higher than
its previous barrier.

Finally, at the last state, it costs energy to cleave the strand of DNA. This
energy cost is given by Acy. The complementarity of the last base pair plays a
role now. When the last base pair is a mismatch, the energy cost for cleavage
is A(N —1) = Ac — A; — Agy. Else the energy cost is A(N — 1) = Ac — Agy.

2.2 Decision rule

Having defined all parameters of the model, the decision rule of the CRISPR-
Cas system can be introduced. The model of Klein et al. [7] gives the following
physical rule to decide whether the Cas9 probably cleaves or unbinds:

The CRISPR associated protein is more likely to unbind if the
highest energy barrier is higher than the initial energy. On the other
hand, it is more likely to cleave if the highest barrier is lower than
the initial energy.

An example is shown in fig. Three phenomena that have been observed in
the lab cause us to observe this rule [7]:
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Figure 3: Two energy landscapes displayed. Cas9 is more likely to cleave in
the green, dotted energy landscape than in the blue energy landscape since
its highest energy barrier is below the initial free energy level.

i) Seed region. First of all lab experiments show that there is a specific region

in which an off-target almost surely implies that Cas9 unbinds. This region is

called the seed region. The last state in this seed region is given by ngeeq and it

can be calculated by

A1 — Apam
Ac ’

This seed region can be explained using the model developed in [7]. If there is
an off-target close to the PAM, the system has not gained enough free energy to
compensate for the energy penalty. Therefore an energy barrier appears which
is higher than the initial energy of the system. Due to the high energy costs
towards cleavage, it will cause Cas9 to unbind.

However if the first off-target is outside the seed region, the system has
gained some free energy already by binding the preceding matching base pairs.
Therefore the energy barrier caused by the mismatch can be compensated by
this free energy. This means that the barrier is not higher than the barrier to
be passed for unbinding, so the system is likely to cleave (see fig. .

Ngeed = 1 + (2.1)

ii) Mismatch spread. Secondly it appears that a block of mismatches re-
duces the probability of cleavage significantly, compared to the same number
of mismatches being spread throughout the DNA. This can be explained by
the model. A block of mismatches causes multiple subsequent energy penalties.
Therefore a very high barrier appears in the energy landscape. Such a high
energy barrier makes that the system prefers unbinding above cleavage.

However, when the mismatches are spread, several lower energy barriers
appear. These individual barriers are not higher than the barrier towards un-
binding. Therefore the system cleaves. (see fig.



iii) Cleavage costs. The energy cost to cleave a strand of DNA is modelled by
the parameter Ay If cleavage costs a lot of energy, the barrier towards cleavage
becomes higher than the barrier to unbinding. Therefore such a system has a
higher probability of unbinding. This phenomenon can be observed in fig. [Ad

Energy landscape

Energy landscape
(Bpam, Ac, B, Ay, AG 7) =(1, 0.5, 4, 2, 0) (Bpam, Bc, A, Aoy, AG7) =(3, 0.5, 3, 2, 0)
—— Mismatch at [3] l'\ —— Mismatch at [3, 10, 17]
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(a) Three energy landscapes with different  (b) Two energy landscapes with three

locations of a mismatch. The blue line has mismatches. A block of mismatches
a mismatch before ngeeqa, the green, appears in the green, dashed landscape,
dashed, dotted one at ngeea, the dashed while they are spread out in the blue line.
cyan one behind ngeeq. Cas9 is very likely The protein is very likely to unbind in the
to unbind in the blue landscape while it green energy landscape, while it will
will probably cleave in the cyan landscape. probably cleave in the blue energy
landscape.

Energy landscape
(Dpam, Dc, By, Aey, AG 7) =(1, 0.5, 3, 4, 0)

— Aoy=4

1
1
-=- A8 !
1
1
!
!

Free energy

PAM 2 3 4 5 6 7 8 9 10 dv
State space
(c) Two energy landscapes with different
values for Agy. Cas9 is likely to cleave in
the blue energy landscape as the cleavage
barrier is lower than the barrier towards
unbinding. The protein is more likely to
unbind in the green, dashed energy

landscape due to the high energy costs of
cleavage.

Figure 4



2.3 CRISPR-Cas as a birth and death process

Klein et al 7] are also able to describe the cleavage process mathematically: the
system can be seen as a birth and death process. In such a process, one should
see the R-loop as a discrete and finite state space S := {0,1,..., N —1, N} with
a walker (the Cas9 protein) on it which hops through the space continuously in
time. This walker steps to the right with rate p, and to the left with rate ¢,
until it reaches the one of the boundaries of S: then the process stops. These
boundaries 0 and N are called absorbers and there gy = pg = 0. Physically one
could say that position 0 is the unbound state, position 1 is the PAM state and
that the DNA is cleaved at position N. The state space is displayed in fig.

> ¢
o )
g\ 9 P %
NN rv %

0 x1 X x+1 N

Figure 5: The state space of a birth and death process with which the
system can be described. States 0 and N are absorbers and are the unbound
and cleaved state respectively. State 1 is the PAM and therefore the initial
positions of the walkers. They move left and right with position dependent
rates ¢, and p, respectively.

The rates p, and ¢, can be related to the five parameters as defined in fig.
using the Arrhenius equation [I]. According to these equations, the rates are of
the following form for a certain kg € R¥:

P = koe 20T = ke~ (A6, -2@) (2.2)
G = ke 2% (2:3)

In the minimal model, A(x) can take four values which can be deduced from
fig. 2l For z = 1, A(1l) = Apam. For the other states A(x) = Ac, however
when there is a mismatch at state z, A(z) = Ac — Ay. Finally at z = N — 1,
A(N-1) = Ac—Agvor A(N—1) = Ac—A;— Ay, depending on the presence
of a mismatch at the last state. By taking AG~, and therefore ¢, constant, the
rates reduce to the following:

kge~(AGT—Apan) forx =1
kge~(AGT—Ac) for a state with a match

pa = < koge (AGT —Ac+AD for a state with a mismatch (2.4)
koe(AGT—ActAdy) for £ = N — 1 with a match
koe~(AGT=Ac+AI+Acy)  for = N — 1 with a mismatch

G = koe 29 (2.5)

The above expressions make it possible to rewrite expressions for general
birth and death processes into expressions suitable for the energy landscape of
the CRISPR-Cas system.

Notice that a general birth and death processes allows the walkers to start
anywhere on the state space. In the setting of CRISPR-Cas, however, the only



start position is x = 1 as Cas9 always starts from the PAM. Therefore we are
specifically interested in expressions for birth and death processes that take
x = 1 as the initial position of the walkers.

In the lab however it sometimes is interesting to have the Cas9 protein start
at position z = N —1, the state before cleavage. However, in that case the state
space can be mirrored for the calculations. Then the walker starts at z = 1
again and the aforementioned expressions can be used.



3 Markov chains and semigroups

In section[4] expressions for birth and death processes will be derived using the
theory of Markov chains and semigroups. Therefore, an introduction to this
theory is given in this section. The aim is to derive the generator of a birth and
death process, which will be used frequently in the next section.

Let us consider a discrete, finite, one-dimensional state space S = {0,1,..., N}
and let {X;,t > 0} be a continuous-time Markov process on S. At every position
x the process moves to position y in time ¢ with probability p, ,(t) := P[X; = y| X, = z].
In this section several properties of such a process are discovered.

P., (t)

P,.(t)
F

0 X 1 v N

Figure 6: The discrete and finite state space S of a general, continuous-time
Markov process. For every z,y € S, the probability to move from x to y
within time ¢ is given by pg,y(t).

A similar way to describe the probability to move from x to y is by using
rates. At every position the process moves from position « to y with rate r4 .
These rates are related to the probabilities by

Pii(t). (3.1)

First a Markov process needs to be defined. Several definitions are used in
literature and the following will be used here [11]

Definition 3.1 (Markov). A process {X:} on S is said to be Markovian if
VkE e N,Vsg <81 <...<sp_1 <t,

P(Xy = j| X5, =10, Xs, = 1,..., X5, =—1) = P(Xy = j| X, = tk—1)

For a Markov process, given the present, future and past are independent.
Due to this property the transition matrix S; of a Markov process can be defined.
It displays the probability with which the process moves from a position z € S
to a position y € S within a time ¢:

poo(t) poi(t) - pon(t)
B p1o(t) pia(t) - pin(t)
pro(t) pxa® - pa(t)

This matrix is called the (transition) semigroup of the Markov process {X;} [9].
It is possible to define a function f : S — R on the state space; such a
function assigns a value to every possible position of the walker in S. Since



discrete and finite state spaces are considered only, a finite number of positions
needs to be assigned to a value. That is why such a function f can be identified
with the column vector

f(N)
Furthermore let us introduce the following notation:
P.(.) =P[|Xo = 2]
E.(.) = E|Xo = 2]

Proposition 3.2. For a function f : S — R defined on the state space of a
Markov process, the expectation of the function can be calculated as follows:

E.[f(Xe)] = (Sef) ()

PROOF. Since f is defined on S which is discrete and finite, it can be considered
a column vector [f(j)]jes. Then S;f can be seen as a matrix-vector product,
which is written as the following column vector:

Sef =D pis(t) - f()
JES ies

Using this result and the definition of the expectation value one can rewrite:

Eo[f(X0)] = f()P2[X: = 5]

JjE€Ss
=Y f(G)pa;(t)
jes
= Sif(z) (32)
This last step follows from the aforementioned matrix-vector multiplication.

O

Furthermore let us derive the following lemma [9]:

Lemma 3.3. Given two random variables X,Y , the following holds:

E[E[X|Y]] = E[X]

10



PROOF. Assume that X,Y are two random variables, then
o0
> EXY = KP(Y = k)

E[E[X|Y]]
k=—oc0
i i nE[X =n|Y = k|P(Y = k)

n=—o0 k=—oo
oo

i n Y PX =nY =kPY =k)

n=—oo k=-—o00
[eS)

i n Y PX=nnY=k)

n=—o0 k=—o0

oo

= Z nP(X =n)

n—=—oo

= E[X]
In the step marked with * the following property was used:

P(X =n) = f: P(X =nNY = k).
O

k=—o0

This is true by the law of total probability.
Now a useful property of semigroups can be derived: the semigroup property
(3.3)

[11]:
Proposition 3.4 (Semigroup property). For any points in time s,t > 0
StJrs = StSS.

As a consequence Sy = 1.
Proo¥F. Using proposition [3.2] one finds
Stisf(@) = Eo[f(Xi15)]

Then by lemma |3.3]
- Ea: [E[f(XtJrs)‘Xs]]

The Markov property allows us to make a time shift and set Xg = X,
=E, [Ex, [f(Xy)]]

Using proposition [3.2] twice one finds
= Eq[Sef(Xs)]
= (Ss(5ef)(x)

= Stsz(x)

11



This last step follows because the role of s and ¢t can be reversed to obtain
St+sf == StSSf.

Notice that the following follows from the semigroup property: 1.S; = Sy =
So4+¢ = S0St. Therefore Sy = I. O

From the semigroup property, one can also derive the Chapman-Kolmogorov
equations:

ph] t + 5 sz k(t pk,] (34)
keS

This equation states that the process moves from states ¢ to j in time ¢ + s by
moving from state ¢ to any state k in time ¢ and then moving from & to j in the
remaining time s.

Given the semigroup property, the semigroup can be expressed in terms of
a generator. Differentiating the semigroup with respect to ¢:

S/ _ 1 St+h - St
h—0 h

. StSp — St

= hm —_—
h—0 h

= St lim Sh -1

h—0
— S, (3.5)

Where L := }llir% Shh*I . This matrix L is called the generator of the Markov
—

process. The differential equation in eq. (3.5)) gives the following result:
S; = Spetl = ek, (3.6)

Assuming t < 1, this expression for S; can be simplified by the definition of the
matrix exponential:

8151) = ¢ F(0) = 32 S0 1)
f(x) +th(x)+O( %) (3.7)

3.1 Birth and death processes

Semigroups can be applied to birth and death processes as they are a special
type of Markov processes. As defined in section 23] a birth and death process
{X¢,t > 0} is a continuous-time process defined on a discrete state space. At
every position x the process moves right with rate p, and left with rate g,.
For t < 1 the walker will make one step at most with probability close to 1.
Therefore within a time ¢, the process has either taken one step to the right,
one to the left or it has not moved yet. The probabilities of these options are

P.(X; =z + 1) = tp, + O(t?)
Po(X; =) =1—tp, — tqs + O(t?)

12
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Figure 7: A scheme of the state space of a birth and death process. A finite,
discrete state space S is considered. At every position 4, the walkers move
left with rate ¢; and right with rate p;.

Then for a function f: S — R the expected value for f(X;) can be deduced:

Eo[f(X0)] =D Pu(Xe = ) £()) (3.8)
JES
= tpof(x +1) + 1, f(z — 1) + (1 = tpa — tga) f(x) + O(t?)

= @) +1(a (1) = 1) + e e = 1) = @) ) +O(F)
(3.9)
Note that according to proposition this result is equal to S; f(x). Therefore
this expression can be seen as the semigroup of a birth and death process. By

the definition of a generator, an expression for the generator of a birth and death
process can be found:

Sif(x) — f(x)

Lf(z) = limy t
= tim {p. (F(z +1) — F@) + o (F(@ 1) — F()) + O(1)}
=po(flx+1) = f(2)) + . (fz = 1) = f(=)). (3.10)

This generator plays an important role in the derivations in the next chapter.

13



4 Expressions for stopping times of birth and
death processes

Recall the birth and death process defined in section A finite state space
S ={0,1,2,...,N} is considered and {X;,t > 0} is a birth and death process
defined on S. For every x € S, the process moves to the right with rate p, and
to the left with g,. Absorbers can be found at positions z = 0 and * = N,
which are physically interpreted as the unbound state and the cleavage state.
Furthermore let us define the following:

To = inf{¢t > 0: X; = 0} i.e. the unbinding time.

Ty =inf{t > 0: X; = N} i.e. the cleavage time.

To,n = inf {t >0: X; € {0, N}} i.e. the time to cleave or unbind.

In this section closed expressions for the following functions are derived:

1. Pav(z) :=P,(Tn < Tp). The probability of arriving at N before arriving
at 0, starting from z;

2. T(z) :==E;(To,n). The expected time taken to arrive at either position 0
or N, starting from x;

3. Tub(x) := Ex(Ton|To < Tn). The expected time taken to arrive at 0
before arriving at N, starting from x;

4. Tav(z) := Ex(To,n|Tn < Tp). The expected time taken to arrive at N
before arriving at 0, starting from =x.

First the following lemmas will be proved:
Lemma 4.1. For every function f(x) the following equivalence holds:
(a) f is harmonic, i.e. Sif = f, Vt >0
(b) Lf=0
PROOF. Starting by proving (a)=-(b), it is assumed that S; f = f one can find:

S =7=(5-D5=0=""Lr—0

Then in the limit of ¢ — 0 the following is found by the definition of the generator
L:
.S =1
=/ =L1r=0

In proving (b) = (a), Lf = 0 can be rewritten as follows by multiplying both
sides by S; and using eq. (3.5)):

d
SLf = 25 =0,

This implies that S;f is independent of time. Therefore, using that Sy = I, the
following can be written:

Sif =Sof = f.

Now the equivalence has been proved. O
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Lemma 4.2. For all functions f(x), g(x), the following implication holds:

VE>0, S;f —f=tg=—= Lf=gyg

PROOF. Let us assume S;f — f = tg. This is equivalent to Stt_lf = g. Since
f and g are functions of x, taking the limit ¢ | O gives

. S =1

lim f(z) = Lf(z) = g(x)

10
which proves the implication. O

Finally the following definition plays an important role in the desired ex-
pressions:

Definition 4.3. The function ¢(x) is defined as

B Hllg—j ifx>1
ple) = {1 ’ ifz=0
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4.1 Probability to cleave

In this subsection a closed expression for the probability to cleave, Py (), is
derived. Recall the definition Py (x) := P, (Tn < Tp). Using the partition
theorem, this can be written as:

Pav(@) =Y Po(Ty < To|X; = y)Po(X; = y)
yES

By the Markov property, the information { X : s < ¢t} can be ignored. Therefore
one can say that Xo = y:

= Py(In < To)Po(X; =)
yES

= Z 7)clv<y)IP)a: (Xt = y)

yeS
Then according to eq. (3.2)) we find

Pclv(x) = Stpclv(x)
One can conclude that P}, is harmonic, hence, according to lemma
LPgy = 0. (4.1)

This is a difference equation for P, (x) which can be solved using the expression
for L given in eq. (3.9). This is done in appendix and the result is

Y e()
Pcv - 1 — 4.2
W)= SR 2

with y the starting position of the walker and () given in definition
As described in section the only start position of interest is y = 1. Then
this expression reduces to

1
N—1 :
Zz:() SD(:E)
Note that this expression coincides with the expression found by Klein et al. in
[7] with other methods.

7Dclv(l) - (43)

Probability in terms of deltas

Now the derived expression can be rewritten in terms of the deltas described
in section [2| First the expression for ¢(z) is rewritten. Recall its definition in
definition and that A(i) = AG; — AG] for every position i in the state
space. Using these definitions and egs. and , the following can be

seen:

plz) = [[ 2 = [[e@% 26D = ¢TI 80) (4.4)

=1Pi 5
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Then

Ly e T

o 1+ Zg;l e j=180)

Pclv (y) (45)

and

—1

N-1 -1 N-1
Pclvm:(Zw(x)) =<1+Zez?l“”> SN O

=0

As described in section A(j) can take five values in the minimal model:

APAM fOI"j =1

Ac for a state j ¢ {1, N — 1} with a match
A(j) =< Ac — Ag for a state j ¢ {1, N — 1} with a mismatch

Ac — Aay for j = N — 1 with a match

Ac — A — Ay, for j = N — 1 with a mismatch

Using this information, the sum in the exponent of eq. (4.6)) can be rewritten
into

D TA() = Apam + (@ — D)Ac — A1 — 8y v—1 Aty (4.7)
j=1

In this expression §; ; is the Kronecker delta, defined as

1 ifi=y

dij = e

0 ifisjy
and ¢, is a count function: it counts the number of mismatches between states
1 and 2. Notice that (2 — 1) appears in front of A¢ because all states contain
the parameter Ac, except the PAM state. Combining eq. (4.7]) with eqs. (4.5))

and (4.6) gives an expression for P, and Py (1) respectively for the minimal
model.
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4.2 Expected time to cleave or unbind

In this section a closed expression for the expected time to either unbind or
cleave, T (x), is derived. Recall the definition 7 (z) := E,(Tp n). Using the
partition theorem, this can be written as follows:

2) =Y Eu(Ton|Xi = y)Pu(X; = )
yeS

By the Markov property, the past can be forgotten and the expectation can be
shifted by a time t. However, it should not be forgotten that the walker has
already run a time ¢. That is why ¢ is added to Ty n.

= E,(t+ Ton)Pa(X, = y)
yeS

Since the expectation operator is linear and tzyes (Xt = y) =t (the walker

must be somewhere in the state space) one finds

=t+ > E,(Ton)Pa(X; =)
yEeS

=t+ ) TWP.(Xi=y)

yes
Using eq. (3.2) the following equation is found.
T(x) =t+ 5T (x)

This can be rewritten as

ST —T = —t.
Now use lemma to obtain a difference equation for T (x):
LT (z) = —1. (4.8)

This difference equation can be solved using eq. (3.10) and this is done in ap-
pendix The result is given here:

-1 (&) r—
Y Z Z] =0 pé j e(&— . 1 @(x)

J)
Ty = p(r) — ——— (4.9)
g;) POATI(3) ; Pa—i p(x — 1)
For initial position y = 1, this expression can be reduced to:
©(£)
T(1) = e Zino msofen (4.10)

Zgo%ﬁ()

Stopping time in terms of deltas

The expressions for 7(1) can be rewritten in the terms of the model as well.
First observe the following, using eq. (4.4):

Lo 1 pla) 1 (2o, a)-Timi T aG)
Pa—i (@ =) quoip(@—i—1)  qui
LIPS > B (4.11)
qe—i
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Furthermore notice that the denominator of 7 (1) is equivalent to 1/Pgy(1)
according to eq. (4.3). Using these two equivalences the following expression

can be found:
N—-1xz—1

T(1) = Per( Z Z

r=1 7=0

AN

qI [
By substituting ¢ = x — i, the expression can be written as

N—-1 z

T(1) = Perv( ZZ*G =80,

z=1 (= 1ql

Since gy = ¢ is constant in the minimal model, an expression for the minimal

model is:
1 z

N .
7(1) = Pl i=e A0) (4.12)
z=1 (=1

with

ZA =001 (Apant — Ac) 4 (. — £+ 1)A¢ — 121 — Go v 1Dty (4.13)

In this expression d; ; is the Kronecker delta and ¢, , is a function which counts
the number of mismatches between states £ and x. Notice that if the PAM state
is in the range [/, 2], one value of A¢ has to be subtracted since A(1) does not
contain the parameter Ag. This explains the first term of the sum.
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4.3 Expected time to cleave

A closed expressions for Ty () is derived in this section. The following three
quantities are defined:

1. Tcl\,(x) = E$(TQ’N|TN < TO),
2. K(l‘) = EI(T()’NI(TN < To));
3. Pav(z) =P (Tn < Tp)

in which I(.) is the indicator function. The following identity is used to derive

an expression for T oy (2):

E,. (TO,NI(TN < T())) _ /4,(.23)
P, (TN < To) ’Pclv(x) ’

Tav(z) = (4.14)

An expression for P, (x) has been derived in section therefore an expression
for k(x) only needs to be found. Using the partition theorem, x(z) can be
written as follows:

K(‘T) = ZEZ [TO,NI(TN < T0)|Xt = y]Pm(Xt = y)
yEeS

Using the Markov property, the past can be forgotten and the time can be
shifted with ¢:

= By [(t+ To.n) (T < To)]Po(X: = y)
yEeS

By the linearity of the expectation operator the result can be rewritten:

=t By [I(Ty <T0)|Po(Xy =y) + > By [TonI(Tn < To)|Pu(X; =)
yeSs yEeS

In the right term, the definition of x(x) appears. Therefore it can be substituted
again. In the term on the left, the identity E[I(A)] = P(A) is used. Then the
expression reduces to

— SR (T < To)Ba(X =) + 3 w(n)Pa(Xe = 1)
yEeS y€eS

Finally using the partition theorem and the definition of P}, one finds

= t]Pm(TN < TO) + Stli(x)
Ii(d?) = tpclv(l') + Stli(af)

This expression for k(z) can be rewritten such that:
Sik — k = —tPey
Now use lemma [£.2] to obtain

Li(z) = =Pay(z). (4.15)
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This difference equation for x is solved in appendix Combining this
result for x(z) with eq. (4.14]) one finds

R = DDy m,j Pav(€ —J & ol
Tclv(y) = Pclv(y) :EEZ:O Zg ; (p( ) pard (,0(33 Z clv(ﬁr — Z)
(4. 16)

with y the start location of the walker and P, given by eq. (4.2).
Then for start location ¥ = 1 one finds

1 Z Z] 0 LPL&(&)]) p; ],Pclv(g - .7)
Pav(1) Zg 0 90( ) .

Notice that the denominator of this expression is equivalent to 1/Pcjy(1). There-
fore the equation reduces to

Tclv(l) =

i

N—-1&—
Pclv(£ - .7) (417)

clv (
t=0j=0 ¥ 7) Pe-i

<.

Cleavage time in terms of deltas
Using the result obtained in eq. (4.11)), one finds

N—-1lz—1

Ta) =33

=0 =0

Y= APz — 4)

sz

The substitution ¢ = = — i gives the following expression:

N—-1 =z

Teaw(1) =" Z—e = BOP L (0) (4.18)

=0 (= 1
In the minimal model, g, is a constant. Therefore the expression reduces to

le

clv Z Z e 2= 80 Pclv(g)- (419)

:vOZl

The sum in the exponent is given by eq. and Py (¢) by eq. .
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4.4 Expected time to unbind

The derivation for the expected unbinding time 7Ty, is similar to the derivation
of Tey. Some important steps in the derivation are described in this section.
The following three expressions are defined:

1. Tun(z) :=Ex(To.n|To < Tn);
2. v(z) ==E.(TonI(To < Tw));
3. Pub(z) i= Po(Ty < Tiy).
Then the following identity can be used to derive an expression for 7T up:
v(x)
Pub(x)

Since there is no other option for a walker than cleavage or unbinding, it can be
seen that Py, = 1 — Peyy. Therefore an expression for Py (z) can be derived
from the results of section [4.1f and an expression for v(z) has to be derived only.
This derivation is similar to the one of x(x) in the previous subsection. Then
one finds that

Tubn(w) = (4.20)

Siv—v=—tPup.
Lemma [£.2] can be used to obtain
Lv(xz) = —Pun(z) (4.21)

which is a difference equation for v(x). This difference equation is solved in
appendix Then using eq. (4.20) a closed expression for 7Ty, is found:

T e P N WP
Tu(y) = Pu(®) ; Zg . Lo(€) #(@) ; o(r — 1) Pp—i
(4.22)

For start location y = 1 this expression reduces to

1 X I O;g% S=Pun(€— )
Tun(1) = Ponl) S o0 . (4.23)

Unbinding time in terms of deltas

Notice that again, the denominator of eq. (4.23) is equivalent to 1/Pqy(1). In
combination with eq. (4.11) and the substitution ¢ = z — i one finds

N—-1 =z

Tun(1) = D i > Z AP (0). (4.24)

xOél

Assuming that ¢, = ¢ is constant in the minimal model, this equation reduces

to N—-1 =z
Tun(1) P Z D e R AP (0) (4.25)
unb z=0 ¢=1

which, in combination with egs. 1) and (4.13]) gives the expression for Ty, (1)
in terms of the parameters of the minimal model.
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5 Analysis of the expressions

In the previous chapter closed-form expressions for the following four quantities
were derived:

1. Pay(x) :=P,(Ty < Tp). The probability of arriving at N before arriving
at 0, starting from z;

2. T(z) :==E4(To,n). The expected time taken to arrive at either position 0
or N, starting from x;

3. Tuw(z) == Ex(To,n|To < Tn). The expected time taken to arrive at 0
before arriving at N, starting from z;

4. Tav(z) == Ex(To,n|Tn < Tp). The expected time taken to arrive at N
before arriving at 0, starting from .

Let us analyse these four expressions by comparing them to Gillespie simulations
and interpreting them physically.

5.1 General expressions for birth and death processes

Initially, the expressions were derived for general birth and death processes. Let
us compare these expressions with Gillespie simulations. For now constant rates
are assumed throughout the state space which sum to 1 at every position, i.e.
pes=pand g =q=1—p.

Consider the expressions for Py, T and Ty, in egs. , and .
Their values are calculated and simulated as a function of y for two different
values of p. The results are displayed in fig.

First of all it can be seen in figs. [Ba] and [8D] that the exact and simulated
results for P, perfectly overlap. Therefore, for both values of (p, ¢) the exact
result in eq. appears to be a very accurate expression for the probability
of cleavage for any value of y.

However in figs. [8c| and [8¢] the exact results for 7 and T, deviate substan-
tially from the simulations. This deviation starts from a certain value of y,
defined as yqev. It can be seen in figs. [8d] and Bl that y4ey is larger or not visible
for (p,q) = (0.4;0.6), which implies a very small error. It can be hypothesised
that the position of yg4., decreases, and therefore the error increases, for an in-
creasing value of (¢ —p). Multiple tests confirm this and fig. [9b|shows that yqey
is very small for (p,q) = (0.1;0.9).

However there is no deviation for a negative value of (¢ —p). Figure[9|shows
this phenomenon by comparing the results of (p,q) = (0.9;0.1) and (p,q) =
(0.1;0.9). It can be seen that the first combination does not show a difference
between the exact and the simulated result, while the second combination does.

One could hypothesise that this deviation is a numerical error. Let us con-
sider for example the expression for 7 and compare the cases (p,q) = (0.1;0.9)
and (p,q) = (0.9;0.1). For constant rates p and ¢, eq. (4.9) can be reduced to

() 51y .
T<y+1>—T<y>—ﬂ > (2) (5.1)

p = p\p
——
(a) (b)
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Figure 8: The exact results of eqgs. (4.2)), (

60 70 80

) and (4.22)) and the Gillespie

simulations in one plot. The value for y is varied, which is plotted on the
z-axis. The plots are made for two different combinations of constant p, q:
The left column has values p = 0.3, = 0.7 and on the right p = 0.4,q = 0.6.
For all situations the length of the state space was N = 80 and the Gillespie
simulations were performed with M = 10000 walkers.




T as a function of start position T as a function of start position
(p.q,N,M) = (0.9, 0.1, 80, 1000) (p.q,N,M) = (0.1, 0.9, 80, 1000)
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Figure 9: The exact results of eq. and the Gillespie simulation in one
plot. The value for y was varied, which is plotted on the z-axis. The plots
are made for constant rates p = 0.9 on the left and p = 0.1 on the right.
qg=1-np.

The exact results for fig. 0B is not displayed from a certain value of y. This
is because the exact times are negative for these values of y due to a
numerical error. Such values cannot be displayed in a logarithmic plot.
However, the plot serves its aim by showing that the equation works well for
p = 0.9, in contrast to p = 0.1.

For both situations the length of the state space is N = 80 and the Gillespie
simulation is performed with M = 1000 walkers.

with ¢ a constant given by

(5.2)

Note the indication of parts (a) and (b) in eq. (5.1)). In figs. [9a] and [9b]it can
be seen that for all y € [0,80] the order of T(y + 1) — 7 (y) has an upper limit
of 10, denoted as O(10). Therefore (a) — (b) = O(10) for all y € [0,80].

Now the orders of (a) and (b) are considered individually, starting with

(¢ —p) > 0. This implies that % > 1. Therefore (%)J blows up for large values

of y, so (a) and (b) blow up as well. For example for (p,q) = (0.1;0.9), y = 20
and a state space of length 80 (N = 80) we find that (a) = (b) = O(10'?).
Remember that subtracting (a) and (b) from each other must give a result of
maximum order ten. Therefore the values of (a) and (b) must be known with a
precision of O(10). Such precision requires special software which was not used
in generating these plots and this caused the numerical errors.

y
However if (¢ — p) < 0, then % < 1. Therefore (g) — 0 for large y and

(a) and (b) do not blow up. For y = 20, N = 80 and (p,q) = (0.9;0.1) one
finds that (a) = O(107!®) and (b) = O(1). Now (a) — (b) = O(1) which is the
desired order. It can be seen that in this case, the values need not be known
with such precision, since (a) is negligible with respect to (b). Therefore there
is no numerical error for ¢ < p.

A similar reasoning can be used to explain the deviation in the results of
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Tub- Therefore derived expressions in eqgs. (4.9) and (4.22) can be used for any
value of y if p > ¢, however they should be used carefully for large values of y
if p<gq.

5.2 General expressions with fixed initial position

However as described in section [2.3] the only initial position of interest for the
application to the CRISPR-Cas system is y = 1. Therefore the focus is the
expressions for Py (1), 7(1) and Ty (1) given in eqgs. (£.3), and (4.23).
These reduced expressions are verified by Gillespie simulation. Again the rates
are assumed to be constant throughout the state space which sum to one for all
positions, i.e. p, = p and ¢, = ¢ = 1 — p. The simulated and exact values are
displayed as a function of p in fig. [I0]

Pav(1) as a function of p
(N,M) = (200, 10000)

1 —— Gillespie simulation
—-=- Exact

7(1)as a function of p
(N,M) = (200, 10000)

—— Gillespie simulation N
1 === Exact

0.8

0.6

Peiv

0.4

0.2

0.0

0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0

Tup(1) as a function of p
(N,M) = (200, 10000)

—— Gillespie simulation
120 === Exact

100

80

Tub

60

40

20

0.2 0.4 0.6 0.8 1.0
p

(c)
Figure 10: The exact results of eqs. (4.3), (4.10) and (4.23) and the Gillespie

simulations in one plot. The plots are made for constant rates p and
q =1 — p. The value for p was varied, which is plotted on the z-axis. The
initial position of the walkers was kept constant at 1.
Data points are p = 0.1,0.2,0.4,0.5,0.6,0.8,0.9,0.99.
For all calculations the length of the state space was N = 200 and the
Gillespie simulation was performed with M = 10000 walkers.

It can be seen that the results of the Gillespie simulations and the exact

expressions overlap very well for all three quantities. According to the results
of section [5.1] one could expect that for ¢ > p an error might appear. However
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even for (p,q) = (0.1;0.9), the derived expressions give the expected results.
This justifies the application of these expressions to the CRISPR-Cas system,
in which the initial position is y = 1.

5.3 Single mismatch

In this section a state space with a single mismatch is considered. This mismatch
is placed at varying locations in the state space and the effects on the unbinding
and cleavage times are studied. The expression for 7T is left out of the analysis
as it is not of practical use for the application to the CRISPR-Cas system.

Let us consider the state spaces with the energy landscapes as displayed in
fig. The corresponding curves for Peiy(1), Tub(1), Tev (1) are displayed in

fig. [[Ta]

Energy landscape
(Dpam, Ac, Ay, Aey, AG 7)) =(3, 1, 8,2, 0)

P, Tew, Tub @s a function of the location of a single mismatch.
(Bpam, Bc, By, By, AG ~) =(3, 1, 8, 2, 0.0)
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(a) The values for Peiv(1), Tev(1), Tub(1) (b) Energy landscapes for the given

displayed as a function of the location of a parameters of fig. with varying
single mismatch in the state space. The positions of the mismatch. The unbinding
values for P., are displayed on the right and cleavage times of the blue curve are

vertical axis, the values for the times on relatively short. The cyan, dotted
the left vertical axis. landscape has a short unbinding and long
The maximum for 7y is at position cleavage time. The green, dashed
Nmax = 8. landscape has the maximum unbinding

time. The red, dashed-dotted curve gives

the energy landscape with a mismatch at

Nseed- 1The dotted red line gives the initial
free energy of the system.

Nseed Was calculated with eq. , TNmax
was derived from fig.

Figure 11

Consider the cleavage time first. It can be seen that this time increases with
an increasing location of the mismatch. This can be explained intuitively by
referring to the energy landscape. If the mismatch is located close to the PAM,
the Cas9 protein is not likely to pass the energy barrier of the mismatch since
it is much higher than the barrier towards unbinding. However, if the protein
passes this energy barrier, it will almost surely walk directly towards cleavage
as the cleaved state is in an energy valley. Therefore the cleavage time is very
low.
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If the mismatch is located near the end of the R-loop, the energy landscape
looks like the blue one in fig. In this landscape, the protein is very likely
to cleave since the energy barrier to cleavage is much lower than the barrier to
unbinding. The walker will, however, probably hop a long time in the energy
valley just before the cleaved state before passing this barrier, as it is very high.
Therefore the cleavage time grows with an increasing location of the mismatch.

Finally, if the mismatch is located at the last nucleotide, the barrier towards
cleavage is extra high due to Ac,. Therefore it will take a longer time before
Cas9 passed the single barrier and the cleavage time increases even further.

Now consider the unbinding time. First, if the mismatch is close to the
PAM, the unbinding time is very low. This follows naturally from the cyan
energy landscape in fig. the protein starts at the PAM and is very unlikely
to pass the energy barrier. Therefore it will probably unbind. However it does
not have a lot of space to move freely as the energy barrier is very close to the
PAM. This implies that it cannot make a lot of steps before returning to the
unbinding state. This causes a very low unbinding time.

Furthermore the unbinding time is very low if the mismatch is near the
cleavage state. Let us consider the blue energy landscape in fig. which
corresponds with a mismatch near the cleavage state. The walkers all start at
the PAM, however the further the walkers move to the right, the less probable
they are to return to the unbinding state. Therefore, the most probable way to
arrive at the unbinding state is by starting at the PAM taking one step to the
left to the unbound state immediately. Therefore it usually takes a short time
to unbind if the mismatch is far from the PAM.

Now consider the maximum of the curve of the unbinding time in fig.
According to the preceding paragraphs, the unbinding time increases by putting
a mismatch far from the PAM such that the walkers have space to move, however
it should not be too far away from the PAM else the walkers will not return
to the unbound state. Therefore there must be a location which is a middle
way of these two requirements, i.e. a mismatch at that location gives a longer
unbinding time than a mismatch anywhere else on the state space. Let us define
this location as nya.x. One can see in fig. that npmax 7 Nseed, as one might
expect.

Consider the energy landscape in fig. with a mismatch at npax. One
can see that the energy barrier is higher than the energy level right after the
PAM. H is defined as the difference between the initial energy of the system
and the height of the energy barrier due to a mismatch at ny.x. Then H can
be calculated by

H= APAM + (nmax - ]-)AC - AL

Notice H < Apay in fig. In that case the above expression can be rewritten
to obtain A
Mmax < 14— (5.3)
Ac

Figure shows that this is not a coincidence; each dot in this scatter plot
stands for a random combination of Apan, Ac and A;. For each combination,
Nmax Was found by calculating the unbinding time for all possible positions of
the mismatch and searching which location gave the maximum unbinding time.
Nmax Was plotted versus the value of 1 + AA—(IJ and it clearly shows that this last
value is an upper limit for nmyax.
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Energy landscape, single mismatch Upper limit for nmax displayed in a scatter plot
(Bpam, De, By, By, AG ™) =(3, 1, 8, 2, 0) (M, Acyy, AG ~, ko) = (50, 0, 0.0, 1)

—— Line y=x
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Figure 12: (a) The quantities H and Apawm displayed in an energy
landscape. The red, dotted line indicates the initial energy of the system.
Nmax Was derived from fig.

(b) The quantities of eq. in a scatter plot. Each dot represents a
random combination of Apam, Ac, Ar. Apam is a random integer between 1
and 9, Ac € [0.2;1] and Ag € [2,7]. 1083 combination were drawn, hence
1083 dots are displayed.

The line y = «x is displayed, which represents the line at which nmax and
1+ A1/Ac are equal. It can be seen that eq. holds.

Acrv, AG™, ko are kept constant at 0,0, 1 respectively.

If H < Apawm, the energy costs of reaching the PAM are lower than the costs
of passing the barrier seen from the energy valley. Therefore a walker is more
likely to reach the PAM instead of passing the mismatch. Apparently this is
the optimum between giving the walkers enough space to walk and making sure
enough walkers return to the unbinding state. This optimum results in a high
expected unbinding time.

In general one can say that the cleavage time increases if the mismatch moves
further away from the PAM. The unbinding time has a maximum for a mismatch

at a certain location nyayx. This nyax is bounded from above by 1 + Z\‘—é.

5.4 Double mismatch

Consider a state space with two mismatches. It is possible to display the un-
binding time and cleavage time in a heatmap as a function of the locations of
the two mismatches. They are displayed in fig.

First the cleavage time is considered. It can be observed from fig. that
the closer two mismatches are, the longer it takes for a walker to cleave. This
also follows from the energy landscape displayed in fig. [[4] Looking at the
green energy landscape in which the mismatches are placed at nearly subsequent
locations, one can see that once a walker passed the first mismatch, it is very
unlikely to directly pass the second mismatch. Instead the walker is very likely
to fall back into the valley again and it has to start all over. Following this
reasoning, it is expected to take a long time before the walker is able to pass both
mismatches. In contrast, if two mismatches are placed far apart as displayed in
the red energy landscape, the walker has some free space to move between two
mismatches. Therefore it is less likely to fall back into the valley once it passed
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Tun(1) as a function of the location of two mismatches. Tew(1) as a function of the location of two mismatches.
(Bpam, Da, By, Acry, AG ™) =(3.5, 0.5, 2, 1, 0) (Bpam, Da, By, Acry, AG ~) =(3.5, 0.5, 2, 1, 0)
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Figure 13: Heatmaps of Tub(1), Tawv(1) as a function of the location of two
mismatches on the state space. If the two mismatches are at the same
position, it is seen as one mismatch. That is why the diagonal has a
relatively low unbinding and cleavage time.

Location of second mismatch
Location of second mismatch

G 0
91011121314151617181920
ion of first mismatch
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the first mismatch, which reduces the cleavage time significantly. In the end,
it is clear that a block of mismatches increases the cleavage time compared to
spread mismatches.

Energy landscape, two mismatches
(Bpam, Dc, By, By, AG ™) =(3, 1, 8, 2, 0)

—— Mismatches at [15, 16]
—-= Mismatches at [5, 12]
----- Mismatches at [2, 4]

Free energy

PAM2 3 4 5 6 7 8 91011121314151617181920clv
State space
Figure 14: Energy landscapes with two mismatches. There is a block of two

mismatches in the green, dotted and the blue landscapes. The red dashed
curve has two spread mismatches.

Similarly, fig. [[3a] shows that the unbinding time increases significantly if
two mismatches are close together. However, this only occurs when this block
of mismatches is at the right distance from the PAM. This can be explained by
the same reasoning as used for a single mismatch. If this block is too close to
the PAM, the walkers do not have any space to move. Therefore the unbinding
time is short. However, if the block is placed too far away, walkers are less likely
to unbind. Therefore the only walkers that unbind are those that move from
the PAM to the unbound state directly; otherwise it costs too much energy to
reach the unbound state.

An upper limit for the location of a double mismatch for which 7, (1) has a
maximum, can be found in the case of a double mismatch as well. Clearly, the
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unbinding time is greatest in case of two subsequent mismatches so only these
situations are considered. np.x is defined as the location of the last mismatch
and H is defined as the energy level due to two subsequent mismatches as
displayed in fig. [T5a] H can be calculated by:

H = APAM =+ (nmax — 1>AC — QAI.

One can see in fig. that H < Apan. Plugging this into the definition of H
gives
2A
Nnax < 14+ L. (5.4)
Ac
This expression gives an upper limit for ny. with two mismatches. It can be
seen in the scatter plot in fig. that this upper limit holds for a random
choice of parameters.
This result can be generalised to an energy landscape with a block of B

subsequent mismatches. Then the following upper limit for ny,, holds:

BA;
Ac

Nmax < 1+ (5.5)

It can be concluded that a block of mismatches increases the unbinding time
only if the block is at the right distance from the PAM. A general expression
for this upper limit, for any size of the block, is given by eq. (5.5]).

Energy landscape
(Bpam, Be, By, A

Upper limit for nmax displayed in a scatter plot
(M, A, AG ~, ko) = (400, 0, 0.0, 1)

20.0 1 —— Line y=x

17.5

15.0 anmee o [ ]

3125

Free energy

7.5

5.0

PAM2 3 4 5 6 7 8 91011121314151617181920clv 10 20 30 40 50 60
State space 1+2A/0c
(a) (b)

Figure 15: (a) The quantities H and Apawm displayed in an energy
landscape. The red, dotted line indicates the initial energy of the system.
Nmax Was derived from fig.

(b) The quantities of eq. in a scatter plot. Each dot represents a
random combination of Apam, Ac, Ar. Apam is a random integer between 1
and 9, Ac € [0.2;1] and Ar € [2,7]. nmax was found by calculating the
unbinding time for every position of two subsequent mismatches with these
parameters and taking the position of the maximum. 400 combination were
drawn, hence 400 dots are displayed.

The line y = z is displayed, which represents the line at which nmax and
1+ 2A1/Ac are equal. It can be seen that eq. holds.

Acv, AG™, ko are kept constant at 0,0, 1 respectively.
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5.5 Influence of cleavage costs

Finally the influence of the parameter A.}, on the unbinding time is considered.
The times are studied on a state space with a single mismatch of which its
position is varied.

Figures and show that the unbinding time is significantly influenced
by Ay if the energy barrier towards cleavage approximates the value of the
initial energy. Omne can see that the curves for A.y = 0.1 and Ay, = 3 are
very similar. These curves follow the shape as described in section The
curves for Agy = 7 and A, = 100, however, differ significantly from the other
two. For this combination of parameters, the energy barrier towards cleavage is
higher than the energy barrier towards unbinding as one can observe in fig.
Therefore walkers are more likely to unbind for any position of the mismatch.
In that case the unbinding time still has a significant value for a mismatch close
to cleavage because the walker is still likely to unbind.

It is remarkable that the first two curves are closer together than the latter
two. This shows that the value of A}, only influences the value of the unbinding
time significantly if it causes the energy barrier to cleavage to be higher than
the energy barrier to unbinding.

Energy landscape

Tup as a function of the location of a single mismatch. (Bpam, Ba, By, Do, AG ~) =(0.1, 0.3, 0.8, 4, 0)

(Dpam, Ba, D, AG ~, ko) =(0.3, 0.1, 0.4, 0, 1)

— Ay =4
20 —&— Ay, =100 === Agy=0.1
-®- Ay =0. —= Aay=10

| == =3 e Agy =17

Free energy

S 40
30
20
101 :_;_._.-.-.—o—o—-o--o--o—o--—o-o—o—-o--.--.
PAM2 3 4 5 6 7 8 9 101112 13 14 15 16 17 18 19 20 clv PAM2 3 4 5 6 7 8 9 1011121314151617181920clv
Location of single mismatch State space
(a) (b)

Figure 16: Figure (a) shows 7, (1) as a function of the location of a single
mismatch for four different values of A, and constant values for the other
parameters. Figure (b) shows the accompanying energy landscapes for the
four different cases. It shows that the function is mainly influenced by
whether the energy barrier to cleavage is lower or higher than the initial
energy due to the value of Acy.
The energy landscape for Acy = 100 is not shown due to the scaling.
However, the landscape of A., = 10 gives a good indication of the shape of
the landscape.
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6 Moment generating functions of stopping times

Up to now the main interest has been the expected stopping time of birth and
death processes, i.e. the first moment. This first moment gives information
about how long it usually takes a Cas9 protein to either cleave or unbind.
However one could also be interested in higher moments of this stopping time,
for example the variance and the kurtosis. All these moments are contained in
the moment generating function which is often denoted as E[e?”]. This moment
generating function provides full information on the distribution of the stopping
time.
In this section two processes are considered:

1. A random walk with constant, equal rates: p, = ¢, = p = 0.5;
2. Brownian motion with drift.

For these cases the moment generating functions of the stopping time are
found using martingales. First a short introduction to martingales is given.
Next, the moment generating functions for the two cases are derived. Finally the
full moment generating functions are verified using an inverse Laplace transform.

6.1 An introduction to martingales

There are two ways to classify random processes, being Markov chains and
martingales [9]. Up to now all derivations have been done using the Markov
property. This property states that the future of a Markov process is, given its
present, independent of its past.

Martingales contrast this property as their future does depend on the past.
Before introducing the definition of a martingale the following notation is intro-
duced:

Definition 6.1. Given the random process X, and its outcomes on times
0,1,...,n, denoted as ig,1,...,i, respectively. Then the set F, is defined as
follows:

Fn = O'{Xn = inaXn—l = i7L—17 cee 7)(0 = Zo}

This set F, is a short way to write down the sigma algebra of all past
outcomes of the process X,,. Informally one could say that JF, describes the
information contained in Xg,..., X,.

If some other random variable, let us say M, is dependent on this inform-
ation F,, then M, is called F,-adapted [9]. This means that for each n € N,
there is some deterministic function g, such that M, = g, (Xo,...,X,).

Now the definition of a martingale is given [14]:

Definition 6.2 (Martingale). A random process M, is called a martingale if:
1. M, is Fy-adapted;
2. Vn € No, E[M,,] < oo;
3. Vn € No, E[M,|Fri—1] = My

From the third property one could say that the expected outcome of a mar-
tingale’s future is its present state. Let us introduce the tower property [2].
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Lemma 6.3 (Tower property). Given a o-algebra G and a random variable X,
the following holds:
E[E[X|9]] = E[X]

Using this tower property, an important property of a martingale can be
derived:
Proposition 6.4. Let M, be a martingale, then the following holds:

PrRoOOF. Assume M, to be a martingale. Using the tower property (lemma/[6.3))
in step (1) and the definition of a martingale in (2) one can write:

E[M,] 2 E[E[M,|F, 1] € E[M, ]

Iterating this result gives:
E[M,] =E[M,_1] = ... = E[My]
O

This proposition will play an important role in the remainder of this
chapter.
Furthermore the following property of martingales can be shown:

Proposition 6.5. Let M,,, N,, be two F,-adapted martingales, then (M, + Ny, )
is an Fy-adapted martingale.

PrROOF. The three defining properties of a martingale from definition [6.2] are
proved:

1. Since M,, and N,, are F,-adapted, there exist some functions g,, h, such
that M, = g.(Xo,...,Xn) and N,, = h,(Xo,...,X,) for all n € Np.
Define f,, = g, + hp. Then M, + N, = (g0 + hn)(Xo,..., Xn) =
fn(Xo,...,Xy). Soindeed (M,, + N,,) is F,-adapted.

2. By the definition of a martingale, E[M,,], E[N,] < oo for all n € Ny. Since
the expectation operator is linear one finds E[M,,+N,,] = E[M,,]+E[N,,] <
00.

3. By the linearity of the conditional expectation operator and since M,, and
N,, are martingales, one can see that

E[Mn + Nn‘fnfl] - E[Mn|fn71] + ]E[Nn|~/—'.n71] = Mnfl + anl
O]

Finally the Dominated Convergence Theorem [5] is introduced, which will
be used in the next sections to stop the martingales.

Theorem 6.6 (Dominated Convergence Theorem (DCT)). Suppose that lim X,, =
n— oo

X and there exists a random variable Y such that E[Y] < oo and | X,| <Y for
n >0. Then
lim E[X,] = E[X].

n—oo
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6.2 Application to a random walk

This theory can be applied to a special case of the random walk to find the
moment generating function of its stopping time. Assume a discrete state space

{—a,—a+1,...,—-1,0,1,...,b} with a walker that starts at 0 (see fig. .
P P - p P

s+
-a 0 b

Figure 17: A scheme of the state space of this random walk. The walker
starts at position 0 and has a probability p = 0.5 to move left and an equal
probability to move right. The absorbers are positioned at —a, b.

At every time n € N the walker has a probability of p = 0.5 to move left
and an equal probability p to move right. This step is denoted as X,,, and this
random variable can be summarised as follows:

X, — +1 W?th probab%l?ty p=20.5 (6.1)
—1 with probability p = 0.5.
Furthermore S, is defined. It gives the position of the walker at time n:
Sp=>_ X (6.2)
i=0

The random walk stops as soon as it reaches one of the absorbers at positions
—a and b. The length of time it took the walker to reach one of these absorbers
is called the stopping time, which is denoted as

T:=inf{n e N: S, € {—a,b}} (6.3)

Finally for any A, a, 8 € R the following random variable is defined [§]:
M, =exp {)\(Sn — @) — nlog [ cosh A| }

+ exp { — A(Sn — B) — nlog [ cosh \] } (6.4)

It can be shown that M, is a martingale. A brief proof is given here, however
the interested reader may want to read the detailed derivation in appendix [B.1}

First one should notice that M,, is a deterministic function of the random
variable S,,. Therefore M, is F,-adapted with F,, = 0{So,...,S,}. Let us
define

Ny i=exp { + AS, — nlog [cosh )\] }
This random variable is F,,-adapted as well. Notice that:

M, =e N, , +e¥N_,,. (6.5)
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Therefore, by proposition M, is a martingale if N, ,, and N_ ,, are martin-
gales. Using the definitions of X, and S,, (egs. (6.1) and (6.2))) it can be shown
that

E[Ngn|Fn]:=E [ei)\Sn—nlog[cosh ,\]‘]_—n}
— (pe$>\ _|_pe:i:)\) e:t)\Sn_l—nlog[cosh)\]

_ ei/\Sn,l—(n—l)log[cosh)\] _ N:I:,nfl

Therefore Ny , is a martingale, and so is M,,.

This martingale M,, will allow us to find the moment generating function
of the stopping time for this special case of the random walk. This is done in
three steps:

1) Proof that E[M,] = E[M,]. Since the stopping time 7 is not bounded,
there is a probability that the walker moves on the state space for ever. In
that case it cannot just be assumed that E[M,] = E[M,], even though M,
is a martingale. It is proved that this equality can be assumed by using the
Dominated Convergence Theorem in theorem

The following constant & > 0 and the notation (a A b) := inf{a,b} are
introduced. Then it can be shown by the DCT that the step marked by * in
the following equation is allowed.

E[M,) Y E { lim MTAk} 2 lim E[M, 0] 2 lim E[Mo] = E[Mo].  (6.6)
k—o0 k—o0 k—o0

Step (1) is allowed by the definition of the infimum. Step (2) is valid due to

proposition and since (7 A k) is finite.

In order to use the DCT it must be shown that |M; x| is bounded. First of
all it must be noticed that S,, is bounded. The walker is absorbed at positions
—a < 0 or b > 0 and it starts at position 0, therefore it is clear that S,, €
[—a,b] N'Z and since this set is a bounded set, S, is bounded as well. Now the
following can be defined for any given A\, o, 8 € R:

C = max {e)‘(s"_a) + e_)‘(s"_ﬂ)} >0 (6.7)
Sn€[—a,b]

Furthermore, since p = 0.5 and 0 <
inequalities hold:

Wl(m) < 1 for all x € R, the following

|
= ’ {eA(S-rAk*a) + G*A(S-mkfﬁ)} (cosh )\)7(7—/\19)’
|

PSru0) . (Ao 1780

From this it is clear that |M;ax| is bounded. Furthermore since C' is determin-
istic, E[C] = C < co. This implies that the DCT can be applied to M, x; and
that the step marked with * in eq. (6.6) is valid.
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2) Calculation of E[Mj]. The derivation of the moment generating function
will make use of eq. (6.6). Therefore E[Mo] should be calculated.

First consider Sy. Since the walker starts at position 0 and the walker has
not moved at time 0, it can be said that Sy = 0. Since A, a, § are deterministic,
one finds

E[My] = e + . (6.8)

3) Stopping the martingale. Combining egs. and gives the fol-
lowing equation:

E[M,] = e 4 e (6.9)

Solving this equation gives the desired moment generating function. Some steps
of this derivation are displayed here, however the full derivation is given in
appendix

First of all, by the definition of 7, the walker must have arrived at one of
the two absorbers at the stopping time 7. This implies that S; = —a or S, = b.
Furthermore «, 8 are chosen such that a = 8 = b’?“ This information can be

used to rewrite eq. to

E {eﬂog[c‘“h’\]} -2 cosh (/\a ;_ b) = 2cosh <>\b ; a) .

Since the desired expression is of the form E[e~?7], 6 is defined by 6 = log(cosh )).
Then the desired moment generating function is given by:

(6.10)

with
A0) = 0+ log [1 +V1- e—%} . (6.11)

Validation by inverse Laplace transformation

Another way to derive the moment generating function of a random variable
is by performing a Laplace transform to its probability density function (pdf)
as these two are equivalent. This fact can be used to verify the derived MGF
in this section. By applying an inverse Laplace transformation to the MGF,
the pdf should be found. In fig. [I8 the moment generating function was trans-
formed numerically. Furthermore the random walk was simulated by Gillespie
simulation.

It is clear that the two lines overlap very well in both situations. Therefore
this moment generating function of the stopping time seems to be correct.
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Random walk, probability density distribution found by MGF and simulation Random walk, probability density distribution found by MGF and simulation
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Figure 18: Two plots verifying the moment generating function of the
stopping time for different combinations of the parameters a and b. The
inverse Laplace transform of the moment generating function is given by the
blue dashed line, the simulation of the pdf by the red line. The inverse
Laplace transform shows some oscillatory behaviour around 0 due to its
complex nature.

6.3 Application to a Brownian motion with drift

Another limit case which is considered is a Brownian motion with drift. The
theory of martingales can also be applied in this case to find the moment gen-
erating function of its stopping time.

A standard Brownian motion is defined as follows [10].

Definition 6.7. A stochastic process Wy is called a standard Brownian motion
if it has the following properties:

1. WO = 0,‘
2. The process has stationary increments, independent of time t;

3. For any time 0 < s < t, (Wy — W) is normally distributed with mean 0
and variance (t — s).

Consider the stochastic process X; = W, + ut, with W, a standard Brownian
motion. Then X; is a Brownian motion with drif, the drift given by the coeffi-
cient p € R. X; adheres to the first two properties described above. The third
property changes as follows [13]:

3. For any time 0 < s < ¢, (X; — X,) is normally distributed with mean
w- (t — s) and variance t — s.

In contrast to the random walk a Brownian motion is defined on a continuous
state space [—a,b] with absorber at —a and b. The stopping time 7 is defined
as the first time that one of the absorbers is reached:

T:=inf {t: X; € {—a,b}} (6.12)

Of interested is the moment generating function of this stopping time, E [697].
In order to derive this function, the following random variable is defined for any
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a, A €R [§:

1
M, = exp{ — §(>\2 — )t — uxt} sinh(AX; — a) (6.13)
This random variable is a martingale. A detailed proof of this statement is
given in appendix[C.1] This martingale allows us to find the moment generating
function of the stopping time for a Brownian motion with drift using the same
steps as in the previous subsection.

1) Proof that E[M;] = E[M,] Similar to the case of the random walk, the
stopping time 7 is not necessarily bounded. Therefore it cannot be assumed that
E[M,] = E[My]. The following equation needs to be proved by the Dominated
Convergence theorem (theorem :

k—o0

EM,] 2E {lim MM,C} 2 lim E[M; ] @ lim E[My] = E[Mo].  (6.14)
—00 —00

In this equation the step marked by (1) holds by the definition of the infimum.
Step (2) is valid due to proposition and since (7 A k) is finite. The step
marked with * needs to be proved with the DCT by showing that |M,ag| is
bounded.

First of all X; is bounded by —a < 0 and b > 0. Furthermore, since A\, a € R,
the following can be defined:

C= X sinh(AX; — o)} 6.15
X,,ren[zi)é,b] {e sinh(AX; — a)} (6.15)

Finally, since 7 A k > 0 and by assuming |A| > ||, the following holds:
e~ 2 W= ) (AR X Ginh (A X, — a)‘

< ‘6_%(,\2_;})0 .C

From this it follows that |M; x| is bounded if |A| > |u|. Therefore the step
marked with * in eq. (6.14]) is allowed by the Dominated Convergence Theorem.
Therefore The equation E[M,] = E[My] holds.

2) Calculation of E[M;] In order to use proposition the initial expecta-
tion of My has to be found. According to the first property of Brownian motion
Xo = 0. Therefore

E[Mo] = E [¢” sinh(—a)] = sinh(—a). (6.16)
3) Stopping the martingale From eq. (6.14]) it follows that the equation
E[M;] = sinh(—a) (6.17)

is valid. Solving this gives the desired moment generating function. A full
derivation is given in appendix [C.2] however a few steps are given here.
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By the definition of 7, the walker must be at the positions X, = —a or
X, = b at time 7. Using this, and by choosing « smartly, the following equation

is found from eq. (6.17):

E [6_%(A2_H2)ti| _ e " sinh(-q)

sinh(—Xa — )’

Since an expression for E[e~*7] is to be found, the substitution z = 1(A\? — 1)
needs to be done. Recall from the assumptions of step 2) that |A| > |u|, therefore
x > 0. By substituting this expression and inserting the expression for a that
was chosen, the desired moment generating function of the stopping time of a
Brownian motion with drift is found:

et sinh(a\(z)) + e # sinh(bA(7))
sinh((a + b)A(x))

with A(z) = /2z + p2 in which z > 0.

Ele*T] = (6.18)

Validation by inverse Laplace transformation

Analogous to the moment generating function of the random walk, the MGF of
a Brownian motion with drift can be validated by an inverse Laplace transform.
A simulated probability distribution function and the inverse Laplace transform
of the derived MGF are plotted in fig. [19] for two combinations of a,b and pu.

Brownian motion, probability density distribution found by MGF and simulation

Brownian motion, probability density distribution found by MGF and simulation
a=3b=10,p=2

0.45 a=2b=5u=1 06 . ‘
— Simulation — Simulation
0.40 - = Inverse Laplace transform MGF 0s == Inverse Laplace transform MGF

Probability density
° °
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o
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Stopping time Stopping time
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Figure 19: Two plots verifying the moment generating function of the
stopping time for different combinations of a,b and u. The inverse Laplace
transform of the moment generating function is given by the blue dashed
line, the simulation of the pdf by the red line.

The simulations were done with 10000 walkers and a time step of 0.01.

Again it can be seen that the inverse Laplace transform of the moment gener-

ating function fits very well through the simulated probability density functions.
Therefore the MGF seems to be correct.
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7 Conclusion

In this thesis closed form expressions for the cleavage probability and the cleav-
age and unbinding times were found for the CRISPR associated protein Cas9.
Since such an R-loop is modelled by a birth and death process, the derivations
could be done using Markov theory and semigroups.

Initially these expressions were derived for general birth and death processes.
The expression for the probability was consistent with the simulations, however
the expressions for the stopping times showed great deviations if the rates were
chosen such that ¢ > p. It was shown that these deviations were caused by a
numerical error.

The derived expressions were reduced to a form useful for the application to
the CRISPR-Cas system. They were analysed as a function of the location of
one mismatch and it was shown that the unbinding time reaches a maximum.
Moreover, it was noted that the cleavage time increases if the mismatch is
positioned closer the cleaved state. Using the language of free-energy landscapes,
these findings were rationalised and an upper limit for the position at which the
unbinding time has a maximum was found.

Furthermore the expressions were analysed as a function of the location
of two mismatches. It was shown that a block of two mismatches causes an
increase of the cleavage time, compared to two mismatches spread throughout
the state space. Similar to the observations in the analysis with one mismatch,
the unbinding time reaches a maximum if the block of mismatches is placed at
the right distance from the PAM. Again an upper limit for this distance was
found for a general number of subsequent mismatches.

It was shown that the unbinding time as a function of the energy costs to
cleave has two possible behaviours, depending on whether the energy barrier
towards unbinding is higher or lower than the initial energy of the system. Any
variations of these energy costs within the two possibilities did not influence the
resulting unbinding time significantly.

Finally the moment generating functions of the stopping time were derived
for two special Markov processes; a random walk and a Brownian motion with
drift. These were derived using martingales. They were validated by applying a
numerical inverse Laplace transform to them and comparing them with a sim-
ulated probability density function. This comparison showed that the method
results in correct moment generating functions.
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8 Outlook

This thesis contains closed form expressions for the cleavage and unbinding
times of a CRISPR associated protein. The temporal information given by these
expressions could be very useful in lab experiments and medical applications. It
might take a long time before the protein cleaves or unbinds and a result can be
seen in the experiment. Therefore one might want to know what time it takes
before cleavage or unbinding is done and set up his lab experiment accordingly.

Furthermore the expressions could be very useful to test the validity of the
model presented by Klein et al. In their paper, the expressions for the cleav-
age probability have been fitted to the data from lab experiments. These fits
matched the data and therefore it provided a validity check of the model. Fitting
the derived equations to times obtained from the lab serves as a second validity
check of the model. If the equations fit the data, it gives a double confirmation
of the assumed model.

The expressions could also be used to derive a more generalised model, com-
pared to the minimal model presented in this thesis. The parameters of the
minimal model are merely based on whether the base pair is a match or a mis-
match. The parameters of a generalised model are also position dependent and
lab experiments show that this is indeed the case. Mismatches at certain pos-
itions have a smaller effect on the cleavage probability than other. This is not
coherent with the minimal model. Since the expressions are also derived for
a general set of A(j), they could be fitted to a dataset to study the position
dependency of the influence of mismatches.

Furthermore it might be interesting to find the full distribution of the cleav-
age and unbinding times. This could be done by finding the moment generating
function of the stopping time of a general birth and death process. This provides
multiple layers to test the model and it gives the variance that might be useful
for lab experiments and medical applications. To that end, a suitable martingale
needs to be found.
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A Solving the difference equations

A.1 Probability to cleave

In this section a closed expression for the probability to cleave given the initial
position y. Consider a discrete state space with an absorbers at x = 0 and
x = N. Recall the definitions of P, and the generator L from section [4] and

ca. G10):

Pclv(y) L= Py(TN < TO) (Al)
Lf(z) =p(f(x+1) = f(2)) = @(f(z) = flz = 1)) (A.2)

From the definition of P}y it is clear that the boundary conditions are P (0) =
0 and Py (N) = 1; after all when starting at z = N the time to reach z = N
is surely smaller than the time to reach z = 0. In section it was derived
that the difference equation LP.,(z) = 0 holds. In this appendix this difference
equation is solved.
The first step is to plug in the definition of L into the difference equation:
q(x)

Pdv(x + 1) — 'Pclv(.r) = m [Pclv(x) — 'Pdv(a: — 1)] .

Plugging this result in itself one finds

Pav(x+1) — Pey(x) = I:i; [Pav(z — 1) = Pay(z — 2)]

Assuming y is the walker’s starting point, we are interested in Py (y). Therefore
eq. (A.3) is summed over x from 0 to y — 1 to obtain P, (y) in the equation.
This results in a telescope series on the left hand side:

S (Pale +1) ~ Pay(a) = 3 (H ;) [Pan(l) = Pan(0)]  (A4)

=0 z=0 \n=1
Pclv(y) - Pclv(o) - i: <H ?) : [Pclv(l) - PClV(O)] (A5)
z=0 \n=1""

Using the boundary conditions P (0) = 0 and P (N) = 1, an expression for
Peav(1) can be found. By plugging this expression into eq. (A.5) it follows that

—1 .
> (I &)
N-1
S (I )

7)clv(y) =
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Using the definition of ¢(z) given in deﬁnition this expression can be reduced
to

Zx 050(33)
Paly) = 2202 A6
) = ST ) (A9

Hence a closed expression for Py (y) was found.

A.2 Expected time to cleave or unbind

Consider a birth and death process on a discrete state space with absorbers at
x=0and x = N. A closed expression for the expected time it takes a walker
to reach one of its absorbers, given its initial position y is derived. Recall the
definition of 7 from section [

T(y) = E(To,n) (A.7)

It follows naturally that the boundary conditions are 7 (0) = T () = 0: if the
walker starts at x = 0 or N, the time to reach x = 0 or x = N is zero. In
section [.2] it was derived that the difference equation LT = —1 holds. In this
appendix this difference equation is solved.

Using definition of the generator L given in eq. , it can be seen that:

- 1
T(x+1)—T(z) = ]Z—[T(x) “Tle- 1) - (A8)
Notice that this equation can be plugged in itself as was done in the previous

section. Writing out two iterations gives:

T(m—&-l)—T(m):qw(qw_l Tz 1)~ T(e—2)] - — >_1

Pz Px—1 Px—1 Dz
qrqz—1 qx 1
= [T(x—1)—T(z—-2)] — - —
PxPx—1 [ ( ) ( )] PaxPx—1 Dz
_ qoqz—19z—2 [T(I - 2) o T(I o 3)} o qeqec—1 - 4z
PzPx—1Pz—2 PzPx—1Pz—2 PxPx—1
Generalizing the result and using definition one finds:
SR
T(x+1)—T(x) =p@)|T1)—T(0)] - { } A9
(e + 1) =Tl = @70 =TO) - 2 = o5 (A9

Since an expression for 7 (y) is of interest, eq. (A.9) is summed over z from 0
to y — 1. This gives a telescope series on the left hand side and one finds:

- _yfl N rx—1 )
W) T<o>§{w< T -T01-3 (57 M_@Q} (A10)

Using the boundary conditions 7(0) = 7(N) = 0, eq. (A.10) can be rewrit-
ten to find a closed expression for T (y):

. = Z Z] =0 pgl j sa(é(E)J) p, 1 o(x)
7= zzz;) ZEZO (€) sl = Pe-i ol =) A
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A.3 Expected time to cleave

A closed expression for the time to cleave, given the initial position y can be
derived. Consider a discrete state space with absorbers at x = 0 and x = N.
Recall the definition of Ty (y) from section

Tclv(y) = Ey(T07N|TN < To) (A12)
To derive an expression for Ty (y), the following identity is used:

Ey (TO7NI(TN < To))
]P)y(TN < T())

Ey(T07N|TN < To) =

in which I(.) is the indicator function. Let us define x, := E,(To I (Tn < Tp)),
this identity can be rewritten as

Ky
PCIV (y)

An expression for P, (y) was derived in appendix therefore an expression
for k(y) needs to be found only. The boundary conditions for x follow from its
definition: they are kg = Ky = 0 as Ty, y = 0 for these two positions.

In section the difference equation Lk, = —P(x) was derived. This
difference equation is solved in this appendix. First use the definition of L given

in eq. (A2):

Tclv (y) =

(A.13)

q 1
Rg41 — Rg = pf[ﬁx - H:c—l] - Etpclv(x)
Analogous to the previous appendices, this equation can be plugged into itself.

Two iterations are worked out:

Iz | qz—1 1 1
Rg4+1 — Ry = = L[Kxfl - Ka:72] - 7,Pclv(x - ]-) - 7pclv(x)

Pz [Pz—1 Px—1 Dz
Qaqa—1 q 1

=== ["fxfl - Hzfﬂ - = Pclv(x - 1) - 7,Pclv(x)
PzPz—1 PxPx—1 Pz
Jaqz—19a— Yaqa— a 1

= e = Kpog) = —— L Pz~ 2) = ——Pay(z — 1) — —Pay(z)
PzPzx—1Pz—2 PzPz—1Pz—2 PzPz—1 Pz

Iterating this, the following general result is found:

rx—1 (:L‘) 1 .
Ket1 — Kz = @(x)[K1 — Ko] — L*PCV(:E —1) (A.14)
+ ¥ 0 ; 0@ — 1) poi 1

Since we are interested in &y, eq. (A.14) should be summed over x from 0 to
y — 1. This results in a telescope series on the left hand side.

Ky — K :y_l T)|K1 — K 7I_1ML xr—1
)= Ko ;{«:( M = ol = 3 P >}.

Using the boundary conditions kg = Ky = 0, the equation can be rewritten into
a closed expression for k,:

- N—1§~é-1 _p(€) , o
- yzl Zg:o Zj:o (pfg_j) ﬁpclv(g - ]) _ ! sp(x) 1 D B
vy N-1 ¥ ‘/'E) Z ( — ) ] Clv(x Z)
=0 25:0 @(g) i=0 P\ — 1) Pz—i
(A.15)
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Then from eq. (A.13]) one finds that the expression for the expected cleavage
time is

1 vt Z E] 0 (5 2 ! Pclv(£ _.7) p go(x) 1
Tav(y) = : J e o(x) = )  ———=—Pav(z — i)
C Pclv(y) zz:% 25 0 SD( ) Z(:) QD(CC — Z) Pr_i c
(A.16
A.4 Expected time to unbind
The expected unbinding time 7}, can be found by a similar approach as used
for Tev. Recall the definition for 7, (y) from section
Tub(y) = Ey(To,n|To < Ty). (A.17)
Then, similar to eq. (A.13) the following identity holds for Ty (y) :
v
Tub Yy) = i A.18
with vy == E, (To nI(To < Twn)). It is known that Pyy(y) = 1 — Pav(y) since,
in the end, a walker will reach one of the absorbers. Therefore an expression
for v, is to be found only. In section @ the following difference equation was
derived for v:
Ly, = =Py ().
This difference equation is similar to the equation for k, and therefore gives a
similar result. It can be deduced that a closed expression for v, is:
By Prirpwi; féél s PwE—0) @) 1
w=) p(z) =Y e -Pup(z — i)
=0 Zg 0 ‘P( ) im0 PV ) Pa—i
Then from eq. (A.18)) it follows that
T () 1 yil Z Zj 0¢f§(€] ﬁpub(g_j) (2) S o) 1 Pus )
ubly) = px) = — ub(T — ¢
Pub(y) =0 Zg 0 90( ) e oz — i) po—s
(A.19)

with y the initial position of the walker.
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B The moment generating function for the ran-
dom walk

In section the moment generating function of the stopping time of a special
case of the random walk is derived. Two proofs are given in detail here. First
it is proved that the used martingale is indeed a martingale. Secondly the
derivation of the moment generating function is given.

B.1 Proof that M, is a martingale
Recall the definition of M,, and N4 ,:

M, :=exp {)\(Sn — a) —nlog [cosh Al }
+ exp{ —A(Sn, — B) —nlog [cosh)\]}
Ny, i=exp { + AS, —nlog [cosh )\} }

From these definitions it can be seen that M, = e_’\aN_hn + eA'BN_,n. Since
both M,, and Ny ,, are deterministic functions dependent on the random variable
Sp, it can be said that they are all F,-adapted with F, = o{So,...,Sn}.
Therefore, using proposition M,, is a martingale if N, , and N_, are
martingales. To show that these are martingales, the three defining properties
of a martingale are verified.

First, it was already explained that Ny , is F,-adapted. Second E[S,] is
finite since the state space is finite. Therefore, since a, 5 and A are finite con-
stants, it is clear that E[N ] < oco.

Finally it must be shown that E[Ny ,,|F,] = Ni ,—1. One can see that

E[Ni,|F.] =E [exp { £ S, — nlog[cosh A] }}]—'n} .
Using the definition of S, in eq. (6.2) one finds
= E[exp { + A(Sp—1— X,,) —nlog [cosh )\] }!fn} .

Since S,_1 and X,, are independent, the expectation values can be split. Fur-
thermore, as S, _1 € F,, the second expectation value is deterministic:

= E[exp{ T )\Xn}|]:n exp { + AS,—1 — nlog[cosh A] }

X, has outcomes +1 with probability p (see eq. (6.1)). Therefore using the law
of the subconscious statiscian [4], one can write this as:

= (pe¥/\ + pei)\) -exp {£AS,,—1 — nlog[cosh A}
= cosh(}) - exp {£AS,,—1 — nlog[cosh A]}
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Using several calculus rules one finds:

= exp {log [cosh A\]} - exp {£AS,,—1 — nlog [cosh A]}
=exp {£AS,—1 — (n — 1) log [cosh A]}
:-A@;nfl

Therefore N4 ,, is a martingale. From this it follows that M, is a martingale.

B.2 Derivation of the moment generating function

Consider a random walk on a discrete state space S = {—a, —a+1,...,0,...,b}.
At each position the walker has an equal probability p = 0.5 to move left or
right. In this appendix the moment generating function of the stopping time 7
is derived for this situation.

Recall the martingale defined in eq. as a function of S,:

M, (S,) =exp {/\(Sn — @) — nlog [ cosh /\]}

+exp{ — A(Sn — B) —nlog [cosh)\]}.

By stopping the martingales in section [6.2] the following result was found (see

eq. (6.9)):
+ €9 E[M,] = e 4 7. (B.1)

At the stopping time 7, the walker is, by the definition of 7, either at position
—a or b. Therefore S; € {—a,b}. E[M;] can be written as follows:

E(M,] = Y E[M(S,=xz)-I(S, =z)]

z€{—a,b}

[exp{)\( a—a)—rlog[cosh)\]} (572_@]
{E eXp{ a3 —Tlog[cosh)\]}I(ST:—a)}
{

+E|expd Ab—« —Tlog[cosh)\]}I(ST:b)]

+E _eXp { —A(b—B) — 7log [cosh A] }I(ST = b)} (B.2)

a, f € R are constants and they can be chosen freely. The following system
of equations is solved for a, 3:

{aa(bﬁ) R —a+b

—(—a—pB)=b-« = 2

«, B are chosen as expressed above. Then one finds the following four expres-
sions:

o _a+b b_a_aer
2 2

a+b a+b

- =23 ~(a-p) ="
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Using these four expressions and plugging them into eq. (B.2]), one finds:
a+b
E[M;] =E|expq{ — )\T — 7 log [cosh )\] I1(S; = —a)
[ b
+E|exp {/\a;r — 7 log [ cosh A] }I(ST = a)]

+E|exp {)\a2—|—b — 7log [ cosh A }I(S’T = b)}

+E | exp { - )\%—H) — 7log [ cosh A] }I(ST - b)] . (B.3)

Since there are no other possibilities than S, = —a or S, = b, it can be seen
that I(S; = —a) 4+ I(S; = b) = 1. Using this, eq. (B.3) can be simplified to

a+b

E[M-,—] _ ]E|:e)\a2+b'rlog[cosh)\] + 6)\ : Tlog[cosh)\]:|

=E {e"’log[cos}‘ A]} - 2 cosh (/\a2+b> . (B.4)
Furthermore, by the choice of «, 5 and by eq. (B.1)) it can be derived that
E[M,] = e A5 L A5 = 2c0sh (/\ —a;— b) . (B.5)

Combining egs. (B.4) and (B.5) gives:

E[e—flog[cosh )\]] _ (BG)

This is nearly a moment generating function. Such a function is of the follow-
ing form: E[e~%7]. Therefore one must substitute § = log[cosh A\]. A can be
expressed in terms of 6:

6 = log(cosh \)

e? = cosh A

Using the expression cosh ™ (z) = log (m +Vx? — 1)7 one finds:

A(6) = log (60 + Vet — 1)
= log (60 (1 + m))
=60 +log (1 +v1- 6—29) (B.7)

for 6 > 0.
Therefore, for the special case of the random walk with p = ¢ = 0.5, the
moment generating function of the stopping time 7 is

Eje=07] = cosh (552A(0))

~ cosh (£2N(0)) (BE)

with (@) given by eq. (B.7).
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C The moment generating function for a Brownian
motion with drift

In section [6.3]the moment generating function of the stopping time of a Brownian
motion with drift is derived using martingales. In this appendix it is proved that
the used martingale is indeed a martingale and the full derivation of the moment
generating function is given.

C.1 Proof that M, is a martingale
Recall the definitions of the random processes M; and X;:
1
M, = exp{ —3

X, =W, + ut (C.2)

(N2 — )t — uXt} sinh(AX; — ) (C.1)

with W; a standard Brownian motion as defined in definition [6.7] First M; can
be rewritten in terms of W;:

(A2 — i)t — pW; — ,u2t} sinh(AW; + At — )

1
Mt:exp{—2

Then using the definition of the hyperbolic sine and several calculus rules this
result can be rewritten:

1 1 -« — — e
:2exp{ _ 5()\2 ) — W, — /L2t} (e)\WmL)\ut e AWi—Aut+ )

1 1
2exp{ - 5()\2 — 22+ PPt (N — )Wy — a}

1 1
- 2exp{ - 5(/\2+2/\u+u2)t— (A+ﬂ)Wt+a}

_ ;exp{ _ %( ,u)2t+(>\p)Wta}
- ;exp{ — %()\ + )%t — (N + )Wy —|—a}. (C.3)

Now one can observe that M; = %N-i-,t — %N_,t with Ny ; defined as

1
Nyt :eXP{—2()\3FM)2ti()\¥M)Wt3FOé}- (C.4)

Both M; and N4, are a function of the random variable W;. Therefore both
random variables are Fi-adapted with F; = o{W;|0 < s < t}. Then it follows
from propositionl@that M,, is a martingale if N4 ; is a martingale. Therefore it
must be proved that the three defining properties of a martingale (definition |6.2)
hold for Ny 4.

First we have seen that N : is F,-adapted. Therefore the first property
holds. Secondly, since W; is bounded by —a and b, and ¢ > 0, one can see that
E[N4 ] < oo, assuming the constants a, A, p are finite.
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Finally it must be shown that E[Ny ;|F;] = Ny, for 0 < s < ¢. It can be
seen that

B[Ny | F] =E [exp {—;(A Fu)lt+EAF W F a} ‘]:t:| :

By adding two cancelling terms with s this can rewritten as

=5 [en {0 0w -}

7.

Notice that s and ¢ are deterministic and W, € F;. Therefore several terms can
be taken out of the expectation operator:

1
~eXp{—2(A¥u)28i A F )W, ?a}

— o 5OAFW (=) {exp (O F p)(W, — W)} ‘]:t}

exp {—;@ T u)%s £ (A F W)W, :Fa} (C.5)

By the third property of definition one can find that (W; — W) is
normally distributed with mean 0 and variance (t — s). Furthermore it is known
that for a random variable X which is normally distributed with mean gy and
variance o2, the following holds by its moment generating function: [4]

Using this property it can be found that

E {exp {EAF (W —Wy)}

]-"t} = 3(=9)OFH)® (C.6)
Combining this result with eq. (C.5|), it can be seen that

(A F )% (A F )W, q:a} —Ne. ()

1
]E[N:I:,t|~Ft] = exp {—2

Having proved the third defining property of a martingale for Ny 4, it can
be said that N ; is a martingale. Therefore, M, is a martingale as well.
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C.2 Derivation of the moment generating function

In this appendix the moment generating function of the stopping time of a
Brownian motion with drift is derived. Recall the results from section The
used martingale is

M, = exp{ - %()\2 — )t — uXt} sinh(AX; — a) (C.8)

and in eq. it was found that E[Mj] = sinh(—«). The equation E[M,] =
E[Mj] needs to be solved to find the moment generating function.

First E[M,] is written out. At time 7 the walker is, by the definition of T,
either at position —a or b. Therefore X, € {—a,b}. It can be seen that

(A2 — p?)t + ua} sinh(—X\a — a)I(X, = —a)}

E[M,] = E |:exp{ - %

1
+E [exp{ - 5(A2 — )t — ub} sinh(Ab — ) I(X, = b)] . (C.9)
The parameter o € R can be chosen freely. It is chosen such that
e’ sinh(—\a — a) = e "’ sinh(\b — a). (C.10)
Using the definition of the hyperbolic sine and several calculus rules, eq. (C.10)

can be rewritten into the following form:

e()‘fﬂ)b — 67()‘7”)0’

2c0
€T b _ srma (C.11)

Furthermore since X, € {—a, b}, it follows that I (X, = —a)+1(X, =b) = 1.
Combining this with eq. (C.10)), eq. (C.9) can be reduced to the following form:

1
E[M;]=E {exp { — 5(/\2 — )t + ua} sinh(—Aa — oz)}
Then according to the results from eq. (6.17) one can see that

E {exp { — %()\2 — At + ,ua} sinh(—\a — a)} = sinh(—a)

—pa o _ —pa ,— _ L2«
L E {6_%0\2_“2)25} _€ sinh(—a) _ et (1 —e) (C.12)
sinh(—Aa —a) e~ (e~re — eragla)
Equation (C.12)) can be rewritten into a neater result. First the expression
for a given in eq. (C.11]) is substituted into the equation:
_ A=) _—(A—n)a
E [e—%(v—uz)t] _ " - Sommreanria)
—a g eQr—mwb_e—(A—pa
€ P C e e

Both the numerator and denominator contain a subfraction with equal denomin-
ators. By multiplying both the numerator and denominator of the main fraction
by this denominator, the expression simplifies to

efﬂa(ef()“kl*")b — e()‘+ﬂ)a — e()‘fyf)b + 67()‘71‘)“)
e—)\a(e—()\+/t)b _ e()\+u)a) _ e)\a(e()\—u)b _ e—()\—u)a)

E [6*%0\2*#2)1 —
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Working out the brackets reduces the expression to the following:

—2sinh(Aa) — 2e 712~ #b ginh(b))
e—ub(_ek(a-i-b) + e—k(a—i—b))

Multiplying both the numerator and denominator of the fraction by —e*® results
in a neat expression:

et sinh(A\a) + =" sinh(\b)
= .1
sinh(A(a + b)) (C.13)

The moment generating function is of the form E[e~*7], therefore the fol-
lowing substitution should be done:

= %()\2 — 1) = M) = £/22 + p2. (C.14)

Note that, since the hyperbolic sine is an odd function, the sign of A(z) can be
chosen freely. This can be seen by the following:

"’ sinh(—Aa) + e **sinh(—Ab)  —e”? sinh(Aa) — e7* sinh(Ab)
sinh(—X(a + b)) N sinh(—A(a + b))
el sinh(A\a) + e 7" sinh(\b)

- sinh(A(a + b))

Therefore choose A(z) = /22 + u2.

Then the moment generating function for the stopping time of a Brownian
motion with drift is

et sinh(aA(z)) + e # sinh(bA(7))

Ele™] = sinh((a + D)M))

(C.15)

with A\(z) = \/2z + p?, restricted by = > 0 as derived in section
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